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Introduction
This long-term upward trend in financial information quantities suggests that progress in managing data will be critical in the next generations. In order to keep up with the continual generation of financial data, which is often real-time data, a large volume of financial data is created in a short amount of time (Azevedo, 2014).
Traditional Data Warehouses are showing their substantial limits as a result of the increasing volume, variety, and speed of Big Financial Data (DWs). In spite of their high scaling costs and often poor performance, they open the door to new methodologies and technologies. Secondary data processing research relies heavily on technologies developed in the early phases of development (Azevedo & Santos, 2020).
As a result of digitalization, financial companies now compete successfully using cutting-edge technologies including such analysis tools, machine learning, AI, big data, and the cloud. Companies are using these solutions to undergo digital transformation initiatives, fulfil customer demand, and boost profits. Despite the fact that most organisations are retaining fresh and valuable data, they aren't always clear how to utilise it since the data is unorganized or not documented inside the company (Azevedo, 2014). The financial sector is increasingly moving towards data-driven efficiency, and businesses should react to this constantly changing environment. Unstructured and large volume data may be fully used by financial firms, allowing them to gain an edge in the marketplace by identifying competitive advantages and developing new market prospects (Azevedo & Santos, 2020).
The current trends in data warehousing, business intelligence and data mining
In 1865, author Richard Millar Devens used the phrase "business intelligence" for the first time to describe a banker who had a leg up on his rivals by gathering information about the market ahead of time. Hans Peter Luhn, a computer scientist at IBM, was the first to think of employing technology to collect business information in 1958. Some of IBM's early analytics systems were built in part because to his research. A new generation of data management and decision-support systems (DSS) were created to keep pace with the exponential growth of data in the 1960s and 1970s. Software that feeds company data and delivers it in user-friendly formats like as analyses, graphs, charts, and maps is now known as Business Intelligence (BI) (Haertzen, 2012). Users of business intelligence (BI) tools may now access a variety of data sources, including historical and current data from both internal and external sources, as well as semi-structured and unstructured data sources, such as social media. Using this data, users may receive insight into how the company is doing. As much as BI does not advise its customers how to proceed, it also does not confine itself to the generation of reports as some may think. It allows users to discover patterns and insights in their data via the use of business intelligence (BI). With the use of business intelligence and data analysis, companies may make better business choices, recognise faults or concerns in the market, and uncover new sources of income or business opportunity (Stackowiak et al., 2007). With the help of business intelligence, companies are able to ask questions and get answers that are easy to grasp. Based on their company data rather than guesswork, companies may make choices based on what their operations, distribution network and customers are providing them (Vercellis, 2009).
Although numerical data from a single database has been the primary focus of early data mining algorithms, various other data mining approaches have evolved for use with conventional and information technology infrastructure that stores data in tabular form. Statistical and Machine Learning approaches converged later, resulting in a variety of methods for mining non-numerical data and relational databases. Data mining has been substantially affected by the emergence of 4th generation coding and other associated computer technologies. Many of the early data mining techniques relied solely on statistical knowledge (Vercellis, 2011). Later, they included a variety of computer approaches, including artificial intelligence (AI), machine learning (ML), and pattern reorganisation (PR). It is possible to mine the massive amounts of data sets contained in the data warehouses using a variety of data mining methods and algorithms. As a result of its enormous success in terms of wide-ranging application successes and scientific growth, knowledge, the area of data mining is expanding (Azevedo, 2014). Numerous data mining applications have been successfully implemented in varied fields such as health care, banking, retail, telecommunications, fraud detection and risk analysis, and so on and so forth. Some of the obstacles that data mining faces include data formats that vary from one another, data from various places, advancements in processing and networking resources as well as research and scientific disciplines and ever-increasing corporate issues. The current data mining applications have been shaped to meet the issues arising from business intelligence operations as a result of advancements in data mining, including consolidations and implications of methodologies and approaches (Azevedo & Santos, 2020).
Concepts and principles by using predictive analytic software – SPSS
It has become more important to apply analytical approaches in recent years. Several firms have improved their company performance by using data analysis to get beneficial insights. A comprehensive picture of the past and the future of a company's performance may be gained via analytics. Looking into the future helps firms prepare for the bad things that may happen in the future (assuming they happen at all) (Haertzen, 2012).
It is possible for business organisations to have an understanding of the past, the present, and the future by using analytics. To suggest that the explosion of data has fostered this out-of-control use of analytics would be an understatement. Analytical methods aren't only for looking back at the past; they may also be used to anticipate the future and make better use of company resources. Thus, firms are increasingly turning to predictive and prescriptive analytics to help their decision-making processes. Machine Learning and data mining are only a couple of the statistical methods used in predictive analytics to create predictions about the future based on the data now available (Stackowiak et al., 2007). Predictive models are used in company to detect hazards and possibilities based on trends observed in historical and transactional information. Models enable for the evaluation of risk or potential associated with a given set of variables, influencing decision-making in the selection of possible transactions. Using these different methods, predictive analytics provides a probability estimate for each person (client, worker, patient, item Product code, car or other unit of an organisation) in order to identify, inform or impact organisational procedures involving large numbers of people, such as marketing, credit risk assessment, fraud detection or manpower planning. Commonly, statistical models are built by data scientists using a broad language to choose from a variety of modelling tools. As languages expand in functionality, there is no limit to the number of modelling packages that may be used. The conceptual gap between data scientists and business users will widen as technology advances. Clients' needs for clear, easy-to-understand information will never change. Users may get more useful insights from their data with IBM SPSS, which is a predictive analytics software package. This service uses cutting-edge methodologies to help businesses uncover new possibilities, increase productivity, and limit risk (Azevedo & Santos, 2020).
Using IBM's SPSS Predictive Analytics software, you may analyse structured and unstructured data from any source using descriptive and predictive analytics, data pre-processing, and automating. It is possible to use SPSS to do statistical analysis and data mining, as well as real-time rating and decision management, in human capital management, evidence-based healthcare and crime control (Vercellis, 2009). An implementation architecture for combining predictive intelligence with business requirements and optimising operational choices is part of the package here, as is this.
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