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Abstract

Traditionally, pharmaceutical sales and marketing depend highly on relationship marketing and
subjective or judgment decision-making, which may risk business and public health. There is an
urgency for a more reliable decision-making process, such as data-driven decision-making with
business analytics, to ensure companies achieve their societal goal of reducing human suffering
from illness effectively. Through a systematic literature review, this research assesses the use of
business analytics and its integration into sales and marketing decision-making. This research
analyses the literature using thematic analysis and a logic model and then proposes a
comprehensive framework that integrates business analytics and decision-making process to
improve sales performance. Multiple factors or variables are identified to impact business
analytics and decision-making, indicating the need to explore the specific context of the
pharmaceutical market. This study suggests future studies using a case study approach to
understand the pharmaceutical phenomenon better. Further analysis with survey and SEM can
be used to confirm relevant factors and the magnitude of the relationship between variables.

Keywords: Big Data Analytics, Business Analytics, Business Analytics Capabilities, Data-
Driven Decision-Making, Pharmaceutical Sales & Marketing.

1. Introduction

Traditionally pharmaceutical sales and marketing depend highly on relationships and intuition
for sales and marketing decision-making (Matikainen et al., 2017; Saavedra et al., 2017). In such
situations, companies may not objectively evaluate the true business potentials using relevant
data but instead based on the perceived relationship quality with doctors. Quality of relationship
with doctors certainly will impact the number of prescriptions and sales (Sah & Fugh-Berman,
2013; Patwardhan, 2016; Lee & Begley, 2016). However, it is prone to individual bias. Different
people may have different perceptions, which translates into different business expectations
(Frow et al., 2011; Lee & Begley, 2016).

Several studies have proven that data-driven decision-making (DDDM) is an effective strategy
for improving firms' performance in many different industries (Akter et al., 2016; Brynjolfsson
& McElheran, 2016; Troisi et al.,, 2020). The pharmaceutical industry is a data-intensive
industry in nature. The amount of data collected and analysed to develop and launch a new drug
is abundant, such as from long and massive clinical trials, phase 1, phase 2, and 3 (Handoo et al.,
2012). Once the product is ready to be marketed, the company conducts an epidemiology
assessment to evaluate the potential business size in a particular market. This process is
commonly known as patient flow or patient funnel. Companies also identify potential users and
their prescription behaviour through segmentation and targeting exercises (Paich et al., 2009).
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Companies spend substantial resources in terms of time, people, and money collecting those
data. Often these data sit in different parts of the organisation and are used for specific
purposes, and usually are not made readily available to other departments. This phenomenon
raises the question of whether all those data are relevant for companies to make better decisions
or how the company should collect, manage, analyse and use the data for better decision-making
(Sendyona et al., 2016).

2. Literature Review
2.1 Pharmaceutical sales and marketing

Relationship marketing is a vital component of pharmaceutical sales and marketing, but it also
presents problems and hazards if not managed appropriately. The capacity to create, maintain,
and strengthen customer relationships is critical for business performance. Pharmaceutical
corporations place a high value on this element, mainly through the interactions between
pharmaceutical sales representatives (PSR) and physicians (Lieb & Scheurich, 2014; Villalba,
2019; Price et al., 2021). Because of technological advancements, businesses may now employ
CRM (customer relationship management) solutions for consumer involvement. In a
pharmaceutical firm, salespeople describe visits to physicians in CRM software, which are then
analysed to influence future engagement actions (Kientop, 2010; Chressanthis et al., 2014;
Krizanova et al., 2018). Many, however, have expressed worry about its negative aspects.
Pharmaceutical sales and marketing approaches rely on relationship marketing and intensely
focus on PSR and physician connections. Because of the emphasis on relations, sales and
marketing, investments and activities tend to be subjective and intuition-based. The perception
of certain employees, particularly those who engage directly with doctors, has been overrated.
Business potential in a specific account, hospital or location is frequently predicted depending
on how well the connection with significant prescribers in the area is. The definition of
relationship quality varies from person to person, making it unsafe to rely on for an essential
business decision. Paich et al. (2009) proposed an integrated system dynamic in the
pharmaceutical sector that incorporates patient flow, doctor adoption, and treatment
attractiveness to assess the true commercial potential (Paich et al. 2009). Statistics or data like
disease prevalence and incidence, doctor segmentation, and other product competitiveness
metrics reflect the three factors.

2.2 Data-driven decision-making

The concern is whether pharmaceutical corporations have implemented a culture of data-driven
decision-making in their sales and marketing operations. Data-driven decision-making (DDDM)
is a method of determining the best option supported by data. Using data is no longer a choice in
the age of big data but rather a need (Lu et al., 2019). Some of the most common manifestations
of the DDDM include business analytics, data analytics, and big data analytics. Business
analytics (BA) is a decision-making tool business use to create answers to current business
challenges. BA may be descriptive, predictive, or prescriptive depending on the type of business
problem to address and the goal to reach.

A review of past research on DDDM and business analytics or big data analytics reveals a
propensity to focus on the perceptions of executives, analysts, IT managers, or salespeople
(Akter et al., 2016; Mikalef et al., 2019; Pugna et al., 2019; Suoniemi et al., 2020; Shazbaz et al.,
2020; Gupta et al., 2021). This technique does not work in the pharmaceutical sales and
marketing context because sales and marketing managers are the primary decision-makers.
Business analysts, sometimes known as commercial effectiveness managers, contribute to the
analysis and insight development, although their function is primarily supportive. Hence, this
study will explore the perception of sales managers, marketing managers and business analysts
on DDDM, business analytics and its usage and impact on sales performance.
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3. Methodology

We follow the systematic literature review principles suggested by Tranfield et al. (Tranfield et
al., 2003), which consists of three main stages, planning, execution and reporting. This
approach allows us to review all relevant past studies in business analytics, then help us to
identify gaps in the existing studies and position new agendas for future research. The following
subsections describe the three stages previously mentioned.

In the planning stage, we developed the protocol for the literature review. The protocol consists
of the research question, which guided the selection of papers, the search strategy, the inclusion
criteria and the synthesis method. The following research question drives the literature review
process: What are the requirements for effective business analytics in pharmaceutical
marketing, and how does business analytics impact sales performance? This research question
covers the factors, variables, or capabilities that may impact business analytics implementation
and the process of making an impact, such as through the decision-making process. From this
research question, we identified relevant past publications.

In the execution stage, we used Scopus and ScienceDirect as the sources (Lim & Rasul, 2022;
Lim et al., 2022). It is very important to identify the relevant keywords for a search string (Lim
et al., 2023; Rasul et al., 2020a: Rasul et al., 2020b; Rasul et al. 2023).We wanted to focus our
search on the specific area of pharmaceutical marketing. We employed the following search
keyword: "data driven decision making" OR "data driven decision"” OR "business analytics" OR
"data analytics" OR "big data analytics" AND "performance” OR "firm performance" OR
"sales performance" AND "pharmaceutical" AND "marketing” OR "sales". However, this
keyword combination resulted in only four (4) papers. The low number of papers indicates the
scarcity of business analytics research in pharmaceutical marketing and sales. Due to the limited
results in the pharmaceutical context, we decided to open the search to any industry. The
revised search keyword was: "data driven decision making" OR "data driven decision" OR
"business analytics” OR "data analytics" OR "big data analytics" AND "performance"” OR "firm
performance” OR "sales performance". We included 53 articles after implementing inclusion
and exclusion, as shown in figure 1.

Stage1 Identify relevant studies n=7693

I
|

Exclude based on years (2013-2022)
subject area (business & management);
document type (article); source type
(journal); language (English)

l

!
;

Stage2 n=589

‘ Stages }—b{ Exclude studies based on titles }—b{ n=333 ‘
St Exclude studies based on abstract 1
age4 reading n=195
‘ Stages Assess quality of full paper }—P{ n=53 ‘

Figure 1. Paper selection process

We used an excel spreadsheet to code the data, where the row represented the article and the
columns defined all the factors or variables mentioned in the articles. We recorded all the
variables from each study using the original words from the authors. This approach allowed us
to map all the factors or variables that authors have explored in the past. The results were
represented as a matrix of factors in the 53 articles.
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In reporting the findings, we used thematic analysis, descriptive evaluation and logic model as
data synthesis methods. The logic model is a sequential staging of factors that show the possible
causal relationship between variables. We defined the variables as independent, mediating,
moderating and dependent variables. We specifically reviewed the role of decision-making and
the integration of business analytics into decision making. The reason is that business analytics
is a form of the data-driven decision-making process; hence it is reasonable to evaluate the
papers based on their point of view on decision-making (Sahay, 2020).

4. Result and discussion

We included 53 papers published from 2013 to 2022. Figure 2 shows the distribution of papers
based on publication year and journal quartile. Around 70% (37) of articles were published in
the last five years (2018-2022), with 2018 contributing the most.
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Figure 2. Distribution of paper by publication year & journal quartile

We ensure the quality of papers by including peer-reviewed articles published in reputable
journals. 85% (n=45) of the papers are empirical research from many sectors and geographies.
The other 15% (n=8) papers are literature reviews and framework development. Figure 3
illustrates the different research methods used by the researcher in past studies.

agent based | clustering

Figure 3. The research method used in past studies
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Table 1: Variables mapping

Variables name n Variables name n
o Business value/competitive
Data quality 17 ) advanidgs 24
v o v v
@ Technology infrastructure/tools 25 = Financial performance 12
= =
= DA/BA/BDA = Process, functional, and operational
amt 7 . 18 = 19
= adoption/implementation > performance
-
,: Technical knowledge/skill 29 8 New product success 2
= o=
) Domain knowledge 2 8 Decision-making quality 8
g_ Organisation/culture/structure 13 g DA/BA/BDA satisfaction 6
@
= Management/governance/process | 12 Customer value 3
Leadership 9 DA/BA/BDA adoption 23
External factors 6 ¢ , | Peoplecapability 4
=]
‘2= | Organisation/management
IBA/ = = ganisaton, g
DA/BA/BDA 4 = .2 | capabilities i
BB T 5
= E‘” Organisation/management 6 = #» | Decision-making quality 5
]
_:,8 § People capability 4 Customer insight 4
S = - -
= * | Financial performance 1
iy n = frequency of appearance
Competition 1

Using the author's own terms, we identified 173 factors or variables related to business analytics.
New variables may still emerge as business analytics rapidly evolves, especially in the big data
era. As 85% of the papers are empirical research exploring the causal relationship between
variables under specific empirical models, we can map the variables into dependent,
moderating, mediating and independent variables. Using thematic and descriptive evaluation,
we categorise the 173 variables based on the similarity of meaning as intended by the authors.
Table 1 shows the categorisation of variables.

Most authors placed data analytic/business analytic/big data analytic (DA/BA/BDA) related
variables as either independent or mediating variables toward performance. This approach is
aligned with this research objective to understand the impact of business analytics on
performance. However, some authors also use DA/BA/BDA-related variables as the dependent
variable and moderating variables. In the next section, we will discuss the most common
variables identified in the literature.

4.1 Data-driven decision-making and business analytics

Business analytics (BA) is one of the decision-making tools used by companies to generate
solutions to existing business problems. The concept was initially introduced in the mid of
1950s. It re-emerges and becomes an important area with the advancement of information
technology (IT) and data availability (Cao et al., 2015a; ). Sahay (2020) defines business
analytics as "a data-driven decision-making approach that uses statistical and quantitative
analysis, information technology, management science (mathematical modelling, simulation),
along with data mining and fact-based data to measure past business performance to guide
an organisation in business planning and effective decision-making" (Sahay, 2020).

Holsapple et al. (2014) argue that the fundamental understanding of business analytics shapes
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how the company implements it. Employees can perceive BA as an evidence-based decision-
making movement, practice & technology, a transformation process from data into actions,
quantitative capabilities, and a data-driven decision-making paradigm. Those who view BA as a
movement and paradigm will value it more than just a tool; hence tends to create an
organisational environment to support it. Those who view BA as another tool will evaluate the
practical benefits of BA relative to other decision-making or analysis tools (Holsapple et al.,
2014). Despite the different points of view on the foundational definition of BA, the
implementation is observable in the extent and frequency of usage. Several common approaches
are statistical analysis, forecasting, optimisation, simulation & scenario development, KPI
dashboard, social media analysis, data visualisation, etc. (Cao et al., 2015b; Cao, Duan, &
Cadden, 2019).

4.2 Business Analytics Capability

The research on business analytics and big data analytics is derived from information systems
(IS) research. In IS research, it is believed that the value of a business analytics organisation
must possess the right level of people capability, technology or infrastructure capability and
management capability (Akter et al., 2016; Wamba, 2017; Ji-fan Ren et al., 2017)—the level of
professional skills and knowledge possessed by BA staff. People capability refers to the technical
skill of analytics professionals (know-how) such as operating systems, statistics, database
management, visualisation, etc. (Akter et al.,, 2016; Wamba, 2017). Not only a clear
understanding of the relevant technology and tools but business analysts or employees involved
in business analytics must also possess the right level of business knowledge, which refers to the
understanding of company strategies and plans; and an understanding of the business
environment (Torres et al., 2018). Wamba (2016) suggested that relational knowledge is another
essential aspect because business analytics involves sharing information and influencing others.
Business analytics activities generate insight to be taken into consideration for decision-making.
Analysts are often not the decision-makers. Hence their ability to communicate their insights
and convince decision-makers are equally important as the analytics itself (Wamba, 2017).

Technology or infrastructure capability refers to system connectivity, compatibility and
modularity. Ideally, the analytics system should be connected across different functions and
locations. The system includes the application, hardware, data and network. By being connected
across roles and places, the system allows rapid development and deployment of analytics.
Compatibility means the ability of the system to facilitate the continuous flow of information for
real-time decision-making (Akter et al., 2016; Wamba, 2017; Ji-fan Ren et al., 2017). It also
refers to how easy to use the system across different analytic platforms and organisations
regardless of location. The infrastructure must also have the ability to integrate data from
disparate sources. The data should be available regarding sufficiency and validity (Torres et al.,
2018).

Management capability is handling routines in a structured (rather than ad hoc) manner to
manage IT resources following business needs and priorities. The first element is planning,
identifying business opportunities and how BA can improve performance. The second element is
an investment decision, reflecting a BA investment's cost and benefit analysis. Thirdly,
coordination is the routine capability that structures the cross-functional synchronisation of
analytics activities. Fourthly, controlling ensures proper commitment and utilisation of
resources, including budget and human resources. The last element is the top management's
vision, strategy, beliefs and influence on opportunities related to BA (Akter et al., 2016; Wamba,
2017; Ji-fan Ren et al., 2017; Torres et al., 2018; Gunasekaran et al., 2018; Ren et al., 2019).

4.3 Decision-making quality & efficiency

Two aspects of decision-making are being considered, quality and efficiency. Decision-making
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quality refers to decision outcomes that are accurate, correct, precise, flawless, error-free and
reliable (Ghasemaghaei et al., 2018; Ghasemaghaei, 2019; S. Shamim et al., 2019). Quality
decision-making also means a better understanding of customers (Cao et al., 2015a; Wang &
Byrd, 2017; Cao, Duan, & Cadden, 2019). Efficient decision-making constitutes some attributes
such as decision-making costs are low (S. Shamim et al., 2019), timely (Ghasemaghaei et al.,
2018; S. Shamim et al., 2019), real-time, able to respond quickly to changes (Cao et al., 2015a;
Cao, Duan, & Cadden, 2019) and fewer people involved in making decisions (S. Shamim et al.,
2019).

5. Research framework and agenda

Scholars argue that business analytics adoption involves technology, people and management
factors. Some studies argue that business analytics directly affect firm performance, with
different types of performance, such as environmental performance, social performance,
economic performance, value creation, customer satisfaction and organisational performance.
Other studies argue that the value of business analytics to performance improvement happens
by integrating it into the decision-making process. Business analytics leads to a data-driven
environment hence improving the decision-making process (Cao et al., 2015b; Ashaari et al.,
2020; Ghasemaghaei, 2019; Daradkeh, 2021).

Some scholars argue that decision-making performances, in terms of decision-making quality,
effectiveness and efficiency, are the end outcome of business analytics or big data
implementation. Hence they put decision-making performance as the dependent variable in
their research framework (Wang & Byrd, 2017; Ghasemaghaei et al., 2018; Ghasemaghaei, 2019;
S. Shamim et al., 2019; (Saqib Shamim et al., 2020). Some others put performance-related
indicators, such as decisions that improve organisational performance and decision that leads to
desired outcomes, as the manifest variables of decision-making effectiveness (Wang & Byrd,
2017; S. Shamim et al., 2019; Saqib Shamim et al., 2020). Other scholars put decision-making
effectiveness as mediating variable toward performance, such as competitive advantage (Cao,
Duan, & El Banna, 2019).
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Figure 4. Business analytics framework in the pharmaceutical market

Following Sahay's definition of business analytics as a data-driven decision-making approach
(Sahay, 2020), this study argues that business analytics generates insight for decision-making;
hence its value is mediated by decision-making quality and efficiency. We propose to combine
the two approaches by exploring the technology, people/personnel and management capabilities
of business analytics and their integration into the decision-making process. It assumes that
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business analytics implementation allows companies to generate better decisions or solutions in
sales and marketing that eventually will improve sales performance, as shown in figure 4.

6. Conclusion

Pharmaceutical marketing and sales are complex due to the nature of the industry, such as high
regulation, no direct engagement with end consumers (patients), complicated disease areas and
treatment decisions, marginal benefits with substantial costs, etc. Apart from the complexity,
pharmaceutical sales and marketing have been criticised for a long time due to some unethical
practices. Heavy reliance on relationship marketing and subjective decision-making are some of
the causes of the issue. Hence, a more reliable decision-making process using data or business
analytics is necessary.

The pharmaceutical industry is data intensive, especially in the product development stage;
however, the marketing and sales operation has not optimally used data to help make better
decisions. We conduct a systematic literature review to understand the effective framework of
business analytics implementation and its integration into decision-making. Based on the SLR,
we identified numerous factors or variables suggested by researchers based on empirical
research in other industries. We propose a comprehensive BA framework that combines
capability, technology capability, management capability and the mediating role of decision-
making to improve sales performance. It is advisable to conduct qualitative exploratory
research, such as case studies, to understand the real BA phenomenon in the pharmaceutical
market. The case study will reveal BA implementation's motivation, opportunities and
challenges and the reason behind them. It will then help to suggest the final BA framework.
Further on, a quantitative survey with SEM will help describe the relationship and the
magnitude of the relationship between variables.
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