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The rise of information technology has transformed the business landscape, with organizations increasingly rely-
ing on information systems to collect and store vast amounts of data. To stay competitive, businesses must harness
this data to make informed decisions that optimize their actions in response to the market. Business intelligence
(BI) is an approach that enables organizations to leverage data-driven insights for better decision-making, but
implementing BI comes with its own set of challenges. Accordingly, understanding the key factors that contribute
to successful implementation is crucial.

This study examines the factors affecting the implementation of BI projects by analyzing the interactions
between these factors using system dynamics modeling. The research draws on interviews with five BI experts
and a review of the background literature to identify effective implementation strategies. Specifically, the study
compares traditional and self-service implementation approaches and simulates their respective impacts on or-
ganizational acceptance of BI. The results show that the two approaches were equally effective in generating
organizational acceptance until the twenty-fifth month of implementation, after which the self-service strategy
generated significantly higher levels of acceptance than the traditional strategy. In fact, after 60 months, the
self-service approach was associated with a 30% increase in organizational acceptance over the traditional ap-
proach. The paper also provides recommendations for increasing the acceptance of BI in both implementation
strategies. Overall, this study underscores the importance of identifying and addressing key factors that impact
BI implementation success, offering practical guidance to organizations seeking to leverage the power of BI in

today’s competitive business environment.

Introduction

The speed of data generation and accumulation has increased with
the increasing use of information technology solutions by organizations,
which are now using digital tools to store and analyze vast amounts
of data in real-time [28,37,63]. Companies and organizations can gain
a comparative advantage and overtake their competitors through the
analysis and continuous and effective use of data and information
[12,30,68].

Business intelligence is one of the popular and welcomed solu-
tions for organizations to use data analysis for decision-making and
data-oriented business [67,74]. For example, a retail company can
use business intelligence to monitor customer behavior and prefer-
ences and adjust its marketing strategy accordingly [48]. Likewise, a
manufacturing company can use BI to optimize its supply chain, re-
duce production costs, and improve product quality [27]. This solu-
tion offers managers and experts of organizations the possibility of
making smart and updating analyzes and decisions. A business intel-
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ligence system is usually defined as a set of technological solutions
[12] that facilitate organizations to collect, integrate, and analyze large
data stores in order to understand their opportunities, strengths, and
weaknesses [23].

According to researchers [1], business intelligence systems are quite
close to the concept of decision support systems, these systems ex-
pand the categories of users and support a wide range of decisions.
Business intelligence systems are designed to reduce uncertainty in the
decision-making process and support decision-makers efficiently and
effectively [51].

The size of the business intelligence market in 2020 was valued
at $23.1 billion and is expected to reach $33.3 billion by 2025 and
experience a compound annual growth rate of 6.6% [70]. However,
despite growing investments and market expansion, evidence shows
that many organizations cannot take advantage of the benefits of
implemented business intelligence systems [5]. More than 70% of
business intelligence projects cannot bring the expected returns [1] or
result in little or no benefits for organizations [72]. To find the best
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way to use the value of business intelligence systems and succeed in
their implementation [69].

Individual and organizational acceptance is one of the main chal-
lenges in the successful implementation of business intelligence sys-
tems in organizations, which is very complex due to their human na-
ture and requires careful monitoring and control [65]. The acceptance
of users is crucial for the successful utilization of business intelligence
(BI) systems over an extended period. When users embrace BI and use
it consistently, it becomes compatible with other organizational pro-
cesses. Besides, BI can facilitate organizational change that leads to im-
provements in coordination and control processes. User acceptance is
fundamental to implementing information system projects as a whole
[14,24]. Specifically, user acceptance is critical when it comes to BI
systems [15,21,32,55,61,71]. Many researchers have talked about the
importance of organizational acceptance in the successful implementa-
tion of the business intelligence system in the organization. For example,
[6] have used the Technology Acceptance Model (TAM) method to ac-
cept business intelligence, [22] have used the exploratory approach to
conceptualize the acceptance of business intelligence, [39] has used mo-
tivation theory to analyze the two modes of routine use and innovative
use. have benefited [21] is also a mixed study with the aim of inves-
tigating the factors that affect the acceptance behavior in the field of
business intelligence. However, it is worth noting that, despite the ex-
tensive research on organizational acceptance of business intelligence
systems, so far no article has used system dynamics to analyze this phe-
nomenon. Therefore, this article aims to fill this research gap by using a
dynamic system method to analyze the organization’s acceptance of BI
systems.

System dynamics is a powerful approach that can help researchers
gain a deeper understanding of the complex interrelationships between
various factors influencing organizational acceptance. System dynamics
is an approach that enables researchers to model the complex interac-
tions between different factors [38] influencing organizational accep-
tance. By developing simulation models that capture the dynamic be-
havior of the system over time, researchers can identify the root causes
of problems and test different policies and strategies to improve user ac-
ceptance. By employing a system dynamics approach, researchers can
develop simulation models that capture the dynamic behavior of the sys-
tem over time, which can provide valuable insights into the long-term
consequences of different policies and strategies. Therefore, there is a
need for more research that utilizes system dynamics to investigate or-
ganizational adoption of business intelligence systems [52]. After stating
the generalities of the research and the statistics of the factors affecting
the successful implementation of business intelligence projects, this re-
search has drawn the cause-effect relationships of these factors based
on the opinions of experts and simulated the dynamic behavior of orga-
nizational acceptance in two traditional and self-service strategies and
based on The results of that analysis provide.

This article is divided into seven sections. In Section 2, we provide
an overview of existing literature on business intelligence and system
dynamics, including strategies for implementing business intelligence
systems, and review associated works. Section 3 discusses the research
methodology used in this study. In Section 4, we present our findings on
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the identification of factors that affect the implementation of business in-
telligence systems. We also showcase the results of our dynamic system
modeling and simulation of different scenarios. Section 5 is dedicated
to the Conclusion and Outlook of the Research. Section 6 is dedicated
to discussing the limitations of our study. While we have made every
effort to conduct a comprehensive study, it is possible that some factors
were not accounted for due to these limitations. Finally, in Section 7,
we outline future research directions that could build upon our work.

Research literature review
Business intelligence

The term business intelligence was first proposed in 1989 by the
Gartner Group. They introduced business intelligence as a set of con-
cepts and methods to develop business decisions through reality-based
systems [57]. Business intelligence includes all the processes of collect-
ing, storing, accessing, analyzing, and extracting quality information
or knowledge in different business fields [50]. A business intelligence
system enables employees and organizations to better understand their
business or market and make timely strategic decisions [47]. Business
intelligence is a concept that has evolved over time. In the beginning,
business intelligence was mainly focused on data analysis, but today it
also includes organizational processes and strategies because business
intelligence affects not only technology but also the organization that
applies business intelligence [54]. Business intelligence has also been
developed and used at different levels of the organization, from the
strategic level to the operational level, in order to make more decisions
based on data [2].

The importance of business intelligence lies in its ability to provide
organizations with valuable insights that can enhance their competitive-
ness and profitability [47]. BI can help organizations improve their oper-
ational efficiency, reduce costs, increase revenue, and identify new busi-
ness opportunities [46]. By having access to timely and accurate data,
organizations can make better decisions, mitigate risks, and respond to
changing market conditions more effectively. In today’s fast-paced and
data-driven business environment, companies that fail to leverage the
power of business intelligence risk falling behind their competitors and
missing out on growth opportunities [10].

System dynamics

System dynamics appeared in the late 1950s as a result of focusing
on the behavior of complex systems in a specific period [29]. The main
features of system dynamics simulation are feedback loops, state-flow
functions, and time delays which are used to model the nonlinearity of
systems’ behavior [60].

In system dynamics, when a set of variables are connected to each
other in a connected path, they form a feedback loop, which includes
positive feedback loops and negative feedback loops. Positive feedback
loops are circles in which if a factor is changed in one direction, the
circle reinforces the changes in that direction. Negative feedback loops
are circles that, if a factor is changed in one direction, the circle opposes

Fig. 1. Positive feedback loop (left) and negative feedback
loop (right) [9].
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changes in the factor in that direction [17]. Fig. 1 shows positive and
negative feedback loops.

In system dynamics, dynamic variables move through currents in
the system and accumulate in the state variable. A state variable calcu-
lates and reports the quantitative state of dynamic variables at any given
time [25]. Feedback loops and delays in system dynamics can simulate
a dynamic system, that is, if a change occurs at any point in the sys-
tem, it will lead to a chain reaction throughout the system [53]. System
dynamics allows for an iterative process of model-building, testing, and
refinement to gain insights into the behavior of the system over time [7].
The approach is widely used in various fields such as engineering, eco-
nomics, and management to understand and optimize the performance
of complex systems.

Compared to other methods such as Delphi, system dynamics has sev-
eral advantages. Firstly, it allows for the explicit modeling of feedback
loops, which are often present in complex systems but difficult to cap-
ture using traditional modeling approaches. Secondly, system dynamics
incorporates the concept of time delays, which can have significant im-
pacts on the behavior of the system over time. Thirdly, the iterative na-
ture of system dynamics modeling allows for continuous improvement
and refinement of the model based on new data or insights. Finally, sys-
tem dynamics provides a visual representation of the system, which can
facilitate communication and understanding among stakeholders with
varying levels of expertise.

The general process of system dynamics involves the following steps
[41,43,56]:

1 Identifying the problem: The first step in system dynamics is to iden-
tify the problem or issue that needs to be analyzed. This could be
something like a declining sales trend in a business or an increase in
unemployment in a community.

2 Building a conceptual model: Once the problem has been identified,
a conceptual model is built to represent the system being analyzed.
This model includes all the relevant variables, relationships between
variables, and feedback loops.

3 Quantifying the model: The next step is to quantify the conceptual
model by assigning numerical values to the variables and relation-
ships in the model. This allows for mathematical analysis of the sys-
tem and prediction of how it will behave over time.

4 Simulation and testing: After the model has been quantified, it is
simulated using computer software to test its behavior under differ-
ent conditions. This helps to identify the causes of the problem and
potential solutions.

5 Policy design and implementation: Based on the results of the simu-
lation, policy recommendations are developed to address the prob-
lem. These policies are implemented, and their impact is monitored
over time to assess their effectiveness.

Types of strategies in implementing business intelligence

In general, there are two methods and strategies for deploying busi-
ness intelligence in organizations. Implementation of business intel-
ligence in the traditional way and self-service business intelligence
[2,34,35], each of these two methods has its own characteristics:

Traditional BI implementation

Traditional Bl implementations follow a centralized approach, where
IT departments take complete control over the BI system development
process [26]. This implementation method involves various stages such
as data warehousing, ETL (Extract, Transform, Load), data modeling, re-
port generation, analysis, and distribution. These stages require special-
ized skills and expertise, which are generally available in the IT depart-
ment [3]. The following are some of the critical elements of traditional
BI implementation:

- Data Model Design: Traditional Bl implementation relies heavily on
the IT team to develop the data model. This is done by mapping the
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Table 1
Differences between traditional and self-service BIL.

Task Traditional BI Implementation Self-Service BI Implementation

Data Model Developed by IT team
ETL Done by IT team

Developed by End-users
Done by End-users

Report Gen. Done by IT team Done by End-users

Analysis Limited options for end-users Flexible options for end-users
Control Centralized Decentralized

Expertise Requires specialized skills No specialized skills required

business requirements to the data warehouse schema. The IT team
uses tools like ER diagrams and dimensional modeling techniques to
create the data model(David [13]).

- Data Extraction, Transformation, and Loading: Data extraction
involves collecting data from various sources and transforming them
into a standard format. The transformed data is then loaded into the
data warehouse. This process requires significant effort and expertise
[40].

- Report Generation: Once the data is ready, reports are generated
using specialized tools like Crystal Reports, Business Objects, or Cog-
nos [75]. The IT team creates custom reports based on the business
requirements, which can be published and distributed to end-users
[33].

- Analysis and Distribution: Traditional BI implementation involves
the creation of static reports that are distributed to end-users for
analysis. End-users have limited options to manipulate the data, and
any changes require IT involvement [20].

Self-service BI implementation

Self-Service BI implementation follows a decentralized approach,
where end-users have more control over the BI system development pro-
cess. Self-service BI provides end-users with more flexibility and agility
in accessing and analyzing data [36,49]. The following are some of the
critical elements of self-service BI implementation:

- Data Model Design: Self-service BI implementation allows end-
users to create their own data models using simple drag-and-drop
interfaces. End-users can create data models based on their business
requirements without any IT involvement [49].

- Data Extraction, Transformation, and Loading: Self-service BI im-
plementation allows end-users to collect data from various sources
and transform them into a standard format. This process does not
require any specialized skills or knowledge [4].

- Report Generation: Self-service BI implementation provides end-
users with tools like Tableau, QlikView, or PowerBI to create cus-
tom reports. These tools have user-friendly interfaces that allow end-
users to create reports based on their specific needs [16].

- Analysis and Distribution: Self-service BI implementation enables
end-users to analyze and manipulate data on their own. They can
create custom dashboards, drill-downs, and filters to explore data
in real time. End-users can share their findings with others using
interactive reports that can be accessed on any device [59].

Table 1 summarizes the differences between traditional and self-
service BI implementation methods:

Associated works

Nalchiger et al., in a research they conducted in 2014, presented an
approach based on systems dynamics modeling to support decisions and
choose the best alternative actions for the organization through the out-
puts of the business intelligence system. These researchers modeled the
results of the business intelligence system with the decision-making pro-
cess in the organization and actually presented a combination of busi-
ness intelligence and a decision support system [45].

Ain et al. also investigated the reason why organizations do not
achieve the benefits of implementing a business intelligence system and
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Table 2
Summary of related works.
Year Authors Subject Key Findings
2014 Nalchiger et al. Systems Dynamics Modeling and Business Systems dynamics modeling can support decision-making in organizations through business
Intelligence for Decision Support intelligence system outputs. Combination of BI and decision support system presented.
2019 Ain et al. Factors Affecting Adoption, Use and Effective factors related to the adoption, use and success of business intelligence identified
Success of Business Intelligence Systems through a systematic review of past research.
2020 Kumar & Krishnamoorthy Adoption of Business Analysis Systems in Data quality and human resource competencies are main challenges; technology assets and
India competitive pressure are driving factors for organizations to adopt business analytics systems.
2020 Miiller et al. Success Factors of Implementing Business Top management support, information technology infrastructure and system quality are of
Intelligence in Medium and Large highest importance for success of business intelligence systems in medium and large
Organizations organizations in food industry based on data analysis using structural equation modeling.
2021 Mehri Critical Success Factors of Business Information systems and data quality are most important factors among fourteen critical
Intelligence Projects in Public Sector success factors of business intelligence projects in public sector categorized into
organization, process and technology using hierarchical analysis.
2022 Fu et al. Important Factors Considered by Company information is most important factor when introducing a business intelligence

Companies to Introduce a Business

system in companies followed by system performance integrity, closeness to company’s

Intelligence System

strategy, license cost and technology maturity after analyzing vital factors using fuzzy

hierarchical analysis and VIKOR techniques.

using a systematic review of past research, provided comprehensive
knowledge about what has been stated in the field of acceptance, use,
and success of a business intelligence system. They say These researchers
reviewed 11 related articles and identified the effective factors related
to the adoption, use, and success of business intelligence [1].

Kumar and Krishnamoorthy have made the adoption of business
analysis systems the subject of their research and have studied the tech-
nological capabilities and adoption of business analysis systems in In-
dia. These two researchers obtained their data through semi-structured
interviews and came to the conclusion that data quality and human re-
source competencies are the main challenges to the adoption of business
analytics systems in India, and technology assets and competitive pres-
sure are the main driving factors for organizations to pay attention to
business analytics systems. are business analysis [31].

In another study, researchers have investigated the success factors
of implementing business intelligence systems in medium and large or-
ganizations. In this research, the researchers went to the food indus-
try and conducted their studies based on the data of 69 companies ac-
tive in this industry. These researchers used structural equation mod-
eling for data analysis based on which top management support, infor-
mation technology infrastructure, and system quality are of the high-
est importance for the success of business intelligence systems in this
industry [44].

Mebhri has also evaluated the critical success factors of business intel-
ligence projects in the public sector using hierarchical analysis. In this
article, he identified fourteen main factors and after dividing them into
three categories of organization, process, and technology, he prioritized
the factors using the opinions of nine experts in this field. According
to the findings of this project management researcher, information sys-
tems and data quality are the most important factors among the fourteen
critical success factors [42].

In their research, Fu et al. investigated the important factors con-
sidered by companies to introduce a business intelligence system. This
study has collected and analyzed the critical factors considered by com-
panies when introducing a business intelligence system. By studying the
research literature, these researchers have calculated all the vital factors
before, during, and after the introduction of the business intelligence
system and by using the two techniques of fuzzy hierarchical analysis
and VIKOR, four factors of system performance integrity, closeness to
the company’s strategy, license cost, and technology maturity. Company
information has been selected as the most important factor when intro-
ducing a business intelligence system in companies [18]. Overall, these
studies reveal that the successful adoption and implementation of BI sys-
tems depend on various factors such as organizational support, techno-
logical capabilities, data quality, and strategic alignment. The findings
of these studies can guide organizations in making informed decisions
about implementing BI systems to enhance decision-making processes

and improve overall business performance. Table 2 provides a summary
of related works:

Methodology

In terms of both purpose and methodology, this study is pragmatic
and falls under the category of survey research. Fig. 2 illustrates the ap-
proach taken in conducting the study. The simulation was conducted at a
granular level on the surface of the moon with a time horizon of 5 years.
This timeframe was determined based on expert opinion, as various fac-
tors within organizational environments often impact one another with
some lag time, resulting in delayed effects. System dynamics modeling
allows for incorporating such delays into the analysis [73].

In this study, we undertake a comprehensive process to identify the
factors that influence the implementation of business intelligence sys-
tems. This involves an extensive review of the subject literature and
previous studies to compile a list of potential factors. We present the
extracted factors to a panel of five experts who provide feedback and
confirmation on their relevance. To ensure the validity of the identified
factors, the selection criteria require approval from a minimum of three
out of the five experts present.

Following the determination of effective factors, close collaboration
between the research team and experts leads to the establishment of re-
lationships between these factors, as well as the initial values associated
with the exogenous factors for each of the implementation strategies.
We use this information to create a system dynamics model, which we
evaluate and simulate in both traditional and self-service strategies. In
the final stage of the research, we compare and analyze the simulation
results from both strategies.

Choosing a panel of five experts to provide feedback and confirma-
tion on the relevance of extracted factors is necessary for this study for
several reasons. Firstly, it ensures that multiple perspectives are con-
sidered when selecting the factors that influence the implementation
of business intelligence systems. With more people involved in the se-
lection process, there is a greater chance of identifying factors that may
have been overlooked by one person. Secondly, requiring approval from
a minimum of three out of the five experts present ensures the validity
of identified factors. This criterion provides a higher level of confidence
in the selected factors, as they have been evaluated and approved by
a majority of experts. Lastly, close collaboration between the research
team and the chosen experts enables the establishment of relationships
between the identified factors and the initial values associated with ex-
ogenous factors for each implementation strategy. This collaboration
facilitates a better understanding and interpretation of the data and
results. In turn, this improves the accuracy of the system dynamics
model created, which is essential for evaluating and simulating both
traditional and self-service strategies.
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Fig. 2. Research model.

Table 3
Profile of experts.

gender position education work experience Organization size
Female  Head of BI Department Masters 16 years More than 2000
Man Data engineering team manager P.H.D 6 years More than 400
Man BI project manager Masters 5 years More than 500
Man technical manager Masters 18 years More than 200
Female  BI specialist PhD candidate 5 years Different

It is worth noting that additional information about the participat-
ing experts can be found in Table 3, providing further insight into their
contributions towards the identification of the factors affecting the im-
plementation of business intelligence systems.

Result
Identifying factors affecting the implementation of BI

Many researchers [1,14,19] have tried to identify factors af-
fecting the implementation of business intelligence systems.

The set of indicators available in the literature is described in
Table 4:

Evaluation and selection of factors by experts

Since the high number of factors affecting the implementation of
business intelligence, which leads to the high complexity of the dynamic
model, the list of factors in the form of a questionnaire was presented to
five research experts to select the main factors affecting the implemen-
tation of the business intelligence system, and it was established that if
at least three The effect of the factor has been confirmed and that factor
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Table 4

List of factors affecting the implementation of business intelligence.
Factors References Factors References Factors References Factors References
Project 1,2,3,4 Domain knowledge of BI 2,3 Project leadership power 4 Service quality 1,2,4
Management Skills team
Net Benefits 1,2,3,4 Ability to manage change 1,2,3,4 External environment 4 Ease of use of the system 1
User participation 1,2,3,4 Communication strength 2,3 Technical readiness of BI 4 User satisfaction 2,3, 4

of the BI team
Timely response 1 System integrity 1,2,3,4 Third-Party Interactions 3,4 Intention To Use 1
Data quality 1,4 Hope for performance 3,4 Developer Skills 4 Technology Experience 1
Ease of use 1,24 Organizational Learning 2,4 Development Approach 2,4 Attitude Towards Change 1
Training users 2,4 BI system maturity 2,3, 4 Organizational Structure 2,4 Trust 2,4
Top management 1,4 Data maturity of the 3,4 Organizational Competence 2,4 User Expectations 2,4
commitment organization
IT Infrastructure 1,2,4 Manager’s social 1,2 Organizational Size 4 Subjective Norms 2,3, 4
influence

System quality 1,2 Organization acceptance 2,3,4 Organizational Culture 1,2,4 Teamwork & composition 5
Access to Definition of clear vision 2,3 Competency Development 4 Management support 1,2,3,4
organization data
Ability to integrate 1 Fear of losing 2,3,4 Human Resources 1 Knowledge and technical 2,4

with other systems
1: [19], 2: [1], 3: [14], 4: [65]

organizational status

capabilities of the BI team

Table 5
Factors selected by experts.

Table 6
boundary of the model.

IT Infrastructure

Ability to integrate with other systems
Hope for performance

Organizational Learning

BI system maturity

Data maturity of the organization
Project management ability

Ability to manage change
Communication strength of the BI team
Organization acceptance

Domain knowledge of BI team

Fear of losing organizational status
Manager’s Social influence
Organization size

Definition of clear vision

Top management commitment
Ease of use of the system

User participation

Training users

Data quality

Access to organization data
System quality

Timely response

System integrity

Management support
Knowledge and technical capabilities
of the BI team

should be presented in the model. The result of the selection of experts
is described in Table 5:

Identification of exogenous and endogenous factors

In the field of economics and social sciences, it is essential to under-
stand the dynamics of a system and how different variables interact with
each other [64]. In this context, three categories of variables are often
used to analyze and model complex systems: endogenous, exogenous,
and omitted variables [58,62].

- Endogenous variables are those that are within the system being ana-
lyzed and are influenced by other variables within that same system.
These variables are typically the focus of the analysis, as they rep-
resent the dependent or outcome variable(s) of interest. These vari-
ables are important because they help us understand how changes
in one part of the system can affect other parts of the system [43].

- Exogenous variables, on the other hand, are external to the system
being analyzed and are not influenced by other variables within that
same system. Instead, these variables are typically considered to be
independent or causal factors that affect the behavior of the endoge-
nous variables. These variables are important because they help us
understand the broader context in which the system operates and
how it might be affected by external forces [66].

- Finally, there are omitted variables, which are simply those that are
not included in the analysis of the system. These variables may be
relevant to the behavior of the system, but for various reasons (such
as lack of data or the complexity of the system) they are not consid-
ered in the analysis [62].

Endogenous variable

Exogenous variable

Omitted variables

User participation
Organization acceptance
Data quality

Ease of use of the system
Access to organization
data

IT Infrastructure

System quality

Knowledge and technical
capabilities of the BI
team

Domain knowledge of BI
team

Communication strength
of the BI team

Fear of losing

Organization size
Organizational Learning
Hope for performance
Ability to integrate with
other systems

BI system maturity
Ability to manage change
Project management

Training users organizational status ability

Timely response Data maturity of the
System integrity organization
Management support Manager’s Social
Top management influence

commitment
Definition of clear vision

Complex dynamic systems can be effectively analyzed and predicted
by understanding the role of these different types of variables [11]. By
carefully considering the relationships between endogenous and exoge-
nous variables, and striving to identify any potentially relevant omitted
variables, analysts can gain a deeper understanding of how the system
works and make more accurate predictions about its future behavior
[43].

Table 6 shows the boundary diagram of the research. Endogenous
factors are factors whose behavior changes in the model according to
other variables. Exogenous factors are factors that are not affected by
other variables and their behavior is not affected by the model. The
reason for leaving out some factors is to prevent the enlargement of the
model and based on the opinions of experts.

Causal loop diagram

System dynamics models have a crucial feature in feedback loops
where positive feedback loops are referred to as reinforcing, symbol-
ized by + or R, and negative feedback loops are called balancing, and
represented by - or B. This is because positive loops amplify changes
while negative loops self-correct.

Fig. 3 ’s cause-effect diagram displays the connections between the
factors listed in Table 6 and their respective positive or negative impacts
on each other.
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Fig. 3. Cause and effect diagram.

Stock-flow diagram

The flow diagram of the model highly relies on stock and flow vari-
ables.

Fig. 4 illustrates the prepared stock-flow diagram for the problem,
based on the determined cause-and-effect diagram and five expert opin-
ions. Stocks are depicted as rectangles while streams take on the form
of arrows entering or leaving the stocks. In system dynamics modeling,
stock and flow concepts are fundamental, with all system equations be-
ing written based on these concepts. Stocks denote the state of the sys-
tem at a specific time and possess properties of aggregation [8]. Their
values can increase or decrease through input and output currents, with
the stock value obtained from the difference between the two. The re-
maining variables are covariates that impact not only each other (blue
arrows) but also flows and stock.

Formulas were assigned to each variable using the problem
flowchart. At this point, expert opinions served as the determining fac-
tor. In the initial stage, experts’ views were consulted to determine the
state variables’ values and their rates, based on current Iranian orga-
nization conditions. Closed interviews were conducted to gather these
opinions, and Table 7 displays the average results of these sessions.

Validation of the model

The model’s validation is a prerequisite for utilizing and analyzing
the results, as failure to verify its accuracy renders it unusable. In this
research, validation is determined through a sentiment analysis test in-
volving variable modifications. Specifically, Fig. 5 depicts changes in
the "Fear of Losing Organizational Position" variable, revealing that or-

Table 7
Default conditions considered for exogenous variables based on experts’ opinion.

The initial numerical value is
considered according to the opinion

Variable of experts
name

Self-service Traditional
Technical knowledge of the BI team 0.8 1
Domain knowledge of the BI team 0.9 0.6
Communication strength of the Bl team 0.8 0.4
Fear of losing position 0.3 0.8

ganizational acceptance decreases significantly when fear is quadrupled
(blue line). This natural behavior in the model serves as evidence of its
validity.

Results of model execution

Once the model is validated through sensitivity testing, it becomes
reliable for analysis following implementation. The system’s dynamics
are taken into account during the model’s implementation, with a focus
on the positive and negative interactions between all factors involved.
Fig. 6 depicts the results of implementing the model in both traditional
and self-service strategies. The model operates over a five-year time
horizon and at the monthly level of granularity.

As it is clear from Fig. 6, the behavior of the organizational accep-
tance variable in traditional and self-service strategies is very close to
each other and the direction of the numbers of this variable in each of
the months is shown in Table 8.
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Fig. 5. Diagram of sensitivity analysis of organizational acceptance behavior
with changes in the variable of fear of losing organizational position.

As it is clear from Fig. 5 and its values in Table 8., the amount of
organizational acceptance variable was the same until the twenty-fifth
month from the start of project implementation in both traditional and
self-service strategies, but after that, the distance between these two
strategies increased significantly. He found that the self-service strategy
in the 60th month attracted 30% more organizational acceptance than
the traditional strategy and is actually more successful.

Organization acceptance

(351

Time (Month)

self-service

——  Traditional

Fig. 6. The variable behavior of organizational acceptance in traditional strate-
gies (red) and self-service (blue).

Check the scenarios

Based on the initial results of the simulation of the two strategies,
the self-service strategy has been more successful in attracting organi-
zational acceptance and has overtaken the traditional strategy. How-
ever, many IT organizations use this strategy to implement and develop
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Table 8
The amount of changes in organizational acceptance variable in traditional and self-service strategies.
Month Self-service ~ Traditional Month Self-service ~ Traditional =~ Month Self-service  Traditional
1 0.0000 0.0000 21 0.0060 0.0056 41 0.1460 0.1117
2 0.0001 0.0001 22 0.0071 0.0066 42 0.1694 0.1296
3 0.0001 0.0001 23 0.0083 0.0076 43 0.1966 0.1503
4 0.0002 0.0002 24 0.0097 0.0089 44 0.2282 0.1744
5 0.0003 0.0002 25 0.0113 0.0103 45 0.2648 0.2023
6 0.0004 0.0003 26 0.0132 0.0120 46 0.3073 0.2346
7 0.0005 0.0004 27 0.0153 0.0140 47 0.3566 0.2722
8 0.0007 0.0005 28 0.0179 0.0162 48 0.4138 0.3157
9 0.0009 0.0007 29 0.0208 0.0188 49 0.4802 0.3663
10 0.0011 0.0009 30 0.0242 0.0218 50 0.5572 0.4249
11 0.0013 0.0010 31 0.0281 0.0253 51 0.6465 0.4929
12 0.0016 0.0013 32 0.0327 0.0294 52 0.7501 0.5718
13 0.0019 0.0015 33 0.0380 0.0341 53 0.8704 0.6633
14 0.0022 0.0018 34 0.0442 0.0395 54 1.0099 0.7695
15 0.0027 0.0022 35 0.0513 0.0459 55 1.1717 0.8927
16 0.0032 0.0025 36 0.0596 0.0532 56 1.3595 1.0356
17 0.0037 0.0030 37 0.0692 0.0617 57 1.5773 1.2014
18 0.0044 0.0035 38 0.0804 0.0716 58 1.8301 1.3938
19 0.0052 0.0041 39 0.0933 0.0830 59 2.1233 1.6170
20 0.0060 0.0048 40 0.1083 0.0963 60 2.4635 1.8759
Organization acceptance Organization acceptance
3 3
4 ')
2 2
1
1
0
0 - 0 10 20
0 10 20 30 40 50 60

Time (Month)

Traditional - with training self-service

Traditional

Fig.7. Changing behavior of organizational acceptance with increasing domain
knowledge.

their business intelligence system. For this reason, in this section, based
on the opinions of experts, several scenarios for changes in the initial
conditions of the model are discussed:

First scenario: acquisition of domain knowledge

According to the opinion of experts, one of the main shortcomings
of the traditional method is the lack of sufficient Domain knowledge
in the technical unit (business intelligence) regarding the activity of the
unit requesting the dashboard and business intelligence system. To solve
this shortcoming, experts suggest the solution of participating in training
courses to acquire Domain knowledge of the system applicant. Accord-
ing to experts, this method increases people’s knowledge by 20%. The
results of this scenario are shown in Fig. 7.

Based on the results obtained from the implementation of the model
in this scenario (blue line), the improvement of this situation com-
pared to before after 60 months of project implementation is 11%,
which makes the distance between traditional implementation and au-
tonomous implementation reduced to 20%. And the traditional method
will be more successful to gain organizational acceptance.

The second scenario: acquiring domain knowledge along with
increasing companionship

Another scenario that was suggested by the experts is to increase co-
operation with the requesting team (or the team for which the system is

Time (Month)

Traditional - with training + accompaniment
Traditional
self-service

Fig. 8. Organizational acceptance variable behavior with increasing domain
knowledge along with companionship.

developed). One of the serious challenges in the implementation of the
business intelligence system is the failure of experts to accompany it due
to the fear of losing their position and organizational position. In this
case, experts resist using the system by citing reasons such as business
intelligence being useless, technical problems of having the system, in-
ability to use the system, etc. Experts have recommended the solution of
holding briefing meetings with the manager of the relevant team or the
direct technical manager and have stated that this method will improve
resistance by 25%. If these conditions are established together with the
past scenario and the acquisition of domain knowledge of the team, the
results of Fig. 8 will be created.

Based on the results of this scenario (blue line), the amount of gain-
ing organizational acceptance in this scenario has improved by 19%
compared to the initial state, and in this case, the difference between
the traditional strategy and the self-service strategy in gaining organi-
zational acceptance is 11%. has reduced.

Third scenario: acquiring domain knowledge along with acquir-
ing soft skills

Another challenge mentioned by the experts, who have emphasized
it, is the lack of communication skills in the dashboards development
team, so these people have a major problem in fully delivering the
system to the requester and also responding to their problems, which
leads to challenges in the project. becomes Experts have stated the
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Fig. 9. Changing behavior of organizational acceptance with increasing domain
knowledge and increasing communication skills.

reason for this issue is the basic reliance of the business intelligence
system development team on technical issues and lack of attention to
soft skills. The solution provided by the experts to reduce this prob-
lem is holding soft skills and negotiation art courses for the develop-
ment team. Experts have acknowledged that the effect of these courses
(if held as a workshop and problem-oriented) improves conditions by
50%. In this scenario, the changes in the model will be as shown in
Fig. 9.

In this scenario (blue line), organizational acceptance has experi-
enced a 17% growth compared to the initial state of the traditional strat-
egy, and this scenario reduces its distance from the self-service strategy
to 13%.

Discuss results

The results of the model execution show that implementing the self-
service strategy leads to higher levels of organizational acceptance com-
pared to the traditional approach. The model operates over a five-year
period at a monthly level of granularity, and it is evident from Fig. 6 and
Table 8 that the organizational acceptance variable in both strategies
was similar until the twenty-fifth month, after which the distance be-
tween the two increased significantly. Specifically, the self-service strat-
egy attracted 30% more organizational acceptance than the traditional
method and proved more successful overall.

However, to check the validity of the initial results, several scenarios
were discussed based on expert opinions. The first scenario suggested ac-
quiring domain knowledge, and the results showed an improvement of
11% in gaining organizational acceptance compared to the initial state,
reducing the difference between the traditional and self-service strate-
gies to 20%. The second scenario involved increasing cooperation with
the requesting team, which improved resistance by 25%, and combining
this with the acquisition of domain knowledge resulted in a further in-
crease in gaining organizational acceptance by 19% compared to the ini-
tial state. The third scenario recommended acquiring soft skills through
workshops and problem-oriented training, resulting in a 17% growth in
organizational acceptance compared to the initial state of the traditional
strategy, which reduced its difference from the self-service strategy to
13%.

Overall, these scenarios suggest that while the self-service strategy
initially appeared more successful, there are ways to improve the tradi-
tional approach and make it more competitive. By addressing the lack
of domain knowledge, increasing cooperation with the requesting team,
and developing soft skills in the development team, organizations can
increase their chances of successful implementation and gain organiza-
tional acceptance for their business intelligence systems.
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Conclusion and outlook of research

The purpose of this research was to investigate the impact of busi-
ness intelligence system implementation strategies in IT organizations
on organizational acceptance. The study identified effective factors in
the implementation of business intelligence systems through expert con-
sultation and created a dynamic model to simulate the self-service and
traditional approaches. The results showed that the self-service strat-
egy led to higher levels of organizational acceptance compared to the
traditional approach, with a difference of 30%.

To validate the initial results, three scenarios were proposed by ex-
perts: acquiring domain knowledge, increasing cooperation with the
requesting team, and developing soft skills in the development team.
These scenarios showed that the traditional approach can become more
competitive and gain more organizational acceptance by addressing the
lack of domain knowledge, improving cooperation with the requesting
team, and developing soft skills in the development team. Each scenario
resulted in an increase in organizational acceptance by 17-25% com-
pared to the initial state of the traditional strategy.

This research emphasizes the importance of considering different im-
plementation strategies for business intelligence systems and highlights
the potential benefits of utilizing a dynamic model to simulate and im-
prove these strategies. By implementing the recommendations from this
study, organizations can increase their chances of successful implemen-
tation and gain more support for their business intelligence systems. The
system dynamics tool provides researchers with the possibility of mod-
eling and simulating complex peripheral phenomena, leading to more
logical and accurate decisions based on the results. Thus, this study cre-
ates a framework for future research in the area of business intelligence
system implementation strategies.

Limitations of the study

There are a few limitations to this study that should be acknowl-
edged. First, the research is based on interviews with only five BI ex-
perts. While their opinions and insights were valuable, they may not
represent the full range of perspectives on BI implementation strategies.
Future research could expand the sample size to include a broader range
of stakeholders, including IT managers, business analysts, and end-users.

Second, the simulation model used in this study is based on certain
assumptions about the behavior of users and the organization over time.
The accuracy of the model depends on the validity of these assump-
tions, which may not always hold in real-world settings. Future research
could use alternative modeling approaches or validate the assumptions
through field studies or experiments.

Third, this study focuses exclusively on organizational acceptance as
an outcome variable. Other important outcomes of BI implementation,
such as user satisfaction, system performance, and business impact, were
not considered. Future research could examine these additional out-
comes and explore the relationships between them and organizational
acceptance.

Future research directions

This study provides a foundation for future research in the area of BI
implementation strategies. One potential direction for future research is
to investigate the role of data quality and data governance in BI adop-
tion. Data quality and governance are critical factors that can directly
affect the usefulness and reliability of BI systems. Understanding how
these factors interact with implementation strategies and organizational
acceptance can provide valuable insights for improving BI adoption.

Another direction for future research is to explore the impact of orga-
nizational culture on BI implementation success. Organizational culture
can shape attitudes and behaviors toward BI adoption, and understand-
ing its role can help organizations develop more effective implementa-
tion strategies. Future research could examine the relationship between
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organizational culture, implementation strategies, and organizational
acceptance.

Finally, future research could further explore the potential benefits of
using system dynamics modeling in the context of BI implementation.
System dynamics can enable researchers to capture the complexity of
organizational processes and interactions and simulate different scenar-
ios to test and refine implementation strategies. Further research could
investigate the effectiveness of system dynamics modeling in other con-
texts and explore ways to enhance its accuracy and validity.
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