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Chapter 13 
Coding Skills for Accountants 
 

Bibek Bhatta, Martin R.W. Hiebl 
 

Introduction 

Recent advancements in computer technology have transformed the working landscape. 

Computerization and information technology have helped workers performing abstract1 task-

intensive jobs by increasing the scope of information and analysis while lowering the cost, 

thus enabling the workers to specialize further in their area of comparative advantage (Autor, 

2015). At the same time, warnings have been issued at various times in history about the 

dangers of job losses due to work automation; for example, the economic depression that 

engulfed countries like France, Germany, Great Britan, USA in the late 19th century was most 

severe where employment of machinery was high, among other things (Rosenbloom, 1964). 

Likewise, there is evidence from the early 20th century that the introduction of new 

typewriters, which allowed for some automation in accounting, resulted in staff reductions 

among accountants (Martínez Franco & Hiebl, 2019). However, job automation not only 

leads to job losses but it can also complement job creation (Miller, 1964). 

 

From the perspective of the accounting profession, a still open question is how current 

technological changes are going to impact the labour market and what it means for practicing 

accountants (e.g., Rikhardsson & Yigitbasioglu, 2018). Another pertinent issue relates to the 

opportunities and challenges the accounting profession could face (or is already facing) 

owing to these recent advancements in computer technology (e.g., Spraakman et al., 2021).  

 

Among these challenges, the accounting profession may be subject to the phenomenon of job 

polarization which has been well-documented in the economics literature (see Goldin & Katz, 

 
1 Abstract tasks in this context refer to professional, technical and managerial occupations requiring high level 
of education and analytical capability. 
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2007; Goos et al., 2014). Job polarization in this context refers to rise in employment shares 

for high-paid and low-paid jobs at the expense of middle-paid jobs. In the past few decades, 

jobs at the top and bottom of skill and income distribution have witnessed disproportionately 

high wage gains (Autor, 2015). Existing studies show that job polarization is pervasive across 

industries and across developed countries, mainly due to technological change. If the 

accounting profession is considered to lie at the middle of the income/skill distribution, then 

this points towards the necessity to acquire new skills to counter the threats of technological 

advancement to the profession. But accounting does not necessarily only involve rather 

repetitive tasks such as bank reconciliation and financial report preparation but may also 

involve support for strategic decision-making (e.g., Burns et al., 2013; Oliveira, 2018). 

Hence, if accounting is considered to be towards the top of the skill/income distribution table, 

then there are benefits to be had by adapting to the changing technological landscape. Either 

way, the key point is that technological change is likely to necessitate additional skills 

accountants need to acquire to deal with emerging challenges (Kokina & Blanchette, 2019; 

Kokina et al., 2021; Oesterreich & Teuteberg, 2019; Wolf et al., 2020). The ‘additional skills’ 

we focus in this chapter are coding skills. Coding skills may have been perceived as the sole 

preserve of computer programmers and software engineers, but as we discuss below, are 

becoming increasingly useful in the accounting domain (e.g. Bertomeu, 2020; Cooper et al., 

2019; Ding et al., 2020; Kokina et al., 2021). 

 

In consequence, this chapter aims to assess and illustrate the relevance of coding skills, and 

associated challenges, for individuals working in the accounting profession. Due to a dearth 

of research looking specifically into the relevance of coding skills for contemporary 

accountants (Tsiligiris & Bowyer, 2021), we aim to address our aims for this chapter with the 

help of examples from and insights into accounting practice. So the more detailed purpose of 

this chapter is twofold. First, we highlight two important areas – Robotic Process Automation 

(RPA) and Big Data – where coding skills are expected to become more useful and necessary 

for accountants in the future. RPA and Big Data are certainly not the only areas where coding 

skills could be beneficial for accountants, but are arguably two important such areas (e.g., 

Cooper et al., 2019; Gärtner & Hiebl, 2018; Kokina & Blanchette, 2019; Moffitt et al., 2018; 

Warren et al., 2015). With the help of these two examples, we aim to make accountants aware 

of the opportunities and threats to their profession arising out of rapid technological change. 

Second, we aim to illustrate how accountants can make use of coding skills. To this end, we 

draw on four small, but hopefully attractive examples of how accountants can use coding in 
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data analysis, data visualization, problem-solving, and market research. These illustrations 

cannot cover the myriad of available coding options and languages. In consequence, we draw 

on practical examples that are programmed in Python – the coding language that is often 

perceived as best suited for beginners in coding (Kaggle, 2020), including those in the 

accounting profession (e.g., Oesterreich & Teuteberg, 2019; Tsiligiris & Bowyer, 2021). 

 

Before proceeding further, it is pertinent to note that learning the programming logic is of 

more importance that merely learning any programming language. This idea is associated to 

the notion of ‘computational thinking’ which can be described as the thought processes used 

in formulating a problem and expressing its solution so that a computer can effectively carry 

out the task (Wing, 2006, 2008). Wing (2008), who has been very influential in her ideas 

about computational thinking, argues that it should be taught in early years of childhood and 

its application is relevant for the wider society and not just accounting. Further discussion on 

computational thinking is beyond the scope of this chapter.   

 

In the remainder of this chapter, we will first define the scope of ‘coding’ and ‘accounting’ 

we will use on in the rest of this chapter. By drawing on the examples of RPA and Big Data, 

we then discuss the enhanced usefulness of coding in the accounting domain. Afterwards, we 

provide four illustrations of coding skills for accountants and discuss some practical steps 

towards learning coding skills to benefit from the rising challenge of Big Data. Finally, we 

provide concluding remarks along with limitations of this chapter. 

 

Terminology 

 

What is ‘Coding’? 

The Oxford dictionary defines coding2 as the ‘process or activity of writing computer 

programs’. Traditionally, one of the first exercises in introductory computer science 

textbooks consists of printing out “Hello World!” in the console or display box of the 

programme (e.g., Sande & Sande, 2019). Likewise, a common task of inserting a formula 

within a spreadsheet, producing a pivot table, or recording steps for repetition (using macros) 

could also be considered components of coding. One could argue that recording an auto-reply 

 
2 https://www.lexico.com/definition/coding 
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message in email or arranging for different emails to be delivered to different folders 

depending on the subject matter or sender is also a coding exercise. Similarly, a myriad of 

activities in technological environment could be considered to be within the premise of 

coding. In this chapter however, we take coding in a rather limited, but nevertheless 

important, sense. The coding we discuss in this chapter is more aligned with the task of using 

programming language to analyse data for decision-making from a management accounting 

perspective (cf. Oesterreich & Teuteberg, 2019). Some related research publications refer to 

the same phenomenon as “programming skills” for accountants (e.g., Kokina et al., 2021; 

Oesterreich &Teuteberg, 2019). For our purposes, coding and programming can be 

considered synonyms. In the rest of this chapter, we will therefore stick to the term “coding”. 

 

Accounting within the context of this chapter 

Now we focus towards the scope of accounting. Accounting practice is broadly divided into 

two categories: financial accounting and management accounting (Burns et al., 2013; Drury, 

2018).3 While there exists some common ground between these two categories, they mainly 

differ in purpose, focus, reporting standards, reporting interval, and are aimed at different 

primary users (see Bhimani et al., 2019, p.5). In simpler terms, financial accounting mainly 

consists of following established accounting standards to prepare financial statements based 

on past financial data so that shareholders and other stakeholders can get a true picture of a 

firm. Management accounting is aligned with analysing and reporting financial as well as 

non-financial information primarily for the purpose of decision-making including controlling 

and strategic decisions. Bhimani et al. (2019) further note (p.7):  

“The shift towards managerial and strategic engagement rather than just acting as 

providers of largely information about enterprises allows management accountants to 

alight their work to the changing business and organizational landscape.” 

 

Hence it should be clear that management accounting has a close link with high volumes of 

structured and unstructured data being generated by businesses in a fast-paced manner so that 

useful information can be gleaned out of such Big Data for decision-making (e.g., Gärtner & 

 
3 We recognize that there are finer classifications of accounting practice than the simple distinction between 
financial accounting and management accounting. For instance, depending on the regulatory environment of the 
respective country, some authors consider tax accounting as a separate area of accounting (e.g., Weißenberger & 
Angelkort, 2011), while others consider it part of and related to financial accounting (e.g., Tzovas, 2006). For 
the purposes of this chapter, we consider the distinction between financial accounting and management 
accounting sufficient to clarify our arguments. 
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Hiebl, 2018). Due to this very characteristic, practical coding skills that we are going to 

discuss in this chapter are more relevant from a management accounting perspective 

(Oesterreich & Teuteberg, 2019). However, the issues we highlight especially related to RPA 

and thus automation – which we discuss below – makes this chapter relevant for financial 

accountants as well (Cooper et al., 2019). 

 

Areas of enhanced usefulness of coding skills for accountants 

 

Robotic process automation (RPA) 

RPA refers to the growing tendency in firms to rely on computing power to executive day-to-

day repetitive tasks in an automated environment. Considering the rule-based repetitive tasks 

that need to be executed in accounting, RPA is no doubt an issue of interest for accountants 

(e.g., Cooper et al., 2019; Kokina & Blanchette, 2019; Moffitt et al., 2018;). A survey 

conducted by the consulting firm Deloitte (2018) indicates substantial efforts by firms 

towards RPA that could lead to ‘near universal’ (p.4) adoption of RPA by 2022. The same 

report finds that more than half of the deployment of RPA amongst Deloitte’s clients are 

taking place within accounting and finance. These processes within accounting and finance 

include processing transactions in accounts receivables and payables, inventory accounting, 

fixed asset accounting, tax accounting, cash management, management reporting, external 

reporting, etc. Deloitte (2015) provides a lucid example of RPA in action whereby a specific 

accounting task that used to be performed by 10 employees in 10 to 15 minutes being 

executed by bots in about four minutes. This points towards the need for people within the 

accounting profession to adapt to this changing environment by bringing their personal skills 

in better alignment with the expected changes in the near future. This is particularly 

important in the context of Keynes's observation in the 1930s that our advances in 

technological efficiency outpace the search for new uses for labour, leading to ‘technological 

unemployment’ (Keynes, 20104). 

 

While some human skills remain to be valuable despite the accelerated computerization, 

other human skills have lost their shine and people possessing the latter skills have little to 

offer to employees (Brynjolfsson & McAfee, 2011). Existing studies indeed show that 

 
4 The first edition of this book was published in 1931, but we refer to the latest edition of Keynes' book, which is 
available electronically and thus easier to find for today's readers. 
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increased computerization has led to declines in employment especially in occupations that 

mainly consist of routine-intensive and well-defined steps that can be replicated by computer 

algorithms (Frey & Osborne, 2017). This is important considering that accounting is 

considered to be one of the most routine-intensive occupations (Autor & Dorn, 2013). 

However, recent accounting studies reveal that accountants can play important roles within 

the RPA process and it is imperative for accountants to acquire new technical skills to play 

these important roles (Kokina et al., 2020). 

 

Brynjolfsson & McAfee (2011, p-14) liken the advancements in computing technology to the 

‘second half of the chessboard’ referring to the exponential nature of growth. In a similar 

fashion, though the encroachment of technology into the domain of human labour has 

accelerated in the past decades, it has been manageable so far and thus can be considered as 

the first half of the chessboard; but this encroachment is set to make exponential inroads in 

the coming years into tasks hitherto undertaken by humans. As such, recent advancements in 

computer technology are expected to impact not just the accounting profession but most if not 

all occupations in general. Brynjolfsson & McAfee (2011) suggest that the way forward is 

not to compete against computers but to compete with computers; a prerequisite for this is to 

invest in human capital so that the labour force can keep pace with the accelerating 

technological dominance. In a similar vein, Davenport & Kirby (2015) argue that automation 

should be seen as an opportunity rather than a threat and our mind-set needs to be developed 

to treat smart machines as partners and collaborators for creative problem-solving. 

 

More recent studies have brought to light the potential threat of this increased 

computerization in the field of accounting. Frey and Osborne (2017) examine the 

susceptibility of various occupations to this increasing dominance of computer technology. 

Out of 702 occupations examined in the USA, they find that 47% are at ‘high risk’ of being 

replaced by computerisation. From an accounting perspective, particularly important are the 

findings that four specific occupations, namely, ‘accountants and auditors’, ‘bookkeeping, 

accounting and auditing clerks’, ‘new accounts clerks’ and ‘tax preparers’ were all under high 

risk with at least 94 % probability of being automated within the foreseeable future. Out of 

the 702 detailed occupations, these four occupations related to accounting were ranked 114th, 

32nd, 10th and 8th respectively in terms of their probability of being replaced by increased 

automation. 

 



7 

Building on these estimates, Cooper et al. (2019) have examined the extent of increasing 

computerization of tasks in public accounting firms and provide evidence that firms are 

making substantial efficiency and effectiveness gains with up to 80% reduction in processing 

times due to adoption of RPA. Interviews with 14 accounting professionals within the Big 4 

accounting firms reveal that though computerization has been pervasive across all areas of 

accounting, most of the computerization has taken place in the accounting firms’ tax, 

advisory and assurance services. Though this computerization has not (yet) led to reductions 

in headcount of employees within these firms, it had led to reductions in outsourcing. So, in a 

way, this is consistent with the predictions of Brynjolfsson & McAfee (2011) that increased 

computerization could have a negative impact on employment.  

 

Given these developments, it seems even more pertinent that accountants develop a thorough 

understanding of automation potentials of their own and others’ work. Not least, such 

understanding could be used to identify the most attractive use cases of RPA and bots more 

generally to provide better services to clients (Cooper et al., 2019). Consequently, there is a 

need to be conversant with various tools (like Microsoft Power Automate, IBM Robotic 

Process Automation, UiPath, Automation Anywhere, to name a few) that are readily 

available to many accountants. Processes that could be automated could be as simple as 

sending out specific company emails at specific times to more complex tasks like bank 

statement reconciliation, invoice processing, inventory control and so forth. In a business 

setting, a classic example of RPA involves the three-way matching of invoice, purchase 

order, and inventory receipt to process payments automatically so that the more tedious tasks 

of accountants are transferred to the computer leaving the accountants available to handle any 

exceptions that may arise (see Figure 1). Although these tools usually require very little 

coding skills, those limited coding skills are expected to be important for accountants to be 

capable of improving efficiency by streamlining workflows. Given that the most widely used 

RPA tools as noted above do not require commanding a specific programming language and 

are quite intuitive in use, we encourage the reader to explore these tools independently to 

identify potentials for increasing work efficiency in their organizations. Behind the user 

interface, of course, there is some coding or programming going on, which warrants the 

inclusion of RPA in this chapter. But for our illustrative coding examples below, we will 

focus on showcasing how accountants may use coding for handling Big Data. 

 

FIGURE 1 NEAR HERE 
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Big Data 

Big Data has become a commonly used term and is generally associated with exponential 

growth and availability of data in various forms. Industry analyst Doug Laney in 2001 

characterized Big Data in terms of three Vs, namely, Volume, Velocity and Variety. Volume 

in this case is associated with the unprecedented amount of data that is being generated 

nowadays in our society; Velocity refers to the sheer pace in which data is being created; and 

Variety is the various forms of structured and unstructured manner (e.g. audio, video, emails, 

social media posts, photos, etc.) in which data is being generated from various sources. Other 

Vs such as Veracity and Value were added later to characterize Big Data. Incorporating such 

extensions, more comprehensive definitions of Big Data have been offered, for example by 

Gärtner and Hiebl (2018, p.163), which we take as a starting point: “Big Data refers to the 

generation, storage, processing, verification and analysis of large, highly versatile and 

quickly growing volumes of data with the objective of creating valuable information.” 

 

A growing number of firms are utilizing Big Data in conjunction with established data 

sources for the purpose of managerial decisions (T.H. Davenport, 2014). Big Data is adding 

value to many firms by the sheer accumulation of information and from the consequences 

that can arise by evaluation of such data (Brynjolfsson & McAfee, 2014).  

 

Big Data poses both challenges and opportunities to accountants (Gärtner & Hiebl, 2018). 

The challenge is that Big Data arises from various information pools and could be structured 

or unstructured, formal or informal and social or economic in nature, and are also dynamic in 

their content and representation (Bhimani, 2015). While the IT departments established in 

many firms may have the capability to store and preserve such Big Data, the IT team itself 

may not have the capabilities to turn the data into valuable insights to drive key business 

decisions (Beath et al., 2012). As such, individuals within firms who are able to evaluate the 

data and draw insights from such Big Data for strategic decision-making are likely to be 

influential within the firms (Bhimani, 2015). This portends well for management accountants 

but only if they can develop the skills for evaluation of Big Data (Gärtner & Hiebl, 2018).  

 

Big Data has implications not just for management accountants but for financial accountants 

as well. The information contained in Big Data can be used to enhance the quality and 

relevance of accounting information which in turn can lead to better transparency; and Big 
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Data can also be of assistance in accelerating the convergence of accounting standards like 

US GAAP and IFRS (Warren Jr et al., 2015). If accountants are keen to ‘race with the 

computers rather than race against the computers’ (Brynjolfsson & McAfee, 2011), it is 

imperative that they learn the necessary skills to handle Big Data for decision-making. 

 

One contemporary field where accountants may use or may need to draw on Big data is 

accounting for environmental issues. For instance, environmental, social, and governance 

(ESG) criteria are interconnected and they should be viewed in an integrated way (Galbreath, 

2013; Richardson, 2009). Management accountants have been criticized for not providing 

sufficient details regarding ESG issues within management accounting information system 

(Drury, 2018, p.629); and many firms do not track their environmental costs extensively. 

However, other research has found that there is a positive association between the tracking of 

such environmental costs and taking initiatives to address environmental concerns (Henri et 

al., 2016). Drury (2018) further notes that most accounting systems rely on traditional and 

arbitrary cost-assignment bases when it comes to assigning environmental costs and this 

results in such environmental costs being concealed under other general overheads. 

Consequently, Bhimani et al. (2019) argue that techniques and strategies in management 

accounting must be updated to recognize and present the environmental cost from an 

organizational perspective in what they term Environmental Management Accounting 

(EMA). However, calculating environmental costs of firms is a tricky business. Anecdotal 

evidence suggests that firms are under increased pressure to reveal the extent of their 

environmental costs or externalities to outside stakeholders, which may lead to change in 

accounting models (Balch, 2021). For the collection and analysis of data to compute 

monetary costs of such externalities, Balch (2021) further reports a new technological 

approach that uses a combination of data on social, natural, human and financial capital along 

with more than 17,000 equations. It is important that as the stakeholders’ appetite for ESG 

disclosure increases, and considering the costs of such disclosures (Aggarwal & Dow, 2012), 

management accountants should equip themselves to meet this demand in a cost-effective and 

time-efficient manner. Not least, cost-effective and time-efficient approaches to creating such 

information may rest on making smart use of new technology, which are likely to include 

coding skills for accountants. In this spirit, we now turn to some practical questions 

accountants may face when wanting to increase their coding skills.   
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Starting point – which programming language? 

Given the challenges as discussed in the above sections, a natural question that can arise to 

individuals within the accounting profession with very limited coding skills is – where is the 

starting point for learning coding skills? And what kind of coding skills are the ones that need 

to be learned to deal with the existing and upcoming challenges? And which programming 

language should one start to learn? With the plethora of programming languages being used 

widely in academia and industry, it can be easy for beginners to be overwhelmed with 

choices. For example, should one start learning C, C++, Java, Julia, Matlab, Octave, Perl, 

Python, R or various other programming languages? These questions are obviously without 

one best answer, but we will try to propose a recommendation based on the assumption that 

the reader is relatively new to coding and is interested in learning programming language that 

is least difficult to learn.  

 

We suggest Python programming language as the starting point for learners mainly due to 

two important reasons. First, Python has a relatively wide user base. In a 2020 survey 

published at the popular data science website Kaggle.com, when asked what programming 

language participants used on a regular basis, it was observed that 78% respondents used 

Python on a regular basis (see Figure 2) whereas another popular open-source programming 

language (i.e., R) was used by 21% of the respondents. Python was the predominant package 

in the survey conducted in the previous years as well.  

 

Python invariably gets compared with R within the data science community (e.g., Ozgur et 

al., 2017) and the debate on whether Python is better than R or whether R is better than 

Python is an ongoing debate not likely to be settled soon.5 Indeed, as noted by the IBM Cloud 

Team (2021), ‘most organizations use a combination of both languages, and the R vs Python 

debate is all for naught.’ It would be akin to debating whether Real Madrid CF or FC 

Barcelona are better at football; or a similar debate between Chicago Bears and Green Bay 

Packers in the US. Instead of wading into this debate, we note that there is anecdotal evidence 

that Python is more intuitive and has a smoother learning curve compared to R (e.g., 

Coursera, 2021). In addition, it may be argued that people who have more of a programming 

background prefer Python, while people with a statistical background prefer R (Ozgur et al., 

2017).  

 
5 https://www.datacamp.com/community/blog/when-to-use-python-or-r 
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Python is also mentioned in the small number of existing research papers that touch upon 

coding skills for accountants as one of the programming languages that are most likely to be 

useful to the above-noted purposes of coding skills for accountants (e.g., Oesterreich & 

Teuteberg, 2019; Tsiligiris & Bowyer, 2021). Learners can expect to be engaged with other 

professionals, at some stage, on the pros and cons of Python vs R and it can easily confuse 

novices on whether to give up one in favour of the other, or whether to learn both at the same 

time. We suggest to view both of these popular languages as healthy competitors but rather 

choose Python in the initial stage merely due to its relative ease of learning and intuitive 

syntaxes (cf. IBM Cloud Team, 2021). 

 

FIGURE 2 NEAR HERE 

 

Second and relatedly, Python is considered to be relatively easy to learn. In fact, in the above-

mentioned survey conducted by Kaggle (2020), Python was the most recommended package 

to learn whereby 80% of the respondents recommended Python to someone new to 

programming language, followed by R recommended by 7% (see Figure 3). The relative ease 

with which Python can be learned is also reflected in a large and growing number of Python 

courses designed to complement regular university studies. For example, the Software 

Carpentry (software-carpentry.org) was founded ten years ago to enable researchers to use 

Python for data analysis - tasks shared by many of the potential use cases for accountants 

outlined below. Additionally, Python has wide applicability and is free to use and distribute, 

even for commercial purpose (Python Software Foundation, 2021). 

 

FIGURE 3 NEAR HERE 

 

Online use of Python without installation 

Assuming that the reader has decided to proceed with Python as programming language of 

choice, the next logical step is to start using Python to get the feel of it. It is encouraging that 

users can go to various online platforms that have made it possible for users to use Python in 

the cloud without installing it in their local machine. One of the first sites we recommend, at 

least initially, is the “Try Jupyter” website (https://try.jupyter.org/ ) that allows users to use 

Python without even registering. This site has been around since 2014 and is a non-profit 

project. More information on how to start using it is provided later in this chapter. Many 
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other sites are also available for free, but these may require initial registration requiring 

individual email address. Some of the more reputable sites requiring registration before use 

include Kaggle.com, Google Colab and Replit.com all of which provide free platforms to try 

Python (and other programming languages). All of these three sites allow users to upload 

their codes and data for sharing with others. It is worth noting that Kaggle.com is supported 

by Google and is hugely popular with data enthusiasts who like to share their codes and learn 

from each other. As such, readers with very little or no knowledge on Python can still explore 

these datasets and run the codes - uploaded by others - online at the click of a button and see 

the results interactively. In short, learners not yet ready for installing Python on their local 

machines can simply try it first online before deciding on installing Python.   

 

Python installation 

Assuming that the reader has decided to proceed with installing Python in their local 

computer, we next discuss the installation process and try to avoid some common pitfalls in 

installation of Python . At the official Python webpage (at www.python.org), various versions 

of Python are available for download. Readers should be aware at this stage that Python 

comes pre-packed with basic tools called ‘modules’ (or packages) to handle basic and 

common tasks but users may need to install additional packages to handle specific tasks like 

image processing, extracting text from PDF files, web-scraping, visualization etc. For 

illustration purposes, this can be thought of as buying a house (for free) with rooms 

containing basic furniture, while occupants may need to add/install additional items like a 

printer, a toaster, a dryer, a shower, or a dishwasher depending on what they plan to do in the 

various compartments. Of course, the occupants can decide not to add a printer if they do not 

plan to print anything. Similarly, depending on what the user needs to do (e.g. interactive 

visualization), additional packages may need to be installed in Python. An important thing to 

note here is that the various packages in Python could be dependent on a specific version of 

another package and this can lead to compatibility issues (and much frustration) as new 

libraries are added to Python later. Though there is nothing wrong in installing a given 

version of Python from the official webpage (e.g., version 3.9), novice users especially could 

face compatibility issues later when they install other modules. To avoid this issue, we 

suggest learners to exercise caution and not to install Python independently unless they are 

confident of what they are doing. Instead, novice users may first install a package called 

Anaconda from the official Anaconda Inc. website (www.anaconda.com/). Anaconda comes 

with a Python distribution along with various popular packages for data analysis pre-added so 
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that learners can use Python out of the box (i.e. without having to install additional libraries) 

for basic tasks related to data analysis. Anaconda provides an intuitive interface (Graphical 

User Interface or GUI) for users to manage, install and upgrade packages in a simplified way 

with few mouse clicks only and without having to use command prompts. 

 

The Anaconda Individual Edition is open-source and available for different operating systems 

including Windows, Linux, and MacOS. The official Anaconda Inc. (2021) website reports 

that the ‘Anaconda Individual Edition is the world’s most popular Python distribution 

platform with over 25 million users worldwide’. Learners are suggested to install the latest 

available version of Anaconda Individual Edition – as of December 2021, this would be 

version 2021.11 – which comes with more than 100 packages for data extraction, 

visualization, and analysis. Anaconda also installs other useful tools like Jupyter and Spyder 

which can be invaluable for beginners, as we shall discuss later. When installed on a 

Windows PC, Anaconda will appear in the Windows menu as a separate folder containing 

additional items such as Jupyter Notebook, Spyder, etc.  

 

Once installed, users can turn to the Anaconda Navigator and the official Anaconda 

documentation for upgrading and managing their Python environment and packages. As 

mentioned previously, Anaconda helps in these endeavours to avoid compatibility issues. If 

the users are going to engage in tasks of very different nature like data analysis, web-scraping 

and image processing, it is suggested to create separate ‘environments’ for these within 

Anaconda for these different kinds of tasks. Using separate environments for separate kinds 

of tasks helps avoid compatibility issues later. To draw an analogy with our earlier example, 

imagine installing a toaster, a shower, and a dryer in the same room or ‘environment’. This 

may produce issues later; whereas keeping these in different environments or different rooms 

but within the same Anaconda house could be more helpful to avoid compatibility issues. 

 

As indicated above, Anaconda comes with Jupyter Notebook which can be used to run 

Python commands. Jupyter allows users to run Python commands in a user-friendly way, one 

or few lines at a time with instant results and errors being flagged up instantly. It also allows 

for easy checking and eyeing of data on a piecemeal basis thus providing a useful learning 

experience. This is especially useful for beginners because complex commands and 

frequently propping errors while learning a new programming language can quickly bring 

frustration to a new learner. Jupyter notebooks also allow accountants to easily document 
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their process using markdown, which is automatically compiled into well-formatted 

document. Jupyter is designed to make the learning experience much more positive for 

beginners and as illustrated below with some practical examples, new learners are 

encouraged to use Jupyter Notebook to try out Python commands. While Spyder, which is 

also installed with Anaconda and comes with its own Python console and variable explorer, 

we encourage new users to get familiar with Jupyter first before deciding to use Spyder. This 

is because Jupyter allows the codes to be written in more organized manner and also allows 

for subset and summary of data to be displayed in a more organized way. To give new 

learners a visual example of Jupyter and Spyder, we provide screenshots of both in Figure .  

 

FIGURE 4 NEAR HERE 

 

Illustrative practical examples  

In this section, we provide four basic examples to illustrate practical uses of Python in data 

analysis, data visualization, problem-solving, and market research. Readers can execute these 

examples interactively online without the need for registration and without installing any 

package in their local computer by going to the Binder website (https://mybinder.org/ ) and 

using the GitHub link (https://github.com/bibekbhatta/CodingForAccountants ) in the URL 

field, as illustrated in Figure  (a). Clicking the ‘Launch’ button6 as shown in the figure which 

will lead to a page displaying the four examples on the left hand pane in the web page as 

shown in Figure  (b). Readers can double click on any of the four examples and work with 

the provided codes interactively. Readers also have the option to download the files from the 

GitHub repository directly using the given link. 

 

FIGURE 5 NEAR HERE 

 

Data analysis and visualization 

The first illustration is related to a situation where a management accountant in a company 

wants to get an overview of the sales data from three stores located in three different cities, 

based on the most recent 5,000,000 transactions in each store. More specifically, the focus is 

on the amount of money being spent by customers in each store per transaction. In a real-life 

setting, the accountant would have access to such data but for our purpose we will artificially 

 
6 It might take a few minutes for the required environment to be loaded in the cloud 
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create the data in Python with the codes as shown in uploaded file “Sales_data.ipynb”. The 

first few lines of code7 are used to artificially create the data using the “NumPy” package. 

Then we import a package called “pandas” for any manipulation and visualization of data.8 

We execute the last three lines of command separately in the online notebook to show the 

results separately and present the results in Appendix 1. After the data has been loaded, a 

single line of code provides us with summary statistics on the sales figures for each of the 

stores and helpful statistics like average transaction value (mean), number of observations 

(count), minimum transaction value (min), spending figures at different percentiles, etc. (see 

Appendix 1). To provide a basic visualization of such data, the next line of code provides box 

plots for the transaction figures for the three stores (see Figure 4). Another line of command 

provides a frequency distribution of amount spent in one of the stores (see Figure 4); in the 

given example, it can be observed that most of the customers spent an amount of £/$/Eur of 

435 (16550 times) within the most recent 5,000,000 transactions. A simple exercise like this 

allows the accountant to get useful information about the current state of the business with 

the help of some coding whereas more complex techniques will have to be used to gain 

deeper insights. 

 

FIGURE 6 NEAR HERE 

 

Problem-solving 

The second illustration is related to cost optimization where an imaginary catering firm is 

planning to provide lunch-packs for a large number of customers on a regular basis. More 

information regarding the ingredients to be included in the lunch pack, along with pricing and 

other constraints, are provided in Appendix 2. As can be observed in the given information, 

there are constraints related to the minimum and maximum levels of calories, proteins, 

vitamins etc. to be included in the pack for each customer from the given list of ingredients. 

If the management of the firm is keen on minimizing the cost of the lunch pack while 

meeting all the given dietary constraints, one of the options is to use linear programming in 

Python to figure out the amount of ingredients to be used in the pack for cost minimization. 

For illustration, we use a package called “PuLP” in Python and solve the optimization 

function. The actual lines of codes are provided in online file “Balanced_Lunchpack.ipynb”. 

 
7 Place the cursor in the top cell in the Notebook; then press Shift+Enter to run the code in that cell  
8 For more information and documentation on the packages NumPy and pandas, see the official websites 
(https://numpy.org/ and https://pandas.pydata.org, respectively). 
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As shown in Figure 5, the results show that only four of the ingredients should be used for 

cost minimization in the given proportion (e.g. 0.84 units of carrots should be included along 

with 0.27 units of meat, and so on). In this rather simple example, we had only a few 

variables (ingredients) and constraints; more realistically, optimization problems could have 

dozens of variables and constraints, which can be listed in tabular form in spreadsheets. Such 

spreadsheets can be directly loaded into Python for such problem-solving situations.  

 

FIGURE 7 NEAR HERE 

 

Market research 

Our third illustration is related to market research where a book-selling firm is interested in 

checking the kinds of books being sold by competitors. One option is trying to find the 

relevant information online from the competitors’ websites or other such sites selling books. 

For this purpose, we use a website “Books to Scrape” which is specifically designed to allow 

learners of web-scraping techniques to scrape data from the site. To keep things simple, we 

focus on the kinds of Travel books being sold by this ‘competitor’. Using a Python package 

called “BeautifulSoup”, we are able to gather information about the book titles, prices and 

stock availability by using the codes as shown in online file “Webscraping.ipynb”. The fairly 

simple and basic result from this operation, as shown in Figure 6, reveals the list of books 

sold online by the competitor along with the prices and stock availability for each of the 

books. 

 

FIGURE 8 NEAR HERE 

 

While this illustration may provide a flavour of possible utilization of coding skills to gather 

information from the internet, it has to be taken into account that website structures do 

change from time to time. Such changes require the codes to be changed accordingly to 

capture the required information of interest. In other words, codes working today on a given 

website may not be successful in getting the required information when the website changes 

its structure. But the bigger challenge lies with speed and volume of information. A market 

research will likely require gathering information from hundreds if not thousands of online 

sources and such information may come in various forms including texts, images, videos, live 

feed, and so on. To add to this complexity, websites are increasingly providing dynamic 

information and some information may be displayed only after an interaction with the user 
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(e.g. a click on a button to get further information on something). While the approach we 

used in our simple example may be appropriate for getting information from a small number 

of websites, various other packages like Scrapy would have to be deployed when dealing 

with larger numbers of websites (see also Anand et al., 2020). To gather information from 

dynamic webpages which requires user interaction, packages like Selenium provide 

functionality to automatically interact with the website (e.g., clicking a given button or 

inputting user names and passwords) and then extract the required information. While we 

have not analysed any text in our example, firms may want to extract information from their 

own website and other online sources (e.g., social media) on what customers are commenting 

about their products and services. For the purpose of text analysis, packages like NLTK and 

Spacy can be useful. Last but not the least, gathering information from external websites 

using automated processes can lead to unwanted consequences if correct protocols are not 

followed; hence, users should familiarize themselves with basic etiquette of web scraping and 

act in a fair manner to avoid negative consequences (cf. Bosse et al., 2022; Scassa, 2020). 

 

In a similar way, Python can be used to extract visual reflections of what users think about a 

firm’s products. To illustrate this use case, we extend our example on market research by 

analysing artificial data related to a new product that has been released on the market. Let us 

imagine we have already extracted comments and feedback provided by social media users 

regarding our new product. The sample text provided in Appendix 3 shows that users have 

made generous use of emojis (like  ,  ,  etc) in their comments (text1) and this could be 

useful for getting a general feedback on how customers feel about this product. Using 

available packages, we can quickly filter out the various emojis along with their relative 

frequencies to get some idea on what the customers think about the product. Results shown in 

Figure 7 reveal that most of the customers seem to be enjoying the product while one sad 

emoji can also be seen. This simple exercise, which can be scaled up to incorporate more 

voluminous customer feedback, can be considered just another example of how data in 

structured and unstructured form could be used to gather new sources of relevant information 

and to guide management decisions. 

 

FIGURE 9 NEAR HERE 

 



18 

Handling Big Data 

As discussed earlier in this chapter, the challenges that come with Big Data include the 

difficulty of extracting useful insights from such data (Bhimani, 2015; Gärtner & Hiebl, 

2018). However, the examples we have looked into so far are fairly basic in terms of volume 

and structure of data. And the Python packages like pandas, NumPy etc. that we have used in 

the earlier examples were not designed to be used across clusters. Big Data itself is often 

viewed as not fitting into one machine (e.g., Singh & Kaur, 2014). So the next logical step is 

to discuss how Python can be useful in processing Big Data so as to gain useful insights and 

information from such data. By its very definition, due to its sheer volume, speed and 

complexity, traditional data processing software cannot manage Big Data and additional 

challenges include integrating and managing such data before they can be analysed (Oracle, 

n.d.). The integration and management/storage of such data require new technologies and 

strategies and resources. Parallel or distributed computing and cloud computing form a part 

of these new technologies and strategies.  

 

Starting from the mid-2000s, Big Data storage and analysis frameworks like Hadoop 

(currently Apache Hadoop) started gaining popularity; but more recently Apache Spark 

(Spark) has emerged as a dominant force for handling Big Data. Though Spark is written in a 

different language (Scala), it can be used interactively from within Python through the use of 

a specific library called PySpark. Another application that is gaining popularity in handling 

Big Data is Dask which is written in Python. As such, Python can be used to analyse Big 

Data through Dask as well, with relatively little change in code as Dask is co-developed and 

integrates well with the Python ecosystem. It has to be emphasized though that additional 

resources might be needed to transform or maintain the required data architecture. Dask can 

then be used to execute computational tasks either in a single machine or across a distributed 

cluster. Put differently, Dask9 can be used to scale up the utility of Python packages beyond a 

single machine to handle Big Data. In short, Python can be a valuable tool for analyses of Big 

Data regardless of whether users choose to use applications like PySpark or Dask. 

 

 
9 For readers interested to get a feel of Dask, their website (https://dask.org/) provides working environment 
with pre-written codes. Use the ‘Try Now’ button to enter the Python environment and choose any of the 
workbooks. 
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Concluding remarks and limitations 

In this chapter, we have highlighted recent technological advancements in the labour market 

and the resulting need for coding skills in the accounting profession. Though job polarization 

is thought to introduce wage gains mainly at the top and the bottom (in terms of wage and 

skills) of the labour market, we have tried to highlight the importance of coding skills in the 

accounting profession regardless of where (top, middle or bottom) a given accounting task 

sits. We argue that coding skills would be able to enhance value at the highest level by 

allowing the accountants to garner meaningful information from Big Data for the purpose of 

decision-making; and also at the lower level by enhancing efficiency through automation. 

Based on the existing literature (e.g., Bertomeu, 2020; Ding et al., 2020; Frey & Osborne, 

2017; Tsiligiris & Bowyer, 2021), it is reasonable to assume that accountants need to upgrade 

their existing skills and coding skills can be an additional tool in their armoury to thwart any 

threat of inefficiency or redundancy.     

 

Assuming that the reader is new to the domain of coding, this chapters proposes Python as 

the programming package to learn due to its perceived intuitive syntaxes and ease of learning. 

This chapter provides the readers with some options of using Python with or without 

installing it on their local computers. However, if the reader decides to install it, a user-

friendly approach to installing Python is discussed. It is worth reiterating that the suggested 

approach using Anaconda can help avoid common pitfalls and technical issues in Python, 

thus providing a more conducive learning environment. 

 

In addition, we have provided various illustrations related to data analysis, visualization, 

problem-solving, and market research with actual codes and results. These examples are not 

meant to be exhaustive, but highlight some use cases for accountants and fellow researchers 

and educators. We envisage that readers may try out these basic codes either on their 

computers or through the online Python platforms –  which allows use of Python without 

installation on a local machine –  to get familiar with coding skills. We also provide a brief 

discussion on how existing knowledge on Python can be scaled up to handle Big Data 

through specific packages like Dask and PySpark. Beyond the initial motivation that this 

chapter is expected to provide, readers will have to explore further to build on the knowledge 

they acquire from this chapter. We have attempted to provide useful links as and where 

applicable which we hope to be useful to the readers for this further exploration. 
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This focus of our chapter on use cases and illustrative examples of coding skills is due to our 

above assessment that the current research literature has not provided much insight into the 

specific relevance and the outcomes of coding skills for accountants. We thus call for more 

research on how use cases of such coding skills – including the ones sketched out above - 

play out in practice and in how far accountants’ increased coding skills shape their future 

roles in providing information to managers and supporting their decision-making (cf. Wolf et 

al., 2020). 

 

This chapter, like any other book chapter, has its limitations. First, this chapter does not offer 

specific prescriptions for dealing with RPA. Our attempt in this chapter has been to make 

readers aware of opportunities and threats related to RPA from the perspective of an 

accounting professional. As we have mentioned earlier, various proprietary packages are 

available to automate workflows and work processes. We encourage readers to explore these 

tools independently. The purpose of this chapter hence is just to make readers aware of need 

for efficiency and possible tools for automating routine tasks without prescribing any specific 

tool for RPA.  

  

Second, our dive into various packages within Python, let alone Python itself, is cursory in 

nature. For example, the documentation of the pandas package alone is extensive. However, 

the aim of this chapter is to motivate the readers in trying out the various tools available 

within Python to get a sense of what is possible. 

 

Third and finally, there are various tasks that are hard to codify; these tasks include those 

requiring judgement, flexibility, problem-solving capabilities, creativity, common sense, etc. 

and are difficult to computerize (Autor, 2015). Coding skills will only be able to complement 

these skills, not replace them completely. So we would like to add the warning that future 

accountants cannot expect to rely on coding skills only, but that coding skills are likely to 

augment the skill-set of typical accountants, either in managerial or financial accounting roles 

(e.g., Tsiligiris & Bowyer, 2021; Wolf et al., 2020).  

 

Figures 
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Figure 1: An illustration of three-way matching to automating payment processing 

 
 
 
 
 
 
 
 

 
Figure 2: Programming languages used by respondents on a regular basis.  
Notes: Respondents were allowed to choose multiple options. Total number of respondents: 20,036. This visualization is 
based on the authors’ calculations based on data from Kaggle (2020). 
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Figure 3: Programming language recommended to learn first  
Notes: Respondents were allowed to choose only one option. Total number of respondents: 17,821. This visualization is 
based on the authors’ calculations based on data from Kaggle (2020). 
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(a) Screenshot of Jupyter (b) Screenshot of Spyder 

Figure 4: Screenshots of Jupyter (a) and Spyder (b) to demonstrate frequently-used user interfaces while running commands in Python 
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(a) (b) 

Figure 5: Using Binder.org website to open Jupyter Notebooks from GitHub repository 

 

 
 

Figure 4: Basic data visualization and frequency table 

 

 
Figure 5: Solving problems with multiple constraints using Python 
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Figure 6: Market research of a competitor examining the availability and price of books 

 

 

 
Figure 7: Examining the use of emojis by customers 
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Appendices 

 

Appendix 1: Creating artificial sales data and calculating summary statistics 

 

 

 

Appendix 2 

 

Foods PricePerUnit Calories Protein Vitamin Fiber 

Carrots 0.4 100 8 8 12 

Potatoes 0.5 1000 8 4 3 

Tomatoes 0.75 200 16 6 8 

Meat 1.5 200 40 2 3 

Rice 0.35 1000 12 1 2 

Peas 0.4 150 24 2 15 

      
Min per pack  800 50 10 15 

Max per pack  1400 90 15 25 
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Appendix 3 

text1 = '''this product rocks   ... 
this product looks   cool...  
love it   peace  ..... 
 many thanks for releasing this product    ... 
 it broke within two days grr...    rubbish.... 
 what a lovely product...   ...''' 
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