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ABSTRACT 

 

Ph.D. in Applied Economics: Corporate narratives and textual analysis: Perspectives on top 

management’s language use in financial and sustainability reporting   

 

The dissertation investigates top management’s language use in financial and sustainability 

reporting, offering insightful perspectives and methodological innovations. It delves into 

differences in language use in distinct disclosure genres influenced by audience projection and 

communicative purpose, and the role of visibility in rhetorical impression management in 

sustainability reporting. By exploring these dimensions, the dissertation sheds light on how 

companies navigate communication challenges, adapt to regional level institutional settings 

and employ strategic approaches to shape perceptions and manage stakeholder relationships. 

Furthermore, the dissertation introduces feasibility of employing machine learning methods for 

attributional content and framing analysis in corporate reporting, highlighting the potential in 

enhancing narrative disclosure analysis. Collectively, these findings contribute to a deeper 

understanding of corporate communication practices and pave the way for future research 

endeavors in the field. 
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ABSTRACT IN HET NEDERLANDS 

 

Doctor in de toegepaste economische wetenschappen: Bedrijfsverhalen en tekstanalyse: 

perspectieven op het taalgebruik van het topmanagement in financiële en duurzaamheids 

rapportage 

 

Het proefschrift onderzoekt het taalgebruik van het topmanagement in financiële en 

duurzaamheidsrapportage en biedt inzichtelijke perspectieven en methodologische innovaties. 

Het proefschrift onderzoekt verschillen in taalgebruik in verschillende genres van rapportage, 

beïnvloed door publieksprojectie en communicatief doel, en de rol van zichtbaarheid in 

impressie management. Door deze dimensies te onderzoeken, werpt het proefschrift licht op 

hoe bedrijven omgaan met communicatie-uitdagingen, zich aanpassen aan institutionele 

instellingen op regionaal niveau en strategische benaderingen gebruiken om percepties vorm 

te geven en relaties met belanghebbenden te beheren. Bovendien introduceert het proefschrift 

de haalbaarheid van het gebruik van machine learning-methoden voor attributieve inhoud en 

framing-analyse in bedrijfsrapportage, waarbij het potentieel wordt benadrukt om de analyse 

van narratieve openbaarmakingsanalyse te verbeteren. Gezamenlijk dragen deze bevindingen 

bij aan een dieper begrip van de bedrijfscommunicatiepraktijken en banen ze de weg voor 

toekomstige onderzoeksinspanningen op dit gebied. 
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CHAPTER I 

 

INTRODUCTION 
 

1. Aim of the Dissertation 

The aim of this dissertation is to investigate the use of top management’s language use in 

financial reporting (FR) and sustainability reporting (SR). The dissertation is situated at the 

intersection of accounting, linguistics and sustainability research. The investigation of this 

dissertation involves: (1) identification of linguistic style features and linguistic style in FR and 

SR narratives and conducting a comparative analysis; (2) examination of the influence of 

regional-level institutional settings, industry affiliation and ESG controversies on the 

utilization of impression management (IM) in SR; and (3) assessment of the viability of 

employing novel methodologies (i.e., machine learning) for IM research. In this dissertation, 

legitimacy theory serves as the primary framework to comprehend and elucidate the 

motivations behind the use of different linguistic styles and IM strategies in corporate 

narratives. Subsequent sections in this chapter provide the definitions of IM and legitimacy 

theory; providing a brief theoretical background employed in this dissertation; and outline the 

structure of the dissertation.  

2. Corporate narratives and IM 
 
Organizations utilize corporate disclosures as communication devices to convey information 

about organizational performance to external stakeholders, serving both informative and 

legitimacy-related purposes. Primary genres of corporate disclosure encompass financial 

reporting (FR), oriented towards presenting and contextualizing financial accomplishments 



 11 

and performance with a focus on economic and financial indicators, such as growth, 

profitability and operational performance, and SR1 which focuses on providing information 

regarding a company’s sustainability performance (SP) and commitment to social, 

environmental and ethical issues. The narrative sections of these disclosures are highly visible 

and discretionary in nature (Amernic & Craig, 2007). They establish the overall mood of the 

entire report and facilitate direct communication between top management and stakeholders 

(Caliskan et al., 2021). These sections offer valuable insights into company policy, strategy, 

commitment and accountability; and while they can be rational and appropriate, they can be 

also used to create favorable company images (Amernic & Craig, 2007). Consequently, they 

are particularly prone to IM.  

Leary and Kowalski (1990, p. 34) define IM as the process by which individuals attempt 

to control the impressions others form of them, with the primary objective of being perceived 

as favourable as possible. In corporate reporting, seven different managerial IM strategies are 

identified: (1) reading ease manipulation; (2) rhetorical manipulation; (3) thematic 

manipulation; (4) visual and structural manipulation; (5) performance comparisons; (6) choice 

of earnings number; and (7) attribution of performance (Merkl-Davies & Brennan, 2007). 

Among these, rhetorical manipulation, which relates to linguistic style; thematic manipulation, 

encompassing selective thematic disclosure; and attribution of performance, concerning the 

utilization of causal statements are considered verbal IM, which can be utilized in narrative 

sections of corporate disclosures. In this dissertation, we use IM to refer to verbal IM. In the 

context of corporate disclosure, IM entails selectively presenting information in a manner 

designed to distort readers’ perceptions of firm performance (Godfrey et al., 2003; Merkl‐

Davies & Brennan, 2007). Drawing from social psychology research, key motivators for IM 

 
1 In the literature, different names have been used for corporate social responsibility (CSR) reports; 
social/environmental reports; environmental, social and governance (ESG) reports; corporate social disclosures, 
corporate environmental reporting; social/environmental reporting etc. In this dissertation, we use “sustainability 
reporting”, following the inclusive definition of sustainability in the Brundtland Commission’s Report (1987).  
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include publicity, dependency on target and image gap as the main drives for IM (Leary & 

Kowalski, 1990). Higher levels of publicity (i.e., greater public visibility of one’s behavior), 

increased dependency on the target audience (i.e., a desire for approval) and a larger image gap 

(i.e., discrepancy between the desired and current image) lead to heightened concerns about 

how one’s behavior is perceived, thereby motivating individuals to exert control and influence 

over those perceptions (Leary & Kowalski, 1990). 

There are various forms of IM depending on different motives. Tedeschi and Melburg’s 

IM framework (1984) identifies subcategories of IM strategies as assertive and defensive, 

depending on different IM motives. Based on the framework, it is argued that companies use 

assertive tactics mainly to build legitimacy and defensive tactics address shortfalls in the 

company performance (Ogden & Clarke, 2005). Assertive IM is mainly conducted by 

entitlements (i.e., the attribution of positive outcomes to internal causes) and enhancements 

(i.e., highlighting positive outcomes in spite of negative external circumstances), while 

defensive mechanisms include excuses (i.e., the attribution of negative outcome to negative 

external factors), justifications (i.e., accepting the responsibility of a negative outcome but 

using this as a step to achieve higher goals) and causality denials (i.e., denying the 

responsibility of a negative outcome) (Zhang & Aerts, 2015). There are different 

subcategorizations of IM, as well. For example, Hooghiemstra (2000) used “acclaiming” and 

“accounting”. According to Hooghiemstra (2000), acclaiming tactics include enhancements 

and entitlements, while accounting tactics include excuses and justifications. He further argued 

an additional layer, however, whether these tactics address responsibilities (as entitlements and 

excuses) or consequences (as enhancements and justifications). Bansal and Kistruck (2006) 

used “demonstrative” versus “illustrative” as IM labels, where the former relates to detailed 

explanations (e.g., with quantitative data or graphs) and the latter relates to less detailed 

information with higher use of images. Elsbach (1994) classified IM strategies as 
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“accommodative” (i.e., acceptance of responsibility) versus “defensive” (i.e., insistence that a 

problem does not exist and actions to resume normal operations); and Higgins and Walker 

(2012) classified IM strategies as logos, ethos and pathos. This classification relates to the 

Aristotelean persuasion and communication appeals, where logos aims at convincing audiences 

by referring to “logic, data and evidence” using logical argumentation and facts to support a 

claim; ethos calls to the audiences’ ethical norms, displays a more credible and trustable 

character and draws on expertise, deference and self-reference; and pathos focusing on 

provoking emotions (Brennan & Merkl‐Davies, 2014; Higgins & Walker, 2012; Hossain et al., 

2019)2.  

3. Legitimacy theory 
 
We employ legitimacy theory to shed light on top management’s language use in FR and SR. 

The theory posits that an organization’s existence hinges upon its capacity to align with societal 

expectations, social norms, values and beliefs (Suchman, 1995, p. 574). Consequently, 

corporate actions should be perceived as desirable, proper and appropriate within social norms, 

values and beliefs (Suchman, 1995). Failure to comply with these social expectations may pose 

a threat to a company’s survival (Deegan, 2002). One way to establish legitimacy is by shaping 

public perception through deliberate choices in presenting information to readers (i.e., IM) 

(Cho et al., 2015; Dunne et al., 2021; García‐Sánchez & Araújo‐Bernardo, 2019; Merkl‐Davies 

& Brennan, 2007). Corporate narratives, such as CEO letters, serve as a means through which 

managers can control legitimacy and promote a trustworthy company image to some extent 

 
2 In the business ethics literature, IM also raises a number of important ethical questions, such as whether using 
defensive tactics is ethical or not (Provis, 2010). In this dissertation, it is emphasized that IM practices in corporate 
narratives are not supposed to be perceived as negative or unethical strategies, instead they serve both self-
presentation and information-sharing purposes (Yan et al., 2019). Another question raised about IM in the 
literature is whether IM is implemented consciously or whether they are not aware of it. Hooghiemstra (2003) 
argues that in everyday behavior, people engage in IM unconsciously. At the corporation level, however, prior 
literature mainly shows they are strategic and tactical maneuvers (Hooghiemstra, 2003).  
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(Aerts & Cormier, 2009; De Villiers & Maroun, 2018; Fuoli, 2018). Doing that, managers tailor 

legitimacy strategies to specific target audiences with different objectives (Suchman, 1995). 

For example, maintaining already existing legitimacy or repairing the damaged legitimacy 

requires different IM strategies (Kuruppu et al., 2019).   

Within the literature three main legitimacy types are identified: (1) pragmatic; (2) 

moral; and (3) cognitive (Suchman, 2005). In the context of organizational legitimacy, 

pragmatic legitimacy aims at organizations’ immediate audiences, such as shareholders who 

are required to be persuaded through their self-interested need for financial returns (Edgar, 

2018). Pragmatic legitimacy rests on the self-interested calculations leaving a large space for 

audiences to scrutinize organizational activities and their consequences (Suchman, 1995). 

Moral legitimacy focuses on societal stakeholders and requires managers to show that the 

company is doing the “right thing” from a moral perspective and aligning corporate 

performance outcomes with expected ethical practices (Marais, 2012). In corporate 

communication, humanism, benevolence, diversity and openness to others are good examples 

of this type of legitimacy (Marais, 2012). Depending on communication goals, the aim can be 

on different legitimacy types. For example, Marais (2012) posits that managerial focus 

predominantly centers on achieving moral legitimacy when communicating sustainability 

efforts. Finally, cognitive legitimacy concerns about the assumptions and awareness of 

audiences about companies. Cognitive legitimacy involves claims about the willingness to 

follow widely accepted norms and standards (Hossain et al., 2019). Unlike pragmatic and moral 

legitimacy, cognitive legitimacy does not depend on public discussions, where people can 

evaluate benefits and ethical aspects (Suchman, 1995).  As cognitive legitimacy relies on 

unspoken assumptions (Suchman, 1995), this dissertation mainly focuses on pragmatic and 

moral legitimacy types.  
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4. The structure of the dissertation 

In line with the aim of the dissertation, we first compare and contrast linguistic style features 

and rhetorical profiles in FR and SR narratives. We argue that the genre-specific features and 

different audience expectations result in different linguistic styles in FR and SR. Moreover, we 

argue that regional-level institutional setting also plays a role in different linguistic styles. For 

our comparison, we use quantitative methods, e.g., multivariate regression models, and a 

dictionary-based approach (i.e., pre-defined words and rules) using Linguistic Inquiry and 

Word Count – 22 (LIWC-22) software (Boyd et al., 2022). This study helps us explore the 

distinct style-related features in both genres and define rhetorical appeals apparent. In the next 

study, we examine the effect of visibility on the use of IM in SR. We argue that different 

visibility notions, i.e., general visibility driven by industry membership and issue visibility 

driven by controversies, result in different IM strategies. This allows us to understand what 

factors are behind different IM strategies, and how they are affected by different legitimacy 

purposes. Similar to the first study, we use multivariate regression models to test the effect of 

general and issue visibility on the use of IM. In addition to LIWC-22 analysis, this study also 

controls for thematic differences in corporate narratives using an unsupervised machine 

learning algorithm. While both studies predominantly rely on dictionary-based methodologies, 

we argue that this research methodology remains to enhance for a more comprehensive 

understanding of context, extending beyond mere word counts, through the incorporation of 

machine learning algorithms. In the final study, we test the feasibility of using machine learning 

algorithms on causal statements, that are complex in nature (El Haj et al., 2019; Berkin et al., 

2023).  

Theoretically, this dissertation emphasizes the relevance of legitimacy theory in 

understanding corporate communication behavior. It highlights the need to distinguish between 

different legitimacy and stakeholder motives. The results of this dissertation show distinct 
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language use across FR and SR, and motives behind IM in SR, supporting the theory’s 

relevance, due to different legitimacy concerns of targeted audiences, i.e., moral and pragmatic 

legitimacy. Specifically, the empirical findings of this dissertation offer insights to enhance the 

quality of SR guidelines, such as GRI or CSRD directives, narrowing information asymmetry 

in narrative sections. Our emphasis on transparency and accountability shows the need for 

regulatory bodies to update guidelines, considering regional and industry-specific factors. The 

insights of this dissertation are expected to aid stakeholders to critically evaluate narrative 

sections of corporate reports to distinguish between opportunistic storytelling and genuine 

sustainability commitment. Additionally, the dissertation shows that machine learning 

algorithms can improve the efficiency of text analysis, helping investors and auditors in 

comprehensively assessing corporate communication and identifying potential red flags. An 

in-depth examination of the referred studies will be conducted across subsequent chapters. The 

conclusive section then addresses the contributions, limitations and outlines potential avenues 

for future research.  
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CHAPTER II 

 

STUDY 1: LANGUAGE STYLE IN CORPORATE NARRATIVES: HOW 
REPORTING GENRE AND INSTITUTIONAL SETTING AFFECT LINGUISTIC 

STYLE IN CEO LETTERS 
 
 
 
 

 

Abstract  

We examine the language used by top management in CEO letters incorporated in FR and SR 

as distinct genres. Differences in regulatory context, projected audience and evaluative 

legitimacy criteria ground distinct shared conventions and expectations, affecting a CEO’s 

linguistic style in each reporting genre. We expect those shared conventions and expectations 

to be anchored more in an accountability logic and related formal reasoning in FR CEO letters 

and more storytelling and affective positioning in SR CEO letters. Moreover, we expect that 

regional-level institutional setting to affect linguistic style given differences in implicit versus 

explicit CSR cultures. Focusing on patterns of linguistic indicators, we identify and reveal 

distinct linguistic styles in FR and SR CEO letters, significantly calibrated by institutional 

environment.  
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1. Introduction 

Companies use corporate disclosures as communication devices to signal organizational 

performance to external constituents for informative and legitimacy purposes. Such corporate 

disclosures may originate from different settings with distinct shared conventions and 

expectations. Primary disclosure genres are FR, which is a corporate disclosure genre aiming 

at presenting and contextualizing financial achievements with a focus on corporate governance 

and financial metrics, such as growth, profitability and operational performance, and SR which 

focuses on providing information regarding a company’s SP and commitment to social, 

environmental and ethical issues (Băndoi et al., 2021; Barkemeyer et al., 2014; Mäkelä & 

Laine, 2011). Disclosure genres, such as FR and SR, tend to facilitate communication between 

writers and their audience through shared conventions and expectations about what to say and 

how to say it in recurring rhetorical situations (Fuoli, 2018). Regardless of differences in shared 

conventions and expectations, language choices in both FR and SR narratives remain to a large 

extent discretionary, holding potential to purposefully build, maintain or change corporate 

image and reputation in their respective field of interest, known also as IM (Brennan & Merkl‐

Davies, 2014; Martins et al., 2021; Merkl‐Davies et al., 2011).  

CEO letters in FR and SR stand out as subgenres that are highly visible narratives and 

are particularly prone to IM due to their voluntary and discretionary nature (Barkemeyer et al., 

2014; Caliskan et al., 2021; Fuoli, 2018). They are common in both disclosure genres as 

introductory sections of the main narratives, set the tone for the entire report and establish 

direct communication between top management and readers (Caliskan et al., 2021; Hyland, 

1998; Mäkelä & Laine, 2011; Skulstad, 2005). They provide personalized messages and 

business tales of top management regarding the most important and significant corporate 

events, achievements and future developments as claimed by the corporate leader (Amernic & 

Craig, 2007). They can be rational and appropriate, provide convincing arguments or create 
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favorable company images (Amernic & Craig, 2007). They hold significant symbolic value in 

bringing sense to the way the company develops, in structuring authority and leadership and in 

building stakeholder support (Barkemeyer et al., 2014; Caliskan et al., 2021; Leibbrand, 2015). 

Prior research investigating CEO letters as a subgenre in corporate disclosures highlights 

significant differences that relate to the communication goals between writers and readers. For 

example, Hyland (1998) distinguishes the CEO letter and the directors’ report of the same FR 

as different disclosure subgenres and shows that CEOs prefer to display more alignment with 

their readers and inform them about their intentions and attitudes, while in the directors’ report, 

there is lower need to intervene in the discourse. Similarly, Garzone (2005) demonstrates a 

more personalized use of language in CEO letters compared to the rest of FR. She argues that 

CEO letters provide writers with a storytelling space to express their stance in an evaluative 

way, potentially relying on a broad repertoire of IM tactics in order to personally connect and 

align with the audience. Given this personalized communicative setting, FR and SR CEO 

letters are considered separate subgenres. 

The language used in corporate narratives, particularly CEO letters in FR and SR, has 

received growing attention from both business and linguistic researchers. In CEO letters, top 

management is expected to support message trustworthiness and establish credibility among 

readers by using language that is congruent with both communicative intent and audience 

expectations which may be significantly different for FR versus S (Jonäll & Rimmel, 2010). 

Analyzing and contrasting language between FR and SR may offer valuable insights into how 

corporate leaders utilize these reports to calibrate implied worldviews (Mäkelä & Laine, 2011), 

and IM tendencies (Caliskan et al., 2021) according to reporting genre. While some studies 

(e.g., Barkemeyer et al., 2014; Blanc et al., 2019; Caliskan et al., 2021; Fuoli, 2018; Mäkelä & 

Laine, 2011) shed light on aspects of language use in FR and SR CEO letters, a systematic 

understanding of how differences in implicit conventions and expectations regarding topical 
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content, information-sharing motives, target audience characteristics and institutional setting 

affect language in FR versus SR, is still lacking. In addition, studies investigating language in 

FR and SR CEO letters are mostly characterized by small sample size (e.g., case study), a 

limited number of linguistic features (e.g., emotion markers), a focus on one industry (e.g., 

mining) or country (e.g., US) and mainly embedded in a qualitative methodology (e.g., 

Barkemeyer et al., 2014; Blanc et al., 2019; Caliskan et al., 2021; Fuoli, 2008; Mäkelä & Laine, 

2011). Our research overcomes these limitations by employing a relatively broad set of 

linguistic markers and a quantitative approach to textual data from various industries and 

countries. Our investigation is guided by the following empirical questions: (1) What are the 

dominant linguistic style features in FR and SR CEO letters?; (2) How and why does the 

linguistic style in FR and SR narratives differ?; and (3) How does region-based institutional 

setting affect the use of language in respective narrative disclosures? 

Theoretically, our research relies on legitimacy theory and institutional theory, which 

helps us explore how respective implied conventions and expectations of CEO letter genre 

depend on differences in regulatory context (including target audiences and disclosure 

expectations, evaluative legitimacy concerns and region-based institutional environment. 

These institutional variables set the broader framework within which top management exerts 

discretion in style-based IM. Empirically, we use a matched dataset of CEO letters in FR and 

SR, which allows us to compare linguistic style features in FR and SR narratives generated by 

the same management team for the same period. Our dataset consists of a total of 2,472 CEO 

letters (1,236 from stand-alone SR and 1,236 from annual FR) of 291 different companies from 

the EU, the UK, and the USA for the period 2010 up to 2019. Our corpus includes 

approximately 4 million words. We employ factor analysis on the selected linguistic variables 

(based on prior literature) to proxy style-based IM tendencies and identify a rational-factual 
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language, a personalized sense-giving language and an assertive relationship-oriented language 

style as dominant linguistic profiles.  

Our investigation shows how accountability and transparency are actively practiced 

through these two distinct subgenres. In addition, the interaction between subgenre and 

regional-level institutional settings offers further insights into how these settings may influence 

opportunistic storytelling behavior. This synthesis facilitates an enriched comprehension of 

language usage and communication strategies within distinct subgenres. Consequently, our 

work extends practical insights that hold relevance for analysts, investors and policymakers. 

Finally, by identifying FR and SR CEO letters as distinct subgenres with their respective 

promotional functions, our comparative approach allows us to both validate and contrast the 

most significant linguistic techniques employed in crafting FR and SR discourse. These 

findings hold significance for future research, providing a foundation for comprehensive 

exploration about the linguistic differences between these subgenres.  

The remainder of the paper is organized as follows: Section 2 presents the theoretical 

framework leading to our research hypotheses. Section 3 introduces our data collection and 

methodology. Results and additional statistical analyses are presented in Section 4. Finally, in 

Section 5, we discuss our findings, present our contributions and limitations and provide future 

recommendations.  

2. CEO letters as corporate reporting genre and language style 

2.1.  Regulatory context, audience diversity and evaluative legitimacy criteria  
 

Organizations use corporate disclosures as communicative instruments aimed at 

signaling their operational performance to external constituents, serving both informational and 

legitimacy objectives. These corporate disclosures emanate from various contexts 

characterized by distinct expectations of audiences regarding what information to convey and 
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how to convey it (Hyland, 2005, p. 88). FR and SR stand out as the two major genres of 

corporate reporting (Fuoli, 2018). Narrative sections of these corporate disclosures, such as 

CEO letters, retain a considerable degree of discretion, offering the opportunity to shape 

corporate image and reputation (Barkemeyer et al., 2014; Caliskan et al., 2021; Fuoli, 2018).  

A key difference between FR and SR CEO letters is the regulatory context from which 

they emanate. Core characteristics of regulatory context on which they differ, relate to 

disclosure repertoire and target audience (Băndoi et al., 2021; Barkemeyer et al., 2014; Mäkelä 

& Laine, 2011). These differences are expected to affect the type of legitimacy concerns that 

CEOs would be concerned with in their narratives and the type of language that CEOs would 

use to address those concerns. FR CEO letters are an offshoot from a formal and well-regulated 

FR framework with a proclaimed logic of stewardship and accountability. FR CEO letters are 

expected to be somewhat aligned with the FR package that they accompany and, thus, be 

affected by an accountability logic with its prominent descriptive and logical reasoning (Yan 

& Aerts, 2014). The confines of corporate financial performance, with its correlates of 

profitability, financial health and growth, are well-established and through detailed generally 

accepted accounting rules which govern how corporate events are recognised, measured and 

disclosed. The FR framework is established on the premise of financial stakeholders 

(shareholders and creditors) as the primary audience. In this regard, FR CEO letters may also 

be expected to aim primarily at readers who tend to prioritise issues of financial competence 

and corporate governance, such as shareholders, investors and financial analysts (Băndoi et al., 

2021; Barkemeyer et al., 2014; Fuoli, 2018; Leibbrand, 2015). This type of audience typically 

has the technical expertise to interpret formal governance and financial accounting language 

and they demand accountability for their own good (Cormier et al., 2009). A primary audience 

like this would grant legitimacy only if their particular interests are served by the company 

(Hossain et al., 2019).  
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In a FR context, the relationship between the CEO and the target audience is highly 

pragmatic, leaning towards the concept of pragmatic legitimacy, with its preoccupations of 

effectiveness, efficiency and risk/return relationships (Hossain et al., 2019; Marais, 2012). 

According to Suchman (1995, p.578), “pragmatic legitimacy rests on the self-interested 

calculations of an organization’s most immediate audiences”. It involves direct 

interdependencies between an organization and its audience, leading to higher scrutiny from 

the audience and more definite expectations of focused disclosure and communication 

(Suchman, 1995). A CEO would be expected, as a good financial steward, to seek pragmatic 

legitimacy by presenting an image perceived as honest and trustworthy but well-aligned with 

the pragmatic values of its primary financial audience and embedded in formal language that 

is taken for granted in such a context. In that vein, CEO language in FR CEO letters is expected 

to resort to financial accounting and governance language to a significant degree and present 

achievements and courses of action with supporting data and logical evidence, making FR CEO 

letter’s expected messages fairly descriptive and analytic/rational in nature.  

The SR regulatory context, on the other hand, is characterized by the relative lack of 

generally accepted standards for SR (in comparison with FR) and by a poorly institutionalized 

tradition of how SR should regulate stakeholder relationships. Two key issues that differentiate 

a SR context from a FR context are the lack of well-defined pragmatic performance criteria 

and audience diversity. A CEO is expected to respond to a societal sustainability call and cope 

with a range of stakeholders from a broad angle (e.g., customers, labour, civil society, NGOs) 

with their divergent needs and expectations (Băndoi et al., 2021; Barkemeyer et al., 2014; 

Fuoli, 2018; Lindgren et al., 2021; Mäkelä & Laine, 2011). In practice, SR CEO letters tend to 

elaborate on issues like the company’s vision of its relationship with the environment and 

society at large, company-specific sustainability strategies or initiatives, as well as integration 
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of sustainability into business strategies and models (Boiral et al., 2020), and this to different 

degrees of depth at the CEO’s discretion.  

The relative lack of generally accepted standards of SR is partly caused by the equivocal 

nature of sustainability performance. The multifaceted and somewhat opaque nature of the 

sustainability concept makes the measurement and comparison of sustainability indicators and 

the disclosure of reliable information challenging (Boiral et al., 2020) Some sustainability 

performance dimensions are highly qualitative in nature and almost impossible to quantify 

(Caliskan et al., 2021). The equivocality of the sustainability concept and the relative inability 

to pin down what sustainability performance really means also hinders the institutionalization 

of taken for granted control mechanisms and monitoring tools.  

Audience diversity without implied hierarchy is also not helpful in establishing a 

generally accepted set of pragmatic performance standards around which expected disclosure 

templates could crystallize. Reconciling the interests of customers, labor organizations, 

suppliers and the community at large is never evident. The diversity of target audiences also 

means different levels of background knowledge, education and expertise on sustainability-

related issues, which may cause management to use a more generic conversational style with 

simpler language and less reliance on detailed information and quantification in order not to 

burden the comprehensibility of the message for the average reader (Järvinen et al., 2020; 

Puroila & Mäkelä, 2019). Indices, such as CO2 emissions, can be difficult to interpret and 

compare by non-expert stakeholders, as they are still largely unstandardized (Boiral et al., 

2020).  

In such a context, management may be expected to shift focus from pragmatic 

legitimacy criteria to moral legitimacy concerns, as “moral legitimacy rests not on judgements 

about whether a given activity benefits evaluator, but rather on judgements about whether the 

activity is the right thing to do” (Suchman, 1995, p.579). As Suchman (1995) argues, moral 
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legitimacy is rooted in beliefs about whether an activity aligns with societal welfare as defined 

by stakeholder values. When there are multiple and diverse stakeholders, managers may try, 

for moral legitimacy purposes, to connect with stakeholders on a more personal and emotional 

level, by utilizing storytelling techniques in SR CEO letters (Marais, 2012). Presenting the 

company, through a discourse of goodwill, as a good corporate citizen and a credible 

environmental steward is not uncommon in this respect (Bhatia, 2012; Lin-Hi & Blumberg, 

2016). Emotional arguments, akin to discourse of ‘values rhetoric’, encompass thematic 

elements such as humanism, benevolence, diversity and openness to others, which seek to 

establish moral legitimacy through invoking emotions and affection to seduce the audience 

(Marais, 2012). Similarly, Araujo and Kollat (2018) argue that communication regarding 

sustainability-related information is permeated with emotions, morals and affective states, 

which bring stakeholders to subjectively experience the values of corporations through 

storytelling. Such personal and emotional discourse may help managers to humanize the 

information presented, making it relatable and conversational with diverse stakeholder groups. 

By telling stories of organizational achievements and their relationship with social values in a 

positive light, credible arguments are offered to legitimize organizational activities (Martins et 

al., 2021).  

Relatedly, several studies provide evidence that SR is often based on highly readable 

qualitative language and abstract statements (Du & Yu, 2020; Hummel & Rötzel, 2019), 

whereby readers are guided to a preferred framing and interpretation of events and 

achievements. Consistent with this, Skulstad (2005) argues and shows that there is more need 

for directive and assistive language in SR introductions compared to FR introductions. She 

posits that FR readers (such as analysts and shareholders as professional users) have specific 

and clearer content expectations and are familiar with the institutional setting and regulatory 

aims of FR documents, while SR readers are generally more diverse, less professional in nature 
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and require more guidance and directive language3. Moreover, focusing on audience 

differences, Fuoli (2018) compares discourse in FR and SR to explore how managers build 

trust with readers. His results show that language in FR is more rational, cautious and 

competent, while the language used in SR tends to be more committed, honest and caring. In 

addition, he shows that SR tends to reflect more affective status which may help foster a 

connection with readers, and modals and verbs may help to project integrity, as well as ethical 

commitment. Using these markers, managers can effectively tell a story about the company’s 

ethical and responsible journey. Overall, Fuoli (2018) argues that these differences relate to 

varying reader profiles and their expectations. Similarly, Blanc et al. (2019) show that 

managers tend to adopt rational façade in FR and reputational façade in SR, mainly to cater to 

the tastes and needs of shareholders in FR, and to accommodate a much broader group of 

stakeholders in SR, where legitimacy concerns are divergent.   

On many occasions, prior SR research made the case that SR is mainly used for 

reputation management purposes through greenwashing or rhetorical IM, rather than as a tool 

for environmental or societal accountability (Cho et al., 2012; Cho & Patten, 2007). Prior 

research has documented highly discretionary SR practices, leaving top management more 

degrees of freedom and a subjective space to exploit SR CEO letters for opportunistic 

storytelling and acclaiming behavior.  Selective reporting and qualitative language can be used 

to neutralize or neglect potential detrimental effects of business activities on biodiversity or 

 
3 Skulstad (2005) investigates the use of action markers (e.g., “we highlight”, “we report”) and previews (e.g., “as 
following”, “we show below”) as textual markers within subgenres, which are found to be particularly different. 
Action markers in SR are used to indicate that the writer will be explaining and emphasizing certain issues later 
in the text, while in FR, they are used to indicate the discourse of act such as reporting (e.g., “we report”, “regret 
to/pleased to report”). The second textual practice that differs in subgenres are previews, such as “we show 
below”, “as the following pages reveal”, that provide readers with clear explanations of the purposes behind 
publishing these reports, making it easier for readers to understand (Skulstad, 2005). In SR, they help facilitating 
reader’s processing of the report, while in FR, they tend to be used to state the main knowledge and make claims, 
establishing directly manager’s position (Skulstad, 2005). In SR, the way how action markers and previews are 
expected to enhance storytelling by providing readers with a roadmap of what to expect in the narrative, indicating 
the direction the narrative will take and help the diverse audience of SR process and engage with the narrative 
more effectively. 



 29 

conceal poor sustainability performance. Assertive claims through expressions of sustainability 

commitment and selective reporting on sustainability initiatives are much more prevalent in 

SR CEO letters than actually commenting on sustainability performance metrics (Boiral, 2016; 

Hahn & Lülfs, 2014; Stacchezzini et al., 2016; Talbot & Boiral, 2018). Although self-serving 

management tendencies could be equally important for FR and SR CEO letters, the nature of 

IM tactics is expected to be significantly different, with higher propensity for propositional IM 

(e.g., attributional IM and selectivity in performance comparisons) in FR CEO letters and more 

style-based IM in SR CEO letters. 

In line with these arguments, we expect language style in FR CEO letters to be more 

aligned with the preoccupations of highly regulated FR requirements with their logic of 

stewardship and accountability, which would promote a rational rhetorical appeal with more 

formal, rational-descriptive framing of language. For SR CEO letters, we expect the room for 

discretion in presenting an idiosyncratic story to be much more extensive, considering the 

relative paucity of regulatory requirements, the equivocality of the subject matter and the 

diversity of the audience. In SR CEO letters, the rhetorical need to align with and inform a 

broader audience repository is expected to promote a more informal, conversational 

storytelling style. Hence: 

H1a: In SR CEO letters, top management tends to use a more informal and conversational 

storytelling language style compared to FR CEO letters.  

H1b: In FR CEO letters, top management tends to use a more formal, descriptive and rational 

language style compared to SR CEO letters. 

2.2. The effect of region-based institutional setting on the informal and conversational 

storytelling style in SR CEO letters 

Scholars have long emphasized the influence exerted by country- and region-specific 

institutional environments on corporate governance and disclosure regulation and how this 
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transpires through disclosure practices (Jackson & Apostolakou, 2010; Rim et al., 2024; Yan 

& Aerts, 2014). Hence, we posit that region-specific institutional setting may play a pivotal 

role in how top management crafts storytelling in SR CEO letters.  

Prior comparative studies on SR have found substantial differences in reporting 

practices across regions. For example, Ferri (2017), comparing SR from Italy, Brazil and the 

USA, shows that SR content is influenced by the characteristics of the national institutional 

context along political, cultural, religious and legal lines. Fifka and Drabble (2012) 

demonstrate that the cultural and socio-economic environment in Finland and the UK has an 

impact on the extent and focus of disclosure. They argue that countries, where sustainability is 

strongly embedded in legislation, allow less space for voluntary reporting choices than in 

liberal market economies with lower regulation. Rosati and Faria (2019) provide empirical 

evidence that various institutional factors, such as political and legal system dimensions, as 

well as socio-cultural traits (e.g., individualism, power distance) significantly affect how 

companies report on sustainable development goals. More recently, Rim et al. (2024) provide 

empirical evidence on the link between CSR transparency strategies, perceived altruism and 

skepticism, and corporate trust and how these differ among country-based cultures.  

Following, Matten and Moon (2008) argue that companies tend to adapt their CSR 

practices to the expectations and institutional background of the region they operate in. They 

observe, for example, that US firms proactively claim and communicate their CSR practices 

significantly more than European firms. They proposed the concept of “implicit” versus 

“explicit” CSR in order to compare and contrast how companies perceive and implement their 

business responsibility to society. According to the framework, firms’ CSR practices will vary 

along an implicit-explicit continuum reflecting national social expectations as incorporated in 

national institutional disparities (LaGore et al., 2020; Matten & Moon, 2008). The implicit 

versus explicit CSR perspective has significant implications for CSR communication and both 
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intent behind communication and language content and style would be affected (Lee & Riffe, 

2019; Matten & Moon, 2008).  

A key argument of Matten and Moon’s (2008) framework is that national business 

systems ground the implicit versus explicit nature of CSR because the government, 

corporations, and markets that define the underlying institutional framework set the norms, 

incentives, and rules of CSR that companies respond to. From that perspective, they argue that 

the US-style CSR is explicit. The US-style CSR is grounded in a system that provides 

incentives and opportunities for companies to combine social and societal interests with 

business value through voluntary programs and strategies to address issues considered to be 

the social responsibility of the company (Blindheim, 2012). It allows much more room for 

corporate initiative and tends to translate CSR issues into corporate policies and strategies 

while giving priority to firm-level identity and reputation as a starting point to address 

perceived expectations of specific stakeholder groups of the company (Blindheim, 2012).  

In Europe, the CSR style is rather implicit where European companies are less likely to 

set up their own CSR agendas (Matten & Moon, 2008). The institutional framework of norms, 

values, and rules that they respond to are the result of “coordinated approaches to economic 

and social governance” through largely government–led partnerships (Matten & Moon 2008, 

p.410; Blindheim, 2012). They tend to be motivated by a need for a societal consensus on the 

legitimate roles and obligations of different groups of stakeholders. Many of the elements of 

implicit CSR occur in the form of codified norms, rules, and laws4. As these societal norms, 

networks, organizations, and rules result in requirements for companies, they generate rather 

implicit implications for the social responsibilities of business. Implicit CSR consists of the 

values and norms that define the obligations of corporate actors in “collective rather than 

 
4 For example, the EU directives (such as “2014/95/EU”) provide additional governance on the consistency and 
comparability of non-financial information disclosed for firms located in the EU (Pizzi et al., 2021).  
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individual terms” (Matten & Moon 2008, p.409). In such a context, companies are confronted 

with considerable preset checks and balances, leaving much less room for companies to 

articulate their own social responsibilities (Blindheim, 2012). 

The intent of explicit CSR is different in that it is deliberate, voluntary, and often 

strategic in nature, with significant incentives for self-serving IM in order to establish and 

assure firm-level CSR identity and reputation. On the other hand, the intent of implicit CSR 

would not really be reflective of a corporate decision, but would rather be a reaction to, or 

reflection of the company’s institutional environment such that codified norms, rules, and laws 

reflect broader societal interests. While both types of CSR may have codified requirements, 

implicit CSR highlights societal norms, networks, institutions, and rules rather than the firm-

driven practices and policies of explicit CSR. As such, explicit CSR would promote 

communicating specific company-level policies and practices to stakeholders and implicit CSR 

would put more emphasis on the obligations of corporate actors in “collective rather than 

individual terms” (Matten & Moon 2008, p.409), stressing relationship-building and consensus 

searching.  

Overall, a US-style CSR would rely more on firm-level discretion in building an 

idiosyncratic CSR identity, a strong incentive for self-serving IM. As prior research suggests, 

the absence of implicit checks and balances and a tendency to claim and emphasize company-

level policies and initiatives rather than reactively responding to what is institutionally 

expected would generally promote assertive acclaiming and positive tone management. This 

brings us to propose the following hypotheses:  

 
H2a: In US SR CEO letters, companies tend to be less focused on consensual relationship-

building than in EU SR CEO letters.  

H2b: In US SR CEO letters, companies tend to use more assertive storytelling than in EU SR 

CEO letters.  
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The next section describes the methodology and the variables we investigate.   
 

3. Data and methodology 

3.1.  Sample selection and data collection 

We use a dataset of matched CEO letters in FR and SR (i.e., CEO letter FR and SR belonging 

to the same firm-year observation), which allows us to compare textual properties in FR and 

SR CEO letters prepared by the same management for the same period. To test our hypotheses, 

we initially gathered data from the EU, UK and USA listed companies that published a stand-

alone SR for the fiscal year 2016 according to the Thomson Reuters’ Asset4ESG 

(Refinitiv/Eikon) database. Subsequently, we extended this dataset for the same companies, 

encompassing the period from 2010 up to 2019 and manually obtain the reports in PDF from 

firm websites, the corporate register database (corporateregister.com), and the GRI global 

reporting database (globalreporting.org). We exclude companies operating in healthcare, 

financials, real estate sectors; companies operating in governmental and administrative 

activities, and academic and educational industries; companies that do not publish their reports 

in English; companies that follow integrated reporting; reports that do not include CEO letters; 

reports that are protected and cannot be processed; and CEO letters counting less than 350 

words5. Following prior research (Clarkson et al., 2008; Cong et al., 2014; Fehre & Weber, 

2016; Na et al., 2020), we manually processed CEO letters in SR, and excluded the ones that 

do not include sustainability information. This selection process provides us with a total of 

2,472 CEO letters (1,236 from FR and 1,236 from stand-alone SR for the corresponding firm-

year observation) from 291 different companies, consisting of approximately 4 million words. 

 
5The Receptiviti API generates scores on language using different measures, such as personality, emotions or 
cognition. In creating measures, the Receptiviti API uses samples that exceed 350 words for baselining its 
measures (https://docs.receptiviti.com/). Based on this, we impose minimum word limits for our investigation, 
that is documents that have less than 350 words are too short to be interpreted for our analysis.  

https://docs.receptiviti.com/
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Table 1 provides our sample selection criteria and Table 2 provides an overview of the sample 

composition in terms of industry, region and year.  

 

Table 1: Selection criteria     
      

Step 1: Criteria of selection of companies 
Excluded 

amount 
Remaining number 

of companies 
      
SR for 2016 - 2,649 
Region of headquarters - Europe, USA, UK (1,386) 1,263 
Excluding non-EU (85) 1,178 
Excluding healthcare, financials and real-estate sectors 
and governmental and education services (293) 885 
Excluding companies with missing financial or 
sustainability data on the database (306) 579 
Manual download of SR (171) 408 
      
Step 2: Criteria for CEO letter selection 
Expected number of. SR CEO letters in 10 years - 4,080 
Excluding integrated reporting formats (474) 3,607 
Excluding SR with no CEO letters (390) 3,217 
Excluding SR with no CEO letters in English (16) 3,201 
Excluding CEO letters with less than 350 words (704) 2,496 
Excluding SR CEO letter not able to process (e.g., 
secured pdf files) (76) 2,420 
Excluding SR CEO letter with no sustainability 
information (281) 2,139 
Available SR CEO letter   2,139 
      
Step 3: Matching FR CEO letters with SR CEO letters 
Expected number of FR CEO letters matching with FR 
CEO letters - 2,139 
Excluding non-matching FR CEO letters with SR 
CEO letters (264) 1,875 
Excluding FR with no CEO letters (526) 1,349 
Excluding FR CEO letters with less than 350 words (15) 1,334 
Excluding SR CEO letter with no financial 
information (93) 1,241 
Excluding FR CEO letters not able to process (e.g., 
secured pdf files) (5) 1,236 
      

Remaining number of companies   
Matching CEO 

letters 
291   1,236 
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Table 2: Sample selection      
      
Panel A: Industry composition Number of observations % of observations 
      
Communication services 77 6.23 
Consumer discretionary 146 11.81 
Consumer staples 253 20.47 
Energy 145 11.73 
Industrials 285 23.06 
Information technology 20 1.62 
Materials 213 17.23 
Utilities 97 7.85 
Total 1,236 100.00 
      
Panel B: Region composition Number of observations % of observations 
      
EU 391 31.63 
UK 262 21.20 
USA 583 47.17 
Total 1,236 100.00 
      
Panel C: Year composition Number of observations % of observations 

     
2010 67 5.42 
2011 88 7.12 
2012 105 8.50 
2013 127 10.28 
2014 127 10.28 
2015 126 10.19 
2016 140 11.36 
2017 136 10.96 
2018 157 12.70 
2019 163 13.19 
Total 1,236 100 
      

 

As for the control variables in our analyses (cf. infra), we collect firms’ financial and 

SP indicators and governance measures from Thomson Reuters’ Asset4ESG database and 

Bureau van Dijk’s Orbis database. Thomson Reuters’ Asset4ESG database provides 
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standardized information on firms’ SP (Dorfleitner et al., 2020; Hawn & Ioannou, 2016; 

Ioannou & Serafeim, 2012; Shahbaz et al., 2020; Utz, 2017)6.  

3.2.  Methods 

To test our hypotheses, we employ the following multivariate regression models: 

Linguistic style = f [reporting genre, region dummies, financial performance, 

sustainability performance, media exposure, governance controls, industry 

dummies, year dummies] 

3.2.1. Dependent variables 

We focus on several linguistic devices to examine the rhetorical appeals of top 

management through a more generic approach. Our selection of linguistic devices mainly relies 

on prior literature that compare and contrast linguistic devices between FR and SR (i.e., Fuoli, 

2018; Skulstad, 2005). Skulstad’s (2005) comparison in language in FR and SR relies on 

rhetorical devices that reveal the strategic nature of corporate narrative reporting and 

communication, such as how managers attempt to persuade and for what purpose (i.e., 

metadiscourse)7 (Hossain et al., 2019; Tausczik & Pennebaker, 2010). Specifically, the use of 

verbs, prepositions, conjunctions and adverbs in FR and SR introductions are analyzed in the 

study of Skulstad (2005). Such textual devices are considered “function words”, which help 

provide shortcuts, structure and context to communication through the use of typically short 

and common words, including articles (e.g., “a”, “an”, “the”), prepositions (e.g., “to”, “for”, 

 
6 For example, the environmental score of a firm consists of various factors, such as energy used, water and waste 
recycled, CO2 emissions; and the social score consists of factors such as employee turnover, injury rate and 
women employees (Hawn & Ioannou, 2016). 
7 Metadiscourse is an important way of understanding language in written texts which can help enlighten the 
differences between different genres (Hyland, 2005, p. 31). With metadiscourse, writers construct a discourse 
according to readers’ demands and needs (Hyland, 1998a, 1998b; 2005, p. 71). It allows managers to convey their 
attitudes and stance towards text content and create a writer-reader interaction (Hyland, 2005, p. 88), and influence 
audience perception by moderating the persuasiveness of the message and by adding a sense-giving layer 
(Brennan & Merkl‐Davies, 2014; Im et al., 2021). Managers, thus, construct a “reality” to convince people of 
their chosen or preferred point of view regarding organizational actions, policies or performances in response to 
their target readers and their shared conventions and expectations (Burke, 1969; Higgins & Walker, 2012). 
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“of”), pronouns (e.g., “I”, “them”, “we”), auxiliary verbs (e.g., “was”, “have”, “am”), 

conjunctions (e.g., “and”, “but”, “since”), negations (e.g., “no”, “not”, “never”), and 

nonreferential adverbs (e.g., “so”, “really”, “very”) (Pennebaker et al., 2014; Boyd et al., 2022). 

They differ from content words and reflect how people speak (language style), whereas content 

words carry meanings on their own and reflect what people say (Tausczik & Pennebaker, 

2010). The use of content words tends to be context-specific, while the use of function words 

is to a large extent independent from contexts (Chung & Pennebaker, 2007). Function words 

are style-related but hold little semantic content outside the context of a sentence. Thinking 

and attentional patterns are to a large extent reflected in the use of function words (Tausczik & 

Pennebaker, 2010). Different patterns of function words have been found to be related to 

overarching thinking styles, honesty and self-focus, status and power, and emotional tone (e.g., 

Boyd et al. 2022). With such rhetorical devices managers enhance their storytelling in their 

letters (Martins et al., 2019). Similarly, Fuoli (2018) compares stance expressions as linguistic 

markers in FR and SR to explore how managers build trust with readers. Stance expressions 

reflect personal feelings and attitudes (i.e., attitudinal stance), certainty and reliability (i.e., 

epistemic stance), and permission, ability and obligation (i.e., modality). Based on these 

categories, he retrieves the frequencies of grammatical markers (e.g., desire/intention/decision 

verbs or ability and willingness adjectives for attitudinal stance, certainty and likelihood 

adverbs for epistemic stance, necessity and permission modals for modality). According to 

Fuoli (2018), the frequent use of adverbs such as “actually” or “obviously”, modals such as 

“may” or “could”, and verbs such as “intend”, “believe” or “expect” reflect rationality,  

cautiousness and competence as more observed in FR; and frequent use of adverbs and 

adjectives such as “amazingly” or “afraid”, modals such as “can” or “must”, and verbs such as 

“aim”, “show” or “understand” reflect a more committed, affective and honest language, as in 

SR. The adverbs, modals and verbs that Fuoli (2018) studies are considered cognitive markers. 
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They relate to the emotional and cognitive dimensions of metadiscourse and affect the 

persuasiveness and credibility of messages (Aerts & Yan, 2017). In light of these studies, we 

use the linguistic devices: (1) quantification; (2) time orientation; (3) causality; (4) cognitive 

marking mechanisms; (5) personalization; and (6) affective processes markers. The selected 

linguistic devices are shown to direct readers’ understanding of the information presented and 

to examine the preparer’s stance to the message that goes beyond thematic and propositional 

content. To capture the linguistic devices in FR and SR, we follow a dictionary approach using 

text analysis software, LIWC-22 (Boyd et al., 2022). LIWC-22 measures verbal variability and 

context mainly based on word frequencies that relate to psychosocial constructs and theories 

(Boyd et al., 2022).  

 First, we use quantification, time orientation and causal language markers. Prior research 

shows that quantitative communication indicates a stronger commitment to specific managerial 

objectives, providing more precise information with data (i.e., hard information), as well as a 

better quality of disclosures (Dyer et al., 2017; Silva, 2021; Stacchezzini et al., 2016). To 

measure quantitative communication, we use numbers (e.g., “one”, “two”, “first”, “once”) 

and quantity (e.g., “all”, “one”, “more”, “some”) dictionaries of LIWC-22. Next, we use time 

orientation markers of LIWC-22 (e.g., “when”, “now”, “day”, “year”), as messages in 

narrative disclosures can be constructed in both a backward- or a forward-looking manner, 

which relates to providing measurable, accountable and concrete data and evidence (Silva, 

2021). We use conjunctions (e.g., “and”, “but”, “so”, “as”) and causation (e.g., “how”, 

“because”, “make”, “why”) to measure attributions in CEO letters, which are used to link 

corporate events or performance outcomes to a reason or a cause (Aerts, 2005; Zhao et al., 

2016). In addition, differentiation words (e.g., “but”, “if”, “else”) are used to measure 

comparisons in texts, that relate to the factual stance (Hyland, 2005). We expect these markers 
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to reflect the descriptive, factual and rational language style owing to their quantitative, time-

oriented, explanatory and performance comparison indications.   

 We use cognitive marking mechanisms: insight (e.g., “think”, “know”, “feel”) and 

certitude (e.g., “really”, “actually”, “of course”) words that help convey an impression of 

certainty (Boyd et al., 2022) that include boosters; and discrepancy (e.g., “should”, “would”) 

and tentative words (e.g., “maybe”, “perhaps”) which consist of hedges that are used to realize 

the cautious, honest and sincere appeal (Hyland, 2005). Finally, we measure affective processes 

words that consist of, positive/negative tone and emotion words (e.g., “good”, “happy”, 

“bad”, “wrong”) that reflect both sentiment and emotion (Boyd et al., 2022), and “I” and 

other-pronouns (e.g., “I”, “me” and “we”, “you”) that reflect self-serving IM and 

authoritative stance (Garzone, 2005; Hyland, 2005) and collectivism and solidarity (Harjoto et 

al., 2021), respectively. Anticipated markers are expected to manifest a more informal and 

conversational storytelling style due to the cognitive and affective indication mechanisms. 

We take the natural logarithm of the identified linguistic devices and employ factor 

analysis with varimax orthogonal rotation that can proxy managers’ stances. The result of the 

factor analysis shows three uncorrelated factors with eigenvalues greater than 1.0 which 

cumulatively explain 55% of the overall variance, of which the latter two factors relate to 

different motives of the storytelling stance of top management. Table 3 shows the factor 

loadings.  

Table 3: Rotated factor loadings       
          
Variable Examples F-1 F-2 F-3  
Numbers billion, first, second, quarter 0.29 -0.22 -0.73 
Quantities amount, average, less, majority 0.89 -0.01 -0.00 
Time ago, continue, daily, regularly 0.76 0.03 0.24 
Conjunctions because, so, when, whilst  0.51 0.01 0.71 
Insight believe, define, explore, know 0.08 0.32 0.60 
Causation depend, effect, outcome, react 0.11 0.07 0.69 
Discrepancy can, could, want, would -0.05 0.57 0.35 
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Tentative assume, hope, might, perhaps 0.41 0.54 -0.14 
Certitude clear, directly, every, specific 0.06 0.69 0.01 
Differentiation apart, exclude, split, unlike  0.61 0.39 0.17 
“I” pronouns I, me, mine, my -0.11 0.46 0.06 
Other pronouns her, him, their, we 0.06 -0.04 0.69 
Affect afraid, benefit, disaster, luck 0.30 -0.10 0.73 
          

 

For Factor 1, we observe high loadings for numbers, quantities, time, conjunctions and 

differentiation, a pattern that reflects a stance based on more quantitative, factual and time-

based logical thinking. This approach tends to be highly descriptive and somewhat impersonal, 

in which commitment to facts and concrete outcomes is high. In addition, we observe a 

relatively high load of tentative words which may be used to decrease the risk of commenting 

inaccurately on organizational achievements (Aerts & Yan, 2017). We also highlight the 

presence of affective language in our Factor 1. For Factor 2, we observe high loadings for a 

range of cognitive processes indicators, such as discrepancy, tentative, differentiation and 

certitude. These indicators include both boosters and hedges, which Hyland (2005) refers to as 

“double-edged.” Hyland (2005, pp. 81) argues that “boosters allow writers to project a credible 

image of authority, decisiveness and conviction, while hedges demonstrate personal honesty 

and integrity through a willingness to address hard realities, albeit behind a shield of 

mitigation”. In addition, Factor 2 strongly loads on “I” pronouns that indicate the CEO’s 

personal commitment. Hedges, boosters and self-mentions are commonly used to realize a 

competent and honest stance to project an aura of credibility gained by openness and tolerance 

for ambiguity (Aerts & Yan, 2017; Hyland, 1998). In that sense, Factor 2 tends to project an 

image of a modest, trustworthy and cautious steward or leader of the company. Unlike Factor 

1, Factor 2 is more personal and informal rather than descriptive with much less commitment 

to concrete facts and circumstances. Remarkably, Factor 2 loads indifferent on affective 

language, pointing to a tendency to use neutral language in commenting on organizational 
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events. Finally, in Factor 3, we observe dominant loadings on the use of ‘other pronouns’ and 

affective language (including both positive and negative emotion words). The ‘other pronouns’ 

category is instrumental in building a storytelling atmosphere based on indicators of 

stakeholder commitment and solidarity (Araujo & Kollat, 2018; Harjoto et al., 2021). This 

factor also scores high on conjunctions and causation words, which would promote the build-

up of stories through longer, causal and interdependent statements. In addition, the frequent 

use of insight words helps to reconstrue or reframe events in a more emotional way 

(Pennebaker et al., 1997; Tausczik & Pennebaker, 2010)8, which is in line with the affective 

component of this factor. In our data, Factor 3 also shows to be highly correlated with positive 

(net) tone, indicating that the ‘affect’ component tends to stand for positive affective language. 

Considering these components, we use Factor 3 as a proxy for an assertive relationship-oriented 

stance. Whereas Factor 1 uses a detached, factual and rational approach to add meaning and 

context, Factor 2 and Factor 3 are more oriented towards building a story, although through a 

different stance. Factor 2 builds on first-person-centered commenting with high cognitive 

commitment, although its double-edged nature and neutral wording make it less prone to 

opportunistic assertive IM. Factor 3 tends to invest in relationship framing with positive tone 

management in an informal, more conversational style. Based on these, we label the factors as 

(1) rational-factual; (2) personalized sense-giving; and (3) assertive relationship-oriented. 

 

8 Pennebaker et al. (1997) studied the words people use in disclosing a trauma to predict improvements in mental 
and physical health. The study shows that when people use more of causal and insight words in their writing about 
past events, they tend to feel better afterwards. This is because using these types of words shows that we are 
actively thinking about and processing the event, which can help us make sense of it. Insight words show that we 
are actively thinking about our own thoughts and feelings. 
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3.2.2.   Independent variable and controls 

Our variable of interest is reporting genre (SR) (H1a and H1b), which is a dummy 

variable that is equal to 1 for SR and 0 for FR. We test the moderation effect of regions to 

further test our regional-level institutional setting hypotheses (H2a and H2b) using a region 

dummy (US_dum), that is equal to 1 if company is from the US; 0 otherwise. Controls include 

key financial and SP variables, as rhetorical IM is investigated through the relationship between 

the financial or SP of firms and linguistic indicators of interest (Boiral et al., 2020; Dunne et 

al., 2021; Smeuninx et al., 2020; Stacchezzini et al., 2016). In our models, we gradually add 

control variables to observe any change in results. The financial performance controls include 

return on assets (ROA) and return on equity (ROE). We include a loss dummy variable (LOSS), 

which equals 1 if the company has negative net income, and 0 otherwise. As companies’ 

financial risk can influence management’s disclosure practices (Cormier & Magnan, 2003; 

Orlitzki & Benjamin, 2001), we include financial leverage using the debt-to-equity ratio (LEV) 

and liquidity risk using the current ratio (LIQ). Previous studies show that both company size 

and firm value are significantly associated with the quantity and quality of information 

disclosed in FR and SR (e.g., Aerts & Yan, 2017; Aouadi & Marsat, 2018; Clarkson et al., 

2008; Fiandrino & Tonelli, 2021; Mittelbach-Hörmanseder et al., 2020). We measure company 

size (SIZE) as the natural logarithm of total assets, and firm value using Tobin’s Q (TOBQ), 

calculated as firms’ market capitalization scaled by total assets.  

Following previous studies (e.g., Braam & Peeters, 2018; Ioannou & Serafeim, 2012; 

Michelon et al., 2015), we control for SP using the mean of the environmental and social pillar 

scores (ENVSOC) provided by Asset4ESG database. The environmental score includes 

measures for factors like resource and emission reduction and product innovation, and the 

social score measures items related to employee health and safety, human rights and diversity 

(Ribando & Bonne, 2010). Previous studies have shown that higher levels of media exposure 
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increase public scrutiny regarding the SP of firms, which significantly affects SR disclosure 

(Aerts & Cormier, 2009). Corporate controversies are events that can be publicly observed 

through media, which impact firms’ reputations and legitimacy negatively (Del Giudice & 

Rigamonti, 2020; Utz, 2017). Thomson Reuter’s Asset4ESG database provides an ESG 

controversies score, which measures environmental and social scandals reflected in the media 

using different major English-speaking news and non-governmental organizations (NGOs) 

(Aouadi & Marsat, 2018; DasGupta, 2021; Shakil, 2021). We implement the controversies 

score as a dummy variable in our models where 1 stands for firms with controversies; 0 

otherwise (ESG_contro). As argued by Aouadi and Marsat (2018) controversies can enhance 

firm visibility, and thus, affect firm value. In addition, corporate governance characteristics 

such as board communication and overlapping directorship, and expertise in sustainability at 

the board level are shown to affect FR and SR quality (Birkey et al., 2016; Moses et al., 2020; 

Shakil, 2021). Therefore, we include board size (BOARD_size), CEO-duality (dummy) 

(CEO_duality) and CSR committee availability (dummy) (CSR_com) in our model. Moreover, 

we include industry and year indicators. Prior research has established that litigation risk and 

environmentally sensitive activities may affect the use of language in FR and SR, which can 

be proxied by industry indicators (Aerts & Cormier, 2009; Al Hawaj & Buallay, 2021; Cho & 

Roberts, 2010; García-Meca & Martínez-Ferrero, 2021). We use the Global Industry 

Classification Standard (GICS) for industry classification.  

We provide variable definitions in Table 4.  

Table 4: Variable definition 
Variable Definition Source 

Rational-factual Predicted rational-factual language scores 
based on factor analysis 

Authors' 
calcul. 

Personalized sense-giving Predicted personalized sense-giving 
language scores based on factor analysis 

Authors' 
calcul. 

Assertive relationship-oriented Predicted assertive relationship-oriented 
language scores based on factor analysis 

Authors' 
calcul. 

SR Dummy variable 1 if SR, 0 if FR Websites 
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ROA Net income / average total assets Thomson 
Reuters 

ROE Net income / average total equity Thomson 
Reuters 

LOSS Loss company dummy: 1 if loss (net 
income < 0); 0 otherwise 

Authors' 
calcul. 

LEV Leverage indicator (debt-to-equity ratio): 
Total debt / shareholders equity 

Thomson 
Reuters 

LIQ Liquidity indicator (current ratio): Total 
current assets / total current liabilities 

Thomson 
Reuters 

SIZE Natural logarithm of total assets Authors' 
calcul. 

TOBQ Tobin's Q: Market capitalization / total 
assets 

Bureau van 
Dijk 

ENVSOC The average of the environmental and 
social scores in the Asset4ESG database 

Thomson 
Reuters 

ESG_contro 
ESG controversies dummy: 1 if the 
company has a controversies score less 
than 100; 0 otherwise 

Authors' 
calcul. 

Board_size Number of board members Thomson 
Reuters 

CEO_duality Dummy variable: 1 if CEO and chairman 
are the same; 0 otherwise 

Thomson 
Reuters 

CSR_com CSR committee dummy: 1 if yes; 0 
otherwise 

Thomson 
Reuters 

 

4. Results 

4.1.   Descriptive statistics 

To limit the influence of outliers, we winsorize our continuous variables at the top and 

bottom tails at a 1% level. To address any potential multicollinearity problem, we examine the 

variance inflation factors (VIF) of the data. As they are all below the recommended thresholds 

(<10) (Hair et al., 2010), our models indicate no multicollinearity issues between variables. 

Table 5 summarizes the descriptive statistics of the variables used in the regression models. 

Table 6 presents the Pearson correlation coefficients.  

As descriptives show, almost half of our observations are from the US (47%), which 

provides a robust dataset to test the effect of regional-level institutional settings on the use of 

rhetorical appeals. The mean values for our financial controls are 0.59 for ROA and 0.23 for 

ROE. The mean of LOSS shows that only 10% of companies in our dataset relate to loss 
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companies. Descriptives show that generally, our dataset consists of companies that have 

slightly better ENVSOC scores (μ = 67.31). ESG_contro mean is noted as 0.44, which shows 

that more than half of the companies in our dataset did not have any ESG controversy in the 

respected firm-year observation. Regarding our corporate governance variables, we observe 

that companies in our dataset have 11.39 board members, on average; and mainly CEO-

chairman separation does not take place (μ = 0.41). This suggests that CEO duality in our 

sample is slightly higher. In our sample, 91% of the companies included have a separate CSR 

committee.  

Correlations coefficients indicate that SR is negatively correlated with rational-factual 

language (r = -0.370) and positively correlated with assertive relationship-oriented (r = 0.440), 

providing initial support for H1 and H2. Regarding the other storytelling appeal that is 

identified through factor analysis, personalized language, the sign of the correlation coefficient 

is in line with our expectation, yet the correlation is low (r = 0.006). The correlation analysis 

shows that the US_dum is positively correlated with the rational-factual language (r =0.082) 

and assertive-relationship oriented language (r = 0.099), and negatively correlated with the 

personalized sense-giving language (r = -0.221). 

Next, we carry out additional analyses utilizing multivariate regressions.  

Table 5: Descriptive statistics 
              
  Obs. Mean SD Min Max VIF 
              
Rational-factual 2,472 0 1 -17.3 2.4   
Personalized sense-giving 2,472 0 1 -4.72 2.88   
Assertive relationship orient. 2,472 0 1 -14.85 2.78   
SR 2,472 0.5 0.5 0 1 1.89 
US_dum 2,472 0.47 0.50 0 1 2.73 
ROA 2,472 0.59 0.64 -1.43 2.74 2.78 
ROE 2,472 0.23 0.38 -1.35 2.19 1.35 
LOSS 2,472 0.1 0.29 0 1 1.26 
LEV 2,472 1.25 1.67 -0.03 12.45 1.26 
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LIQ 2,472 1.36 0.63 0.45 3.75 1.54 
SIZE 2,472 23.46 1.51 20.18 26.72 2.74 
TOBQ 2,472 1.17 1.02 0.13 5.01 2.84 
ENVSOC 2,472 67.31 16.55 24.04 94.03 1.68 
ESG_contro 2,472 0.44 0.5 0 1 1.50 
Board_size 2,472 11.39 3.21 1 23 1.40 
CEO_duality 2,472 0.41 0.49 0 1 1.59 
CSR_com 2,472 0.91 0.29 0 1 1.15 
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Table 6: Pairwise correlations 
 

 
* Correlations significant at p<0.01 
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4.2.  Multivariate regression analyses 

We use a pooled OLS regression model to test our hypotheses. The results of our multivariate 

regression models are presented in Table 7. The first three models show the direct relationship 

between our dependent and independent variables, without the interaction variable. Model 1 

shows that SR exhibits significantly less use of the rational-factual language than FR (b = -

0.741), which is in line with our expectations. In Model 2, we test disclosure genre (SR) as a 

determinant of the personalized sense-giving language, yet we cannot observe any significant 

effect (p > 0.1). Model 3 demonstrates that top management in SR CEO letters uses the 

assertive relationship-oriented language significantly more (b = 0.880). These results provide 

initial support for our hypotheses (H1a and H1b), yet we cannot observe any significant effect 

of the disclosure genre on the use of personalized sense-giving language (p > 0.1), 

counterintuitively. In the next three models (Model 4, Model 5, and Model 6), we examine the 

interaction effect of disclosure genre (SR) and companies’ region (US_dum) to test the 

moderation effect (H2a and H2b). The results support our expectations, which predict that the 

US institutional setting significantly moderates the use of all rhetorical appeals identified, and 

adding the interaction term in the Models (4-6) significantly improves model fit, i.e., the 

interaction terms are statistically significant and R2  increases. Our results show that the 

directions of moderation for rational-factual, personalized sense-giving and assertive 

relationship-oriented are positive, negative and positive, respectively (b = 0.169; b = -0.342; b 

= 0.146). While we did not formulate any hypothesis regarding the moderation effect of regions 

on the rational-factual style, our Model 4 demonstrates a positive interaction effect, implying 

that accountability and transparency of corporate disclosures may still be ahead of the 

European counterparts. This may relate to the fact that for US companies, stock markets are 

their most important source of capital (Matten & Moon, 2008); and rational-factual appeal may 

be used as a response to the scrutiny for information and transparency concerns, also implying 
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a more pragmatic legitimacy concerns. Our Model 5 shows that the use of personalized sense-

giving appeal significantly depends on whether or not the company is from the US. The US 

institutional setting negatively affects the use of personalized sense-giving appeal in SR CEO 

letters. This result is counterintuitive, yet the rational communication in the US (as Model 4 

shows the positive interaction effect on the use of rational-factual language) could limit the use 

of personalized appeals. We also observe that adding this interaction term in our regression 

model also makes the main effect significant. As this result alone does not provide much about 

whether consensual relationship-building is less in US SR CEO letters, further investigation 

regarding our hypothesis (H2a) is required (see Section 5.3. Additional Analyses). Our Model 

6, however, shows the positive relationship between the US SR CEO letters and assertive 

relationship-oriented language (b = 0.146), which is in line with the explicit institutional setting 

culture and supports our hypothesis (H2b). We also highlight that this factor includes both 

“assertive” and “relationship-orientation”; hence, we further investigate it in the next section, 

as well. When we add controls in the next models (Model 7, Model 8 and Model 9), our results 

remain robust for all appeals. Moreover, our results with controls show that ESG controversies 

positively affect the use of rational-factual and personalized sense-giving appeals, which 

indicates that in case of an ESG controversy, managers tend to use either rational-factual or 

personalized sense-giving appeals as a reaction. Controversies, that are publicly observed 

through media, therefore, may restrict managers to adopt assertive relationship-oriented appeal. 

Figure 1 depicts the interaction effects.   

As additional robustness checks, we introduced a GRI dummy variable into the models 

to signify whether the company adheres to GRI standards and guidelines in its disclosure 

practices (Chelli et al., 2018). The main results remain consistent, and GRI dummy variable 

was not significant across all models. However, due to lack of data that leads to a loss of 510 

observations, we opted not to include this variable in our analyses. Furthermore, recognizing 
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the unique regulatory environment of extractive industries, which often face additional 

regulations, such as anti-bribery or anti-corruption measures (Öge, 2016), we conducted 

supplementary analyses by excluding observations from these industries. The (untabulated) 

results remained consistent with our main findings. Finally, adjustments for heteroscedasticity 

and autocorrelation are also implemented through clustering standard errors at the firm-year 

level. The results are consistent with the presented in Table 7.  

 

 

  

 
Figure 1: The effect of Genre (SR) and Region (US_dum) on the predicted linguistic appeals. Both lines serve the purpose of 

highlighting the relative differences based on the binary category (US_dum). 
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Furthermore, as our regional-level institutional setting hypotheses (H2a and H2b) consider only 

SR in the context of storytelling, we run an additional analysis dropping FR observations. The 

results are shown in Table 8, which are in line with our main results (cf. supra Table 7): showing 

a positive effect of the US institutional effect on the use of rational-factual language, negative 

effect on personalized sense-giving language and positive effect on assertive relationship-oriented 

language.
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4.3. Additional analyses 

In an effort to further investigate/explore the meaning and ramifications of the 

rhetorical style factors that we elaborated, we use preset summary variables of LIWC 

(analytical thinking, clout and emotional tone). These summary variables are considered 

generic, i.e., not genre-specific, hence useful to measure overall tone in a mixed sample 

consisting of both FR and SR. They allow us to disentangle and unravel the composite Factor 

3 (assertive relationship-oriented) which thrives on two narrative mechanisms, relationship-

framing and positive tone management which may interact differently with institutional norms 

and context. It also allows us to trim down on the affective side of our Factor 1 (rational-

factual). 

The summary variables of LIWC are scored by proprietary algorithms constructed from 

large text samples used in previous research conducted by the developers of the software (Boyd 

et al., 2022). They are converted to percentiles based on standardized scores derived from large 

comparison samples of modern texts (Boyd, 2017). Although the proprietary algorithms are to 

a certain extent non-transparent, the language categories that are algorithmically nested under 

the summary variables have been well-documented. The summary variables are composite 

metrics and mainly rely on the occurrence of function words in the narratives. A key LIWC 

summary metric that we will use as an alternative to our Factor 1 (rational-factual) is referred 

to as ‘analytic’ or ‘analytical thinking’. The construct of analytical thinking refers to a 

deliberate mode of reasoning whereby complex concepts are deconstructed into more 

manageable parts and their interrelations. Analytical thinking transpires in verbal behavior 

through the use of articles, which signal concepts, and prepositions, which convey relationships 

between concepts (Davies, 2011; Jordan et al., 2019). The construct allows us to differentiate 

information-structural language versus story-driving language. Texts high in analytical 

thinking tend to be formal, logical, and hierarchically structured in terms of how information 
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is presented, while those low in analytic thinking are more prone to include personal stories, 

more action of agents and events, and a sense of immediacy (Pennebaker et al., 2015; Tay, 

2021). The latter’s focus on people and actions, indicating a more informal, experiential and 

intuitive way of communicating ideas and actions. Such an informal type of thinking can be 

measured in language through the use of pronouns, adverbs, negations, auxiliary verbs, and 

conjunctions (Pennebaker et al., 2015; Pennebaker et al., 2014)9. The distinction is, however, 

not typological as all texts contain elements of both (Fuoli, 2018). CEO letters have both an 

analytic and a narrative component, but they are likely to differ on a continuum along which 

information-structural language versus story-driving language is used. The summary measure 

is conceptually near to our Factor 1 (rational-factual), but without the link to affective language 

as a measurement component. In that sense, the variable ‘analytic’ captures less emotion as a 

rhetorical persuasion mechanism. 

A second LIWC summary measure, ‘Clout’, captures a language style gauged by the 

presence of authoritative, confident and outward-facing language that reflects leadership, 

certainty and being in control (Kacewicz et al., 2014; Pennebaker et al., 2015; Tay, 2021). The 

clout variable is derived from prior research focusing on personal and social interaction and is 

highly grounded in pronoun use which is significantly correlated with social hierarchy (Boyd 

et al., 2022; Kacewicz et al., 2014). Higher clout score is marked by using more we-words, 

you-words and social words and fewer I-words, negations (e.g., “no”, “not”), swear and 

differentiation words. Referring to collective or others’ work and interests or how one is 

connected with other reference groups, will have a higher clout score as the text would use 

more “we” and “you” pronouns, and social words compared with texts with high self-focus and 

low social interaction using “I” first-person singular pronouns (Adaji & Olakanmi, 2019; 

 
9 Analytic thinking is calculated as follows before being normalized, [articles + prepositions - pronouns - 
auxiliary verbs - adverb - conjunctions - negations]. 
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Duncan et al., 2019; Oliver et al., 2020). Using more outward-facing words and inclusive 

language, writers demonstrate that they focus more on the people they are interacting with 

versus themselves (Adaji & Olakanmi, 2019). This type of interaction would be well-suited in 

a communication format that aims to foster relationship-building and engagement as part of 

knowledge construction in the diffuse sustainability field. Focusing on relationship building is 

impounded as one of the two most important language categories in our Factor 3 (assertive 

relationship-oriented). Using social and inclusive language conveys authority and confidence 

in the company’s future, leading the audience to form a preferred impression (Sparks & Areni, 

2007; Toma & D’Angelo, 2015).  

The second most important component of our Factor 3 (assertive relationship-oriented) 

relates to the use of affective words, which is typically captured by the third LIWC summary 

variable, ‘emotional tone’, that we will use in this study. The variable emotional tone reflects 

the degree of positive emotional tone, as captured by the LIWC language categories affect, 

positive and negative emotion (Cohn et al., 2014; Pennebaker et al., 2015; Tay, 2021). The 

variable entails emotions that have arousing effects which tend to drive attention and attitude 

change (Petty & Cacioppo, 1986). Using both clout and emotional tone as separate style 

variables helps us to disentangle the ramifications of the composite Factor 3 (assertive 

relationship-oriented) that we derived from our factor analysis. 

Table 9 presents the correlations between the summary variables, factors that we 

identified and linguistic indicators. 
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The correlation table shows that identified analytic positively correlated (0.186) with 

our identified rational-factual appeal, and negatively correlated with personalized sense-giving 

and assertive relationship-oriented appeals (r = -0.239 and r = -0.496, respectively). Clout 

measure is negatively correlated with our identified rational-factual and personalized sense-

giving appeals (r = -0.048 and r = -0.125, respectively), and positively correlated with the 

identified assertive relationship-oriented appeal (r = 0.605). Finally, tone is positively 

correlated with rational-factual and assertive relationship-oriented appeals (r = 0.034 and r = 

0.560, respectively) and negatively correlated with personalized sense-giving appeal (r = -

0.180). This shows that especially clout measure captures both personalized sense-giving and 

assertive relationship-oriented appeals, but the difference is mainly driven because of the use 

of other pronouns and affect. While clout is mainly captured through other pronouns (r = 

0.898), tone is mainly captured through the intensity of affective words (r = 0.781).  

We further examine our hypotheses using multivariate regression models with LIWC’s 

summary variables (i.e., analytic, clout, tone). The descriptives and correlations of summary 

variables with independent and control variables are provided in Table 10 and Table 11.  

 

Table 10: Descriptive statistics of LIWC summary variables   
            
  Obs. Mean SD Min Max 
            
Analytic 2,472 86.28 8.83 21.60 99.00 
Clout 2,472 91.24 11.56 27.74 99.00 
Tone 2,472 76.54 13.96 13.21 99.00 
            

 

Table 12 shows the multivariate OLS regression results using the LIWC-22 summary variables. 

Models 1, 2 and 3 show that the relationship between the main effect of SR and summary 

variables are significant. Results show that the effect of SR is negative on analytic (b = -6.052) 
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and positive on clout and tone (b = 5.748 and b = 4.084). In Model 4, Model 5 and Model 6, 

we observe that the interaction effect of the US institutional setting. In Model 4, we observe 

that the interaction effect is not significant for analytic. Yet, we observe that the region effect 

negatively moderates the use of clout (b = -3.333) (Model 5) and positively moderates the use 

of tone (b = 2.801) (Model 6). These results suggest that in Europe top management mainly 

uses credible and powerful language for storytelling purposes, while in the US tone 

management is more prominent. The use of credible and powerful language in Europe may 

relate to enhancing the perception of a company’s commitment to CSR. Such language may 

signal a strong commitment and the capability to implicit CSR agency, and enhance the 

effectiveness of CSR storytelling by managers. In addition, we highlight that the clout variable 

is strongly correlated with other pronouns (r = 0.898) (cf. supra Table 8), that may indicate that 

EU SR CEO letters tend to focus on consensual relationship-building more than their US 

counterparts, which is in line with our hypothesis (H2a). These results further provide evidence 

that the language in US SR CEO letters is more affective and emotional, which aligns with the 

distinct cultural characteristics of the explicit institutional framework and provides backing for 

our hypothesis (H2b). When controls are added in Model 7, Model 8 and Model 9, our results 

remain robust. 
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To further test the robustness of the region effect, we additionally run the models using region 

dummies. As an additional analysis, we use region dummies as UK_dum and US_dum and use 

EU_dum as the reference region. While our study did not initially formulate specific 

hypotheses regarding the language usage in UK CEO letters, due to the inconsistent 

classifications of the UK-style in the literature (e.g., Blindheim, 2012; Matten & Moon, 2008; 

Lee & Riffe, 2017) we further conduct an additional analysis. For example, Matten and Moon 

(2008) show that the UK still can be considered Europe, yet still highlight many differences in 

the institutional setting. According to Moon (2004), the demands of the UK stakeholders are 

shown to be more concerned on matters of sustainability and CSR than their European 

counterparts; hence ask for greater accountability and transparency. In addition, Blindheim 

(2012) argues that the extensive regulation in European countries leaves less space for 

voluntary actions compared to liberal market economies such as the UK or the US, which leads 

companies located in liberal market economies to report more explicitly about CSR. Drawing 

on the framework by Matten and Moon (2008), more recently, Lagore et al., (2020) show the 

unique position of the UK, which is in between explicit and implicit.  

 Table 13 shows the results with UK region controls. Our analysis reveals noteworthy 

findings regarding the effect of the UK interaction effect, distinguishing itself from the US, 

particularly for the rational-factual and personalized sense-giving language styles (Model 4 and 

Model 5). Model 4 shows that the UK institutional setting negatively moderates the use of 

rational-factual language, while the US institutional setting does not significantly affect the 

relationship. As Model 5 shows, the influence of the US and the UK institutional setting differs, 

particularly for the use of personalized sense-giving language (i.e., significant opposite 

directions), in comparison with the EU institutional setting. In our hypothesis, we expect that 

the implicit CSR setting (as in the EU) would constrain the use of personalized discourse and 

lead to more consensual relationship-building. In line with this, the more personalized 
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discourse in the UK (which is a more explicit CSR business culture) in comparison with the 

EU provides partial support for our expectations. While this observation highlights the 

intriguing role of the UK institutional environment and provides evidence that the implicitness 

of the CSR environment encourages management to employ a more personalized sense-giving 

language, aligning with our initial expectations, the role of the US setting is counterinitiative. 

The negative moderation effect of the US institutional setting may relate to (possible) discourse 

about business models that integrate CSR initiatives which also help construct pragmatic 

legitimacy among shareholders. Finally, Model 6 also demonstrates significant interaction 

effects of both UK and US institutional settings on the use of assertive relationship-oriented 

language. In line with our expectations, our results show that European managers tend to use 

less assertive relationship-oriented language for storytelling, while in the UK and US 

storytelling mainly relies on such language. Overall, the separation of the UK observations 

enriches the results and provides a depth of analysis, revealing distinct language patterns that 

may relate to the use of different linguistic variables and rhetorical appeals, especially 

regarding the personalized, authoritative and confident language. Figure 2 further illustrates 

the interaction effects between disclosure genre (SR) and regions (EU_dum, UK_dum and 

US_dum) on rational-factual, personalized sense-giving and assertive relationship-oriented 

language styles (prediction lines).  

Finally, we also use the OECD Environmental Policy Stringency Index as a control 

variable to account for variations in the institutional environment (untabulated). The index 

measures the extent to which environmental policies impose costs on polluting or 

environmentally harmful behavior, with values ranging from 0 (non-stringent) to 6 (stringent) 

(OECD, 2024; Rosati & Faria, 2019). Based on the index for the year 2020, the UK exhibited 

the most stringent policies (3.61), followed by the EU average (3.34) and the US (3.03). We 

conduct our analysis exclusively on SR, incorporating the control variable of the OECD 
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Environmental Policy Stringency Index for countries. The results indicate that while 

environmental stringency per does not significantly impact the use of rational-factual language 

(b = -0.183, p > 0.1); it positively influences the use of personalized sense-giving (b = 0.296, 

p < 0.05); and negatively influences the use of assertive relationship-oriented language (b = -

0.455, p < 0.01). The results are somewhat consistent with the observations regarding the UK 

and US institutional settings: The UK with its more explicit CSR culture and stringent 

environmental policies tends to favor a personalized sense-giving approach in communication. 

Conversely, the US institutional effect, characterized by a pragmatic approach to CSR, may 

indicate a strategic shift towards more assertive and relationship-oriented style in response to 

lower stringent environmental regulations.   

 

 

 

 

Figure 2: The effect of EU_dum, UK_dum and US_dum and SR (and FR) on the use of predicted appeals.  
Both lines serve the purpose of highlighting the relative differences based on the binary categories (US_dum and UK_dum). 
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5. Discussion and conclusion 

The purpose of the current study is to examine top management’s use of language in FR and 

SR CEO letters. Language is viewed as a means through which power relations are expressed 

(Brennan & Merkl‐Davies, 2014). Studying language in different corporate (sub)genres 

presents insights into management’s views on different contents and the way they impose their 

thoughts (Mäkelä & Laine, 2011). Prior literature documents that FR and SR are distinct 

corporate genres; hence, the language and IM expressions differ substantially between them 

(Caliskan et al., 2021). Research on the language used in the mentioned subgenres, however, 

typically exhibits certain limitations such as small sample sizes, often adopting methods like 

case studies or manual content analysis (e.g., Blanc et al., 2019; Caliskan et al., 2021), a narrow 

selection of linguistic attributes, such as stance markers or readability (e.g., Barkemeyer et al., 

2014; Fuoli, 2008), a concentration on specific sectors, such as metal and mining (e.g., Mäkelä 

& Laine, 2011), and limited geographic regions, such as Finland and Turkey (e.g., Caliskan et 

al., 2021; Mäkelä & Laine, 2011). Consequently, prior research lacks a systematic 

understanding of the motives behind the linguistic differences in FR and SR. Unlike previous 

studies that compare (sub)genres, our paper offers a more comprehensive perspective for 

understanding linguistic distinctions employing a larger and more diverse sample.  

The findings of this study make several contributions to the current literature and 

enhance the overall understanding of corporate communication strategies. First and from a 

theoretical perspective, our contribution to the literature is rooted in legitimacy theory. We 

posit that the concept of legitimacy varies in accordance with shared conventions and 

expectations among stakeholders. Legitimacy plays a central role in business communication 

(Deegan, 2002; Martins et al., 2019; Suchman, 1995). Nevertheless, it is important to recognize 

that legitimacy encompasses various forms (Suchman, 1995). Employing the generic term 
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“legitimacy” without discerning these distinctions would result in the oversight of crucial 

nuances related to linguistic variations across different genres. In our study, we argue that 

linguistic differences between FR and SR CEO letters mainly relate to shared conventions and 

expectations of distinct targeted audiences and therefore, different legitimacy concerns, 

regulatory requirements and nature of information.  

Second, our findings, derived from factor analysis, offer empirical evidence regarding 

the significance of specific linguistic variables within distinct subgenres. In line with our 

expectations, FR CEO letters reflect a more rational and logical stance in language use. The 

rational-factual appeal loads highly on numbers, quantities, time, conjunctions and 

differentiation. This demonstrates that FR CEO letters are more factual and time-based, and 

depend on descriptive and logical thinking. The concrete outcomes and impersonal speech are 

expected to satisfy the pragmatic needs of the FR audience, such as shareholders and investors. 

This indicates that top management definitely focuses on maintaining or gaining pragmatic 

legitimacy among the FR audience, who also have knowledge and expertise to interpret 

financial accounting performance explanations. The use of such descriptive language in FR 

CEO letters may indicate that FR represents a more functional accountability mechanism 

compared to SR, which is also due to its nature of information. Yet, we also highlight the 

presence of affective language in our rational-factual factor, which may also indicate that 

rational-factual does not necessarily mean the absence of self-serving IM in FR CEO letters. 

The general content revolves around principles associated with general accounting and 

financial reasoning, providing information on financial indicators, such as growth, profitability 

and operational performance. 

For SR CEO letters, we document that they reflect a more informal and conversational 

storytelling style compared to FR CEO letters. Information on a company’s SP and 

commitment to social, environmental and ethical issues is the main focus of SR (Barkemeyer 
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et al., 2014; Mäkelä & Laine, 2011). This kind of information typically concerns a broad range 

of stakeholders including civil society and NGOs due to the increasing sustainability 

awareness. This broad range of stakeholders is not homogenously distributed in terms of their 

knowledge, education and expertise (Barkemeyer et al., 2014; Fuoli, 2018; Lindgren et al., 

2021; Mäkelä & Laine, 2011). As our results show, the diversity in the target audience should 

be constraining top management to use technical language with jargon to build up or maintain 

legitimacy. Therefore, the shared conventions and expectations associated with SR CEO letters 

provide greater flexibility for opportunistic storytelling behavior, resembling more overt 

symbolic IM. Organizations often seek moral legitimacy among a broad range of stakeholders 

and are expected to show they are doing the right thing. For that, top management tries to 

present the company as a good corporate citizen and a credible environmental steward, mainly 

through a discourse of goodwill (Lin-Hi & Blumberg, 2016; Bhatia, 2012). In line with our 

expectations, we argue that to sustain or gain moral legitimacy, top management tends to use 

emotional and personal arguments for robust and effective communication with stakeholders 

and call for values such as humanism, benevolence and diversity in SR. Besides moral 

legitimacy concerns, we recognize that the absence of established standards in SR, as well as 

the ambiguous character of SP (Boiral et al., 2020; Caliskan et al., 2021) also play a role and 

to some extent compel the adoption of informal and conversational storytelling language choice 

in SR narratives.  

Third, as the literature shows, storytelling can be constructed in various ways due to 

strategic reasons in corporate narratives (Martins et al., 2019; Spear & Roper, 2013), which is 

expected to vary according to regional-level institutional settings. To investigate the potential 

variations in storytelling within SR CEO letters, we apply the implicit-explicit framework 

developed by Matten and Moon (2008). Our factor analysis demonstrates two informal 

conversational storytelling appeals (i.e., personalized sense-giving and assertive relationship-
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oriented) and results show that both of them tend to be more prominent in SR, supporting our 

expectations. The personalized sense-giving appeal indicates a more personalized, honest and 

trustworthy discourse, which would help top management gain moral legitimacy from a broad 

range of stakeholders. This stance relies on the factor that highly loads on cognitive processes 

indicators (i.e., discrepancy, tentative, differentiation and certitude), which help managers to 

enhance their authoritative image while showing a willingness to honestly address challenging 

aspects of the issue (e.g., sustainability or CSR policies of companies), and “I” pronouns that 

indicate CEO’s personal commitments with neutral wording. Our results indicate that this 

storytelling approach is more pronounced in EU CEO letters compared to the US CEO letters. 

This observation may relate to the presence of implicit checks and balances within European 

business culture and government policies would lead us to anticipate a greater prominence of 

this storytelling style in EU CEO letters, where top management needs to explain the way they 

integrate CSR to their business models. This observation may suggest a potential alignment 

between European SR policies and the managerial responses aimed at meeting these demands. 

Additionally, this may indicate that the EU SR policies promote transparency and 

accountability. However, it is important to note that our results do not necessarily demonstrate 

the adoption of these policies or confirm that EU SR CEO letters consistently fulfill the 

intended purpose of SR policies, as managers tend to use cognitive shading and maintain -to 

some extent- cautious stance in their communications, as well. In addition, our main analysis 

alone fails to directly test our hypothesis that relates to relationship-building alone. We further 

elaborate on this in the additional analysis section using the LIWC summary variables. In line 

with our expectations, LIWC results show that clout (that is highly correlated with “other 

pronouns”) and therefore relationship orientation is higher in the EU SR CEO letters in 

comparison with the US SR CEO letters. Further, our results also demonstrate that UK-style 

reporting may not always be in the middle of the implicit-explicit continuum; hence, based on 
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what is being investigated, UK observations must be carefully considered where to cluster. We 

show that top management in the UK tends to use significantly higher personalized language 

in comparison with top management from the EU. While this may relate to the business models 

and pragmatic legitimacy expectations in the UK, our results also show that the personalized 

language is negatively moderated by the US institutional effect. This is counterintuitive, and 

further studies on the differences in personalized language between the UK and the US would 

be worthwhile. The regional institutional setting presents another significant consideration, 

concerning potential environmental litigation risks in the near future. Currently, in the US, SR 

is not mandatory but, in the EU, the new legislation (CSRD - 2022/2464/EU) mandates large 

and listed companies to disclose SR being effective from 2025 covering the operations in the 

fiscal year 2024. Subsequent research may investigate how these regulations could influence 

IM within SR practices.  

The informal conversational storytelling appeal that our factor analysis demonstrates 

relates to high loadings on the use of ‘other pronouns’ and affective language. This factor 

combines both solidarity, due to ‘other pronouns’, and emotions, due to insight and affective 

words. In addition, high loadings of conjunctions and causality statements may indicate build-

up and longer stories. Mainly due to these two variables, this style tends to proxy an assertive 

and relationship-oriented stance. We argue that this style is more prominent in the US SR CEO 

letters. According to Matten and Moon (2008), US-style CSR is explicit, where companies are 

encouraged to integrate CSR concerns and strategies into their business activities voluntarily. 

Voluntary and strategic CSR activities lead to a greater space for overall self-serving IM, where 

assertive acclaiming and overly positive tone management would play a role, in the absence of 

implicit checks and balances. Our results support our expectations and evoke further 

discussions about the effectiveness of purely voluntary CSR strategies and communication, as 

in the US-style. Our results provide empirical evidence, in that sense, that government 
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regulations and stakeholder scrutiny in different regions shape SR communication, and 

possibly activities, as well. Although we have not made specific predictions in our hypotheses, 

our results also demonstrate the impact of regional-level institutional settings on the utilization 

of appeals in FR (when SR = 0).  

Although we abstain from formulating specific hypotheses regarding storytelling 

behavior in FR CEO letters, our results, as illustrated in Figure 1 and Figure 2, yield insights 

into the nature of storytelling within this context, as well. Overall, the empirical findings 

presented in this study highlight different communication strategies employed by top 

management in FR and SR CEO letters. This difference is attributed to inherent differences in 

genre characteristics, that reflect stakeholder expectations, and institutional setting, that reflect 

regional-level regulations on the use of disclosures’ narrative sections. The direct comparative 

analysis of CEO letters across diverse genres enables a nuanced understanding of their 

accountability and transparency related features. Our exploration of genre differences leads us 

to argue that SR, as a genre, continues to face scrutiny regarding its informational quality. 

Furthermore, our empirical results indicate that regional-level institutional settings might have 

a potential influence on the utilization of SR as an accountability mechanism. While our 

research does not directly provide insights into the application of IM within these subgenres, 

this study provides key insights into possible self-serving rhetorical IM practices. In summary, 

our study offers practical insights for policymakers, investors and analysts by providing a 

nuanced understanding of linguistic differences due to genre and regional-level differences, 

anticipating the impact of upcoming regulations, such as mandated SR as of 2025, and offering 

indicators regarding strategic investment and risk assessment decisions through understanding 

distinct storytelling practices. 

The main limitation of our research is mainly related to the availability of SR CEO 

letters and the lack of trustable data sources that have the collection of multiple companies. 
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While we tried to reach companies’ disclosures manually on different web pages and company 

internet sites, we still have a major miss of FR and SR CEO letters. We also acknowledge that 

we do not control for individual-level CEO motivations, which may affect CSR disclosure 

behaviors (Lassoued & Khanchel, 2022), as well as control variables related to demand for 

information (e.g., analyst following, ownership structure) due to lack of data. In addition, 

further studies could explore additional dimensions of policy stringency per region and 

country. Finally, the dictionary-based textual analysis approach has certain limitations, such as 

overlooking the real meaning and content. While factor analysis may overcome this limitation 

to a certain extent, further research may overcome this limitation by integrating style and 

content variables in the analyses to understand the multidimensional features of sustainability-

related information. The application of machine learning and AI techniques holds the potential 

to provide solutions for advanced text analysis in this regard. Theoretically, a greater focus on 

types of legitimacy could produce interesting findings in future studies. The insights into 

significant linguistic variables for different subgenres, and especially for SR, may be explored 

further in the future. In addition, we highlight that considerably more work will be needed to 

determine to what extent non-quantification would be considered as IM in SR. Practically, this 

research is useful for regulatory authorities to make corporate genres work as more functioning 

accountability mechanisms. Insights gained from our study about linguistic differences 

between FR and SR can aid in complying with regulatory reporting requirements for 

transparent and credible communication in corporate disclosures. With insights into how 

regional-level institutional settings influence communication strategies, companies can 

anticipate potential risks related to environmental litigation and changing regulations. The 

users of both FR and SR would also improve their evaluation criteria through the lenses we 

provided. Overall, our study encourages a more accountable and ethical approach to 

communication. 
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CHAPTER III 

STUDY 2: RHETORICAL IMPRESSION MANAGEMENT IN SUSTAINABILITY 
REPORTING CEO LETTERS: THE EFFECT OF GENERAL AND ISSUE 

VISIBILITY 
 
 
Abstract 

Our study examines the role of visibility in the use of rhetorical IM in SR. SR has become a 

prevalent practice among companies, yet the narrative sections within these reports often serve 

as a strategic tool for companies to employ legitimization strategies. This enables managers to 

craft a favorable portrayal of their sustainability track record while downplaying the more 

problematic outcomes. Using a sample of 1,805 CEO letters in sustainability reports from 

international companies, this study employs multivariate regression analyses to investigate the 

effect of general visibility (driven by industry membership), and issue visibility (driven by 

sustainability controversies) on the use of rhetorical IM. The results indicate that companies 

tend to use rhetorical IM strategies more intensely when companies belong to industries where 

scrutiny and governance are lower, and when they have a higher business exposure to the 

environment and society. The findings of the study have important implications for 

understanding the communication of corporate SP and for stakeholders who rely on 

sustainability reports to make informed decisions. 
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1. Introduction 

SR aims at providing information to an organization’s stakeholders about its SP and 

commitment to social, environmental, and ethical issues. As the demand for transparency and 

accountability regarding SP has been increasing among stakeholders, SR has become a 

standard practice. According to KPMG, 80% of large and mid-cap companies around the world 

disclose SR (KPMG, 2020). SR is used as a communication tool providing information on 

companies’ sustainability-related activities to address the societal call for sustainable business 

and to build and enhance organizational legitimacy (De Villiers & Van Staden, 2006; Hahn & 

Kühnen, 2013). However, many studies have demonstrated false claims, unmet promises or 

omitted performance outcomes in SR, which cause concerns that organizations “talk but do not 

walk the sustainability” (Boiral, 2013; Cho, Michelon, et al., 2015). As such, the credibility 

and the quality of sustainability-related disclosures are often debated in the business ethics 

literature, providing evidence that SR represents a vehicle for IM strategies (Diouf & Boiral, 

2017). In the context of corporate disclosure, IM involves cherry-picking information and/or 

presenting it in a manner aimed at distorting readers’ perceptions of firm performance (Godfrey 

et al., 2003; Merkl‐Davies & Brennan, 2007). While the literature offers extensive empirical 

evidence of this practice in SR, the causal factors leading to IM in SR are not fully understood. 

In our study, we intend to fill this research gap by focusing on IM in SR narratives, with a 

specific emphasis on linguistic style as a key indicator, defining it as rhetorical IM.  

Narrative sections within SR are highly discretionary, holding potential for executives 

to build, maintain or change corporate image and reputation, particularly through various IM 

strategies (Fuoli, 2018). These narratives contain personalized messages and business tales 

from top management, addressing key corporate events, achievements and future prospects as 

presented by the corporate leader (Fuoli, 2018). In particular, we build upon prior social 

psychology research that highlights publicity (i.e., probability of one’s behavior being observed 
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by whom and how many) as a key driver of IM (Leary & Kowalski, 1990) and explore the role 

of visibility notions in IM practices within the context of SR. Our investigation differentiates 

between general (related to industry membership) and issue (driven by sustainability 

controversies reflecting unethical and irresponsible business behavior) visibility, both of which 

hold particular relevance in sustainability research (Bowen, 2000; Dawkins & Fraas, 2010). 

Accordingly, we aim to answer the following research question: What is the impact of general 

and issue visibility on the use of IM in SR narratives?  

While several authors argue that increased visibility, and hence scrutiny, makes 

companies less prone to IM (Delmas & Burbano, 2011; Marquis et al., 2016), others suggest 

that companies with higher environmental exposure and institutional pressure -and 

consequently, greater public visibility- are more inclined to engage in IM practices to legitimize 

their violations of environmental regulations and requirements (Meng et al., 2014; Stacchezzini 

et al., 2016). We address these contradictions in the literature in three ways. First, drawing 

upon the socio-political theoretical framework, we argue that general and issue visibility trigger 

different legitimacy-related motives, i.e., maintaining legitimacy or repairing legitimacy, 

which in turn influence the adoption of suitable IM strategies. In other words, the demand for 

legitimacy in corporate behavior leads managers to use IM strategies that match legitimacy-

related requirements. The level of scrutiny for IM is clearly higher for companies operating in 

sensitive industries, where the institutional environment is characterized by stringent 

regulations and governance structures due to their higher business exposure (Aerts & Cormier, 

2009; Bagnoli & Watts, 2017). For companies operating in sensitive industries, using formal 

language strategically and avoiding IM mechanisms are expected to help managers to improve 

accountability and transparency, as well as to maintain legitimacy. Issue visibility driven by 

sustainability controversies, on the other hand, creates a gap between the desired and current 

image of companies through media and news; and thus, disrupts the legitimacy status-quo 
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(Kuruppu et al., 2019). In such cases, managers are forced to respond to this disruption to 

address the spotlight of public attention directed toward companies and develop strategies to 

repair their damaged legitimacy (Kuruppu et al., 2019). As the relationship between general 

visibility and the use of IM strategies is context-dependent and is likely to be based on the 

company’s business exposure and SP, we also assess the effect of the interaction effect of 

industry and controversies on the use of IM.   

 Second, prior studies have predominantly focused on the content-based IM, including 

selective disclosure (Boiral, 2013; Macellari et al., 2021; Marquis et al., 2016) or the SP-

disclosure gap (García-Sánchez et al., 2022; Ruiz-Blanco et al., 2021) and little attention has 

been paid to the style-type, i.e., managers’ use of language. In SR narratives, managers have 

considerable freedom to choose how the content is revealed (Du & Yu, 2020; Sandberg & 

Holmlund, 2015). The discretionary and voluntary nature of corporate narratives can be 

exploited by managers for opportunistic purposes crafting linguistic style (Stacchezzini et al., 

2016; Talbot & Boiral, 2018). Style-based IM can take a variety of forms, using vague or 

ambiguous language, and presenting information in a favorable way. To analyze the linguistic 

style used in SR, we use a sample of 2,139 CEO letters from 384 companies from the EU, the 

UK and the US that published a stand-alone SR between 2010 and 2019. We utilize the three 

summary variables and the cognitive processes variables of Linguistic Inquiry and Word Count 

(LIWC) software, which reveal the functional, affective and cognitive linguistic elements 

encompassed within SR CEO letters. Through factor analysis, we identify rhetorical profiles 

in SR CEO letters. This approach yields three rhetorical profiles: (1) analytic; (2) assertive; 

and (3) defensive. Analytic relates to formal, rational and hierarchical language use 

(Pennebaker et al., 2015; Tay, 2021), which we refer to as no/less IM in SR, while assertive 

and defensive relate to narrative styles that are less technical and less factual, implying sense-

giving (Bolino et al., 2008; Caliskan et al., 2021). Using these, we test our hypotheses using 
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multivariate regression analyses. This approach allows us to take into account different 

linguistic style variables in our rhetorical profiles, while quantitively examining their 

relationship with general and issue visibility. In doing so, our analysis goes beyond the limited 

body of research on rhetorical IM in SR, which predominantly relies on qualitative 

methodologies with small sample size. In our analyses, in addition to financial, sustainability 

and governance control variables, we also implement an unsupervised machine learning 

algorithm to control for sustainability-related content intensity in the discourse, which is a 

novel approach in IM research.  

Finally, another key factor contributing to the contradictions in the literature with 

respect to the drivers of IM is the lack of distinction between sections in SR. This is due to the 

fact that different sections of SR have distinct purposes (Fuoli, 2018). Specifically, SR 

narratives, such as CEO letters, tend to be more promotional in nature and include storytelling 

elements (Marais, 2012). By disregarding this differentiation, previous studies might have 

overlooked the nuanced ways in which CEOs utilize narrative sections to frame information, 

establish connections and respond to stakeholder’s legitimacy concerns. By recognizing SR 

narratives’ promotional nature and examining them through the lens of legitimacy concerns, 

our study seeks to shed light on how managers use language for IM purposes.  

Our findings document that the higher general visibility the more likely companies are 

to use formal language. Specifically, we observe a reduced utilization of IM practices within 

sensitive industries. This indicates that companies in these industries tend to address 

stakeholder expectations regarding accountability and transparency more cautiously, aiming to 

establish a trustworthy reputation and maintain legitimacy given the heightened scrutiny and 

increased litigation risk. However, this remains true only as long as their legitimacy is not under 

threat. The results show that issue visibility increases due to controversies, companies in 

sensitive industries are more likely than their peers from non-sensitive industries to engage in 
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defensive IM strategies. Our findings contribute to understanding the shifts in managerial 

concerns regarding legitimacy due to controversies, leading to changes in narrative style. 

Overall, our results offer valuable insights into the interconnections among visibility, scrutiny 

and concerns about legitimacy, enriching the scholarly discourse within the domain of business 

ethics. 

 The remainder of the paper proceeds as follows: The second part provides a brief 

literature review of SR and IM. In the third part, we introduce visibility notions and develop 

our hypotheses. The methodology used is presented in part four. The fifth part presents our 

research findings (including robustness checks). Finally, in part six, we discuss our findings 

and conclude.  

2. Literature review 

2.1.  SR from a socio-political lens 

While numerous studies have delved into the drivers behind SR practices, prior research shows 

that SR is considered a hybrid disclosure, in which both promotional and informative functions 

can be observed (Fuoli, 2018). The promotional aspects are particularly evident in narratives 

sections that tend to encompass more storytelling elements which are crucial in shaping the 

perception of stakeholders (Aerts & Cormier, 2009; Fuoli, 2018; Marais, 2012). Corporate 

narratives, therefore, help managers control legitimacy and promote a trustworthy company 

image to some extent. Managers utilize these narratives to facilitate communication between 

themselves and readers according to the shared conventions and expectations regarding the 

content and style used in recurring rhetorical situations (Fuoli, 2018). As CEO letters are, for 

example, social narratives between the management and stakeholders, the literature specifically 

examines the role of socio-political motives in shaping companies’ decisions about what to and 

how to disclose sustainability-related information (e.g., Hahn & Lülfs, 2014).  
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Overall, socio-political theories (i.e., legitimacy theory, stakeholder theory, and 

institutional theory) view SR as a means to uphold legitimacy and address external pressures 

(Cho & Patten, 2007; Dawkins & Fraas, 2010; Hahn & Kühnen, 2013). According to 

legitimacy theory, an organization’s existence is dependent on its ability to meet social 

expectations and its actions should therefore be perceived as desirable, proper and appropriate 

within social norms, values and beliefs (Suchman, 1995). Organizational legitimacy can be 

altered either through corporate actions or by influencing perceptions (Aerts & Cormier, 2009; 

Michelon et al., 2015; Ogden & Clarke, 2005). Compared to altering corporate actions, 

influencing perceptions may be a cheaper and easier substitute (Bansal & Kistruck, 2006). SR 

narratives can thus be used as a symbolic legitimacy tool to repair damaged legitimacy or to 

proactively change company image and reputation (Cho & Patten, 2007). From this 

perspective, SR narratives are merely a reaction to external pressures and do not always 

represent the organization’s dedication to sustainability (Talbot & Boiral, 2018), nor is it 

motivated by SP or transparency and accountability concerns (Boiral, 2013; Cho et al., 2010). 

Within the literature diverse legitimacy strategies have been identified (i.e., pragmatic 

legitimacy, moral legitimacy and cognitive legitimacy) (Suchman, 2005). Marais (2012) posits 

that managerial focus predominantly centers on achieving moral legitimacy when 

communicating sustainability efforts. This approach aims to portray the organization as a good 

corporate citizen by employing discourse of goodwill and through invoking emotions and 

affection to seduce the audience. Such emphasis on moral legitimacy stems from the complex 

and diverse array of stakeholders, who may be interested in sustainability-related information. 

Similarly, stakeholder theory suggests that the needs and demands of shareholders cannot be 

met without satisfying the needs of stakeholders, which also implies an ever-increasing demand 

for socially and environmentally sustainable behavior (Michelon & Parbonetti, 2012; Prado‐

Lorenzo et al., 2009). Finally, institutional theory predicts that in order to attain legitimacy, 
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organizations often respond to stakeholder pressures by implementing policies and practices 

that satisfy social expectations but are disconnected from internal operations (DiMaggio & 

Powell, 1983; Meyer & Rowan, 1977). Institutional theory literature emphasizes the role of 

public scrutiny and stakeholder monitoring in pushing organizations to abstain from symbolic 

practices in reporting (Lyon & Maxwell, 2011; Marquis et al., 2016) and align their 

communication with actual operations (Bromley & Powell, 2012; Delmas & Burbano, 2011).  

2.2. Impression Management 

The term IM stems from the social psychology literature and refers to the process by 

which people manage and control the image they display with the intention of changing the 

impression of others to be perceived and evaluated more favorably (Leary & Kowalski, 1990). 

In the context of organizations and corporate reporting, information may be presented in a way 

that affects stakeholder perceptions opportunistically to maintain or improve the corporate 

image (Bozzolan et al., 2015; Diouf & Boiral, 2017; Elsbach, 1994). IM in narrative disclosures 

can be achieved through thematic control (e.g., biased selection of themes, performance 

comparisons or visual presentation) and through style control (e.g., the use of complicated 

language to obfuscate bad news) (Merkl‐Davies & Brennan, 2007). Methodologically, IM in 

narrative disclosures has been studied through examining the relationship between linguistic 

features and organizational performance (Melloni et al., 2016). Based on company 

performance (e.g., SP) managers can adopt assertive (i.e., proactively trying to change 

company image, build legitimacy, reliability and reputational characteristics) and/or defensive 

(i.e., responding to a threat or damage to company image) strategies (Aerts & Yan, 2017; Boiral 

et al., 2020; Yan et al., 2019).  

When company activities and outcomes are desirable, managers tend to adopt IM as an 

assertive strategy in a proactive manner to enhance and emphasize companies’ positive 

outcomes to gain competitive advantage (Aerts & Cormier, 2009; Barkemeyer et al., 2014; 
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Boiral et al., 2020). Assertive IM involves highlighting unique organizational competencies 

and business skills (Boiral et al., 2020; Bolino et al., 2008). Managers using this strategy stress 

the importance, relevance and scope of positive environmental outcomes or actions positing an 

acclaiming and self-confident stance in the message delivered (Aerts & Cormier, 2009; Aerts 

& Yan, 2017). In other words, the aim of assertive IM is to make a positive outcome more 

obvious to the audience and project an impression of organizational success. For example, 

Talbot and Boiral (2018) identify optimistic neutralization techniques (i.e., self-proclaimed 

excellence and promotion of systemic view), which exaggerate the actual commitment to 

sustainability and climate change issues. These strategies are reflected in managers’ use of 

language, where a stronger positive tone, extensive self-referencing, emphatic certainty 

expressions and achievement- and future-related content references are used (Aerts & Yan, 

2017).  

On the other hand, in circumstances that threaten legitimacy, managers employ 

defensive IM strategies (Bolino et al., 2008). In the literature, defensive IM strategies, which 

encompass distractions, apologies, excuses, justifications or self-handicapping, are used as an 

umbrella term for reactive mechanisms (Boiral et al., 2020; Kibler et al., 2021)10. By using 

such techniques, managers can deny any responsibility for negative actions or outcomes, or 

seek to re-establish a positive identity by removing negative perceptions and giving sense to 

the organization’s actions (Caliskan et al., 2021; Tata & Prasad, 2015). They may also prefer 

to withhold or obfuscate unfavorable performance-related information, as it may cause damage 

(Dye, 1985; Fabrizio & Kim, 2019; Verrecchia, 1983). As such, within the academic literature, 

 
10 Drawing upon Tedeschi and Melburg’s (1984) IM framework, we classify IM as assertive versus defensive. In 
our study, we use the framework of Tedeschi and Melburg (1984), as it is well suited for legitimacy theory (Ogden 
& Clarke, 2005) and it facilitates a comprehensive understanding for IM with its diverse subcategories. There are, 
however, different literature streams that define and classify IM in a different manner. Hooghiemstra (2000) 
named these IM strategies as acclaiming and accounting; Bansal and Kistruck (2006) classified IM strategies as 
demonstrative versus illustrative; Elsbach (1994) classified IM strategies as accommodative versus defensive; and 
Higgins and Walker (2012) classified IM strategies as logos, ethos and pathos. 
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a prevailing view is that a poor SP tends to prompt organizations to resort to IM strategies as a 

means of safeguarding their legitimacy. For example, Boiral (2016) and Talbot and Boiral 

(2018) qualitatively investigate IM in SR of mining and energy firms, which are used to 

neutralize and legitimize the possible impacts of companies’ actions on biodiversity and to 

justify or conceal poor SP. Similarly, Hahn and Lülfs (2014) identify six legitimizing strategies 

for reporting negative SP in SR, by conducting a qualitative analysis of 40 SR of companies. 

For defensive IM, managers use more cautious framing and sense-giving devices, such as 

engagement markers (e.g., “consider”, “note that”, “you can see that”) that “project an aura of 

credibility gained by openness” and hedging expressions (e.g., “might”, “perhaps”, “possible”) 

which help creating distance from the message and avoid direct responsibility (Aerts & Yan, 

2017, p. 416; Hyland, 1998). Defensive strategies have been also associated with the remedial 

use of causal language, which helps to portray negative results as understandable and minimize 

management responsibility for them (Zhang & Aerts, 2015). We highlight that both assertive 

or defensive IM strategies are not supposed to be perceived as negative strategies, as they both 

serve self-presentation and information-sharing purposes (Yan et al., 2019). Despite the 

extensive research on IM in SR, prior studies based on small samples are inadequate to explore 

the causal factors for using rhetorical IM strategies in SR in a broad set of industries and 

companies, which have hindered a comprehensive grasp of the phenomenon.  

3. Hypotheses development 

Social psychology research identifies publicity as one of the main drivers of IM (Leary & 

Kowalski, 1990). Higher publicity increases the perceived risk and leads to more concerns 

about how others see one’s behavior (Leary & Kowalski, 1990). This resonates with the notion 

of visibility which is the degree to which something is seen or known by the public. With regard 

to organizations, visibility escalates institutional pressure and public scrutiny over corporate 



95 
 

behavior. As such, it is believed to determine companies’ tendency to symbolism and IM 

(Greenwood et al., 2011). The literature shows that the social and environmental visibility of 

an organization is driven by two sets of factors: (1) general organizational characteristics (i.e., 

general visibility); and (2) organizations’ proximity to a given issue resulting from actual SP 

(i.e., issue visibility) (Bowen, 2000; Dawkins & Fraas, 2010). General visibility has been 

mainly linked to organizations’ size and industry membership (Alonso-Almeida et al., 2015; 

Ruiz-Blanco et al., 2021), and is associated with stringent scrutiny over companies’ strategies 

and disclosures, yet it does not create a legitimacy threat. Disruption in the “legitimacy status-

quo” can be expected as a result of a major sustainability controversy that increases the issue 

visibility of companies.  

3.1. General visibility driven by sensitive industry membership and IM 

Operating in a sensitive industry is one of the initial impressions one may have of a company 

(Aerts & Cormier, 2009). Companies operating in these “dirty” industries, such as oil and gas 

extraction companies, have greater business exposure, that is the degree to which an 

organization affects its environment (Michelon et al., 2013)11. These industries face substantial 

scrutiny from a broad range of stakeholders and are constantly under the spotlight in case of a 

controversial event (Patten, 2002). Prior research shows that to project a more transparent and 

credible image in response to greater scrutiny by a wide range of stakeholders, companies 

operating in sensitive industries tend to disclose higher-quality sustainability-related 

information (Cho & Patten, 2007; Nilipour et al., 2020; Villiers & van Staden, 2011). 

As institutional theory argues, accountability and reporting practices become ritualized 

in a more scrutinized environment, mainly due to coercive isomorphism found in shared 

agreements such as common industry regulations (Larrinaga-González, 2007; Weick, 1995). 

 
11 Prior literature consider materials, oil & gas and utilities as sensitive industries (Cho et al., 2012; García-Meca 
& Martínez-Ferrero, 2021).  
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Managers tend to imitate the decisions of industry leaders that are in the same institutional 

reference groups, to appeal legitimate through using institutional templates (DiMaggio & 

Powell, 1983; Van Caneghem & Aerts, 2011). Such conditions lead to increasingly 

standardized and rationalized practices in organizations, where similar replicable and easily 

defensible narratives can be seen, which result in more rigid explanations (Aerts & Tarca, 

2010). Furthermore, the presence of an evaluative audience may lead to a low-risk disclosure 

attitude in corporate narratives, as well as to follow more injunctive rather than descriptive 

norms in disclosures.  In line with this argumentation, Aerts et al. (2013) document that in 

highly scrutinized institutional environments, managers tend to use technical accounting 

explanations that are based on formal and analytical language and avoid causal expressions, 

which are discretionary and more open to IM. Thus, we argue that industry-level institutional 

settings may enhance the preference for formal and rigid language use with specialized 

terminology and inherent calculative relationships.  

Higher scrutiny, more stringent regulatory conditions and higher litigation risk in 

sensitive industries are found to lead to a more boilerplate language with extensive elaboration 

on firm performance and to discourage managers from using IM strategies (Aerts & Cormier, 

2009; Bagnoli & Watts, 2017; Lyon & Maxwell, 2011). As scrutiny increases the likelihood 

and expected costs of being caught in the attempt to obfuscate or cover up negative outcomes, 

IM strategies can backfire and be perceived as misleading and/or cheap talk (Kim et al., 2004; 

Rogers et al., 2011). Similarly, Marquis et al. (2016) provide empirical evidence that 

companies causing higher environmental damage are less likely to selective disclosure if they 

are subject to increased monitoring by civil society organizations. In such case, being 

transparent and proactive help maintain legitimacy (Kuruppu et al., 2019). Thus, it is expected 

that managers of companies that operate in sensitive industries will curb their tendency to use 

both assertive and defensive IM strategies to avoid litigation risks.  
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In contrast, in non-sensitive industries companies may stay under the radar. Crilly et al. 

(2012, p. 1436) argue that companies in non-sensitive industries offer high potential for 

information asymmetry and can easily build smokescreens around their internal practices. 

Less stringent regulations and less public scrutiny leave companies operating in non-sensitive 

industries in a more discretionary environment. We, therefore, predict that general visibility 

will deter companies from sensitive industries from pursuing (both assertive and defensive) IM 

strategies and enhance the use of formal language12:  

H1a: General visibility driven by sensitive industry membership is positively associated with 

the use of more formal language.  

H1b: General visibility driven by sensitive industry membership is negatively associated with 

the use of rhetorical IM. 

3.2.  Issue visibility driven by sustainability controversies and IM 

The issue visibility of an organization is driven by the company’s ESG performance. 

Corporate controversies, defined as publicly observable events that are expected to have 

negative implications on the firm (Del Giudice & Rigamonti, 2020, p.2), attract media attention 

and create a gap in the organizational image, jeopardizing the firm’s legitimacy and value 

(DasGupta, 2021; Elsbach & Sutton, 1992). As the discrepancy between the desired and current 

image of companies increases, managers tend to get more motivated to use IM strategies (Leary 

& Kowalski, 1990). Due to the escalating prevalence of adverse corporate incidents in the form 

of corporate controversies, legitimacy techniques may be utilized to repair and restore the 

damaged legitimacy (O’Donovan, 2002). For example, prior research identified 

 
12 While previous literature frequently cites size as a proxy for general organizational visibility, this approach has 
an inherent weakness (Bowen, 2000). Larger companies may not only be more visible but may also have more 
resources to allocate towards sustainability and reporting. Accordingly, authors propose an alternative perspective, 
suggesting that industry membership could serve as a viable measure to assess general visibility (Patten, 1991; 
Reverte, 2009; Ruiz-Blanco et al., 2021).  
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communicative legitimization and neutralization strategies that organizations follow when 

disclosing negative sustainability outcomes (e.g., Boiral, 2016; Hahn & Lülfs, 2014). These 

strategies are linked to IM, which helps managers disassociate themselves from negative 

sustainability-related events through denying responsibility for negative outcomes or 

rationalizing and legitimizing ethically questionable behaviors (Hahn & Lülfs, 2013).  

Issue visibility has been associated with sustainability-related incidents or controversies 

that attract high levels of negative media attention (Hooghiemstra, 2000). Poor performance 

outcomes, such as corporate controversies that are reflected in media and news (e.g., the BP 

oil spill in the Gulf of Mexico) can create a challenging environment to use an assertive style 

and trigger defensive IM behavior. Hence, such controversies may restrict managers from 

proactively disclosing positive activities and outcomes, as the companies’ SP is not desirable 

and threatens legitimacy due to more political and social pressures. Instead, controversies 

would lead managers to adopt defensive IM strategies to justify actions or obfuscate poor SP-

related outcomes. On the other hand, in case of no controversy, managers have a greater space 

to proactively emphasize the positive activities and outcomes to gain competitive advantage 

and to create a desired image. Thus, we propose the following hypotheses: 

H2a: Issue visibility driven by sustainability controversies is positively associated with 

defensive IM.  

H2b: Issue visibility driven by sustainability controversies is negatively associated with 

assertive IM.  

 Once controversial events occur for companies (across both sensitive and non-sensitive 

industries), corporate scandals spread quickly through the media, potentially leading to long-

term reputational and financial harm (Aouadi & Marsat, 2018; Del Giudice & Rigamonti, 
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2020)13. In the presence of a controversy, companies exhibit a decreased level of cautiousness 

for accountancy and transparency and adopt strategies to repair their legitimacy as a response 

to the threat and heightened visibility given that stakeholders demand efforts and 

communication about resolving the occurred controversies and disrupted legitimacy status-quo 

(Kuruppu et al., 2019). As such, despite the diminishing effects of higher scrutiny and stringent 

regulatory conditions of sensitive industries on the use of IM, controversies can force 

companies across all industries to shift their strategic narratives and messaging mainly due to 

increased legitimacy concerns. This is also in line with prior research which demonstrates the 

use of legitimization strategies for negative incidents among sensitive industries (e.g., 

chemical, oil and gas) (Hahn & Lülfs, 2014; Talbot & Boiral; 2015). Consequently, the 

relationship between general visibility and IM is expected to be altered because of the effect of 

issue visibility led by controversies. Moreover, given the challenges managers face in 

highlighting any favorable results related to their sustainability initiatives during times of 

controversies, our projection is that issue visibility will amplify the resistance of sensitive 

industry members to use an assertive style. As reported by Rogers et al. (2011), overly 

optimistic language (as in assertiveness) can increase litigation risk under such circumstances. 

Thus, we expect that: 

H3a: The negative relationship between general visibility and defensive IM is positively 

moderated by issue visibility.  

H3b: The negative relationship between general visibility and assertive IM is negatively 

moderated by issue visibility.   

 
13 Both Aouadi and Marsat (2018) and Del Giudice and Rigamonti (2020) show that controversies can occur all 
across industries, i.e., in both sensitive and non-sensitive.  
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4. Methodology 

To study rhetorical IM in SR, we employ a three-step methodological approach. First, we 

conduct an automated text analysis to examine the linguistic style used in CEO letters in SR. 

CEO letters are used as an important communication channel between managers and 

stakeholders (Amernic & Craig, 2007). Through CEO letters, managers aim to convince 

stakeholders regarding a company’s legitimacy and improve confidence in the organization 

(Fuoli, 2018; Jonäll & Rimmel, 2010). CEO letters have been widely used in prior IM research, 

as they are highly discretionary vehicles and subject to IM (e.g., Barkemeyer et al., 2014; 

Bozzolan et al., 2015; Im et al., 2021;  Caliskan et al., 2021). Second, we conduct a factor 

analysis to reveal co-occurrence patterns among linguistic markers derived from the previous 

step to identify IM strategies used in SR. Finally, we test our hypotheses with the proposed 

empirical models. 

4.1.  Sample selection and data collection 

The sample selection process was conducted in two steps. We select listed companies 

from the EU, the UK and the US that published a stand-alone SR for the fiscal year 2016 

according to the Refinitiv (Thomson Reuters’Asset4ESG) database. We extend the time frame 

for the same companies from 2010 to 2019 and manually collect the reports in PDF from their 

websites, corporate register (corporateregister.com), and GRI global reporting 

(globalreporting.org) databases. We do not include companies that operate in the healthcare, 

financials, real estate, government activities, and academic and educational services sectors; 

companies that do not publish their reports in English; companies that use integrated reporting; 

SR that do not include CEO letters; SR that are protected and cannot be processed; and CEO 

letters counting fewer than 350 words14 in length. We manually processed CEO letters in SR 

 
14The Receptiviti API generates scores on language using different measures, such as personality, emotions or 
cognition. In creating measures, the Receptiviti API uses samples that exceed 350 words for baselining its 
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in accordance with prior research (Clarkson et al., 2008; Cong et al., 2014; Fehre & Weber, 

2016; Na et al., 2020), and excluded CEO letters that do not contain sustainability-related 

information. This selection process yielded a sample of 2,139 CEO letters from 384 companies 

that we later use in factor analysis to create rhetoric variables. Table 1 shows our selection 

criteria.   

Table 1: Selection criteria     
      

Step 1: Criteria of selection of companies 
Excluded 

amount 
Remaining number of 

companies 
      
SR 2016 - 2,649 
Country of headquarters – Europe, US, 
UK (1,386) 1,263 
Excluding non-EU (85) 1,178 
Excluding healthcare, financials and real-
estate sectors (293) 885 
Excluding companies with missing 
financial or sustainability data on the 
database (306) 579 
Manual download of SR (171) 408 
      

Step 2: Criteria for CEO letter selection 
Excluded 

amount 
Remaining number of CEO 

letters for 10 years 
Expected number of SR CEO letters in 10 
years - 4,080 
Excluding integrated reporting formats (474) 3,607 
Excluding SR with no CEO letters (390) 3,217 
Excluding SR with no CEO letters in 
English (16) 3,201 
Excluding CEO letters with less than 350 
words (704) 2,496 
Excluding SR CEO letter not able to 
process (e.g., secured pdf files) (76) 2,420 
Excluding SR CEO letter with no 
sustainability information (281) 2,139 
    (from 384 companies) 
Step 3: Matching Refinitiv and 
Bloomberg data     
  - 2,139 
Excluding companies that do not match 
with Bloomberg data (334) 1,805 

 
measures (https://docs.receptiviti.com/). Based on this, we impose minimum word limits for our investigation, 
that is documents that have less than 350 words are too short to be interpreted for our analysis.  

https://docs.receptiviti.com/
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   Matching CEO letters 

  
1,805 

(from 345 companies) 
      

 

 We combined the sample of CEO letters with data we needed for explanatory and 

control variables derived from Refinitiv and Bloomberg and excluded observations with 

missing data. The final sample used in the multivariate analyses consists of 1,805 CEO letters 

from 345 companies headquartered in 18 countries. Table 2 presents the final sample summary 

statistics with respect to distribution by year, country, region, and industry.  
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4.2. Linguistic analysis  

To examine the linguistic style used in CEO letters, we use LIWC, which is based on 

strong empirical evidence that language can provide rich insights into people’s psychological 

states, including emotions, thinking styles, and social concerns (Boyd et al., 2022). This 

software has been extensively tested in numerous social psychology studies (Tausczik & 

Pennebaker, 2010) and has also been used in corporate reporting context (e.g., Aerts & Yan, 

2017; Merkl-Davies & Brennan, 2017). We use LIWC-22 to reveal the functional, affective 

and cognitive linguistic components of CEO letters in SR. We employ the three summary 

psychosocial variables of LIWC: (1) analytical thinking; (2) clout; and (3) emotional tone. In 

addition to these, we use the cognitive processes variable.  

The three summary variables are composite measures derived from previously 

published findings from Pennebaker Language Lab and converted to percentiles based on 

standardized scores from large comparison samples (Boyd et al., 2022). Each of the variables 

is transformed into a scale from 1 to 100, and they are mainly based on function words. 

Function words have been found to be reliable markers of psychological states, revealing how 

people are thinking (Pennebaker et al., 2014). For example, high use of single-person or 

second/third-person pronouns have been associated with self- or other-focus, respectively; 

auxiliary verbs with the use of passive language; articles with formal and structured style of 

writing; and conjunctions with cognitive complexity (Aerts & Yan, 2017; Hyland, 2005; 

Pennebaker et al., 2007). The analytical thinking variable captures “the degree to which people 

use words that suggest formal, logical and hierarchical thinking patterns” (Pennebaker et al., 

2015; Tay, 2021). The lexical categories of higher analytical thinking score include articles, 

prepositions which reflect a more technical language; while a lower score includes pronouns, 

auxiliary verbs, conjunctions and adverbs which reflect a more informal and personal language 

(Pennebaker et al., 2015; Tay, 2021). Clout variable refers to the relative social status, 
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confidence, or leadership that people display through their language (Boyd et al., 2022). A 

higher clout score is measured by 1st person plural (we) and second-person pronouns (you), 

which reflects confident, credible and collectively-oriented language; while a lower clout score 

is measured by tentative words (e.g., maybe, perhaps) reflecting tentativeness, humble and 

anxious language (Kacewicz et al., 2014; Pennebaker et al., 2015; Tay, 2021). Finally, 

emotional tone variable puts positive tone and negative tone dimensions into a single variable 

(Cohn et al., 2014). The higher the score, the more positive the tone is. Tone as a measure of 

text sentiment has been widely used as a proxy of disclosure balance in SR (Cho et al., 2010; 

Muslu et al., 2019). Table 3 summarizes the indicators of analytical thinking, clout, and 

emotional tone, their directions and example words. 

Table 3: LIWC summary variables and their indicators  
Summary 
variable 

Direction of effect Indicator Examples of words 

Analytic 
thinking 

+ Article, preposition A, an, the, of, in, for 

- Pronouns, auxiliary verbs, 
adverbs, conjunctions, negations 

I, it, be, have, just, about, but 

Clout + First plural and second person 
pronouns, positive tone words 

We, you, they, good, well, new 

- First singular pronouns, tentative I, if, or, maybe, perhaps 

Emotional 
tone 

+ Positive tone words Good, well, new, happy, love 

 - Negative tone words Bad, wrong, much, hate 

Sources : (Boyd et al., 2022 ; Cohn et al., 2004 ; Kacewicz et al., 2014 ; Pennebaker et al., 2014) 

 

Cognitive processes is a composite variable that includes markers of cognitive 

complexity such as insight words, causation words, discrepancy words, tentative words, 

certitude words and differentiation words. Cognitive processes words signal thought, causality 

and insight, and are used in situations, when people wish to transmit facts, reconstruct events 

and provide explanations for them (Brownlow et al., 2020, pp. 11-12). As such, they were 

found to be used in accounting narratives for sense-giving purposes (Aerts & Yan, 2017; 

Merkl‐Davies & Brennan, 2007), which relate to both justifications and explanations, as one 
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way of defensive IM strategies (Boiral et al., 2020). The variable is expressed as a percentage 

of the total words used in any given language sample. Table 4 presents components of the 

cognitive processes variable with their most frequently used exemplars. 

Table 4: Components of the cognitive processes variable  
Cognitive processes 

Component variable Function Example words      
Insight Engagement marker Know, how, think, feel 

Causation  Causal reasoning How, because, make, why 

Discrepancy Directive language Would, can, want, could 

Tentative Linguistic hedging  If, or, maybe, perhaps 

Certitude Boosters Really, actually, of course, real 

Differentiation Exclusion words But, not, if, or 

Source: (Boyd et al., 2022) 

 

4.3. Factor analysis 

We follow prior literature (Aerts & Yan, 2017; Pennebaker et al., 2014) and use LIWC-

derived variables as inputs to factor analysis to identify salient linguistic structures in written 

texts. The identified constructs serve further as our test variables. Hence, we employ principal 

component factor analysis with varimax orthogonal rotation. Table 5 shows the variables and 

their respective factor loadings.  

 

Table 5: Factor analysis on linguistic markers (N=2,139) 

Variable Factor 1 Factor 2 

Factor loading (orthogonal varimax)   
Analytic thinking -0.438 -0.718 
Emotional tone 0.833 -0.053 
Clout 0.846 0.142 
Cognitive processes -0.098 0.893 

 

The analysis led to the identification of two uncorrelated factors with eigenvalues 

greater than 1.0, which cumulatively explain 72% of the overall variance. They group the 
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stylistic and content characteristics that tend to co-occur in CEO letters in SR, revealing the 

main rhetorical profiles in our sample. We use a cut-off of 0.20 for interpretation purposes and 

label the factors as follows: assertive (Factor 1) and defensive (Factor 2).  

 Both factors have negative loadings on analytic thinking. This provides strong support 

that analytic indicates a more formal and analytical style with minimal audience engagement, 

while identified factors represent highly narrative, less technical and less factual writing styles. 

Factor 1 is based on positive emotional tone and clout, highlighting social connections and 

accomplishments with the use of optimistic narratives, as we refer to as assertive. Factor 2 is 

balanced communication (e.g., neutral loading of emotional tone) with high use of cognitive 

processes markers that cautiously provide explanation and meaning to organizational 

outcomes, as we refer to as defensive. Within Factor 2, the loadings suggest that this style 

provides complex meanings, justifications and explanations for organizational events while 

avoiding strong emotional bias.  

To ensure accurate factor labeling and strengthening the robustness of our conclusions, 

we additionally accounted for the correlations between the factor variables and linguistic style 

and content variables on LIWC-22 (Table 6). Analytic is highly correlated with articles (r = 

.517) and prepositions (r = .423), which connotate conceptual signaling and relationships 

within language; conversely a lower prevalence of articles and prepositions tends to indicate a 

more narrative language style (Jordan et al., 2019). Additionally, analytic features a negative 

correlation with personal pronouns (r = -.657), suggesting a formal language style with minimal 

audience engagement. Numbers, positively correlated with analytic (r = .219) and negatively 

correlated with assertive and defensive (r = -.211; r = -.275, respectively), indicate a factual 

and hard disclosure style. Furthermore, allure, a group of words that is used in advertisements 

and persuasive communications, auxiliary verbs, conjunctions and adverbs demonstrate a 

negative correlation with analytic (r = -.443, r = -.534; r = -.373; r = -.496, respectively), which 
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indicates a less narrative and storytelling language (Boyd et al., 2022; Tausczik & Pennebaker, 

2010; Pennebaker et al., 2014).   

Conversely, assertive features a negative correlation with articles and prepositions (r = 

-.505; r = -.052) and positive correlation with personal pronouns (r = .695), indicating a more 

involved and personalized and narrative communication approach. Assertive tendencies also 

associate significantly with affiliation (r = .754), achievement (r = .458) and positive tone (r = 

.777), reflecting a language style that highlights social connections and accomplishments. 

Moreover, assertive displays positive correlations with sustainability-related words, i.e., 

human rights, employee, social community, environment (Pencle & Malaescu, 2016) (r = .296; 

r = .325; r = .309; r = .109, respectively) and allure (r = .351), suggesting a tendency to present 

optimistic narratives as in advertisements in discussing these aspects.  

On the other hand, defensive exhibits negative correlations with linguistic markers like 

articles (r = -.176) and prepositions (r = -.142), and displays positive correlations with personal 

pronouns (r = .309), suggesting a more narrative style similar to assertive. Unlike assertive, 

however, defensive style is neutral in tone, showing no significant correlations with positive or 

negative tone or emotions. It also shows positive correlations with auxiliary verbs, 

conjunctions, adverbs and allure (r = .601; r = .304; r = .554; r = .389, respectively). Among 

these variables only conjunctions are significantly correlated with assertive (r = .286). This 

indicates that storytelling and a narrative language style is stronger in defensive style (Tay, 

2021). Furthermore, defensive correlates significantly with negation words, verbs, cognitive 

processes words and need and want states (r = .472; r = .670; r = .886; r = .252; r = .251, 

respectively), which indicates that this style includes descriptions related to a past events, self-

evaluation, i.e., ex-post disclosure, as well as actions that are required for a better performance, 

i.e., ex-ante disclosure (Akstinaite et al., 2020; Boyd et al., 2022; Tausczik & Pennebaker, 

2010).  
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In acknowledging the diverse interpretations and classifications within the field of IM, 

it is imperative to note that the terms “assertive” and “defensive” encompass a broad spectrum 

of subcategories in the literature, including enhancements, entitlements, excuses and 

justifications (Tedeschi & Melburg, 1984). In our investigation, as indicated by the correlations 

observed, the assertive category is notably associated with what might be considered as 

enhancements, portraying an overly optimistic perspective, while the defensive category aligns 

more with justifications or the act of sensemaking and rationalizing the communicated content. 

It is crucial to emphasize that our characterization of analytic, assertive and defensive factors 

is specific and tailored to this context of SR, potentially holding nuanced differences from IM 

descriptions within traditional FR narratives. The complexity of sustainability information, 

being multidimensional and predominantly qualitative in nature, as opposed to financial 

information, allows the creation of diverse sustainability narratives. 
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4.4.  Empirical models 

To test our hypotheses, we employ the following regression model (full model): 

Rhetorical style = f(INDsen, ESGcontro, INDsen X ESGcontr, controls) 

Our dependent variable represents three different rhetorical styles. First, we use 

analytical thinking variable, that is negatively loaded in the factor analysis for assertive and 

defensive factors, which indicates formal language use or less/no IM. The other two dependent 

variables are derived from our factor analysis: (1) assertive (Factor 1); and (2) defensive (Factor 

2). These two variables correspond to writing styles that are predominantly narrative and 

include storytelling and IM elements.  

The first variable of interest (INDsen), being a dummy variable that indicates a 

company’s membership in sensitive industries, captures general visibility (H1 and H3). In 

defining the variable, we follow prior literature (Cho et al., 2012; García-Meca & Martínez-

Ferrero, 2021) and consider Materials, Oil & Gas and Utilities as sensitive industries (dummy 

variable is coded one for those industries)15. The second variable of interest (ESGcontro) is the 

ESG controversies score as a proxy for issue visibility (H2 and H3). The score is calculated by 

Refinitiv based on 23 ESG controversy topics and is captured from global media (third-party 

sourced information) that materially impact the corporations. The score allows comparison 

across industries and resolves the market cap bias, which large companies suffer from, as they 

attract more media attention than smaller companies through adjusting and normalizing scores 

based on company size and industry (Shakil, 2021; Vasilescu & Wisniewski, 2020). The 

controversies score is expressed as a percentage rank, where a higher score implies fewer 

controversies. For a more straightforward interpretation, we reverse code the controversies 

 
15 We acknowledge that all companies in all industrial sectors can conduct activities with potential implications 
for the environment and society. Our selection of “dirty industries”, however, include the industries with the 
highest business exposure.  
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score (i.e., companies with controversies is equal to 1; and no controversies is equal to 0). To 

test the industry moderation effect (H3) we include the interaction term between INDsen and 

ESGcontro. 

Our models also include a number of control variables. First, we acknowledge the 

distinction between corporate responsibility, positive social and environmental performance 

and irresponsibility reflected by controversies (Riera & Iborra, 2017; Strike et al., 2006). As 

they can co-occur (companies can be responsible and irresponsible at the same time), 

potentially having different effects on corporate disclosure behavior (Dawkins & Fraas, 2010; 

Meng et al., 2014), including rhetoric found in SR CEO letters, we control for environmental 

and social performance. In doing so, we use the mean of Refinitiv’s environmental and social 

scores (EnvSoc), following prior literature (e.g., Ioannou & Serafeim, 2012; Michelon et al., 

2015). Furthermore, we acknowledge that language is not an independent stylistic device but 

is also related to the discourse in the text (Hyland, 1998) and IM practices may change in 

different sustainability pillars as indicated in prior literature for selective disclosure 

(Roszkowska-Menkes et al., 2024). Hence, we control for the content of the CEO letter. We 

account for that by identifying discourses present in the examined documents through 

employing topic modeling based on the latent Dirichlet allocation (LDA) (a detailed 

explanation of the procedure can be found in Appendix 1). This approach allows us to control 

for sustainability-related content intensity and business strategic-case-related content intensity. 

As the discourses represent probability and their sum equals one, there is a perfect inverse 

correlation (-1.0) between them. Thus, we use only one of the variables (strategic business 

case-related content intensity), namely StratDis, as a control in our regression models. To 

control for organizational characteristics and corporate governance mechanisms that may 

influence IM behavior, we use GRI dummy variable indicating whether the company follows 

the GRI standards/guidelines in its disclosure process (Chelli et al., 2018); assurance dummy 
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variable (ASSU) indicating whether company’s report was subject to independent assurance 

(Braam et al., 2016); corporate governance variables including CSR committee (CSRcom) 

(Amran et al., 2014), percentage of female directors on board (BRDwmn) (Ben-Amar et al., 

2017), board size (BRDsize), percentage of independent board directors (BRDind) (Frias-

Aceituno et al., 2014) and CEO duality (CEOdual) (Helfaya & Moussa, 2017). As firm-level 

financial controls, we use ROA as a proxy of a company’s profitability, and the natural 

logarithm of total assets as an indicator of the company’s size (Size). Additionally, we add 

dummy variables to control for the region (UK and US), where the company is headquartered, 

since previous studies have found that rhetorical IM is influenced by the country-level 

institutional environment (Aerts & Yan, 2017; Jackson & Apostolakou, 2010). This allows us 

to control for the regional-level institutional settings, that may play a significant role shaping 

IM practices. As Matten and Moon (2008) argue, companies tend to adapt their CSR practices 

according to the implicit or explicit CSR institutional environment. We also control for the 

time trend including year dummies in the model. Table 7 summarizes our variables. 

Table 7: Description of variables  
Main 

variables Definition Source 

Analytic LIWC’s summary measure of analytic thinking in writing – normalized 
to 0-1 range. LIWC 

Assertive 
Factor 1 derived from a factor analysis (Section 4.3), capturing assertive 
style in writing – normalized to 0 -1 range. 

LIWC 

(factor analysis) 

Defensive 
Factor 2 derived from a factor analysis (Section 4.3), capturing defensive 
style in writing – normalized to 0 -1 range.  

LIWC 

(factor analysis) 

INDsen Dummy variable that takes value 1 if the company operates in sensitive 
industry (materials, oil&gas, utilities) and 0 otherwise Bloomberg 

ESGcontro Refinitiv’s ESG controversies score – reverse coded and normalized to 0 
-1 range.  Refinitiv 

Control variables  

EnvSoc Company-year mean of Refinitiv’s environmental and social scores. 
Scores range from 0 to 100. Refinitiv 

StratDis Intensity of strategic business case-related content in the CEO letter – 
normalized to 0 -1 range. 

Topic modeling 
(Appendix 1) 

GRI Dummy variable that takes value 1 if the company reports in accordance 
with GRI guidelines/standards and 0 otherwise. Bloomberg 
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ASSU Dummy variable that takes value 1 if the companies’ SR was subject of 
independent assurance and 0 otherwise. Bloomberg 

CSRcom 
Dummy variable that takes value 1 if the company has a CSR or 
sustainability committee at the board level and 0 otherwise 
 

Bloomberg 

BRDwmn The percentage of female directors to the total board membership. Bloomberg 
BRDsize Number of full time directors on the company’s board. Bloomberg 
BRDind The percentage of independent directors to the total board membership. Bloomberg 

CEOdual Dummy variable that takes value 1 if the CEO is also Chairman of the 
Board and 0 if the two roles are separate. Bloomberg 

ROA Return on assets. Bloomberg 
Size Natural logarithm of total assets. Bloomberg 

UK Dummy variable that takes value 1 if the company is headquartered in 
the UK and 0 otherwise Bloomberg 

US Dummy variable that takes value 1 if the company is headquartered in 
the US and 0 otherwise Bloomberg 

 
The hypotheses are tested using random effects models that allow us to estimate the 

effects of our time-invariant variable of interest (INDsen). The choice of the model was 

supported by the results of the Mundlak tests (Mundlak, 1978). For assertive, and defensive as 

explained variables tests showed: Chi-squared(12) = 18.01, Prob > Chi-squared = .113; Chi-

squared(13) = 20.91, Prob > Chi-squared = .052, respectively. These results indicate that there 

is no correlation between time-invariant unobservables and regressors, hence we reject the null 

hypotheses and conclude that the random effects models apply. 

5. Results 

5.1.  Descriptive statistics 

Table 8 provides descriptive statistics to present the overall characteristics of the companies 

included in the sample. 38% of our observations come from sensitive industries. The mean 

value for the ESG controversy score is noted at 0.22. While the majority (76%) of the analyzed 

documents were prepared according to GRI standards/guidelines, merely half of them were 

subject to independent assurance. With regard to corporate governance practices, the majority 

of the sample companies have CSR/sustainability committees at the board level, as well as 

CEO and Chairman of the Board separation. The sample companies reveal variation in terms 
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of board size (with a mean at the level of 11 members), independence (with 75% of independent 

directors on average) and board gender diversity (with merely 23% of women on boards on 

average). Performance statistics reveal a mean value for EnvSoc at the level of 66.43 and ROA 

of 5.51. The sample companies are quite similar though with respect to size, with a mean and 

standard deviation of company size at the level of 23.44 and 1.44, respectively16. Variance 

inflation factors (VIF) for the dataset consistently fall below the widely accepted threshold 

(<10) (Hair et al., 2010), indicating the absence of any significant multicollinearity issues.   

Table 8: Descriptive statistics (2010-2019) 

Variable Obs.17 Mean S.D. Min. Max. VIF 

Analytic  2,139 0.80 0.12 0 1  

Assertive  2,139 0.74 0.15 0 1  

Defensive  2,139 0.35 0.13 0 1  

INDsen  1,805 0.38 0.48 0 1 1.65 

ESGcontro  1,805 0.22 0.32 0 1 2.06 

EnvSoc  1,805 66.43 16.85 0.13 96.09 1.71 

StratDis  2,139 0.26 0.26 0 1 1.99 

GRI  1,805 0.76 0.43 0 1 1.28 

ASSU  1,805 0.52 0.50 0 1 1.51 

CSRcom  1,805 0.89 0.32 0 1 1.18 

BRDwmn 1,805 23.04 11.45 0 70 1.32 

BRDsize  1,805 11.06 2.63 3 21 1.56 

BRDind  1,805 74.96 19.32 0 100 1.99 

CEOdual  1,805 0.33 0.47 0 1 1.32 

ROA  1,805 5.51 7.17 -39.60 97.60 1.14 

Size  1,805 23.44 1.44 19.65 27.03 2.24 
 

Table 9 presents a correlation matrix. We note that membership in sensitive industries 

(INDsen) is negatively correlated with the two identified narrative styles (being assertive and 

defensive), while positively correlated with analytical thinking (Analytic), which provides 

 
16 The sample exhibits a bias towards larger firms, resulting in limited variation in terms of firm size. This 
observation serves as a supplementary argument to not to use firm size as a proxy for general visibility.  
17 To ensure a more robust factor analysis, we retained the maximum amount of data comprising SR CEO letters: 
2,139 observations. Upon including variables from Bloomberg and Refinitiv, the number of observations decrease 
to 1,805 that we later use for our regression analyses.  
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initial support for our hypotheses (H1a and H1b). Correlation analysis also indicates that our 

issue visibility variable (ESGcontro) is positively correlated with assertive and defensive 

narrative styles. These results provide support for our expectation regarding the prominence of 

defensive IM (H2a), yet it cannot support our hypothesis on the relationship between issue 

visibility driven by sustainability controversies and assertive IM (H2b). The correlations 

among our independent variables do not indicate multicollinearity, revealing the highest 

correlation to be between assertive and strategic business case content intensity (StratDis) (r = 

-.430). 
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Table 9: Correlation matrix  
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5.2. Multivariate analysis 

The results based on the empirical model are reported in Table 10. 

Table 10: Regression results             
  (1) (2) (3) (4) (5) (6) 
VARIABLES Analytic Assertive Defensive Analytic Assertive Defensive 
              
INDsen (H1) 0.0252** -0.0376*** -0.0188* 0.0308*** -0.0371*** -0.0280** 
  (0.0098) (0.0118) (0.0103) (0.0105) (0.0125) (0.0112) 
ESGcontro (H2) -0.0191** -0.0056 0.0261** -0.0085 -0.0046 0.0089 
  (0.0095) (0.0102) (0.0106) (0.0118) (0.0128) (0.0132) 
INDsen x ESGcontro (H3)       -0.0277 -0.00263 0.0453** 
        (0.0185) (0.0202) (0.0206) 
EnvSoc 0.0000 0.0002 0.0001 0.000 0.0002 0.0002 
  (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) 
StratDis -0.2380*** -0.1820*** 0.4320*** -0.2370*** -0.1810*** 0.4310*** 
  (0.0333) (0.0367) (0.0368) (0.0333) (0.0368) (0.0368) 
GRI -0.0097 0.0165* -0.0026 -0.0100 0.0164* -0.0021 
  (0.0078) (0.0086) (0.0087) (0.0078) (0.0086) (0.0087) 
ASSUR 0.0153** -0.0171** -0.0072 0.0160** -0.0170** -0.0083 
  (0.0073) (0.0081) (0.0081) (0.0073) (0.0081) (0.0081) 
CSRcom 0.0069 -0.0190* -0.0003 0.0076 -0.0189* -0.0013 
  (0.0101) (0.0111) (0.0111) (0.0101) (0.0112) (0.0111) 
BRDwmn -0.0005* 0.000 0.0008** -0.0005* 0.0000 0.0008** 
  (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) 
BRDsize 0.00230* -0.0052*** -0.0025 0.0028* -0.0053*** -0.0023 
  (0.0015) (0.0017) (0.0017) (0.0015) (0.0017) (0.0016) 
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BRDind -0.0004 0.0002 0.0003 -0.0004 0.0002 0.0003 
  (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) 
CEOdual 0.0028 -0.007 -0.0030 0.0029 -0.0069 -0.0031 
  (0.0080) (0.0089) (0.0088) (0.0080) (0.0089) (0.0088) 
ROA -0.0004 0.0010** 0.0000 -0.0004 0.0010** 0.000 
  (0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (0.0004) 
Size -0.0028 0.0014 0.0036 -0.0028 0.0013 0.0037 
  (0.0041) (0.0046) (0.0043) (0.0039) (0.0047) (0.0043) 
UK -0.0939*** 0.0371** 0.0896*** -0.0939*** 0.0371** 0.0896*** 
  (0.0145) (0.0174) (0.0153) (0.0145) (0.0174) (0.0153) 
US -0.1120*** 0.0980*** 0.0852*** -0.1130*** 0.0980*** 0.0864*** 
  (0.0144) (0.0167) (0.0154) (0.0144) (0.0167) (0.0154) 
              
Year dummies Included Included Included Included Included Included 
              
Constant 0.9600*** 0.724*** 0.144* 0.961*** 0.725*** 0.143 
  (0.0822) (0.0966) (0.0875) (0.0822) (0.0967) (0.0876) 
              
Within R2 0.04 0.03 0.08 0.05 0.03 0.08 
Between R2 0.22 0.31 0.18 0.22 0.31 0.18 
Overall R2 0.14 0.28 0.14 0.15 0.28 0.14 
              
Observations 1,805 1,805 1,805 1,805 1,805 1,805 
Number of companies 345 345 345 345 345 345 
Standard errors in parentheses             
*** p<0.01, ** p<0.05, * p<0.1             
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In the first three models, we test the direct relationship (i.e., main effect) between our dependent 

and test variables (excluding the interaction term between INDsen and ESGcontro). Model (1) 

having analytic as the dependent shows that, in line with our expectations (H1a), companies 

operating in sensitive industries disclose more formal SR CEO letters (i.e., significantly positive 

coefficient for INDsen). With regard to IM, we find a significantly negative relationship 

between sensitive industry membership (INDsen) and both the assertive (Model (2)) and 

defensive (Model (3)) styles. For defensive, however, the association is only marginally 

significant (i.e., at the 10% significance level). As the level of significance for sensitive industry 

membership is different for assertive (b = -0.0376, p < 0.01) and defensive styles (b = -0.0188, 

p < 0.1), we assume that it could indicate that the effect of general visibility for assertive is 

stronger than for defensive. Hence, we test for the significance of the difference between those 

two coefficients, which proved to be statistically significant at 10% level. Overall, these results 

provide support for our hypothesis (H1b). We further note a significantly positive relationship 

between ESG controversies (ESGcontro) and defensive style in SR CEO letters (Model (3)), 

providing support for H2a. H2b is, however, not supported, as we observe no significant 

relationship between ESG controversies score and assertive (Model (2)).  

In Models (4) up to (6) we then add the interaction term between INDsen and ESGcontro 

to test the hypotheses regarding the moderating effect (H3a and H3b). The results indicate a 

significantly positive interaction effect for the defensive IM style (Model (6)), that supports our 

H3a. The lack of statistically significant coefficient on ESGcontro in Model 6 suggests that it 

is companies from sensitive industries that are more prone to resort to defensive IM when 

controversies arise. Figure 1 depicts that when controversies reach a very high level the 

relationship between sensitive industries and defensive IM becomes slightly positive. We find 

no statistically significant interaction effect in Model (4), nor Model (5) (H3b was not 

supported).   
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Regarding our control variables, our results show the negative effect of strategic 

business case content intensity on the use of analytic and assertive styles (b = -.237 and b = -

.181, p < 0.01) and positive effect on the defensive style (b = .431, p < 0.01). The positive 

effect on the defensive style could stem from the increased emphasis on justifications and 

sensemaking within the strategic content, aligning with the nature of defensive IM. In addition, 

our results show that independent assurance of SR has a positive effect on the use of formal 

and analytical language (b = .016, p < 0.05) while constraining the use of assertive style (b = -

.017, p < 0.05) among with board size (b = -.005, p < 0.01) and CSR committee (b = -.018, p 

< 0.1). Finally, both region dummies (UK and US) move in the same direction in comparison 

with the EU institutional setting, that is both UK and US negatively affect the use of analytic 

style (b = -.094; b = -.113, p < 0.01); while positively affect the use of both assertive (b = .037; 

b = .098, p < 0.05) and defensive style (b = .090; b = .086, p < 0.01). According to Matten and 

Moon's (2008) perspective, these discrepancies could be associated with unique institutional 

arrangements at the regional level. Matten and Moon’s (2008) implicit-explicit CSR 

framework suggests that both US- and UK-oriented CSR tends to be more explicit in 

comparison to the European-style CSR, which provides more room for corporate initiative and 

therefore both assertive and defensive IM. Lastly, the findings indicate that the proportion of 

female directors relative to the total board membership has a negative impact on the use of 

formal and analytical language (b = .0005, p < 0.1); while exhibiting a positive association with 

the adoption of a defensive style (b = .0008, p < 0.05).  
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Figure 1: Graphing H3a results 
 
Notes: This figure depicts average predicted values generated from Model 6 for defensive. The estimates are made at the 5th percentile and 95th percentile 
of ESGcontro. Both lines serve the purpose of highlighting the relative differences based on the binary category (INDsen). The solid line depicts 
estimates for companies with low controversy scores. The dashed line depicts estimates for companies with high controversy scores.  

5.3.  Robustness and extra analyses 

To check whether our results are not biased due to the skewed distribution of ESGcontro18, we 

re-estimate our primary models for the subsample of observations with reported ESG 

controversies (ESGcontro>0). The results of these tests are tabulated in Table 11. Results with 

regard to the direct effect of sensitive industry membership (INDsen) and ESG controversies 

(ESGcontro) yield the same sign, yet the statistical significance decreases (and even 

disappears) for some of the previously observed effects (especially so in Models (1) and (3)). 

Specifically, the coefficient for INDsen is no longer significant in Model (1) and (3) but when 

the interaction term is included (Models (4) and (6)), coefficients do attain statistical 

significance (which is in line with the main analyses). In addition, we also conducted analyses 

excluding observations from the US, which account for approximately 50% of the dataset. The 

results (untabulated) indicate a consistent direction of effects but loss in statistical significance 

for defensive. We associate the decrease in significance levels with the smaller sample size 

 
18 For the majority of our sample, i.e., 1,048 observations, no controversies have been reported.  
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used for the robustness check. Nevertheless, the results of the robustness check qualitatively 

support our primary findings. Winsorizing the continuous variables at the top and bottom tails, 

at a 1% level, did not yield any significance alterations in our results either.  
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Table 11: Regression results for the sub-sample ESGcontro>0       
  (1) (2) (3) (4) (5) (6) 
VARIABLES Analytic Assertive Defensive Analytic Assertive Defensive 
              
INDsen (H1) 0.0203 -0.0516*** -0.0058 0.0486** -0.0617*** -0.0350* 
  (0.0137) (0.0141) (0.0130) (0.0204) (0.0205) (0.0202) 
ESGcontro (H2) -0.0252* -0.0100 0.0317** -0.00364 -0.0178 0.00951 
  (0.0150) (0.0147) (0.0153) (0.0189) (0.0186) (0.0193) 
INDsen X ESGcontro (H3)       -0.0585* 0.0211 0.0596* 
        (0.0314) (0.0309) (0.0320) 
EnvSoc -0.0029 -0.0215 0.0236 -0.00593 -0.0204 0.0265 
  (0.0260) (0.0261) (0.0257) (0.0260) (0.0262) (0.0256) 
StratDis -0.1990*** -0.2190*** 0.4400*** -0.1960*** -0.2200*** 0.4360*** 
  (0.0563) (0.0561) (0.0563) (0.0562) (0.0561) (0.0560) 
GRI -0.0172 0.0046 0.0089 -0.0174 0.0047 0.0088 
  (0.0125) (0.0124) (0.0127) (0.0125) (0.0124) (0.0126) 
ASSUR 0.0195 -0.0310*** -0.0048 0.0226* -0.0321*** -0.0081 
  (0.0121) (0.0120) (0.0122) (0.0122) (0.0121) (0.0123) 
CSRcom 0.0202 0.0107 -0.0356* 0.0235 0.0094 -0.0388* 
  (0.0202) (0.0200) (0.0206) (0.0203) (0.0201) (0.0206) 
BRDwmn -0.0015*** -0.0001 0.0015*** -0.00150*** -0.0001 0.0015*** 
  (0.0005) (0.0005) (0.0006) (0.0005) (0.0005) (0.0005) 
BRDsize 0.0003 -0.0044* 0.0003 0.0000 -0.0042* 0.0006 
  (0.0024) (0.0023) (0.0024) (0.0024) (0.0024) (0.0024) 
BRDind -0.0009** 0.0004 0.0010** -0.0009** 0.0003 0.0009** 
  (0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (0.0004) 
CEOdual -0.0056 -0.00873 0.0012 -0.0053 -0.0088 0.0008 
  (0.0122) (0.0122) (0.0121) (0.0121) (0.0122) (0.01200) 
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ROA -0.0006 0.0004 0.0003 -0.0006 0.0004 0.0003 
  (0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (0.0007) 
Size 0.0000 0.0044 -0.0034 -0.0006 0.0046 -0.0028 
  (0.0057) (0.0058) (0.0055) (0.00567) (0.0058) (0.0054) 
UK -0.0931*** 0.0488** 0.1070*** -0.0938*** 0.0491** 0.1070*** 
  (0.0203) (0.0210) (0.0195) (0.0203) (0.0210) (0.0193) 
US -0.0725*** 0.0777*** 0.0634*** -0.0743*** 0.0785*** 0.0654*** 
  (0.0219) (0.0222) (0.0214) (0.0219) (0.0223) (0.0213) 
              
Year dummies Included Included Included Included Included Included 
              
Constant 0.981*** 0.755*** 0.158 0.994*** 0.750*** 0.145 
  (0.129) (0.132) (0.125) (0.129) (0.132) (0.124) 
Within R2 0.06 0.02 0.12 0.06 0.02 0.12 
Between R2 0.18 0.37 0.23 0.19 0.37 0.23 
Overall R2 0.14 0.3 0.19 0.14 0.31 0.19 
              
Observations 757 757 757 757 757 757 
Number of companies 222 222 222 222 222 222 
Standard errors in parentheses             
*** p<0.01, ** p<0.05, * p<0.1              

Notes: Random effects models. N = 757 company-year observations pertaining to 222 companies headquartered in 17 countries.
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In addition, we further investigate the effect of strategic business case content intensity 

in our models due to the significant results and strong coefficient of the variable. We tested the 

models excluding this control variable and the results hold after the exclusion (untabulated); 

however, the explanatory power of our models drops substantially. We manually investigated 

examples of CEO letters with both high and low strategic business case-related content. As 

highlighted in our main analyses, in CEO letters with high strategic business case-related 

content defensiveness is more prominent, mainly driven by cognitive processes words, such as 

insight words (e.g., affect, believe, etc.), causation (e.g., because, why, etc.) and discrepancy 

(e.g., would, want, need, etc.), as well as auxiliary verbs that are used for passive sentence 

construction. The examples of high strategic business case-related CEO letters are provided 

below:  

“…We also believe that taking a long-term view is crucial when it comes to dealing 
with complex sustainability issues. According to the UN, climate change and poverty 
are two of the most significant challenges of our time and will affect many generations 
to come. While I have a great deal of respect for the vast complexity of both of these 
challenges, I also strongly believe that we can make a positive contribution towards 
facing them… In order for our company to take on these challenges in an effective way 
I believe that sustainability must be considered as an integral part of our business 
rather than being treated as an after-thought…. However, it is not possible to achieve 
great change in isolation. We have over 70 years of experience, but we are entirely 
dependent on our partnerships with experts from other fields to really drive our 
sustainability work forward. We therefore fully support the development of the new 
technology and innovation that is required to create a circular fashion industry… I’m 
convinced that technical innovations will be the solution to many of the environmental 
challenges the textile industry is facing and will contribute to a more sustainable 
consumption…” - H&M Group (2018, Sustainability Report 2018) (Strategic business 
case-related content intensity = 0.499). 

 

The manager of the company emphasizes the long-term importance of sustainability, 

takes an innovative stance and acknowledges the complexity of the difficult nature of 

sustainability issues like climate change and poverty. The manager cautiously promotes the 

integration of sustainability as an integral part of the business, yet does not directly mention 

about steps. The linguistic cues in the CEO letter of H&M Group also shows that the writer is 

being cautious and indicates a distance from the claims being made. The excessive use of 
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insight words and phrases like “I have a great deal of respect” tend to signal a degree of 

uncertainty and the use of causal connectors like “however” or “therefore” indicates a tendence 

for hedging and competing statements. In addition, passive statements can also create a 

detachment and reducing direct responsibility commitment to the claims as in statement: 

“however, it is not possible to achieve great change in isolation. We have over 70 years of 

experience, but we are entirely dependent on our partnerships with experts from other fields 

to really drive our sustainability work forward”.  

“…I believe that only a sustainable company, with sustainable growth, is able to 
deliver sustainable solutions. To demonstrate the seriousness of our vision, the Volvo 
Group has revised our CSR and sustainability strategy and is incorporating it into our 
daily work. I feel that we have a method that is clearly connected to our business model 
and our strategies… I believe that a responsible company has better prerequisites for 
becoming a credible business partner. To meet society’s needs for sustainable 
transport solutions, we must primarily cooperate with our customers but also with 
other players in the industry and society. To operate in many of our new markets, it is 
also a prerequisite to contribute to social development. Another example that I would 
like to highlight is the Volvo step, our one-year training course for unemployed young 
people in Sweden, which started in 2012 with 4,000 applicants for the 400 first 
positions. The Volvo step is an investment in securing our supply of expertise, while 
contributing something to reducing unemployment in young people in Sweden. One 
lesson learned from this three-year project is that we in the industry must listen more 
to young people…” - Volvo Group (2012, Sustainability Report 2012: Strategic 
Approach) (Strategic business case-related content intensity = 0.482). 

 

The passage from the CEO letter of Volvo Group’s SR also emphasizes the 

interconnectedness between sustainability and responsible business practices taking a more 

defensive stance through connecting sustainability methods directly to the business model and 

strategies; meanwhile also highlighting co-work with other business partners. Such content is 

reflected to the linguistic style with the use of phrases, such as “I believe” and “I feel”, and 

connectors, such as “but also”, which is used to introduce contrasting viewpoints. Although 

there are no direct passive statements in the text, the defensiveness emerges from the frequent 

reliance on personal beliefs and examples and discrepancy words such as “would”. In contrast, 

companies that have lower score are expected to be more analytic and assertive. 

“…As one of the first independent power producers in the U.S. and a multinational 
electric power company, AES has been at the forefront of bringing innovation to 
electricity generation and distribution since its founding. AES has a thirty-year track 
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record of successfully meeting local challenges by bringing our global knowledge and 
innovation to bear to create highly efficient infrastructure solutions. The diverse mix 
of our electric generation portfolio and deep expertise in industry technologies provide 
AES the strength and flexibility to maximize plant efficiency and availability. We 
deliver reliable, affordable electricity and at the same time we seek to minimize 
environmental impacts within the technological, economic, and market constraints 
that we face. In Chile, our Angamos plant exemplifies the way AES brings innovation 
to unique local challenges. Angamos is a coal-hybrid facility that uses the first-of-its-
kind sea water cooling tower in South America. It also incorporates 40MWs of 
resource equivalent battery storage. The facility received “Power Plant of the Year” 
by Power Magazine and also won our industry’s most prestigious award, the Edison 
Electric Institute’s (EEI) “International Edison Award.” At Changuinola, Panama, we 
brought a 223 MW hydroelectric complex online. Constructing this innovative dam, 
hydroelectric plant and reservoir required very careful assessments, and complex 
civil, environmental and social engineering and planning. We are proud of the track 
record of expert innovation that allows us to undertake and successfully implement 
projects such as Changuinola...” – The AES Corporation (2012, AES Annual 
Sustainability Report) (Strategic business case-related content intensity = 0.0001). 

 

The provided example by the AES Corporation’s SR CEO letter has a very low strategic 

business case-related content intensity, showing how fewer narrative elements are used, while 

presenting sustainability-related facts, achievements and technical details about the company’s 

power generation projects in a very confident way. The text employs a more formal and 

analytic stance, without engaging the audience due to lack of use of personal pronouns. The 

language of such CEO letters is also expected to be written more for informational goals rather 

than persuasive goals. The assertive style seems to be also found with CEO letters that have 

less strategic business case-related content:  

“In 2014, GM took important steps on its journey to become the most valued 
automotive company. We made significant strides in the face of an extraordinary set 
of challenges that we took head on, and we are a stronger company today because of 
what we learned and the progress we have made. our core operating results in 2014 
reflect what’s possible as we work to deliver more sustainable value for our company 
as well as our customers and communities. At GM, strengthening our company while 
building stronger communities and a better world through improved mobility defines 
our approach to sustainability. Personal mobility means freedom; it means economic 
advancement; it means connected families and communities; it also means a world of 
safer and smarter vehicles – cars, trucks and crossovers that use less fuel; that have 
less environmental impact; and that are programmed to help drivers avoid accidents 
and reduce congestion. By far, people are the most important drivers of these efforts, 
and every other initiative at our company. Building a winning culture is a priority and 
a key takeaway from the issues of 2014, which underscored our need to change 
behaviors within GM. this winning culture demands candor, accountability and an 
unwavering focus on customers…” - General Motors (2014, GM Sustainability 
Report) (Strategic business case-related content intensity = 0.002). 
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The paragraph provided by General Motors focuses more on lessons learned and 

opportunities for future growth, reflecting a more people-centric approach. The content of the 

CEO letter emphasizes progress and company’s strengths, rather than focusing on taking a 

defensive approach. The text utilizes personal pronouns widely, such as “we” and “our” 

emphasizing collective involvement, which aligns with the positive correlation between 

assertive and personal pronouns. In addition, the passage highlights achievements, 

sustainability-related goals and progress made by GM, reflecting a positive and achievement-

oriented tone.  

6. Discussion and conclusion 

Our paper investigates the effect of general and issue visibility on the use of rhetorical IM in 

SR CEO letters. Rhetorical IM can be a powerful tool for managers to shape public perceptions 

of their companies’ ESG track record. By carefully selecting and framing information, 

companies can present themselves in a favorable light and downplay any unfavorable aspects 

of their operations. SR, therefore, can be used as a legitimacy tool to communicate with 

stakeholders about their needs and demands to attain legitimacy even without any substantial 

corporate action (Bansal & Kistruck, 2006; De Villiers & Van Staden, 2006). While prior 

research presents several kinds of rhetorical legitimation strategies and IM techniques in SR, 

research on the factors influencing the use of such opportunistic behavior remains deficient. 

As prior research in the field of social psychology underscores the significance of publicity as 

a fundamental driver of IM (Leary & Kowalski, 1990), we argue that visibility notions play a 

significant role in IM in SR. Prior literature offers contradictory findings about the impact of 

visibility on the use of IM: some argue that greater visibility prevents the use of IM, due to 

increased scrutiny and institutional constraints, while others claim that greater visibility 

promotes IM, mainly due to legitimacy concerns.  



130 
 

 The findings of our study make several contributions to the current literature. First, 

drawing on socio-political theories, we posit that distinct motivations associated with 

legitimacy, namely maintaining legitimacy or repairing legitimacy, are activated through 

general visibility and issue visibility. Our paper shows that general visibility related to sensitive 

industry membership, where scrutiny for IM is clearly higher, leads to more formal language. 

Companies operating in sensitive industries are less likely to resort to IM compared to 

companies operating in non-sensitive industries. While the results are in line with our 

expectations for both assertive and defensive types of rhetorical IM, we find that the impact of 

general visibility on the use of the assertive style is stronger. The level of scrutiny and activist 

pressure on companies operating in non-sensitive industries is significantly lower (Marquis et 

al., 2016). As the standards and regulations are also less stringent for these companies, 

managers tend to use assertive style to describe organizational outcomes and prospects to 

trigger more favorable impressions (Henry, 2008; Tan et al., 2014). Our findings indicate that 

sensitive industry members tend to disclose SR in response to accountability and transparency 

concerns of stakeholders to provide a credible image in response to scrutiny. Drawing from our 

interpretation of outcomes, it can be deduced that the regulatory controls, governance structures 

and reporting frameworks for sensitive industries serve their intended purposes; while for the 

non-sensitive industries managerial leeway for IM persists, attributed to the comparatively 

limited presence of stringent control and governance mechanisms. This shows that within 

sensitive industries, companies tend to follow the same regulations, maintain their legitimacy 

and show mimetic behavior about accountable and transparent reporting. While these results 

are similar to the findings of previous studies, such as Marquis et al. (2016), Ruiz-Blanco et al. 

(2021), which consistently indicate that not only do firms with a higher pollution propensity 

disclose more environmental information; they also rely on disclosures that the GRI views as 
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inherently more objective and verifiable (Clarkson et al., 2011, p.27), we further argue that a 

distraction in legitimacy may change this reporting behavior.  

Second, as O’Donovan (2002) argues, the legitimation techniques chosen depends on 

whether the company is trying to maintain the current level of legitimacy or repair and gain the 

damaged and threatened legitimacy. Controversies, as such, disrupt the established state of 

legitimacy. Corporate controversies rapidly attract media attention through news and social 

media and create/increase the discrepancy between the desired and current image of the 

company (DasGupta, 2021; Del Giudice & Rigamonti, 2020; Elsbach & Sutton, 1992). This 

rapid break in the legitimacy status-quo through media channels leads managers to become 

more prone to use IM strategies. This allows us to extend prior literature on IM in SR by 

investigating the effect of controversies. Specifically, our findings show that in the face of a 

legitimacy threat, managers’ disclosure strategies shift towards justifications and sense-giving 

mechanisms. Despite the stringent regulations and governance in sensitive industries, the effect 

of controversies is significant and positive on the use of defensive IM strategies, while not 

significant for non-sensitive industries. As such, the relationship between general visibility and 

IM is context-dependent, which can vary due to controversies. Restoring legitimacy from the 

detrimental impact of unethical or irresponsible behavior and reputational loss may be more 

important for sensitive and “dirty” industries, possibly due to their higher business exposure, 

in line with legitimacy theory. Legitimacy theory is considered one of the most common 

theories in the sustainability disclosure literature, despite receiving persistent critique from 

numerous scholars (Patten, 2019). Yet, the theory seems to be still prominent, and our study 

further contributes to a deeper understanding of it through showing the positive relationship 

between controversies and defensive IM. At the same time, contrary to our expectations, we 

cannot find empirical evidence to prove the negative relationship between sustainability 

controversies and assertive IM. Previous studies highlight a prevailing inclination towards the 
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usage of assertive IM in SR (e.g., Barkemeyer et al., 2014; Caliskan et al., 2021), but we argue 

that in SR, managers allow themselves to be assertive only when they are not afraid of being 

accused of greenwashing or window-dressing. This may indicate that motives for being both 

assertive and defensive may be different in SR than in financial reports. 

Finally, in our analyses, we show that thematic content is a significant variable that 

affects managers’ use of language (e.g., linguistic style), which has been largely overlooked in 

prior literature. In all our models, we show that strategic business case content intensity is a 

significant explanatory variable. More specifically, our results show that strategic business case 

related content leads to a more defensive language. This defensiveness may relate to the 

explanations and justifications provided to readers interested in how sustainability is integrated 

into business strategies. The results regarding the countries show opposite directions for the 

use of IM, and types of IM, which may relate to the country-level institutional settings; as well 

as the sustainability-related knowledge and culture among the societies. Specifically, our 

results show that both the UK and US (with Europe being the benchmark) are positively 

associated with IM style (both assertive and defensive) and negatively associated with formal 

language (analytic). As Matten and Moon (2008) argue, such differences may relate to distinct 

country-level institutional settings. Further, they proposed the implicit-explicit CSR 

framework to compare and contrast country-level institutional settings. The implicit and 

explicit nature of CSR is rooted in the national business systems, where the norms, incentives 

and rules shaping CSR are defined by the government and markets within the prevailing 

institutional framework (Matten & Moon, 2008). Companies, in turn, adapt their CSR practices 

in accordance with these established parameters. According to the framework, both the US- 

and UK-style CSR is more explicit compared to the European-style CSR (LaGore et al., 2020; 

Matten & Moon, 2008). As explicit CSR offers much more room for corporate initiative, we 
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observe in our results the positive effect of it in constructing both assertive and defensive IM 

strategies.  

In addition, to the best of our knowledge, our paper is one of the first papers that 

quantitatively analyses the effects of industry and controversies on the use of rhetorical IM in 

SR. Previous studies have primarily concentrated on the thematic content in SR, such as 

selective disclosure, legitimization strategies and the recognized performance-disclosure gap 

(e.g., García-Sánchez et al., 2022; Macellari et al., 2021; Marquis et al., 2016; Roszkowska-

Menkes et al., 2024; Ruiz-Blanco et al., 2021), but there has been insufficient understanding 

towards the style-related IM, which includes the rhetorical strategies employed by managers. 

This way, we propose a more refined approach to focus on linguistic style in SR CEO letters 

and extend the existing limited body of research, which predominantly depends on qualitative 

methods involving small sample sizes. Another strength of our study is that we combine formal 

language (no IM) with assertive and defensive IM strategies using a multi-industry and -

country dataset, Thomson Reuters – Eikon and Bloomberg. This provides a more complete 

picture of the array of rhetorical strategies utilized by managers in SR CEO letters. 

Additionally, we explicitly differentiate between narrative and non-narrative sections of SR as 

suggested by Fuoli (2018), recognizing the unique role narratives play in shaping perceptions 

and creating a storytelling atmosphere. Prior research on IM in SR has not made this 

differentiation clearly, nor focused on discourse directly by managers. For this reason, our 

framework also incorporates novel machine learning and NLP techniques in understanding IM. 

As we show the significant effect of controversies, further research may investigate rhetorical 

IM at a topical level, as well as to understand which pillar of sustainability is subject to IM. 

Overall, our study contributes to the literature by empirically showing general visibility 

and issue visibility triggers different legitimacy motives. Investigating the rhetorical IM in SR 

empirically and showing where we observe the formal use of language and IM may enlighten 
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researchers and policymakers regarding the transparency of sustainability-related information 

and accountability in SR. In addition, our research helps investors and analysts assess 

companies and their corporate communication strategies, which can eventually shape socially 

responsible investor behaviors and contribute to developing a more effective governance and 

regulation system in the realm of SR, eventually contributing to transparency and 

accountability purpose of SR.  

A major limitation of our study is the availability of SR of companies. The reliance on 

databases is insufficient, necessitating a considerable amount of time in manual data collection 

process. This resulted in a drop in expected SR for our analysis. Another limitation of the study 

is the primarily focus on large companies. As highlighted by Patten (2002), company size is a 

factor that also influences general visibility and SR disclosure quality. However, in our models, 

size remained insignificant. This insignificance may be attributed to our emphasis on large 

companies within our database. We recognize that our analysis does not include controls for 

CEO-specific motivations, which have been shown to influence CSR disclosure practices 

(Lassoued & Khanchel, 2022), nor does it incorporate variables related to information demand 

(such as analyst coverage and ownership structure) due to data limitations. Finally, our variable 

selection for factor analysis includes summary and composite variables, that include various 

linguistic styles. For example, our cognitive processes variable is composed of insight words, 

causation words, discrepancy words, tentative words, certitude words and differentiation 

words. This approach restricts us from focusing on a specific linguistic style yet provides us 

with a general overview of rhetorical IM patterns when used in factor analysis. 

Notwithstanding these limitations, we suggest that further research may explore and shed light 

on the factors and policies affecting the accountability of sustainability-related information, as 

well as the effect of other corporate governance factors, which may restrict managers’ use of 

SR as a symbolic legitimacy tool. We believe that AI and machine learning tools are also 
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essential for future research to identify both semantic and thematic language control. Continued 

efforts are needed to make SR more accountable and transparent as financial reports. In final 

words, we would like to refer to Patten (2019): “Legitimacy-based research can help move 

CSR disclosure at least closer to being a tool of accountability, as opposed to a tool for 

legitimation”. 
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Appendix 1 
 
To examine the discourse in CEO letters in SR we use an unsupervised machine learning 

method, i.e., topic modeling by latent Dirichlet allocation (LDA). To prepare our data for the 

analysis we convert the PDF files into plain text files using Python; tokenize text files (splitting 

https://doi.org/10.1080/00014788.2015.1048771
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sentences into words); stem terms (annotating every token for the base form) and remove stop-

words using natural language processing (NLP) tools on Python. Then, we investigate topics 

in each CEO letters.   

Topic modeling approach allows to scan a series of documents and find topic-based 

patterns within them (Fiandrino & Tonelli, 2021). The LDA method discovers new features in 

textual data, characterized by the probability of co-occurring words within documents, in which 

the topics are inductively labeled by researchers based on the words identified with (Blei et al., 

2003; Brown et al., 2020). It does not require any pre-determined dictionaries or word-lists and 

relies on the frequent words appearing together that tend to be semantically related (Brown et 

al., 2020). Words are investigated based on their relative importance (weight) for the respected 

topic. While the same word may be present in different topics, its weight differs between topics. 

With this approach LDA accounts for polysemy and multiple meanings of a word depending 

on the context (Fiandrino & Tonelli, 2021). To avoid tokens that appear too frequently we 

ignore words that are more than in 90% of the documents and that are less than in 10% of the 

documents. In LDA, the optimal number of topics is unknown, and set by researchers manually, 

which can lead to different interpretations of the topics discovered (Huang et al., 2018). We 

identify the number of interpretable topics by measuring the perplexity of topic modeling, 

which assesses an LDA model's ability to predict word choices and used as a determinant of 

the number of topics (Huang et al., 2018). The lower perplexity indicates that the model is a 

better fit for the observed data and that the model gains less from increasing the number of 

topics (Dyer et al., 2017). We test and plot the perplexity scores for different number of topics, 

ranging from 1 to 100. We observe that perplexity scores are at the lowest for 7 topics. Table 

A-1 presents the topic-word probability matrix, according to which we label topics inductively.  

The LDA assigns analyzed documents with scores that quantify the extent (between 0 

and 1) to which each topic is discussed in each document based on the topic-word probability 
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matrix, which is referred to as “topic loadings” or document-by-topic matrix. Using this data, 

we measure the intensity of sustainability discourse in each SR CEO letter. 

 

Table A-1. Topics in CEO letters in SR 

Topics  Top 10 words according to weight in  Citations from the most representative letters 

Energy  energi, custom, power, company, 

technolog, electr, employe, commun, 

gener, year 

Given the public’s growing desire for 

renewable and distributed energy resources 

beyond the traditional forms of electric, gas, 

and steam, we are preparing for a future that 

includes newer resources—including solar, 

wind, combined heat and power, fuel cells, and 

battery storage. 

Environment sustain, product, water, reduc, energi, 

emiss, wast, use, environment, improv 

In 2013, [we] made significant progress toward 

our goal of achieving, by 2020, 15 percent 

reductions on a per-unit-of-production basis in 

energy, emissions, water and waste. In 

addition, we replaced our environmental 

mission and principles statement with a formal 

environmental policy… 

Community 

 

commun, company, respons, people, 

world, busi, commit, make, work, year 

We make decisions and support causes that 

matter to the families we serve. Through our 

philanthropic platform (…) we have donated 

more than $51 million in 2016 to thousands of 

nonprofit organizations and causes across the 

country – organizations committed to making 

our communities stronger. 

Employees  oper, respons, busi, safety, continu, 

commun, perform, develop, stakehold, 

employe 

During 2015, we will continue to prioritise the 

health, safety, security and wellbeing of people 

while continuing to promote safe behaviours of 

our contractors. 

Financials year, market, growth, new, custom, 

busi, continu, oper, wa, servic 

All these data make [us] the most profitable 

Spanish  audiovisual  company  and  one  of  the  

leading European  media  companies,  thanks  

once  again  to  the strength  of  our  business  

model  and  to  our  excellent human team 
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Sustainability-

Commitment 

sustain, group, company, develop, ha, 

year, social, energi, commit, global 

As a company that operates internationally, 

LEONI is committed to sustainable and 

responsible action. We have made it our 

mission to ensure that the company success is 

compatible with social and ecological 

principles. 

BusinessCase sustain, busi, work, custom, product, 

year, make, develop, new, way 

But much more than that, in order to remain a 

successful business, we need to keep growing – 

and at the same time respect the planetary 

boundaries. So, there is no question that it 

makes clear business sense to invest in our 

sustainability. 

 

 The identified topics can be divided into two main discourses, with (1) Energy, 

Environment, Community and Employees referring to sustainability-specific issues, i.e., 

sustainability-related content intensity; and (2) Financials, SustainabilityCommitment and 

BusinessCase focusing on general company’s commitments, its approach to sustainability and 

how it relates to business success, i.e., business strategic case-related content intensity. This 

approach allows us to control for sustainability-related content intensity and business strategic-

case-related content intensity. As the discourses represent probability and their sum equals one, 

there is a perfect inverse correlation (-1.0) between them. Thus, we use only one of the variables 

(strategic business case-related content intensity), namely StratDis, as a control in our 

regression models. 

To validate our interpretation of the topics we conducted additional text analysis in 

LIWC using CSR dictionary proposed by Pencle and Malaescu (2016). The authors generated 

(mutually non-exclusive) wordlists related to four CSR dimensions: (1) employee; (2) 

environment; (3) human rights; and (4) social and community. Examples of words divided into 

four categories are presented in Table A-2. 

Table A-2. CSR word scores: dimensions and examples of words 
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Dimension Examples of words/expressions 

Human Rights 
(CSR_humanrights) 

Disadvantage, equality, ethical, ethnic_diversity, gender, honesty, 

human_development, inclusive, nationality, races  

Employee (CSR_employee) Employee, employee_involvment, employee_safety, employee_welfare, 

employer, goal, health, jobs, mortality, wage 

Environment 
(CSR_environment) 

Conserve, energy_efficiency, environmental, epa, facility, global_warming, 

green_building, hazardous_waste, hybrid, organic 

Social and Community 
(CSR_socialcommunity) 

Community, CSR, government, human_being, impact_on_community, 

indigenous, involve, not_for_profit, open, orphan 

Source: (Pencle and Malaescu, 2016) 

We scanned our sample reports for the words related to different CSR dimensions and 

obtained scores (CSR_i, where i represents the dimension) representing percentage of words 

from a given list in the total number of words in the document. Next, we run a pairwise 

correlation between CSR word scores and topic scores generated through the LDA. The results 

are presented in Table A-3. 
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Table A-3. Pairwise correlations between LDA topic scores and CSR word scores 

  Variables   (1)   (2)   (3)   (4)   (5)   (6)   (7)   (8)   (9)   (10)   (11) 

 (1) Energy 1.000 

 (2) Environment -0.067* 1.000 

 (3) Financials -0.108* -0.134* 1.000 

 (4) Community -0.213* -0.088* -0.184* 1.000 

 (5) Sustain. commit. -0.171* -0.196* -0.030 -0.342* 1.000 

 (6) Business case -0.237* -0.125* -0.139* -0.241* -0.022 1.000 

 (7) Employees -0.173* -0.126* -0.180* -0.297* -0.163* -0.143* 1.000 

 (8) CSR_humanrigh. -0.052 -0.123* -0.277* 0.293* -0.189* -0.305* 0.414* 1.000 

 (9) CSR_employee -0.114* -0.119* -0.285* 0.278* -0.159* -0.251* 0.419* 0.794* 1.000 

 (10) CSR_socialc. -0.043 0.087* -0.443* 0.241* -0.133* -0.112* 0.233* 0.620* 0.659* 1.000 

 (11) CSR_envir. 0.126* 0.429* -0.417* -0.071* -0.049 -0.225* 0.225* 0.254* 0.357* 0.526* 1.000 
*Correlations significant at p<0.01 
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As shown in Table A-3, we find positive correlation between CSR_environment and both 

Environment and Energy, with less profound relationship in the case of the latter. Our 

community topic (Community) seems to overlap with three socially-oriented scores for human 

rights, employee, and social and community. Also, our Employee topic is correlated with these 

dimension, mostly however with human rights and employee, what is in line with our 

interpretation of this topic. Financials representing financial-accounting content with no 

reference to sustainability is, not surprisingly, negatively correlated with all CSR word scores. 

We find negative correlation with all four CSR dimensions also for Sustainability Commitment 

Business Case. This suggests that while these topics, in contrast to Financials, include 

discussion on sustainability as such, they do not refer to any specific aspect of sustainable 

business. These results support the distinction drawn between sustainability-specific topics and 

those focused on strategic business discourse.  
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CHAPTER IV 

 

STUDY 3: FEASIBILITY ANALYSIS OF MACHINE LEARNING FOR 
PERFORMANCE-RELATED ATTRIBUTIONAL STATEMENTS 

  

Abstract 

We investigate the feasibility of machine learning methods for attributional content and 

framing analysis in corporate reporting. We test the performance of five widely-used 

supervised machine learning classifiers (naïve Bayes, logistic regression, support vector 

machines, random forests, decision trees) in a top-down three-level hierarchical setting to (1) 

identify performance-related statements; (2) detect attributions in these; and (3) classify the 

content of the attributional statements. The training set comprises manually coded statements 

from a corpus of management commentary reports of listed companies. The attributions 

include both intra- and inter-sentential attributional statements. The results show that for both 

intra- and inter-sentential attributions, F1-scores of our most accurate classifier (i.e., support 

vector machines) vary in the range of 76% up to 94%, depending on the identification, detection 

and classification levels and the content characteristics of attributions. Additionally, we assess 

the hierarchical performance of classifiers, providing insights into a more holistic classification 

process for attributional statements. Overall, our results show how machine learning methods 

may facilitate narrative disclosure analysis by providing a more efficient way to detect and 

classify performance-related attributional statements. Our findings contribute to the accounting 

and management literature by providing a basis for implementing machine learning 

methodologies for research investigating attributional behavior and related IM.  
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1. Introduction 

Narrative disclosures have been the subject of many studies in the accounting and management 

literature. The narrative sections in corporate reports tend to complement the financial 

statements with discretionary information and are considered a significant means of 

communication (Henry & Leone, 2016; Li, 2010a; Shirata & Sakagami, 2008; Yang et al., 

2018). In the narrative sections, companies often provide management’s view on the context 

within which to interpret the performance, position, and progress of the company (Aerts & 

Tarca, 2010; Lewis & Young, 2019; Li, 2010a; Shirata et al., 2011). Examples of such 

narratives are the Directors’ report, the Management Discussion and Analysis (MD&A – 

USA), the Operating and Financial Review (OFR – UK), the CEO letter to shareholders. As 

the content of these narratives is largely discretionary, they are believed to serve informational 

(signaling), as well as self-presentational purposes (Merkl‐Davies et al., 2011).  

Research in accounting narratives examines both informational and presentational 

dimensions (Aerts, 2005; Aerts & Yan, 2017). Presentational studies are related to IM and 

primarily focus on selectivity and bias in the content patterns of the narrative disclosures. Such 

presentational tendencies may manifest themselves relative to the choice of thematic content, 

how benchmarking occurs, the tone of the language used, the readability of the text, the use of 

emphasis in presentation, and how performance and events are explained. Explanation occurs 

when management moves from just providing information on performance to matters of 

meaning, relationships, causes, and reasons. It is here that attributional statements come in. An 

attributional statement can be defined as “a phrase or a sentence in which a corporate event 

or performance outcome is linked with a reason or a cause for the event or outcome” (Aerts, 

2005). Attributional disclosure studies demonstrated a robust tendency to attribute positive 

events or outcomes to the company’s own actions or resources and negative outcomes to 

external events or chance factors (such as economic climate, inflation, market prices, 
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government policy, weather) (Aerts, 2005; Clatworthy & Jones, 2003; Hooghiemstra, 2003). 

This explanation pattern is considered self-serving as it tends to define situations to the 

company’s own benefit. With this self-presentational bias in mind, attributional disclosure 

studies have often adopted an IM focus. In this research, different types of attributional 

structures have been identified, such as excuses, justifications, causality denials, 

enhancements, entitlements and tautological (accounting) explanations.   

 Textual analysis of the narratives has been a core issue in narrative disclosure studies. 

The linguistic features studied and the techniques used to extract these features differ, however. 

The use of automated text analyses programs, such as General Inquirer (GI), Diction, or 

Linguistic Inquiry and Word Count (LIWC), has become popular over the last two decades (Li, 

2010a). These software packages are partly grounded in computational linguistics and allow 

the use of pre-defined domain-specific word lists or psychosocial dictionaries, such as words 

related to positive and negative emotion, words related to personal pronouns or to cognitive 

processes, to measure one-dimensional text features such as topical focus, tone, self-

referencing or the presence of argument (Tausczik & Pennebaker, 2009). However, when the 

textual content and features of interest are more complex and multidimensional, automatic 

information retrieval becomes more difficult (El-Haj et al., 2019a). Manual content analysis is 

still favored when more subtle difference in or shade of content or expression is important (Li, 

2010a). With manual content analysis, human coders score and categorize selected textual data 

independently based on pre-defined rules and coding schemes (Chakraborty et al., 2014; El-

Haj et al., 2019a; Săndulescu, 2019). Automated information retrieval becomes more 

challenging when the narrative features of interest are more phrase- or sentence-based than 

word-based, which is the case for management’s attributional statements (Aerts, 2005). 

Moreover, various linguistic devices can be used to indicate attribution or causality, such as 

conjunctions or verbs. Attributional statements can be confined to one sentence (“intra-
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sentential”) but may also span different (neighboring) sentences (“inter-sentential”) 

(Kruengkrai et al., 2017; Oh et al., 2013; Zhao et al., 2016). This diversity in attributional 

format explains why researchers usually adopt a manual content analysis approach to identify 

and qualify attributions (e.g., Baginski et al., 2000; Clatworthy & Jones, 2003; Jayamohan et 

al., 2017; Kimbrough & Wang, 2014; Ogden & Clarke, 2005; Săndulescu, 2019). As manual 

content analysis is a time-consuming and resource-intensive process, the volume of available 

and relevant textual data in narrative reports usually exceeds available human capacity and 

resources to process disclosures manually (Chakraborty et al., 2014; El-Haj et al., 2016; Fisher 

et al., 2010). Therefore, studies that adopt manual text analysis tend to have a smaller sample 

size (Fisher et al., 2010; Li, 2010a). Furthermore, manual text analysis may involve individual 

views and interpretations of coders in the coding process and increase subjectivity of data 

collection (Aerts & Tarca, 2010; Chakraborty et al., 2014; El-Haj et al., 2016). These factors 

may limit the validity, representativeness and reliability of the analysis and leverage the 

potential of machine learning algorithms as an efficient means for text classification of larger 

datasets (Fisher et al., 2010).  

This study investigates the feasibility of applying machine learning methods for 

attributional content and framing analysis in accounting narratives. Although machine learning 

techniques have been drawing increasingly more attention as a tool for textual analysis, to date 

only a limited number of studies in accounting and management have used machine learning 

algorithms to classify facets of attributional statements in narrative disclosures (e.g., El-Haj et 

al., 2016; Li, 2010b; Li, 2010c; Walker et al., 2020), but these leave many questions on the 

feasibility of using classifiers for an automated coding process for the full repertoire of 

attributional statements. First, the majority of previous studies have employed machine 

learning techniques as a supplementary methodology for classification of linguistic features 

after attributional statements were selected based on a dictionary approach (e.g., Li, 2010c; 
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Walker et al., 2020). Nevertheless, to use machine learning algorithms for a full scope narrative 

coding process, securing the accuracy of initial identification steps is required, as, if neglected, 

errors at higher identification levels are carried over to the lower levels (Kiritchenko et al., 

2005). We assess the performance of five widely-used machine learning algorithms in a top-

down three-level hierarchical structure to (1) identify performance-related statements; (2) 

detect attributions; and (3) classify statements according to attributional characteristics. By 

testing the performance of the top-down three-level hierarchical classification, we apply a more 

holistic approach to assess the general performance of classifiers for the entire coding process 

and identify the tasks that create most difficulty for the automatization of the classification 

process. Second, prior studies, that adopted machine learning algorithms for attributions, have 

mainly focused on sentence-level classification, where inter-sentential attributions are 

neglected (Lamm et al., 2018). Neglecting inter-sentential attributions is an important caveat, 

as Aerts and Tarca (2010), for example, show that half of the attributions in their sample are 

inter-sentential. We, therefore, compare the performance of five widely-used machine learning 

algorithms at both intra- and inter-sentential levels and show the best-fit classifiers for 

automated classification of performance-related attributional statements task. Lastly, up to 

now, prior research that used machine learning algorithms has focused mainly on the basic 

self-serving attribution bias (entitlements versus excuses) using two key features of 

attributions: valence of the explained effect and locus of causality. This focus ignores other 

fine-grained attributional structures which are common in narrative disclosures, such as 

enhancements, causality denials, justifications, and formal language explanations, and which 

have been shown to be used for assertive and defensive IM. We extend the literature by 

analyzing the performance of classifiers on four distinct characteristics of attributed effects 

(i.e., nature of effect, valence of effect, quantitative/qualitative nature of effect, level of effect), 

and four content features for causal factors (i.e., direction of cause-effect relationship, 
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qualitative/quantitative nature of cause, nature of cause, locus of causality). Taken together, 

these eight features of attributional statements allow to identify and measure attributional 

structures beyond entitlements and excuses.  

To train machine learning algorithms and perform our tests, we use a corpus of 

management commentary reports (MD&A or operating and financial review (OFR) reports) of 

listed companies from four common law countries (USA, Canada, UK, and Australia) and five 

industries (building materials, food processors, pharmaceuticals, biotechnology, and retail). 

The corpus consists of approximately 1.21 million words and comprises a total of 4,585 

annotated attributional statements across 172 companies. Our results demonstrate that F1-

scores for identification, detection and classification levels vary in the range of 58% up to 94%, 

depending on the specific classifier being used and the content and style-related characteristics 

of attributions. Additionally, we test the three-level hierarchical performance on locus of 

causality, i.e., external versus internal attributions, using a gold standard dataset (i.e., human-

annotated, external data) by El Haj et al. (2016), which results in an F1-score of 61%. In 

supplementary analyses, we perform external validity checks for hierarchical classification, 

which gives an error rate of 20%, on average, depending on different content and style-related 

textual characteristics that we investigate in the third level. We also compare the performance 

of our best-performing machine learning algorithm with automated text analyses programs 

(LIWC and the Coh-Metrix) on causality detection (level 2), which is the most difficult part in 

the hierarchical setting. The comparison provides evidence that machine learning methods may 

outperform the traditional automated text analyses programs for detecting attributions.  

Overall, our paper provides additional insights into an alternative methodology for 

content and style analysis of attributional statements in narrative disclosures. These insights 

may be of assistance to researchers who intend to investigate fine-grained attributional 

behavior and related IM in larger samples of corporate disclosures. The next sections of the 
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paper are organized as follows: Section 2 discusses narrative disclosures and IM; as well as 

methodological approaches that have been used in the literature. Section 3 introduces 

methodology and data. Section 4 provides the results. Finally, section 5 presents a discussion 

of the findings and our conclusions.  

2. Literature Review 

This section provides background information on the relevance of attributional statements for 

corporate narrative disclosure research and on the textual analysis methods used to investigate 

attributions in corporate narratives. Next, we briefly review how machine learning methods 

have been used in prior research on corporate narratives.  

2.1. Management commentary and narrative disclosure research 

Management commentary reports such as a CEO letter to shareholders, an MD&A 

report or a directors’ report, are an integral component of a company’s periodic financial 

communication repertoire. They accompany the traditional financial statements with a 

narrative description of the company’s accomplishments and performance outcomes in the 

period under review, of significant events that affected the company’s current financial 

condition and may include prospective statements regarding future developments (Aerts & 

Tarca, 2010; IASB, 2010). They often elaborate a framing context, whereby events and 

performance are explained and put into context (El-Haj et al., 2019b; El-Haj et al., 2016; Lewis 

& Young, 2019; Li, 2010a; Shirata et al., 2011). Prior research shows that narratives in 

corporate disclosure can significantly affect market reactions and investment decisions 

(Baginski et al., 2004; Davis et al., 2012; Huang et al., 2014; Merkl‐Davies & Brennan, 2007). 

Because narrative disclosures are to a large extent discretionary, they are deemed to be 

instrumental in controlling and directing the perception of the reader and, thus, relevant for 
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corporate IM (Aerts, 2005; Merkl‐Davies et al., 2011). Merkl-Davies and Brennan (2007) 

categorize verbal IM behaviors as concealment and attributional strategies.  

2.1.1. Concealment 
Concealment can be achieved through thematic manipulation, e.g., the use of tone to emphasize 

good news, and through syntactical manipulation, e.g., the use of complicated language to 

obfuscate bad news (Melloni et al., 2016). A large body of prior narrative reporting research 

has focused on tone manipulation (e.g., Abrahamson & Park, 1994; Davis & Tama-Sweet, 

2012; Du & Yu, 2020; Henry, 2006, 2008; Li, 2010b; Melloni et al., 2016) and readability 

(e.g., Lawrence, 2013; Lehavy et al., 2011; Li, 2008; Loughran & McDonald, 2016; 

Rennekamp, 2012).  

Research in this area usually relies on computer-aided methods. Software to apply 

readability formulae, measuring readability in terms of word and sentence length, is easily 

accessible. Tone analysis (and thematic content inquiry in general) typically uses an automated 

dictionary approach. A dictionary is a tabulated collection of keywords or phrases with an 

associated feature (Guo et al., 2016; Henry, 2006; Loughran & McDonald, 2011). Words 

(including word stems) from pre-defined word lists are counted and reported as a percentage 

of total words using software, such as Harvard’s General Inquirer (GI), Diction, or Linguistic 

Inquiry and Word Count (LIWC) (Boyd et al., 2022; Henry, 2006). In the literature, 

psychosocial dictionaries have been used to measure tone, but also cognitive complexity, self-

referencing, and causal words (e.g., Davis & Tama-Sweet, 2012; Huang et al., 2014; Im et al., 

2013; Merkl‐Davies et al., 2011). Dictionary-based text analysis improves the capability of 

working with larger sample sizes (Li, 2010a) and it allows researchers to create custom 

dictionaries according to their focus of interest (Pennebaker et al., 2015). Indeed, standard 

dictionaries are not always accurate for specific language domains (Loughran & McDonald, 

2011). For example, language in financial disclosures is often jargon-like and the meaning of 
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the words used in those disclosures may well differ from everyday language, e.g., the specific 

meaning of the word ‘liability’ in financial disclosure. In this regard, Loughran and McDonald 

(2011) created their own custom word-lists to measure tone, modal words and uncertainty in 

financial disclosures, as they demonstrated that standard dictionaries, such as those applied in 

Harvard-IV-4, tend to misclassify common words in financial texts because of their domain-

specific meaning in accounting language. Similarly, Henry (2008) created domain-specific 

word-lists to analyze tone and topical content in earnings press releases.  

Because of the advantages of generalizability and customization, numerous studies 

have conducted dictionary-based text analysis (e.g., Boritz et al., 2013; Davis & Tama-Sweet, 

2012; Huang et al., 2014; Im et al., 2013; Merkl‐Davies et al., 2011; Zhang & Aerts, 2015; 

Zhang et al., 2019). The dictionary approach has, however, its limitations (El-Haj et al., 2019a; 

Li, 2010a). As previously stated, customization of domain-specific language may be 

challenging (Li, 2010a), but its main disadvantage lies in the use of words as a unit of 

measurement. It tends to neglect the context of words and to ignore touches of slang, irony, 

sarcasm, and idioms (Guo et al., 2016; Henry, 2008; Li, 2010a; Loughran & McDonald, 2016; 

Tausczik & Pennebaker, 2009). When the term “increase” is used with the word “sales”, the 

tone is generally seen as positive. However, when it is used in a phrase as “increase cost”, the 

tone of the phrase is more likely to be perceived as negative. Another bottleneck for a word-

based approach to measure tone is ‘double negatives’. Words, such as “not” and “bad” are 

negative when used alone, yet the tone changes to positive when they are used together “not 

bad”. Additionally, polysemous words (i.e., terms with multiple meanings) or parts of company 

names, that are accounted for in a dictionary category, such as “Best Buy Co.” may cause 

further lexical ambiguity. By focusing on words, a dictionary approach tends to ignore meaning 

embedded in phrases and sentences.  
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2.1.2. Attribution 
Another stream of verbal IM identified by Merkl-Davies and Brennan (2007) relates to 

attribution-based communication. Applied attribution theory studies have been popular in 

management commentary research, especially because narrative elaboration of the ‘why’ and 

‘how’ of reported accounting data is where new information, supplementary to the financial 

statement data, is created (e.g., Jayamohan et al., 2017; Săndulescu, 2019; Walker et al., 2020). 

Most performance explanations in management commentary can be considered attributions as 

they elaborate on a relationship between an antecedent and a performance-related consequence 

(Aerts, 1994, 2005; Aerts & Cheng, 2011). Attribution, more than concealment, is based on 

the meaning of the information disclosed in a string of words, which makes it more challenging 

to examine (Cho et al., 2010; El-Haj et al., 2016). The information retrieval process of 

attributions requires detailed investigation of causal inferences (‘causality mining’) and is not 

easily automatized (Aerts, 2005; Zhao et al., 2016). Attributions can use a range of linguistic 

devices to construct causal inferences, such as causal connectors (“thus”, “therefore”), causal 

connecting phrases (“because of”, “as a result of”)19, or verbs that refer to causality, such as 

“affect” or “force” (Aerts, 2005; Walker et al., 2020). Depending on the causality connectives, 

attributions can be constructed both as “intra-sentential” (within a sentence) and “inter-

sentential” (between neighboring sentences) (Oh et al., 2013; Zhao et al., 2016). Example 

statement 1 and example statement 2 below illustrate intra- and inter-sentential attributions: 

Example statement 1: “Total net sales increased 6% or $14.3 billion 
during 2020 compared to 2019, primarily driven by higher net sales of 
Services and Wearables, Home and Accessories” (Apple, 2020 Annual 
Report, p. 20). 
 
Example statement 2: “The Women’s Health franchise sales were $0.9 
billion in 2020, a decrease of 8.6% as compared to the prior year. The 
decline was primarily driven by COVID-19 impacts” (Johnson & 
Johnson, 2020 Annual Report, p. 22). 

 
19 Garzone (2006, pp. 91-92) classifies causal connectors into three: (1) subordinating (because/since/as); (2) 
prepositional (due to/as a result of/because of); (3) adverbial (as a result/therefore/consequently). As she argues, 
the choice of causal connectors may be related to the different rhetorical effects of causal connectors, i.e., 
semantically strong versus weak causality (Leibbrand, 2015).  
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In example statement 1, attribution is constructed in one sentence, but in example statement 2, 

the performance outcome, i.e., “sales decrease”, is part of the first sentence, and the reason of 

the performance outcome, i.e., “COVID-19 impacts” is added as the second sentence.  

Prior research investigating event causality tends to conduct sentence-level analysis 

(e.g., El-Haj et al., 2016). Considering inter-sentential attributions is, however, essential when 

investigating attributions. The manually annotated dataset by Aerts and Tarca (2010), for 

example, includes 2,545 intra-sentential attributions and 2,040 inter-sentential attributions. 

This indicates that focusing only on intra-sentential attributions would leave half of the 

attributions uninvestigated. Walker et al. (2020) is a notable exception investigating the inter-

sentential properties of attributional statements using machine learning algorithms. They 

conduct a study at a tri-sentence level, i.e., three sentences consisting of a performance-related 

sentence and two immediately adjacent sentences.  

Explaining performance outcomes with attributions can be used opportunistically to 

affect reader perception (Baginski et al., 2011; Melloni et al., 2016; Merkl‐Davies & Brennan, 

2007). While some studies emphasize the motives behind attributional IM, such as 

overconfidence (Li, 2010c; Libby & Rennekamp, 2012), or public scrutiny (Aerts, 2005), the 

vast majority focus on attributional features and how they are instrumentalized (e.g., Baginski 

et al., 2000; Clatworthy & Jones, 2003; Jayamohan et al., 2017; Kimbrough & Wang, 2014; 

Li, 2010c; Libby & Rennekamp, 2012; Săndulescu, 2019). Attributional disclosure studies 

demonstrated that attributions can serve both assertive, e.g., enhancing the effect of positive 

outcomes, and defensive, e.g., downplaying negative outcomes, purposes (Aerts & Cheng, 

2011), and reported a robust tendency to take credit for positive events or performance 

outcomes, while blaming outside factors for negative outcomes. For example, Baginski et al. 

(2000) find the existence of self-serving attributional bias in earnings forecasts, where 

management uses more external (internal) reasons for bad (good) forecast news. Kimbrough 
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and Wang (2014) find that firms suffer less market penalties after providing defensive 

attributions and earn greater market rewards with assertive attributions. Moreover, Aerts (1994, 

2005) and Aerts and Tarca (2010) identify managers’ tendency to explain a firm’s negative 

performance using more technical terms or accounting logic arguments, while positive firm 

performance tends to be explained in more direct causal language. They further decompose 

attributional behavior in specific assertive and defensive formats, such as entitlements, 

enhancements, excuses, causality denials, justifications, and formal language explanations, 

which reveal deeper insights into the differentiated use of attributional statements than focusing 

only on locus of causality20. 

Unlike studies investigating concealment in corporate disclosures, empirical studies 

that focus on attributions mostly adopt a manual text analysis approach due to the 

multicomponent (antecedent/consequence) identity of attributions, their phrase-based nature 

and the multiple linguistic devices that may be used to express attributional patterns (Aerts, 

1994, 2005). These features make it more difficult to automatically process attributional 

information (El-Haj et al., 2019a). Manual text analysis is considered a precise and well-

tailored method (Li, 2010a), that requires multiple human coders to score text files 

independently to categorize the selected textual data based on pre-defined rules (Chakraborty 

et al., 2014; El-Haj et al., 2019a). It necessitates transparency on training examples, coding 

rules and instructions, and procedures to establish inter-coder reliability (Aureli, 2017; 

Krippendorff, 2013). To date, the majority of previous studies have investigated attributional 

IM through manual text analysis (e.g., Aerts, 1994, 2005; Aerts & Cheng, 2011; Aerts & Tarca, 

2010; Baginski et al., 2004; Brühl & Kury, 2016; Clatworthy & Jones, 2003; Jayamohan et al., 

 
20 Assertive attributional IM includes entitlements, i.e., the attribution of positive outcomes to internal causes, and 
enhancements, i.e., highlighting positive outcomes in spite of negative external circumstances. Defensive 
attributional IM includes excuses, i.e., the attribution of negative outcomes to negative external factors, 
justifications, i.e., accepting the responsibility of a negative outcome but using this as a step to achieve higher 
goals, and causality denials, i.e., denying the responsibility of a negative outcome (Aerts, 2005; Aerts & Cheng, 
2011; Săndulescu, 2019; Scott & Lyman, 1968).  
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2017; Kimbrough & Wang, 2014; Melloni et al., 2016; Ogden & Clarke, 2005; Rosenkranz & 

Pollach, 2016; Săndulescu, 2019). For example, Aerts (1994; 2005) manually identified and 

coded attributional statements in management commentaries to explore patterns in 

performance explanations. Different coders identified and qualified the statements 

independently. Attributional statements were coded based on a number of characteristics, such 

as locus of causality, valence of effect and outcome, and nature of explanation. Clatworthy and 

Jones (2003) manually coded good and bad news, and whether the news was attributed 

internally (to management) or externally (to other factors). Aerts and Tarca (2010) manually 

coded characteristics of explanatory statements such as nature, valence, locus of causality and 

time orientation. These detailed characteristics of the statements were then used to identify and 

measure specific attributional structures (entitlements, excuses, causality denials, etc.). 

The main drawback of manual text analysis is the tension between the sheer volume of 

available qualitative data in narrative reports and the limited human capacity to manually 

process them (El-Haj et al., 2019a), which raises concerns over time consumption and coding 

cost (Chakraborty et al., 2014; El-Haj et al., 2016; Fisher et al., 2010), sample size 

(Chakraborty et al., 2014; Fisher et al., 2010; Li, 2010a), replicability and generalizability (Li, 

2010a). These factors may limit the representativeness and power of studies using manual text 

analysis, where computer-based analysis may offer an opportunity to overcome these 

limitations (Fisher et al., 2010; Li, 2010a). For example, Fisher et al. (2016) show a substantial 

increase in sample size when computer-aided methods are used.  

Some studies have used a dictionary-based approach for automated attributional 

analysis (e.g., Koo et al., 2017; Zhang & Aerts, 2015; Zhang et al., 2019), yet these studies 

have been limited to applying causal word and causal connector dictionaries. They essentially 

measure causal language intensity in corporate narratives, but lack in elaborating the full range 

of attributional content and their specific framing patterns (El-Haj et al., 2019a).  
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2.2. Machine learning methods and their use in narrative disclosure research 

Textual files are considered to be unstructured data, lacking a sort of structure such as 

rows and columns (Provost & Fawcett, 2013, p. 250; Weiss, 2005, p. v). A common problem 

that researchers face when analyzing narrative disclosures is data reduction, which is 

transforming a large amount of unstructured data into workable numerical values. To capture 

content and style-related features of text, scholars have been following different methodologies 

to generate replicable and valid inferences from texts (Krippendorff, 2013). Machine learning 

can be an alternative methodology for researchers to identify thematic content and writing style 

and may overcome the disadvantages of traditional content analysis (El-Haj et al., 2019a; Li, 

2010a; Van Atteveldt et al., 2021). It involves a collection of methods for extracting 

(predictive) models from data, and it arose as a subfield of artificial intelligence (Fisher et al., 

2016; Provost & Fawcett, 2013, p. 39). In the accounting and finance literature, there has been 

a growing interest in using machine learning algorithms to study narrative disclosures (Boritz 

et al., 2013; El-Haj et al., 2019a; Fisher et al., 2016).  

To prepare textual files for predictive statistical models, several pre-processing steps 

are required (Bach et al., 2019; Bickel, 2017; Chen, Wu, Chen, Li, & Chen, 2017; Ignatow & 

Mihalcea, 2018, p. 52; Liew et al., 2014; Szekely & Vom Brocke, 2017). These text pre-

processing steps consist of sentence segmentation, tokenizing (splitting sentences into words), 

lemmatizing or stemming (annotating every token for the base form), and removing stop words, 

such as articles and prepositions (Bach et al., 2019; Bickel, 2017; Ignatow & Mihalcea, 2018, 

p. 52). To analyze cleaned text data, natural language processing (NLP) models, such as “bag-

of-words” are used (Bach et al., 2019)21. NLP models are crucial to split text into a vector of 

terms in a document-term-matrix, that represents the frequency of each token per document 

 
21 Bag-of-words is an NLP method used to parse documents into a matrix composed of words and word count 
vectors, i.e., term-document matrix based on word frequencies (Loughran & McDonald, 2016).  
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(Bickel, 2017). The vectors of term counts are required to be normalized, as the term count is 

strongly tied to document length (Loughran & McDonald, 2016). For example, TF-IDF (term 

frequency-inverse document frequency) is a common term weighting method used in text 

mining (Liu et al., 2017; Loughran & McDonald, 2011). After the text pre-processing steps, 

machine learning methods can be applied (Bickel, 2017). Machine learning methods are 

divided into two approaches: (1) unsupervised approach and (2) supervised approach.  

Unsupervised learning methods rely on algorithms that learn how to group raw data 

automatically without human intervention (El-Haj et al., 2019a). They are used for tasks like 

clustering and topic modeling (Guo et al., 2016; Provost & Fawcett, 2013, p. 24). Topic models 

can be created with matrix factorization methods, such as Latent Dirichlet Allocation (LDA) 

(Blei et al., 2003; Guo et al., 2016; Provost & Fawcett, 2013, p. 265).  LDA creates topics 

based on the probability of words co-occurring within documents (Blei et al., 2003; Dyer, Lang, 

& Stice-Lawrence, 2017). For example, Dyer et al. (2017) use LDA to examine managerial 

topics that caused longer financial disclosures over the last decade. As another example, Huang 

et al. (2018) adopt a topic modeling approach and investigate the thematic differences between 

narrative analyst reports and conference calls.  

Most disclosure studies in the accounting and finance literature that apply machine 

learning algorithms, use supervised machine learning models to extract information from 

textual data at the sentence or document level. A supervised model requires a set of manually 

classified data for classification tasks (El-Haj et al., 2019a; Provost & Fawcett, 2013, p. 24; 

Sebastiani, 2002). Once the classes are constructed, the initial corpus is split into three sets: (1) 

a training set, (2) a test set, and (3) a validation set, which are used to tune the parameters of 

classifiers and to evaluate the effectiveness (Sebastiani, 2002). To evaluate the effectiveness 

of the models, the K-fold cross-validation method is commonly used, where both training and 

test sets are split into K equal-sized parts (El-Haj et al., 2019a). The effectiveness of a classifier 
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is obtained by averaging the results of K different classifiers (Sebastiani, 2002). Naïve Bayes, 

logistic regression, support vector machines, random forests and decision trees are supervised 

learning algorithms frequently used in business studies (Provost & Fawcett, 2013, p. 43).  

The naïve Bayes classifier is a relatively simple probabilistic classifier (El-Haj et al., 

2019a; Sebastiani, 2002; Van den Bogaerd & Aerts, 2011). Li (2010c) applied the naïve Bayes 

approach in examining tone and content of forward-looking statements in MD&A. After 

training the model with 30,000 manually coded forward-looking statements, Li (2010c) 

classifies the tone and content of 13 million forward-looking statements. Huang et al. (2014) 

use the naïve Bayes machine learning approach to classify tone in analyst reports. Sprenger et 

al. (2014) train the naïve Bayes algorithm with 2,500 tweets as buy, hold, and sell signals for 

stock-related messages, and investigate the relationship between tweet sentiment and stock 

returns. Similarly, Neuenschwander et al. (2014) perform sentiment analysis using the naïve 

Bayes machine learning classifier on Brazilian stock market news and tweets. Although the 

naïve Bayesian model is a popular machine learning tool in disclosure studies, other supervised 

models like support vector machines, random forests, and logistic regression may well 

outperform the naïve Bayesian model (Antweiler & Frank, 2004; El-Haj et al., 2016; Goel et 

al., 2010). Researchers have been comparing results of applying different machine learning 

algorithms to determine the best-fit model for narrative disclosures as there is little guidance 

for reasoned choice in the literature (El-Haj et al., 2019a). El Haj et al. (2016) compare the 

performance of support vector machines, logistic regression, random forests, and naïve Bayes 

classifiers to classify performance and non-performance-related sentences in MD&A reports. 

The results reveal that the naïve Bayes classifier is the least accurate among the classifiers 

tested. Humpherys et al. (2011) and Goel et al. (2010) report conflicting results. Humpherys et 

al. (2011) analyze word quantity and word diversity of 10-K’s, to train machine learning 

algorithms (support vector machines, decision trees, and naïve Bayesian models) and report 
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that decision trees and naïve Bayes are the most accurate algorithms for distinguishing 

fraudulent from non-fraudulent 10-K’s22. Goel et al. (2010), investigating linguistic features 

such as passive-active voice, readability, sentence, and word length to identify and classify 

fraudulent annual reports23, show that support vector machines provide higher prediction 

accuracy than the naïve Bayes classifier.  

Few researchers have attempted to apply machine learning algorithms to automatically 

classify attributions (El-Haj et al., 2016; Li, 2010c; Walker et al., 2020). Li (2010a) examines 

managers’ self-referencing tendency in attributional sentences. He identifies and extracts 

attributional sentences with causative words based on the LIWC dictionary and uses a naïve 

Bayesian algorithm to classify tone (positive, negative, and neutral) of the attributional 

sentences. El-Haj et al. (2016) investigate the main self-serving attribution bias in UK 

preliminary earnings announcements using machine learning algorithms. Comparing the 

performance of four different supervised machine learning algorithms, the authors first classify 

performance and non-performance sentences with 70% accuracy, then classify performance 

statements based on sentence tone (positive, negative, neutral), attribution (internal, external), 

and attribution tone (positive, negative, neutral) with 79% accuracy, both of which are lower 

compared to manual inter-coder reliability. In a more recent study, Walker et al. (2020) test the 

performance of four different supervised machine learning algorithms for self-serving 

attributional bias, i.e., tone (positive, negative, neutral, unclear) and attribution type (internal, 

external) and compare their results with an approach using dictionaries. They suggest that 

automated text analysis tools have certain limitations, compared to manual content analysis. In 

our paper, we follow a similar approach to test the feasibility of machine learning algorithms, 

but we differ in testing the application of a hierarchical approach and in investigating a more 

 
22 Humpherys et al. (2011) identify fraudulent reports from the Securities and Exchange Commission’s 
Accounting and Auditing Enforcement Releases.  
23 Goel et al. (2010) define fraudulent reporting as “fraud that had affected 10-Ks through material manipulation, 
mispresentation, or failure to disclose material facts”. 
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diverse set of attributional features that allow us to measure attributional structures beyond the 

classic self-serving attributional bias.  

The next part of this paper elaborates on the data we used to train our machine learning 

models and the methodological steps taken to arrive at an assessment of the feasibility of an 

automated attributional statement coding process.  

3. Methodology and Data 

As mentioned earlier, our study follows a three-level hierarchical classification process to 

simulate the attributional statement coding process (Figure 1). The first level contains two 

classes: (1) performance-related statements; and (2) non-performance-related statements. We 

train machine learning algorithms to extract (identify) performance-related statements. As not 

all performance-related statements are explanatory, at the second level, we detect performance-

related statements with attributions by applying a second binary classification: (1) 

performance-related statements with attributions; and (2) performance-related statements 

without attributions. In this step, we extract attributional statements with an attributional 

statement to cover most attributional structures that occur in management commentary. Finally, 

in the third level, we train the machine learning algorithms to capture specific textual 

characteristics of the identified attributional statements, focusing on both content and style 

features (i.e., nature of effect, valence of effect, quantitative/qualitative nature of effect, level 

of effect, direction of cause-effect relationship, qualitative/quantitative expression of cause, 

nature of cause, locus of causality).  
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Figure 1: Hierarchical classification tree 
 

To do so, we deploy and test five supervised classifiers: (1) naïve Bayes; (2) logistic regression; 

(3) support vector machines; (4) random forests; and (5) decision trees. Our selection of 

classifiers includes both linear and non-linear models24, following prior benchmarking studies 

in data mining literature (e.g., Baesens et al., 2003; Loterman et al., 2012; Martens et al., 2007; 

Sebastiani, 2002; Van Gestel et al., 2004). Traditionally, researchers benchmark advanced 

machine learning models against linear techniques to conduct inference (Amani & Fadlalla, 

2017). Naïve Bayes and logistic regression (also known as logit) are simple linear classifiers 

that perform well as common baseline models, against which more advanced classifiers can be 

tested (Amani & Fadlalla, 2017; Baesens et al., 2003; Henry, 2006; Martens et al., 2007; 

Provost & Fawcett, 2013). As a more advanced model, we investigate the performance of 

support vector machines, because they have been a state-of-the-art classifier and have proven 

 
24 Linear machine learning algorithms draw a linear decision boundary, while non-linear algorithms assume a 
non-linear relationship between classes (Huysmans, Dejaeger, Mues, Vanthienen, & Baesens, 2011; Ouyang et 
al., 2019).  
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to be a well-performing data mining technique (Martens et al., 2007; Moeyersoms et al., 2015; 

Vanhoeyveld et al., 2019). Support vector machines separate the data by constructing a 

hyperplane as a decision boundary in the feature space based on predefined classes, which can 

be used with both linear and non-linear kernel functions (i.e., radial basis function kernel, “rbf”) 

(Martens et al., 2007; Purda & Skillicorn, 2015; Vanhoeyveld et al., 2019; Walker et al., 2020). 

Although prior research shows that support vector machines perform significantly more 

accurately than linear models (e.g., Goel et al., 2010; Van Gestel et al., 2003; Baesens et al., 

2003 Loterman et al., 2012), their performance on attributions have not been widely 

investigated. As a non-linear technique, we use the random forest classifier in our analyses, as 

several benchmarking studies show that random forests provide the most accurate classification 

compared to other non-linear algorithms (Fernandez-Delgado et al., 2014; Guo et al., 2004; 

Lessmann et al., 2008; Moeyersoms et al., 2015). A random forest classifier is an ensemble 

method that generates multiple decision trees and aggregates the result of trees for a final class 

prediction (Breiman, 2001). Although non-linear techniques offer high predictive performance, 

their comprehensibility25 is lower due to their complex mathematical models (Martens et al., 

2007). Hence, we include an additional rule/tree-based classifier26, which is considered the 

most comprehensible method (Martens et al., 2007; Moeyersoms et al., 2015) to provide a more 

robust comparison between models. Moreover, the classifiers we include in this study are 

shown to be effective in text classification and are widely used in prior research (Fernández et 

al., 2018, p. 3; Ignatow & Mihalcea, 2018, p. 62; Provost & Fawcett, 2013, p. 249).  

3.1. Training dataset 

We use a corpus of management commentary reports initially assembled and manually 

annotated by Aerts and Tarca (2010) as a dataset to train machine learning algorithms and 

 
25 The term “comprehensibility” refers to how well humans understand the classifier-induced classification.   
26 The specific decision tree algorithm we include in our analyses is “classification and regression tree” (also 
known as CART in the literature).  
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perform our tests. This corpus includes management commentary reports (MD&A or operating 

and financial review (OFR) reports) of listed companies from four common law countries 

(USA, Canada, UK, and Australia) where public accountability and related information 

disclosure is central to efficient capital markets. The companies in the corpus come from five 

industries (building materials, food processors, pharmaceuticals, biotechnology, and retail). 

The corpus consists of approximately 1.21 million words and comprises a total of 4,585 

annotated attributional statements across 172 companies for the 2003 financial year (Table 1). 

 
 
Table 1: Sample selection - number of companies by industry and country 
            
  Biotech Building mat. Food process. Pharma. Retail. 
            
Australia 7 9 7 7 8 
Canada 10 5 8 8 5 
UK 10 7 10 7 13 
USA 13 4 11 12 11 

 
 
 

Knowing that institutional setting may affect a company’s attributional style, the multi-

country dimension of the corpus allows to include more variety and intensity of attribution 

patterns in management commentary reports. As prior research suggested that company size 

and industry membership are associated with disclosure (Cole & Jones, 2004), the corpus 

controls for industry effects and company size. Industry is controlled by including companies 

of only five industries (cf. supra). Moreover, in each industry group and country, companies 

were selected based on relative size (measured by market capitalization)27.  

Although the management reports included in the corpus date from a while back, the 

corpus has the advantage of including, annotating, and corroborating a wide range of fine-

grained attributional style properties which are relatively time-invariant by nature although 

 
27 For further details on selection details and population representation we refer to Aerts and Tarca (2010). 
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their prominence is affected by institutional context. In this vein, Aerts and Tarca (2010) show 

that differences in institutional environment and associated regulatory and litigation risks 

significantly affect the attributional properties of explanatory statements. Country differences 

relate to intensity of argument, presentational tendencies, preferences for formal language use 

and relative importance of tactical causal shading of explained outcomes through the use of 

entitlements, enhancements, excuses, justifications, and causality denials. Acknowledging this 

broad repertoire of attributional shading makes this corpus and dataset unique to explore the 

feasibility of automated attributional behavior measurement.  

 Using this dataset, we implement our three-level hierarchical classification approach. 

To construct our training/test data in the first level, we randomly select and manually classify 

842 (421 in each class) intra-sentential and 428 (214 in each class) inter-sentential 

performance-related statements and non-performance-related statements from the MD&A 

reports. Non-performance-related statements provide information such as definitions of terms 

used in disclosures or company background that are not related to financial performance. 

Performance-related statements elaborate on a company’s financial performance (with and 

without explanations). This initial set of statements from management commentary reports is 

used to train and test machine learning algorithms in a binary setting to identify performance-

related statements in management commentary reports. Then, at the second level, we randomly 

select and manually identify 778 (389 in each class) intra-sentential and 428 (214 in each class) 

inter-sentential performance-related statements with attributions and performance-related 

statements without attributions. We use these observations to train and test the machine 

learning algorithms in a binary setting to detect performance-related statements with 

attributions, i.e., causality extraction, following prior literature (Zhao et al., 2016). The 

attributional statements used at the third classification level were initially identified by two 

independent researchers (coder 1 and 2) and characteristics of the identified attributional 
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statements were manually coded by two other independent researchers (coder 3 and 4) 

according to a detailed coding scheme28.  

Each attributional statement is decomposed into an explained effect section and one or 

more explanatory phrases. The explained effects are coded according to four characteristics: 

nature (revenues, expenses, income/earnings/profit), valence (positive, negative/neutral), 

qualitative/quantitative, and analytical level of the effect (division/product/geographic, 

company as a whole). The explanatory phrases are also coded based on four characteristics: 

direction of cause-effect relationship (same direction, opposite direction), 

qualitative/quantitative, nature of cause (causal explanation, accounting-technical 

explanation), and locus of causality (internal, external). The performance-related attributional 

statements consist of 2,545 intra-sentential and 2,040 inter-sentential statements. This, in total 

(for all levels), provides us with 7,061 statements to train our classifiers. Table 2 shows the 

total number of statements at all three levels.  

 

 
28 Inter-coder reliability of the coding process showed initial agreement between coders for identifying 
attributional statements of 91%, while the initial agreement between coders for the coding characteristics of the 
components of attributional statements was, on average 88% (Aerts & Tarca, 2010).  
 



172 
 

 



173 
 

 



174 
 

As Table 2 shows, for the third level, the distribution between classes is skewed. Table 

3 presents the imbalance ratio for each class of characteristics used at level 3. This can pose a 

challenge for classifiers because they tend to be biased towards the majority class (Chawla et 

al., 2002; Krawczyk, 2016; Ling & Li, 1998). A dataset is imbalanced when there is a 

significant or extreme disproportion among the number of examples in classes (Fernández et 

al., 2018, p. 19). A suggested solution for this kind of problem is manually under-sampling the 

major class and/or over-sampling the minor class (Batista et al., 2004; Chawla et al., 2002; 

Ling & Li, 1998). The former methodology randomly removes observations from the majority 

class until the total number of observations in the majority class is equal to the minority class, 

and the latter randomly uses an observation multiple times to train the algorithms (Batista et 

al., 2004). Chawla et al. (2002) introduce a more advanced over-sampling method for 

imbalanced distributions by creating synthetic examples rather than by over-sampling with 

replacements, called SMOTE (“synthetic minority over-sampling technique”).  

In this paper, we use SMOTE to over-sample the minority classes when the imbalance 

ratio is higher than 4.5:129. In our dataset, we use SMOTE on four categories: Intra-sentential 

B1, intra-sentential B2, inter-sentential A3, and inter-sentential B1. We implement SMOTE on 

our training datasets to set the imbalance ratio to 2:1 by using “imblearn” Python library for 

the sampling technique. This is used to oversample the minority classes until the imbalance 

ratio is 2:1.  

 
29 The imbalance ratio is defined as the sample size of the largest majority class examples divided by the sample 
size of the smallest minority class (Fernández et al., 2018, p. 20). 
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3.2. Data preparation and text pre-processing 

Sentence segmentation (one of the data pre-processing steps) and coding can be easily 

implemented to attributional statements that are embedded in one sentence through 

conjunctions. However, attributional statements can also span multiple sentences (Kruengkrai 

et al., 2017; Oh et al., 2013; Zhao et al., 2016), so that sentence-level analysis would not be 

robust (example statement 2, cf. Section 2.1.2. Attribution). Hence, we train machine learning 

algorithms at both sentence-level and multiple sentence-level separately, to capture both intra-

sentential and inter-sentential features of attributions. At both intra-sentential and inter-

sentential levels, it was necessary to adjust the coded attributional statements. In the dataset, 

some attributional statements combine one effect with multiple reasons or causes. For example, 

there are statements where one explained effect is attributed to several antecedents with 

commas and these antecedents may have different characteristics. So, each antecedent-

consequence relationship was treated as a separate attributional statement. Below, a sample 

coded statement is provided:  

Example statement 3: “Statutory operating profits for the year ended 31 
March 2003 were £24.5 million. This was an increase of £6.6 million 
(37.2%) on the previous year. The newly acquired bonmarché business 
contributed £11.7 million to this figure and goodwill and exceptionals 
reduced it by £2.3 million, with the balance attributable to existing 
operations” (The Peacock Group Plc. Annual report and accounts, 
2003, p. 14). 
 

In example statement 3, the explained outcome is that the company increased statutory 

operating profits by 37.2%. Different antecedent factors are mentioned to frame the 

performance outcome: (1) The newly acquired ‘bonmarché business’ that contributed £11.7 

million; (2) ‘goodwill and exceptionals’ reducing performance by £2.3 million, and (3) with 

the balance ‘attributable to existing operations’. So, one performance outcome is linked with 

three antecedent (or causal) factors. One of the three antecedents has a negative effect on the 

outcome, while the other two contribute positively, meaning that antecedents have a different 
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‘direction of cause-effect relationship’ (one of the coded characteristics of the antecedents). In 

our analyses, we normalized the attributional statements by treating each combination of effect 

and antecedent as an individual attributional statement and treating the individual combination 

of effect and antecedent as unit of analysis. This is necessary for training machine learning 

algorithms so that they can understand patterns in the data. Table 4 shows an example of the 

detailed scoring and normalization of a combined attributional phrase. 

Table 4: Example Coded Statement 
  

Food Services operating profit has increased by 17% to £35.1 million reflecting a good 
performance in the household business and the improved trading conditions in commodity 
ingredients during the year.  

Outcome/effect   
Food Services operating profit has increased by 17% to £35.1 million. 
A1 - Nature of effect: Profit   
A2 - Valence of the effect: Positive   
A3 - Quantitative or 
Qualitative:Quantitative   

A4 - Level of effect: Division   
    
Cause 1 Cause 2 
reflecting a good performance in the 
household business. 

and the improved trading conditions in 
commodity ingredients during the year.  

    
B1 - Direction of cause: Same direction B1 - Direction of cause: Same direction 
B2 - Quantitative or qualitative: Qualitative B2 - Quantitative or qualitative: Qualitative 
B3 - Nature of cause: Causal explanation B3 - Nature of cause: Causal explanation 
B4 - Locus of causality: Internal B4 - Locus of causality: External 
    
Phrase 1 Phrase 2 
Food Services operating profit has 
increased by 17% to £35.1 million reflecting 
a good performance in the household 
business. 

Food Services operating profit has 
increased by 17% to £35.1 million 
reflecting the improved trading conditions 
in commodity ingredients during the year.  

 
 
 

Before working on machine learning algorithms, several text pre-processing steps are 

required, such as sentence segmentation, tokenizing, stemming, and removing stop words. We 

use Python 3 on Jupyter Notebook for NLP and machine learning tasks. In Python, toolkits 
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such as Spacy and natural language toolkit (NLTK) are used for NLP. Using Spacy, we first 

perform sentence segmentation for intra-sentential attributions. For inter-sentential 

attributions, we separate each adjacent two sentences. It has been reported that in 77% of 

multiple sentence statements, the first clause comes immediately after the first sentence to 

establish a connection (Prasad et al., 2008). So, for inter-sentential attributions, the explanatory 

features can be expected to be extracted from consecutive sentences (Walker et al., 2020). 

Then, we remove stop words and tokenize performance-related attributional statements. We 

use NLTK’s Porter stemmer to remove all suffixes and prefixes in each word. We also employ 

the bigram identification in Python, so we train the algorithms by controlling the combination 

of two adjacent words. For the term weighting method, we use TF-IDF, which is a common 

value representation method for terms (Bach et al., 2019; Liu et al., 2017; Loughran & 

McDonald, 2011; Provost & Fawcett, 2013, p. 256).  

3.3. Algorithm construction 

For machine learning, we use the scikit-learn toolkit in Python. The scikit-learn toolkit 

is “a Python module integrating a wide range of state-of-the-art machine learning algorithms 

for medium-scale supervised and unsupervised problems” and is widely used in machine 

learning research (Pedregosa et al., 2011).  

As all classifiers use different parameters for calculation, it is necessary to tune the 

parameters of the machine learning models, so that the model fits the data as good as possible 

(Provost & Fawcett, 2013, p. 81). To find hyper-parameters for optimal performance, we use 

GridSearchCV of the Scikit-learn toolkit in Python, which selects the parameters on a specified 

parameter grid, fits it to the algorithm, and reveals the maximum performance for each 

classifier (Pedregosa et al., 2011). In the K-fold cross-validation test, the training and test sets 

are randomly divided into K number of parts, and algorithms are run K times. One of the K 

parts is used as the testing data, while the others are used as the training data. This is a 
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bootstrapping technique to increase the validity of results (Humpherys et al., 2011). For our 

grid-search technique, we use the 10-fold cross-validation method to find out the optimal 

parameter combination of classifiers. For naïve Bayes classifier parameters, we control 

different alpha30 values, while other parameters are taken as default values. For logistic 

regression classifier parameters, we control random state31 and solver32. For support vector 

machines’ parameters, we control the penalty parameter C of the error term33 and the kernel34. 

For random forests, we control the number of trees in the forest35 and the maximum depth of 

the tree36. Finally, for decision trees we control the maximum depth of the tree and the minimum 

number of samples required to be at a leaf node.37 

With the selected parameters, we train and test the five classifiers with the pre-

processed attributional statements. We conduct the analysis separately for intra- and inter-

sentential attributional statements using a 15% train-test split for all levels. To control the 

effectiveness of machine learning methods, we compare accuracy, F1-score, and wall time of 

the grid search process. Accuracy is a common performance evaluation metric and assesses the 

overall effectiveness of the algorithm (Sokolova et al., 2006). It is calculated by the total 

number of statements correctly classified, divided by the total number of statements analyzed. 

Because accuracy does not distinguish between the numbers of correctly classified examples 

of different classes (Fernández et al., 2018, p. 22), we measure the performance of the 

classifiers using F1-score, as well. Van Rijsbergen (1979) defines the F1-score as the harmonic 

mean of precision and recall. F1-score is “a composite measure which benefits algorithms with 

 
30 Alpha: Additive (Laplace/Lidstone) smoothing parameter. Controlled for 0.01, 0.1 and 1.0 (default: 1.0). 
31 Random state: The seed of the pseudo random number generator to use when shuffling the data. Controlled for 
“none”, 42, 100. 
32 Solver: Controlled for ‘lbfgs’, ‘newton-cg’, ‘sag’ and ‘saga’ (default: lbfgs). 
33 C: Regularization parameter. Controlled for 1, 8, 12 and 64 (default: 1). 
34 Kernel: Specifies the kernel type to be used in the algorithm. Controlled for ‘linear’ and ‘rbf’ (default: ‘rbf’). 
35 N_estimator: The number of trees in the forest. Controlled for 10, 100 and 1000 (default: 100).  
36 Max_depth: The maximum depth of the tree. Controlled for “none”, 5, 10, 100, 1000 (default: “none”). 
37 Min_samples_leaf: The minimum number samples required to be at a leaf node. Controlled for .04, .06, .08, 1 
(default: 1).  
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higher specificity” (Purda & Skillicorn, 2015; Sokolova et al., 2006). In text classification, the 

metrics precision and recall are often used (Provost & Fawcett, 2013, p. 271). Precision is the 

ratio of relevant observations retrieved to the total number of observations retrieved, and recall 

is the ratio of the number of relevant observations retrieved to the total number of relevant 

observations (Formula 1) (Yang et al., 2018).  

 𝐹1!"#$% = 2 ∗	&$%"'('#)	∗	$%",--
&$%"'('#).$%",--

					(1)    

Moreover, we include the wall time of each grid search process for each classification to 

measure the performance of classifiers in terms of time. Wall time is the actual time that is 

needed to run the program from the start to the end. 

4. Results 

4.1. Performance evaluation of the classifiers 

We follow a top-down strategy to classify attributional features of performance-related 

statements (Figure 1)38. For hierarchical classification tasks, the overall classification tasks are 

structured with subclasses and superclasses (Nakano et al., 2017). In the top-down approach, 

one or more classifiers are trained for each level in the hierarchy (Costa et al., 2007; 

Kiritchenko et al., 2005).  

We plot the predictive performance of our models using the Matplotlib library on 

Python. Figure 2 illustrates the predictive performance of classifiers on all levels for intra- and 

inter-sentential settings. It is apparent that our decision tree classifier is the least accurate model 

for all levels and settings. This result is in line with prior research as a rule/tree-based classifier 

provides more comprehensibility and limited predictive performance (Moeyersoms et al., 

 
38 We conduct our analysis using a system with IntelCore i7-8850H processor, 16.0 GB installed memory (RAM). 
The Python codes of the analyses are available in the following repository:  
https://github.com/anilberkin/nlp-ml/blob/main/ML_Comparison.ipynb 
 

https://github.com/anilberkin/nlp-ml/blob/main/ML_Comparison.ipynb
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2015). However, the most accurate classifier varies depending on intra- and inter-sentential 

settings, as well as the specific level being considered.  

 

 
 
 

 
 

Figure 2: Accuracy results at levels 
 
*NB: Naïve Bayes classifier, LR: Logistic regression, SVM: Support vector machines, RF: Random forest, DT: Decision trees 

 
 

The first level is to extract performance-related statements and separate them from all 

other information disclosed in narrative reports, i.e., identification. The one-versus-rest binary 

(performance-related statements and non-performance-related statements) classification 

results show that all five machine learning techniques have an F1-score and accuracy that 

equals at least 75%, with support vector machines (trained with the “rbf” kernel as a non-linear 

model) performing as the most accurate classifier (see Table 5). The results also indicate that 

classifiers perform better with multiple sentences (inter-sentential) than a single sentence 

(intra-sentential) in terms of classifying whether statements are performance-related or not.  

At the second level, we focus on detecting performance-related statements with 

attributions, in which managerial explanations on performance outcomes are provided. We 
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train machine learning algorithms in a binary setting, i.e., performance-related statements with 

and without attributions, and test the performance of classifiers. For the second level, the 

performance of classifiers is lower compared to the first level in both intra- and inter-sentential 

settings. This shows that it is more challenging to classify performance-related statements 

based on whether or not the identified performance-related statements include managerial 

explanations compared to distinguishing performance-related statements from non-

performance-related statements. The finding is in line with prior research focusing on causality 

mining, or causality extraction (Kruengkrai et al., 2017; Oh et al., 2013; Zhao et al., 2016). The 

highest F1-score and accuracy (being 83%) are noted for the random forest classifier for the 

intra-sentential setting. Interestingly, the naïve Bayes classifier outperforms the other 

classifiers for the inter-sentential setting (F1-score and accuracy of 86%), while the random 

forest classifier ranks as the last but one (and after decision trees) based on its performance for 

the inter-sentential setting (with 78% accuracy and 79% F1-score).  

Table 5: Results of Level 1 and Level 2  

      Intra-sentential   Inter-sentential 
                    
  Classifier   Acc. F1 Time 

 
Acc. F1 Time 

                    

Level 1 

NB   .80 .80 3"   .92 .92 1" 
LR   .82 .82 9"   .92 .92 7" 

SVM   .84 .84 19"   .92 .92 10" 
RF   .83 .83 1'25"   .89 .89 1'00" 

  DT   .76 .75 4"   .75 .75 3" 
                    

Level 2 

NB   .73 .73 2"   .86 .86 1" 
LR   .81 .81 7"   .83 .83 6" 

SVM   .80 .80 14"   .85 .85 9" 
RF   .83 .83 1'24"   .78 .79 1'06" 

  DT   .68 .68 4"   .63 .63 3" 
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At the third level, we analyze the performance of classifiers in classifying performance-

related attributional statements based on content and style-related characteristics. In Table 6, 

the performance evaluation metrics for the machine learning algorithms are shown for each 

characteristic. Depending on the content and style characteristics, the classification accuracy 

and F1-score vary in the range of 58%-94%. The results clearly show that our support vector 

machines largely outperform other classifiers at the third level for both outcome/effect and 

cause/reason characteristics in intra- and inter-sentential settings. The lowest accuracy and F1-

score on both intra- and inter-sentential settings are observed for B3 - nature of cause, i.e., 

whether explanations are accounting-technical or based on causal reasoning.  
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Table 6: Results of Level 3                   
                  

      Intra-sentential   Inter-sentential 
                    
Characteristics Classifier   Acc. F1 Time  Acc. F1 Time 
                    

A1 – Nature of effect 

NB   .88 .88 5"   .91 .91 7" 
LR   .91 .91 44"   .92 .92 28" 
SVM   .93 .93 3'11"   .94 .94 1'41" 
RF   .91 .91 5'47"   .94 .94 2'56" 

  DT   .77 .77 9"   .77 .77 10" 
                    

A2 – Valence of the effect 

NB   .87 .87 6"   .90 .90 4" 
LR   .85 .85 36"   .87 .87 21" 
SVM   .89 .89 3'26"   .92 .92 1'42" 
RF   .85 .85 6'08"   .89 .89 2'54" 

  DT   .68 .67 9"   .73 .72 11" 
                    

A3 – Effect is quantitative or qualitative 

NB   .84 .84 6"   .92 .92 8" 
LR   .84 .83 38"   .93 .92 32" 
SVM   .88 .88 3'36"   .91 .91 1'15" 
RF   .85 .84 6'29"   .92 .93 2'32" 

  DT   .73 .72 9"   .82 .82 17" 
                    

A4 – Level of effect 

NB   .88 .88 3"   .89 .89 6" 
LR   .85 .84 19"   .90 .90 22" 
SVM   .89 .89 1'53"   .93 .93 1'40" 
RF   .84 .84 3'51"   .88 .88 2'57" 
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  DT   .64 .62 8"   .69 .67 9" 
                    

B1 – Direction of cause-effect relationship 

NB   .86 .86 4"   .82 .81 4" 
LR   .94 .94 20"   .85 .83 23" 
SVM   .94 .94 1'14"   .85 .84 1'18" 
RF   .93 .92 2'33"   .88 .85 2'42" 

  DT   .92 .92 7"   .81 .80 8" 
                    

B2 – Cause/reason is quantitative or qualitative 

NB   .88 .87 3"   .82 .79 5" 
LR   .89 .89 21"   .79 .72 21" 
SVM   .88 .87 1'36"   .85 .83 1'12" 
RF   .90 .89 2'50"   .81 .75 2'40" 

  DT   .73 .76 7"   .81 .78 9" 
                    

B3 – Nature of cause/reason 

NB   .79 .79 6"   .74 .74 4" 
LR   .81 .80 41"   .74 .74 23" 
SVM   .82 .82 3'48"   .76 .76 2'43" 
RF   .80 .79 7'23"   .74 .74 4'14" 

  DT   .71 .67 8"   .59 .58 10" 
                    

B4 – Locus of causality 

NB   .84 .83 3"   .81 .79 6' 
LR   .83 .80 21"   .83 .79 39' 
SVM   .85 .83 1'39''   .85 .83 2'13'' 
RF   .83 .82 3'30"   .83 .81 4'34" 

  DT   .78 .72 9"   .78 .68 9" 
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Finally, the results show that running the hyper-parameter selection tool takes longer 

for random forests compared to the other classifiers. Although the naïve Bayes algorithm is not 

the classifier with best performance, it may still be a good alternative to use for large datasets, 

due to its low computational cost (cf. wall time). 

In order to demonstrate the performance of the classifiers in more detail, confusion 

matrices, i.e., true (false) positives (negatives), are provided for each level in Table 7, which is 

used to calculate F1-scores (i.e., precision and recall). We additionally use the confusion 

matrices to evaluate the hierarchical model.  
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Table 7: Confusion Matrices/Level                       
                        
      Intra-sentential   Inter-sentential 
                        
  Classifiers   TP FP TN FN   TP FP TN FN 
Level 1                       

Performance x Non-performance 

NB   52 13 50 12   30 1 29 4 
LR   49 8 55 15   30 1 29 4 
SVM   51 7 56 13   29 1 30 4 
RF   49 6 57 15   29 1 28 5 

  DT   42 9 54 22   24 6 24 10 
Level 2                        

With attributions x Without attributions 

NB   43 12 42 20   26 6 30 3 
LR   51 10 44 12   26 8 28 3 
SVM   51 11 43 12   26 7 29 3 
RF   56 13 41 7   23 8 28 6 

  DT   45 19 35 18   21 16 20 8 
Level 3 - Characteristics                       
                        

A1 – Nature of effect  

NB   113 16 242 16   96 9 200 9 
LR   117 11 246 11   96 8 200 8 
SVM   120 9 249 9   99 6 203 6 
RF   117 11 246 11   98 4 203 6 

  DT   100 29 228 29   81 24 186 24 
                        

A2 – Valence of the effect 
NB   126 23 212 26   127 17 156 14 
LR   118 23 212 34   119 18 155 22 
SVM   133 23 212 19   128 12 161 13 
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RF   114 21 214 38   118 10 163 23 
  DT   78 51 184 74   87 32 141 54 
                        

A3 – Effect is quantitative or qualitative 

NB   98 18 226 42   31 13 250 13 
LR   94 16 228 46   26 5 258 18 
SVM   113 18 226 27   27 10 253 17 
RF   95 13 231 45   24 0 263 20 

  DT   75 39 205 65   17 27 236 27 
                        

A4 – Level of effect 

NB   133 18 207 28   173 20 106 14 
LR   120 18 207 41   176 21 105 11 
SVM   135 18 207 26   176 11 115 11 
RF   123 25 200 38   171 20 106 16 

  DT   84 62 163 77   148 69 57 39 
                        

B1 – Direction of cause-effect relationship 

NB   25 27 306 27   17 18 241 37 
LR   36 6 327 16   20 14 245 34 
SVM   40 10 323 12   22 14 245 32 
RF   30 6 327 22   19 4 255 35 

  DT   31 8 325 21   16 21 238 38 
                        

B2 – Cause/reason is quantitative or qualitative 

NB   296 26 23 19   201 43 22 7 
LR   302 26 23 13   207 57 8 1 
SVM   300 28 21 15   200 34 31 8 
RF   310 31 18 5   207 52 13 1 

  DT   248 31 18 67   199 43 22 9 
                        
B3 – Nature of cause/reason NB   66 28 235 51   99 49 126 31 
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LR   64 18 245 53   92 41 134 38 
SVM   71 21 242 46   99 41 134 31 
RF   58 16 247 59   90 38 137 40 

  DT   31 24 239 86   57 52 123 73 
                        

B4 – Locus of causality 

NB   44 13 281 48   23 12 232 47 
LR   31 6 288 61   19 3 241 51 
SVM   42 6 288 50   28 5 239 42 
RF   39 7 287 53   23 5 239 47 

  DT   14 7 287 78   19 11 230 54 
                        

 
 



190 
 

The evaluation of the performance of classifiers at each level does not cover the 

performance of classifiers for a hierarchical classification task, which is more complex (Costa 

et al., 2007). Because of the relations to other classes in the hierarchy, e.g., ancestors or 

descendants, the commonly used measures such as accuracy, F-measure, precision, or recall 

are not appropriate (Kosmopoulos et al., 2014).  

In our model, we employ hierarchy-based evaluation metrics, i.e., hierarchical F1-

score, to measure the overall performance of the three-level hierarchical classification task. 

This is an evaluation metric based on hierarchical precision and hierarchical recall (Cerri et al., 

2016; Costa et al., 2007; Kiritchenko et al., 2004; Nakano et al., 2017). Formulas (2, 3, 4) are 

used to compute the hierarchical F1-score, where hP and hR stands for hierarchical precision 

and hierarchical recall and 𝐶' and 𝑍' correspond to the set of true and predicted classes for an 

instance i, respectively: 

ℎP =
∑ |𝑍' ∩ 𝐶'|'

∑ |𝑍'|'
					(2) 

ℎR =
∑ |𝑍' ∩ 𝐶'|'

∑ |𝐶'|'
					(3) 

ℎ𝐹("#$% =
2 ∗ ℎP ∗ ℎR
ℎP + ℎR 					(4) 

To calculate the hierarchical F1-score of an instance i, we employ a gold standard, i.e., 

human-annotated, external data. We use data provided by El Haj et al. (2016), which consists 

of 3,491 coded intra-sentential performance-related statements based on locus of causality, i.e., 

internal or external attributions, from 500 preliminary earnings announcements issued between 

2010 and 2012 by firms listed on the London Stock Exchange. We randomly select 100 

attributional statements, i, from the dataset and use this as a holdout sample to see whether our 

trained classifiers can predict the correct classes, i.e., B4 - locus of causality: external or 

internal. We run three levels, as in a top-down hierarchical setting, on our best-performed 
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classifier, support vector machines39, and measure the hierarchical F1-score for the 

classification based on locus of causality using the ancestor classes, i.e., level 1 and level 2. 

The hierarchical F1-score for locus of causality is 61%. This is lower than non-hierarchical 

results because the hierarchical measure punishes errors at higher levels more heavily 

(Kiritchenko et al., 2005). Due to unavailability of needed detail in external gold standard 

datasets, it is not possible to evaluate the hierarchical F1-score for all content and style-related 

attributional characteristics. Thus, we used locus of causality as a proxy for the third level. 

However, we can generalize that 84%, 80%, and 83% (for the first, second, and third levels, 

respectively) F1-scores lead to hierarchical F1-score varying between 60% - 65%.  

4.2. Supplementary analyses 

The utility of a predictive model depends on the model’s ability to maintain its accuracy 

when different samples are used as input values to the model (Terrin et al., 2003). To assess 

this, we conduct a supplementary external validity test on support vector machines using an 

alternative dataset consisting of chairman’s statements. Chairman’s statements are highly 

discretionary and subject to IM because managers’ predisposition to associate themselves with 

corporate financial results is linked to the firm’s underlying financial performance (Clatworthy 

& Jones, 2006). Hence, they provide a good ground to test the validity of support vector 

machines. Using Bureau Van Dijk’s Orbis database, we identified listed firms operating in the 

UK for fiscal year 2018. Next, based on change in return on assets (ROA) between 2017 and 

2018, we selected firms in the top and bottom quartiles to obtain a sample including both the 

best and worst performing firms. We exclude observations with extreme changes in ROA (i.e., 

more than 100% in- or decrease), firms that operate in the financial sector (NACE code: 64, 

65, 66), firms that operate in “other activities” (NACE code: S), and firms that do not have a 

 
39 Support vector machines give the best accuracy among other classifiers in our internal validity tests (average 
accuracy is 0.88 for three levels, with best-fit hyper-parameters: C=8, gamma=1, kernel=‘rbf’). 
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chairman’s statement in their annual report. Doing so, we end up with sample of 212 

chairman’s statements (collected through firms’ websites and the website of the London Stock 

Exchange), resulting in a final sample of 9,974 sentences in total. Having a sample composed 

of both the best and worst performing firms ensures a variety of performance-related 

attributions in our dataset.  

We use the sentences as an input for our trained support vector machines with best-fit 

hyper-parameters. We, then, randomly select 100 intra-sentential performance-related 

attributional statements from the chairman’s statements, manually annotate their 

outcome/effect and cause/reason according to their content and style and track their 

classification. For each chairman’s statement, our classifier follows level 1 (identification of 

performance-related statements), level 2 (detection of performance-related statements with 

attributions), then level 3 (classification of the identified performance-related statements with 

attributions based on the textual characteristics). For the first level, we expect our classifier to 

extract the sentences that we randomly selected. In total, our classifier extracts 2,883 

performance-related statements for the first level. 86 out of the 100 randomly selected 

performance-related statements with attributions are classified as performance-related 

statements (implying a 14% error rate for the first level). For the external validity of the second 

level, we run our algorithm to classify the 86 performance-related statements based on whether 

they contain attributions or not. Out of the 86 correctly classified performance-related 

statements (with attributions), 23 were classified as without attributions. 23 misclassifications 

imply a 27% error rate (i.e., 23/86), which is in line with our findings. For the third level, on 

average, content and style-related characteristics of performance-related attributional 

statements can be classified with a 20% error rate. Based on this, the error rates (1-accuracy) 

for the hierarchical classification are shown in Table 8. 
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Table 8: External validity results – Error rates 
  
    
Level 1 - Performance/Nonperformance   
    
Performance x Non-performance .14 
    
Level 2   
    
With attribution x Without attribution .27 
    
Level 3 - Characteristics   
    
A1 – Nature of the effect .17 
A2 - Valence of the effect .14 
A3 - Effect is quantitative or qualitative .19 
A4 - Level of effect .34 
    
B1 - Direction of cause-effect relationship .12 
B2 - Cause/reason is quantitative or qualitative .18 
B3 - Nature of cause/reason .23 
B4 - Locus of causality of cause/reason .19 
    

 
 

External validity results can be lower than internal accuracies as using a different 

dataset may result in a decrease in accuracy (Terrin et al., 2003). This is expected, because data 

characteristics, variable definitions, or data collection methods may change (Terrin et al., 

2003). Moreover, external validity results also indicate that in a hierarchical setting 4840 out of 

100 statements are misclassified at the end of the hierarchy, where most of the 

misclassifications were found in the second level (27%), which is in line with prior research. 

Our results provide evidence that automated causality extraction (level 2) is the weaker phase, 

due to the multiple structures of causal inference (Kruengkrai et al., 2017; Oh et al., 2013; 

Walker et al., 2020; Zhao et al., 2016). As causality mining (second level in the hierarchical 

 
40 14/100 of statements were misclassified in the first level, 23/86 of statements were misclassified in the second 
level and 11/63 were misclassified in the third level.  
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approach) remains the most challenging step with lower accuracy in the machine learning 

hierarchy, the errors of the second level are carried to the third level, which leads to a significant 

decline in overall performance of the hierarchical approach.  

Alternatively, the LIWC causal word-list (Tausczik & Pennebaker, 2009) and the Coh-

Metrix’ causal connectives list (Graesser et al., 2011) provide a dictionary approach to detect 

attributions. To test the efficiency of the dictionary approach on causality extraction and 

compare the performance with machine learning models, we use the same 100 performance-

related statements with attributions as input for LIWC (causality dictionary) and the Coh-

Metrix (causal connectives) and compare their result with the machine learning algorithm on 

the second level. The results show that LIWC detects causality in 48/100 statements (i.e., the 

causal scores of the statements are higher than zero) and the Coh-Metrix captures causal 

connectives in 69/100 statements (i.e., causal connectives scores “CNCCaus” of the statements 

are higher than zero), while our support vector machines classify 76/100 of the statements 

correctly as “with attribution”, which is more accurate than the Coh-Metrix classification. 

Manually investigating the outcomes of LIWC and the Coh-Metrix reveals that statements 

including attribution do not necessarily have to include causal words or phrases, that can be 

captured through LIWC and the Coh-Metrix. Below three example statements are given that 

were misclassified by both LIWC and the Coh-Metrix, but were accurately classified as “with 

attribution” by our machine learning algorithm:  

 “The majority of our markets performed well, demonstrating the values 
of a balanced portfolio, with notably strong performances in 
Automative, Electronics and Energy” (Victrex plc., 2018) 
 
 “In North America, the US also had a record year, growing 25%, with 
our strategy of diversification, both in terms of location and discipline, 
delivering notable performances from our regional offices in Boston, 
Chicago, Houston and Los Angeles.” (Pagegroup plc, 2018) 
 
“Group revenue at £367.5m was 11.0% ahead of 2017 reflecting in part 
the acquisition of Bison business completed in September 2017.” 
(Forterra plc., 2018) 
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 As our comparison outcomes show, none of the automatized causality extraction 

methods provide as accurate results as manual coding, although implementing machine 

learning to detect attributions can provide significantly more robust classification than LIWC 

and the Coh-Metrix. Taken together, these results provide important insights into the feasibility 

of using machine learning algorithms for the classification of performance-related attributional 

statements. This section has reviewed the external validity performance of our best-performing 

machine learning algorithm, support vector machines, and compared their performance with 

traditional dictionary methods. The following section will present conclusions, discuss 

limitations and expand on future work.  

5. Discussion and conclusion 

The aim of the present study was to examine the feasibility of machine learning 

algorithms for the classification of performance-related attributional statements. As van 

Atteveldt et al. (2021) discuss, both traditional content analysis and machine learning methods 

have their advantages and disadvantages. Whether traditional content analysis or machine 

learning suits best for a study depends on the research question and the analysis of interest (El-

Haj et al., 2019a). Nevertheless, the vast majority of studies on attributional IM have used a 

manual text analysis approach due to the complexity of managerial explanations (El-Haj et al., 

2019a). Overall, our results show that machine learning algorithms may offer an alternative 

methodological approach for the analysis of attributional statements in narrative reports. 

Compared to traditional text analysis, machine learning can provide a fairly accurate 

methodology for large-scale identification and coding of attributions in a fast way, despite their 

complicated nature. Yet, manual content analysis remains unavoidable for automated 

classification due to the necessity of a training dataset (El-Haj et al., 2019a; Fisher et al., 2016).  
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In applying a top-down hierarchical classification approach, we replicate the full scope 

of a manual coding process of attributions using machine learning algorithms. The hierarchy 

relates to identifying statements commenting on firm performance (level 1), to detecting the 

ones with explanations (level 2), and, lastly, to classifying explanations based on attributional 

features (level 3). This approach allows us to observe the performance of classifiers at different 

coding levels, as well as for the full coding process, and to identify levels that require further 

attention or, eventually, alternative treatment. Due to the different forms of causal inference, 

our findings support previous studies, showing automated causality extraction (level 2) is the 

weaker phase, which results in an overall decline in the performance of the hierarchical 

approach. Although the performance of machine learning methods for level 2 is slightly better 

than dictionary methods (76% accuracy compared to 69% and 48% in the supplementary 

analyses), manual identification of managerial explanations may provide a more robust 

solution. Hence, using a hybrid approach, where machine learning methods for level 1 and 

level 3 combined with manual identification of attributions at level 2, would increase the 

hierarchical F1-score significantly by about 20% (considering no misclassifications at level 2). 

Overall, our findings are in line with prior research corroborating that automated techniques 

do not always perform sufficiently accurate and need to be validated (van Atteveldt et al., 2021; 

Walker et al., 2020). More specifically, our study highlights that automatic causality extraction 

needs to be carefully validated.  

In addition, for the third level in the classification hierarchy, our results show that 

machine learning algorithms perform better for certain attributional features (e.g., nature of 

effect) than others (e.g., nature of cause). While machine learning algorithms perform 

sufficiently well (90% accuracy) in classifying thematic differences (i.e., revenue, expense, 

income) in the attributional statements, classification based on the nature of inference (causal 

explanation versus accounting-technical explanation) is more challenging. Again, this relates 
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to the diversity in causal inferences that were included in the training set. Further research 

could use our findings (results at level 3) to determine how to use and train machine learning 

algorithms. In this regard, it may be worthwhile to consider different training sets for 

classification of causal explanations versus accounting-technical explanations. This might also 

alleviate accuracy concerns at the causality extraction level (level 2). 

Moreover, while prior research so far has mainly focused on intra-sentential attributions 

and largely neglected inter-sentential attributions (due to the difficulty of the information 

extraction process), we consider both in our analyses and our results reveal a slight increase in 

the performance of machine learnings algorithms for inter-sentential attributions.  

Comparing the performance of five widely-used classifiers based on performance 

indicators for all levels and features, the decision tree classifier appears to be the least accurate 

classifier, while support vector machines (with an ‘rbf’ kernel) appear to be the most accurate 

classifier, although it slightly varies depending on the level of classification and attributional 

feature. This is in line with previous findings (Domingos & Pazzani, 1997; Martens, et al., 

2007; Moeyersoms et al., 2015; Fernández et al., 2018, p. 124; Goel et al., 2010; Walker et al., 

2020). Although decision trees and naïve Bayes generally provide more comprehensible 

results, their predictive performance tends to be lower. We show that although more advanced 

models, i.e., non-linear, are computationally more costly (i.e., substantial increase in wall 

time), they are better to use to obtain higher predictive performance.  

In general, we expect that the findings regarding the automated attributional analysis 

that we investigate in this study, are directly useful to investigate both the informational and 

presentational dimensions of explanations in managerial communication. While informational 

dimensions focus on how attributional statements create new information both in the sense of 

providing information on actual causality and building cognitive legitimacy, presentational 

dimensions relate to IM intent and primarily focus on selectivity and bias in the content patterns 
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of the attributional explanations. Attributional statements tend to define essential elements of 

the corporate performance environment for both internal and external audiences. They portray 

the normative and empirical bases on which to take measures or to judge ex-post the 

appropriateness of a firm’s actions and achievements by explaining “why” and “how” of 

corporate outcomes (Aerts, 2005). Prior research highlights the importance of such 

performance explanations for investors’ judgments (Koonce et al., 2011; Cianci & Kaplan, 

2010). Moreover, analyzing attributional statements is also particularly useful when 

investigating corporate governance processes, as attributions are highly instrumental to the 

accountability mechanisms that are embedded in the institutional environment of public 

companies to keep companies answerable and responsible for past behavior (Aerts & Tarca, 

2010; Brown et al., 2011).  

In practice, however, managerial performance explanations are not always causality-

based. Performance evaluation is permeated by accounting language with its inherent self-

explanatory logic: it provides its own categories (e.g., expenses, revenue, segments) to explain 

other (more aggregated) categories (e.g., margins and earnings) and accounting phenomena 

(such as consolidation of entity figures) (Aerts, 2005). The meaning of such formal language 

explanations is rather ambiguous, as the concepts and relationships that they use to explain 

performance outcomes are essentially analytical and do not establish actual causality (Aerts, 

1994; Hines, 1988). Nevertheless, they build on taken-for-granted and prominent ways of 

recording, analyzing and presenting firm performance. Being generally expected and 

conventional, accounting explanations are quite prominent in managerial performance 

explanation. To the extent that causal explanations are descriptive of actual causal mechanisms, 

they are probably more informative than accounting explanations by pointing to responsibility, 

motives and goals, or by altering the perceived valence of an outcome by offering a causal 

context (Koonce et al., 2011). They may, however, reveal proprietary information on the 
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underlying business model and proprietary costs may considerably constrain the use of causal 

explanations. In addition, causal explanations are not litigation-proof (Aerts & Cheng, 2011). 

Causation inferences are frequently established and interpreted based on intuition and 

conviction rather than factual facts. Moreover, in the diagnosis phase of explanation, it is not 

uncommon to identify a number of interrelated intervening factors which have been helpful or 

constraining in bringing about one specific outcome. An exposed argument, then, comes down 

to a selection process to arrive at one or more convenient explanations, where choosing a cause 

from a potentially large number of relevant antecedents is likely to be purpose-specific and 

context-dependent (Aerts et al., 2013). In that regard, performance explanation often reflects a 

tension between informational validity and presentational adequacy.  

The machine learning tools that we investigate in this study, accommodate the variety 

of attributional phenomena that are encountered in practice and allow to elaborate and examine 

an array of attributional features, from the intensity of argument, obvious self-presentational 

biases and preferences for formal language use to tactical causal shading of explained outcomes 

through the use of entitlements, enhancements, excuses, justifications and causality denials. 

The feasibility analysis we conduct may be helpful to address a diversity of informational and 

presentational research questions and settings where managerial performance communication 

(such as board meeting reports, management commentary and management presentations, 

MD&A, analyst reports, conference calls, blogs) is used as a key research instrument.  

Our study has certain limitations. First, we face general machine-learning-related 

limitations. For supervised machine learning methods, manual coding as a first step is 

necessary, as machine learning methods cannot discover original features unless they learn 

them from a training dataset (Goel et al., 2010). Because publicly (and readily) available 

training datasets are extremely scarce, constructing a training dataset is still a very time-

consuming process. Second, sample size is a limitation of our study. As sample size increases 
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statistical power for classifiers (El-Haj et al., 2019a), our study especially suffers from scarcity 

of training data for specific features (although we used oversampling to mitigate the issue). 

Third, scarcity of external datasets limited our study as well. We were not able to conduct 

additional hierarchical F1-score tests due to the absence of gold standard datasets. Fourth, 

following prior literature, due to the complexity of attributional statements, we had to 

normalize attributional statements by treating each combination of effect and antecedent as an 

individual attributional statement and treat the individual combination of effect and antecedent 

as unit of analysis. More research on attributions with multiple causes/reasons is needed.  
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CHAPTER V 

 

CONCLUSION 
 
 
 
This dissertation has undertaken a comprehensive exploration into top management’s language 

use in FR and SR. The dissertation is situated at the intersection of accounting, linguistics and 

sustainability research. The main aim of the dissertation is to investigate the use of top 

management’s language within the context of corporate narratives with the overarching goal 

of enhancing the accountability and transparency of SR as a disclosure practice. Drawing upon 

legitimacy theory, the investigation begins with the identification of linguistic style features 

and rhetorical profiles in FR and SR, followed by the examination of the effect of industry 

affiliation and ESG controversies on IM utilization in SR, and the assessment of novel 

methodologies for textual analysis in corporate reporting. The dissertation delves into how the 

institutional environment moderates discretionary storytelling tendencies. Furthermore, the 

examination of visibility’s role in rhetorical IM sheds light on the strategic use of SR by 

companies for legitimization. Finally, the dissertation explored the feasibility of machine 

learning methods for attributional content and framing analysis in corporate reporting. By 

evaluating the performance of various classifiers, the study provides a foundation for 

implementing machine learning methodologies for IM research, contributing valuable insights 

to the accounting and management literature.  

1. Theoretical Contributions 

This dissertation’s theoretical background is based on legitimacy theory. Despite its popularity 

legitimacy theory has been constantly criticized for: (1) failing to address the broader political 

and economic context for legitimacy strategies; (2) neglecting the motives that may lead to 
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voluntarily disclosing good SP-related content (i.e., voluntary disclosure theory); and (3) 

having the legitimacy, as a concept, very narrow and yet to be explored (Patten, 2019). First, 

although legitimacy strategies extend beyond corporate disclosures, legitimacy theory 

emphasizes the importance of companies aligning their performance with societal expectations, 

which are embedded in corporate communications through disclosures. This resonates with the 

findings of this dissertation: We continue to observe distinct language usage across FR and SR, 

as well as distinct storytelling styles and IM strategies within SR narratives. Second, as 

voluntary disclosure theory argues, companies are more motivated to disclose positive news to 

distinguish themselves from less successful competitors (Clarkson et al., 2008). On the other 

hand, from the legitimacy perspective, companies that poorly perform are expected to disclose 

more about their SP to gain acceptance (Aluchna et al., 2023; Patten, 2019). Our results show 

that once controversies occur, managers tend to implement IM strategies for justification and 

sense-giving reasons. Consequently, the findings of this dissertation further provide empirical 

evidence legitimacy theory is still prominent despite the persistent critique. Third, Patten 

(2019) further argues that there may be value in exploring how SR may serve differently for 

diverse stakeholders through different organizational façades. This dissertation provides 

important insights into the concept of legitimacy and legitimacy strategies by analyzing top 

management’s language use in both FR and SR, which aim at different stakeholders. 

Specifically, this dissertation contributes to the literature by highlighting that employing the 

generic term “legitimacy” without discerning these distinctions may lead to neglect of essential 

nuances linked to linguistic variations in corporate reporting due to diverse influences. Our 

contribution to the literature lies in highlighting the potential benefits of distinguishing 

stakeholder motives based on legitimacy types, specifically moral versus pragmatic legitimacy.  

 Theoretically, this dissertation also adds to the IM literature. Our studies show that we 

observe three main rhetorical streams in corporate narratives. The findings regarding both 
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informative (i.e., rational-factual and analytic appeals) and storytelling (i.e., personalized 

sense-giving, assertive, defensive) appeals provide empirical evidence that SR is definitely a 

hybrid disclosure, in which both informative and promotional functions are utilized. The 

utilization of these strategies (e.g., defensive as a more explanatory sense-giving purposes) 

provides further empirical evidence that IM serves both self-presentational and information-

sharing purposes, in line with prior research (Yan et al., 2019). Consequently, this dissertation 

highlights that IM practices in corporate narratives are not supposed to be perceived as 

unethical strategies. However, we acknowledge that IM can be considered unethical when 

deception occurs (Provis, 2010). In order to comprehend the ethical aspects of IM in SR, this 

dissertation may be insufficient, as the ethical evaluation can be more complex and may, for 

example, require assessment of SP aspects through a checklist approach. Furthermore, our 

research adds to the literature highlighting that thematic content and linguistic style are 

interlinked. In applied linguistics literature, it is argued that linguistic style (also referred to as 

metadiscourse) is not independent but is also related to the content of the text (Hyland, 1998). 

The significance of thematic differences is anticipated to be substantial and should be 

considered when analyzing language use in corporate reporting, in line with prior research, 

which shows different selective disclosure patterns within specific sustainability pillars 

(Roszkowska-Menkes et al., 2024). This dissertation, therefore, also highlights the importance 

and significance of controlling for thematic content differences in corporate narratives.  

2. Practical Contributions 

The empirical findings in this dissertation provide a new understanding of language use in FR 

and SR. Practically, our findings are expected to contribute to enhancing the quality of SR 

guidelines, such as GRI or EU CSRD directives, efficiently narrowing potential spaces for 

information asymmetry in narrative sections. The regulations are developed to invest in these 
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tailored communication strategies of companies. While CSRD extends the requirements of SR 

disclosure to SMEs41 and emphasizes the principle of double materiality, whereby 

sustainability issues must be significant to the company, narrative sections persist as one of the 

most discretionary components. Our emphasis underscores the imperative pursuit and 

development of transparency and accountability in the domain of SR. In addition, recognizing 

the genre differences, and influence of industry affiliation and ESG controversies on IM can 

guide policymakers in evaluating corporate communication strategies. As our results show, 

organizations, particularly those operating in industries with lower scrutiny, can strategically 

employ IM, which should be additionally considered for transparency and accountability. The 

findings in this dissertation show the necessity for regulatory bodies to update SR guidelines 

to consider regional institutional contexts and industry-specific factors, thereby enhancing 

transparency and mitigating discretionary disclosure tendencies in SR narratives. We highlight, 

furthermore, that stakeholders may consider critically evaluating SR narratives, to discern 

between opportunistic storytelling and genuine commitment to sustainability. Finally, we 

benchmark machine learning algorithms for attributional content and framing analysis, which 

presents a practical avenue for improving the efficiency of narrative disclosure analysis. 

Machine learning methods can offer auditors and investors and effective means to assess 

corporate communication; and importantly, we highlight that such methodologies are not 

limited to practical application but extend to academic literature providing a valuable tool for 

scholarly research and analysis. Overall, our results are expected to aid socially responsible 

investors and auditors in comprehensively assessing corporate narratives, including the verbal 

IM aspects, i.e., rhetorical, thematic and attributional, and aid investment analysts in 

identifying potential red flags about corporate communication.  

 
41 The proposal expands the qualifying criteria for SR to encompass companies with a workforce of 250 or more 
employees and/or net turnover exceeding 40 million Euros and/or a balance sheet surpassing 20 million Euros 
(CSRD - 2022/2464/EU)  
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3. Limitations and future recommendations 

A major limitation of the studies within this dissertation relates to the representativeness of the 

sample which predominantly consists of FR and SR from large organizations from the EU, 

UK, and USA. This limitation may raise concerns about the adequacy of the sample in 

capturing the nuanced diversity of corporate communication practices globally. Consequently, 

the prevailing focus on large companies and specific geographical regions may restrict the 

generalizability of findings to a broader spectrum of corporate communication strategies 

globally. Furthermore, the utilization of machine learning methods, particularly supervised 

algorithms, may introduce a challenge of inherent bias, as they exhibit bias based on the 

characteristics of the training data. This may pose a challenge to the applicability of algorithms 

between corporate reporting genres, such as training data received from FR, but classification 

used on SR narratives. Further research may aim to ascertain the adaptability and transferability 

of machine learning methodologies across diverse corporate reporting genres.  

Another significant limitation within this dissertation stems from the paucity of 

controllable individual-level CEO characteristics, a circumstance primarily due to the 

insufficient availability of data. In the literature, the primary focus of the literature centers on 

portraying IM as a strategic decision at the firm-level as a response to external motives such as 

stakeholder scrutiny or institutional environment, representing a deliberate and conscious 

managerial implementation, with limited attention to the underlying individual-level 

motivations for voluntary CSR disclosure behaviors (Bolino et al., 2016; Lassoued & 

Khanchel, 2022). We recognize that CEO-signed letters may not always reflect the CEO’s 

writing and involve input from public relations specialists, yet CEOs heavily influence the 

content and language style (Post et al., 2022). Studies show that changes in management (e.g., 

CEO) lead to changes in the style, length and content of these letters (Eggers & Kaplan, 2009). 
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Consequently, both in management and sustainability research one of the most popular 

discussions is whether and how much individual-level factors (e.g., CEO personality) influence 

corporate actions and outcomes, including sustainability communication (Wernicke et al., 

2022; Ruiz-Blanco et al., 2022). This holds particular significance within the context of SR 

due to its discretionary nature as SR narratives contain personalized messages and business 

tales from top management, addressing key corporate events, achievements and future 

prospects as presented by the corporate leader (Amernic & Craig, 2007; Fuoli, 2018). 

Personalized language in corporate communications reflects individual traits such as thinking 

style or emotional status, which may affect the use of IM in SR narratives despite the effect of 

firm-level strategic and legitimacy needs (Hyland, 1998; Mahmoudian et al., 2021; Venugopal 

et al., 2023). Theoretically, upper echelons scholars argue that leaders’ background 

characteristics and personalities significantly shape their interactions, motivation and influence 

on stakeholders and CSR practices of firms (Chin et al., 2013; Prömpeler et al., 2023). Further 

research may investigate how individual-level factors influence IM and disclosure practices 

within SR, which may provide a nuanced view of how CEOs take sustainability initiatives, 

translate them into strategic communications within SR, and ultimately impact stakeholder 

perceptions and decisions. Given that individual characteristics, such as personality traits, are 

also reflected in the language (Hyland, 1998), we posit that the use of linguistic style, and 

consequently rhetorical profiles, is not solely a firm-level strategy but may also encompass 

elements of individual-level motives. For example, a strong narcissism in a CEO’s personality 

may lead to a higher use of assertive and powerful style, and a strong conscientiousness may 

lead to a higher use of defensive and explanatory style. This comprehension would not only 

add depth to the understanding of corporate sustainability communications but also hold 

implications for transparency, stakeholder management and the credibility of sustainability 

efforts.  
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Moreover, further research may look into how IM strategies affect SRI decisions, which 

represents a more focused stakeholder group and prominent target audience for SR. As SRI 

value the financial stability and financial materiality of corporate CSR strategies (Jansson & 

Biel, 2014; Puriola & Mäkelä, 2019), the communication strategies related to CSR strategies 

and financial (im)materiality could potentially open a new research avenue. The value of 

financial materiality given by investors also relates to pragmatic relationship between SRI and 

organization’s SP. Pragmatic legitimacy demanded by SRI may prompt managers to 

communicate regarding financial materiality of sustainability-related information in a manner 

that emphasizes transparency and accountability. Finally, in light of previous research 

highlighting the shortcomings in current SR initiatives, such as GRI, regarding transparency 

and accountability (Roszkowska-Menkes et al., 2024), conducting a comparative investigation 

into the impact of EU CSRD regulations on the utilization of IM may represent a compelling 

research area.  
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