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Abstract

Tax consulting service have been changing rapidly due to advances in technology, digital technology, 
connectivity, analytics, and information technology. Tax services can be categorised as technology-
intensive services provided to highly dynamic clients. To adapt in such a changing environment and to meet 
taxpayers’ (clients’) increased expectations, consulting firms need to provide high-quality deliverables 
with the help of a highly agile workforce. Many researchers have identified enablers of workforce agility 
in different segments, but none have looked into the tax consulting domain. This paper aims to explore 
the major internal enablers that contribute to workforce agility in tax consulting services. The study is 
based on a self-administered questionnaire survey of 435 tax professionals presently employed by Big-
Four subsidiaries in India. The SEM results indicate that all of the identified enablers significantly and 
positively contribute to workforce agility in tax units. Organisational learning turns out to be the most 
crucial variable contributing to an agile workforce. Data analytics and automation, workforce upskilling, 
and collaboration are also significantly associated with workforce agility and help to promote agility 
among tax professionals. The results suggest that workforce agility in tax consulting services requires an 
organisational learning culture that supports new tax data analytics infrastructure and tax automation 
initiatives, the development of upskilling programmes, and a collaborative workplace for idea sharing and 
socialised learning. All of these enablers support professionals to act in all decision-making situations 
to accomplish organisational goals faster. 
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Introduction 
The tax consulting industry has been changing rapidly 
due to changes in technology, digital technology, 
connectivity, analytics, and information technology. 
The technologies born out of such innovations have 
prompted many innovative transformations in the 
existing business operating models. As a result of the 
adoption of such technologies by business taxpayers, 
tax professionals now need to process a large amount of 
financial data and derive impactful insights for clients’ 
tax-related decision-making. The intended benefits 
and challenges of such changes have been discussed 
in academic research (e.g. Fatorachian and Kazemi, 
2018), tax practitioners’ reports (Deloitte, 2016), 
government initiatives (Government of India, 2019), 
and the World Economic Forum (Schwab, 2016). These 
unprecedented changes have also been redesigning the 
environment in which people and organisations work. 
Hence, it is highly challenging for tax consulting firms 
to anticipate changes, respond to them intelligently, 
and adapt to the new work environment. To face such 
tech-induced changes, tax consulting firms have started 
designing holistic solutions by combining tax expertise 
and cutting-edge technologies. As agility providers 
to firms, tax professionals face two challenges—to 
develop 1) their own competence in terms of real-time 
responsiveness to changes, improved flexibility, and 
speed (Gunasekaran, 1999; Muduli, 2016; Sherehiy, 
Karwowski, and Layer, 2007) and 2) their ability to 
respond to their clients’ constantly changing operating 
models. Thus, the perennial concern for the tax workforce 
is to be agile enough by being adaptive, collaborative, 
flexible, competent, developmental, informative, and 
responsive in real time to changes (Breu et al., 2001; 
Muduli, 2016). In regard to this, transforming the skills 
of tax leaders and the tax workforce to the desired level 
is a challenging task. The purpose of this paper is to 
identify different internal enablers which contribute to a 
workforce’s agility to adapt to rapid tech-driven changes 
in tax consulting services.

Following the widespread adoption of artificial 
intelligence (AI), Frey and Osborne (2017) examined 
how susceptible jobs are to computerisation using 
a Gaussian process classifier. The results of their 
study predicted that over 47 per cent of US jobs are 
at high risk of computerisation, including office and 
administrative jobs. Due to technology disruptions, 
almost half of the jobs in the financial service sector 
are going to be out of date in 10 years. According to 
Autor, Levy, and Murnane (2003), tax consulting jobs 
are also considered to involve routine workplace tasks 
which might be impacted by computerisation. Deloitte 
(2016) and PWC (2017) reports have stated that the 
late adoption of a tech orientation among employees is 
the most crucial problem for the tax function. Recent 
thought-provoking reports (Deloitte LLP, 2017; PWC, 
2017b) revealed that professionals working in the 
finance service and allied sectors are insufficiently 
skilled to adapt to emerging technologies such as AI, 
the Internet of Things (IoT), blockchain, autonomous 
vehicles, and big data. On the one hand, recent trends 
show a gradual increase in the usage of blockchain 
technology and decentralised ledgers in finance (Chen 
and Bellavitis, 2020). A study conducted by Gass (2019) 
illustrated that robotic process automation (RPA) has 
already reduced audit and contractual processing times 
from a few months to weeks. In parallel, regulators 
have also started using data analytics in their document 
review process and are detecting shortcomings in the 
furnished tax returns (KPMG, 2018). Likewise, different 
governments have begun exploring the possibilities of 
blockchain-enabled smart tax payment and collection 
methods (Chen and Bellavitis, 2020). Furthermore, 
accountants are now using AI-enabled automated data 
entry and data categorisation tools to analyse broader 
financial trends quickly. These fast developments call 
for high-level agility in tax professionals to make them 
adaptable to the intrinsic “tech-disruption”. Moreover, 
the transformation of individual tax practitioners has 
now become a challenging concern as many studies 
have demonstrated that skill levels vary significantly 
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from person to person (Hetzner, Heid, and Gruber, 2012; 
Van Deursen and Van Dijk, 2011). 

Professional consulting services are mainly client 
centric and knowledge rich. Similarly, clients approach 
tax practitioners with different products and service 
models that may or may not be at risk of disruption. 
Tax professionals deliver different types of knowledge-
driven services, ranging from tax planning (Maydew 
and Shackelford, 2005), compliance (Devos, 2012; 
Hite and McGill, 1992), and reporting (Kaplan et al., 
1988) to controversy management (Ayres, Jackson, 
and Hite, 1989), for their clients. Therefore, the prime 
concern in the accounting and tax consulting industry 
is to acquaint tax professionals with the technology 
and operating models that demand agile talent in the 
workplace. The assimilation of emerging technologies 
into tax consulting business models helps to improve 
workforce agility and deliver a better service to clients. 
However, it is still unexplored whether tax professionals 
in India are equipped to decode such trends and harness 
the benefits derived from focusing on higher-level 
consulting deliverables. The central thesis of this 
paper is that an agile workforce in the tax profession 
is essential for understanding the sophisticated tech-
enabled business models adopted by clients and 
delivering quality services. The paper gives an account 
of the real-time upskilling, collaborative platforms, 
analytics and automation, and organisational learning 
efforts that would enable tax professionals to be instantly 
responsive, adaptive, and flexible in the current dynamic 
environment. 

Understanding the current agility level of professionals 
and their perceptions of the future can play a crucial 
role in addressing relevant issues in the tax consulting 
service. Recent research has not attempted to ascertain 
the enablers of workforce agility in the tax domain by 
integrating the latest technological outputs. Therefore, 
this paper aims to empirically establish the relationship 
between tax workforce agility and enabling variables 

in the context of recent technological advancements. 
The paper also describes changes within the accounting 
industry and the need for tax professionals to be 
future-proof and adaptive. Academically, this paper 
intermingles the views of tax practitioners and the 
recently developed workforce agility theories. The 
investigation attempts to answer the following question: 

v	What are the internal enablers that contribute to 
workforce agility in tax consulting services?

This paper adds to the search for specific enablers 
of workforce agility in tax consulting services. It 
conceptualises that tax workforce agility in tax consulting 
services is influenced by overall organisational learning, 
the use of data analytics and automation, workplace 
collaboration, and real-time workforce upskilling. 
This reasoning represents the crux of what we believe 
reflects the significant contribution of this paper: In the 
conceptual framework, we identify the main unique 
enablers/influencing factors (organisational learning, 
data analytics and automation, workforce upskilling, 
and workplace collaboration) that may contribute to 
creating an agile workforce in tax consulting services 
in India. The next section discusses the conceptual 
framework by combining Big-Four practitioners’ reports 
and the academic literature on workforce agility. Then, 
the research methodology is presented. Finally, the 
last section discusses the findings and implications of 
the study.

Conceptual Framework 
Research into understanding the enablers of workforce 
agility is still in its infancy. To conceptualise the enablers 
of workforce agility, we adopted perspectives from tax 
practitioners working in the Big-Four public accounting 
firms. After reviewing the literature and having a 
discussion with industry experts and academics, four 
internal enablers that can potentially enable workforce 
agility in tax consulting services were selected for 
consideration in the present study. The research 
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model (Figure 1) investigates the direct contribution 
of organisational learning (OL), data analytics and 
automation (AA), a collaborative workplace (COL), and 

workforce upskilling (WU) to workforce agility (WA) 
in tax consulting services. 

Workforce Agility 
The concept of agility was first developed in the early 
1990s as a holistic organisational concept in studies 
of manufacturing systems (Breu et al., 2001; Muduli, 
2013). In a broader horizon, agility extends to business 
contexts and includes concepts such as the agile 
competitor, the agile supply chain, the agile business 
relationship, the agile enterprise, the agile decision 
support system, and the agile workforce (Breu et al., 
2001; Zhang and Sharifi, 2000). Put simply, agility 
typically comprises two key components: speed and 
flexibility (Breu et al., 2001; Muduli, 2016). Zhang and 
Sharifi (2000) proposed that there are four significant 
agility capabilities: responsiveness, competency, 
flexibility, and speed. They argued that the four 
major agility providers are organisation, technology, 

innovation, and people and suggested that these 
providers need to be integrated through information 
systems and technology. The agility capabilities of 
an organisation mainly consist of four elements: 
responsiveness—anticipating changes, immediate 
reaction to change, and recovery from change; 
competency—strategic vision, technological ability, 
cost-effectiveness, a knowledgeable and empowered 
workforce, and change management; flexibility—product 
volume and model flexibility, and organisational and 
people flexibility; speed or quickness—quick product 
launch and fast operation time (Sharifi et al., 2001). 
Over the years, agility has attracted significant attention 
in consulting industries where professional knowledge 
is the core driver of business success. 

[Figure 1: Hypothesised Model]
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Recent studies have started paying serious attention 
to the socio-cultural aspects of organisations, such as 
emotional and/or intangible elements (e.g. employees; 
Autor, Levy, and Murnane, 2003). Many studies 
have considered workforce agility to be the critical 
component for organisational agility (Gold, Malhotra, 
and Albert, 2001; Goldman and Nagel, 1993; Patil and 
Suresh, 2019; Sherehiy et al., 2007). Gehani (1995) 
stated that workforce agility has been posited as crucial 
to achieving growth in dynamic markets that face 
continuous and unanticipated changes. Studies have 
investigated the conceptualisation of workforce agility 
(Gunasekaran, 1999), examined organisation structure 
and organisational learning as antecedents of workforce 
agility (Alavi et al., 2014), explored the facilitators and 
mediators of workforce agility (Muduli, 2016), and 
presented a model of the enablers of workforce agility 
in IoT projects (Patil and Suresh, 2019). A seminal 
work by Breu et al. (2001) added three more elements 
to workforce agility: information and knowledge 
sharing, collaboration and virtual organisation, and 
skill assessment and skill development. Alavi et al. 
(2014) found organisational learning, decision-making 
decentralisation, and flat organisation structure to be 
positively and significantly associated with workforce 
agility. Gartiside, Silverstone, and Cantrell (2014) 
opined that due to the increased flexibility of the agile 
workforce, top-level management enjoys reduced 
decision-making stress. Sherehiy, Karwowski, and 
Layer (2007) further expanded the framework, adding 
organisation, technology, innovation, and people as the 
critical agility providers to enterprises. Patil and Suresh 
(2019) defined workforce agility as

 “the ability to deal with the ever-changing 
customer needs and uncertain scenarios, 
to learn from them, to generate innovative 
solutions and to accomplish the said goal within 
the stipulated time.”

In knowledge-based industries, higher-level workforce 
agility is essential to integrate technology, innovation, 
information, and people (Patil and Suresh, 2019). 
Wade et al. (2016) pointed out the agility among 
employees that companies often overlook. The success 
of transformation efforts is also determined by how well 
people adapt to dynamic client networks. This viewpoint 
was seconded by Mukherjee (2019), who stated that 
a digitally agile workforce culture is imperative in 
any organisation as it is the workforce that has to run 
any agile process brought in. In the conceptual model 
proposed by Wade et al. (2016), there are three kinds of 
digital agility drivers: agile talent, agile technology, and 
a dynamic process that enables the rapid intervention 
and enablement of such technologies. The present 
study considers organisational learning, automation 
and analytics, workplace collaboration, and upskilling 
as critical enablers for achieving workforce agility in 
the tax consulting domain. 

The next section examines the internal enablers required 
in tax consulting firms to achieve higher-level agility 
among the tax workforce involved in public accounting.   

Organisational Learning 
There are many enablers that help organisations, teams, 
and individuals learn how to contribute to learning 
behaviour shifts in the workplace (Alavi et al., 2014; 
Tortorella et al., 2020). Organisational learning is a 
method by which new knowledge is created and insights 
are derived from people’s experiences at work (Naranjo-
Valencia, Sanz Valle, and Jimenez-Jimenez, 2010). 
Improving learning culture and organisational knowledge 
is an internal resource that is the most prominent method 
for achieving long-term success (Alavi et al., 2010). A 
learning culture in an organisation is comprised of many 
components. Sinkula (1994) modelled organisational 
learning as a latent variable that has three significant 
variables: shared vision, commitment learning, and 
open-mindedness. Later, Calantone, Cavusgil, and Zhao 
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(2002) introduced knowledge sharing as an additional 
factor. In an agile environment, the degree of personal 
knowledge must be improved to change a static firm into 
an organisation with a continuous learning culture (Qin 
and Nembhard, 2010). According to Breu et al. (2001), 
agile workforces fundamentally acquire five capabilities: 
culture, intelligence, collaboration, competencies, and 
information systems (IS). Gunasekaran (2001) stressed 
the significant role of training and development in 
improving workforce agility as employee learning never 
stops. Work culture is one of the elements that is directly 
attributed to people. Therefore, what any organisation 
first needs is a workforce culture which is open to 
changes, new ideas, and technologies (Breu et al., 2001; 
Goldman and Nagel, 1993; Muduli, 2016) and which 
develops training and development programmes to help 
employees build necessary skills (Crocitto and Youssef, 
2003; Gunasekaran and Yusuf, 2002). The challenge for 
organisations is to foster workforce transformation and a 
learning culture that fosters a lifelong-learning mindset 
through the design and development of digital learning 
programmes (PWC, 2019d). Hence, learning new client 
models and technologies and adapting to change is a 
push factor towards employee agility. In tax businesses, 
a tax-technology (digital tools and techniques for tax 
consulting) learning culture and workforce engagement 
need to be slowly implanted into the fabric of the work 
culture. Alavi et al. (2014) empirically found a significant 
positive correlation between organisational learning, 
decentralised decision-making, and flat structure with 
workforce agility. Gunasekaran (2001) asserted that a 
shared organisational vision and workforce agility are 
mutually dependent. The absence of vision ill equips a 
workforce to acclimatise to learning tasks quickly and 
effectively. Similarly, it denies the proactivity necessary 
in professionals (Alavi et al., 2014).  

Even though there are a few empirical studies that have 
investigated organisational learning (e.g.  Tortorella et 
al., 2020) in the growing disruptive technology context, 
previous research lacks an empirical investigation into 

knowledge-rich industries such as tax consulting. Tax 
professionals deliver customised tax knowledge to their 
clients. PWC (2017b) stated that while professionals’ 
technical tax expertise is a prerequisite and still essential, 
digital skill sets in tax would help professionals to 
process financial data quicker and supplement the 
application of analytics in all types of tax engagements. 
Learning culture inside the organisation is a push 
factor for the workforce to be open and innovative in 
seeking new ideas. Another essential component for 
organisational learning is a commitment to learning. The 
tax workforce offers progressive and continuous learning 
mindsets (PWC, 2019b), which is an indication of the 
responsive and flexibility attributes of agility (Breu et 
al., 2001; Muduli, 2016). It again indicates that there 
are enough competent and empowered self-motivated 
workforces in the industry. Finally, knowledge sharing 
with colleagues will also help to develop knowledgeable 
professionals in the long run. Furthermore, the quality of 
the knowledge base will affect workforces’ cognizance 
of the benefits of exchanging ideas.

Starting with the process of developing workforce 
agility in the tax profession, the study first considers 
organisational learning as the potential determinant 
that contributes to tax workforce agility. Previous 
studiesconfirm that organisation learning directly affects 
the agility of a company’s talent (PWC, 2018a, 2019c, 
Alavi et al., 2014). Therefore, we hypothesise as follows: 

H1 Organisational learning positively enables 
workforce agility in tax consulting services 
(OL  WA) 

Data Analytics and 
Automation 
According to Breu et al. (2001), the prime driver of 
an agile workforce is a flexible infrastructure that 
instigates novel IS and enhances information technology 
competencies. Goldman and Nagel (1993) and Sherehiy 
et al. (2007) regarded access to information and 
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knowledge as an attribute of agility. The success of a 
consulting segment is primarily determined by how fast 
firms can innovate and identify new areas of technology 
application (Patil and Suresh, 2019). The prominent two 
inventions that are widely explored by accounting firms 
are data analytics and automation. Sherehiy et al. (2007) 
argued that an intelligent workforce would execute 
tasks and engagements more smoothly than a regular 
workforce. Fundamentally, the changing needs of clients 
have to be quickly responded to by professionals with 
acquired intelligence (Breu et al., 2001). Intelligence as 
one of the agility attributes; use of data analytics and 
automation (e.g. AI) in the tax function can be viewed 
as an instigator of agility. With the recent growth in 
analytics, tax data infrastructure and analytics have 
gained importance for clients. Kidd (1991) proposed that 
there are three dimensions of “agility input”: innovation, 
information, and knowledge. The integration of data 
analytics—tax data extraction, data transformation, 
and data insights—is one example of how accounting 
firms can create an IT and IS infrastructure that helps to 
develop workforce agility. A standardised data extraction 
model takes data from unstructured data sources and 
extracts the financial data needed for different tax filings 
and consulting works. After the extraction, the data are 
transformed to check for missing, corrupt, and duplicated 
data. Finally, dynamic reporting and visualisation tools 
are used to draw insights from such reports. The use 
of such analytics applications by the Big Four—for 
example, an informative data access model developed for 
GST, transfer pricing, corporate tax, and fringe benefits 
tax for multinational firms—can be considered as agility 
enablers. However, Gunasekaran (1999) argued that the 
adoption of agile technologies demands high-level IT 
skill sets in the workforce. Deloitte (2016) highlighted 
a positive interest in exploring data analytics among 
executives (60 per cent), and it recently brought in a 
pilot model to jump-start tax data analytics with a tax 
warehouse that can be used for indirect taxes, global tax 
planning, provisional returns global mobility, transfer 
pricing, and direct taxes.   

A report by the McKinsey Institute revealed that 
approximately 52 per cent of jobs in India could be 
automated in different sectors that employ 235.1 million 
employees (Manyika et al., 2017). PWC (2019c) stated 
that businesses should replace routine, monotonous 
tasks with high-value analytics in a drive to develop 
quick tax planning, compliance, and reporting by 
transforming people, processes, and tax information. 
An automated intelligence with integrated IS enables an 
enhanced IT infrastructure. Plastino and Purdy (2018) 
highlighted eight game-changing benefits of AI, one of 
which—enhancing workforce productivity by letting 
AI take on low value-added tasks and allowing the 
workforce to concentrate more on high deliverables—
appears to be positively related to workforce agility. 
Using a total interpretive structural modelling (TISM) 
tool, Patil and Suresh (2019) proposed a conceptual 
model for workforce agility in IoT projects. Their study 
indicated that workforce proactivity, resiliency skills, 
innovativeness, and ownership of self-motivation create 
agility in the workforce. Their research is important 
for agile tax talents as corresponding developments 
in tax and revenue departments have been noted. 
Revenue authorities have already started implementing 
emerging technologies such as big data, optical character 
recognition, extract-transform-load (ETL) solutions, and 
cognitive computing. The automation of tax processes—
flexible workflows, notifications, electronic signoffs, 
and status tracking—is a principal factor in the move 
towards quicker effective transformation of the tax 
process (Bixby and Burak, 2014; Kidd, 1991; Oyen, 
Gel, and Hopp, 2001). Thus, we hypothesise as follows: 

H2 Data analytics and automation positively enable 
workforce agility in tax consulting services  
(AAWA)

Collaborative Workplace
An agile workforce creates a more flexible and 
collaborative workplace (Breu et al., 2001). Digital 
technologies have motivated novel patterns of 
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collaboration within and outside firms, especially in the 
service sector (Manca and Kaulio, 2018). Collaboration 
is a process of handshaking across different functional 
groups (Sherehiy et al., 2007). Moreover, collaboration 
and virtual organisation have been identified as 
significant activators of people agility (Goldman and 
Nagel, 1993; Oyen et al., 2001; Sharifi et al., 2001). 
Recently, Colbert, George, and Yee (2016) stated that 
effective collaboration among a digital workforce to 
achieve digital fluency is imperative to best leverage 
technology at the workplace and to identify new 
ways of working, such as virtual collaboration. Agile 
workforces are believed to benefit from collaboration, 
both within and outside the organisation (Goldman 
and Nagel, 1993; Gunasekaran, 1999). In a systematic 
review of the literature on Industry 4.0, Liao et al. (2017) 
discovered that end-to-end digital integration permits 
interconnectivity and information exchange within 
the entire value chain, which may promote enhanced 
collaboration and efficient learning; to achieve this, 
integrating the organisation, IS and technology, people, 
and innovation is crucial (Breu et al., 2001; Kidd, 1991; 
Oyen et al., 2001). According to Breu et al. (2001), ICT 
application increases workforce agility when it is used 
for collaborative learning and working. Patel and Suresh 
(2019) stated that speedy developmental collaboration is 
the ability to communicate, share knowledge, and work 
in a group within the same function, across function 
groups, or even with different organisations or clients; 
they also added that collaboration is one of the enablers 
of workforce agility in IoT projects. In a tax workplace 
context, it is imperative to have a workforce prepared 
to strengthen the cooperation between digitally agile 
people in different units or, in the case of automated 
systems, between machines or robots and people inside 
and outside the consulting premises (clients’ locations). 
Similar to this view, PWC (2018a) highlighted that 
cross-function collaboration and understanding 
collaboration between newly developed artificial 
intelligent bots and the workforce are imperative. 
They promote workplace independence, collaborative 

technologies, and virtual teaming in an organisation 
(Breu et al., 2001). Zhong et al. (2017) argued that to 
achieve collaborative learning, tax professionals need to 
understand the key technologies, such as cyber-physical 
networks or IoT-enabled manufacturing units, used 
by clients in order to derive actionable insights; this 
would further enhance the virtual collaboration between 
professionals who are remotely located. Technically, 
these collaborative platforms help to establish well-
developed workflow tools within consulting firms. 
Most of the service deliverables in tax consulting need 
real-time collaboration between the firm and clients or 
different units within the firm (e.g. audit & assurance 
and tax). Thus, research indicates that workplace 
collaborative learning would contribute positively 
towards the development of agile talent in tax consulting 
services (Patil and Suresh, 2019; PWC, 2017; PWC, 
2018; Sharifi et al., 2001; Goldman and Nagel, 1993). 
Hence, we hypothesise as follows:

H3 A collaborative workplace positively enables 
workforce agility in tax consulting services  
(COWA)

Workforce Upskilling 
The digital skills gap is growing for both mid-skill 
and high-skill jobs, and some skills can even become 
irrelevant by the time employees learn them. Two of 
the challenges in developing of an agile workforce in 
a tech-driven era are skills assessment (Goldman and 
Nagel, 1993; Kidd, 1991; Sharifi et al., 2001) and skills 
development (Muduli, 2016). Benchmarking skills and 
quick skill development facilitate the development of 
agile talent (Breu et al., 2001). PWC (2019b) reported 
that there is an increasing fear of automation among 
those professionals who receive fewer opportunities 
to upskill. However, almost 95 per cent of the Indian 
respondents who took part in a PWC upskilling 
survey were optimistic with regard to automation 
and digital transformation. A Global Fintech Survey 
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by PWC (2019a) carried out among 248 respondents 
from financial services highlighted that in two years’ 
time, Industry 4.0 and its associated technological 
innovations would become prominent and transform 
the way financial services are delivered. In a series of 
podcasts, PWC (2018) anticipated that tax professionals’ 
upskilling needs are going to be a greater challenge 
in this “disruptive era”. Training and developing the 
existing workforce or hiring newcomers by analysing 
the requirements for upskilling or reskilling needed to 
adapt to the technology embedded within Industry 4.0 
is imperative (PWC, 2018). A podcast by PWC (2019c) 
highlighted that tax professionals’ competencies are 
under-utilised. Tax professionals’ technical subject 
knowledge is sound, but hands-on experience with 
real-world problems, especially those brought in by 
these cutting-edge technologies, requires new tech-
inclusive skill sets that are not even developed during 
university. These emerging technologies need extra skill 
sets that are not primarily taught and shaped at during 
professional training.. Therefore, an upskilling of the 

workforce to build digital capacity also influences tax 
workforce agility. Hence, we hypothesise as follows:

H4 Workforce upskilling positively enables 
workforce agility in tax consulting services  
(WUTWT)  

Research Methodology 
Sample

The sample population for this study consisted of tax 
professionals in the city of Bangalore, the tech-hub of 
India, working full-time in the Big Four companies1 on 
both Indian and offshore tax service lines. An online 
survey (via LinkedIn) was conducted from 1 December 
2019 through to 30 January 2020. The study could not 
manage to get a specific population as the employee 
attrition rate at Big Four companies is relatively high 
(Pasha, 2014). Cochran’s (197 7) view is that a minimum 
of 384 responses is required to do a sampling estimation 
in cases where the population is unknown. Table 1 
presents the sample characteristics. 

Table 1

Sample Characteristics (N=435)

Category N %
Educational Qualification
Graduate 145 33.3
Postgraduate 156 35.9
CA/CPA/ACCA 134 30.8
Current Employer
PWC 108 24.8
Deloitte 117 26.9
EY 101 23.2
KPMG 109 25.1
Job Level
Analyst/Associate 147 33.8
Senior Associate 146 33.6
Assistant Manager/Manager 142 32.6
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Data 

The first-hand data were inspected to double-check 
whether there were any missing values or outliers. The 
data sets produced 6 per cent missing values, which is 
below the affordable limit of 10 per cent (Cohen and 
Cohen, 1983; Kline, 1995). The missing data were 
substituted using the median replacement method 
(Lynch, 2003). Secondly, the Mahalanobis distance 
test was used to detect outliers. Since the response 
rate was relatively low, our data set was collected 
through psychometric scales from a single respondent 
(representatives of each firm); thus, common method 
bias might cause systematic errors. We therefore 
checked for Common Method Bias (CMB) using 
Harman’s single-factor test (Podsakoff et al., 2003). 
As a countermeasure, we conducted an exploratory 
factor analysis to see whether a single factor could 
account for a significant covariance in both the 
outcome as well as the predictor variables. The results 
showed that the single factor structure was incapable 
of explaining the significant covariance (29.48 per 
cent); thus, CMB was not a concern. Moreover, a 
non-response-bias test using a test for variance (t-test) 
was conducted by splitting the sample into two equal 
portions; no significant variance in agility score was 
found between the two sets.

Measures 

In order to measure tax workforce agility, we modified 
the workforce agility scale proposed by Breu et 
al. (2001) and later modified by Muduli (2016). 
The adopted scale for agility has seven subscales: 
flexibility, adaptivity, collaborative, competent, 
developmental, speed, and informative. Participants 
were asked to provide their assessment using a five-
point scale (1 – Strongly disagree; 2 – Disagree;  
3 – Neither agree or disagree; 4 – Agree; 5 – Strongly 
agree). An example indicator from the scale is “I am 
flexible to change from task-to-task, engagement-to-
engagement quickly.”

Regarding facilitators (independent variables), the 
majority of the constructs considered in the study 
were mostly adopted from a PWC (2019d) report, 
keeping the workforce agility literature as a theoretical 
lens. The research followed an exploratory research 
design using first-hand responses. The investigators 
designed a self-administered questionnaire tool 
comprised of two main parts: 1) tax workforce 
agility and its facilitators; 2) demographic profiles 
of the respondents. The tool used a five-point Likert-
type scale (1 – “Totally Unimportant”; 2 – “Low 
Importance”; 3 – “Medium Importance”; 4 – “High 
Importance”; 5 – “Extremely High Importance) for 
the independent variables. A three-member (a client, a 
tax professional, and an academic) professional panel 
reviewed the questionnaire. The content validity of 
the survey was confirmed through expert comments 
from practitioners and academics. Experts in the 
related field were chosen, and the questionnaire 
was submitted to them; they were invited to provide 
comments related to the workforce agility and tax 
technology components. A pilot test was also carried 
out among 43 tax professionals within the researchers’ 
professional network. 

Then, the sampling adequacy and the validity of the 
measurement items were examined (Field, 2013, 
Kaiser, 1970). According to Hutcheson (1999), a 
KMO value above 0.80 is good. Table 2 presents the 
result for this research, which fell within a reasonable 
range of 0.850, which indicates that the sample size 
was adequate to capture distinct and reliable factors. 
In this study, the Bartlett’s test produced an χ2 statistic 
of 3413.234 with a significant p-value of less than 
0.001, demonstrating that the sample in this research 
was a correlation matrix and hence qualified for further 
analysis (Hair et al., 1998). 
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Exploratory Factor Analysis (EFA)

Using the Promax rotation method, factors were 
extracted on the basis of the maximum likelihood 
method; five factors were extracted. After several 
iterations, the EFA showed that the factor loadings 
were relatively high, explaining 59.555 per cent of the 
variance, which is good as against the minimum cut-off 
of 50 per cent (Gaskin, 2018). The model ensured that 

the average factor loadings under each construct were 
above 0.60. In addition, a convergent validity check was 
performed by examining the pattern matrix. In a sample 
size of above 300, anything above a 0.30 factor loading 
is acceptable and ensures that no breach of convergent 
validity has occurred. Table 3 shows that the constructs’ 
α values were all above 0.70, thus indicating strong 
construct reliability and internal consistency.

Table 3 

Cronbach’s Reliability Statistics
Construct Name Cronbach’s Alpha N of Items
Data Analytics & Automation (AA) 0.783 3
Organisational Learning (OL) 0.890 3
Workforce Upskilling (WU) 0.740 3
Workplace Collaboration (CO) 0.821 3
Workforce Agility (WA) 0.845 5

Confirmatory Factor Analysis (CFA)

After the EFA, we conducted a CFA and subsequently 
built an SEM using IBM-AMOS (see Figure 1). It 
was observed that two items from each independent 
variable were removed because of low loadings below 
0.50 (Chin, Gopal, and Salisbury, 1997). Thus, the 
model had to go through a slight modification as per 
the model fit indices. We then checked for outliers 
using the Mahalanobis distance test; subsequently, 15 
observations were removed from the study as the p1 
values were <0.001. Also, the standardised residual 
covariance (SRC) matrices were again inspected to check 

for any items carrying a residual covariance greater than 
0.40 consistently across all items. As a result, WU2 from 
the latent variable Upskilling and WA07 from the latent 
variable Workforce Agility were removed. Hence, a better 
fit index was achieved. The final CFA displayed a better 
model fit, with the indic    es χ2 = 265.959, χ2/df = 2.440, 
GFI = 0.934, TLI = 0.941, CFI = 0.953, IFI = 0.953, 
RMSEA = 0.058, all of which were acceptable (Bagozzi 
and Yi, 1988; Browne and Cudeck, 1993; Hu and Bentler, 
1999; Shevlin and Miles, 1998).

For composite reliability, a score of 0.60 or above 
(Bagozzi and Yi, 1988) is considered to be adequate. In 

Table 2 

KMO and Bartlett’s Test
Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 0.850

Bartlett’s Test of Sphericity
Approx. χ2 3413.234
Df 136
Sig. .000
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Table 4 

Measurement Model Summary 

Construct
Cronbach’s 
Alpha

VIF
Composite 
Reliability (CR)

Average 
Variance 
Explained 
(AVE)

Construct 1: Tax Analytics & 
Automation

0.783 1.087 0.785

0.551AA3
AA4
AA5
Construct 2: Organisational 
Learning

0.890 1.174 0.892 0.735

OL1
OL3
OL5
Construct 3: Workforce Upskilling 0.740 1.141 0.745 0.501
WU3
WU4
WU6
Construct 4: Workplace 
Collaboration

0.821 1.031 0.828 0.619

CO2
CO3
CO4
Construct 5: Tax Workforce Agility 0.845 0.848 0.531
WA 01
WA 02
WA 03
WA 04
WA 05

Note: After achieving a clean pattern matrix, one item from Workforce Upskilling (WU2) and two items from Tax 
Workforce Agility (WA06 & WA07) were eliminated from the analysis due to low factor loadings. VIF – Variance 
Inflation Factor. 

the present study, the CR values ranged between 0.740 
and 0.891, whereas the Cronbach’s alpha ranged between 
0.745 and 0.892. Thus, all the constructs were found 
to be reliable (Table 3). Furthermore, convergent and 

discriminant validity were measured for all the latent 
constructs. Average variance explained (AVE) was used 
to ensure that the model attained convergent validity 
with a threshold of ≥0.50 (Fornel and Larcker, 1981). 
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It was observed that each construct was associated more 
strongly with its measures than with the other constructs 
with the factor correlation <0.80 (Field,2013; Hair et al., 
2010). Furthermore, the square root of AVE for each 
construct was found to be higher than its correlational 
value (Chin et al., 1997).

Results and Discussions
The first aim of this study was to capture the critical 
determinants contributing to workforce agility in tax 
consulting firms. For that, the researchers used an SEM 
framework to test which determinants significantly 
contribute to developing agile talent. The analysis was 
conducted using the IBM-SPSS and AMOS packages. 
Before testing, the researchers checked whether 
the model summary satisfied all the assumptions 
of regression analysis by using a normal P-P plot 
and a scatter plot of the error terms and calculating 
VIF. All error terms were normally distributed and 
homoscedastic, so there was no linearity problem. In 
checking for the presence of multicollinearity among 
the IVs, the highest VIF obtained was 1.174, which 
is well below the cut-off value of 3 (Field, 2013; Hair 
et al., 1998). Hence, no multicollinearity was found. 
The Durbin-Watson Test was performed to check for 
autocorrelation; the test statistic of 1.872 confirmed 
that there was no autocorrelation problem in the model.  

This study revealed four enablers that significantly 
contribute to the development of agile talent in the tax 
profession. Prior studies conducted by leading public 
accounting firms showed the increasing importance of 
tax function transformation. For that to be achieved, 
the development of an agile talent pool is the first 
long-term solution. Table 5 presents the SEM test 
results. The first set of analyses examined the role of 
four drivers of tax workforce agility. All four internal 
enablers—Data Analytics & Automation ( β = 0.327,  
t = 6.891, p < 0.001), Organisational Learning  
( β = 0.491, t = 9.89, p < 0.001) , Workforce Upskilling 

( β = 0.293, t = 5.85, p < 0.001), and Collaborative 
Workplace ( β = 0.082, t = 2.065, p < 0.05)— were found 
to significantly and positively contribute to workforce 
agility. Therefore, all of our hypotheses (H1–H4) were 
supported. The model altogether explained 69.8 per cent 
of the variance in workforce agility with four internal 
enablers at tax consulting firms. 

The results of this study indicate that organisational 
learning positively contributes to workforce agility, 
thus fully supporting hypothesis 1. Organisational 
learning has emerged as one of the most significant 
and critical push factors for an agile workforce. It 
generally promotes a well-informed, knowledgeable, 
proactive, and agile workforce. Similarly, it helps to 
provide strategic flexibility and learning skills and to 
draw up job requirements accordingly (Alavi et al., 
2014). For a continuous learning approach, it is first 
necessary to assess the existing technical capabilities 
of staff in tax and related departments and then move 
on to the design of the tax function, as suggested by 
Breu et al. (2001) and Alavi et al. (2014). It requires the 
following: 1) evaluating the existing culture, aligning 
behaviours with strategic goals, and assessing and 
identifying the present digital technology landscape 
and trends (Goldman and Nagel, 1993; Gunasekaran 
and Yusuf, 2010; Sharifi et al., 2001; Oyen et al. 
2001); 2) developing digital learning programmes and 
academic programmes to increase access to knowledge 
(“Up-knowledge”); 3) applying such digital learning to 
tax activities with ongoing coaching, energising teams 
lagging behind in terms of digital KPIs, and quickly 
assessing and developing skill sets (Upskilling); and 4) 
appraising performance and tax impact, incentivising 
staff to reinforce digital behaviour, and deploying 
workforce analytics to track the evolution of the digital 
tax workforce (“Up-perform” & Scale). In addition, 
leaders have to build a learning culture that ensures 
committed learning, knowledge sharing, and a shared 
vision to promote agile behaviour at work.
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Moving to hypothesis 2, data analytics and automation 
turned out to be the second most influential activator for 
workforce agility in the tax profession according to the 
results of this study. This indicates that professionals 
realise the need to have advanced data analytics in their 
organisations for making informed decisions. Deloitte 
(2016) pointed out that despite the tax function being a 
quantitative field, tax professionals have been hesitant 
in exploring the scope of data analytics. An advanced 
data analytics model would provide deeper insights for 
making informed tax-planning strategies and allow the 
development of real-time compliance and reporting 
tools. Similarly, this opportunity provides accounting 
firms with the opportunity to best utilise their talents 
for high-skilled jobs (PWC, 2019d). Intelligent tax 
data analytics and reporting systems are imperative 
as “technology disruption” has already spread to 
every function. Moreover, the use of analytics and 
automation can help achieve better talent utilisation by 
assigning more predictive and prescriptive analytical 
intelligence to professionals. This echoes Breu et al.’s 
(2001) conclusion that intelligence coined by analytics 
and automation is an important capability of an agile 
workforce. The results of this study also indicate the 
importance of data integration, document management, 
workflow redesign, reporting and tax forecasting tools, 
and data warehouses, as suggested by Bixby and 
Burak (2014) and Sharifi et al. (2001). Data analytics 
and automation help to achieve a seamless workflow 
across subunits in the tax function and complements 
the conceptual model developed by Sherehiy et al. 
(2007). A well-developed tax data analytics unit would 
help to generate actionable insights. As confirmed 
by Frey and Osborne (2017), computerisation and 
automation would affect a large portion of tax consulting 
business (including tax return calculation and advanced 
provisional calculation). As of now, automation can be 
adopted in two areas using data wrangling and robotic 
process automation (RPA). First, the tax function can 
apply user-friendly data models developed by data 
wrangling methods for state apportionment, federal 

compliance, provisional returns and calculations, and 
indirect tax compliance. Second, the application of RPA 
in tax can be synthesised for extracting data, copying and 
pasting, calculating tax (original return or provisional 
return), collecting statistics, pulling regulatory data from 
the Web, indirect tax compliance subprocesses, e-filing, 
tax reconciliation, pulling invoices, and so on. Thereby, 
the workforce interacts with a tax data model and 
validates the taxability decisions made by RPA modules. 
Visual analytics could be applied for subnational/
multistate compliances. These advanced technologies 
would enable the tax unit to redeploy its workforce to 
higher-value tasks and engagements. Thus, it is essential 
to promote innovativeness and a technology orientation 
among professionals as this would guarantee flexible and 
adaptable behaviour. 

Regarding the collaborative workforce, hypothesis 3 
turned out to be significant; however, collaborative 
workforce was not as strong as the other independent 
variables. Offering a collaborative workplace has 
been viewed as a driving factor for tax workforce 
agility. In order to bridge the skills gap produced 
by advanced manufacturing and the cyber-physical 
system posited by Zhong et al. (2017), tax professionals 
must be future-ready and digitally agile to capture 
the upskilling required in the changing landscape to 
benefit themselves. The findings reinforce the need for 
workforce collaboration mentioned in reports by KPMG 
(2018) and PWC (2019e). They illustrate the emerging 
need for a flexible, collaborative workplace that supports 
learning new ideas and technologies, engaging with 
clients and reiterates the theoretical contributions of 
past research (Breu et al., 2001; Kidd, 1991; Sherehiy 
et al., 2007).  

Finally, hypothesis 4, which stated that workforce 
upskilling directly contributes to tax workforce agility, 
was also fully supported. This confirms the need to 
upskill tax professionals who are mostly working with 
disruptive technologies. PWC (2019a) found that 85 
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per cent of US CEOs were concerned about the non-
availability of critical skills across industries, and 51 per 
cent of them even opined that this holds back firms from 
innovating effectively. In contrast, our study identified 
employees’ openness to learn new skill sets if training 
is offered, which is one of the attributes of people agility 
(Goldman and Nagel, 1993; Oyen et al., 2001). Investing 
in the right technologies and time to learn is the critical 
component in assessing, benchmarking, and developing 
skill sets. For upskilling to operate in tax, the learning 
phase itself has to be tech-enabled. Professionals should 
be empowered through “hands-on” access to digital tools 
and resources, in addition to being given the time needed 
to apply their learning to practical aspects of the job; this 
will produce an empowered and competent workforce. 
In addition, firms’ upskilling efforts must be designed 
to prepare their employees to be capable of learning and 
adapting to new technologies, whatever they may be. 
Tax leaders will also face challenges related to designing 
upskilling solutions. 

Conclusions 
Overall, an important conclusion from this study is 
that the organisational learning culture significantly 
influences workforce agility in the tax profession. The 
study explored the development of new tax data analytics 
infrastructure and tax automation initiatives and 
upskilling programmes within a collaborative workplace 
to share ideas and socialised learning. The study 
suggests the key enablers of workforce agility in the tax 
consulting domain. Essentially, an agile workforce that 
integrates and adapts to agile technology and processes 
helps tax professionals to be more future-ready. The 
rationale behind choosing the Big Four firms was to 
understand the tax-technology developments across all 
four firms and to hint to other small tax consulting firms 
and clients that they need to be future-ready. 

The results call for a lifelong skill set learning approach 
to provide value-added tax expertise. Thus, the 
application of tax technology and the timely upskilling 

of the workforce can help the tax consulting industry 
to achieve a resource shift to develop a higher-value 
work profile and better domain experience. To sum 
up, the research identified the need for tax experts to 
have the necessary skills to caution their clients about 
rapid digital innovations and to understand the resulting 
benefits and threats expected in tax consulting services. 
As suggestive measures, professional consulting firms 
and their clients also need to redefine their tax function 
by hosting the latest tax technology and upskilling and 
reskilling the workforce to keep up with updated tax 
data analytics models through a collaborative platform 
which offers flexibility—all of these measures will help 
tax professionals to assiduously adapt to the dynamic 
business landscape. In sum, the study shows that the 
majority of tax professionals are open to learning 
skill sets if their employers offer them the relevant 
training. What the accounting industry first needs is a 
set of agile managerial or leadership talent—workers 
with the necessary skills and knowledge—and also a 
hyper-awareness to find agile technology—the ability 
to quickly obtain technology infrastructure to meet 
emerging needs and to develop a dynamic process that 
enables rapid intervention and enablement. 

Theoretical and Practical 
Implications 
This study lays the groundwork for future research into 
the reskilling and upskilling of tax professional talents 
and transformation engagement in tax consulting firms. 
The findings of the study have multiple implications 
for both workforce agility theory and tax consulting 
practices. The results revealed two major enablers: 
data analytics and automation and workforce upskilling 
in the tax function. These two enablers are subsets 
of informativeness, innovativeness, and technology. 
Overall, this research contributes to organisational 
agility theories. Second, drawing upon recent advances 
in tax function models, it proposes a conceptual 
framework to examine the issue of tax workforce 
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development. Therefore, our research empirically 
builds on the literature on workforce agility attributes 
and organisational learning capabilities in professional 
service firms. For practitioners, the study suggests 
that the workforce has to be more flexible, more 
collaborative, and quick enough to learn new ideas, 
technologies, and innovations. 

Future Research Directions 
and Limitations of this 
Research
Further research should explore the specific skill sets 
needed exclusively for tax professionals using a larger 
sample beyond professionals working for the Big Four. 
The same tools might be used to check the agility level 
of tax professionals who are working outside the Big-
Four consulting firms and to explore insights based on 
demographics as the possible impact of demographic 
variables cannot be ignored. Further, studies need to 
be carried out to compare Big-Four and non-Big-Four 
public accounting firms. 

The first limitation of this paper can be attributed to 
the method. The self-administered questionnaire and 
the subjective measurements of the outcome variable 
(tax workforce agility) may still be subject to bias even 
though a common method bias test was conducted. 
The generalizability of the findings is limited because 
the researchers only considered the top four public 
accounting firms and their tax professionals. The data 
collected were fully online; all of the respondents 
were either digital native or immigrant in nature. In 
order to get a broader picture, an offline questionnaire 
administration could be conducted to provide different 
insights. Another limitation is that this study is based on 
perception; however, psychological empowerment (as 
in Muduli, 2016) may also mediate workforce agility, 
but we did not explore this. This leaves room for further 
expansion of this conceptual model. 
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Determinant Source

To what extent do you agree or disagree with these statements?

(1 = Strongly Disagree, 2 = Disagree, 3 = Neither Agree nor Disagree, 4 = Agree  
5 =Strongly Agree)

Tax Workforce Agility (Breu et al., 2001)
(Muduli, 2016)WA1 I am comfortable with change, new ideas, and new technologies in my 

organisation.

WA2 I am flexible to quickly change from task to task, job to job, and place to place. 

WA3 I map my skills, benchmark them for skill assessment, and develop skills.

WA4 I am comfortable with cross-functional project teams, collaborative ventures with 
other companies, or a virtual organisation.

WA5 I am tech-savvy and have knowledge of tax analytics, IT skills, the use of data 
visualisation tools, etc.

WA6 I take the least possible time to develop my skills, adjust to new environments, 
and collect information.

WA7 I take personal interest in collecting information about my own firm, my clients, 
and other related organisations.

How significant are the following to the future of your organisation and your 
clients?

(1 = Totally Unimportant, 2 = Low Importance, 3 = Medium Importance,  
4 = High Importance, 5 = Extremely High Importance)

(Muduli, 2016)
(Sinkula, 1999)

(Calantone, 
Cavusgil, and Zhao, 

2002)

Organisational Learning 

OL01 – All employees and top leaders are committed to the learning goals of the 
business unit 

OL02 – Managers encourage employees to think out of the box

OL03 – An organisational culture is one that makes employee learning a top priority 

OL04 – Promoting digital skills learning to enhance adaptability and flexibility to the 
quick changing environment

OL05 – Top management prioritise knowledge sharing across service lines

Appendix
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Determinant Source

Data Analytics and Automation (PWC, 2019c)
Muduli, 2016AA01 – Encouraging employees to learn higher-order skills and software

AA02 – Speedy responsiveness to changes 

AA03 – Mapping areas of repeatable activity and options to automate

AA04 – Exploring data warehouse, analytics, and visualisation infrastructure 

AA05 – Developing data models and RPA modules 

Workplace Collaboration (PWC, 2019c)
(Breu et al., 2001)CO01 – Having effective global mobility and collaboration programmes

CO02 – Integration of people, technology, information, and innovation

CO03 – Encouraging cooperation between human brains, bots, and the cyber-physical 
environment

CO04 – Enabling cross-function collaboration 

Workforce Upskilling (PWC, 2019c) 
(Breu et al., 2001)WU01 – Benchmarking skills and assessing them 

WU02 – Laying out individuals’ training requirements with learning programmes 

WU03 – Anticipating the impacts of automation, analytics, and AI on people

WU04 – Treating professionals’ skill gaps as training opportunities

WU06 – Routine training in analytics, visualisation, and automation tools


