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1  |  INTRODUC TION

In recent years, some concerns began to emerge about the digi-
tal transformation's negative effects and, particularly, about the 

negative effects of the use of artificial intelligence (AI) (Haenlein 
et al., 2022; Haenlein & Kaplan, 2020). A few examples of the dig-
ital transformation's adverse effects are the use of robots replac-
ing human labour, fatal accidents caused by self-driving vehicles, 
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Abstract
Recently, a number of scholars have warned against the risk of a new form of deliberately 
deceptive communication companies use to assure stakeholders of their good inten-
tions in the adoption and development of digital technologies and advanced information 
systems based on artificial intelligence. This corporate behaviour, defined as machine-
washing, in an attempt to empower engagement processes in the stakeholders’ network 
and satisfy stakeholder expectations with regard to the ethical implications of the use of 
artificial intelligence, has, in the final instance, the prevailing purpose of achieving better 
levels of corporate performance and reputation. However, thus far, scholars have not 
provided any empirical studies on the existence of corporate machinewashing strate-
gies, and there is a significant lack of clarity as to how to measure machinewashing. 
Utilising the corporate digital responsibility theory, this paper offers an original meth-
odological contribution to the nascent research field dedicated to machinewashing be-
haviour. Particularly, this paper provides considerations for detecting machinewashing 
through an analysis based on the comparison between the information capacity of the 
reporting and the information reliability level as a proxy for machinewashing strategies 
and, thus, for the real impact of digitalisation strategies on stakeholders. To this end, we 
conducted an exploratory content analysis of the reports of 10 Italian-listed companies 
from 10 different industries. Overall, looking at the gap between what companies say 
about the impact of digitalisation from an ethical perspective, and what really happens, 
our results define a possible path for identifying machinewashing, the fields where it 
happens and the practices that companies use in order to realise these strategies.
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issues related to privacy and discrimination against people (Wirtz 
et al., 2023), as well as the use of social media algorithms potentially 
distorting the results of political elections.

As a result, the recent acceleration in the development of digital 
technologies (e.g. big data, AI, the Internet of Things, machine learn-
ing) has stimulated a debate on ethical digitisation or digital ethics 
when it comes to the way in which advanced technologies impact 
society and the economy.

Despite the significant impact of such AI use-related distortions 
in terms of prejudices and stereotypes of the public opinion, the 
business community, governments and academic research still argue 
only on a theoretical level. In fact, the only proposals that exist are 
those on conceptual frameworks and key principles, aimed at driving 
the ethical development of AI for current and future technologies. 
There is, however, a lack of clarity and a lot of differences when 
it comes to the practical implementation of digital ethics (Ashok 
et al., 2022; Kelley, 2022), and there is also an incoherent theoretical 
perspective (Haenlein et al., 2022).

Telkamp and Anderson  (2022), for example, state the need to 
evaluate the ethical issues of AI according to three dimensions of 
analysis: the purposes AI is used for, the data used to create and 
maintain the AI and the decisions the AI makes. Based on the moral 
foundations theory, the authors conclude that a person perceives 
the AI use as ethical according to the three dimensions of analysis, 
in so far as such use reflects the moral fundamentals of that person, 
which are highly subjective and variable depending on the context.

The transition from the fourth to the fifth industrial revolution 
enlightens the emerging awareness of the negative impacts that 
digitalisation may produce for society and for human beings (Elliott 
et al., 2021; Wirtz et al., 2023). In the corporate context, the ethical 
issues connected with AI use1 grow. This is because of the attempt 
to make technology centred on mankind, or in any case at man's dis-
posal, and to promote a socially inclusive development (Kartajaya 
et al., 2021). Many efforts have been made to convey the idea that 
AI use has undoubted benefits and no bad intentions. For example, 
companies can use digital technologies such as social platforms for 
improving stakeholder engagement, sharing information and ex-
periences (Okazaki et al., 2020; Viglia et al., 2018). Along with the 
development of information and communication technology (ICT) 
solutions, digital technologies and collaborative platforms, compa-
nies increasingly experiment with value-creation processes in dig-
ital environments. This represents an opportunity for managers to 
engage their stakeholder networks, especially considering that AI 
systems remain black boxes for most stakeholders as a result of the 
language, terms or jargon used (Seele & Schultz, 2022).

However, managers may also use digital technologies badly or 
unethically, thus destroying value in stakeholders’ network engage-
ment processes. Indeed, along with the aforementioned uninten-
tional effects of digital transformation, a new form (or the lack) of 
communication, deliberately deceptive, has emerged, with the ob-
jective for companies to reassure stakeholders of their good inten-
tions, from an ethical point of view, in the development of digital 
technologies and advanced information systems using AI.

In other words, there could exist a form of greenwashing applied 
to the digital sector (also known as machinewashing or humanwash-
ing) where the public relations activities create the impression of 
a positive change, which does not correspond to a verifiable re-
ality (Obradovich et  al.,  2019). As Schultz and Seele  (2023) state, 
greenwashing-related issues predicted some crucial challenges due 
to the ‘technological storm’ that Industry 4.0 has generated, and due 
to the emerging need for questioning the ‘ethical’ or ‘responsible’ 
use of AI. The latter issues led to the fifth industrial revolution that 
is known as Industry 5.0.

Machinewashing is defined as a business strategy for the eth-
ical use of AI and algorithm-based systems, based on misleading 
behaviour affecting reporting (omitted or misleading information 
provided by words and images) and/or action (the underlying al-
gorithm of AI) directed at various critical stakeholders to gain their 
acceptance. The definition can also include symbolic actions involv-
ing multi-stakeholder partnerships or aimed at exerting pressure to 
avoid a more stringent regulation (Seele & Schultz, 2022). Moreover, 
for machinewashing to occur, it is also necessary for a company to 
have the intention to deceive stakeholders and to take advantage at 
the expense of society. Therefore, in the case of machinewashing, 
companies try to appear more digitally ethical than they actually are. 
They achieve this by creating a gap between ethical policies/guide-
lines/codes (which we call digital talk) and real practices (which we 
call digital walk), between ends and means (decoupling), in order to 
deceive stakeholders about the true capabilities of advanced tech-
nologies and in order to deceive public opinion about the anthropo-
morphism of intelligent machines (Scorici et al., 2022). Specifically, 
machinewashing is characterised by the use of statements that are 
vague, distorted, inaccurate or exaggerated, symbolic and therefore 
without a substantial meaning, even through the use of charts, im-
ages and AI certification.

Particularly, the relevance of the topic is linked to different fac-
tors, as argued by Seele and Schultz  (2022). First of all, unlike the 
social and environmental practices of greenwashing, machinewash-
ing appears to be more intangible, theoretical and less visible due 
to the high complexity and opacity of AI systems (also determined 
by the proprietary rights underlying the use of such technologies). 
Moreover, machinewashing is characterised by the use of techni-
cal jargon comprehensible to only a few experts and it is a dynamic 
phenomenon, constantly evolving due to the high variability and 
real adaptability of AI systems. In addition, machinewashing is not 
characterised by the presence of generally accepted principles, 
guidelines and standards, nor by the existence of activists and or-
ganisations of the society that can focus attention on such a phe-
nomenon (Seele & Schultz, 2022).

As mentioned, the theoretical research on the AI use-related 
ethical issues within the business context is still at an early stage, 
while there is no empirical research. This is undoubtedly due to 
both the novelty of the topic and the objective difficulties in 
measuring machinewashing, some of which already exist for mea-
suring greenwashing,2 while other difficulties are specific and po-
tentially greater.
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Since, to the best of our knowledge, there are to date no em-
pirical studies in academic and practical research on this particular 
topic, our pioneering work provides a first methodology for the as-
sessment of the existence of machinewashing, under the theoretical 
lens of the corporate digital responsibility theory.

Machinewashing is a disclosure strategy that aims to conceal the 
real ethical position that companies assume while they manage their 
digital transformation. Machinewashing is therefore defined as a ‘de-
ceptive strategy’ (Schultz & Seele, 2023, p. 105). In fact, a disclosure 
regarding digital responsibility (Elliott et al., 2021) is used as a sig-
nal (Mahoney et al., 2013) of a company's ethical approach to these 
issues. Such a disclosure makes stakeholders aware that the com-
pany's behaviour is congruent with their expectations. Nowadays, 
there is still no full regulation regarding the ethical perspective of 
digitalisation for companies, and there is also no full regulation re-
garding their reporting on digital transformation.

Our paper aims to observe the machinewashing phenomenon 
from a quantitative measurable perspective, within a business eco-
nomics approach, to be associated with an emergent theoretical 
definition of these strategies.

As stated, considering that machinewashing is a disclosure-based 
strategy, we use reporting as a tool to operationalise and measure 
the strategy itself and we focus on the following research ques-
tions: Is it possible to operationalise and measure machinewashing by 
analysing companies' reporting? How can machinewashing be measured 
in terms of intensity, impact on ethical/sustainable issues and types of 
deceptions towards stakeholders?

In order to answer the above research questions, we investigated 
a sample of ten Italian-listed companies belonging to ten different 
industries. In fact, despite being closely connected with high-tech 
companies, machinewashing should not be confined to this sector 
only. We examined the ten companies' corporate reporting through 
an exploratory content analysis. An exploratory study is typically 
performed when the investigated phenomenon's characteristics and 
relationships are unclear and the researcher aims to explain and de-
fine the nature of a new problem for which further studies can be 
conducted.

Particularly, our exploratory study allowed the proposal of a 
methodological path to identify machinewashing behaviours and de-
fine some specificities. Results show that our approach can provide 
both a multi-dimensional perspective and a synthetic representation 
of the phenomenon, through a weighted machinewashing index 
(MWindex). Overall, the machinewashing identification, its frequency 
and extent emerge from the comparison between digital talk and 
digital walk. Moreover, our analysis suggests that the traditional 
content analysis that is focused only on the assessment of digital 
talk would not be fully explicative of the machinewashing strategies 
carried out by companies.

Our research shows some results that are focused on the meth-
od's effectiveness, rather than on the evidence we observed for 
each of the ten companies in terms of machinewashing attitude. 
In fact, our most relevant result shows that MWindex is helpful in 
detecting machinewashing strategies, measuring their extent and 

representing their specificities. The results of our study could help 
companies focus on providing reliable and understandable perfor-
mance information to stakeholders to avoid misleading them using 
vague and blurry communication, particularly when communicating 
the benefits of digitalisation.

This paper presents some fundamental contributions. From a 
theoretical point of view, it extends the recent literature on corpo-
rate digital responsibility (e.g. Elliott et al., 2021; Herden et al., 2021; 
Lobschat et al., 2021) by including, within the corporate digital re-
sponsibility framework, the evidence of digitally irresponsible be-
haviours such as machinewashing. In addition, to the best of our 
knowledge, this is the first study on machinewashing from both a 
methodological and empirical perspective. Particularly, this paper 
proposes an original methodological path based on an exploratory 
content analysis of both the information capacity of the reporting 
and the information reliability (IR) level as a proxy for machinewash-
ing strategies. This methodological path leads to the operationali-
sation of the concept of machinewashing and to the definition of 
an instrument for measuring the extent of the machinewashing. 
Starting from the analysis of what companies report, we aim to pro-
pose a useful way for assessing the corporate digital responsibility's 
(Elliott et al., 2021) consistency or, otherwise, it's merely symbolic 
nature. The measuring method may be particularly useful for real-
ising analyses of big samples, with both researchers and regulators, 
who want to scrutinise the phenomenon of machinewashing, being 
able to carry out the above-mentioned analyses.

Interestingly, we use ESG (environmental, social and governance) 
as a proxy for the corporate ethical commitment. At the same time, 
this paper also responds to the call for empirical research on ma-
chinewashing, through qualitative methodologies based on the cor-
porate reporting analysis (Scorici et al., 2022).

Moreover, by comparing listed companies from different indus-
tries, our empirical analysis contributes to doing comparable further 
research. In other words, our methodological proposal may be easily 
replicable in other research contexts, thus providing the ground-
work that leads to future studies. Lastly, since our study is based on 
companies from all industries (as well as the technology industry), 
we offer a non-trivial perspective of the machinewashing phenome-
non beyond its ordinary context of evidence.

Our study has some practical implications for managers and 
policymakers. For managers who need to increase their digi-
tal competitiveness by means of improving their digital perfor-
mance, our study offers some practical implications of relevance. 
Disclosing digital information is critical because of the increasing 
attention stakeholders pay to that information. However, manag-
ers need to carefully evaluate the implications before proceeding 
with digital transformation and its disclosure. We provide an in-
strument that allows managers to evaluate the company's reputa-
tional risk, as they can detect how disclosure on digitalisation may 
reveal some conflicts within the company, contributing to the im-
provement of the governance mechanisms. Thus, managers should 
provide scientific and technological guarantee for the effective in-
ternal control of inconsistent digital information disclosure. At the 
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4  |    BERNINI et al.

same time, managers should minimise machinewashing behaviour 
by adopting a third-party team containing industry experts to 
audit the information disclosed by the company and reduce public 
scepticism about the disclosed information.

Policymakers should consider the need for stricter regulations 
to ensure transparency and accuracy in the presentation of digital 
information. Particularly, governmental policymakers should estab-
lish a set of scientific, reasonable and feasible tools for companies 
to unify the understanding about firm's machinewashing, in a way 
to strengthen the daily supervision of corporate digital behaviour. 
Implementing standards for digital information disclosure could con-
tribute to a more transparent market. Therefore, our study points 
to the crucial role that regulation can play in setting boundaries for 
digital claims. Regulatory frameworks can raise the bar for digital 
commitments, compelling companies to be more cautious with their 
digital efforts. Similarly, international regulatory bodies should col-
laborate and enforce more stringent and universally applicable stan-
dards to counter machinewashing.

The remainder of the paper is organised as follows. The next 
section describes the positioning of this work within the machine-
washing conceptual framework, and it also describes the theoret-
ical lens adopted. Section 3 explains the methodological proposal 
for measuring and detecting machinewashing strategies. Section 4 
shows the results of the exploratory content analysis. Section 5 
discusses the main findings, and the final section shows implica-
tions, contributions, concluding remarks, limitations and further 
research avenues.

2  |  THE CONCEPTUAL FR AME WORK FOR 
DETEC TING MACHINE WA SHING

Seele and Schultz (2022) provide a general conceptual framework 
of machinewashing practices in terms of antecedents and 
outcomes. Compared to Seele and Schultz's framework, this paper 
focuses only on external effects and in particular on stakeholder 
relations. From a theoretical perspective, machinewashing 
strategies may include a plethora of alternative theories at a 
macro-, meso- and micro-level (Seele & Schultz, 2022). In light of 
our research questions, we focus on a meso-level investigation, 
that is on business organisations. For this reason, we refer to the 
corporate social responsibility theory,3 which we consider in terms 
of corporate digital responsibility. As Lobschat et al. (2021) stated, 
corporate digital responsibility includes all the values and rules 
that direct firms' decision-making processes when it comes to 
digital issues. In other words, in the case of digital transformation 
there is an ethical perspective, that is an opportunity to consider 
an ethically sustainable approach linked to the usage of AI and 
more advanced technologies (Wirtz et  al.,  2023). From this, it is 
possible to consider some firms' actions aimed at promoting ethical 
management of digitalisation and taking into account the needs 
related to stakeholders’ inclusion. For example, Mueller  (2022) 
argues that corporations’ corporate digital responsibility efforts 

should be aimed at identifying and recognising the pertinent 
stakeholders that need to be considered, which may not be 
traditional social actors only, but also artificial/technological 
actors (e.g. algorithms or software agents), in a setting where 
human and technological actors collaborate. Managers should 
therefore interact with the stakeholders, considering not only 
one-to-one relationships, as the company's behaviour with a 
particular stakeholder could affect the expectations and the 
perceptions of other stakeholders that are linked to them (e.g. 
Sciarelli & Tani, 2013) via human or technological relationships.

Furthermore, issues related to corporate digital responsibility 
may vary in relation to the specific stage of digitalisation develop-
ment and in relation to the specific technology under analysis. As 
to these aspects, some risks may arise from digital irresponsibility 
(Wirtz et al., 2023). The corporate digital responsibility lens there-
fore seems to be an appropriate point of view for analysing not only 
the threats to the ethical conduct of companies involved in the digi-
tal transformation but also unethical strategies grounded in mislead-
ing disclosure, such as machinewashing.

At the same time, corporate digital responsibility, just like cor-
porate social responsibility, is also inspired by the commitment 
towards social and ecological matters and, in more extensive 
terms, the commitment towards the ESG profiles. Ultimately, the 
corporate digital responsibility framework may be associated with 
corporate social responsibility and the stakeholder theory. This is 
because corporate digital responsibility-related values and norms 
share some principles and goals with corporate social responsibil-
ity, or an organisation's commitment (and accountability) towards 
social and ecological causes in general. Corporate digital responsi-
bility is therefore also strictly related to ESG issues. For example, 
Wade  (2020) defined corporate digital responsibility as a set of 
practices and behaviours that help an organisation use data and 
digital technologies in a way that is socially, economically, techno-
logically and environmentally responsible. As Aitken et al. (2020) 
stated, for companies, the adoption of technology implies the es-
tablishment of a social licence that is grounded in the public en-
gagement. This is necessary in order to define credible and trusty 
relations and to develop digitalisation in a way that is compliant 
with the values of the social environment.

In that context, our study aims to explore a method for under-
standing whether the companies disclose the ethical and sustainable 
application of digital technologies to realise machinewashing strat-
egies. We aim to analyse how these strategies are realised, and we 
also aim to quantify the extent of the misleading approach towards 
stakeholders. The perspective of analysis of stakeholders is useful 
for a firm's legitimacy and reputation (Saetra, 2021), which can be 
promoted by business strategies carried out through disclosure. In 
order to explore such impacts, we study the ESG aspects of the use 
of digital technologies, only considering the areas of stakeholders’ 
commitment with an ethical-sustainable impact. Indeed, the ESG 
factors play a central role in aiding stakeholders in understand-
ing and assessing the ethical-sustainable aspects of the business 
(Cappucci, 2018; Clementino & Perkins, 2021).
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    |  5BERNINI et al.

On the other hand, prior research (e.g. Fleischman et al., 2019) 
emphasises that the achievement of performance and its disclosure 
can encourage businesses to turn the ethical issues into logics and 
strategies connected to the search for legitimacy towards stake-
holders, moving away from the real ethical issues (Ims et al., 2014; 
Moore & Gino,  2015). For this, some scholars (e.g. Clementino & 
Perkins, 2021) suggest to critically consider the disclosure inherent 
in ESG, since, while it can determine corporate ethical behaviour 
(Jackson et al., 2020), it could also distort stakeholder perceptions 
(Graf et al., 2019).

What we stated above enables us to highlight the underlying 
concept of our research, that is machinewashing. In its theoreti-
cal dimension, machinewashing is a deliberate strategy grounded 
in the use of unreliable disclosure, particularly regarding AI and 
digitalisation in general (Seele & Schultz,  2022), in order to de-
ceive stakeholders. This strategy attributes a predominant role 
to communication over actions. Machinewashing may be derived 
from signals of unreliability of information that corporates report 
(i.e. vagueness, selective disclosure, misleading or false informa-
tion, etc.) (Seele & Schultz, 2022). In fact, companies may use this 
strategy to improve how the actors of the social environment per-
ceive the implications of their adoption and use of digital technol-
ogies (Bowen & Aragon-Correa, 2014; Delmas & Burbano, 2011; 
Ferrón-Vílchez et  al.,  2021). This may result in a company's dis-
closure aiming to advance a better representation of the digital 
transition's effects than is actually the case with the real situation 
(Obradovich et al., 2019).

Owing to the novelty and particular connotation of machine-
washing, it is challenging to intercept and measure it. Therefore, 
starting from a theoretical definition, we aim to operationalise ma-
chinewashing. We seek to achieve this by considering the analogy 
with greenwashing studies. The greenwashing studies provide a way 
for measuring greenwashing, namely as the gap between ‘talk’ (what 
companies say) and ‘walk’ (what companies really do) (i.e. Du, 2015; 
Gatti et al., 2021; Pizzetti et al., 2021; Seele & Schultz, 2022; Testa 
et al., 2018).

Considering this analogy, and therefore supposing the possibil-
ity that reporting about digitalisation is unreliable, machinewashing 
may derive from the deviation between the informative capacity and 
the disclosure's reliability. The informative capacity stems from the 
attributes of disclosure, that is the way companies communicate. 
Notwithstanding, some statements might not be fully reliable, be-
cause they are affected by some signals of strategic, deceptive cor-
porate practices.

We ground our assumptions in the presence of one or more un-
reliability signals revealing companies' machinewashing strategies. 
The presence, the number and the type of the unreliability signal 
therefore allow to identify the theoretical concept of digital walk 
and to measure it. An increasing number of signals means that the 
information's unreliability grows, thereby rendering the disclo-
sure unreliable. In contrast, the absence of such signals suggests 
that the companies’ communications are consistent with their real 
actions.

3  |  METHOD

3.1  |  Measuring machinewashing: Research design 
and the proposal of a methodological path

Since machinewashing is a totally novel subject, there are no pecu-
liar extant identification and measurement methodologies in prior 
research. For this reason, we started from the study of Seele and 
Schultz  (2022), who view machinewashing as a possible form of 
greenwashing applied to the digital sector. Considering the analo-
gies between the two phenomena (see Section 1), we developed 
our method based on the methodologies normally used for green-
washing studies. Among these latter, most of them do not pro-
pose a measurement of greenwashing. On the other hand, when 
greenwashing is quantified, the measure is founded on stake-
holders' perception (e.g. Jog & Singhal, 2020; Torelli et al., 2020) 
and, in a more limited number of papers, it emerges from a com-
parison between disclosure indexes and environmental perfor-
mances (i.e. Kim & Lyon, 2015; Testa et al., 2018; Zhang, 2022). 
In the light of the above, we considered the framework of Seele 
and Schultz  (2022), which connects greenwashing and machine-
washing and highlights some opportunities in terms of their similar 
measurement.

Therefore, this paper aims to offer a methodological contribu-
tion to the emerging machinewashing research field, by providing 
suggestions on how to detect machinewashing behaviours through 
the comparison between the information capacity of corporate 
reporting (i.e. digital talk) and IR, as a proxy for digital walk. We 
identify machinewashing with reference to the gap between the in-
formation capacity of the reporting and its reliability. A bigger gap 
highlights a misleading approach of greater intensity and therefore 
of machinewashing strategies implemented by a firm. To this end, we 
adopt an exploratory research design based on a content analysis of 
the reporting of a sample of ten Italian companies listed in the Italian 
stock market exchange.

Exploratory research designs are suitable for and applied in areas 
where there is no prior literature, with the objective of exploring a 
problem and providing valuable insights to better understand it, but 
without guaranteeing conclusive or definitive evidence.

Particularly, a qualitative exploratory study is suitable for this 
work. This is because it enables freedom in data collection, which 
freedom is needed for a comprehensive understanding of the phe-
nomenon, to fulfil the research purpose (Easterby-Smith et al., 2021) 
and to let the methodological difficulties characterising machine-
washing measurement emerge.

We selected a sample of companies (which we anonymised 
for confidentiality reasons) showing the largest market capitalisa-
tion in each of the 10 different industries based on the Industry 
Classification Benchmark level 2: Utilities – company A; Financial – 
company B; Consumer cyclicals – company C; Industrials – company 
D; Basic materials – company E; Consumer non-cyclicals – company 
F; Real Estate – company G; Healthcare – company H; Energy – com-
pany I; Technology – company L. By following this approach, we aim 
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6  |    BERNINI et al.

to gain the greatest spectrum of analysis and industry diversification 
in investigating machinewashing strategies.

The content analysis was performed in a two-step approach. The 
first step started with the common definition of the text, which is 
useful for both the digital talk and the disclosure reliability (Walker 
& Wan, 2012). The second step followed different encoding proce-
dures of the text. Particularly, on the one hand, the digital talk was 
based on the content analysis generally used in accounting and dis-
closure quality studies too, with those studies aimed at qualitatively 
and quantitatively investigating the corporate reporting (Beattie & 
Thomson,  2007; Beretta & Bozzolan,  2008; Cinquini et  al.,  2012; 
Guthrie et al., 2004). On the other hand, the IR stemmed from the 
greenwashing studies (e.g. Guix et al., 2022; Seele & Schultz, 2022) 
and, specifically, it was applied on the basis of conceptual and meth-
odological similarities to the machinewashing investigation. This 
analysis was aimed at observing the abovementioned tools' expli-
cative capacity in order to identify machinewashing strategies and 
achieve evidence of their intensity. In particular, we aimed at high-
lighting whether and which strategies were differently implemented 
depending on the ethical-sustainable aspects analysed, proxied by 
the ESG factors.

3.2  |  The content analysis for measuring digital 
talk and IR

The main assumption underlying the methodological designs based 
on the content analysis is that the disclosure level of a certain topic 
can represent the commitment and efforts of a certain company 
in such regard (Bernini et  al.,  2022; Mention,  2011). This leads to 
assumption that a better disclosure is indicative of both a greater 
business activity in a specific context and a higher relevance of a 
certain topic (stronger commitment) (Krippendorff, 1980). On this 
assumption, digital talk may also signal real corporate behaviour. 
This could be a limitation on the possibility of investigating the IR 
and, consequently, the machinewashing strategies. For this reason, 
starting from the common contents, the researchers carried out two 
paths of content analysis (see Appendix, Table B): a content analysis 
for the identification of digital talk, and another content analysis for 
the identification of IR.

According to the literature (e.g. Cabrita et  al.,  2017; Campbell 
et al., 2010), the information sources were represented by the an-
nual reports and the non-financial statements.

The content analysis was carried out on the basis of a semi-
objective approach, under which the contents to use and code are 
selected ex-ante (Beattie et al., 2004). The first step is the selection 
of information to submit for classification. To this end, we identified 
some keywords (see Appendix, Table A) to detect sentences or para-
graphs in the text where topics related to digitalisation were covered. 
Those keywords stemmed from the literature on the definition of an 
interpretative scheme used to analyse the disclosure on the digital-
isation paths carried out by businesses (Hossnofsky & Junge, 2019). 
In addition, we integrated the keywords set with the categories of 

enabling technologies, as defined in the ‘Piano Nazionale Industria 
4.0’ (2017–2020) report issued by the Italian Ministry of Economic 
Development. The main assumption for doing so is that the institu-
tional environment affects the way in which companies respond to 
the requests for and efforts of social responsibility, while taking eco-
nomic advantage from the use of AI for digital technologies (Ashok 
et al., 2022).

From the research of the keywords, we extrapolated the individ-
ual text units as a coding basis to assess. The text unit represents the 
portion of the text that includes specific information and it could be 
identified by a section, a paragraph, a sentence or a part of it (since 
the same sentence can reveal information that is classifiable in dif-
ferent manners), a word or a table (Yi & Davey, 2010). Moreover, we 
selected paragraphs in order to support a more precise understand-
ing of the meaning of the text units and a better contextualisation 
of them.

Consistent with the research goals, we carried out a further 
analysis of the text, aimed at identifying the ethical-sustainable as-
pects of digitalisation, obtaining the definitive information set. The 
information contents to be investigated were defined ex-ante on the 
basis of a top-down approach (Humphreys & Jen-Hui Wang, 2018); 
we referred to the profiles used for the definition of the ESG rating 
indicators (Drempetic et al., 2020; Refinitiv, 2022). Particularly, the 
environmental profile was classified into ‘Resource use,’ ‘Emissions’ 
and ‘Innovation’; the social profile was classified into ‘Workforce,’ 
‘Human Rights,’ ‘Community’ and ‘Product Responsibility’; the gov-
ernance profile was classified into ‘Management,’ ‘Shareholders’ and 
‘Corporate Social Responsibility Strategy.’

Next, a pilot analysis was required, aimed at ensuring coding 
uniformity among the researchers, as well as reliability of coding 
(Beattie & Thomson, 2007). Lastly, a human coding process was car-
ried out, considering the complexity of the contents to be analysed.

3.3  |  The digital talk measurement

Consistent with the relevant literature on content analysis (e.g. 
Beattie et al., 2004; Boyatzis, 1998; Weber, 1985), we follow a for-
malised and articulated coding process (Bernini et al., 2022) to ensure 
methodological validity and reliability (Beattie et al., 2004; Cinquini 
et al., 2012; Weber, 1985). The text units' analysis was based on a 
multidimensional coding related to a mix of the following informa-
tion attributes (Beattie et  al.,  2004) (see Appendix, Table  C): time 
orientation (historical, forward-looking, non-time-specific informa-
tion); financial or non-financial; qualitative, quantitative, or mixed. In 
this way, each text unit was classified considering its frequency and 
its corresponding information capacity depending on the attitude 
of the attributes mix to qualify certain information as more or less 
reliable and verifiable. Past information is factual, forward-looking 
information is not verifiable or just wilful. A higher score is therefore 
associated with past information. At the same time, the financial in-
formation presents a higher score than the non-financial informa-
tion, as the former is generally considered more accurate. Lastly, 
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    |  7BERNINI et al.

the mixed information is considered more explicative than the infor-
mation that is only qualitative or quantitative (Beattie et al., 2004). 
On this basis, a different weight for each attribute mix was defined 
(Mention,  2011) according to the truthful and verifiable nature of 
the information.4

3.4  |  The IR measurement

In order to detect the presence of one or more signals of unreliability, 
we re-processed the information previously coded into the three 
ESG dimensions. Following Seele and Schultz  (2022), who identify 
five signals of information unreliability (see Appendix, Table  D) 
among machinewashing practices (i.e. ‘Vague and misleading 
claims’; ‘Inaccurate claims’; ‘Jargon claims’; ‘Irrelevant claims’, 
‘Exaggerations’), we assigned one or more of those signals to each 
text unit; such attribution was based on a pilot analysis repeated and 
validated by the research group.

In order to reduce the researcher's subjectivity and coding bias, 
we conducted an initial pilot study. We therefore defined guidelines 
and analysis procedures for the detection of deception types and we 
gave the coders the same instructions to coordinate the interpreta-
tion of the units. In addition, we met at regular intervals to discuss 
trends and issues that emerged during the analysis and also to sup-
plement the guidelines and to resolve disputes over claims for which 
divergent opinions were reported.

In doing so, we measured the IR level, which is intuitively higher 
when the number of signals decreases (Appendix, Table E).

Finally, the digital talk-IR gap allows us to understand machine-
washing behaviours; a bigger gap suggests a stronger misleading ap-
proach, and this means that the company adopts a machinewashing 
strategy. We assume that, in the case of the information's partial or 
total unreliability, the company disclosure could not partially or fully 
correspond to the actions undertaken by the company itself (digital 
walk).

4  |  RESULTS

4.1  |  Content analysis results

The information frequency and composition analysis of digital 
strategies' effects on the ESG profiles aims to investigate the 
similarities and/or discrepancies among the ten companies belonging 
to ten industries in order to attest the effectiveness of the tools 
used.

Table 1, Panel A, shows that the number of the text units varies 
among the sampled companies. Most of the units are reported by 
companies from the Utilities, Industrial and Basic Materials Sectors 
(A, D and E), with a prevailing disclosure of the social component. The 
smallest number of the text units is referred to G and L (Real Estate 
and Technology). For company L, the number of units that resulted 
from the first selection of information to submit for classification is 

very high. However, due to the high technological level of the com-
pany, much of its reporting obviously has to do with technology and 
digitalisation, but not specifically with the ethically sustainable im-
pact. Therefore, from the first to the second selection, more units 
have been excluded, compared to other companies.

The explorative content analysis reveals some interesting dif-
ferences regarding the ethically sustainable impact of digital tech-
nology development (Table 1, Panel B). Particularly, percentages of 
disclosure vary depending on the three ESG profiles, but also de-
pending on the areas related to each profile. Moreover, all the com-
panies deal more extensively with the social dimension, showing a 
prevalence of issues related to the community and workforce, while 
all the companies deal less extensively with the environmental and 
governance dimensions. Specifically, the highest percentage for the 
social dimension is provided by F (85%) and the lowest by D and E 
(49%).

In addition, A, D and E show a greater balance between the per-
centage values of social and environmental disclosure and a lower 
incidence of the governance dimension. Together with their higher 
number of text units generally dedicated to the ethically sustain-
able impacts of digitalisation, the above finding suggests that, in the 
presence of a wider disclosure (Table  1, Panel A), the information 
area dedicated to the social dimension is less concentrated in favour 
of the environmental one. In fact, for A, D and E the environmental 
dimension is less neglected than in the other cases. This may be ex-
plained by a greater sophistication of the disclosure provided, with 
the disclosure progressively grounded not merely in the social com-
ponent, but also more devoted to the other sustainability profiles, 
especially the environmental profile, which in recent years has been 
boosted by the increase of legal requirements.

Company B, operating in the financial sector, shows the highest 
relative value of the disclosure regarding digitalisation's ethical im-
pacts on governance issues: Twenty-six per cent of the text units 
referred to governance, compared to the 5% of the texts referring to 
the environmental dimension (Table 1, Panel B). We can hypothesise 
that, in this case, the residual weight of the environmental profile is 
mainly due to the business nature of B and the consequent limited 
involvement in activities that directly affect the environment, espe-
cially compared to other industries.

4.2  |  Information capacity: Digital talk results

The analysis of the information attributes, representing the digital 
talk and relating to the digital strategies' impacts on the ESG pro-
files, aims to understand the information capacity of the disclosure 
(Table 2). The analysis reveals a common prevalence of qualitative in-
formation and an almost not-existent financial one. Particularly, the 
qualitative disclosure tends to prevail both for the non-time-specific 
attribute, which has the worst informative capacity (the maximum 
value is for A), and for the historical attribute, which is considered 
more reliable (the maximum value is for B). Moreover, the low fre-
quency of the financial attribute depends on the nature of the topic 
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8  |    BERNINI et al.

we investigated, which tends to concern managerial and strategic 
profiles that, to date, are reported mostly through non-financial 
disclosure. As a consequence, we considered the mix of ‘non-
financial/mixed/historical’ (Beattie et al., 2004; Bernini et al., 2022; 
Mention,  2011) as the mix with the greatest informative capacity 

in the context of analysis of the ethically sustainable impacts of 
digitalisation.

The companies that divulge the greatest number of ‘non-
financial/mixed/historical’ units are A, B, D and E. Furthermore, the 
greatest number of ‘non-financial/quantitative/historical’ units are 

TA B L E  1  Absolute value of the text units in relation to the information contents (ethically sustainable perspective of digital technologies).

Panel A: Information areas

Number of text units per company

Information A B C D E F G H I L

E

Resource use 19 3 2 19 19 3 5 1 3 3

Emission 24 6 8 31 24 4 - 2 6 4

Innovation 130 2 14 136 132 1 3 2 12 5

TOT E 173 11 24 186 175 8 8 5 21 12

S

Workforce 46 88 10 35 35 7 3 35 15 3

Human rights 18 – – 14 13 – – – 4 –

Community 158 65 71 145 139 138 32 40 28 46

Product responsibility 4 – 10 5 4 7 – – – –

TOT S 226 153 91 199 191 152 35 75 47 49

G

Management – 30 1 – – 1 2 6 47 –

Shareholder – – – – – – – – – –

CRS strategy 37 28 23 22 22 18 4 5 16 3

TOT G 37 58 24 22 22 18 6 11 63 3

TOT 435 222 139 407 388 178 49 91 131 64

Panel B: Information contents

% text units per company

Information A B C D E F G H I L

E

% (Resource use/E) 11 27 8 10 11 40 63 20 14 25

% (Emission/E) 14 54 34 17 14 50 – 40 29 33

% (Innovation/E) 75 18 58 73 75 10 37 40 57 42

% (E/tot) 40 5 17 46 45 5 16 5 23 19

S

% (Workforce/S) 20 57 11 18 18 5 8.50 46 32 6

% (Human rights/S) 8 – – 7 7 – – – 9 –

% (Community/S) 70 42 78 73 73 90 91.50 54 59 94

% (Product responsibility/S) 2 – 11 2 2 5 – – – –

% (S/tot) 52 69 66 49 49 85 72 83 52 77

G

% (Management/S) – 52 4 – – 5 33 55 68 –

% (Shareholder/S) – – – – – – – – – –

% (CRS strategy/S) 100 18 96 100 100 95 67 45 32 100

% (G/tot) 8 26 17 5 6 10 12 12 25 4

Note: Percentages of the text units in relation to the information contents (ethically sustainable perspective of digital technologies).
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    |  9BERNINI et al.

reported by A, D, E and F. As a consequence, A, D and E are the 
companies that report the highest frequencies of ‘non-financial/his-
torical’ disclosure (mixed or quantitative).

Methodologically, the tool for investigating the information ca-
pacity has highlighted that the greater frequency and the higher in-
formation capacity are aligned, as both refer to the same companies. 
Hence, we infer that the method is sensitive to the peculiarities of 
the disclosure regarding the ethical-sustainable dimensions of the 
digitalisation.

4.3  |  IR results

The analysis carried out aims at highlighting the following inter- and 
intra-company aspects:

a.	 the deviations between digital talk and IR (Tables 3 and 4),
b.	 the same deviations according to the ESG profiles (Table 5),
c.	 the types of unreliability signals (Table 6).

The main purpose was to understand if the proposed tool was effec-
tive for the identification of the different machinewashing degrees 
with reference to the ESG profiles as well.

Table 3 shows a machinewashing variability in the sample (intra-
company). Such variability is evidenced by the presence of devia-
tions in all the classes. At the same time, we note an inter-company 
variability. This inter-company variability results from the higher 

concentration of deviations in different classes and also from the 
presence of values that are very different within the same class.

We note that our tool for detecting machinewashing has a mul-
tidimensional potential. This is because it allows us to evidence 
not only the frequency of a company's misleading behaviour (IR) 
but also the relevance of the misleading behaviour, represented by 
the gap between the digital talk and the reliability of the informa-
tion (Table 3). Moreover, our tool offers a synthetic representation 
of machinewashing. Methodologically, we refer to the studies on 
corporate disclosure, that measure the characteristics of reporting 
through the development of disclosure indexes capable of synthetis-
ing its qualitative-quantitative profiles (Beattie et al., 2004; Beretta 
& Bozzolan, 2008; Bernini et al., 2022; Cerbioni & Parbonetti, 2007; 
Cinquini et  al.,  2012; Mention,  2011). Therefore, we assessed the 
level of machinewashing through a weighted synthetic index that 
includes both the frequency of the misleading behaviour of a com-
pany (IR) and the relevance of the misleading behaviour (digital walk-
digital talk gap).

Consistently with our first research question, in order to oper-
ationalise and measure machinewashing by analysing companies’ 
reporting, we determined the MWindex by applying the following for-
mula: MWindex = ∑(αi × ni), where αi is the weight assigned to each gap 
(omitted for the sake of brevity), and ni is the frequency of unreliable 
text units for each divergence class. Particularly, such an index aims 
to represent the misleading intent of companies by considering both 
the number of unreliable units and the extent of the gap between 
what companies report and what they really do. Since we extract 

TA B L E  2  Frequencies of the mix of attributes (information capacity).

A B C D E F G H I L

Financial/qualitative/historical – – – – – – – – – –

Financial/qualitative/forward-looking – – – – – – – – 1 –

Financial/qualitative/non-time specific – – – – – – – – – –

Non-financial/qualitative/historical 121 152 53 105 106 42 16 50 79 6

Non-financial/qualitative/forward-looking 21 22 1 25 21 6 4 8 24 6

Non-financial/qualitative/non-time specific 203 13 51 200 185 85 17 26 18 30

Financial/quantitative/historical 9 – 1 8 8 – – – – 1

Financial/quantitative/forward-looking 1 – – 1 1 – – – 1 –

Financial/quantitative/non-time specific – – – – – – – – – –

Non-financial/quantitative/historical 34 3 7 26 26 33 6 1 – –

Non-financial/quantitative/forward-looking 3 – – 3 3 – 1 – – –

Non-financial/quantitative/non-time specific – – 4 – – – – – – –

Financial/mixed/historical 3 – – – – 2 – – – –

Financial/mixed/forward-looking 1 – – 1 1 – – – 2 –

Financial/mixed/non-time specific – – – – – 1 – – – –

Non-financial/mixed/historical 30 30 10 28 28 7 5 6 5 14

Non-financial/mixed/forward-looking 2 2 – 2 2 – – – 1 6

Non-financial/mixed/non-time specific 7 – – 8 7 2 – – – 1

Total 435 222 139 407 388 178 49 91 131 64

Note: Value of the text units in relation to the mix of attributes representing the information capacity of each unit.
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and consider only the unreliable units from the codified units, the 
comparability of the outputs among the 10 companies is maintained 
(Table 4). Instead, the percentage value of unreliable units in rela-
tion to the total codified units suggests the relationship between 
the misleading disclosure and the intensity of the reporting on the 
ethical-sustainable effects of digitalisation. This information allows 
us to measure machinewashing in terms of intensity and impacts 
on ethical/sustainable issues, as indicated in our second research 
question.

As shown in Table 4, company A is a case worth noting. In fact, 
the first-step analysis of the disclosure (Table 1, Panels A and B) 
and the analysis devoted to the definition of digital talk highlighted 
virtuous behaviour. However, the analysis of the unreliable units 
observed in relation to the severity of the deviation classes shows 
non-virtuous behaviour. The digital talk-digital walk comparison 
therefore allows to intercept the machinewashing as well as its ex-
tent. In addition, the investigation reveals that the traditional con-
tent analysis focused only on the assessment of digital talk is not 
fully explicative of the machinewashing strategies carried out by 
companies.

In order to focus on the machinewashing sources, our analysis 
of distortions also considers the ESG profile. In particular, Table 5 
shows that the above-mentioned machinewashing variability is con-
firmed according to the ESG dimensions as well, with a maximum 
value for the environmental profile of company E, within the very 
strong deviations class (VSD).

Moving to the analysis of the unreliability signals allows us to 
investigate types of deceptions towards stakeholders (the second 
research question). In fact, Table  6 shows that machinewashing 
is mainly realised through the reporting of ‘Vague and misleading 
claims’ and ‘Inaccurate claims.’ With reference to the ESG areas, we 
notice a prevalence of such unreliability signals in the social area. 
Surprisingly, companies A, D and E, which show a greater balance 
between the percentage values of social and environmental digital 
talk (Table 1, Panel B), present a prevalence of the above-mentioned 
unreliability signals in the environmental area. Besides, specifically 
for E, we have just highlighted (Table  5) the severity of the ‘very 
strong deviations’ class for the environmental profile. Lastly, com-
pany I is the only company that shows unreliability signals within the 
governance area.

Furthermore, particularly company C shows the presence of 
‘Exaggerations’ as a relevant type of unreliability signal, too.

Hence, we confirm the tool's capacity to detect some peculiari-
ties of the companies.

5  |  DISCUSSION

Our study's purpose was to contribute methodologically to 
the nascent machinewashing research field by investigating 
machinewashing strategies potentially included in the corporate 
reporting of a sample of Italian-listed companies belonging to 10 
different industries. The exploratory content analysis carried out 
outlines many aspects about the effectiveness of the methodological 
approach proposed.

In particular, observing a sample of 10 companies, we developed 
an exploratory application of the tool for detecting machinewashing, 
which ultimately gives the opportunity to operationalise the concept 
of machinewashing and to measure it. In doing this, we proposed a 
weighted synthetic index emerging from the analysis of corporate 
reporting. Bearing in mind the objective of our research, we con-
sider the 10 sampled companies as an instrument to be used for de-
veloping our methodological texting. Therefore, the results of our 
research are focused on the method's effectiveness, rather than on 
the evidence we observed for each of the 10 companies after test-
ing the machinewashing index. In fact, the results of our exploratory 
texting gave us the opportunity to formulate some reflections and 
to draw some conclusions regarding the methodological path that 
we propose for operationalising machinewashing. The most relevant 
result therefore consists in the valuation of the index's investigative 
potential for detecting the presence of machinewashing strategies, 
for measuring their extent and for representing the specificities of 
machinewashing strategies.

In particular, our exploratory research shows the evidence that 
we report in the following.

First, since the variable for digital talk and the variable for IR 
differ significantly, it was found that the tool allows us to identify 
potential machinewashing strategies through misleading disclosure. 
The extent of deviations also allows us to quantify the machine-
washing intensity.

The coding process of disclosure allows us to understand the dif-
ferentiation of the digitalisation impact with reference to the three 
ESG profiles and on the particular issues that these three dimen-
sions encompass. Moreover, the method used to measure IR also 
allows us to extract the main types of unreliability, that is the way 
in which misleading actions are adopted, indicating machinewashing 
behaviour.

The methodological path we have proposed to investigate ma-
chinewashing strategies suggests some relevant concluding consid-
erations regarding the usefulness of the proposed tool and the need 

TA B L E  4  Machinewashing index.

A B C D E F G H I L

MWindex 567.5 470.5 234.75 50.75 32.5 268.75 46.75 112.5 381.75 110.25

More frequent type of unreliability MoD ID HID LID VSD MoD MoD/ID SD ID LID

Incidence % 22 31 21 40 43 21 Both 31 37 14 24

ESG area E S S E E S S S G S
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to go beyond the traditional analysis of disclosure. In particular, im-
portant evidence emerges by comparing the analysis conducted for 
companies A and D. Looking only at the frequency of the disclosure 
(Table 1, panels A and B) and its informative capacity (Table 2), both 
companies suggested virtuous behaviours. This is consistent with an 
important stream of literature on the content analysis of voluntary 
disclosure under a traditional perspective, which assumes that the 
degree of the disclosure can represent the commitment to a specific 
topic. Specifically, Krippendorff (1980, p. 21) stated that content 
analysis is a ‘research technique for making replicable and valid in-
ferences from data according to their context,’ and Mention (2011, 
p. 286) affirms that ‘the basic assumption underlying content anal-
ysis is that the amount of information disclosed reflects the impor-
tance of the information.’ This is aligned with the essential concept 
of content analysis (Krippendorff, 1980), according to which the 
extent of reporting shows the disclosed issues' importance (Bernini 
et al., 2022). In other words, looking only at what companies say and 
at the informative capacity highlighted by the mix of information 
attributes, without questioning their reliability, companies A and 
D both appear virtuous. This concept, although valid in accounting 
studies, does not consider the possibility that, even in the case of an 
extensive amount of reporting, the companies' disclosure could be 
unreliable.

The contribution of this paper therefore lies in the ability to 
reveal the gaps between information capacity and disclosure reli-
ability. The existence of the aforementioned discrepancies is par-
ticularly demonstrated by the analysis of company A, which has the 
highest MWindex while showing a good level of digital talk.

A further potential of our tool is related to the possibility of de-
tecting the ESG areas in which the machinewashing strategies are 
perpetrated (Table 5). This makes it possible to perceive the ESG 
area in which the misleading behaviour occurs. This may contrib-
ute to understanding not only the machinewashing sources, but 
also, more generally, how companies behave in the management 

of digital transformation, and, specifically, how they manage their 
ethically sustainable impacts on the stakeholders – all this in 
light of the conceptual framework underlying this paper, with the 
framework based on corporate digital responsibility (Wade, 2020), 
which is related to both the ethical use of AI and to reputational risk 
(Wirtz et al., 2023). At the same time, our theoretical background 
recalls the legitimacy theory perspective (Deegan et al., 2002), on 
which basis disclosure may help improve the company's reputa-
tion (Lyon & Montgomery, 2015). Moreover, disclosure may fos-
ter the possibility of reacting to the stakeholders' pressure and 
meeting their expectations (Freeman,  1994; Patten,  2002; Uyar 
et al., 2020). This allows companies to gain legitimacy and improve 
their reputation.

6  |  CONTRIBUTIONS, IMPLIC ATIONS AND 
MAIN CONCLUSIONS

Recent acceleration in digital technology development has been 
undoubtedly favoured by both internal and external factors. As to 
internal factors, in a dynamic context where no industry can avoid 
the growth-innovation relationship, the use of more advanced digital 
technologies (AI, big data, IoT, etc.) becomes a crucial driver for 
increasing company competitiveness. External factors are related to 
the incentives (such as the fiscal incentives) for digital transformation, 
following the principles for the fourth industrial revolution.

However, while we fully recognise the relevance of ‘Piano 
Industria 4.0’ by the Italian Ministry of Economic Development, it is 
currently considered appropriate to overcome that vision based only 
on technical and economic issues and to include environmental and 
social factors in a more holistic approach according to the frame-
work for the fifth industrial revolution. The latter is aimed at placing 
innovation beyond the search for higher levels of corporate per-
formance, encompassing the idea of harmonious human–machine 

TA B L E  6  Types of unreliability signals per deviation class (frequency).

A B C D E

MoD (E) ID (S) HID (S) LID (E) VSD (E)

Vague and misleading claims 22 22 12 5 2

Inaccurate claims 19 12 12 6 3

Jargon claims – – 2 1 1

Irrelevant claims – – – – –

Exaggerations 1 6 10 2 3

F G H I L

LID (S) MoD (S) ID (S) SD (S) ID (G) LID (S)

Vague and misleading claims 15 3 4 22 5 7

Inaccurate claims 14 1 – 12 5 6

Jargon claims – – – – 4 –

Irrelevant claims 1 – – – 1 –

Exaggerations – – – 6 – 2
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collaborations, with a specific focus on the well-being of the multiple 
stakeholders.

Our work contributes to the above research lines by calling for au-
thorities' attention to be focused on the need of AI regulation in eth-
ical terms (e.g. Aitken et al., 2020; Crawford & Calo, 2016; Haenlein 
& Kaplan,  2020; Kopalle et  al.,  2022; Taddeo & Floridi,  2018). 
Particularly, literature is focused on the topic related to voluntary 
and mandatory disclosure, the centrality of which is connected with 
the mentioned characteristics of opacity and complexity of technol-
ogies. In fact, as Schultz and Seele (2023) state, the effort towards 
a more transparent and standardised disclosure on digital issues is a 
crucial step for institutionalising AI ethics.

Finally, the inappropriate clarity of reporting seems to promote 
machinewashing behaviours.

Machinewashing issue has been investigated mainly from a the-
oretical point of view (Seele & Schultz, 2022). Our paper contributes 
to the research stream on machinewashing by proposing an instru-
ment that may help scholars aiming to operationalise the machine-
washing concept. In fact, our methodological design indicates that 
it is indeed possible to operationalise and measure machinewashing 
strategies. Furthermore, this also suggests that a specific analysis of 
corporate reporting may be a tool to detect such strategies, to mea-
sure their intensity and to identify the drivers’ companies may use to 
deceive stakeholders. A specific analysis of corporate reporting may 
therefore be a tool to emphasise the ethical-sustainable impacts of 
digitalisation. Particularly, it allows researchers to understand which 
ESG dimensions the machinewashing strategies mostly involve and 
which unreliability signal they mostly report.

For these reasons, the methodology we propose may be applied 
and developed to test the research questions pertaining to the in-
vestigated phenomenon of machinewashing along a business eco-
nomics perspective. Specifically, we aim to contribute to empirical 
studies, using variables resulting from the operationalisation of ma-
chinewashing and from the measurement of the machinewashing 
strategies' intensity. Moreover, this may be particularly useful for 
conducting studies on big samples, with both researchers and regu-
lators carrying out those studies in order to scrutinise the phenom-
enon of machinewashing.

An additional relevant managerial and practical implication con-
sists in the definition of an instrument that managers, sharehold-
ers, regulators and other external stakeholders may use to evaluate 
the consistency of disclosure and the company's accountability re-
garding the effects of the digital transformation. MWindex may also 
represent a tool that allows managers to evaluate the company's 
reputational risk. As the corporate digital responsibility perspec-
tive enlightens, reputational risks are embedded in the digitalisation 
development when ethical concerns are not effectively or substan-
tively pursued (Wirtz et al., 2023). Moreover, the investigation of the 
IR and of the more frequent unreliability signals may help managers 
and owners understand the level of transparency and the level of 
standardisation of companies’ disclosure (Schultz & Seele, 2023); the 
above-mentioned investigation may also help managers and owners 
detect how disclosure on digitalisation may reveal some conflicts 

within the company, contributing to the improvement of the gover-
nance mechanisms. Finally, MWindex is a useful tool for analysts who 
evaluate companies' ethically sustainable behaviour, also in the field 
of technological innovation, in order to define a strategy for allocat-
ing investors’ capital.

Nowadays, the digital transformation is a phenomenon that con-
cerns all industries and not only the ICT ones. The machinewashing 
index has been tested on ten industries in order to explore the in-
dex's validity. Although we cannot infer general conclusions from 
the machinewashing strategies observed in various industries, we 
found that each of the ten companies shows the following peculiari-
ties: in terms of quantity when it comes to reporting on digital issues, 
in terms of the types of information disclosed and in terms of the 
types of deceptions perpetrated. In order to be able to infer general 
conclusions, we can consider MWindex, which, once it has been ap-
plied to large samples, would allow to investigate the phenomenon 
according to the characteristics of each sector. This gives room for a 
possible future improvement of this research.

Next, we mention a few limitations of our research. Firstly, our 
research design based on an exploratory content analysis of the re-
ports may involve some biases in terms of subjectivity, thus gen-
erating unreliable information as to machinewashing behaviour. 
Secondly, we adopted a small sample that may not adequately rep-
resent the population of listed companies. However, the sample 
size of the study was small owing to the exploratory nature of the 
study, which was merely to gain an understanding of or insights into 
the phenomenon under investigation, and not to generalise results. 
Again, given the exploratory nature of our study, there is still a need 
for future research to consolidate our findings. In this regard, addi-
tional future research avenues may benefit from using Likert-scale 
surveys to measure machinewashing stemming from stakeholder 
perceptions.
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ENDNOTE S
	1	Some examples of such use are related to the employee surveillance 

systems and the assessments on their performance; to the algorithms 
regulating the setting of the prices of products and services; to the en-
vironmental impacts of the artificial intelligence systems.

	2	For a detailed comparison between greenwashing and machinewashing 
see: Seele and Schultz (2022).

	3	‘Communication about ethical AI is often labelled as untrustworthy, as-
pirational, and not least as machinewashing (…). Similar concerns have 
previously been raised about CSR as a mere marketing or public rela-
tions tool, where a substantial gap between symbolic and aspirational 
managerial ‘talk’ and the actual upholding of social responsibility stan-
dards prevails’ (Seele & Schultz, 2022, p. 1082).

	4	The pilot coding process has been carried out another three times, 
considering the same contents. The repetition was concluded when 
Krippendorff alfa had exceeded the reliability threshold (0.85 > 0.80). 
At the end of the coding process, the reliability was re-assessed again, 
obtaining a correspondence higher than 90% on a significant portion 
of the texts. The reliability threshold is defined on the basis of a corre-
spondence equal to or greater than 80% (Kassarjian, 1977).
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TA B L E  B  Coding rules.

Issue Rule

Documents to be investigated Annual report and non-financial statement

Recording unit Code for text units, graphs and tables. Do not code for photos

Frequency •	 Frequency is the number of times that a specific text unit, associated with a defined mix of attributes, is 
present. The frequency is reported in the specific cell of a coding sheet matrix

•	 If a piece of information is present two or more times in the two documents, it is counted only once
•	 One text unit is counted as one frequency

Ambiguity •	 Confusing and unclear text units were not counted
•	 In case of concepts that can be codified into different categories, the dominance principle has to be applied

Identification of attributes

Financial Information characterised by monetary nature

Non-financial Information not characterised by monetary nature

Quantitative Information represented by numbers

Qualitative Information represented by narrative description

Mixed Information represented by both numbers and narratives

Non-time specific The information shows no time orientation or describes current situations

Historical The information has to do with past events

Forward-looking The information has to do with future scenarios (i.e. projects, ideas, hypotheses, suppositions)

Source: Bernini et al. (2022).

TA B L E  C  Mix of attributes representative of the information capacity.

1 Financial/mixed/historical

2 Financial/quantitative/historical

3 Non-financial/mixed/historical

4 Non-financial/quantitative/historical

5 Financial/qualitative/historical

6 Non-financial/qualitative/historical

7 Financial/mixed/non-time specific

8 Financial/quantitative/non-time specific

9 Non-financial/mixed/non-time specific

10 Non-financial/quantitative/non-time specific

11 Financial/qualitative/non-time specific

12 Non-financial/qualitative/non-time specific

13 Financial/mixed/forward-looking

14 Financial/quantitative/forward-looking

15 Non-financial/mixed/forward-looking

16 Non-financial/quantitative/forward-looking

17 Financial/qualitative/forward-looking

18 Non-financial/qualitative/forward-looking
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For each content unit, we identified the recurrence of deception signals (the type of deception among the 5). For the same text unit, we con-
sidered the possibility of detecting multiple types/signals of deception. Therefore, we did not stop at the first detected deception signal. After 
doing this, we measured the level of unreliability as represented in the following Table E.

TA B L E  D  Methodological framework for analysing the reliability of information.

Type Description Example

Vague and 
misleading 
claims

Broad statements without specific meaning Talking about difficulties generated by the economic crisis, 
rather than climate change, instead of referring to customer 
satisfaction or reducing emissions

Inaccurate claims Incorrect or invented statements or data Talking about specific ESG impacts but no exact percentage 
quantification or concrete evidence even when checking for 
such indications in previous years' reports

Jargon claims Statements using language, terms or jargon that do 
not resonate with interested parties (especially 
customers)

Reporting statements making extensive use of specific/jargon 
terms

Irrelevant claims Statements that emphasise a trivial ethical aspect, 
while the remaining business practices are 
contrary to ethical or environmental standards

Statements emphasising issues that are not taken into account in 
the rest of the text

Exaggerations Claims that make the organisation or its products 
look better than they are. Exaggerated claims that 
go far beyond the possibilities of the product or 
the capabilities of the organisation

Reporting very positive aspects of technologies without terms of 
comparison with other tools, without highlighting the potential 
negative aspects or going far beyond the skills of the company 
and of people

Source: Adapted from Seele and Schultz (2022).

TA B L E  E  Unreliability measuring process.

Number of detected signals in a text unit Maximum number of detectable signals Reliability measure

Case 1 0 5 5 (reliable information)

Case 2 1 5 4

Case 3 2 5 3

Case 4 3 5 2

Case 5 4 5 1

Case 6 5 5 0
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