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Abstract  Traditional Business Intelligence (BI) systems employ a combination of source systems, databases, data 
repositories, data warehouses, and analytical tools to gain insights into business operations and chart future 
organizational strategies. These BI systems typically rely on structured data extracted from the underlying source 
system databases. However, organizations are increasingly harnessing vast amounts of big data from diverse sources, 
which often include semi-structured and unstructured data. The BI systems currently in use were initially designed 
with structured organizational datasets in mind. As the volume of big data required for informed decision-making 
continues to grow, a pressing question arises: can the existing BI systems effectively analyse this diverse and 
expansive data landscape? This research seeks to assess the adaptability of current BI systems to analyse big data 
and presents potential strategies for addressing this evolving data landscape. 
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1. Introduction 

A Business Intelligence (BI) system, typically 
comprising a suite of software tools, serves to seamlessly 
amalgamate data from various departments, locations, and 
sources within an organization, offering real-time 
visualizations of its performance [1,2]. Moreover, it 
furnishes the company with both short-term and long-term 
strategic insights. The adoption of a BI system can bestow 
a substantial competitive edge by expediting and 
enhancing decision-making processes, ultimately 
bolstering overall organizational performance [2,3]. 
Nonetheless, it's worth noting that the current 
implementation of BI systems within corporations and 
organizations often proceeds with limited regard for their 
capacity to effectively analyse big data. Big data, 
characterized by their complexity, often encompass semi-
structured and unstructured elements, and are generated in 
vast quantities daily [2,4]. This extensive data landscape 
includes information stemming from system logs, emails, 
text messages, voice calls, video clips, as well as copious 
volumes of online data and data from IoT devices, among 
others. Therefore, this research endeavours to address a 
pivotal query: "Do conventional BI systems possess the 
capabilities to proficiently analyse the burgeoning expanse 
of big data?" The primary objective of this research is to 
scrutinize the aptitude of contemporary BI systems in the 

realm of big data analysis, with a specific focus on their 
handling of semi-structured and unstructured data 
components. To accomplish this goal and respond to the 
research question, this paper embarks on a comprehensive 
exploration. It commences by delving into the architecture 
of BI systems, while concurrently shedding light on the 
intricacies of big data. This is succeeded by a quantitative 
investigation designed to unveil the performance of 
current BI systems in their analysis of the expanding 
realm of big data, along with any associated limitations. 

2. Literature Review 

In this section, we will examine the framework of a 
typical BI system and explore the various categories of 
datasets that constitute the realm of 'big data'. Additionally, 
we will delve into any existing provisions within BI 
systems for the inclusion and management of these diverse 
datasets. 

2.1. Business Intelligence (BI) System 
A traditional Business Intelligence (BI) system 

typically comprises a suite of tools that operates in 
conjunction with a data warehouse. The data warehouse, 
in turn, serves as the repository for data extracted from 
various source system databases, including accounting, 
finance, HR, supply chain, and more, ultimately shaping 
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the output of the BI system [1,5]. Therefore, to 
comprehend the inner workings of a BI system, it is 
imperative to grasp the architecture of the data warehouse. 

A data warehouse fulfills the crucial role of storing an 
organization's historical data in an aggregated form. In 
contrast, relational database systems are employed to store 
and analyze real-time business transactions. These 
systems are designed to manage atomic data and provide 
concurrent user access for query retrieval. Consequently, 
they are often referred to as online transaction processing 
(OLTP) systems [6] Conversely, a data warehouse 
represents a specialized data repository primarily geared 
toward the storage of summarized and historical data for 
analytical purposes. It is not intended for day-to-day 
transactions or daily-level querying and is commonly 
categorized as an online analytical processing (OLAP) 
system. OLTP systems are optimized for quick, small-
scale transactions with short response times, while OLAP 
systems handle intricate queries that yield extensive 
records, resulting in longer response times [7].  

OLTP systems allow various online operations, such as 
reading, updating, inserting, and deleting records, often in 
real-time. On the other hand, OLAP systems are typically 
geared towards read and append-only operations, with 
offline and periodic updating options [7]. Moreover, the 
design of OLTP systems frequently employs an Entity-
Relationship (E-R) modelling approach, facilitating the 
creation of highly normalized schemas. In contrast, OLAP 
systems are designed using a schema known as 
multidimensional modelling. In the context of 
multidimensional modelling, data is represented in the 
form of a cube, often referred to as a data cube or 
hypercube [8,9]. For instance, Figure 1-a, presented below, 
illustrates a data cube depicting information sourced from 
a database with entities encompassing customers, products, 
orders, employees, suppliers, and regions. 

 
Figure 1. -a: A 3-dimensional data cube with sales data by product, time, 
and customer Region 

A data cube serves as a representation of aggregated 
data, using dimensions and facts as its building blocks. To 
illustrate, in the context of a sales data cube, dimensions 
might encompass Product, Customer, and Time. It's 
important to note that each dimension encompasses a 
hierarchy, as depicted in Figure 2-A. Within this hierarchy, 
a higher-level structure is referred to as the parent, while a 
lower level is termed the child. As an example, within the 
Product dimension, the highest-level category might be 
labelled as "All Products." Subsequently, "All Products" 
can be further broken down into subcategories like 
Beverages, Seafood, Condiments, and more, and the 

Beverages category, in turn, can be subcategorized into 
items like Chai, Chang, Coke, and so forth. Each of these 
subcategories is referred to as a member of the hierarchy. 

The purpose of a data cube is to exhibit a collection of 
these members within the dimensions. To clarify, this 
means that City could be considered a member within the 
Customers dimension, Quarter within the Time dimension, 
and Categories within the Product dimension. Conversely, 
facts within the context of a data cube are like small, 
specific slices of the larger cube, serving to display 
various measures. As an example, a measure like 
"Quantity" provides information about the number of 
products sold within a specific quarter, category, and the 
customer's city [8,9]. 

 
Figure 2. Hierarchy of dimensions (a) and Members of hierarchy (b). 
Adapted from [9] 

Measures within a data cube can be categorized as 
additive, semi-additive, or non-additive, as outlined by 
Horner et al. [10]. Additive measures, the most common 
type, permit data summarization along all dimensions. For 
instance, in Figure 1-A, Sales Quantity serves as an 
additive measure, allowing summation across all 
hierarchical movements within the Product, Time, and 
Customer dimensions. Semi-additive measures, on the 
other hand, enable data summarization along some 
dimensions. For example, Inventory Quantity is 
considered a semi-additive measure since adding it along 
the Time dimension (e.g., total inventory in Q1+Q2) 
would lack meaningful context. Instead, it can be averaged 
along the Time dimension (e.g., average inventory 
quantity in Q1+Q2+Q3, etc.) and added along the Product 
and Customer dimensions. Non-additive measures, like 
unit cost or item price, do not support summation along 
any dimension. In the case of semi-additive or non-
additive measures, other functions such as count, 
maximum, minimum, median, etc., may be more 
appropriate [10]. 

The cube depicted in Figure 1-A can be employed to 
analyse different hierarchy levels, such as Chai (Product) - 
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Year (Time) - Country (Customer), or Seafood (Product) - 
Month (Time) – State (Customer), through OLAP 
operations. These OLAP operations encompass a range of 
actions, including drill-down, roll-up, sort, pivot, slice, 
dice, and drill-across, allowing for comprehensive analysis 
across all hierarchy levels. 

 
Figure 3. Data Warehousing architecture (Source: [23]) 

In a typical data warehouse architecture (Figure 3), 
there are several tiers. The back-end tier includes a data 
staging area, known as the operational data store, where 
data from various sources and databases is staged for ETL 
(extract, transform, load) operations [11]. The extraction 
operation gathers data from various sources, the 
transformation process converts data into standard 
warehouse formats, and loading loads the transformed 
data into the warehouse. The data warehousing tier 
encompasses the data warehouse itself, along with a 
metadata repository and data marts. While the data 
warehouse contains summarized transactional data from 
the ETL process, the metadata repository stores both 
business and technical metadata. Business metadata 
includes information on business policies, IT policies, and 
rules, while technical metadata includes details regarding 
data warehousing, data storage in computer systems, and 
data retrieval methods. Data marts, essentially smaller-
scale data warehouses, house information related to 
individual departments or functional areas. They can pull 
data from the data warehouse or directly from data sources 
[9,11]. The OLAP tier facilitates the presentation of 
warehouse data to users in a multidimensional format, as 
explained in previous sections. 

The representation of multidimensional data 
warehouses in the relational model encompasses several 
well-known schemas: the star schema, snowflake schema, 
starflake schema, and constellation schema [12]. In a star 
schema, there is a central fact table connected directly to 
multiple dimension tables. The primary keys of these 
dimension tables collectively form the key for the fact 
table, ensuring referential integrity. However, data 
redundancy can be a concern in star schemas as the 
dimensions are not normalized [12]. 

To address the redundancy issue, the snowflake schema 
seeks to normalize the dimensions by splitting them into 
separate dimension tables, such as product category, 
department, city, and state. These tables are then linked to 
their parent tables through referential integrity constraints. 
A normalized schema not only mitigates redundancy but 
also facilitates additional queries on the data cube, 
enabling operations like 'total sales by city' or 'total sales 
by category.' In both cases, the fact tables provide 
aggregated information on total sales by product (category, 

department), promotion, store (city, state), and time 
(month, quarter, year) dimensions. 

A star flake schema combines some normalized 
dimension tables with denormalized ones, offering a 
compromise between the two approaches. In contrast, a 
constellation schema employs multiple fact tables, and 
dimension tables may be shared among these fact tables. 
This schema includes both normalized and denormalized 
tables, which allows for more extensive OLAP operations 
but can introduce data redundancy issues due to 
denormalized dimensions [12]. Relational data warehouse 
schemas are generally derived from the ER model of the 
underlying database system [9]. The process typically 
begins with a conceptual schema, which is then 
transformed into a logical schema before generating the 
physical schema model. Once the physical data 
warehousing model is created, data is extracted from 
various source systems, including databases, flat files, and 
other sources, using a set of processes collectively known 
as extraction, transformation, and loading (ETL) [13,14]. 
ETL involves three key steps: data extraction from source 
systems to a staging area, data cleansing and 
transformation, and placement into an operational data 
store (ODS), from which it is mapped and loaded into the 
data warehouse. It's worth noting that the specific 
practices for these ETL operations can vary depending on 
the platforms used [14]. For a visual representation of the 
ETL process within the data warehousing example 
presented in Figure 3, please refer to Figure 4. 

 
Figure 4. Conceptual view of ETL process (Source: [14,17]) 

2.2. Big Data  
In addition to transactional systems, organizations 

generate data from a diverse array of systems and sources, 
with much of this data being semi-structured or 
unstructured in nature. Sources of such data encompass 
radio-frequency identification (RFID) readers, software 
and system logs, voice recordings, sensors, text messages, 
internet search logs, computer-operated machine logs, and 
mobile phones [13,15,16]. Furthermore, the proliferation 
of the Internet of Things (IoT), a network of 
interconnected devices and systems, is progressively 
contributing to the burgeoning volume of data due to the 
growing reliance on this global network [18]. The 
exponential growth in data from these diverse sources has 
reached a point where traditional information systems are 
ill-equipped to store and analyse them. Moreover, the 
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nature and sheer variety of these data types transcend the 
capacity of existing information systems to manage them 
within conventional rows and columns [19]. The 
complexity of utilizing this data demands intelligent and 
expert systems, setting them apart from traditional 
organizational data and designating them as "big data" [15] 
[20]. The scientific discipline focused on acquiring and 
effectively utilizing big data is known as data science. 
International Data Corporation (IDC) predicts that the 
volume of big data may exceed 150 zettabytes by 2025 
[21]. The analysis of such vast data necessitates 
significant computational power with parallel processing, 
which involves running computer programs 
simultaneously on multiple computers to meet the 
extensive computational requirements. 

Now, let's delve into the technologies that underpin the 
storage and analysis of big data and understand their 
workings. The big data landscape boasts several key 
players, with Hadoop being one of the most prominent. 
Originally conceived as the Nutch project by Doug 
Cutting and Mike Cafarella, Hadoop is a distributed data 
storage and processing infrastructure project. It was later 
released as an open-source project in 2008 by Yahoo after 
Cutting joined the company and brought the technology 
with him. Presently, Hadoop is managed by the Apache 
Software Foundation, a nonprofit global community of 
software developers. Hadoop excels at storing vast 
volumes of data from diverse sources such as social media, 
sensors, data logs, and the Internet of Things (IoT). 
Thanks to its distributed architecture, wherein multiple 
computers can function as nodes working in parallel and 
contributing their combined computing power, Hadoop 
enables rapid data processing. Even if one of these nodes 
experiences a failure, the system automatically reroutes the 
work to other nodes, ensuring uninterrupted data processing 
and making the system fault tolerant. In contrast to 
relational databases or data warehouses, Hadoop allows 
data to be stored in a data lake, a vast reservoir of data in its 
original, unprocessed form. Although data lakes are a 
subject of security concern for IT and many organizations, 
ongoing efforts are aimed at securing them, as they are 
crucial for storing big data [22]. The low cost, owing to its 
open-source nature, and scalability have solidified Hadoop's 
position as a major platform in the realm of big data. An 
illustrative application of Hadoop is in web-based 
recommendation systems, where it swiftly analyses large 
volumes of data in the background to provide customer 
recommendations based on their purchasing behaviour and 
demographics [22]. 

3. Research Methodology 

This research employs a quantitative approach to 
address the research question. Data collection was carried 
out through a survey that involved the participation of 29 
respondents hailing from 9 distinct organizations. It was 
ensured that these organizations were of medium to large 
size, each employing a minimum of 100 personnel, and 
utilized various Business Intelligence (BI) systems for 
analysing their organizational data. This specific size 
range was chosen due to the expectation that 
organizations of this magnitude would possess practical 

experience in handling larger volumes of data. 
Respondents who actively worked with BI systems, 
holding roles such as BI analysts, consultants, or 
managers, were selected for data collection. 

The selection of these organizations was facilitated 
through internet search engines, and contact was 
established using the provided contact information. All the 
chosen organizations were based in the Riyadh region of 
Saudi Arabia. This location was preferred to ensure that 
the investigator could personally meet with the 
participants, making data collection a more convenient 
and effective process. The organizations represented 
various sectors, including manufacturing (4 organizations), 
service (3 organizations), and finance (2 organizations). 
The following figure displays a flow diagram of the 
processes adopted in data collection and analysis. 

The participants were presented with a series of 
questions related to their organization's type and size. 
They were inquired about the use of any Business 
Intelligence (BI) system for data analysis within their 
organizations. If they confirmed the utilization of BI 
systems, they were further queried about the specific type 
of BI systems they employed, distinguishing between 
isolated BI tools and integrated BI systems. Additionally, 
participants were asked to characterize the type of data their 
BI systems processed, whether it was structured, semi-
structured, or unstructured, and to specify the volume of 
data they typically handled. Satisfaction levels regarding the 
capability of their BI systems to manage various data types 
were also gauged. In cases where respondents expressed 
dissatisfaction, they were encouraged to provide insights 
into the reasons for their discontent. 

The questionnaire used for data collection is included 
in Appendix A of this paper. Subsequently, the 
collected responses were transferred to a spreadsheet 
for further analysis. 

4. Results and Analysis  

The survey responses and results are presented in 
Figure 5. The header row corresponds to the survey 
questionnaire items from 1 to 7 (Q1 to Q7). Q1 specifies 
the types of organizations, as per question 1. The 
responses to question 2 (Q2) have been categorized into 
three levels, represented by 1 to 3, signifying small, 
medium, and large organizations with employee sizes of 
100-500, 500-1000, and over 1000, respectively. 

Question 3 (Q3) addresses the utilization of BI systems 
within the organizations for data analysis. The responses 
to question 4 (Q4) have been quantified as 1 to 3 to denote 
the type of BI systems used within the corresponding 
organizations: 1 for integrated BI systems, 2 for multiple 
isolated BI tools, and 3 for both integrated and isolated BI 
solutions. 

Question 5 (Q5) characterizes the data types employed 
by the BI systems in these organizations and is 
represented as types a to d: a) Mostly structured with some 
semi and/or unstructured, b) Mostly structured with 
moderate volumes of semi-structured and unstructured, c) 
Structured with a large volume of semi-structured and 
unstructured, d) Mostly semi-structured and unstructured. 
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Figure 5. Survey and Data Collection method 

Responses to question 6 (Q6) are quantified on a scale 
of 1 to 5, with 1 indicating "not at all satisfied" and 5 
representing "extremely satisfied." This scale is used to 
gauge the overall satisfaction levels of BI users regarding 
the speed and output of data processing within their 
respective organizations. 

Finally, answers to question 7 (Q7), which pertain to 
the reasons for user dissatisfaction with conventional BI 
systems, are represented through options a to e: a) BI 
system has no major issues, b) Facing difficulty in 
handling large data volumes, c) Having difficulty in 
managing semi-structured and unstructured data, d) 
Struggling with the modelling and mapping of semi-
structured and unstructured data, e) Other reasons. While 
some of these quantifications were used for data analysis 
(e.g., Q2 and Q6), others served as a means of data entry 
(e.g., Q4, Q5, and Q7). 

The survey results reveal that 41% of the respondents 
are affiliated with manufacturing organizations, while the 
service sector and financial organizations account for 34% 
and 24% of the respondents, respectively. Although these 
three categories are not exactly equal in proportion, their 
representation does not significantly vary, indicating a 
reasonable mix of sectors. 

In terms of organization size, 7 organizations fall into 
the small category (with 100-500 employees), 13 are 
categorized as medium-sized (with 500-1000 employees), 
and the remaining 9 belong to the large category (with 
over 1000 employees). The median value of 2.07 reflects 
the average medium size of the chosen organizations. 

Regarding the use of BI systems for organizational data 
analysis, 90% of the respondents mentioned that their 
organization uses a BI system, with 10% responding 
partially. This high percentage is expected, given that the 
organizations were purposefully chosen based on their 
utilization of a BI system. For the same reason, all the 
respondents indicated that their organizations use either an 
integrated BI system (48%), multiple isolated BI tools 
(6%), or both (24%). 

In terms of data types employed by the BI systems, 71% 
of small organizations predominantly use structured data 
with some semi and unstructured data, while the 

remaining 29% use structured data with a moderate 
volume of semi and unstructured data. Among medium-
sized organizations, 23% primarily use structured data 
with some semi and unstructured data, 69% use structured 
data with a moderate volume of semi and unstructured 
data, and the remaining 8% use structured data alongside a 
large volume of semi and unstructured data. Among large 
organizations, 22% use structured data with a moderate 
volume of semi and unstructured data, while 78% use 
structured data with a large volume of semi and 
unstructured data. 

Although all respondents mentioned the use of BI 
systems in organizational data analysis, their satisfaction 
with processing speed and output varies significantly. As 
indicated in Figure 6 (Q6), the average satisfaction level 
among all respondents is 2.24 out of 5. This satisfaction 
level is 3.43 among respondents working in small 
organizations, 2.38 in mid-sized organizations, and 1.11 in 
large organizations. Figure 7 illustrates the relationship 
between organization size and satisfaction regarding the 
data processing performance of BI systems, showing a 
decline in satisfaction as organization size and data 
volume increase. 

In Figure 7, the blue line illustrates the organization's 
size in terms of employee count, while the orange line 
represents user satisfaction with the performance of their 
BI analytics. Notably, in small organizations (ranging 
from 1 to 7 on the category axis), users tend to express 
higher satisfaction with their BI systems. In contrast, in 
medium-sized organizations (ranging from 8 to 20), users 
report a lower satisfaction level. Large organizations 
(ranging from 21 to 29) exhibit the lowest satisfaction 
levels in terms of BI analytical performance. 

Figure 8 illustrates the data types utilized by different 
organizations. It is evident that the volume of semi-
structured and unstructured data types increases as the 
organization's size grows. 

Regarding the reasons for dissatisfaction with the 
analytical performance of BI systems, as displayed in 
Figure 9, option 'a' was selected by 17% of the 
organizations, while options 'b', 'c', 'd', and 'e' were chosen 
by 21%, 31%, 31%, and 0%, respectively. Notably, all 
those who selected reason 'a' belong to small organizations 
(100%). 

In the case of reason 'b', 83% are from medium-sized 
organizations, and 17% are from large organizations. For 
reason 'c', 11% are from small organizations, 33% are 
from medium-sized organizations, and 56% are from large 
organizations. When selecting reason 'd', only 11% are 
from small organizations, whereas 56% are from medium-
sized organizations, and 33% are from large organizations. 
In summary, 71% of the small organizations chose option 
'a,' 38% of the medium-sized organizations selected 
reason 'b,' and the remaining 42% chose either 'c' or 'd.' 
Meanwhile, 89% of the large organizations opted for 
either 'c' or 'd.' 

Finally, when comparing data types with reasons for 
dissatisfaction, the results indicate that 63% of the 
organizations using data type 'a' (mostly structured with 
some semi and unstructured) opted for reason 'a' (the BI 
system does not have any major issues), and the remaining 
37% chose reason 'b' (facing difficulty with large data 
volume). Among organizations using data type 'b' 
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(structured with moderate volume of semi and 
unstructured), 23% selected reason 'b,' while the 
remaining 77% opted for reasons 'c' or 'd' (difficulty with 
handling, modeling, and mapping of semi- and 

unstructured data). Finally, 100% of the organizations 
using data type 'c' (structured with a large volume of semi 
and unstructured) chose either reason 'c' or 'd.' 

 
Figure 6. Survey responses and results 

 
Figure 7. BI analytical performance as data volume increases 
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Figure 8. Types of data analysed by various sizes or organisations (Mostly structured with some semi and/or unstructured (a), Mostly structured with 
moderate volume of semi and unstructured (b), Structured with a large volume of semi-structured and unstructured (c), Mostly semi-structured and 
unstructured (d)) 

 
Figure 9. Reason for dissatisfaction over BI analytical performance by size of organisation (a-BI system does not have any major issues, b-Facing 
difficulty in handling large data volume, c-Having difficulty in handling semi-structured and unstructured data, d-Difficulty in modelling and mapping 
of semi-structured and unstructured data, e-Other reasons) 
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5. Discussion and Possible Remedy 

The results presented in the previous section provide a 
clear indication of the relationship between the size of an 
organization and the level of satisfaction regarding the 
analytical performance of their BI systems. As 
organizations expand in size, so does their number of 
employees, and in tandem with this growth, the volume of 
data used by the organization also increases. Consequently, 
it can be inferred that the escalation in data volume 
contributes to a decrease in users' satisfaction with the 
processing speed and overall performance of the BI system. 
This observation raises an essential question about the 
capability of BI systems to handle big data, particularly 
those with semi-structured and unstructured elements. 

The findings reveal that smaller organizations 
predominantly rely on structured data with a small volume 
of semi and/or unstructured data. In contrast, medium-
sized organizations work with structured data that 
incorporates a moderate volume of semi and unstructured 
information, and large organizations deal with structured 
data alongside a substantial volume of semi and 
unstructured data. This trend of increasing data 
complexity aligns with the pattern of user dissatisfaction 
with BI system performance. 

Moreover, the reasons behind dissatisfaction further 
shed light on the issue. Smaller organizations tend to opt 
for options 'a' or 'b', implying that, given their reliance on 
structured data, they believe their BI systems don't face 
significant issues aside from handling large volumes of 
structured data. In contrast, medium and large 
organizations, with their substantial volumes of big data, 
express concerns primarily related to the mapping and 
analysis of semi-structured and unstructured data (options 
'c' and 'd'). Given the higher dissatisfaction levels 
observed in medium and large organizations, it is apparent 
from this study that current BI systems struggle when 
dealing with big data that includes semi-structured and 
unstructured components. 

Currently, organizations typically employ separate 
systems to analyse structured data and big data. This 
division stems from the structured nature of organizational 
data, while big data exhibits complexity in its semi-
structured and unstructured forms, necessitating columnar 
databases or data lakes for storage. Such data types 
possess intricate characteristics that require more 
extensive refinement to make them compatible with 
relational systems. To address the challenges associated 
with big data analysis, it is imperative to revamp and 
redesign current BI systems during the implementation 
phases. This transformation should enable the proper 
mapping and loading of semi-structured and unstructured 
data into data warehouses. The solution might involve the 
introduction of parallel data lakes and non-relational 
(NoSQL) databases to host, refine, and convert semi-
structured and unstructured data into columnar data 
models, which can then be mapped onto data cubes. Once 
this data transformation process is complete and the data 
is loaded into a data warehouse, it can be readily analysed 
using BI tools or systems without significant obstacles. 
This suggests that further research is needed to develop a 
viable model or prototype that can address these 

challenges effectively. 

6. Limitations 

This research has several limitations, which should be 
taken into consideration in future investigations. Firstly, 
all the participants in this study were drawn from 
organizations located within the same geographic region. 
This geographical restriction may raise concerns about the 
generalizability of the research findings to a global context. 
However, it is important to note that the research primarily 
focuses on the volume of data handled by BI systems, 
which is a concern irrespective of geographic location. 
Consequently, similar research conducted in different 
locations should yield comparable results, although further 
research is needed to confirm this. 

Additionally, the scope of the survey questionnaire may 
be considered limited, particularly regarding the options 
provided in question 6. The available options might have 
influenced users' perceptions of the reasons for their 
dissatisfaction with current BI systems. Nonetheless, the 
questionnaire did include an 'other' option, allowing 
respondents to express any additional reasons they 
deemed relevant. The fact that none of the respondents 
availed of the 'other' option suggests that the available 
answer choices appropriately represented users' 
satisfaction levels with organizational BI systems. 

Another limitation pertains to the assumption that 
organizational size, as measured by the number of 
employees, is directly proportional to data volume. For 
instance, it was assumed that a medium-sized organization 
with 500-1000 employees generates significantly more 
data than a small-sized organization with 100-500 
employees. However, survey results reveal that, as 
employee numbers increase, the type of data utilized by an 
organization change. Smaller organizations predominantly 
use mostly structured data, while medium and larger 
organizations employ varying volumes of semi-structured 
and unstructured data. Therefore, the assumption that data 
volume correlates directly with employee numbers has 
been corroborated by the findings. 

Furthermore, this study operates on the assumption that 
hardware does not significantly contribute to the 
slowdown of BI analytical performance. This assumption 
may raise questions about the validity of the research. 
However, it is essential to note that all participants were 
BI power users, including BI consultants, analysts, and 
managers. Furthermore, these users had the opportunity to 
indicate hardware-related issues as one of the reasons for 
their dissatisfaction (option 'e' - other reasons), and yet no 
respondents cited hardware as a concern. As a result, any 
adverse effects stemming from hardware can be 
reasonably discounted. 

7. Conclusion  

Organizations rely on Business Intelligence (BI) 
systems to analyse data pertinent to their operational needs, 
extracting valuable insights that guide them toward 
informed decision-making. However, this research reveals 
a critical gap in the current landscape of BI systems: they 
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are ill-prepared to cope with the burgeoning volume of big 
data, particularly semi-structured and unstructured 
datasets. To explore this issue, this study engaged twenty-
nine BI consultants, analysts, and managers across 
organizations of various sizes. The analysis of survey data 
indicates that users dealing with expanding datasets, 
particularly those of a semi-structured and unstructured 
nature, exhibit higher levels of dissatisfaction with the 
analytical performance of conventional BI systems. 

Furthermore, users have pinpointed the challenges 
related to modelling, mapping, and handling of semi-
structured and unstructured datasets as the principal 
underlying causes of their dissatisfaction. In light of these 
findings, this research recommends adapting and 
reconfiguring the handling of big data within current BI 
systems during the implementation phase. This entails 
considering the integration of non-relational databases to 
ensure these systems remain effective tools for data 
analysis in the era of big data. 

Appendix A: Questionnaire 

Select the answer that best suits your circumstances. 
1.  What is the category of your organisation?  
Ans: Manufacturing ( ), Service ( ), Finance ( ) 
 
2.  What is the employee size of your organisation?  
Ans: 100-500 (1), 500-1000 (2), >1000 (3) 
 
3.  Does your organisation utilize a Business 

Intelligence (BI) system in organisational data processing?  
Ans: Yes ( ), No ( ), Partially ( ) 
 
4.  What type of BI system does your organisation 

use?  
Ans: An integrated BI system (1), Multiple Isolated BI 

tools (2), Both (3) 
 
5.  What sort of data does your organisation process 

with the help of the BI system? 
Ans: Mostly structured with some semi-structured and/or 

unstructured (a), Mostly structured with moderate volume 
of semi-structured and unstructured (b), Structured with a 
large volume of semi-structured and unstructured (c), 
Mostly semi-structured and unstructured (d) 

 
6.  Overall, how much are you satisfied with the 

analytical performance of the BI system?  
Ans: 1 (Not satisfied at all), 2, 3, 4, 5 (Extremely 

satisfied) 
 
7.  What, do you believe, are the reasons for your 

dissatisfaction (if any) with the analytical performance of 
the BI system in your organisation?  

Ans: BI system does not have any major issues (a), 
Facing difficulty in handling large data volume (b), Having 
difficulty in handling semi-structured and unstructured data 
(c), Difficulty in modelling and mapping of semi-structured 
and unstructured data (d), Other reasons (e)  

The questionnaire and collected answered were paper 
based. After collection, data were transferred to Ms Excel 
spreadsheet for analytical purposes. 
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