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Assessing factors of behavioral intention to use Big Data Analytics (BDA) in
banking and insurance sector: proposition of an integrated model

Abstract

Banking and insurance sectors have long been largely data-driven by nature. However, with the rise in the
predominance of data flooding from several sources resulting from the introduction of new customers and markets,
with the help of Big Data Analytics, value can be extracted more effectively, and analysis of this type of
unstructured data combined with a wide range of datasets can be used to efficiently and precisely extract
commercial value. The aim of this paper is to develop a conceptual framework to explain the intention of
information technology practitioners in banks and insurance companies to use Big Data Analytics by exploiting
the Technology Acceptance Model (TAM) joined by the Task-Technology-Fit paradigm, information quality,
security, trust, and the moderating effect of managerial commitment by top management on the relationship
between users’ perception and their intention to use, in order to conceptualize and test an integrated framework
for analyzing and measuring attitudes toward the usage of Big Data Analytics.

This paper contributes by proposing the model to assess the factors that influence users’ intention towards the use
of Big Data Analytics, by asserting users’ perception towards the technology, trust factor, security and the effect
of managerial commitment. Although the model we developed in this paper is conceptual and still needs to be
tested empirically, it will serve as a basic framework for further research that is designed to evaluate factors
affecting IT practitioners’ attitudes towards the adoption of Big Data Analytics within the finance sector.

Keywords: Big Data Analytics, TAM, TTF, Security, Trust, Managerial commitment, Bank, Insurance
JEL Classification: 032
Paper type: Theoretical Research

Résumé

Les secteurs de la banque et de I'assurance sont depuis longtemps largement axés sur les données par nature.
Cependant, avec l'augmentation de la prédominance de I'inondation de données provenant de plusieurs sources
résultant de I'introduction de nouveaux clients et marchés, avec l'aide du Big Data Analytics, la valeur peut étre
obtenue plus efficacement, et I'analyse de ce type de données non structurées combinées a un large éventail
d'ensembles de données peut étre utilisée pour extraire efficacement et précisément la valeur commerciale.
L'objectif de cet article est de développer un cadre conceptuel pour expliquer l'intention des praticiens des
technologies de I'information dans les banques et les compagnies d'assurance d'utiliser le Big Data Analytics en
exploitant le Modéle d'Acceptation de la Technologie (TAM) associé au paradigme Adéquation Tache-
Technologie, la qualité de l'information, la sécurité, la confiance et I'effet modérateur de l'engagement du
management sur la relation entre la perception des utilisateurs et leur intention d'utilisation, afin de conceptualiser
et de tester un cadre intégré pour analyser et mesurer les attitudes envers l'utilisation du Big Data Analytics.

Cet article contribue en proposant un modéle pour évaluer les facteurs qui influencent I'intention des utilisateurs
vers l'utilisation du Big Data Analytics, en affirmant la perception des utilisateurs envers la technologie, le facteur
de confiance, la sécurité et I'effet de I'engagement managérial. Bien que le modéle que nous avons développé dans
cet article soit conceptuel et nécessite encore d'étre testé empiriquement, il servira de cadre de base pour des
recherches ultérieures congues pour évaluer les facteurs affectant les attitudes des informaticiens envers I'adoption
du Big Data Analytics dans le secteur financier.

Keywords: Big Data Analytics, TAM, TTF, Security, Trust, Managerial commitment, Bank, Insurance
JEL Classification: 032
Paper type: Theoretical Research
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1. Introduction

In recent years, there has been a nearly universal and growing amount of digital evidence of
computer-mediated behaviors and interactions as a result of the spread of the internet, social
media, mobile technology, and sensor networks, as well as the declining cost of data storage
resources. (Miiller et al., 2017) which led to an era of Big Data. Meanwhile, the financial
industry exchanges millions of datasets. The quickest concerns in financial services are also
seen to be related to fintech. They comprise a range of financial services, including online peer-
to-peer, crowd-funding, platforms, wealth and asset management platforms, trading
management, cryptocurrency, money transfer, and mobile payments structures. (Hasan et al.,
2020) Big data is nevertheless getting more attention in the financial services industry, where
information has a significant impact on key production and success aspects. It has been
contributing more and more to the development of our understanding of financial operations.
(Shen & Chen, 2018).

Big Data has a significant impact on how banks and insurance services are changing,
specifically in the context of trade and investment, tax reform, fraud investigation and detection,
risk analysis, and automation (Cody Hill, 2018). Using Big Data in banks and insurance will
help to overcome various barriers and acquire insightful data to enhance client contentment.
Financial analysts will then use alternative data to offer clients the best services and policies
and help them make better and optimal investment decisions. As a result, there is a need for a
system that can handle enormous volumes, speeds, and varieties of data, which are all enabled
by Big Data Analytics (BDA) systems.

Several researches have attempted to discuss the value of Big Data Analytics (BDA) in various
fields, such as healthcare (Archenaa & Anita, 2015; Shahbaz et al., 2019; Soon et al., 2016),
government services (Archenaa & Anita, 2015; Sahid et al., 2021), Universities online
programs (Brock & Khan, 2017). In the field of finance, studies have investigated the influence,
the impact, and the applications of Big Data (Hasan et al., 2020; Nobanee et al., 2021).
Consequently, understanding the factors that must be taken into account for Big Data Analytics
(BDA) adoption in banks and insurance companies is essential prior to any implementation
strategy. Therefore, a thorough adoption model for Big Data Analytics (BDA) is required to
cover the knowledge gap now present in the literature and assist banks and insurance companies
to replace outdated traditional analytics systems that cannot compete with Big Data Analytics
(BDA). Implementing Big Data Analytics (BDA) is an approach to exploring massive and
dense data sets to help companies to make effective decisions. The study of the implementation
of BDA systems requires taking into consideration the factors that influence the adoption and
the intention to use them. These factors include security, trust, the user’s perception toward the
new technology, and the fitness of the system for the tasks. (Dishaw & Strong, 1999) Have
developed an integrated model by extending the Technology Acceptance Model with Task
Technology Fit constructs in the context of information system adoption, leading to a better
explanatory than either model alone. Asserting perceptions towards a technology such as
perceived usefulness and perceived ease of use is a necessary approach, as was addressed in
previous studies (Miiller et al., 2017; Sahid et al., 2021).

Nonetheless, investigating individual perception towards technology needs to be completed
with an analysis of the fitness of the technology characteristics for the task requirement, as
emphasized by (Goodhue, Goodhue, D. L., R. L. Thompson, 1995). Technology may not be
adopted if it is incompatible with the requirements of the user's tasks and cannot improve their
job performance. Implementation will also happen once the user considers the technology as
useful, simple, and innovative. In addition to the positive perception of the user towards the
new technology, the fitness between the characteristics of the technology and the task is an
essential construct. Moreover, other factors have been shown as important for the influence of
users' behavior towards the adoption of an information technology. Perceived security is an
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influential factor in the user's behavioral intention to use an information system (Damghanian
et al., 2016; Fife & Orjuela, 2012). In BDA adoption, one of the most difficult factors for a user
to adopt a new technology has been demonstrated to be perceived trust (Lallmahomed et al.,
2017; Liao et al., 2011). BDA could make it possible for businesses to collect, organize, and
disseminate information and create connections between business partners. (Kwon et al., 2014)
Which makes the Information quality of the Big Data Analytics (BDA) an essential factor for
the behavioral intention to adopt it.(Shin, 2015, 2016; Verma & Bhattacharyya, 2017).
Managerial commitment is also a critical factor that influences the relationship between the
employee’s perception of technology and their intention to actually use it. Previous researches
have been conducted to study the impact of this factor (Brock & Khan, 2017; N. Khan et al.,
2014). Yet, previous research hasn’t discussed these factors combined as the enablers of
behavioral intention to use Big Data Analytics (BDA) in the context of finance, especially for
banks and insurance. Hence, this research gap creates a motivation to elaborate an integrated
model that theoretically enlarges the scope of the adoption decision by combining TAM and
TTF models, security, trust, information quality, and the moderating role of managerial
commitment.

The objectives of this review paper are as follows.

. To elaborate an integrated model composed of the critical elements that impact the
behavioral intention to use BDA.
. To serve as a theoretical basis for further empirical studies in several fields, such as

banks and the insurance sector.

The following in this review paper is structured as follows: Section 1 contains a detailed review
of Big Data and Big Data Analytics implementation research, and Section 2 contains a review
of behavioral change prediction. Intention Theories, research models, and hypotheses have been
presented in section 3. And finally, a conclusion has been presented as a final section.

2. Theoretical background
2.1. Big Data concept

The convergence of the physical and virtual worlds can be defined as Industry 4.0. Technology
that uses Big Data and Big Data Analytics (BDA) to develop decision-making systems is a
hallmark of the digital revolution. (Sahid et al., 2021). A huge dataset in terms of volume,
velocity, and variety surpasses the modern technological environment. This data set is known
as Big Data (BD) (Brock & Khan, 2017).

Big Data can provide valuable insights that can help businesses make better decisions. (Hilbert
& Lopez, 2011) developed a three-part conceptual framework to characterize Big Data in higher
education: using the framework to portray, connecting the data systems to organize the
academic data, and developing a research design to help frame a set of investigational
methodologies (Daniel, 2015; Omonaiye et al., 2016). (Assuncao et al., 2013) presents issues
in areas other than storage, such as managing data, administration, and analytics. Big Data can
bring to banks and insurance companies numerous benefits with a good commercial impact,
Big Data can improve customer insight, involvement, and experience levels, develop better
fraud detection and prevention systems; and more effective market trading analysis.

Banks and the insurance sector nowadays produce and receive a large amount of data thanks to
new innovations and programs that support them to collect a rising number of records, tracking
devices, databases, monitors, trading and account systems, stock feeds, customer feedback and
other data... Users can generate gigabytes of data per month by exchanging photographs and
videos, sending thousands of emails, and sharing other users' social media content, making it a
massive source of big data. Standard database and software solutions can't process the large
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amounts of information referred to by Big Data. The data was gathered from various sources,
some of which were internal and some of which were external.

Big Data consists of three types of data: structured data, which is ordered information gathered
through database systems, spreadsheets, and computers; unstructured data, such as emails,
texts, and voicemails, which is dynamic information that is not stored in a specific location; and
the last one is semi-structured data. It does not have fixed fields and instead uses labels or other
indicators to capture data items (XML and HTML-tagged texts are examples).

(Laney, 2001) established the 3Vs, Volume, Velocity, and Variety, as the now-accepted
definition of BD. The additional two Veracity and Value variables were then added to the
model, making it a 5V model. According to (Bello-Orgaz et al., 2016)'s 5V model 5V model,
Big Data can be described using the following characteristics:

Figure 1: 5V model of Big Data

Volume The BD's size The;:él:nngﬁ g%t%r;n:‘ig\te.s whether data is
Velocity — The rate at which data is generated
Bi g Data Vari ety Denotes data that iz :‘;;;153:{:::;16 lsemi-structurecl, or
Veracity ——— The data's quality/integrity/credibility/accuracy assurance
Value Relates to hovy valuable data [s in making.decisions. The must
be obtained through using appropriate BDA value

Source: (Bello-Orgaz et al., 2016)

e VOLUME

From the dawn of written language to 2003, humanity generated around five exabytes of data.
Every two days, the same quantity of data is created in 2011. Every 10 minutes, the same
amount of data is created in 2013 (Kirk Borne, 2013).

Nowadays, the volume can be characterized by the enormous quantity of data generated by
human and robotic interactions. Computer data, application logs, web browsing logs, whether
data, emails, contracts, geographic information systems and geographical data, survey data,
reports, spreadsheets, and social media data are all sources of data nowadays (Bankole et al.,
2017; Sheikh, 2013). This massive volume of data requires specific advanced technologies,
called Big Data Analytics (BDA) because it demands scalable systems and distributed querying,
Big Data poses an immediate threat to traditional data storage architecture (Dumbill, 2012).

e VARIETY

Data is typically "structured" when it is entered into a database based on the type of data,
especially operational data (i.e., character, numeric, floating point, etc.) (Minelli et al., 2013).

Over time, various sources of data have generated increasingly unstructured data that goes
beyond the scale of a traditional application (Minelli et al., 2013). Are considered unstructured
data the text, audio, video, image, geospatial, and Internet data (including click streams and log

230
www.ijafame.orq



http://www.ijafame.org/

lﬁ,ﬁ[ IJAFAME

Volume 3, Issue 6-1 (2022), pp226'246 Intcrnational Jounal of Accounting, Financc,
© Authors: CC BY-NC-ND m Auditing, Management & Economics

files). Finally, semi-structured data is frequently a synthesis of various data categories with
some pattern or framework that is less precisely defined than structured data. Call center logs,
for instance, can include the following information: customer name, date of call, and complaint,
where the complaint material is unstructured and difficult to synthesize into a data repository
(Minelli et al., 2013).

e VELOCITY

Velocity is how fast data is generated, gathered, assimilated, and evaluated. Businesses are
under pressure to process information in real time or with close to real-time replies as a result
of the world's accelerating speed. This characteristic describes the accelerating rate at which
this data is produced, as well as the expanding rate at which relational databases can process,
store, and analyze the data. Velocity describes the rate at which fresh data is produced and the
rate at which data is transferred (Ishwarappa & Anuradha, 2015).

A Big Data-using company will have a significant and ongoing flow of data being produced
and sent to its final destination. Data may be generated by devices, networks, cellphones, or
social networks. This information must be rapidly processed and analyzed, often in close to real
time. Although Big Data and large-scale data sets are characterized using the three Vs, it is
crucial to include two more Vs in the gathering of the insights from Big Data, Veracity and
value.

e VERACITY

It is impossible for all of the data to be 100% accurate when coping with a high volume,
velocity, and variety of data; there will inevitably be some inaccurate data. The level of data
that is being collected can differ substantially. The veracity of the source data determines how
reliable the analysis's data will be (Ishwarappa & Anuradha, 2015).

The importance of considering data quality is highlighted by veracity (J. Steven Perry, 2017).
Therefore, at a time when the volume, velocity, and variety of data are rapidly growing, the
authenticity of Big Data is a major concern. (Oracle, 2013).

e VALUE

The most crucial component of large data is value. Nonetheless, Big Data has enormous
potential usefulness. Having access to big data is great, but unless we can use it to create value,
it is worthless. Businesses will need a return on investment since establishing an IT
infrastructure system to hold big data has become increasingly expensive (Ishwarappa &
Anuradha, 2015). Big data is becoming more prevalent, raising the value concern. Disposing
of useless and unnecessary information is necessary to make the remaining information
valuable. Additionally, finding relevant information and rapidly extracting it for timely analysis
is challenging. (Lycett, 2013) stated that the remaining relevant material must be useful for
gaining knowledge and domain-specific analysis.

2.2. Big Data Analytics and implementation research in banking and insurance sector

Big data analytics refers to the technologies (database and data mining tools) and procedures
(analytical processes) that a corporation can use to evaluate massive amounts of complicated
data for numerous applications aimed at improving the firm's performance in various aspects.
(Malaka & Brown, 2015) Consider BDA as an advanced analytical approach and technology
that uses big data to gather greater understanding and make better decisions. (Elragal &
Klischewski, 2017) defined BDA as the application of deep learning techniques to huge
datasets, which incorporates data collection, analysis, predictive modeling, and other aspects of
modern business intelligence (MAMPU, 2020).
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Despite some academics using these terms interchangeably, they argued that big data (BDA)
and BDA capabilities (BDAC) had different meanings and concepts, the same researchers
systematically discovered that while some research focused on the data and its properties, others
extended the definition by using the term "analytics," which puts importance on the procedure,
tools, and procedures needed to examine the data(Mikalef et al., 2017).

The BDAC definition may become evident as attention shifts to the influence of big data's
hidden values that are extracted by analytical procedures (Dubey et al., 2018). The concept
"BDA" applies to sophisticated methods used by corporations to analyze big data, including
data mining, visualization, and sense-making (Grossman & Siegel, 2014).

Since the significant operational and strategic advantages of BDA, it has evolved into a tool
that can help businesses operate at their most productive levels. Furthermore, the BDA
infrastructure needs sophisticated technology for data administration, visualization, analysis,
and storage.

Fig 2: Conceptual Big Data processing platform

R
Mahout
SAS

DB Sgoop
i Integration [N
Native-
" Drivers
Landing ) .
AT Ingestion Process Discover
Bl Tools

Operational NI
Reporting  ERETIEEM

Unix Files Hadoop-HDFS MlapReduce Datameer Spotfire
Amazon S3 NoSQL Hive QL Quest Software Qllkvew
HDFS GFS Python Kamasphere Custom
Amazon EMR Ruby Qlikview Raw Data  ESWGITS

Java Extracts Tools

Extract Data

Source: (Krishnan, 2013)

The banking and insurance sector is increasingly confronting difficulties in managing and
profiting from very large amounts of structured and unstructured data generated by innovative
IT devices, social media platforms, and corporate information systems. BDA has the potential
to promote breakthrough technology and provide opportunities for large businesses and
financial institutions to offer higher-quality services than they previously thought possible, for
collecting, storing, transmitting, analyzing, and visualizing large amounts of organized and
unstructured data (Sahid et al., 2021). Proper data analysis and a strategy for deploying Big
Data technologies could help to foster a sense of informed decision-making (Lidong Wang &
Randy Jones, 2017). BDA appears to be showing that high data storage, management, analysis,
and visual technologies are all part of the learning process (Philip Chen & Zhang, 2014). In the
industrial sector, for instance, data science methods and technology are frequently utilized to
enable firms to make informed decisions and to provide relevant data to scientific specialists
and researchers to confirm or disprove science models, ideas, and hypotheses (Sahid et al.,
2021).

Given the benefits and the fame of BDA systems, it is important to look at the elements that
drive BDA adoption in the banking and insurance sectors. Although empirical research that
studies the factors that can influence BDA adoption remains insufficient and none of our models
have been fully exploited yet to explain the intention to use it in the banking and insurance
sector. Researchers have a great opportunity to understand how BDA can be implemented
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because of the discrepancy between the potential benefits of BDA and its slow and low-geared
adoption. Many developing countries are in the early stages of adopting BDA, hence, banks
and insurances need to include a clear policy and procedure for using it. BDA deployments
involve changes to the original business processes due to the absolute requirement of adapting
organizational procedures to match the system's characteristics. (G. Wang et al., 2016) consider
BDA systems as an inter-organizational system that must be implemented by a number of
stakeholders from diverse departments. The standardization of Big Data and its system
integration with other information systems are required by BDA systems. As a result, a large
number of suppliers and service providers need to be controlled.

There is a significant amount of financial value to be gained from the massive amounts of
insurance and banks clients claim documentation, most of which is text-based and contains
descriptions entered by agents at call centers as well as notes about specific claims and
situations, financial services companies have a chance to increase their level of customer
engagement and proactively enhance the customer experience as a result of the digitization of
financial and insurance products and services and the growing trend of consumers engaging
with businesses or organizations in the digital space, these institutions have always been subject
to fraud, they can be defrauded by both individuals and organized crime, and the intricacy and
sophistication of these scams are growing with time. Furthermore, the increased desire for faster
trade execution forced banks and insurances to begin becoming a digital environment many
years ago.

According to (Philip Chen & Zhang, 2014) traditional information systems projects face greater
difficulties in such situations, making BDA adoption more costly, complex, and prone to
failure. As a result, data warehousing and traditional business intelligence have failed to meet
the needs of complicated BDA systems.

Several studies have been undertaken to investigate BDA in various fields. (Tsai et al., 2015)
presented an overview of BDA to foster the development of an elevated platform processing
algorithm for BDA, they didn’t forecast a user's behavior when it comes to the utilization of
big data analytics. Using a technology organization environment model, (Malaka & Brown,
2015) looked into the adoption of big data analytics from an organizational perspective,
although their study didn’t take the individual approach to big data usage into consideration.
Using the technological acceptance model and the diffusion of innovation model, (Soon et al.,
2016) illustrated the adoption of big data analytics in Malaysia and investigated the moderating
influences of training. The scope was expanded to all the types of companies, which limited the
relevance of the study results. (Shahbaz et al., 2019) developed an integrated model to
investigate the adoption of BDA in healthcare institutions using TAM, TTF, and resistance to
change factors, although the model didn’t include managerial support factor and the effect of
the quality of the system.

In order to fill a gap in the literature, this paper's primary goal is to provide thorough research
insights into the adoption of BDA, to assist banks and insurance companies in identifying the
critical enablers that influence the adoption of BDA and evaluate the moderating role of
managerial commitment on the user’s perception towards the use of BDA.

In order to meet the stated objectives, TAM and TTF models were used to make a combination
between the user’s perception and the fit between the task and technology, added to the model
the moderating effect of the managerial commitment on the user’s perception towards the use
of BDA and two of the most important factors when it comes to information system adoption,
trust and security.
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2.3. Prediction of behavioral Intention Theories
2.3.1. Technology Acceptance Model (TAM)

Since the early 1970s, user acceptance of technology has always been one of the most important
components of system usage to measure the success of information system implementation in
the field of information systems management (Aggelidis & PD, Chatzoglou, 2009). And since
the paper will deal with the behavior and perception of users towards the use of Big Data
Analytics as an information system, it will be interesting to adopt the TAM. The Technology
Acceptance Model (TAM) is the subject of multiple theoretical and exploratory studies related
to user behavior towards the use of information technology (Cheung & Vogel, 2013). The
model represents two main constructs in the analysis and highlighting of user behaviors towards
the use of the information system, perceived ease of use and perceived usefulness. The first
construct has been defined as the level at which a person believes that using a specific
technology would be effortless (Davis, 1989; Verkasalo et al., 2010). On the other hand, the
second construct indicates the degree to which an individual believes that the improvement of
his or her work performance will be determined by the use of a specific technology. (L. S.
Huang et al., 2017).

The TAM has been updated and extended by many researchers to include additional
characteristics such as effectiveness (Segars & Grover, 1993) and organizational beliefs
(Amoako-Gyampah & Salam, 2004). The approach explains even less of the degree of
technology usage in particular circumstances, such as online banking (Pikkarainen et al., 2004).
Thus, in our integrated model, the two main constructs of the original TAM were deployed to
evaluate the causal relationship with the intention of using the BDA.

Figure 3: Original Technology Acceptance Model
Technology Acceptance Model

Perceived

usefulness
Intended use of

Actual use
technology |
Perceived ease of !

use

...............................................................

Source : (Davis & Venkatesh, 1996)

2.3.2. Task-Technology Fit Model (TTF)

Lack of task focus is a limitation in TAM's ability to evaluate BDA usage. Individuals use BDA
as a tool to complete tasks effectively. Inconsistent outcomes in IT evaluations are a result of
the lack of task focus in assessing BDA and its adoption, use, and performance (Goodhue,
1995). Task-Technology Fit (TTF) stands for the ability of technology to match its capabilities
to the task's requirements, or the capacity of technology to assist a task (Tam & Oliveira, 2016).
Previous research has looked at TTF from a variety of angles to see if the user's work is suitable
for technology and collective decision-making, resulting in the effective adoption of an
information system in a variety of situations. (Massive open online courses) (I. U. Khan et al.,
2018), e-commerce (Inge Klopping & Earl McKinney, 2004), electronic medical records (Gan
& Cao, 2014).
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As a result, based on the mentioned literature, we conclude that the effective adoption of BDA
by financial institutions is largely dependent on the technology's fit with the user's task needs,
which has yet to be investigated by academics.

Figure 4: Task Technology Fit model

Task Characteristics \ Performance Impact

Task-Technology Fit

Technology

Characteristics Utilization

Source: (Goodhue & Thompson, 1995)

3. Hypothesis development and research model
3.1. Hypothesis development

According to (Davis et al., 1992) "Perceived usefulness" and "Perceived ease of use" of specific
information systems and services are powerful indicators of attitude towards and intention to
adopt them. Perceived usefulness assesses an information system's exogenous qualities, such
as mission outcomes and objectives such as task effectiveness and efficiency (Wixom & Todd,
2005). Individuals who believe the BDA system is more helpful will be more likely to accept
it (Amoako-Gyampah & Salam, 2004). According to (Wu & Wang, 2005)perceived usefulness
of a technology has been considered to be more significant than the perceived ease of use in
company-level research.

Perceived usefulness is likewise believed to be the major driver of BDA adoption. Earlier
studies have shown that the usefulness of BDA has a positive association with the intention to
use. These studies have been successfully examined in a variety of domains (Esteves & Curto,
2013; Shin, 2016; Weerakkody et al., 2017). If the user believes that using BDA will improve
their work productivity, this will have a positive impact on their perception of its utility and
then it will impact their willingness to adopt it. Therefore, BDA usefulness hasn’t been applied
to the banking and insurance sectors. Thus, we present the following hypotheses:

H1: Perceived usefulness will have direct and positive influence on the intention to use
BDA systems

(Davis et al., 1992) defined perceived ease of use as "the degree of ease involved when using
an information system." It was highlighted that the ease of use of an information system can
contribute to its acceptance. The inherent qualities of an information system, such as
convenience of use, adaptability, and simplicity, are assessed in terms of perceived ease of use
(Gangwar et al., 2015).

In an era of convoluted ecosystems and fast-changing innovations, BDA has the ability to
benefit financial institutions by cost reduction, minimizing risk factors, and assisting with
effective decision-making. Users are more likely to adopt a new technology if they believe it is
adaptable, easy to comprehend, manageable, and convenient to use. TAM acknowledges that
perceived ease of use has a direct and indirect impact on behavioral intention to adopt. The
direct effect suggests that perceived ease of use, independent of the usefulness, can enhance an
individual's attitude towards adopting a new technology (Ayeh et al., 2013) while the indirect
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effect proposed that if a new technology is easy to use, users will find it more effective, since a
simpler system demands lower effort to complete a task. which will shape a good attitude and
intention toward the adoption of the technology (Kuo & Lee, 2009). Individual technology
adoption has usually been influenced by "Perceived usefulness" and "Perceived ease of use"
(Koufaris, 2002; Szajna, 1994). Therefore, the following two hypotheses have been developed:

H?2: Perceived ease of use will have direct and positive influence on the intention to use
BDA systems

H3: Perceived ease of use will have direct and positive effect on perceived usefulness of
BDA Systems

Information quality refers to the requested properties (e.g., applicability, reliability, punctuality,
completeness, intelligibility, and accessibility) of the information system outputs (Petter et al.,
2014). The quality of information is essential in creating a positive attitude toward the
advantages of adopting a certain information technology (Akter et al., 2013). The information
quality of a BDA refers to the quality of the output of BDA, such as patterns, graphs,
predictions, tables, and insights. The quality of information influences attitudes regarding
information and system experience, which shapes behavioral attitudes such as perceived
usefulness and ease of use, and, as a result, behavioral beliefs and the intention to adopt Big
Data Analytics. According to (Wixom & Todd, 2005), poor and useless big data leads to poor
information quality, which can have negative effects on practical and strategic decision-making
(Ji-fan Ren et al., 2016).

Throughout relevant studies on the Technology Acceptance Model (TAM), (Venkatesh &
Davis, 2000) pointed out that information quality has a positive impact on perceived usefulness;
in other words, if the information quality of the knowledge management system is good, the
output figures will be correct, constructive, and reusable, and users will believe the system is
capable of providing accurate information and knowledge. (Zhou, 2011) created a model based
on the D&M IS success model and TAM, stating that information quality is a critical element
influencing perceived usefulness. Perceived ease of use is also a purpose of information quality,
according to (Zhou, 2011). Thus, the following two hypotheses are proposed:

HA4: Information quality directly and positively influences perceived usefulness of BDA
HS5: Information quality directly and positively influences perceived ease of use of BDA

Technological characteristics are the tools (hardware, software, and data) used by end-users in
carrying out their tasks (Goodhue & Thompson, 1995). It is referred to as the equipment,
programming, and data that users employ to complete their tasks, which are referred to as
technology characteristics. In general, the fewer functions provided by information systems,
the less likely people are to use them. (S. L. Wang & Lin, 2019a) showed in their case study
the positive impact of the technology characteristics of BDA on the task technology fit.

(Sahid et al., 2021) tried to demonstrate if technology characteristics have a major positive
impact on task technology fit of BDA in public agencies. In general, the less relevant
information is provided by the system, the less likely individuals are to use it. Users' perceptions
of information systems are impacted by system features. Thus, the following hypothesis is
proposed:

HG6: Technological characteristics has direct influence on the Task-Technology fit of BDA

(Dale L Goodhue, 1995) defined task characteristics as "the actions carried out by users in
transforming inputs into outputs.". Tasks are described in the broad TTF framework as actions
taken by individuals in transforming inputs to outputs to meet their information needs.
According to (Dale L Goodhue, 1995), task non-routineness, task dependency, and time
significance are the key three characteristics of a task. The challenge in our case is that data has
become more diverse, massive, and complex, and it requires specific technology to fit its
complexity.
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(Tam & Oliveira, 2016) tested the impact of task characteristics on task-technology fit in mobile
banking, (S. L. Wang & Lin, 2019b) demonstrated the positive relationship between task
characteristics of BDA and the task-technology fit of BDA in the case of mobile cloud
healthcare. The features of a task that a user might employ information technology for are called
task characteristics. They can take different aspects: task routineness, task interdependence, and
scheduling. Users are encouraged to use information systems to meet their requirements by task
characteristics, which are a primary determinant. The more complicated the task is, the less
traditional IS is effective. Therefore, we propose the following hypothesis:

H7: Task characteristics has direct influence on the Task-Technology fit of BDA

(Goodhue & Thompson, 1995) defined task-technology fit as the degree to which a technology
assists an individual in performing his or her tasks. Thus, our study can define Task-Technology
Fit as the degree to which the users use BDA to perform their analysis and predictions. TTF is
the concept of fit between task and technology characteristics, which will have a beneficial
impact on the usage of technology and individual performance (Goodhue, 1998).

Users will pay more attention to a technology's novelty, such as BDA and the tasks it
accomplishes after they start using it (Viswanath Venkatesh et al., 2012). When users believe
that technology is capable of assisting with the work at hand, they perform well autonomously.
Consequently, we can hypothesize that TTF is a good factor influencing user intention to use
BDA, as proposed in the following hypothesis.

HS8: Task-Technology fit will significantly influence the intention to use BDA

Trust is defined as the idea that a person or thing will behave in a desirable manner without
manipulating the outcome (Pavlou & Fygenson, 2006). When a person lacks experience and
knowledge with a new innovative technology or information system, trust in the usage of the
technology is commonly employed to alleviate mental uneasiness (Liao et al., 2011).
Numerous researches have shown that perceived trust is a critical component for success or
failure of information system adoption, particularly the adoption of electronic payment systems
(Nguyen & Huynh, 2018) crypto currencies (Shahzad et al., 2018). Trust is an important
component when it comes to BDA adoption because a lack of trust in a system's capability to
deliver insightful information from complex data can have a negative impact on the user's
intention. We can present, based on this, the following hypothesis:

HY: Perceived trust has a significant relationship with Bls to use BDA

According to (Arpaci et al., 2015; Cui et al., 2018) the degree to which an individual believes
that using a certain system for sending and recording sensitive data is safe and secure is referred
to as perceived security. Perceived technology security examines the potential for technological
uncertainty and the user’s perception of the technology to bring them reliable information
(Salisbury et al., 2001). Perceived security is the factor that prevents a user from considering
the benefits of a system and persuades him to utilize a system that he opposes (Malaka &
Brown, 2015).

Researchers have looked into the importance of security in different fields (Chellappa &
Pavlou, 2002; Hartono et al., 2014; D. L. Huang et al., 2008). Users have concerns about
information security as a result of informational privacy, misuse of sensitive information, and
utilization by many uncaring departments when using BDA systems (Andrew G. Ferguson,
2017; Broeders et al., 2017; Shahbaz et al., 2019).

Users will be more likely to use BDA if they believe the institution's BDA services have been
designed and have a secure framework in place

H10: Perceived security has a significant relationship with Bls to use BDA

The first dimension of organizational learning capabilities is also known as managerial
commitment. (Senge, 1991) considers managerial commitment as "engaging in and maintaining
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behaviors that help others achieve a goal". According to (Akgiin et al., 2007), it is defined as
the ability of businesses to foster and enable leadership commitment to develop and build
knowledge within the organization. Top managers and stakeholders play an important role in
the development and commitment to a learning climate for the employees, and (Cooper, 2006)
emphasized the importance of the dedication of the leaders in a learning organization.

Management should lead the change process, assuming responsibility for building an
organization that can regenerate and adapt to new challenges. (Lei et al., 1999). Management
should comprehend the value of learning and become involved in its accomplishment, as it is
an active aspect of the firm's success (Senge, 1991; Slater & Narver, 1995; Williams, 2001). In
this manner, management may successfully create and support a learning environment that aids
in the success and maintenance of their businesses. (Brock & Khan, 2017) have assessed the
moderating effect of managerial commitment in the usage of Big Data Analytics by students
following online programs technology disciples. Managerial commitment plays a major part as
an organizational factor that influences the relationship between the user's perception of Big
Data Analytics and their intention to use it. We then present the following hypothesis.

H11: Managerial commitment positively moderates the relationship between perceived
usefulness and behavioral intention to use Big Data Analytics

H12: Managerial commitment positively moderates the relationship between perceived ease
of use and behavioral intention to use BDA

3.2. Proposition of a research Model

Figure 5: Proposed research framework

Managerial
Ha A Perceived usefulness H11 commitment
Quality of
- . H3
information H1 H12
H5
Perceived ease of use
H2
Technol?gY H6 Behavioral
characteristics \ /V intention to use
Task-technology fit BDA
H9
Task H7
characteristics
Perceived trust H10
Perceived security

Source: Authors

4. Conclusion

Based on the literature review, we developed our research model as a theoretical basis and an
attempt to connect existing knowledge to understand the relationship among existing theories.
The research model we proposed in this work is a combination of the TAM and TTF models,
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quality of information factor, trust and security, as well as the moderating effect of managerial
commitment.

We first presented a literature review on the concept of Big Data, Big Data Analytics and the
importance of its implementation in banks and insurance sectors, and the research gap that
motivated our study. The second section contained predictions of behavioral intention reference
models. We then justified the relationship between the different variables.

With an improved research model, this study goes a step further and makes a contribution to
the subject of technological adoption.

Theoretical contributions:

Our research has several theoretical contributions, first, It highlights the key components that
are crucial for implementing BDA systems, it emphasizes the importance of orienting the
evaluation of factors of behavioral intention to use BDA towards the individual level, In the
same way, it puts forward the central consideration of the adequacy of tasks with the technology
used and displays the importance of the organizational level through the managerial
commitment.

Second, the literature needs a solid theoretical foundation for additional research and a broad
and comprehensive research model that is not particular to one area of the business in order to
make the transition from the previous analytics systems to a BDA system. This research model
will be beneficial and promote a theory for further BDA studies.

Practical contributions:

This study is crucial for strategy makers who intend to establish a BDA system by highlighting
elements that are crucial at first. Architects of BDA systems can benefit from the research
model's method for comprehending and evaluating the relative influence of information and
system characteristics and users of the BDA system can direct the architects' efforts in the right
directions if they believe that issues with the reliability of BDA information are a major
problem.

Limitations and future directions:

Our integrated model is based on an exploratory qualitative approach. A survey of IT
practitioners in the banking and insurance sectors is needed to bring our model into the
Moroccan context.
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