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Introduction
Policy documents, agreements and contracts, reports, work instructions, e-mails, minutes, com-
plaints, description fields, newspaper articles, Twitter and websites: they all contain texts that are 
used daily in organisations, including the audit function. The amount of text that organisations 
produce and collect is substantial and increasing every day; nothing short of an explosion in data 
volume. Reading and using these texts in investigations is often time-consuming, while objective 
assessment is difficult. Analysing these texts with the help of a computer (text analysis) can offer a 
solution to the limitations of traditional techniques. The IIA agrees that text analysis has potential 
and expects that it will rapidly increase in importance in audit practice; reason for the IIA to publish 
this guide. The authors of this guide have experienced in their own audit practice that text analysis 
offers great potential for making audits and investigations more efficient and effective.

Purpose of this guide

With this guide we want to make it easier for auditors to start applying text analysis; both in the 
planning phase, when defining the scope, and during the audit: to collect evidence, filter relevant 
documents, research the entire population, etc. We start with examples and the impact our text 
analysis has had in our own audit context. We then discuss four challenges to make text analysis a 
success. Early 2022, we conducted a survey among auditors in advance of this guide. This showed 
that many auditors do recognise the usefulness and potential of text analysis, but also experience 
challenges. That is why we propose problem-solving approaches to tackle all kinds of challenges. 
We consider: What is necessary to ensure the success of text analysis projects?

Examples, impact and concrete analyses
 
E-mails that are automatically placed in your spam folder. E-mails from customers to a company  
that are automatically assigned to the correct department. Customer reports where  unwanted, 
personal data is automatically masked, to prevent it from being stored in the systems of an orga-
nisation. And, one step further: the ChatGPT bot that ‘helps’ a teenager with homework by produ-
cing relevant texts (OpenAI, 2023). Or a model that predicts how often an article, for example 
on LinkedIn, is read and liked based on its content; and even adjusts the content to improve 
 quality. These are all examples of text analysis that we encounter in practice. Text analytics can be  
described as a collection of techniques leading to the extraction of knowledge and actionable  
insights from textual data.

Audit practice includes a wide variety of examples of problems in which text analysis can be  
applied. Is a mandatory description or explanation field always completed? Is sustainability dis-
cussed in conversations with customers? Who is present or absent in meetings (as shown by the 
minutes) and who therefore are the logical key people to interview in the audit? Which transactions 
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contain names or country codes associated with sanctioned countries? Which documents are rele-
vant to read for an investigation? The analyses to arrive at answers to these questions are relatively 
simple to perform, even by auditors with limited knowledge of text analysis.

Of course, there are also examples that require more complex analysis. Are laws properly translated 
into internal policy? Which complaints involve high amounts, therefore possibly representing a high 
risk? Is the glossary used by a masking system complete, and can we supplement it with synonyms 
and other related words? Has the 1st line correctly or incorrectly classified credit reports in a risk 
category? What is the quality of Know Your Customer (KYC) reports? Which documents from a large 
database have been missed, but are still crucial in large-scale investigations? See the case in Box 1 
for this. For these types of analysis, the use of a data scientist is usually still unavoidable, because 
the analysis is more complex and knowledge of machine learning may be required. However, it is 
good for auditors to realise that such analyses are possible and that the impact is greater than one 
might think.

Reader’s guide

For ease of use, we have clustered the challenges:

·  Challenge 1: Textual data: How to deal with personal and sensitive data? What steps are needed 
to perform a text analysis? What are commonly used techniques?

·  Challenge 2: Tools: What tools are available? Where can relevant knowledge be obtained to 
learn how to use the tools? Focus is on the tooling we already successfully apply in our work.  

·  Challenge 3: Organisation: What is needed in an audit department to make text analysis a  
success? 

·  Challenge 4: Getting started and being successful: What additional tips do we have to increase 
the chance of successfully applying text analysis in audit practice? The tips are mainly about 
challenges surrounding the project approach. 

Data analysis is starting to find its place in accountancy audit methodology (Gold & Majoor, 2022; 
Liew, Boxall, & Setiawan, 2022; NBA, 2019) and also increasingly in the audit function (Johnson, 
Wiley, Moronay, Campbell, & Hamilton, 2021; Gartner, 2020; Wang & Cuthbertson, 2015; Eilifsen, 
Kinserdal, Messier, & McKee, 2020; Deloitte, 2013). With this guide, we hope to contribute to 
making text analysis an integral part of audit practice. Our motto is therefore:  Text analysis: just 
do it! 
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Impact of text Analysis 

Auditors who have used some form of text analysis in their work are often enthusiastic. They have 
noticed that their work becomes more effective and efficient. More effective by including the 
entire population (viewing all documents instead of sampling); by obtaining more and different 
insights leading to increased quality of assurance; through insight into the operation of control 
measures and the selection of key people for the audit. More efficient due to savings in reading 
time and/or due to the decrease in documents to be analysed, which in turn can lead to increased 
focus and a reduced or clearer scope; by making it easier to apply the same analysis periodically. In 
short, the available texts are used for the benefit of the audit.

An additional advantage is that the results can often be immediately presented to the auditee after 
analysis. This makes fact-based discussions easier. Like other forms of data analysis, text analysis 
will ensure that findings are acted upon sooner (Gartner, 2017), because they are data-driven and 
insightful. Often analyses are also relevant for the 2nd line to carry out inspection work. Some-
times insights are so useful, relevant and/or surprising for the auditee and/or the 2nd line that 
internal analysts will continue to build on the text analyses performed by the audit department and 
even proceed to standardise these. The audit department can then build on that in the future and 
make a switch from data-oriented auditing with text analysis to systems-oriented auditing with 
text analysis.

Concrete analyses

The countless examples of text analysis applied in audit departments are often relatively simple 
to perform. These are easy to apply, even by auditors with limited knowledge of data analysis. 
Of course, there are also more complex analyses, which require more knowledge. For example, 
prediction models based on text characteristics. The use of a data analyst/scientist is usually still 
unavoidable for the more complex analyses; these are best left to data scientists for now.

The analysis examples below are (roughly) sorted from relatively simple to more complex. We 
always start with the question, followed by a brief discussion of the analysis. In any analysis, the 
auditor, wearing his ‘auditor glasses’, inspects, interprets and assesses the results, i.e., considers 
what the analysis means in the context of the audit and what follow-up questions it may raise that 
can once again be answered with follow-up analysis.
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LENGTH OF TEXTS
·  Is a (mandatory) description or explanation field always completed? If so, does it involve the use 

of more than three words? A volume of fewer than 4 words is often not meaningful, such as ‘see 
file’, ‘not applicable’, ‘-’, or ‘..’.

Analysis: Counting blank fields and counting the number of words in a field. Sorting by frequency.

SEARCHING FOR WORDS
· Which documents are relevant to read for an investigation?

Analysis: Making a glossary of interesting words for the investigation (e.g. ‘Covid’ and ‘Corona-
virus’). Counting these words in the documents. Sorting by frequency to subsequently select the 
most relevant and interesting documents.

· Is sustainability discussed in conversations with customers?

Analysis: Creating a glossary of words related to sustainability. Counting these words in meeting 
reports. Counting per word and per report. Sorting by frequency to quickly see which meetings did 
not discuss sustainability and which meetings had sustainability as a leading theme.

·  Is personal information properly masked by the masking system? Is the glossary used by the 
masking system complete?

Analysis: Searching for synonyms of words from the existing glossary, using an existing synonym 
dictionary of the Dutch language. Searching for all words from the existing glossary and for the 
relevant synonyms in the documents after processing by the masking system. Sorting by frequency 
to see which words are often missed by the system.

·  Which transactions contain names or country codes associated with sanctioned countries (and 
are possibly high risk)?

Analysis: Using country lists with country codes as a glossary. Searching in transaction fields (from, 
to, comments) to find transactions that are possibly linked to sanctioned countries.
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SEARCHING FOR PATTERNS
·  Who are the key people in a particular process or project? This helps with the correct selection 

of people for interviews and the reconstruction of a process.
 -  Who sent and received e-mails (in a certain context)? Analysis: 

Searching for patterns such as ‘from:’, ‘cc:’ ‘bcc:’ in e-mails (.msg files).

 - Did that change over time?

Analysis: Searching for ‘date:’ and for patterns such as ‘1 or 2 digits, space, 1 word, space, 4 digits’ 
to extract dates from texts.

- Who was present and absent from meetings in the past year?

Analysis: Searching for patterns such as ‘present:’ and ‘absent:’ in minutes and then filter and count 
the names entered.

· Which complaints involve high amounts, therefore possibly representing a high risk?

Analysis: searching for patterns such as ‘4 or more digits, space, euro’.

COMPARING TEXTS
·  Are texts continuously copied and pasted into comment fields? This can be an indication of the 

quality of first line work.

Analysis: Grouping text fields and counting how many times each text field appears. Grouping 
based on 100% identical texts, or based on ‘near-matches’ (e.g. 90% identical texts).

·  Are laws properly translated into internal policy? This is relevant, for example, to see whether 
new or amended legislation is properly translated into internal policy.

Analysis: Counting all words, or better: lemmas, in both laws and policy documents. Comparing the 
words/lemmas from each law with words/lemmas from each policy document. If words/lemmas 
appear frequently in a law but not in the policy document, it should be questioned.
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SENTIMENT ANALYSIS
·  Does the risk category into which a customer is classified match the sentiment in the meeting 

report?

Analysis: Searching for and counting positive words and word combinations (e.g. ‘good’, ‘positive’, 
‘skilful’, ‘improved’, ‘not bad’, ‘no points for concern’) and negative words and word combinations 
(e.g. ‘bad’, ‘deteriorated’, ‘problem’, ‘insufficient’, ‘not good’, ‘little improvement’). Selecting a rele-
vant sample, for example those customers classified in the low-risk category and many negative 
words in the text; These may be customers who belong to a higher risk category given the number 
of negative words in the text.

NETWORK ANALYSIS
· Who is in contact with who in the organisation and to what extent?

Analysis: Mapping out networks through e-mail analysis: who e-mails who and how often?

CLASSIFYING TEXTS
·  Which texts are correctly or incorrectly classified by the first line? Are texts with similar content 

classified in the same way?

Analysis: searching for topics in the texts (topic modelling). Using algorithms to classify or cate-
gorise the text or documents based on topics.

·  Which documents from a large database have been missed, but are still crucial in large-scale 
investigations?

Analysis: Based on public sources, for example: newspaper database, generating relevant search 
terms through text analysis and using these to search for relevant documents in a database.

The following case (Central Government Audit Service, 2021) gives an example of applying text 
analysis in an investigation.
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Box 1. Case application of text analysis for the parliamentary inquiry Gas extraction Groningen.

CASE

Text analysis for a parliamentary inquiry  
Gas extraction Groningen
In a parliamentary inquiry, a parliamentary committee orders the client to produce the 
relevant dossiers. The client would like to provide a complete and transparent answer 
and therefore enquires with the Central Government Audit Service (ADR) about the 
findings during the formation thereof.

An auditor can look at the control measures taken and whether they worked well during 
the search process. However, based on that approach the auditor cannot determine 
whether the result of the search process is complete. And, if the results were not com-
plete, which documents are missing.

By applying text analysis, it can be objectively and independently determined whether 
the approach used is complete and which documents may have been missed. The text 
analysis provides answers to the following research questions:

1. Are the search queries that have been defined sufficient to find relevant documents?

2. Were any documents missed in response to the request for dossiers?

To answer these two research questions, “topic modelling” was applied as a text analysis 
technique. Public sources, namely parliamentary papers and newspaper articles, were 
used to compile the set of search questions. Subject modelling has been used to deter-
mine the main topics for all relevant parliamentary papers. These main topics were then 
searched in a newspaper database to realise an enriched set of search queries.

The enriched set of search queries was then used to search for relevant documents in a 
document management system. This resulted in roughly two million documents, which 
were then categorised into various topics. Ten topics were classified as most relevant. 
For each of these topics, documents were stratified that were found by the client’s team 
and documents that were not found by the team. Based on the mass ‘not found by the 
team’, something can be said about the completeness of the search queries (research 
question 1) and which documents may have been missed in the applied search method 
(research question 2).
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Challenge 1: Textual data
We can cluster challenges related to textual data into three groups:
I.  Collecting personal and sensitive data
II.  Processing unstructured data
III.  Analysing with text analysis techniques

Each of these groups comes with its own challenges.

I. Collecting personal and sensitive data 

Textual data comes either from within the organisation itself (such as e-mails, internal documents 
and evaluations) or from outside the organisation (such as social media, newspapers and websites). 
Different rules may apply for internal and external sources.
For internal sources it is important to consider how and for what purpose the data has been ob-
tained. Textual data often contains personal data that can be traced back to an individual, such as 
names, passport numbers and addresses. There may also be sensitive or personal data, such as 
data containing information about religious or political beliefs, ethnic origin, health, genetic data 
and trade union memberships. Since 2018, the same privacy legislation applies throughout the EU: 
the General Data Protection Regulation (GDPR). The Dutch Data Protection Authority states the 
following: “Every time you process personal data, it is an invasion of the privacy of the data subject. That 
is why you may only process personal data if there really is no other option. In other words: if you cannot 
achieve your goal without this information.” (Data Protection Authority, 2022). Determine in advance 
whether personal and/or sensitive data is present and how to deal with it. A number of principles 
can be considered for processing the data (Schermer, Hagenauw, & Falot, 2018):

·  Necessity: Limit the use of data to what is necessary to conduct an investigation (data minimi-
sation). The processing must be linked to specific purposes.

·  Relevance: Only process personal data that is relevant. Often an analysis can also be performed 
if personal and sensitive data is removed from datasets (anonymised), replaced with randomised 
codes (pseudonymised) or aggregated in such a way that it is meaningful for auditing. Do not 
keep the data longer than is necessary.

·  Safety: Data must be properly secured. For example, do not store the data on a shared drive 
where unauthorised people can easily access it or do not analyse the data whilst travelling on a 
train.

·  Confidentiality: Data must remain confidential. Do not share personal data with other parties 
without valid reason to do so.
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As is the case with internal sources, purpose limitation is also important when using data from ex-
ternal sources. The fact that information can be found freely on the Internet does not automatically 
justify its use for all kinds of purposes. There are various areas of law, such as database law, copy-
right law, the right to respect of privacy and the right to protection of personal data, which may 
impose restrictions or even prohibitions on the collection of external (textual) data for personal use 
(Wiseman Advocaten, 2020). There may also be specific conditions for the processing of data from 
an external party. It is important to look into this before enthusiastically starting with, for example, 
scraping (retrieving information from websites) news items or reviews.

More and more organisations employ a data protection officer, also known as a privacy officer, 
with knowledge of internal policies to comply with (privacy) legislation. So talk to your privacy 
officer to find out whether and how certain data can be processed in line with your requirements.

II. Processing unstructured data 

Characteristically, textual data is unstructured; the data has (virtually) no fixed format, is not la-
belled and sentences and words are not structured in rows and columns. It is natural language, 
not computer language. Unstructured data can come from all kinds of files, for example, .doc, .txt, 
.pdf, .msg, .ppt and .xls. In these sources, text is often already present and digitised, so that it can 
be read directly into the text analysis software. Sometimes we deal with spoken language, for 
example in the case of interviews, or with handwritten text in scanned documents. In both cases 
pre-processing is needed to convert the input into the correct, digital format. Spoken language can 
be automatically converted into digitised text by special software (Turner, 2022). Handwritten text 
can be converted by special software using Optical Character Recognition (OCR); Letters in images 
are recognised after which handwritten text is converted into digitised text.

To use text analysis, structure is applied to the unstructured data: textual data is converted into 
structured data in rows and columns. An example of a structured form of text is a matrix with 
sentences in the rows and an item such as a word in the columns; each word is noted as present 
of not in the sentence (one or none; see Table 1). To achieve this, one or more processing steps are 
completed. It is important to think carefully about the (ir)relevance of each step for the purpose 
of the analysis. After all, in general: the better the quality of the data (and the quality of the data 
preparation), the better the resulting analysis.
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A payment scheme The applicant applies for credit

A payment scheme 1 1 1 0 0 0 0 0

The applicant applies for credit 0 0 0 1 1 1 1 1

Table 1. Sample matrix 

Processing steps may include: 

REMOVING IRRELEVANT WORDS
To achieve a simplified, shorter presentation of the text, punctuation marks such as periods, com-
mas, and question marks are often removed from the text. Fillers are often removed as well. This 
yields a simplified and small matrix (see Table 2). Fillers include commonly used words with no 
meaning in their own right, such as articles (a or the) and adverbs (this, that, on) and words that 
are often used with no explicit meaning, such as ‘so to say’. Filler lists are available for different 
languages or you can create your own filler list. Also, capital letters are often replaced by lower 
case, so that the computer considers ‘Today’ and ‘today’ as identical words. You should, of course, 
always consider if certain words can be removed and capitalised letters replaced for your specific 
analysis, or whether it is better to keep the words, for example, if you are interested in the exact 
number of words used. 

payment scheme applicant applies credit

payment scheme 1 1 0 0 0

applicant applies credit 0 0 1 1 1

Table 2. Example matrix in which irrelevant words have been removed

CUTTING THE TEXT INTO TOKENS
“Tokenization” is the splitting of text into sentences, and sentences into individual words. There 
are several tokenizers that each lead to a slightly different result. You indicate in the tool which  
tokenizer you want to use, depending on the language of the text you are going to analyse. An 
English word tokenizer splits the English ‘she’s’ into the tokens ‘she’ and ‘is’. In a matrix, the words 
‘she’ and ‘is’ will now be in separate columns. A white space tokenizer will break up a text into 
chunks that start and end with a space: in that case, ‘she’s’ is not split, but seen as a single token. 
In a matrix, ‘she’s’ will be in one column. The Dutch phrase ‘Anna’s fiets’ is split by the whitespace 
tokenizer into the two tokens ‘Anna’s’ and ‘fiets’. A Dutch tokenizer knows that ‘’s’ can be seen 
as a separate, third token (indicating possession). Not every tool has implemented all possible  
tokenizers. In that case, use an English, German or White space Tokenizer for the Dutch language. 
These yield pretty good results.
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GROUPING TOKENS OF SIMILAR MEANING
Tokens such ‘bicycle’, ‘cycling’ and ‘cycled’ are related to each other. The computer will only see 
these tokens as related words if we make sure that the tokens are reduced to their ‘stem’ or ‘lemma’.
Simply put, the stem is the part of a word that remains when the inflection endings are removed. 
For example, singulars and plurals of a word (bicycle/bicycles) have the same stem (bicycle). A  
lemma is slightly more refined, because it takes meaning into account. For example, the word 
‘better’ has ‘good’ as lemma (and ‘bet’ as stem). To determine this, dictionaries are needed to link a 
word to its lemma.
The stems or lemmas are then grouped together so that they can be analysed as a single item. As  
a result, all stems or lemmas will be in a single column in a matrix. In general, lemmatisation  
produces better groupings than stemming, but it is more difficult to implement because it requires 
more knowledge of the language (and not every dictionary is good enough).

III. Analysing with text analysis techniques 

Many organisations therefore struggle in the initial phase with choosing the right approach to 
obtain the desired results from an analysis (Expert.AI, 2023). When performing a text analysis, it is 
important to choose the right technique to achieve the goals of an analysis. So try to have a clear 
understanding of the purpose of the analysis before choosing the appropriate technique. Text 
extraction and text classification, which are catch-all terms for a wide variety of techniques, are 
widely used:

TEXT EXTRACTION 
Text extraction involves a certain term or piece of text being extracted from the data. These can 
be certain keywords, but also, for example, e-mail addresses, people or nouns. Known techniques 
used for this are ‘bag of words’, term frequency, regex, named entity recognition and part of speech 
tagging. A ‘bag of words’ contains all individual words from a text. You can then search for specific 
words or words from a (short) word list. Term frequency (TF) indicates the frequency of a word in 
a text. Regex can be used to search for a piece of text that follows a certain structure, such as an 
e-mail address (a text containing the ‘@’ symbol) or an account number. Named entity recognition 
can be used to recognise and extract entities such as people, organisations and locations in a text. 
Part of speech tagging can be used to mark words as noun, verb, etc.

TEXT CLASSIFICATION 
Sometimes texts in a database are classified into groups or linked to themes. For example, credit 
reports in a bank are classified by the 1st line in a risk category. An audit question can be: is this 
classification correct? By examining the texts, a relationship can be discovered between the texts 
and the classification and an assessment can be made as to whether the classification was correct.
Sometimes texts are not yet classified, in which case having texts categorised automatically can 
be useful. Which group or theme an unclassified text fits in best, is determined by the similarity 
or disparity between this text and existing texts in the various groups. If similarity to a group is  
sufficient, the text can be automatically classified into that group. This way, for example, e-mails for 
customer service are automatically forwarded to the correct department.
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Topic modelling, a machine learning technique, can be used by more experienced data analysts 
to find common topics in documents. This technique was used by the Central Government Audit  
Service in the case in Box 1. Texts can also be classified in terms of sentiment: is the emotional 
charge positive or negative? For example, sentiment analysis is used to analyse reviews and can be 
used by audit to investigate complaints and complaints management.
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Challenge 2: Tools
Our survey showed that, despite the desire to apply text analysis in audit work, the knowledge 
to actually do so is often lacking. Some organisations employ data analysts or data scientists who 
provide the necessary knowledge of text analysis and software. However, more and more audi-
tors want to work data-driven and perform text analysis themselves. Many text analysis tools and  
recent overviews of free and commercial solutions can be found on the Internet (Pat research, 
2022; Datamation, 2021; Mousa, 2020). For some of the tools mentioned here we noticed that these  
users do not control the functionality themselves. In this guide we have chosen to focus on the tools 
that we ourselves use, or have used, for text analysis and therefore have the most knowledge of.

I. Basic functionalities in Microsoft Excel

Microsoft Excel has a number of functions for performing basic text analyses, such as the ‘Find’ 
function to check whether a word occurs in the text of a column. The functions that Excel offers 
are divided into categories and the ‘Text’ and ‘Lookup & Reference’ categories contain potentially 
interesting functions. Of course, Excel functions are very limited compared to the features that 
the tools discussed below have. We are not familiar enough with other tooling that Microsoft has 
developed. For example, Azure that offers possibilities for text analysis (Text Analytics | Microsoft 
Azure). Azure probably offers more possibilities than Excel.

II. No code environments: KNIME and Alteryx

No programming knowledge is required for KNIME and Alteryx, as they are ‘no-code’ environ-
ments. They have a user-friendly visual interface, allowing users to quickly get to grips with the 
possibilities and applications of text analysis. Both tools allow the user to perform all kinds of basic 
and more complex text analyses, such as the examples mentioned in the first part of this guide.  

KNIME can be downloaded for free, including an extension that allows text analysis. There is a 
paid version that offers additional functionality (see https://www. knime.com/knime-software/ 
knime-hub-pricing). We do not use this ourselves. Alteryx involves more costs. A free trial version 
can be downloaded from Alteryx Designer Free Trial| Alteryx.

KNIME offers a learning platform (KNIME Learning | KNIME) where you can find support material 
to get started with KNIME: books, courses (online, onsite and at your own pace), technical docu-
mentation, certification and more. From words to wisdom  (https://www.knime. com/knimepress/
from-words-to-wisdom) is a relevant book focused on text analysis. 
Furthermore, there are some online videos on YouTube (e.g. Text Mining Techniques - YouTube), 
as well as sample analyses that can be downloaded on the KNIME hub (https://hub.knime.com/). 
Alteryx also offers all kinds of possibilities (videos, training courses and examples) on Alteryx 
Academy - Alteryx Community to learn how to use the tool.

https://azure.microsoft.com/en-us/products/cognitive-services/text-analytics
https://azure.microsoft.com/en-us/products/cognitive-services/text-analytics
https://www. knime.com/knime-software/knime-hub-pricing
https://www. knime.com/knime-software/knime-hub-pricing
https://www.alteryx.com/designer-trial/free-30-days?utm_campaign=EMEA_Search_Brand_AO_E_D&utm_source=google&utm_medium=cpc&utm_content&utm_term=alteryx%20text%20analytics&gclid=EAIaIQobChMIwbyXwI2m_QIVivh3Ch1lhwxZEAAYASAAEgKmDvD_BwE
https://www.knime.com/learning
https://www.knime. com/knimepress/from-words-to-wisdom
https://www.knime. com/knimepress/from-words-to-wisdom
https://www.youtube.com/watch?v=E0p5p90onDA
https://hub.knime.com
https://community.alteryx.com/t5/Alteryx-Academy/ct-p/alteryx-academy?_ga=2.138189619.269083733.1676887725-1518646605.1676887725&_gac=1.216329890.1676965022.EAIaIQobChMIwbyXwI2m_QIVivh3Ch1lhwxZEAAYASAAEgKmDvD_BwE
https://community.alteryx.com/t5/Alteryx-Academy/ct-p/alteryx-academy?_ga=2.138189619.269083733.1676887725-1518646605.1676887725&_gac=1.216329890.1676965022.EAIaIQobChMIwbyXwI2m_QIVivh3Ch1lhwxZEAAYASAAEgKmDvD_BwE
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III. Programming code: Python or R

Python and R are programming languages. You need programming experience to use these for text 
analysis. Data scientists often work well with Python or R, but the threshold for auditors to learn 
these is too high. Python and R can be used in all kinds of applications, such as Anaconda, which 
uses so-called Jupyter notebooks (Using Jupyter Notebook — Anaconda documentation). For text 
analysis, you can use the NLTK (Natural Language ToolKit; Natural Language ToolKit; https://www.
nltk.org/) and spaCy (https://space.io) packages. There are all kinds of courses to learn how to use 
these packages (for example via https://www.datacamp.com/).

https://docs.anaconda.com/ae-notebooks/user-guide/basic-tasks/apps/jupyter/index.html
https://www.nltk.org
https://www.nltk.org
https://space.io
https://www.datacamp.com/




21

Challenge 3: Organisation
Both the structural and incidental application of text and other data analyses in audits probably 
means a considerable change in the way of working. If audit departments want to sustain their 
analytical efforts and see these develop in practice, they must embrace change (Deloitte, 2013). 
And that in a profession where great value is attached to existing methodologies, and in which a 
conservative attitude and scepticism towards data analysis is common (Li, 2022). Countless books, 
courses and websites have been written about making changes like this a success. We believe that 
the eight change steps1 of Kotter (Kotter, 1996) provide a good overview of what is needed. We 
will not describe these steps in detail here. We will, however, largely in line with the Kotter model, 
discuss a number of tips that were mentioned by participants of the IIA Professional Practice day 
in 2022 and which we ourselves experienced as crucial:

I. Explicitly ask for support from management

The belief that data analysis in audits will (continue to) play an important role in the future is 
the core to make it a success. It is important that management embraces the change to more  
data-driven auditing, so as to actually get auditors to work with it and to master a new, data-driven 
approach. After all, how else do auditors feel supported to invest time and effort in it? Most audi-
tors do not have a data background and need time to build up knowledge of (text) analyses, apply 
this knowledge and learn from it. If courses have to be followed or tools need to be purchased, it 
can also mean a monetary investment. This is difficult without explicit support from management. 
Furthermore, positive appreciation from management for more innovative, data-driven auditors 
can help as an incentive to apply a data-driven approach more and more.

II. Discuss challenges

Every organisation faces challenges to make text analysis a success. Making goals explicit and 
discussing them, as well as the challenges to achieve these goals, help to move forward (Van Vugt, 
2022). Important questions are: 1) What level of maturity does an organisation or organisational 
unit currently have? Is text analysis absent, present to some extent, is it 

1. Tangible, visualising the need (‘sense of urgency’)
2. setting up a strong steering group with sufficient resources to manage the necessary change
3. Developing a guiding vision annex strategy to realise that vision
4. Communicating the new vision
5. Encouraging and enabling to act in accordance with the new vision
6. Ensuring visible short-term successes
7. Consolidating improvements and continuing to implement changes
8. Embedding changes in the corporate culture 
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emerging, or is text analysis already being used at a structural level? 2) What level of maturity is 
the organisation aiming for? What can and does the organization want to achieve by using text 
analysis? 3) What obstacles are experienced to achieve the desired level of ambition? How can 
obstacles be removed?

Challenges, or obstacles, can be various (Shahim, van Praat, Harmzen, & Matthijsse, 2018; Stuur-
man, 2022): a lack of knowledge, limited data quality and usability, concerns about data security 
and privacy, the lack of a clear perspective on the application of data analysis, a high expectation 
of effort (for example, to obtain data, to understand the technique and the correct interpretation 
of the results), limited facilitating circumstances (lack of time, knowledge sharing and tools) and 
the complexity of information systems. With the right attitude, challenges will appear to be less 
complex than expected and can make way for opportunities.

An aid in discussing these challenges is the Optimal Digital Game, which has been adapted to the 
audit context (Bruinenberg, 2022). It can be played in the start-up phase of audits, during different 
types of challenges. Discussing challenges in a structured and fun way will greatly help the audit 
team. Those involved reach consensus and find practical solutions together, which in turn increas-
es productivity in the audit.

III. Work together with 1st and 2nd line

Data that is relevant in an audit context is often produced in the 1st line. Often the 1st  line already 
creates dashboards for this data, for example in a BI department. 2nd and 3rd line are interested in 
the same data, but often need to view this data from a different perspective. They need their own 
insights to be able to carry out their auditing activities. Collaboration with 2nd line is important 
to build on (text) analyses performed by them and to learn from each other’s approach and focus.  
Collaboration with the 1st line is important to understand what data is available, what the data 
means, how the data is produced, how it is used in processes and dashboards and what analy-
ses are on the wish list, but which are yet to be performed. A positive relationship with business  
owners is also important, because this makes getting permission to use data in analyses easier and 
faster, within the framework of the policy of course.
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IV. Win support from the IT department

Being able to use analysis software often depends on the policy of the IT department in the orga-
nisation. Programming environments are often supported, but auditors are often not programmers. 
So-called ‘no-code’ environments make it easier for auditors to get started themselves, but these 
are often not supported or even recognised by the IT department.

When auditors come across an IT department that does not support certain analysis software or 
whose policies do not even allow them to use it, it is hard. Creating your own lab environment and 
integrating this into the corporate architecture at a more advanced stage could be an option to 
avoid being dependent on IT. If internal knowledge is lacking, external help can be called in to set 
this up.

Audit departments from different organisations can also help each other by sharing software  
assessments (analysis that software is safe to use). In our experience, it helps to enter into dialogue 
with the IT department to discuss needs and solutions within the policy framework.
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Challenge 4: Getting started  
and being successful
We have experienced that even if organisations embrace data analysis and the right tooling and 
knowledge are available, projects are not automatically successful. Projects can become too large-
scale, take too long, data is not available, focus disappears or the impact is marginal. To increase 
the chances of success, we have a number of relevant practical tips, which we have found to work:

I. Generate ideas and prioritise on impact 

Text analysis has more potential to be more efficient or better in some investigations than in  
others. Apply text analysis in an investigation where relatively large gains can be made. For exam-
ple, because many documents are involved, or because important audit questions or sub-questions 
can be answered by means of text analysis. It is of course important to know which questions are 
most important for the sector, strategy and priorities of your own organisation (Deloitte, 2013).

Workshops and brainstorming sessions are effective for coming up with ideas in groups, for  
example the entire audit team, on how to apply text analysis to available texts in the context of an 
audit. Relevant questions are: Which (periodic) audits involve a lot of text analysis? Which audit 
questions are essential to answer? Which documents or texts are important in this? What does an 
auditor spend a lot of time on and could text analysis help? The 1st and 2nd lines can be involved in 
this as well, so that an analysis can lead to important insights for them too.

Once ideas have been generated (for example, on paper or digital sticky notes) they can be plotted 
on an impact-effort matrix for prioritisation purposes. Ultimately, we are looking for an idea that 
can have a lot of impact with relatively little effort. As knowledge of text analysis increases over 
time, the effort to perform the more difficult text analyses will become less and less. 

II. Start on time 

It sounds obvious, but it holds true for almost any kind of data analysis. And yet this tip is relevant: 
start on time. For example, if text analysis is used for sampling, it is necessary to do the analysis 
right at the beginning or just before the official start of the audit or investigation. In general, before 
carrying out an investigation, it is important to start with:

1. collecting the data. Experience shows that this often takes longer than expected. Firstly, per-
mission is required to analyse data for the intended purpose. It is useful to include the data pro-
tection officer in the plans to obtain data from the outset, so that they can join in the deliberation 
process. Also consider overarching agreements to prevent getting stuck again in red tape for every 
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small investigation. Secondly, the appropriate supplying party must be found to retrieve the data 
from the (source) systems and to anonymise the data where necessary. This party too often works 
with backlogs, so you are not immediately ranked at the top. Both the process and the data collec-
tion itself can be time consuming.

2. an analytical approach. Consider how to perform the analysis once the data is available.  
Hypotheses can be formulated for testing in the analysis phase. For example, in the hypothesis 
“Description field x is always filled with more than three words”, the counting of words in the descrip-
tion field is obvious. A hypothesis-oriented approach makes it easier to interpret the results by 
focusing on what is important.

3. reading in and exploring the data. Before the actual analysis, it is useful to get an idea of the 
quality, format and size of the texts. This provides insight into possible difficult points about the 
data (for example, what do certain codes mean?) for which the business may need to be consulted.

III. Use the available data and check data qualitya

In an ideal world, we perform analyses on a recent, complete set of good quality data, for which 
the metadata is available as well, so that we know exactly what all the columns mean. However, 
the reality is rarely ideal. We are dealing with document collections of such size that it is impossible 
to (quickly) analyse all relevant documents, with fields that have been completed incorrectly, with 
data from different systems that are difficult to match, with outdated data, etc. We have to make 
do (analysing) with what we have (data). Do not be discouraged. Prior to the analysis, test whether 
the data quality is suitable for your purpose (fit-for-purpose). Poor data quality does not automati-
cally mean that you cannot come to relevant insights. Focus on which problems and sub-problems 
can be answered with the data and which insights can be obtained. In addition to clear conclusions, 
it is always good to indicate the limitations of the investigation, so that the auditee also under-
stands the situation.

The state of the data can also say something about the organisation itself: poor data quality can be 
an indication of poorly performing processes or outdated systems. This information can in turn be 
discussed with the auditee: to what extent are the processes and systems in working order? Using 
(text) analysis in audits can help the organisation take steps to improve data quality.
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IV. Start with basic analyses

The knowledge in text analysis courses can be quite profound and the number of applications and 
possibilities can be overwhelming. The trick is to start with simple analyses, based on the relevance 
to a problem, for example by counting or searching for words. If an initial analysis does not have the 
desired effect, the trick is not to give up, but to consider what the first analysis brought (for exam-
ple, knowledge about the tool) and to start with a second simple analysis that has the potential to 
generate impact. This brings us to our last tip.

V. Start small and evaluate

Here the ‘think big, start small’ principle applies: start with a proof of concept (PoC) and only ex-
pand once its value has been demonstrated or others are convinced. Making an initial presentation 
about the goal and approach early in the process, possibly combined with some initial results, helps 
to discuss the usefulness of the analysis, to enthuse other auditors or the 1st line, and to come 
up with ideas for high-impact analyses. It can be an advantage to start with easier analyses where 
results are achieved quickly, so that others quickly see the added value. Discussing the results of 
the PoC and its value for the investigation with others can lead to more support. Scepticism from 
auditors can be overcome by concrete positive results.

All this is in line with the ‘Lean start-up method’, which is increasingly being applied in organisa-
tions that innovate. A Lean start-up experiments a lot, immediately collects feedback and improves 
based on that feedback (Sixsigma, 2023). Making mistakes is permitted, but make sure that lessons 
are learned in order to subsequently implement improvements. Mistakes will also be made in the 
process of raising text analyses to a higher level of maturity. In that case, it is important to evaluate:
What works, what does not work and what needs to be done differently? And to subsequently 
continue to make improvements.
 

There are more and more examples of audit departments applying text analyses, with positive 
results. Important obstacles have been resolved in those departments, and they have found  
effective ways to apply text analysis in their audits. In our view, a relevant idea, a healthy interest 
in text analyses and the right (free) tooling are sufficient to get started. Someone with knowledge 
of change management can certainly help speed things up.

Furthermore, it is a matter of: just do it!
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