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Abstract— A maturity model, is a tool that can be applied to assess the “As-is” situation regarding specific dimensions. Inherent to the growing business-related data creation and storage in many enterprises, data analytics plays a challenging key role in business success. The more an organization is data dependent, the more the data analysis maturity model is crucial. In this paper, we review data analysis maturity models and propose an easy-to-use data analysis maturity model with tools to assess maturity level. As a case study, the proposed model has been successfully applied to a financial/banking enterprise, in which data analysis is crucial and can gain deeper insights into business operations, improve decision-making processes, manage risks more effectively, and ultimately drive better financial performance. The proposed model is beneficial to be used for any enterprise, especially data-driven ones whose data analysis enhances their competency.
Keywords- maturity; data; analysis; fintech; banking.



Introduction 
Data analytics is emerging as a force that drives dramatic changes in our daily lives, the workplace, and human relationships, which in turn drives the digital economy at all levels and offer new, previously-unavailable opportunities [1]. A mature data analytics culture allows organizations to put data to effective use in making business decisions [2, 3]. Organizations tend to measure and evaluate the effectiveness of their actions to allow for their business processes to be optimized based on "collected data" and not based on guesses, gut feelings, or hunches. Few organizations have shown sufficient analytical capabilities that meet their current requirements, including infrastructure, human resources, as well as skills in their effective management [4]. In addition, few organizations can estimate their capabilities of data analytics and answer the question of how to increase the effectiveness of business processes based on data analytics. Therefore, an increasing number of organizations are looking for ways to assess their data analytics maturity to recognize their need to boost their data analytics capabilities which consequently enhance the organization competencies in the market.
Data-driven businesses have a higher output and productivity than similar organizations not utilizing data-driven processes. Banking is a sector in which data and data analytics are key success factors. Unsurprisingly, 71 percent of banking firms have directly reported that by using big data they achieved a competitive advantage- each often finding a slightly different angle to the data application [5]. Data analysis greatly impacts the performance of banks and financial institutions in several ways, including making better decisions on pricing, profitability, risk management, regulation compliance, and overall business strategy. By analyzing data on asset and liability maturity, banks can make informed decisions about which products to offer, which to prioritize, and how to manage their balance sheet to optimize returns and manage risks. Furthermore, Data analysis can help banks and financial institutions identify potential risks associated with maturity mismatches between assets and liabilities, allowing them to adjust their balance sheets accordingly. By monitoring the maturity profile of their assets and liabilities, institutions can better understand their cash flow and liquidity risks and make more informed decisions about managing those risks. A high level of data analysis maturity can help banks and financial institutions improve their operational efficiency. 
Analytic maturity models have several strengths and weaknesses that affect their effectiveness and applicability in organizations. They provide a structured approach to assess an organization's current state of data management and analytics capabilities, allowing them to benchmark their progress against industry standards [6]. Furthermore, these models serve as a roadmap for organizations to follow as they progress through various stages of maturity, guiding their transformation process and helping them identify areas for improvement. Good maturity models include a wide range of indicators and dimensions, providing a thorough assessment of an organization's analytics capabilities, and because of that Maturity models can generate analytic insights, highlighting areas of disparity and imbalances, which are as important as overall maturity scores.
On the other hand, it should be mentioned that the transition between stages in maturity models is often gradual, and organizations may find it challenging to pinpoint their exact position within the model. Furthermore, maturity models may not account for the unique characteristics and needs of individual organizations, potentially limiting their applicability in some cases. But some factors are contributing to the successful implementation of a maturity model:
1. Customization: Adapting the maturity model to the specific needs and context of the organization can enhance its effectiveness and applicability.
2. Involvement of stakeholders: Engaging key stakeholders, such as management and analytics teams, in the assessment process can help ensure buy-in and support for the model's implementation.
3. Continuous monitoring and evaluation: Regularly assessing the organization's progress and adjusting the model as needed can help maintain its relevance and effectiveness
By leveraging data analysis to gain a better understanding of the customer's needs and preferences, the proposed maturity model in this paper helps banks and financial institutions tailor their products and services to meet the customers’ needs more effectively. This can help improve customer satisfaction and retention, ultimately leading to improved financial performance.
In the rest of this paper, first, we overview the literature in Section II and then introduce famous models in the field of measuring the maturity of data analysis of organizations in Section III. Then we introduce the main criteria to compare these models and compare them in Section IV. Based on these comparing criteria, we choose a model that best suits banks’ needs for data analytics, the BDO maturity model. In Section V, we introduce an assessment method that has been compiled according to the dimensions measured in the selected model using a questionnaire. The purpose of this questionnaire is to analyze the current state of data analysis maturity for the bank's self-evaluation. As a case study, the questionnaire was filled out from August 15, 2022, to September 15, 2022, by about 90 assistant managers and expert employees of an Iranian bank. The results of this case are summarized and analyzed in Section VI. Finally, section VII concludes the paper.
Literature Review
The concept of maturity models originated with the introduction of the quality management process maturity grid by Philip B. Crosby in 1979. This grid categorized best practices along five maturity stages and six measurement categories [7]. The idea of maturity models further evolved with the development of the Capability Maturity Model (CMM) by Carnegie Mellon Institute in the late 1980s and early 1990s, which was designed to measure software development capabilities. Since then, various maturity models have been developed to assess different aspects of organizational maturity across multiple industries.
The evolution of analytic maturity models over time is not explicitly discussed in the search results. However, it can be inferred that the number of analytics maturity models has increased over time, with new models being developed and personalized for specific sectors or businesses [6].
Maturity models have been widely used in various fields, including healthcare, business process excellence, digital transformation, and enterprise management, to assess and improve organizational capabilities and performance. A study by Becker et al. (2009) highlights the importance of developing maturity models for IT management in healthcare organizations [8]. In the field of business process excellence, several maturity models have been proposed, such as Bessant's continuous improvement capability model, CMM, and Capability Maturity Model Integration (CMMI) [9]. However, the use of these models in practice is limited due to challenges such as the scarcity of empirical works confirming their validity and usefulness, limited prescriptive properties, and the lack of a clear distinction between the maturity model and the assessment model [10] Digital maturity models have also been the subject of papers with the aim of building models to assess the digital maturity of service provider companies in Colombia [8]. Berghaus et al. [11] presented a digital maturity and transformation report, which provides insights into the digital maturity of organizations and their readiness for digital transformation.
Enterprise maturity models have been investigated through systematic literature reviews, focusing on assessment models for classifying maturity levels and the development of the research area [12]. A study by De Bruin et al. (2005) discusses the main phases of developing a maturity assessment model, providing a framework for organizations to evaluate their maturity levels and identify areas for improvement [8].
Data maturity is a key factor in successful digital transformation and is especially important for financial institutions due to regulation and the need for well-controlled, well-managed, well-governed, and secure data. A survey of maturity models in data management investigates maturity models that are either for or related to data [13]. These studies show that a Data analytics maturity model is a useful tool for financial institutions to identify gaps in their analytics environment and improve their analytics effectiveness. another study proposed a maturity model for assessing the maturity of Industry 4.0 in the banking sector [14]. The proposed model consists of five maturity levels: Initial, Managed, Defined, Established, and Digital Oriented. The maturity of the bank was assessed based on the proposed model [15]. 
The authors in [6] provide an overview of maturity assessment models, categorize them based on their properties and applications using a multivocal literature review as the research method, and highlight the need for further empirical research.
In [16] authors propose a data analytics maturity model specifically designed for Hospitals Information Systems (HIS) in the healthcare domain. The model includes six stages of HIS growth and maturity progression, which can help identify the strengths and weaknesses of HIS maturity related to data analytics and provide a way for improvement and evolution.
In the next section we provide a comprehensive comparison between analytical maturity models.
Maturity Models 
This section overviews, analyzes, and compares the analytical maturity models. After reviewing the literature, 11 superior analysis maturity models are investigated in this section. Although good descriptions of an organization's data analytics maturity levels are available for all models, in most cases, there is no publicly available detailed description of the assessment process or the criteria for assessing an organization’s maturity level of analysis. The selected analytical maturity models have been described in a way that their application is possible in the independent assessment of the analytical maturity of organizations, including banks.
After reviewing these models, a comprehensive comparison was made regarding the coverage these models have on the dimensions or elements of maturity. The result of this comparison is choosing one of the methods and improving that model using other models. These 11 analytical maturity models are, in alphabetical order:
APMM: Analytical Processes Maturity Model,
AMQ: Analysis Maturity Quotient Framework
BDO Maturity Model,
Blast Analytical Maturity Assessment Framework,
DAMM: Data Analysis Maturity Model for Associations,
Delta Plus model,
Gartner maturity model for data,
Logi Analytics Maturity Model,
SAS Analytics Maturity Model,
TDWI (Transforming Data With Intelligence) Analytics Maturity Model, and
WAMM: Web Analytics Maturity Model.
Some of the above-mentioned methods consider themselves to be frameworks while others introduce themselves as models. In the following, the terms model and framework may sometimes be used interchangeably as a result of this difference in the subject literature. 
APMM 
The APMM model is a framework for evaluating the analytical maturity of an organization. This framework is based on several fundamental concepts: analytical models, analytical infrastructure, and analytical operations [17]. APMM is broadly based on the Capability Maturity Model [18], which is the basis for measuring the maturity of software development processes. The model identifies analytics-related processes in six key process areas: 1) building analytics models, 2) deploying analytics models, 3) managing and operating analytics infrastructure, 4) protecting analytics assets through proper policies and procedures, 5) implementing an analytical governance structure, and 6) identifying analytical opportunities, making decisions, and allocating resources. Based on the maturity of these processes, APMM divides organizations into five maturity levels:
1. organizations that can create reports,
2. organizations that can build models and put them to proper use,
3. organizations that have repeatable processes for building and deploying analytics, 
4. organizations that have the same processes at the organizational level for analysis,
5. organizations whose analysis is based on strategy.
AMQ
The Analysis Maturity Quotient is based on the evaluation of the following parameters [6]:
· Data quality: Poor data quality can significantly impede an organization's capacity to gain insights into customer behavior through data. Therefore, the accuracy and reliability of data serve as the fundamental basis for any analytical analysis.
· Data-driven leadership: Effective leaders leverage data not only to support or challenge their assumptions about business opportunities but also to gain new insights and knowledge regardless of their preconceived beliefs.
· Skilled personnel: Individuals with the necessary analytical and technical expertise for data analysis, as well as strong interpersonal and business skills, are crucial for advancing an organization's data maturity.
· Data-driven decision-making: Data should be integrated into the decision-making process to drive informed and evidence-based decision-making.
· And infrastructure.
BDO
The BDO Analytics Maturity Model [19] is a maturity model developed by the services firm BDO to help organizations assess their analytical maturity and identify areas for improvement. According to the BDO framework, an organization is in one of the five maturity levels of data analysis where each level has its requirements. The BDO framework introduces a method for evaluating the maturity of data analysis at each level in six dimensions: 
1. Human resource
2. Skill 
3. Architecture 
4. Data analysis 
5. Artificial intelligence 
6. ROI (Return on Investment)
Blast
The Blast framework [20] tests the following six key process areas and success factor dimensions [20]: 1) strategy, 2) governance, 3) data management, 4) insight, 5) evolution, and 6) resources. Blast is based on the OAMM online analytics maturity model developed by Hamel [6].
 In each assessment dimension of Blast, 1 to 6 points are awarded, which allows the organization to be placed in one of the 5 maturity stages of Laggard, Follower, Competitor, Leader, and Innovator. Analytical maturity assessment in this method includes a survey among employees that is conducted at three-month intervals. This provides an opportunity to assess real-world conditions and progress in implementing data analysis. The Blast framework provides a strategic roadmap for creating an analytical development strategy considering current conditions. This strategy provides the basis for an action plan that ensures the achievement of the organization's goals.
DAMM
Although data is a critical component of the analysis, utilizing it effectively, particularly in the associations can be challenging. To address this challenge, the DAMM model was developed by Association Analytics (A2) as a tool to support analytical maturity assessments for associations and nonprofit organizations. This model evaluates an organization's analytical maturity across four key elements of data analysis: organization and culture, architecture/technology, data governance, and strategic alignment. By assessing an organization's performance in these dimensions, the DAMM model places it into one of the five analytical maturity stages Learning, Planning, Building, Applying, and Leading.
The DAMM model identifies five areas where an organization can improve its analytical maturity:
1. Democratizing data by making it easily accessible and useful to everyone in the organization.
2. Instilling a culture of analysis, especially by hiring business leaders who value data and can form a core analysis team to develop an electronic data strategy.
3. Developing well-defined key performance indicators (KPIs).
4. Creating a central repository that includes all key data sources.
5. Implementing a data governance program to ensure the active use of data in the decision-making process.
DeltaPlus
The DeltaPlus model is a framework developed by the International Institute for Analytics (IIA) that assesses an organization's capacity for organizational analytics [21]. It provides a structured approach for evaluating an organization's analytical maturity and identifying areas for improvement. 
The DeltaPlus model measures an organization's analytical maturity across five components [2]: D for Data, E for Enterprise's focus on analytics management, L for analytics Leadership, T for strategic Targets, and A for Analysts. Each of these components has specific sub-components that are evaluated to determine an organization's level of analytical maturity. By assessing an organization's capabilities across these components, the DeltaPlus model provides a comprehensive view of an organization's analytical maturity and identifies specific areas for improvement.
The analysis maturity rating in the DeltaPlus model is in the form of a score that is awarded on a scale from 1.00 to 5.99 points. Each score represents a specific stage of analytics maturity.
Gartner
The Gartner maturity model is a framework developed by the technology research and advisory firm, Gartner, to assess and evaluate an organization's capabilities and level of maturity in a particular area, such as IT governance, data management, or project management. The model is intended to help organizations identify their strengths and weaknesses and provide a roadmap for improving their capabilities over time.
The Gartner maturity model typically consists of a set of levels that organizations can progress through as they improve their capabilities. The number of levels may vary depending on the specific model and the area being evaluated, but in general, they tend to follow a similar structure. The levels often include:
1. Basic (Level 1): Data is not being fully utilized and analysis is conducted in silos. The accuracy of data is often debated, and analysis is performed on an ad-hoc basis using tools like spreadsheets.
2. Opportunistic (Level 2): IT teams try to communicate information availability requirements, but conflicting motivations among different parts of the organization create obstacles. Lack of leadership and a limited strategy hinder progress towards better data quality.
3. Systematic (Level 3): Different types of data are now treated uniformly, and the organization has a clear strategy and vision. Agile methods have been adopted and external data sources are integrated easily. Business managers have become responsible for data analysis.
4. Differentiated (Level 4): The organization is driven by data-focused leadership and has a Chief Data Officer who drives innovation. The focus is on return on investment from data analysis.
5. Transformational (Level 5): Analytics is central to the business strategy and decisions. Data value is a key consideration in investments, and strategy and execution are aligned and continuously improved. The SVP of data provides an external perspective.
Interestingly, Gartner's four-stage model of data analytics maturity can help both assess the current state of IT business analytics systems and indicate an optimal path forward. The four stages are:
1. Descriptive analytics: can tell you what's going on in your organization. 
2. Diagnostic analysis: can tell you why this is happening. 
3. Predictive analytics: can tell you what is going to happen or what will happen. 
4. Prescriptive analytics: can tell you what to do about it.
Logi
The best way to make analytics a natural part of everyday work is to integrate it with business applications. The Logi Maturity Model developed by Logi Analytics provides a roadmap for organizations to assess their current analytics capabilities and identify areas for improvement, as well as a framework for setting goals and tracking progress over time considering the applications.  In the Logi Maturity Model, it is assumed that the more complex opportunities for data analysis are created in the structure of the applications used daily, the greater the use of analytics in everyday work. The Logi Maturity Model referred to as LAMM in some sources, has five levels of analytics maturity and also provides a self-assessment tool [22]:
1. At Level 0, also known as a stand-alone analysis, primary applications exchange data with a separate analysis application. This means that end-users have to rely on independent solutions to analyze their data.
2. At Level 1, also called Bolt-On, the addition of security integration allows for analytics logging. However, users still need to switch between applications.
3. At Level 2, or Inline, the integration of the user interface enables the co-presentation of analytics functions with core application content and functionality. This allows companies to embed business intelligence within their existing application; although they still face certain limitations.
4. At Level 3, or infused, the inclusion of workflows enables interaction between analytics and primary applications.
5. At Level 4, also known as Genius, self-service analysis is built into the application. This is particularly interesting because it supports unanticipated usage in an integrated environment. With built-in self-service capabilities, users can ask new questions about their data and explore their ideas. Companies have numerous opportunities for competitive differentiation, and their applications can deliver new business value.
SAS
The SAS analysis maturity score of an organization is prepared based on the analysis performed in four dimensions: 
1. Culture: Decision makers' use of data and analysis 
2. Internal process readiness 
3. Analytical capabilities 
4. Data environment: infrastructure and software.
 According to the SAS Analytical Maturity Score, an organization can be placed in one of the five Analytical Maturity stages [23]:
· First Stage - Decision-makers in this organization lack analytical awareness and rely on their perceptions, previous decisions, and invalid beliefs to make business decisions. They do not have defined data management or analytical processes to support insight development, and historical reports are treated as analysis. The organization also suffers from inconsistency and duplication of software.
· Second Stage - Decision-makers in this organization are analytically aware and understand the benefits of analytics. However, analytics are not used consistently, and the full potential of analysis is not fully understood. Analytical decisions are made on a case-by-case basis, but reasonable results are still achieved.
· Third Stage - Decision-makers in this organization are analytically astute and have adopted analytics for all decisions. The organization has common data management processes, and data sets and analysis are used for decision-making. Although analytics capabilities change slowly, departments have their experts and plans.
· Forth stage - Decision-makers in this organization are empowered and use analytics across the organization to support business decisions. Data processes are widely deployed to support specific business insights, and management supports analytics to align business units.
· Fifth Stage- Decision-makers are exploring novel approaches to employ cutting-edge analytics in driving business decisions. Procedures for data augmentation and analytical methods are continually being improved to maximize resources. The organization is dedicated to leveraging inventive analytics for future expansion.
TDWI
The TDWI analytics maturity model offers a means to gauge and supervise the state of analytics implementation [24]. This model presents the necessary steps for cultivating an analytical culture within an organization. The TDWI model evaluates maturity based on 35 questions across five areas of analysis maturity: organizational, infrastructure, data management, analytics, and management. Regarding the organizational domain, questions concentrate on factors such as the level of support the analytics program receives from the organizational strategy, culture, leadership, skills, and funding. Infrastructure domain questions are centered on issues related to the availability and development of analytical application infrastructure. Data management domain questions pertain to the quality, accessibility, and management of company data. Analytics domain questions are aimed at evaluating the analytics culture and the extent to which analytics tools are utilized (e.g., how does analytics assist decision-making within the company?).
The TDWI Analytics Maturity Model consists of five stages [24]: companies in the initial stages, such as Nascent, may not use analytics except for basic spreadsheet software. Although some employees may be interested in analytics, decision-makers may not invest in developing the necessary competencies. Instead, decisions are often based on intuition. As companies progress to the pre-adoption stage, they begin developing an analytical culture through employee training, forming an analyst team, and purchasing appropriate technologies. In the corporate adoption stage, organizations have a high analytics culture, and data analysis shapes the entire operation. In the mature stage, organizations use analytics efficiently with a well-established data management strategy and infrastructure. 
WAMM
The WAMM model consists of scoring an organization in six dimensions:
1. Management, governance, and acceptance
2. Definition of goals
3. Range
4. Analysis and expertise team
5. Continuous improvement process and analysis method
6. Tools, technology, and data integration
During the assessment, each of these areas is assigned a score from 0 to 5, with the lowest score indicating an organization that is analytically impaired in a particular analytical area, and the highest score (analytically addicted) indicating that the analysis has been the main source of competitive advantage.
According to the WAMM model, an organization that is not analytically mature (i.e., in stage 1 or data collection) has no clear goals or criteria to meet, even if it collects data. In such an organization, data analysis usually involves reviewing reports that are usually limited to basic metrics such as the number of customers or sales of a product. Everyone in the organization has access to the data. Meanwhile, no one has been identified as directly responsible for their analysis. Employees of an organization have only basic knowledge of analysis tools, which is often reflected in their incorrect configuration, leading to analysis results that are not always correct.
Comparing Data Analysis Maturity Methodologies
In this section, we compare the data analysis maturity measurement methodologies. Therefore, we define criteria set to compare the methodologies. As mentioned in the previous sections, each methodology measures certain dimensions to evaluate the maturity level of an organization. After the comparison, we will finally introduce the model with which the Iranian Bank analysis maturity is measured.
 In general, the more comprehensive the dimensions, the more accurate the measured maturity level and the better the extraction of strategies for the future. However, the details of the dimensions are also important, which we will discuss further.
Analysis Infrastructure
The first criterion is the infrastructure. Most businesses rely on IT infrastructure to allow employees to use technology effectively to do their jobs. Infrastructure is very important when it comes to data analysis. Data analysis infrastructure includes hardware and software resources that help employees in different departments of the organization to test and present their analytical ideas. If the analytics infrastructure is poorly configured, employees cannot take advantage of these opportunities effectively, which can impact productivity and cost the organization more on the analytics side in the long run. For this reason, in all the maturity measurement methodologies according to Table I, analysis infrastructure is one of the dimensions that is taken into account.
Process
Considering the process as a way to achieve the organization's goals from analytics helps achieve uniform standards, identify weaknesses in analytics workflows, and create standardized analytics processes that simplify enterprise application requirements. For this reason, some maturity measurement methods have considered process analysis as a dimension of the analysis maturity measurement process. The APMM and BLAST methods have paid special attention to the discussion of the process in measuring the maturity of the analysis in such a way that they have become the measurement of the maturity of the analysis process.
Analytical skill
In the process of improving the maturity of data analysis, the number of analysts in an organization is expected to increase over time. This does not mean only hiring specialists in the field of analysis but also means developing individual analytical skills of personnel with other specialties. A data analyst is someone who uses technical skills to analyze data and report insights. The same definition shows that this person is not necessarily a member of the analysis team in the organization. AMQ, BDO, SAS and TDWI have identified skill assessment as an important part of the maturity assessment process.
Data governance
Paying attention to the definition of data governance shows that it can be considered as part of the data analytics maturity model: data governance means everything that needs to be done to ensure that data is secure, private, accurate, accessible, and usable. This includes the actions people must take, the processes they must follow, and the technologies that support data throughout its lifecycle. As a result, some methods such as BLAST, DAMM, and WAMM have looked at data governance as part of the analysis maturity measurement process.
leadership
Leadership means directing people in an organization to achieve goals. The goals that an organization has achieved from analytics maturity should be approved by leaders. Leaders help to pave this path by influencing employees' behaviors in various ways. A leader also sets a clear vision for the organization, guides employees in the process of learning skills, and creates a spirit of analysis in the organization. This has led to the fact that, as shown in Table I, except for 3 cases, all the studied methodologies consider the role of leadership in measuring the maturity of the thesis.
Return On Investment (ROI)
ROI measures the rate of return on investment in analytics and is used as part of the maturity analysis. ROI is a measure to shape analytics strategies for the future. BDO and Gartner consider having a method for measuring the return on investment from analytics as an important dimension of analytics maturity to enable managers to determine which analytics use cases are particularly important and which areas can be improved using analytics.
Organization culture
As the last measure, an organization's culture defines the appropriate method of implementing analysis in the organization. This culture, which consists of shared beliefs and values about the use of data analysis in the organization, is created by leaders and then strengthened in various ways, and finally shapes the perceptions and behaviors of employees towards this phenomenon. For this reason, DAMM and DeltaPlus methodologies consider the measurement of organizational culture to be effective in measuring the maturity of the analysis.
Special focus on a type of maturity 
Data analysis maturity models can be customized to cater to the unique needs and priorities of different organizations. For instance, some models may emphasize specific areas such as processes or application maturity, which may limit their general applicability.
Public access to the assessment
[bookmark: _GoBack]Some models are proprietary and may only be available to licensed users or clients, while others may be publicly accessible. Several publicly available data analyst maturity models can be used to assess an organization's data analytics capabilities.
Separate measurement and the layering of analysis maturity levels
One thing that is less discussed in methodologies is the existence of layering for measured dimensions. This means that the level of maturity the organization has reached in each dimension is defined. This helps the organization to find out in which of the dimensions it needs to grow and in which dimensions it has progressed and can use the costs and power of that part of the organization in the remaining parts. Of the methods measured according to the team's reviews, only BDO seems to offer this capability.
Table I shows the application of the above criteria in the top 11 methods of measuring the maturity of data analysis. According to the criteria discussed and the importance of each one as well as the value provided by the separate measurement of analysis maturity layers, we will use BDO in the following sections to measure the analysis maturity of an Iranian bank.
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Development of a BDO-based Assessment for a Bank
The BDO methodology has devised an approach for assessing the level of advancement in data analysis. This methodology involves a three-pronged approach encompassing architecture, analytics, and artificial intelligence, which must be integrated to establish the requisite technological framework for achieving a mature data analytics capability. Furthermore, an organization's capacity to effectively utilize its data relies heavily on its human resources. Neglecting the development of leadership, fostering a conducive culture, and providing opportunities for employee upskilling would hinder a company's workforce from being able to meet the demands of the business's future state. Generally, the six dimensions include:
1. Human resource
2. Skills
3. Architecture
4. Data analysis
5. Artificial intelligence
6. Return on investment
BDO charted the most revealing signs that indicate a company's advancement in establishing a refined data analytics initiative [19] and introduces five levels shown in Figure 1.

The Maturity Levels of BDO 
Interestingly, BDO presents artificial intelligence as a tool or a dimension in service of data analysis, and introduces a clear distinction between dimensions and levels as follows:
1. Human resource dimension: At the first level, human resources stimulate enthusiasm and energy in cultural transformations with a primary emphasis on data. At the second level, human resources serve as inspirers, motivating data specialists to make well-informed business decisions. Moving to the third level, human resources exhibit innovation by forming collaborative teams with external entities to assess return on investment, concurrently encouraging employees to craft practical applications. Upon reaching the fourth level, data-driven decision-making becomes deeply ingrained in the corporate culture, with employees routinely engaging in data analysis practices. And finally, at the fifth level, the utilization of data in various roles within the organization becomes implicit and intrinsic, manifesting as a paradigm wherein all decisions are underpinned by data. Data analysis is vested with trust and credibility, even when it challenges pre-existing convictions.
2. Skills dimension: An organization's level of interest is identified when it possesses business acumen, creativity, basic data visualization, and foundational dashboard skills. Moving beyond interest, an organization can be said to inspire when it excels in data visualization and advanced dashboard skills (e.g., BI and Tableau mastery). Advancing further, innovation within an organization is recognized when it adopts cloud data architecture and designs scalable solutions, engaging in data engineering and immediate data skills application. Progressing to the level of ingrained skills, an organization is identified by its utilization of process automation and machine learning. Lastly, at the implied skills stage, an organization is recognized for its employment of cognitive artificial intelligence, autonomous AI development, and intelligent automation.
3. Architecture dimension: Interest is marked by evaluating existing data resources, datasets, and long-term data modeling. Inspiration emerges through defined information governance and tailored data integration. Innovation involves data quality control and evolving data storage models. Ingrained architecture means adopting comprehensible reference architecture and automating data management. Lastly, implied architecture involves data integration and automated databases.
4. Data analysis dimension: An organization's interest is recognized when specialized and short-term project analyses are outsourced to third parties. An organization can be said to inspire when specific analysis approvals begin with a primary focus on program reporting and gaining meaningful insights from existing data. Advancing further, innovation within an organization is identified when internal insights lead to dashboard design, under a strict shared governance with key stakeholders for decision-making. Progressing to the ingrained data analysis phase, an organization is recognized as operational analysis drives company-wide decision-making, employing advanced analytics including forecasting and predictive models. Lastly, at the implied data analysis stage, deep learning algorithms come into play.
5. Artificial intelligence dimension: In the AI dimension, an organization is considered ingrained when return on investment analysis is taken into account at the outset of each operation and an organization is classified as implied when AI is utilized in commercial products and essentially become invisible within the organizational framework.
6. ROI dimension: An organization's interest is identified when it leads to risk advancement and cost savings. An organization can be said to innovate when data analysis leads to smarter decision-making and data-supported choices. In the implied ROI level, an organization is recognized when data is fully acquired through collaborations, integrations, new revenue streams, and product recommendations.
In the designed evaluation framework, each of the six dimensions is measured separately using a questionnaire (Appendix A). The calculating maturity levels based on the answers to the questionnares is described in Appendix B.
Result and Discussion
The evaluation proposed in this research was used in one of the Iranian banks and the maturity of data analysis of this bank was evaluated in six dimensions. The bank's analysis may contain valuable insights and information that could give competitors an advantage if made public and disclosing this information could harm the bank's competitiveness and market position. Therefore, we do not publish the result, but some valuable points of the results are presented as follows.
About 90 personnel including 23 managers and 66 expert employees of the bank participated in this evaluation and in some cases, there are interesting differences between the aggregated results of the managers with the aggregated results of the experts, in the following, further details will be discussed.
In assessing the maturity of bank data analysis from the perspective of human resources, the results obtained from managers show that they believe that the bank has a little better situation from reaching the next level (which is not mentioned here due to confidentiality). This difference is most visible in question 5.
In assessing the maturity of bank data analysis from the perspective of skills levels 4 and 5, the respondents are asked to evaluate the current conditions of the bank from the perspective of using virtual or augmented reality, the Internet of Things, use of scaling methods, data engineering, cloud space, automatic system for detecting fraud and money laundering, chatbots, measuring the risk and personalization of offers. The output of the response letter shows that the bank uses this category of analysis applications only in identifying the risk at the time of granting loans and other financial facilities. In this part, there is an interesting difference in the results of question 10 between the level of managers and expert employees, which shows that managers see the bank at a lower level in terms of the skills of the analysis.
The results show that there is a slight difference between the opinions of expert employees and managers in the field of architecture, and especially regarding the amount of data exploitation (which supports level 4 or "ingrain"), the managers believe that the bank has a higher level of maturity.
Assessing the maturity of bank data analysis from the perspective of ROI shows that managers' opinions differ from employees’ opinions about question 25. The managers believe that the bank must be able to improve its marketing campaigns with its current data analysis.
Conclusion
In the era of drastically increasing data, including business data, the capability of data analysis is a competitive driver for most enterprises, especially those dealing with data, such as banks and financial service businesses. To know what is the “As-is” situation and understand the strengths and weaknesses of the organization in data analytics, a data maturity model is necessary. Based on the results of the maturity model and evaluated maturity level, the organization can plan to strengthen its capability in data analytics.
In this paper, we overviewed the data analytics maturity models and compared them according to our proposed comprehensive criteria. According to this comparison, we found the BDO data analytics maturity model a useful base to be customized for the banking business. We have developed the questionnaire and how to assess maturity levels in various related dimensions. The proposed model has been applied to an Iranian bank as a case study and achieved valuable results that could be used by decision-makers to enhance the bank competition in the market. The customized model could be used by any bank and financial business. 
As the limitation of this research, due to confidentiality issues, we presented just some parts of the results and more details remain as confidential parts.
In future work, it would be useful to validate the questionnaire with a larger sample size to ensure that it accurately measures the different dimensions of the data analytics maturity model. The questionnaire was developed for an Iranian bank, so it would be interesting to see how well it performs with different types of banks, such as banks in other countries or banks with different business models. Analyzing the data collected from the questionnaire could provide valuable insights into the strengths and weaknesses of the organization's data analytics capabilities, which could be used to inform future decision-making and guide the organization's data analytics strategy.
Appendix A: The Questionnaire
The questionnaire designed and used in this research is presented here. All the questions have a single-choice answer except for the questions 11, 12, 22, and 23. The choices for the questions start with “Your opinion about:” are five-level Likert scale choices, including:
a) Strongly agree
b) Agree
c) Neither agree nor disagree
d) Disagree
e) Strongly disagree
Questions related to human resources
1. From the organizational analysis viewpoint, which of the following levels do you assign to the bank?
a) Level 1: No organizational view of the data; system analysis is performed poorly.
b) Level 2: Data is isolated in separate systems; technology and expertise are used to create local value on each island.
c) Level 3: Different processes or units of the bank focus on infrastructure analysis
d) Level 4: The bank's key analytical data is managed from an organizational perspective
e) Level 5: Analytical resources are fully focused on the organization’s priorities and differentiation
2. Which of the following levels best describes the bank's leadership approach to analysis?
a) Level 1: There is little awareness and interest in analytics among bank managers
b) Level 2: Managers in different departments are interested in analytics, but few communications among them.
c) Level 3: Senior managers have realized the importance of analytical capabilities.
d) Level 4: Senior managers are developing analytics programs and building analytics capabilities.
e) Level 5: Managers are enthusiastically competing with other competitors using analytical capabilities.
3. Your opinion about: “Employees of operational departments can find and access even small analyzes of their department's data.”
4. Your opinion about: “Employees at all levels can use the analytical knowledge generated by the applications.”
5. Your opinion about: “Employees perform data analysis on a regular basis, and almost every employee has a good knowledge of how analytics is used in their department.”
6. Your opinion about: “All decisions are based on data analysis. Software analyzes on data are trusted by our colleagues, even if the results contradict long-held beliefs.”
Questions related to skills
7. Your opinion about: “Data analytics skills are considered in recruitment process.”
8. Your opinion about: “A good number of managers and employees have education related to technology.”
9. Your opinion about: “Training classes related to data analysis and data visualization are usually held.”
10. Which of the following best describes the organization’s analytics professionals (analysts, data scientists, etc.)?
a) Level 1: They have few skills and serve very specific functions.
b) Level 2: They are separate categories that have a combination of unmanaged skills.
c) Level 3: Analysts are recognized as key talent and focus on important business areas
d) Level 4: Expert analysts are recruited and engaged in the the organization
e) Level 5: There are professional analysts in the organization and there is a written plan for training amateur analysts across the organization.
11. Which of the following technologies does your organization currently use? Select all relevant options. (If none of them, go to the next question.)
a) Collaboration with suppliers and different units through the cloud
b) Data engineering
c) Using scalable methods (e.g., during peak of transactions)
d) Internet of Things
e) Using virtual or augmented reality to communicate with customers
12. Which of the following customer experience capabilities do you currently have? Select all relevant options. (If none of them, go to the next question.)
a) Personalization of the offers given to the customers based on their behavior and specific data
b) Risk assessment at the time of granting facilities
c) Chatbots to answer in the form of an automatic customer service center
d) Automatic system to detect fraud and money laundering
e) Other services based on machine learning that are not included in this list
Questions related to architecture
13. Your opinion about: “There is a common definition of data sources in the organization (e.g. customer forms, transaction forms, etc.) that enables data sharing in the organization.
14. Which of the following levels best describes the characteristics of the bank data?
a) Level 1: Our data are inconsistent, poor quality, and nonstandardized in a way that makes substantive analysis difficult.
b) Level 2: Our data is standardized and structured and is primarily stored in a (functional or process) data warehouse.
c) Level 3: Key data areas have been identified, central data warehouses have been established, and data quality is regularly reviewed.
d) Level 4: Integrated, accurate and common data exists in the central warehouses.
e) Level 5: In addition to level 4, there is a continuous search for new data and metrics using structured and unstructured data.
15. Your opinion about: “Some data (transaction details, customer information, etc.) are managed in a uniform manner across the bank to facilitate integration.”
16. Your opinion about: “There exists an interaction between the IT department and operational departments, which enables the full exploitation of data.”
17. Which of the following levels best describes the bank analytics technologies?
a) Level 1: Standard office suites, loosely integrated systems
b) Level 2: Individual analytical initiatives, statistical packages, descriptive analysis, database query
c) Level 3: Enterprise analytics platforms; Predictive analytics packages
d) Level 4: Organizational analytical process, using data that is automatically generated
e) Level 5: Complex big data architecture and enterprise-level analytics, autonomous analytics
Questions related to data analysis
18. Which of the following levels best describes the characteristics of data in the bank?
a) Level 1: Basic reporting tools and descriptive analysis
b) Level 2: Data in relational tables and using BI and basic analytics tools
c) Level 3: both relational data and unstructured NoSQL data
d) Level 4: both NoSQL data and relational data and using analytics on them.
e) Level 5: In addition to the previous option, data are so important that are handled by a large separate department (other than IT) and are managed as a strategic asset.
19. Which of the following levels best describes the bank's data analysis capabilities?
a) Level 1: We do not have analysis capabilities and we outsource if necessary.
b) Level 2: We use analytics on an ad hoc basis for specific needs, primarily for reporting
c) Level 3: Insight into bank data in dashboards, few people can access.
d) Level 4: We use advanced analytics, including predictive models.
e) Level 5: Our analysis using machine learning and deep learning algorithms provides a comprehensive understanding of the situation in the bank.
20. Which of the following levels best describes the bank's approach to aligning analytics with the bank's business goals?
a) Level 1: Opportunities are not targeted
b) Level 2: Several distinct targets that are usually not of strategic importance
c) Level 3: Analytical efforts for a small set of important targets
d) Level 4: Focused analysis on a few key business areas with clear results
e) Level 5: Dynamic analysis for the bank's differentiated strategy is formulated and implemented.
21. Which of the following levels best describes the analytical techniques your bank can employ?
a) Level 1: In the bank itself, it is mainly done on a temporary basis using simple math and extrapolation, or the entire project is outsourced.
b) Level 2: Basic statistics, segmentation, database querying, and tabulation of key metrics are used to gain insight into the bank.
c) Level 3: Simple analysis is used for classification, clustering and dynamic predictions.
d) Level 4: Advanced predictive methods are used to optimize efficiency, for example, the bank uses tools such as text and image analysis.
e) Level 5: Neural networks and deep learning are used in the bank, and algorithms such as genetics or any advanced machine learning are used as analysis techniques.
Questions related to artificial intelligence
22. Choose all the items that you think are correct about the application of artificial intelligence in the bank. (If none of them, go to the next question.)
a) Before any initiative, it is possible to calculate the return of investment.
b) Some artificial intelligence projects are defined in the bank that have a specific impact on the bank's vision.
c) The data needed to support special artificial intelligence techniques is well provided.
d) There is a desired leadership pace for progress in the field of artificial intelligence.
e) There is an AI roadmap aligned with digital transformation, innovation, research and development, human resources and other strategies.
23. Choose all the items that you think are correct about the application of artificial intelligence in the bank. (If none of them, go to the next question.)
a) Artificial intelligence has taken root in bank business products, making improvements, saving money and increasing profitability.
b) Artificial intelligence is seamlessly integrated into the bank's overall organizational strategy.
c) The bank's budget indicators for business and AI technology are integrated.
d) New models based on artificial intelligence in the bank are easily discovered and used.
e) Artificial intelligence exists in the organization and has become one of the components of the bank's daily business.
Questions related to return on investment
24. Your opinion about: “The bank is investing in the areas necessary to extract value from data analytics.”
25. Your opinion about: “The bank has been able to improve its marketing campaigns with the current analytics for its data.”
26. Your opinion about: “The bank has been able to improve its brand with data analytics.”
27. Your opinion about: “The analysis has helped identifying bank challenges before they occur.”
28. Your opinion about: “Using data analytics in the bank, human resources are used more efficiently due to less manual efforts.”
Appendix B: Calculating Maturity Levels
This appendix explains the method used to analyze the answers to the questionnaires to assign maturity levels to the six dimensions of BDO. The following abbreviations are assigned to the maturity levels:
· Int (for Interest),
· Ins (for Inspire),
· Inn (for Innovate),
· Ing (for Ingrain), and 
· Imp (for Implied). 
For questions stating “Your opinion about” these values are assigned to the options:
a) 0: Strongly agree
b) 0.25: Agree
c) 0.5: Neither agree nor disagree
d) 0.75:Disagree
e) 1: Strongly disagree
The average of the answers to each Likert opinion question (Qn) is calculated (Av(Qn)) and is interpreted as True (T) or False (F) according to the Boolean rule:
B(Qn) = T If Av(Qn)>0.5; and F, otherwise.
For the questions asking to select one of the five levels (questions 1, 2, 10, 14, 17-21), the overall answer is calculated as the mode of answers (M).
For multiple choice questions, average of the selected choices (L) is calculated considering the items from 1 to 5.
The above-mentioned abbreviations are used In the following rules; moreover, Qn implied the answers to the question number n in the questionnaire.
For measuring “Human resource” level, Q1-Q6 are used as follows:
If [(Min(M(Q1),M(Q2))=Ins) and (B(Q3)=F)] then level=Int
If [(Min(M(Q1),M(Q2))=Ins) and (B(Q3)=T)] then level=Ins 
If [(Min(M(Q1),M(Q2))=Inn) and (B(Q4)=T)] then level=Inn
If [(Min(M(Q1),M(Q2))=Ing) and (B(Q5)=T)] then level=Ing
If [(Min(M(Q1),M(Q2))=Imp) and (B(Q6)=T)]then level=Imp
For measuring “Skill” level, Q7-Q12 are used as follows:
Level of “Skill” = (Min(M(Q8), M(Q10)
The questions 7, 9, 11, and 12 are used in the questionnaire for improving the skill maturity level in the organization.
For measuring “Architecture” maturity level, Q13-Q17 are used as follows:
If [(Min(M(Q14),M(Q17))=Ins) and (B(Q15)=F)] then level=Int 
If [(Min(M(Q14), M(Q17))=Ins) and (B(Q15)=T)] then level=Ins 
If [(Min(M(Q14), M(Q17))=Inn) and (B(Q13)=T)] then level=Inn 
If[(Min(M(Q14), M(Q17))=Ing) and (B(Q16)=T)] then level=Ing
If (Min(M(Q14), M(Q17)) = Imp) then level=Imp
For measuring “Data analysis” maturity level, Q18-Q21 are used as follows:
Level = M(Q18-21)
For measuring “Artificial intelligence” maturity level, Q22 and Q23 are used as follows:
If (Av(Q22)>2.5 AND Av (Q23)<2.5) then level =Ing
If (Av(Q22)>2.5 AND Av(Q23)>2.5) then level = Imp
For measuring “Return on investment” maturity level, Q24-Q28 are used as follows:
If (B(Q24)=T) and (B(Q25) and B(Q26)(=F and (B(Q27) and B(Q28)(=F then level=Int
If (B(Q24)=T) and (B(Q25) and B(Q26)(=T and (B(Q27) and B(Q28)(=F then level=Inn
If (B(Q24)=T) and (B(Q25) and B(Q26)(=T and (B(Q27) and B(Q28)(=T then level=Imp
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