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Developing a battery of measures for unobtrusive 
indicators of organisational culture: a research note

Tom W. Reader and Alex Gillespie*

Department of Psychological and Behavioural science, london school of economics, london, uk

ABSTRACT
Measuring organisational culture is important for detecting the values 
and practices that increase organisational risk (e.g., unethical conduct). 
Self-report methods (e.g., surveys) are mostly used to study culture: 
however, due to reporting biases and sampling limitations, and the rapid 
advance of digital data, researchers have proposed unobtrusive indicators 
of culture (UICs; e.g., drawn from social media, company reports, exec-
utive data) as a supplementary methodology for identifying organisations 
at risk of failure. A UIC is a single measure of organisational culture 
drawn from data collected without engaging employees, and research 
using UICs is in its nascent stage. Although various data sources have 
been established for studying culture unobtrusively, researchers have yet 
to explore the application of multiple UICs drawn from different data 
sources. To investigate this, we developed an experimental battery of 
83 UICs drawn from seven data sources (e.g., company earnings calls, 
employee online reviews, executive data), applying diverse analyses (e.g., 
natural language processing, quantitative analysis of behavioural data) 
to measure eight dimensions of culture (e.g., governance, integrity). We 
then applied the battery to assess 312 large European companies. We 
found that the UICs could distinguish between companies and different 
industries, and one dimension (customer focus) was associated with an 
outcome variable commonly used in culture research (Return on Capital 
Employed). However, we were not able to establish a coherent set of 
statistically reliable dimensions due to the clustering of UICs by data 
source. This clustering likely occurred because data sources reflected the 
values and practices of different stakeholders (e.g., employees, managers), 
which underscores a conceptualisation of culture that is focused less on 
shared values across an institution, and more on the values, priorities, 
and practices experienced by different sub-groups. Future research could 
structure UICs according to data sources and apply UICs to examine the 
causes of organisational failure.

Organisational culture refers to the shared assumptions, values, and beliefs that characterise an 
organisation and influence behaviour (Schneider, Ehrhart, and Macey 2013). Research and theory 
have identified organisational culture as a key indicator of the organisational practices that lead 
to institutional failures (e.g., bankruptcies, scandals, accidents, strikes) (Leaver and Reader 2019; 
Ring et al. 2016; Sims and Brinkmann 2003). As such, organisations across many sectors apply 
culture measurement to identify and understand their risks, and to facilitate culture change. 
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Surveys have become the predominant approach to studying organisational culture and are 
used to benchmark organisations in order to determine good practice and potential problems 
(Jung et al. 2009).

Increasingly, however, researchers have been turning to digital data (e.g., online company 
reports, social media, executive data) to study organisational culture. The measures generated 
using these sources are termed ‘unobtrusive’ because they draw on naturally occurring data 
without having to engage employees (Reader et al. 2020). Unobtrusive culture measurements 
potentially address the limitations of self-report data (e.g., requiring institutional access, reporting 
biases), which become more pronounced in a poor culture. Therefore, such measures are poten-
tially useful for risk research, for instance, to identify companies with problems in ethical conduct, 
employee management, or governance. However, to date, research using unobtrusive data to 
study culture has been disparate and piecemeal; the measures have been diverse, generated 
in different contexts, drawn from different data sources, studied in isolation rather than in 
combination, and rarely considered in terms of providing a conceptually coherent or valid 
assessment of culture.

To explore this approach further, in the current study, we developed and tested an experi-
mental battery of unobtrusive indicators for investigating organisational culture.

Organisational culture and risk

Definitions of organisational culture have focused on the values, norms, and practices that are 
commonplace, shared, and significant in an organisation (Schneider, Ehrhart, and Macey 2013). 
Schein’s seminal framework underpins the research and theory on organisational culture, and 
consists of three levels: 1) artefacts, which refer to the rituals, language, systems, procedures, 
stories, and arrangement of space within an organisation; 2) espoused values, which are the 
‘strategies, goals, and philosophies (espoused justifications)’ that guide behaviour (Schein 1999, 
21); and 3) underlying assumptions, which are the ‘unconscious, taken for granted beliefs, per-
ceptions, thoughts, and feelings… (ultimate source of values and action)’ that are non-confrontable 
and non-debatable, and that guide group members’ perceptions, thoughts, feelings, and 
behaviour (Schein 1999, 21).

Approaches to studying and theorising organisational culture differ according to the discipline, 
with models variously focusing on systems of shared values, the transmission and construction 
of culture, and the ways in which culture shapes behaviour and propagates itself (Giorgi, 
Lockwood, and Glynn 2015). This diversity of methods reflects the long-standing distinction 
between qualitative and quantitative traditions of culture research (Morris et al. 1999). Qualitative 
methods (e.g., ethnographies, interviews) have adopted a native-view paradigm to explore how 
beliefs and assumptions emerge in an organisation, are experienced, and become embedded 
in institutional processes. Quantitative methods, mostly survey-based, have adopted a function-
alist perspective to outline and measure the universal value systems of organisations, and to 
predict behaviour and performance.

In recent years, surveys have become the predominant approach to culture measurement 
(Jung et al. 2009). This preference is due to the validity and robustness of surveys, the potential 
to use them at scale (e.g., across institutions and staff groups), and the ability to associate 
them with other measures (e.g., outcome data). Therefore, research on culture has mostly 
focused on the layer of ‘espoused values’, with culture conceptualised in terms of ‘the values, 
beliefs, and assumptions that are held by members of an organisation’ (Denison, Nieminen, 
and Kotrba 2014, 146). Researchers have developed various reliable and robust culture surveys 
(Chatman and O’Reilly 2016), and established associations between culture (e.g., values for 
customer orientation, adaptability, mission) and organisational outcomes such as sales (Boyce 
et al. 2015), revenue (Chatman et al. 2014), and market-to-book ratios (Kotrba et al. 2012). 
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However, through measuring shared norms, the widespread use of surveys has arguably rein-
forced a conceptualisation of organisational culture as shared values, and scholars have con-
tested this model due to the often fragmented nature of culture (e.g., in sub-groups) and the 
contrasting value systems that can co-exist within an organisation (Howard-Grenville, Lahneman, 
and Pek 2020; Martin 1992). Indeed, considering the richness of phenomena (e.g., implicit 
beliefs, practices, stories, ergonomics, language) enveloped by the concept of organisational 
culture (Jahoda 2012; Schein 1999), its conceptualisation as shared values measured by surveys 
seems somewhat narrow.

Research on organisational culture has influenced the risk research literature through its 
focus on how a poor or ineffective culture can create risk for an organisation. Where an organ-
isation’s norms and values are negative or weak (e.g., in terms of governance, ethical conduct, 
workforce management), it is susceptible to poor management, unethical behaviour, risk-taking, 
and corporate scandals, which can harm stakeholders and jeopardise the organisation’s existence 
(Ehrenhard and Fiorito 2018; Paté‐Cornell 1993; Sims and Brinkmann 2003). Examples include 
the collapse of Carillion due to the unnecessary debt accumulated by the senior management 
team, the Enron scandal due to the misreporting of financial data, or the manipulation of vehicle 
emissions data at Volkswagen because of the pressure put on staff. In such cases, the culture 
established institutional norms whereby senior management were negligent in their duties, 
fraud was incentivised and encouraged, and staff were pressured to take risks. Furthermore, as 
illustrated by the research on safety culture and risk culture, values related to organisational 
risk (e.g., norms for engaging in risky behaviour, management commitment to safety, risk control 
systems) underlie accidents and failures in risk management (Reader and O’Connor 2014; Ring 
et al. 2016).

Given that organisational culture can explain the conditions under which institutional failures 
occur, scholars have debated over how to effectively measure the values and practices that 
create risk for organisations. As in the wider organisational culture literature, surveys have been 
considered a useful approach, for instance, in settings such as banking (Cottrell 2018), energy 
(Mearns, Whitaker, and Flin 2001), aviation (Reader et al. 2015), and healthcare (Mannion, Konteh, 
and Davies 2009). This is because surveys can capture the perceptions of cultural values across 
an organisation, which can then be used to identify problematic norms (e.g., speaking-up in 
teams: Edmondson 1999) or groups (Hofstede et al. 1990). Despite these qualities, however, 
survey approaches present significant limitations in detecting the cultural values and practices 
that create risk.

A key issue is that the cultural conditions that lead to organisational failure – for instance, 
poor governance, unethical norms, blame and scapegoating, or poor treatment of employees 
– may influence data collection (Reason 2000). Institutions with problematic practices may be 
unlikely to facilitate access, and, especially if there is minimal trust, staff may be unwilling to 
participate in culture surveys. Even when access can be secured, other problems emerge. Survey 
responses may be shaped by impression management, where survey participants attempt to 
present themselves and their organisation in the best possible light (e.g., to avoid scrutiny) 
(Bolino et al. 2008). Additionally, responses may not be accurate in cases where there is pressure 
to maintain ‘organisational silence’ (Morrison and Milliken 2000, 706) or fear over reporting 
honestly on the culture. Adding to the complexity, researchers have observed that participant 
responses to culture surveys are themselves a product of shared norms (McSweeney 2002). 
Consequently, poor practices (e.g., rule-breaking) may be normalised (Vaughan 1999) or viewed 
as necessary (Ramamoorti 2008), and therefore not reported as such.

Other issues, such as the timing of surveys, are also important considerations when using 
self-report data to identify cultural properties that present a risk to organisations. Culture surveys 
tend to be administered annually or bi-annually. Therefore, it is unclear the extent to which 
the surveys can reflect dynamic changes in culture (e.g., rapid or slow deterioration). For instance, 
safety research has shown that even if culture surveys are taken prior to accidents, they do not 
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necessarily capture the problems identified as causal in post-hoc analyses (e.g., incident report-
ing) (Antonsen 2009). Furthermore, as illustrated in rogue trading scandals (e.g., at Barings Bank 
or Société Générale) (Gilligan 2011) or failures in corporate governance (e.g., Carillion, Enron) 
(Bhaskar and Flower 2019), problems may lie in the values and practices of small groups (e.g., 
senior management). Due to the limited size of the group involved (e.g., senior traders) and 
lack of awareness of the problems beyond that group, organisation-wide culture surveys may 
not be sensitive enough to pick up on signals of risk.

Unobtrusive measures
The widespread use of self-report measures for studying psychological phenomena in organi-
sations is largely grounded in the research techniques available to scholars in the late 20th 
century (e.g., where data on culture was difficult to access without directly engaging staff ), and 
the limitations of these methods have been widely recognised (Donaldson and Grant-Vallone 
2002). Furthermore, scholars have considered the potential of ‘unobtrusive measurements’ as 
an alternative approach to using self-report, observations, and experiments in organisational 
research (Hill, White, and Wallace 2014). Unobtrusive measures involve the analysis of data 
collected without having to directly engage or elicit responses from participants (e.g., speeches, 
reports, archival data) (Webb et al. 1966). The purpose is to overcome the limitations of self-report 
measures wherein ‘the processes involved in measurement affect the value obtained for the 
variable’ (Sechrest and Phillips 1979, 3).

Unobtrusive measures are considered useful for overcoming reporting biases (e.g., through 
analysing extemporaneous and naturally occurring data), providing insight into organisations 
that are difficult to access (e.g., using publicly available executive data), enabling dynamic data 
collection (e.g., social media data), supporting longitudinal research (e.g., archive review), and 
ensuring greater measurement diversity in research (e.g., reducing reliance on self-report data). 
Although the potential of using unobtrusive measures in organisational research has long been 
acknowledged, their application to date has been quite limited (Hill, White, and Wallace 2014; 
Webb and Weick 1979). However, recent developments in data accessibility (e.g., social media, 
archives, behavioural data) and data science (e.g., natural language processing) have led to a 
rapid growth in the number of studies using unobtrusive data (Knight 2018; Short, McKenny, 
and Reid 2018; Tonidandel, King, and Cortina 2018). These advances are particularly beneficial 
for the field of organisational culture (Reader et al. 2020). For instance, analyses of naturally 
occurring language enable the study of culture through the mediums (i.e., language, behaviour) 
in which organisational values are communicated and instantiated. In effect, researchers can 
study the actual (rather than reported) behaviours, practices, and events that enact and reinforce 
culture (Cremer, Garicano, and Prat 2007; Elahi and Monachesi 2012; Schein 1999; Tonidandel, 
King, and Cortina 2018).

Unobtrusive measures may be particularly useful for risk researchers investigating organisa-
tional culture given that the limitations of self-report measures (i.e., sampling, response biases) 
are especially acute when studying the values and practices that create risks for organisations 
(e.g., conduct problems). We build on this idea in the current study, and report on the devel-
opment of an experimental battery of measurements that could be used to unobtrusively study 
organisational culture and detect threats to governance, integrity, and other key aspects of 
corporate functioning.

Unobtrusive indicators of culture for organisations
To synthesise the many different data sources and measurements that can be used to study 
organizational culture unobtrusively, and capture their conceptual value and distinctness, 
Reader et al. (2020) describe the construct of an unobtrusive indicator of culture (UIC) for 
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organizations. A UIC refers to ‘a single measure of organizational culture based on naturally 
occurring data collected without engaging employees’ (Reader et al. 2020, 636). The emerging 
literature using UICs has drawn on a range of heterogeneous data sources, including employee 
online reviews (Moniz 2015), employee emails (Srivastava et al. 2018), executive data (Davidson, 
Dey, and Smith 2015), company documents (Erwin 2011), financial data (Hoi, Wu, and Zhang 
2013), and legal data (Hutton, Jiang, and Kumar 2015). These data sources are analysed to 
indicate values and practices within an organisation, for instance, using natural language 
processing (e.g., in employee online reviews, company reports) to reveal cultural values (e.g., 
towards results); measuring financial data (e.g., tax practices) to study commitment to social 
responsibility; or analysing board data (e.g., independence) to test values towards governance 
and integrity. The UICs generated can be understood in terms of Schein’s description of 
organisational artefacts, with culture being indicated through the language, behaviours, sys-
tems, processes, and rituals within an organisation, which reflect the beliefs and values held 
by employees and managers.

Research using UICs is in its nascent, exploratory stage, and represents only a small fraction 
of the culture literature. In general, UICs using natural language processing to analyse textual 
data have been shown to have better construct validity (e.g., in terms of measurement prop-
erties, associations with outcomes) than those using more behavioural forms of data (Reader 
et al. 2020). Furthermore, UICs have typically been developed in isolation from single data 
sources, and there is currently no battery of UICs available to researchers that combines diverse 
data sources and measures to unobtrusively study culture. Such a battery of UICs would be 
highly valuable in detecting the cultural conditions that heighten risk to organisations by offering 
a diversity of data sources, greater access to organisations, flexibility to study different time-
frames, and mitigation of reporting biases. In addition, a multi-source approach to investigating 
organisational culture and risk, with activities reflecting different stakeholder groups (e.g., 
employees, managers), would avoid over-reliance on a single method and provide a more holistic 
assessment of culture (i.e., drawing on different perspectives).

Given the vast number of studies that have been undertaken to develop survey-based mea-
sures of organisational culture, significant work is required to develop a comparably deep and 
well-established set of unobtrusive measures. To contribute to this endeavour, this study reports 
on the development and evaluation of an experimental battery of UICs designed to measure 
culture across companies in different industries. Using new and established data sources and 
UICs, we developed and tested a set of UICs, conceptualised to measure dimensions of organ-
isational culture commonly researched in the literature. The aim was to expand the range and 
variety of UICs that might be developed to explore organisational culture, to see whether they 
could be synthesised into a coherent battery of measures, and to consider how they could be 
used to identify potential risks to organisations.

Current study

Our research consists of two phases. First, in terms of method, we developed an experimental 
battery of UICs designed to provide insights into organisational culture, drawn from multiple 
data sources (e.g., annual reports, social media). We used data sources representing different 
perspectives on culture (e.g., management, employees, other stakeholders), as the problems and 
risks associated with culture may be more apparent from some stakeholder perspectives (e.g., 
employees delivering front-line services) than from others (e.g., managerial decision-makers). The 
measures encompass culture dimensions that have been commonly researched in the literature 
in order to provide a comprehensive analysis of culture that cuts across the core dimensions 
(Table 1). We then applied the UIC battery to a sample of companies (n = 312) in the MSCI Europe 
Index (which represents 85% of market capitalisation in Europe). The MSCI Index represents some 
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of the largest equities in Europe and covers different sectors (e.g., consumer discretionary, con-
sumer staples, financials, healthcare, industrials, information technology, materials).

Second, for the analysis and results, we examined descriptive data from each UIC’s application 
to the MSCI Europe Index. We then explored whether, at a dimension level (where individual 
and normalised UIC scores were combined), the UIC battery could distinguish between com-
panies and industries. Furthermore, we undertook a factor analysis to examine whether the 
UICs were clustered according to the underlying dimension or data source. Lastly, we considered 
the relationship between the culture dimensions and Return on Capital Employed (ROCE), a 
measure that has commonly been used to explore the validity of unobtrusive measurement 
tools (Reader et al. 2020).

Method

Developing the unobtrusive indicators of culture

To develop a battery of UICs, we drew on data sources commonly suggested for unobtrusively 
investigating organisational culture (Reader et al. 2020). Data sources were required to be pub-
licly available for the companies sampled in the study so that cultures could be benchmarked 
and compared. In Table 2, we outline the data sources and consider their advantages and 
disadvantages for measuring culture (data was collected for 2017). It is noticeable that some 
data sources represent certain stakeholders (e.g., employee online reviews represent employees). 
Furthermore, while some data sources can be utilised to study a wide range of culture dimen-
sions (e.g., using natural language processing), others provide a relatively narrow focus (e.g., 
Twitter, which primarily relates to interactions between companies and their customers).

Table 1. Dimensions of culture studied through unobtrusive measures (reader et al. 2020).
Dimension Description Value to organisation underlying literature no. of uics

adaptability Being innovative, experimental, 
and taking advantage of 
opportunities

The organisation is resilient 
and can adapt to rapidly 
changing circumstances 
and threats

(chatman et al. 2014) 6

customer focus listening to customers, meeting 
customer needs, focusing on 
market demands

The organisation ensures it 
delivers products and 
services desired by 
customers

(Gillespie et al. 2008; 
o'reilly, chatman, 
and caldwell 
1991)

5

Detail focus Being precise, paying attention 
to detail, emphasising 
quality

Mistakes are avoided, and 
quality products and 
services are delivered

(cooke and rousseau 
1988; o'reilly, 
chatman, and 
caldwell 1991)

11

Diversity Valuing equality, diversity, and 
inclusion

skills and talents of all 
employees are utilised

(Pless and Maak 
2004)

5

employee focus supporting and training 
employees, encouraging 
collaboration and 
cooperation, and avoiding 
conflict

employee skills are nurtured, 
effective teamwork, 
employee well-being, and 
talent retention

(cameron and Quinn 
1999; Denison, 
nieminen, and 
kotrba 2014)

11

Governance ensuring effective processes 
and mechanisms for 
controlling and operating a 
company

stable management that 
focuses on long-term 
success rather than 
short-term thinking

(Grennan 2013) 15

integrity importance of being ethical, 
fair, and honest

The likelihood of unethical 
behaviour and corporate 
misconduct is reduced

(kaptein 2011) 16

results focus Being focused on results, 
performance, and 
achievement

The organisation competes or 
retains market position, 
and can generate growth

(hofstede et al. 1990; 
o'reilly, chatman, 
and caldwell 
1991)

14
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Unobtrusive indicators of culture: development
Based on the data sources outlined in Table 2, we developed a set of experimental UICs. These 
built on prior literature (Reader et al. 2020) through informal discussions with investors, regu-
lators, and senior company managers regarding the indicators they thought were important for 
evaluating corporate culture. The UICs drew on a mixture of textual and behavioural data.

Textual UICs (e.g., from annual reports, company earnings calls, the employee review website 
Glassdoor) were calculated based on the concentration of words related to a given topic in the 
textual data source, for example, words related to professionalism. Texts were parsed using machine 
learning in order to identify sentences, tokens, and grammatical structure. These parsed texts were 
then filtered (e.g., only sentences with the future tense) and/or grouped (e.g., all text by the CEO) 
for specific analyses. We performed several specific analyses, including searching for text patterns 
(single words up to five-word phrases) among specific groups (employees, management); measuring 
repetition, vagueness, and sentiment; comparing sentences about the past, present, and future; and 

Table 2. Data sources underlying the uic battery.1

Data source Description Type of analyses advantages and disadvantages
no. of 
uics

annual reports a company’s report on its 
activities for the past 
year (10 million words)

natural language 
processing, and 
quantitative 
information on the 
organisation (e.g., on 
accounting)

cultural values of management 
can be discerned from the 
language of senior staff and 
factual information. Yet, 
reports are written for 
investors and are high in 
impression management.

42

earnings calls conference where 
management discusses 
and answers questions 
(from investors) on 
financial results (45 
million words)

natural language 
processing

cultural values of management 
can be discerned from the 
language of senior staff, and 
data are extemporaneous. 
however, earnings calls are 
high in impression 
management.

27

employee social 
media (Glassdoor, 
linkedin)

employee online 
comments about their 
organisation (5 million)

natural language 
processing, and 
quantitative data on 
employee experiences

cultural values of employees can 
be discerned from language, 
with low levels of impression 
management. however, 
sampling of employees is 
incomplete and unverifiable.

12

financial data Market intelligence 
platform

Quantitative analyses of 
financial and 
market-related data

Provide insight on managerial 
practices that instantiate 
culture. however, 
interpretation of these is 
somewhat speculative.

6

Google Trends Data on the popularity of 
search queries in 
Google search

Quantitative analyses Public insights into culture, 
collected at a mass-scale 
(millions of searches). 
however, searches may reflect 
factors (e.g., media) other 
than perceptions of culture.

10

Board data Data on the composition 
and rewards of the 
company board

Quantitative analysis of 
board connections and 
bonuses

Values held by managers (e.g., 
for governance) are revealed 
by decisions that have a 
material basis. Yet, values 
underlying behaviours cannot 
be easily determined.

1

eu database legal cases against an 
organisation

Quantitative analysis of 
the number of times 
company has been 
sued

concrete instances of misconduct 
identified (indicating 
institutional values), but 
motives underlying practices 
(e.g., plaintiff ) are not 
ascertainable.

1

Note UICs can use data from more than one data source.
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comparing topics and sentiment between groups (i.e., investors and management). To create the 
dictionaries underlying the textual UICs, prototypical words and phrases for each construct (e.g., 
employee focus) were identified and sense-checked in the context of the texts. Then, using word 
embeddings based Common Crawl (2.6 unannotated billion web pages; 840 billion occurrences of 
2.2 million unique tokens or words) and OntoNotes 5 (2.9 million annotated words), lists of similar 
words were generated for each concept. These new words were then sense-checked in context to 
produce final dictionaries of words and phrases. Finally, the ability to view each word and phrase 
that produced a match in context has been built into the software for developing UICs. Using this 
functionality, we manually examined all of the textual matches for four companies, removing poorly 
fitting words and terms from the pattern files.

We also used data from Google Trends to develop UICs, with these data sources revealing 
the external perceptions of companies, and interactions between companies and consumers. 
The Google Trends data were calculated by taking the number of searches for the company 
name as the baseline and then calculating the relative frequency of searches about the company 
plus key words (e.g., ‘company X’ vs ‘company X strike’).

Finally, we drew on data from CAPIQ, company websites, Boardex, and the European Patent 
Office to develop a range of UICs. These sources provided insight into company activities, for 
example, shareholder engagement, company spend, and board composition, that have been 
conceptualised as being indicative of corporate culture (e.g., governance, adaptability). We 
collected and analysed the raw data from these data sources.

Initially, we assembled a list of over 200 UICs. Based on feasibility and initial considerations 
of construct validity, we reduced this number to 108 UICs, which were operationalised into 
the study data. Of these, 25 had significant amounts of missing data and thus a battery of 83 
UICs was developed, covering the culture dimensions listed in Table 1. The number of UICs 
generated per dimension varied according to the distribution of the UICs used to investigate 
the different culture dimensions in the literature (e.g., integrity, results focus, employee focus, 
and governance are most commonly studied through UICs), and according to the focus and 
flexibility of different data sources for investigating organisational culture. A sample of the 
UICs is reported in Table 3, and the full battery is available in an online supplementary file. 
The number of UICs per dimension and data source can be observed in Tables 1 and 2, 
respectively.

Scoring for each UIC had four steps. First, the data for negative UICs (e.g., on ‘Complaint 
searches’ about a company) were reversed so that they could be scaled similarly to positive 
UICs (e.g., employees writing about their company ‘Valuing professionalism’). Second, the data 
for each UIC were re-scaled, with 0 being the worst score and 1 being the best score. Third, 
culture dimensions scores were calculated by averaging the re-scaled scores for the UICs within 
each dimension. The overall UIC battery score was the average of all the re-scaled UIC scores.

Data collection

We collected data from a representative sample of 312 companies in the MSCI Europe Index. 
Companies were grouped into three broad sectors: consumer (53 consumer discretionary; 33 
consumer staples; 24 financials; 9 real estate), industry (11 energy; 63 industrials; 41 materials; 
18 utilities), and technology (31 healthcare; 17 information technology; 12 telecommunications 
services). We also collected data on ROCE for the year after data collection.

Analysis

For each company, we generated an overall profile of UICs, along with a profile for each culture 
dimension. UICs were not weighted; each contributed equally to the culture dimensions. However, 

https://doi.org/10.1080/13669877.2022.2108116
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Table 3. example uics for each dimension.

Title Data source analysis indicates
culture 

dimension

capital expenditure (% 
of sales)

financial data capital expenditure as a percent 
of revenue over 1 year

investing in and 
preparing for 
change

adaptability

innovation language annual report frequency of words & phrases 
associated with growth and 
innovation in annual report 
and earnings calls

Management concern 
with growth and 
innovation

adaptability

complaint searches Google Percent of Google searches about 
the company that concern 
complaints (complaint, 
complaints, returns, problem)

consumer 
dissatisfaction with 
products

customer 
focus

c-suite customer focus annual report, 
earnings call

number of references to words & 
phrases associated with 
customers by the c-suite in 
the annual report and 
earnings call

customer focus 
amongst senior 
managers

customer 
focus

financial restatement annual report, 
earnings call

company reports restating 
numbers

Tendency for post-hoc 
adjustments, 
indicating error

Detail focus

General knowledge 
words

annual report, 
earnings call

frequency of words & phrases 
associated with general 
knowledge in annual reports 
and earnings calls

knowledge at the 
upper echelons of 
the company is 
general rather than 
detailed

Detail focus

Board gender balance annual report Gender balance of executive 
board members (deviation 
from 50/50 split)

Valuing diversity in 
senior management

Diversity

employee-reported 
diversity

employee social 
media

frequency of words & phrases 
associated with diversity in 
the ‘pros’ minus the ‘cons’ 
sections of Glassdoor reviews

employees feel the 
company values 
diversity

Diversity

employee-focused 
language

annual report, 
earnings call

frequency of words & phrases 
relating to employees, 
attachment, human affiliation, 
collaboration, trust and 
support in all management 
text

focus on social 
cohesion in the 
workplace

employee 
focus

Valuing professionalism employee social 
media

frequency of words & phrases 
associated with 
professionalism in the ‘pros’ 
minus the ‘cons’ sections of 
Glassdoor reviews

employees feel the 
company values 
professional 
conduct

employee 
focus

Board independence annual report Percent of board that is 
non-executive

independent oversight 
of the board

Governance

Management vs 
investor topics

earnings call Topic discrepancy between 
c-suite presentation and the 
earnings call questions (-1 to 
1)

c-suite not in-tune 
with concerns of 
investors

Governance

Detailed financial 
statement

annual report number of characters in the 
financial section of the annual 
report

Transparency of 
finances covering 
regional and 
sub-businesses

integrity

red flag words employee social 
media

frequency of red flag words & 
phrases in Glassdoor reviews 
(e.g.,, fraud, corruption, abuse, 
toxic)

employees voicing 
serious ethical 
issues in their 
company

integrity

net income surprise financial data surprise for analysts in net 
income as a percent of net 
income (year)

lack of accuracy in 
results forecasting

results focus

Target focus annual report, 
earnings call

frequency of words & phrases 
associated with targets, kPis, 
and goals in annual report 
and earnings calls

results orientation results focus
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the distribution of each UIC score was normalised using an ordered quantile transformation. 
This entails a rank mapping to the normal distribution that, depending on ties, produces nor-
mally distributed data centred with a mean around 0 and a standard deviation of about 1. For 
each UIC, we examined the completeness of data (i.e., missing data), and the skewness, kurtosis, 
and completeness of data. We then explored the structure of the UIC battery through the 
following analyses.

A descriptive analysis of the UICs
We examined the UICs in terms of mean scores, standard deviations, skewness, and kurtosis.

UIC profiles by industrial sector
We clustered the UICs into dimensions and then examined them in terms of variations (at the 
dimension level) between the different industries included in the MSCI Europe Index.

A factor analysis of the UIC
For the factor analysis, we used a generalised low rank model (GLRM) instead of principal 
component analysis (PCA) because of the heterogeneity of our data. Accordingly, we expected 
that PCA would cluster the UICs in terms of the data sources or perspectives being represented 
(e.g., managers vs employees) rather than in terms of the latent culture dimensions. GLRMs are 
an extension of PCA that can ‘handle arbitrary data sets consisting of numerical, Boolean, cat-
egorical, ordinal, and other data types’ (Udell et al. 2016, 1). The GLRM starts by assuming that 
the optimum number of ‘archetypes’ (factors) is the number of observable variables (i.e., no 
unobserved latent variables). The goal of GLRMs and PCA is to reduce the dimensions of the 
data by finding the lowest archetype number for the highest amount of explained variance. 
The cumulative variance explained (CVE) is used to calculate the minimum number of ‘arche-
types’ (i.e., principal components) we would need to explain a threshold of the variance set at 
0.75. Given the high number of independent data sources, different dimensions examined, and 
different perspectives/behaviours underlying the data (e.g., employees, managers, stakeholders), 
the likelihood of developing a factor structure capable of emulating the dimensions outlined 
in Table 1 was considered low. Previous research on unobtrusive data, and textual analysis in 
particular, has argued that factor analysis is not suited for testing the structure of non-questionnaire 
organisational data (due to the lack of mono-methodological bias and use of different data 
sources to collect diverse data). Instead, correlations of less than 0.4 between factors indicate 
independence of psychometric dimensions (McKenny, Short, and Payne 2013). We used these 
as additional criteria to evaluate the battery.

Correlations between the UIC dimensions and ROCE
We examined correlations between the UIC dimensions, while investigating the association with 
ROCE (using ordered quantile transformation). These were examined through Spearman’s 
rank-order correlations and multiple regressions with revenue and sector (consumer, industry 
and technology as binary variables) as controls.

Results

Descriptive data

Table 4 reports the overall descriptive data for the companies included in the sample. Descriptive 
data for each UIC is reported in the online supplementary spreadsheet (alongside the full suite 
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of UICs). Data for most of the UICs had a normal distribution, although some had high skewness 
(e.g., CEO share ownership, which indicates commitment to the company, and governance) and 
high kurtosis (e.g., words used by employees to report abuses of power, which indicates integ-
rity). Due these characteristics, we normalised all UIC data using an ordered quantile transfor-
mation to enable comparison.

UIC profiles by industrial sector

UIC battery profiles were generated for the companies included in the sample. We examined 
whether corporate culture profiles varied by industry for each dimension. Kruskal-Wallis tests 
were conducted to examine differences between sectors in terms of each of the culture dimen-
sions. We found the most significance difference for adaptability (Chi square = 50.553, p < .001, 
df = 10) and the least difference for governance (Chi square = 3.012, p = 0.981, df = 10) (see Figure 
1). It can be seen that telecommunications, information technology, and healthcare companies 
generally scored higher than other sectors on adaptability, whereas materials and industrials 
scored lowest. This result is to be expected, as information technology and healthcare companies 
must continually adapt their products and services according to technological advances and 
market demands. Governance showed the least variance, as might be expected given the legal 
requirements around corporate governance.

A factor analysis of the UICs

Table 5 presents the outcome of using GLRM to reduce the dimensionality of the data. Beginning 
with each UIC as a separate archetype yielded a CVE of 1 (as expected) and suggested a reduc-
tion to 32 archetypes. Inputting 32 dimensions into the model yielded a CVE of 0.96 and 

Table 4. Descriptive data for companies.
n Mean sD Median Min Max skewness kurtosis

revenue (euro m) 312 19881 32022 9638 307 262453 4.136 21.918
roce 312 14.245 10.946 12.031 0.170 92.2 3.118 15.264

Figure 1. uic battery scores for adaptability and governance for companies in the Msci europe index. companies are 
clustered by sector, with horizontal lines showing the mean score for each sector and dots representing individual 
companies.
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suggested a further reduction to 17 archetypes. However, 17 archetypes yielded a CVE of 0.63, 
which was below the threshold (0.75). The high dimensionality of the data suggests that the 
data are very heterogeneous (even after being normalised) and do not yield powerful latent 
dimensions. A visual inspection of the loadings for the archetypes revealed that the majority 
of clustering was based on data source. For example, there were clusters of Glassdoor data, 
Google search data, textual data (factual & numeric text; vague, evasive, & discrepant text). 
Given the heterogeneity of the data sources, it is not surprising that the culture dimensions 
were not more salient in the clusters. Three potential clusters were identified within the arche-
types (for integrity, employee focus, and results focus). However, this finding is likely because 
these dimensions are drawn from fairly limited data sources (e.g., employee focus is mostly 
drawn from employee online reviews).

Correlations between UIC dimensions and ROCE

With the exception of planning and governance, the dimensions did not correlate above 0.5 
using Spearman’s rank-order correlations (see Figure 2). This indicates that, although a clear 
latent structure for the UICs could not be ascertained (with factor analysis revealing data source 
and data type to be primary drivers of clustering), the conceptually derived dimensions being 
measured were distinct from each other.

To test the wider validity of the UIC battery, we correlated overall UIC battery scores 
and ROCE for companies on the MSCI Europe Index (see Figure 2). This revealed significant 
correlations between ROCE and the culture dimensions of customer focus (r = 0.19, p < 0.001) 
and employee focus (r = 0.12, p < 0.05). Closer examination of the customer focus UICs 
revealed the individual UICs of ‘industry focus’ (r = 0.288, p < 0.001) and ‘C-suite customer 
focus’ (r = 0.145, p < 0.05) to correlate strongly with ROCE. To investigate whether the UIC 
battery was associated with ROCE, we used a stepwise multiple regression (Table 6). Model 
1 tested the control variables of revenue (a proxy for company size) and company sector 
(with two binary variables ‘consumer’ and ‘industry’, with a 0 for both indicating the ‘tech-
nology’ sector). Model 2 added the average normalised score of all the UICs to the model. 
Model 3 replaced the average normalised score for all UICs with the average for only UICs 
pertaining to customer focus. Model 1 found that a linear regression with controls was 
significant (r2 = 0.043, F(3, 308) = 4.645, p = 0.003). Model 2 found that the average score 
for all the normalised UICs was also significant (r2 = 0.046, F(4, 307) = 3.736, p = 0.005), but 
not a meaningful improvement over Model 1 (adjusted r2 change < 0.001, p = 0.316). However, 
Model 3, which examined only the UICs pertaining to customer focus, created a regression 
equation (r2 = 0.07, F(4, 307) = 5.733, p < 0.001) that was a significant improvement over 
Model 1 (adjusted r2 change < 0.023, p = 0.004). This is not surprising given that several of 
the proposed dimensions (e.g., integrity, employee focus) are not expected to be associated 
with ROCE.

Discussion

Organisational culture is often identified as a risk factor contributing to organisational failures. 
In many domains, for instance finance (FCA 2018), culture measurement is seen as a way to 

Table 5. Dimensionality reduction using GlrM.
Data Model k k for cVe ≥ 0.75 Model cVe

uics = 83
companies = 312

k = 83 k = 32 1
k = 32 k = 17 0.96
k = 17 k = 17 0.63
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identify conduct problems. Where the organisational culture is poor, the stability and future of 
the organisation are at risk. Traditionally, surveys have been used to study culture, but this 
approach may not be optimal due to access limitations, normalisation of poor practices, social 
desirability, or the requirement for benchmark data. To address these limitations, unobtrusive 
measures have been suggested for identifying cultures that create risk for organisations. To 
begin to explore this idea, we tested an experimental battery of 83 UICs, drawn from eight 
data sources and indicating eight dimensions of culture. We applied the battery to measure 
culture in 312 of the largest companies in Europe, analysing many millions of words and data 
points. The purpose was to develop a diverse – in terms of stakeholder perspectives, culture 
dimensions, and data sources – battery of culture indicators for gauging organisational risk.

We found the majority of individual UICs to be reliable and distributed in a way that distin-
guished between organisations and sectors. At the dimension level, measures had face validity 
in terms of variations between sectors, although these variations were not so extreme as to 
preclude grouping all companies. We were unable to identify a coherent factor structure in the 
UICs due to the diversity of data sources and stakeholder perspectives. The UICs tended to be 

Figure 2. associations between uic battery culture profiles and return on capital employed and Total shareholder return. 
The lower-left cells are pairwise spearman’s rank correlations (*p < 0.05, **p < 0.01, ***p < 0.001). The upper-right cells are 
pairwise scatterplots with linear models overlaid. Boxes facilitate identifying the scatterplot that corresponds to statistically 
significant correlations: dotted (p < 0.05), dashed (p < 0.01), and solid (p < 0.001). The diagonal displays the distribution of 
each variable with density plots.



14 T. W. READER AND A. GILLESPIE

clustered according to data source. Although some of the overlap between dimensions and 
data sources was high (e.g., employee focus and employee online reviews), we did not observe 
a coherent psychometric model. Dimensions were not highly associated with each other, indi-
cating their distinctiveness. Integrity was the dimension most associated with other dimensions. 
This finding appears logical, as companies that do not support their employees, focus on cus-
tomers, or prioritise governance might be expected to also be low in integrity. To test the 
validity of the UIC battery, we explored the association with ROCE and observed an association 
between customer focus and ROCE, thus lending some validity to the measurement battery. It 
was perhaps unsurprising that no other associations were observed, considering the time lag 
between culture measurement and performance, and the practices represented by other dimen-
sions (e.g., integrity, adaptability, governance).

Theoretical and practical considerations

The study findings present valuable insight into the potential of using unobtrusive data sources 
for studying organisational culture and risk. On the positive side, it appears possible to use 
naturally occurring data to develop a broad and diverse range of cultural indicators, which can 
collectively be used to benchmark culture at a mass scale and potentially detect signs of con-
cern. Distinct culture dimensions could be conceptually developed from the UICs and used to 
distinguish between industries and company performance (for customer focus); however, the 
GLRM could not establish a coherent, statistically singular model of culture.

On a less positive note, the absence of a coherent factor structure indicates that an aspect 
of the UIC battery that we conceptualised as a strength may also be a key weakness. The UIC 
battery uses diverse data sources to collate different stakeholder perspectives on organisational 
culture to avoid over-reliance on one perspective or group. We theorise that the problems in 
a culture that are not apparent to one group (e.g., managers or investors) may be apparent to 
others (e.g., employees, the public) or emergent across multiple data sources. For instance, 
problems in ethics and integrity may be more apparent to employees (e.g., concerns being 
ignored) and the public (e.g., being mis-sold products) than to managers. Indeed, a divergence 
of perspectives (e.g., on whether the organisation is collaborative) might itself be an indicator 

Table 6. regression model testing the relationship between the uic battery culture dimensions and 
return on capital employed.

Dependent Variable: roce

Model 1 Model 2 Model 3

revenue (euro) −0.000*** −0.000*** −0.000***
(0.000) (0.000) (0.000)

sector: consumer −0.094 −0.071 −0.022
(0.156) (0.158) (0.156)

sector: industry −0.217 −0.189 −0.098
(0.154) (0.156) (0.157)

uic mean 0.355
(0.353)

customer focus 0.290***
(0.099)

constant 0.242* 0.228* 0.168
(0.129) (0.130) (0.130)

observations 312 312 312
r2 0.043 0.046 0.070
adjusted r2 0.034 0.034 0.057
residual std. error 0.982 (df = 308) 0.982 (df = 307) 0.970 (df = 307)
f statistic 4.645*** (df = 3; 308) 3.736*** (df = 4; 307) 5.733*** (df = 4; 307)
*p < 0.05.
**p < 0.01.
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of a poor culture. However, in the GLRM analysis, UICs were clustered according to data source, 
and even though we could identify possible factors (e.g., for integrity, employee focus), these 
were still linked to the data sources. This difficulty could indicate that it may not be possible 
to develop a psychometrically valid battery of unobtrusive measures – or at least, reliable and 
valid in terms of the criteria set for surveys, which rely on a single source of data and, from 
the outset, are designed with construct validity in mind (e.g., in writing question sets). 
Alternatively, it could support the idea that it is somewhat reductive to view organisational 
culture primarily in terms of shared values; rather, ‘practices and beliefs that define a culture 
are frequently unevenly shared across diverse pockets of an organisation, and are sometimes 
rife with contradictory elements’ (Howard-Grenville, Lahneman, and Pek 2020, 31). While employ-
ees may subscribe to a broader vision within an organisation, their values and practices may 
vary according to the problems they face, the activities they engage in, and the characteristics 
of a sub-group (Bertels, Howard-Grenville, and Pek 2016). The conceptualisation of culture as 
shared values works well for surveys, which are designed to reveal group norms; however, when 
measured using talk and behaviour, culture may appear more fragmented and contradictory 
(e.g., on beliefs around moral behaviour, or what compliance means).

Going forward, there are five options for addressing the UIC battery’s lack of a clear factor 
structure. First, new UICs may be developed or existing ones amended in order to generate 
measures that cluster together. Second, culture assessments could explicitly focus on distinct 
data sources (e.g., only textual), developing and triangulating internally coherent factors. Third, 
the sample of companies used may have been too small to test the factor structure, and future 
research may expand the sample to identify more stable factors. Fourth, data sources could be 
mapped onto different culture dimensions (e.g., customer perspectives in order to assess cus-
tomer focus) in order to create singular measures with a nomological framework of culture. 
Finally, a more limited set of culture dimensions could be examined through UICs. Specifically, 
we found UICs to potentially form three coherent dimensions (integrity, employee focus, results 
focus), and future research may focus only on these. A combination of the latter two above 
options appears to be most promising, with UICs being used to investigate a narrower set of 
dimensions that show clear value for being studied unobtrusively and that can reveal operational 
risks. For instance, one could analyse employee-generated UICs (e.g., online reviews) to identify 
problems in integrity and employee focus that might be difficult to report through surveys; 
analyse management UICs (e.g., earnings calls and annual reviews) to establish values related 
to results and long-term stability; and assess executive UICs (e.g., reward systems, financial data, 
shareholder data) to determine governance.

In terms of risk research, the use of UICs (whether those reported in the current study or novel 
ones) may facilitate new inquiries, for instance, to study culture prior to a failure (e.g., using 
unobtrusive data that predates the failure) or to identify the characteristics that lead organisations 
to be resilient during crises (e.g., the financial crisis, COVID-19). UICs specific to particular industries 
might be developed, for instance, in finance (e.g., compliance data) or safety-critical domains (e.g., 
learning from incident reports). UICs using naturally occurring data (e.g., social media) may provide 
‘real-time’ insight into culture. Data platforms that provide information on companies and are 
regularly used by investors, regulators, and companies themselves already contain much of the 
data required to create a UIC-based analysis of corporate culture. Such data might be useful for 
regulators and investors, or for organisations to supplement staff surveys.

Given the experimental nature of this study, it has numerous limitations. Data were collected 
for a single year. Our analysis focused on a limited set of publicly owned companies, and UICs 
would have to be adapted to other settings (e.g., healthcare, government agencies). The distri-
bution of data within some UICs, particularly those focusing on practices, was skewed. The 
extent to which all of the UICs generated are conceptually valid indicators of culture is debat-
able. While the textual measures generally capture definitions of culture that focus on shared 
values, the validity of those using behavioural or institutional data (e.g., legal cases, executive 
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data) is less clear. For instance, legal cases may represent the values of those raising litigation, 
and Google Trends data may reflect perceptions of popularity rather than culture. Issues such 
as impression management remain (e.g., for company reports). We did not weight individual 
UICs, although this could be done according to associations with outcome data or the size of 
the data corpus. We also did not associate the UICs with internal culture measurements, which 
is important for establishing convergent validity. Finally, although we suppose UICs may be 
used to detect organisational risk, we did not establish this with a specific risk-related outcome 
variable (e.g., corporate scandals, accidents, compliance breaches); this is a recommendation for 
future research.

Conclusions

Unobtrusive measures have the potential to advance the risk research literature through utilizing 
advances in data accessibility and data science to provide an alternative approach to investigating 
organizational culture. To develop this idea, we generated an experimental battery of UICs, drawn 
from diverse data sources, to investigate organisational culture. While the battery has the potential 
to provide insight into the values and practices of different stakeholders and to systematically 
compare organisations through naturally occurring and dynamic data, we were not able to 
establish a coherent set of statistically reliable dimensions, as the UICs tended to be clustered 
by data source. Rather than attempting to develop nomological measurement models using UICs, 
future research could attempt to structure UICs according to the data sources they are drawn 
from, the stakeholders and practices they represent, and the types of organisational risk they reveal.
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