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Abstract 
Today’s finance platforms take a wide array of client data, analyze it with sophisticated algorithms, and apply it in close to real 
time to adjust products and services. Numerous new applications glean insights about both transactions and customer behavior 
and generate quick and targeted reactions to such insights. Indeed, today’s finance platforms include a growing number of 
automated microprocessors in the broad range of possibilities to gauge transactional insights and adjust instantly services to 
customer behavior. In an increasingly digital economy, these efforts can significantly improve current finance services; by 
lowering transaction fees and creating value to return on investment in increased efficiencies. 
These analytical mechanisms generally employ wizened sets of transaction and user data, gleaned from past transactional 
insight and behavior. And they respond with close to real time actions to improve transactional insights. These applications 
provide immediate feedback — activated alerts, product suggestions, and user-friendly interfaces — and close to real time 
actions that typically adjust risk for Teller-based customer financing type applications. While not fully self-contained, they are 
flexible and relatively easily doable scaffolded processes. Moreover, machine learning algorithms that are generically 
independently trainable exist to connect them to transaction-based services. 
These expand beyond tools into partner habits. User/organization’s typically able-to-see information are processed to add 
value to transaction insights; enabled to enhance user experiences from fraud detection, to more correct responses to proxy 
user information. The knowledge of the manner in which information is being used is parlayed by frequent quick to long-term 
engagements, humor, and added data allowance. And the engendering of collaborative insights gather habits. Such strategic 
engagement can take place beyond core finance servicing. In fact, numerous applications build off data analytics in fully visible 
interpersonal engagement… the social finance platforms. 
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1. Introduction 
With the advent of the new-age finance paradigm, it has become imperative for modern finance platforms to understand their 
customers and offer them customized solutions to meet their requirements on time. The finance platforms deal with 
unstructured data that needs to be cleaned up and structured so that insights can be derived. Further, advanced analytics need 
to be performed in real-time to analyze the current and past transactional behavior to foresee the needs of the customers and 
suggest relevant opportunities to avail of different products and services offered by the finance platforms. As the number of 
customers and transactions increases, it becomes extremely difficult to analyze and infer conclusions from the data in near 
real-time. Hence, it becomes essential to build the necessary framework and implementations to manage and monitor the 
transactions and analyze different user behaviors with reference to time and transaction type in the finance platforms [1]. The 
proposed system outlines the architecture, framework, and workings of a unified advanced big data streaming and batch 
analytics platform to collect and analyze customer transaction-related events in physical stores. 
The architecture proposes a discovered framework to build a highly scalable and customizable analytics framework for 
advanced insights into transaction data and customer behavior. It provides an overview of different modules, their interaction 
with each other, various components, and the data being transmitted between them. The focus is on providing the architecture, 
and a working demo is shown with minimal information about other aspects of the framework. Given a transaction, analysis, 
operations, and results based on advanced analytics for different devices, roles, and user groups are presented. Composing 
factories to introduce real-time streaming microservices for devices provides the plumbing to enable communication between 
them and the centralized message queue. Different active microservices processes are maintained and monitored through data-
broadcasted socket messages. Polished dashboards encourage different devices’ owners to conduct their analytics efficiently, 
allowing the scope to create and broadcast new visualizations dynamically. Additionally, a front-end application with different 
consumer and admin panels is showcased for viewing and support to manage all the workers of the distributed batch analytics 
jobs. 
The modern finance paradigm has changed the way transactions in the finance sector are performed. Originally, infrastructure 
was setup in an on-premise approach and hence organizations had to invest heavily in Infrastructure-as-a-Service. Modern 
technologies such as AI, Cloud, Blockchain, and big data platforms offered opportunities to design new-age finance paradigms. 
With ever-increasing transaction amounts and unforeseen events affecting the finances of firms, it has become imperative for 
the modern finance industry to analyze and act upon transactional data. However, due to the involvement of a large number 
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of customers and different transaction systems being used by banks and finance companies all around the world, it has become 
near impossible to track and assess the transactions conducted by customers. As a result, they were unable to mitigate wealth 
harming conditions such as Ponzi schemes, cyberattacks, and large betting among others. 
 

Eqn.1: General Optimization Equation  
 

 
 

2. Understanding Big Data in Finance 
Data is a collection of facts, figures which are raw and meaningless without context. Data which is processed, structured in a 
proper manner, processed activity and presented in a systematic way is called information. Information is meaningful and 
useful to an organization [1]. In finance industry data is collected from various sources such as financial transaction records, 
social media, customer behaviour, climate / environmental data, etc. This data can be classified into structured data and 
unstructured data. 
Structured data can be defined as data which is mostly in traditional databases and is stored in form of tables, records, rows 
and columns. Structured data has clear delimiters through which data can be accessed easily. Structured data is 10-25% of data 
available. 
Unstructured data is data which does not have a specific format. They can be text files, audio files, images, videos, etc. 
Unstructured data from various sources is captured and processed to get some effective insights out of it. They are large in 
size and heavy hence suitable analytical tools are needed to process them. Unstructured data is 75-90% of data available. 
2.1. Definition and Characteristics of Big Data 
Big data presents a new paradigm in information systems, institutions, and governance, prompting researchers and industry 
experts to rethink finance in emerging data economies and whether the financial beliefs, models, and systems built on 
assumptions underlying the industrial revolution still hold [1]. In contrast with benign, passive, and timeless data, big data is 
active, reflexive, multiple, and ageless. Technological advances are suggested across computer science, complex systems, and 
AI/ML. Upon its adoption by financial services, regulatory measures monitoring its usage and bereavement will be necessary. 
The newly dubbed “ebook” data economy opened new practices and interactions in financial markets. Self-learning and bio-
inspired AI likewise produce refinement filters and new procedures and norms of valuation. It is a “big” data age, and as 
organizations seek to convert their ever-increasing data volume into actionable insights, increasing attention has been directed 
toward the use of analytics in business. Businesses have observed and begun to understand that data can be an invaluable 
strategic asset for providing significant advantage if properly manipulated and analyzed. Organizations are discovering the best 
approaches to utilize data with the purpose of developing insights that can drive business success. Concurrently, research has 
recently gained wide interest in analytics — technologies and practices used by organizations to analyze data — that can reveal 
important information for companies, thus showing the potential of analytics to generate real benefit to those who are able to 
master them. However, this requires consideration of different contextual variables that can affect the technology selection 
process. Moreover, practical advice is required along with guidance on where to invest to maximize the chance of future 
success. Hence, practitioners seek robust insights into how big data analytics can be refined and best extenuate the process of 
creating knowledge. 
2.2. The Role of Big Data in Financial Services   
A decade ago, data could believably be classified as an organization’s most invaluable asset. With that, the invaluable 
contribution of Data Analysis and Big Data to the Growth and Stability of Financial Services is worth investigating. Having, 
in developed countries, nearly all consumer economic transactions stored digitally, transaction information is ripe for 
harvesting and aggregating at the Authorization System, one of six Systemically Important Financial Market Infrastructures in 
the EU. Transactions stored in some establishment could range from a Transaction ID, timestamp, to the Commercial ID, 
Merchant ID, Product ID and, summed up measures on the Monetary Value – concluding into bills, fees and charges on 
transactions. Unlike Past Financial Transactions Data collected and collated with deliberate grouping, the richness of Full Data 
from a bottom-up approach given access for pre-collected data into a form-fitting prepossession for various analyses verily 
reads the crazy but hoped of possibility. A way to accede and aggregate Financial Data owned by Financial Service Providers 
(FSPs), Aggregators (in West Pacific, including Australia, New Zealand, Singapore) or companies like Plaid in the US, on the 
other hand, could assist Data Owners, and Borrowers. An automatic Instant Data Extraction Processing with “open source” 
technologies of Financial Data for rapid Decision Making Processing to be able to tolerate errors and non-fits trace, manipulate 
and update is barely in Early Seeding Time. 
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Fig : 1 Leveraging Big Data Analytics 

 
With batch process matured in varying grades of expensive Mass Processing Tools, the substantially manual processes of 
acquiring Transaction Writing Data are leaving many transactions outside the scope of Big Data, mostly international ones. 
All other transactions without processing run the ripe risk of irrelevance in the near future. The explosion of Fintech offerings 
prevalent in the world’s steep financial service learning curve affords opportunities for FSPs able to meet on a 24/7 basis. The 
lack of balance on the Production versus Processing quadrant with favor shifted in Production; the processing mainly done in 
routine mode, simply classifying transactions into pre-collated categories is up for better innovation. A buildable service of 
Insight Generation on Demand Probing of In-Memory static Financial Transaction Writing Database at the Data Aggregation 
Spin-cycle could replace MS Excel “consolidated and profiled” presentation worksheets, requiring custodians of transaction 
records to crunch downloadable CSV/Excel files monthly for interface reports. Capability would be enormous, given the 
detailed written transactions, that could unravel newer insights into transaction ethics stewardship from financial sectors, 
markets, or FSPs. Considerable jumps in Competitiveness, Growth, and Innovation with New Employment Creation are 
hoped as respects to Financial Service Providers and Corporations in Greater South Pacific and Oceania Regions [1]. 
 
3. Data Sources for Financial Analytics 
Big data is a crucial environment in today’s organizations and enhances the decision-making process by improving speed and 
accuracy. In recent decades, financial technology (FinTech) has dramatically evolved, and with this evolution, frictionless 
transactions, convenience, flexible payment options, and faster payments and remittances have become standard in banking. 
The challenges that FinTech firms experience primarily come from the regulation side. Lack of regulation and the differential 
regulations globally regarding FinTechs, whether these institutions need to be regulated or not, led to competition amongst 
nations on who will attract investors to start FinTech companies within their territories [1]. 
The majority of millennials believe that cash will be dead in future years (2023–2027 timeframe). Currency was regarded as an 
integral mode of transactions among them that is needed for daily transactions. However, the introduction of various methods 
in digital payments, such as mobile payments, internet banking, and e-wallet applications, put cash on edge. Bank credits, too, 
became digitalized. Blockchain technology has been propounding benefits for the financial system by removing intermediaries 
and speeding up processing time. Though the advantageous features of these trends have been scientifically tested, undesirable 
aspects cannot be overlooked. It is hard to prevent people from committing crimes such as fraud, breach of personal 
information, hacking, and money laundering in a highly automatic environment. 
In the rapidly evolving digital age, financial tools are becoming more and more facilitative for customers, but the potential 
misuses behind this facilitation have unquestioningly expanded to the finance sector as a consequence of the breakneck 
automation speeding up both contagion and harm. To the dire alarm of the finance sector and regulators, the crime landscape 
of the financial system is evolving with sophisticated methods and design patterns. Conventional crime detection methods are 
edging near their limits as criminals become ever more creative, and it is vital that financial institutions fortify their vigilance 
and surveillance systems to keep abreast of such an evolved world. Big data not only refers to the vast volume of data 
ubiquitous in modern economies, but with rapid digitization, the financial industry is likewise becoming concerned about the 
increasing volume of financial datasets. Institutions have to monitor transactions, customer behaviors, and communication in 
digital channels to prevent money laundering, hacking, and frauds. Coping with the unprecedented volume of data is becoming 
more and more challenging with conventional software, but up-to-date data wrangling technologies based on large-scale 
functionality can bring ease to the burden of hassle and desperation by big data. 
 
3.1. Transactional Data     
The abundance of transactional data generated from transactions of products or services can be utilized to provide 
organizations with records of the current operational state. For example, the records of the number of units sold can be 
structured into structured data such as total sales, market share, purchase frequency, and purchase pattern. The review of 
transactional data started long before the emergence of the “new economy.” On a limited scale, it has been used by 
organizations, especially in retail, to calculate their turnover, volumes of sales, and profit. Later, data usage evolved into 
business intelligence, referring to a set of concepts and methods that assemblies data from organized systems and converts it 
into useful information through data analysis and reporting for the purpose of improving organizational performance [2]. As 
information systems further evolved from enterprise resource planning (ERPs) to customer relationship management (CRMs), 
a huge amount of facts about consumers came into existence. The review of data has also become an independent and research-
intensive field. Both data processing and analysis increasingly gained importance in the public sector as well. Data evolved 
further into the “data driven era” or the “big data era.” This “new development” refers to the emergence of new data which 



Jai Kiran Reddy Burugulla 949 
 

www.KurdishStudies.net 

is vast, varied, and complex. The sources of big data can be embedded in the physical world or generated by interactions 
between people and machines (i.e., transactions). However, the family of big data includes not only the networked data 
generated by a large number of connected people but also sensors that embedded into machines or the Internet of things 
(IOT). 
Big data can be utilized across functional areas of an organization. In fact, big data is relevant to all areas of an organization 
and can evoke value opportunities in every one of them. Specifically, it creates specific value to the marketing department. 
Customer information is collected by the marketing department. Financial department collects “big” data such as earnings, 
rates of return on investment, or invoices paid or not paid. Operational department collects “big” data such as numbers of 
stock deficit, number of stock untargeted, or daily inventory. Through collecting and integrating big data from finance and 
operational department, marketers are able to make optimal strategic decision-making including promotions, pricing, supply 
chain, and distribution. Since organizations exist to fulfill a combination of needs of their customers best, beyond the scope 
of “the market”, it intends to develop relationships with individual customers. Relationship marketing, which is often 
embedded in customer relationship management (CRM), is recognized as a necessary evolution of traditional marketing under 
this new era. It creates specific value to marketing department. By screening and collecting consumers’ big data, marketer can 
better identifying hidden pattern in those consumers’ consuming behavior in order to optimize marketing mix allocation along 
the defined segment, targeting, positioning (STP) strategy. Identification of better targeted consumers by well-optimized 
promotion will be able to assist marketers in customer acquisition, retention, and re-engagement of churned consumers, which 
further translates into increasing organizational revenue. Although about 95% of executives understand what big data might 
do for them individually and how it might help increase profits and firm value, less than a quarter believe their organization 
makes effective use of big data. More surprisingly, the beliefs are founded on difficulty redeploying data across the firm, 
resources, capabilities, and business plans needed to create broader company-wide applications. A more incisive finding states 
that the financial industry has the advantage and would be the first to exploit big data in its contact with consumers, suppliers, 
and partners. The findings are obtained after examining industries of personal care, high-tech, consumer electronics, and food 
and beverage. Usage of big data in the financial industry from a marketing perspective concentrations on marketing intelligence 
comes from actionable data by integration of data from different resources. it harnesses those data with the aim of gathering 
marketing intelligence and actionable insights with the awareness of financial consumers’ tendency or intention towards 
purchase and acquisition. Nevertheless, it must be pointed out that too much, too many, or too complicated data is often 
overwhelming to analyze actionable and usable data. There is a vast amount of transactional data from purchase of financial 
products or services available for marketers. 
3.2. Customer Interaction Data    
The operational processes of most companies produce large data sets that can be harnessed to enhance operational efficiencies. 
Notably, this data source has not been investigated from an emerging market perspective. Referred to here for ease of 
identification, but imperfectly, as ‘customer interaction’ data, this research category consists primarily of insights based on 
online click streams, mobile application, and social media engagement. This includes all data not directly produced by the 
organization itself. This includes data provided by government and other third parties. Organizations in the financial services 
industry have not explored the full potential of social data usage. Beyond monitoring public sentiment around their brands, 
financial services companies do not have proper tools to capitalize on the sentiment contained in unstructured texts in social 
platforms [2]. The limited capability to comb through vast amounts of new social data also creates an opening for organizations 
to enter the financial services market space directly. Digital/e-commerce data has become extensively used in the past decade. 
The emergence of this data source coincided with the rise of fairly new companies that took almost double digit market shares 
from the traditional banks. The digital data generated daily provides financial services organizations with information about 
marketing effectiveness. Most financial services organizations on the other hand do not have proper setups to harness data on 
their own websites and have limited measurement capability of next-best-activity based on webpages visited and products 
applied for but not taken. Mobile interaction is anticipated to be the largest future source of big data. The emergence of mobile 
commerce is driving consumers away from traditional payment methods. Cash value is increasingly being replaced by account 
balances in databases. Some organizations are gaining command of the newly redefined cash value through offering an array 
of indirect services including rewards, insurance, remittances, etc. to engage with their customers on mobile devices. Further, 
the most important ‘door’ to the cash value is the point of sale. Payment data acquired here could trigger a wealth of contextual 
insight not yet possible for online purchases. 

Eqn.2: Equation (General Form)  
 

 
 

3.3. Market Data and Trends    
The financial sector has been transformed by the advancements in computing and online capabilities, resulting in a revolution 
in market data accessibility, range, and analytic approaches. Due to their use of complex algorithms to provide cheap and 
efficient trading, automated trading systems (also referred to as algorithmic trading systems) account for the majority of the 
world’s trade volumes. Algorithmic trading has profound effects on stock exchanges. In this area, there is a growing interest 
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in employing algorithmic trading strategies generated through machine learning mechanisms that autonomously optimize 
trading strategies using previously levered data [1]. Exchanges have increased their processing power and storage capacity to 
accommodate the growing demands for real-time transaction data and market data. A quicker response to news has sparked a 
race among many stock exchanges to lower the latency of market participants’ orders, thereby mitigating market volatility and 
effectively managing risks. On the other hand, with the breadth of available information across various sources, the challenge 
of extracting precise and pertinent insights has grown significantly. A combination of automated market data retrieval and 
machine learning approaches can be used to effectively model traders’ decision-making processes and preferences [2]. Various 
new financial services are emerging as a result of the combination of fintech trends with long-established practices, including 
payment services, asset management, accounting, and more. Supervised learning approaches are used to model and forecast 
the change dynamics of financial time series while thoroughly examining the interpretability of the models used. The current 
environment, where trading activity has exacerbated volatility swings and events no longer followed the governing dynamics 
of a decade ago, calls for the extraction of fresh patterns using machine learning approaches that can autonomously adapt to 
changes. 
 
4. Analytics Techniques in Finance 
Big Data Analytics (BDA) has become the backbone of financial platforms, ensuring the rapid transformation of raw data into 
business-relevant knowledge that is actionable [1]. BDA instills professionalism on finance platforms and brokers by providing 
accurate and timely transaction insights as well as enabling the accurate tracking and understanding of customer behaviors. It 
nurtures a self-aware environment of adaptability on finance applications through the approach of prediction models on 
cryptocurrency transactions and market variations. BDA will implement streaming clustering algorithms on several finance 
market datasets of international exchanges for data formats of streaming text from tweets and audio formats from financial 
broadcasts, in order to make timely decisions on trade initiation. The main objective is to characterize customer transactions 
in finance platforms and trigger adaptive alerts of the platform behavior for better service. 
BDA considers the enormous size of information transaction records on modern finance platforms and recognizes its elements 
of analysis in two perspectives: social awareness and platform awareness. Then the notion of insights is illustrated based on 
the two perspectives. Transaction analysis initiates detection across customer behaviors and can be addressed by frequent 
pattern mining. A sequential pattern growth-based algorithm is designed to discover frequent sequences of platforms and 
filtering thresholds can limit the noticeable maximum support in order to keep future seeking concise. Pattern search results 
indicate rapid expectations of finance application growth and understanding of transactional habits. At all, client agents 
conduct social comparisons across currencies and exchanges. Interactive alert generation enables knowledge propagation for 
diversified explorations of crypto currencies on trade venues. As a protocol, the usage and integration of configuration files 
can be extensively generalized to other customized distributed environments. 
 
4.1. Descriptive Analytics     
In modern finance platform contexts, where transactions play a pivotal role in customer relationships, big data offers a plethora 
of opportunities for innovation and competitive edge. Descriptive analytics is one of the areas where tremendous value can 
be captured. Using descriptive models and techniques, institutions can gain many customer insights from standard transaction 
history data. Most importantly, insights from those models can potentially generate competitive advantages by providing a 
perspective that other players don’t have. With numerical and categorical features derived from transaction logs, a descriptive 
model is proposed to capture different customer behaviors at high frequency. Such model can be generalized using the 
framework from large deviations. Special attention is given to use filtered transaction history that contains enough information 
while mitigating the noise due to purchase frequency variation. Various case analyses using real transaction data from a leading 
modern finance platform suggest that this methodology can provide insights capturing key business needs in the real world 
effectively. Transactional data records the most updated operational status of organizations . Data usage has evolved to 
business intelligence to improve organizational performance and monitor the changing operational environment. Such 
intelligence has broad functional area uses, but big data has special value for marketing departments. Customer domain 
knowledge regarding social network relations, recent purchases, and returned products, together with big data from emails, 
search engines, review portals, and the internet, can help organizations make optimal strategic decisions on advertisement 
placements, promotional campaigns, and customer lifetime value estimates. Big data is also recognized as a valuable tool for 
developing and nurturing relationships with prospects and customers. Transactional data conveys substantial information 
regarding customers’ behavior and enables analysis of purchasing patterns. Based on such insights, acquisition of prospects, 
improvement of offerings to solve problems, and retention and engagement of existing customers can be achieved. Market 
players with transaction history will not miss the opportunities in big data. 
4.2. Predictive Analytics     
Modern finance platforms generate a staggering amount of data. Every minute an overwhelming number of dollars are traded, 
swapped, changed hands or poured into some innovative product. This infobesity becomes a burden for investors, analysts 
mentioned in markets, or for service providers themselves. Huge amounts of individual transaction data are automatically 
stored by modern finance platforms. They can leverage big data analytics to derivate timely and actionable insights from such 
data for various purposes such as investment strategies or risk management. Yet, for algorithm providers, they need to choose 
carefully what data to process and how to process it to optimize outputs in terms of time and costs. It is a non-trivial question. 
So a large effort is devoted to this challenge. In the end, efficient and accurate big data analytics is achieved for the purpose of 
providing optimized insights with controllable time/cost, to impact the success of modern finance. 



Jai Kiran Reddy Burugulla 951 
 

www.KurdishStudies.net 

 
Fig : 2 Consumer Behavior in Digital Marketing 

 
The ability to predict the future rise/fall of an asset price obviously can lead to substantive profit. The challenge is directly 
related the required output and the unique real world. To predict price movements properly, a range of features can be 
processed including historical prices, transaction data and sentiments. Yet in many cases, properly constructing output data 
itself seems a remotely achievable goal. Data is often imperfect and noisy. Very often, some macro signals are cropped in 
respect to the expertise. However, for those finance platforms providing mini-bots for wealth management, pre-trained Lotto 
price predictors could be connected with a limited controllability of underlying data. Or a comprehensive option price maker 
capable of various spacial market inputs and agnostic convention contexts can also be trained via huge transaction records. 
Explaining why clients behave in a particular way is equally important. However, there is still no standard acceptable methods 
for explaining modern finance platform algorithms. A more detailed model or pathway should be uncovered. Yet the users of 
such modern finance platforms are in great numbers and diversity. Onboarding cost and stickiness must be more favorably 
taken into account. Each case explanation could be costly. So there are trade-offs among all these factors, which makes 
providing accuracy explanations here very hard. Communication on a more general level could be a feasible way. For instance, 
nothing large scale or unprecedented chance trading action is sent into market, which could help calm down mass panic to 
some extent [1]. 
4.3. Prescriptive Analytics    
Prescriptive analytics refers to systems providing recommendations for decision making and could also include simulation-
based sub-systems enabling what-if analysis. Primarily prescriptive systems are based on optimization models and simulations 
which can incorporate various algorithms to arrive on optimal solutions but also allow for the assessment of the effects of 
different scenarios on the decision making problem. Even if the first such systems date back several decades, prescriptive 
systems today are experiencing a renaissance, particularly in financial services. This is due to a combination of favorable 
frameworks: (i) continuing advances in modeling frameworks and commercial packages, (ii) computational approaches 
increasingly supporting complex models, (iii) the availability of abundant types and volumes of data and (iv) the relative value 
of quantification in times of deep uncertainty. Because most prescriptive systems are based on optimization models, they are 
divided into systems based on a broad class of classical and new paradigms (like stochastic programming and robust 
optimization) and simulation-based systems. 
Two rare reviews of prescriptive and predictive systems in financial services provide additional insight on the use of prescriptive 
systems in different sectors. Although reviewed separately, the commercial systems of Oracle and SAS have substantial in-
house development and include modeling and simulation sub-systems. They also review Financial Modeller, a commercial 
package of Knowledge View which is similar to Risk Solver, and financial systems based on GAMS and other commercial 
modeling languages. Commercial systems include EXCEL which incorporates commercial add-ins for OLAP analysis, Gurobi 
and CPLEX optimization solvers. The review covers the vendor, application area and model type but is vague regarding 
specifics of modeling and algorithms and some areas and vendors are not covered. 
In an industry that is often associated with trolling and calls to action, organizations such as capital markets regulators have 
the responsibility to monitor trading activity for possible manipulative behavior. Although much of this work is performed by 
human analysts, regulatory authorities such as the SEC are increasingly automating the process through the use of supervised 
learning techniques [3]. With the explosive growth of social media, stock market neophytes have turned to online platforms 
to seek investment ideas and tips. References and sentiment articulated in these tweets may be able explain retail trading activity 
in certain circumstances [4]. Prescriptive analytics in turn can assist regulators in addressing subsequent market moves and 
shifts in security pricing trajectories. 
 
5. Customer Behavior Analysis 
Most of the work lay down in this study focus on consolidation and approach on how to better comprehend the nature of 
those actions as well as help to interpret the potential significance behind those observations. In order to build a clear modeling 
to capture customer behavior, the definitions of actions before they can be precisely viewed and tracked, are necessary. The 
term ‘event’ can connote a variety of interpretations. Frequently events are understood as ‘observable occurrences’. Such 
observable occurrences can also be referred to as ‘behavior’. Thus, customer events can be thought about customer behavior. 
Hence, customer behavior is more complex than observing events. Each event is appeared in a certain time, category, and 
stated a certain fact. When several events are taken into account together, a more coherent reasoning process leads to a 
particular understanding of behavior. A unique behavior pattern corresponds to each unique action from each participant. 
There are two key issues about a behavior: ’what’ are the actions observed, and ‘how’ unique actions are rumored. Regarding 
‘what’, a common behavior model confronts emergence locations of consolidation. Behavior may happen in different channels 
like retail, mobile, and app stores, and different formats like social websites, CRM services, searches, and publications [5]. 
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However, as each channel formats different kinds of observations, it is not easy for them to be better understood together. 
Common data representation modeling is necessary for the observed behavior from different channels. On spectacular 
emergence location, automatic analysis of those behaviors by models can be furthered about ‘how’ can the states (facts of 
observations) of events determine the presence of be observed patterns. Regardless of the observation process, either fact 
capturing or modeling, finding better representation with common definition of ‘observed behavior’ is the stage determined 
behavior discovery modeled analysis. In addition to analyzing the behavior patterns, other questions may be about the value 
and importance of a certain behavior. Falling into a discount process after gathering leads to a cessation of demand and the 
abandonment of action. Customer behavior analytical systems begin to emerge in expansion suite platforms to provide 
customer behavior insights. With a rising utilization of all businesses, it becomes a realistically distributed and expected service 
for large e-commerce websites. 
5.1. Segmentation of Customers   Customer segmentation is an essential field of research for banking 
institutions as it understands actual spending behaviour. As banking customers grow, it has become critical for these 
institutions to have a thorough understanding of their customers and be able to segment them into groups with similar 
behaviours. This is vital for promoting customer loyalty or upselling products and services. For demographic segments such 
as age, gender, and income, this classification has been easy to do. However, these types of features produce coarse segments 
and do not capture the essence of the data. Additionally, classification based on these features discriminates against customers 
and could violate regulations. The introduction of machine learning methods in the past two decades has led to more advanced 
methods of extracting patterns in data automatically. With the development of new architectures, customer segmentation is 
becoming a popular field of research. 
 

Eqn.3: Alternative Equation (Data-Driven Optimization Framework) 

    
 
Two important issues are fully addressed in customer segmentation in banking: first, methods that allow for a degrees-of-
freedom input space offered by textual transaction description to extract additional salient features besides the numerical 
transaction data are not evaluated; second, financial institutions face legal and ethical obligations towards the responsible 
implementation of AI. The explainability and interpretability of AI models have not yet been adequately addressed in the 
financial industry. Both issues are detrimental to delivering the financial services industry’s ultimate goal: the ongoing 
development of personalized high-value financial services to each client. Without salient features, it is difficult to make the 
implementations of banking services understandable with respect to business rules and regulations. Implementation such as 
micro-segmentation comes with an increased potential for discrimination and/or exclusion, particularly in sensitive areas such 
as finance, healthcare, and biometrics. 
Micro-segmentation seems to be a more sophisticated rigorous classification, and in turn is thought to lead to better 
personalization of services and products. It is believed that micro-segmentation delivers better financial services to customers 
and better risk management, which fits within the modern risk management practice of including transaction and spending 
behaviour into the understanding of risk [6]. These experts wish to develop a method allowing for the automatic extraction of 
salient features for customer micro-segmentation from transaction behaviour time series banks and other financial institutions 
possess, while ensuring that such model implementations can be understood and interpreted with respect to business rules, 
common market practice, and regulations. 
5.2. Behavioral Patterns and Trends   
Behavioural patterns can be identified as specific rules that define the linear relation between input attributes and target 
behaviour or markers. Such behavioural patterns are defined relationally and can be expressed as follows: If an event occurs 
(referred to as the antecedent), then the probability that a specific behaviour will occur in the future (the consequent) is 
calculated. The relationship is searched in the temporal relations of an event with precision, recall, F-value, etc. models are 
centralized and then if prevalent, tuned by time. Transactions are either user- or product-oriented in the identification of 
purchases made by a user from a store in a specified time interval or a log file describing actions taken by users clicking related 
on websites, respectively. 

 

6. Transaction Insights 
With this view, a preknowledge of events that should point to user intention is useful. However, earlier methods track 
parameterized log files, where logs are entry months of specific fixed relations to identify paths indicating knowledge seeking. 
Such path definitions presuppose knowledge of behaviour which contradicts the efficiency goal, namely the absence of 
preknowledge of process-related structures. Making use of only internal data, closed and open code data mining techniques 
detect behaviours and user-oriented characteristics of systems. Such self-learning systems exploit mined behaviour patterns to 
filter behaviour, either on persistence or importance consensus terms, for individual users or groups of users. Self-learning 
text-mining classifiers extract terms of renewed importance for evaluating users and exploring preferences. 
Since self-learned data can usually be constructed independent of databases, a preknowledge of filter design is not required. 
Codes can be exchanges between data mining researchers to examine data from a different context. User-ported blacklist and 
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blacklist replacement are other applications. Earlier methods filter material and goal-oriented. Event detection methods exploit 
precompiled dictionary based on syntactic rules of the occurrence. However, earlier methods are usually data-driven, 
necessitating a temporal order and semantic relation to relate user interest to daily happenings. 
 
7. Impact of Big Data on Financial Decision-Making 
The rapid growth of online financial transactions has resulted in a significant increase in the accumulation of transactional 
data. This has also led to a burgeoning interest in big data analytics, referred to as the capture, storage, management, analysis, 
and visualization of massive data in different formats and structures [1]. Businesses naturally gravitate towards this analytical 
technology, as it has the ability to create a significant competitive advantage; however, many of them do not have the prior 
experience or knowledge to timely assess the technology as required. In addition, due to the agility of the technology, there is 
very little research investigating how firms altogether develop resources to comprehend the technology well to increase its 
likelihood of eventual impact. 
 

 
Fig : 3  Big Data and Advanced Analytics 

 
There may be serious challenges to the timely uptake of big data analytics capabilities to assess financial platforms and better 
tailor services to potential customers during the initial screening period, as recent breakthroughs in the technology push the 
perceived momentum for disruptive innovation above the level imaginable before. The resource-based view (RBV) asserts 
that firm-specific resources can lead to a sustainable competitive advantage if their resource positions are developed and 
maintained, so as to increase the likelihood of performance improvement over less fortunate firms. In addition, those 
advantages may be counteracted or nullified. Those challenges are often exacerbated by strategic resource allocation and 
mobilization from the perspective of managerial cognition because acting opportunistically results in a firm-level judgment 
bias for inflating the perceived momentum for disruptive innovation and overlooking potential threats. Through which the 
feasibility of systems for developing bi-capital and performance impacts of big data analytics in financial platforms are detailed 
respectively. 
7.1. Enhancing Risk Management    
The implementation of big data analytics in fintech has the potential to significantly improve risk management processes. This 
is particularly relevant in the context of the risk management arm of a large, established bank looking to build efficient risk 
management systems. Data analytics can aid in the identification and analysis of risks, compliance with regulations, and the 
design of new risk policies. By utilizing data analytics throughout these phases, banks can gain deeper insights into the identified 
risks, while also benefiting from cost and time savings [1]. 
Big data analytics can enhance the analysis of existing and prospective risks in various ways. In terms of measurement and 
metrics, analytic modeling can improve the calibration of models for market risk, credit risk, and other areas, leading to 
meaningful improvements in relevant metrics. For example, more tailored models can be designed to better account for recent, 
rapid market moves, even as they simultaneously allow for the handling of multiple portfolios. In terms of scenario 
development, big data analytics can help design new and unanticipated stress test scenarios based on a much broader range of 
data, including news headlines, tweets, and Google search trends. This gives inkling to new and previously unrealized risks. 
In terms of compliance with regulations, data analytics can provide reinforcement in three areas. Firstly, banks can more readily 
validate that required data had been maintained and not mangled in transit. Secondly, they can investigate how funding and 
cash flows have changed as a precondition for valuing complex instruments. Finally, they can analyze business processes and 
transaction flows and ensure that appropriate standards are not being outmaneuvered. All of these endeavors would be 
significantly easier to perform if better analytics tools were available. 
7.2. Improving Customer Experience 
To maintain an edge in today’s competitive economy, businesses can leverage big data and effectively enhance customer 
experiences. With access to households’ private data across platforms, businesses are hiring more data analytics experts to keep 
them ahead of the game. In the past, businesses used historical and transactional data, social network interactions, customer 
segmentation traits and heuristics, and online behavior and customer search data to study customer preferences and individual 
needs. 
 
8. Technological Frameworks for Big Data Analytics 
But now, as more data sources are being utilized, businesses can actively analyze inferences to deeply understand customer 
behaviors and proactively approach customers. Furthermore, various technological advancements like cloud computing and 
infrastructural developments have also become an asset for businesses, allowing them to increase processing power. As data 
storage and processing capacity turn to almost infinite, businesses need to refine strategies that leverage big data analytics to 
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provide a broader understanding of customer experiences. The significance of big data analytics on customer experiences and 
possible research routes have highlighted the scope of academic contributions in this area. 
Data profiling is a structural and operational organization of numerical and non-numerical records, allowing analysts to carry 
out statistical operations on specific data records. To budget or explore data profiling, data researchers first need a preliminary 
organization option. Up-to-date data is imported into a data profiling tool, wherein filtering and changing datasets will be 
cultivated in the information warehouse during ETL practices. Data analysts have significant positions that will have more 
strict verifications, while business analysts’ intention is to fix major records from hazardous mistakes made by computation 
programming. 
 
9. Challenges in Implementing Big Data Analytics 
The adoption of Big Data Analytics in finance-sector businesses across the globe has rapidly accelerated, ushering in a new era 
of information technology with the potential to record and analyze data at unprecedented speeds. Merely a wispy dream two 
decades back, this phenomenon has emerged as a reality in recent years. The proclivity of financial-sector enterprises, along 
with the ecosystem as a whole, to propitiously leverage the movement of "Big Data" has increased multifold, and financial 
technologies associated with Big Data have surfaced which are focusing scope of work in securing, processing and analyzing 
data through scalable techniques that can handle data of any size at lightning speeds [1]. 
Despite the remarkable heights achieved, there are still significant challenges in ensuring security of their systems and data 
analysis techniques so as to make sure that the techniques employed obtain transpicuous, consistent and sound data with 
negligible or no chances for occurrence of false-outcomes. Keeping in view the financial security considerations with colossal 
monetary losses in the wake of leakage of critical data, these challenges can dent the image of the financial corporation 
implicated in the security lapse and sometimes the repercussions can be extensive. There have been several notable hacking 
endeavors wherein state sponsors were uneased with hacking financial systems of their opponents which resulted in economic 
losses alongside the denting of market credibility. 
Generally, there are two approaches to maximize results from a Big Data-Analytics (BDA) system: the emergence of systems 
that allow provision of compute-engine nivel data that can be searched and analyzed without loading the initial raw, time-
critical and potentially personal data. In this approach, the resultant data would not hold content information on their own 
but will carry metadata that can help retrieve the analytics for display. The second approach allows maximum results to be 
extracted from the system being familiar with either schemas or attribute hierarchies of the incoming data. In this work, it 
would be more beneficial to subsume BDA terminology which considers the 'Product Data Providers' and 'Pricing Model', as 
these two providers collectively complete the requirement chain. 
9.1. Data Privacy and Security Concerns   
Big data analytics has brought opportunities and challenges for users in finance platforms and service providers in data 
protection due to technology flexibility and enterprise scale. Personal identification information can develop methods to 
enhance security and trust in finance service platforms. Growing finance platforms have drawn increasing attention to 
safeguarding against losing customers by unlocking transaction insights and optimally designing the ratio of free service and 
paid service regarding customer behavior in a competitive marketplace of finance service providers [1]. Finance platforms can 
develop more adaptable analytics of transaction insights and customers’ behavior using flexible architectures of big data 
analytics, including gathering finance log data and extracting structured insights from the log data like customer behavior 
patterns. 
At the highest level of architecture, finance platforms control data generation sources and the scale of the service business. 
Income- or subscription-based finance apps can employ edge analytics to collect heterogeneous big data and conduct real-
time analyses on client devices. The finance service platform can therefore gather a rich dataset of transaction insights about 
personal finance. As the scale of the finance platform grows and a rich dataset of transaction insights is extracted, it will 
become an increasing concern for the finance platform to manage security in protecting sensitive client data and analyze 
transaction insights in advanced ways. At the highest level of architecture, the application of edge analytics and opportunities 
for acquiring a structured dataset of transaction insights are discussed. 
Most existing analytics by finance platforms are rigid models regarding a specific target insight and/or a streaming computation 
on data with a concise format input, which restricts the ability to flexibly design advanced analytics on a comprehensive dataset 
of transaction insights. This insufficiency has deterred finance platforms from constructing security mechanisms on transaction 
insights. Runnable analysis scripts can be synthesized online by an application, such as a finance platform, with a formalized 
control language comprehensibly to prevent data protection loss through security protocols. Flexible architectures of big data 
analytics are elaborated with models/classes of sensed big data owing to vendor- or service-platform-exclusive consumption 
protocols. 
 

 
Fig: 4 Big Data Analytics in Banking 
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9.2. Integration with Legacy Systems    
In addition to modernized systems, every fintech company has legacy systems in place. Thus, while new systems are being 
built for different purposes, the engineers also work to ensure the modernization of the old systems. In a company where 
system architecture redesign has been completed, these old systems should be re-implemented and redeployed to use the new 
architecture. A pipeline to transfer or recreate these softwares through different layers is created to redesign AI algorithms, 
business logics, and databases. In this process, engineers carefully analyze the old systems to find each layer and try not to 
change the complexity and logic of these layers. When redeployment is not possible because of modern architecture change, 
lookalike software is designed in a new way that serves the same purpose with minimal alteration on monetization and business 
mechanism [1]. 
Such software is designed in a new way using different paradigms. Although the final outcome may perform the same purpose, 
it requires changing programming languages and environments. When commercial softwares, not in the portfolio of the 
modernized company, are used to overlook the work of previous engineers, instead of writing it from scratch, reusable pieces 
of code are transferred. When the knowledge required to read and rewrite the code is out of current engineering resources, 
instead of switching to the modern architecture where entry to the service is restricted, the sign-in process is transferred to the 
new abstraction and its database is lifted to operate with business servers without affecting the usage of money. The squeezed 
legacy databases are transformed into a readable and usable format where IT teams can look for the prior needs of fraud and 
dispute signalization. 
Every day, and to be written, so a ticketing or something similar should be established yet. In addition to potential fraud, their 
relevance should also be examined for disputes and disagreements. As a reminder, a discrepancy does not mean fraud, as a 
real customer may have errors made by accidental purchase of similar items or misentering a wrong amount, it should be kept 
in mind that dispute signals from abnormal customers flagged as suspicious, such as speed-of-input errors or purchase of 
outliers in the time series, should draw a higher concern level. 
 
10. Case Studies 
To illustrate the transformative potential of big data analytics in finance platforms, two case studies can be examined. The first 
study explores how a major bank leveraged advanced analytics capabilities to better understand customer behavior and tailor 
its digital offerings to suit the evolving expectations of consumers. The second case highlights how this exploration revealed 
powerful opportunities to innovate informatic tools, systems, and processes for analyzing nearly real-time transaction insights. 
A global retail bank partnering with a market-leading vendor of descriptive analytics software and a competitive software 
development firm provides the first case. The bank planned to rely on customer behavior modeling and segmentation to 
improve its digital banking and marketing efforts. It first initiated small-scale pilots to assess the potential gains from big data 
analytics—this means not only an investment in advanced software but also, and more importantly, a long and exhaustive 
preparation process to deploy the systems, data, and customer targets. In a small and limited transaction dataset, the early 
results were promising, communicating successful and vivid case studies. Based on these insights, the bank and its partners 
also aimed to expand to larger customer segments and farther-reaching investment fronts, making significant investment 
decisions on infrastructure, computing power, data security, connectivity, and access. 
To mitigate risks and ensure successful implementation, it was a competitive and challenging endeavor involving multiple 
organizational layers across the partner firms. Given the complexity of the overall problem—a network of numerous areas 
and cases to study—the exploration ended up needing additional analytics toolkits, processes, and systems. The banking 
partner needed a separate visualization system for onsite analysis preparation, and complex queries and background processes 
were needed on a separate database engine. After many redesigns and recodes of upgraded versions, complex systems 
supporting large-scale analysis were in place. The exploratory tasks also helped gain further insights into the Islamic Banking 
KPI calculation procedure, particularly its data collection and aggregation processes. 
 

 
Fig: 5 Big Data Processing 

 
10.1. Successful Implementations in Banking   
Big Data collection and analytics were first adjusted to finance platforms relatively straightforwardly. Since big data had no 
meaning for classical financial infrastructure, the Big Data had been collected for a long time, as digitized transactions and 
interactions were stored. However, earlier systems were underutilized, not in real-time, and poorly connected, meaning that 
they had distinct advantages in competition, but banks at the same time had low motivation to invest in significant 
transformation. Therefore, banks were neither addressing nor contemplating proper integration of Big Data projects into their 
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overall strategies and decision logic, as banks collected significant data amounts over time, financially educated professionals 
were employing qualitative measures to obtain insights. However, this was suboptimal, as significant parts of the intricated 
decision-making processes were linear and involved on-trade and independent. Various measures were possibly monitored 
and interpreted, but overwhelmingly questionable behaviour would be disregarded due to the lack of humanly interpretable 
and appropriate written procedures or guidelines. 
In contrast, softer banks cashed in relatively quickly with this technology, as definitive measures with computerized reports, 
suggesting non-usual trends on the monitored fractions of analytics, were addressed. The first efforts were devoted to 
optimizing risk payoffs and boosting clients’ behaviour understanding. Upstream big-data systems were maintained eclectic, 
as one part was transaction interaction-focused, while the other sales-driven tasks were foreseen as conversational exchanges. 
Alternative attempts were made with platforms based on social interactions in earlier stages, which down the line, however, 
implied extensive reputational risks as well. Leading this stage of development, risk and reward optimization took place in 
parallel investments [7]. 
 
10.2. Innovative Uses in Investment Firms Investment firms have felt competitive pressure to put their data to better use 
and have ramped up data analytics and visualization investment across the board. Visualization tools help firm-wide end-users 
understand their data in context, while more esoteric natural-language processing tools analyze the text of thousands of news 
and social media outlets. All these efforts allow users with less quantitative backgrounds to extract insight from data, freeing 
quantitative researchers to adopt novel and specialized methods. Despite these advances, investment firms still have a long 
way to go to maximize the value of their data. 
Presently, transaction analysis is done to better understand the rationale underlying trade decisions, to examine market impact, 
and to explore ways to mitigate trading costs. However, these efforts are labor-intensive and often not uniform. Users are 
challenged to optimally narrow down the relevant historical times or assets to compare profiled trades to a broader database 
of possibly similar trades. Historical settings or assets must be intelligently filtered based on both historical trades and current 
markets. It would be advantageous to speed up this process by pairing custom or extensible syntax with machine learning to 
constantly learn from users. Frequent searches could be delivered automatically to users for their assessment. 
Leveraging hardware acceleration opportunities and relevant libraries, transaction analysis can leverage real-time calculations 
and extract ideas to go through a dataset of possible candidates. The core functions of a solution comprise price functions, 
cost functions, data segmentation functions, and visualization engines, all of which it is intended to make interactively 
extensible by language specification or training. Depending on user choices, price and cost functions could be customized on 
the user side or learned over historic trades to extract transfer function-like curves. Data segmentation could be done in 
advance on the fly based on user choices, while visualization engines could display current markets, time-based tickers, and 
custom trading APIs and order routers to suit different user interests [1]. 
 
11. Future Trends in Big Data Analytics in Finance 
Several advanced analytics techniques for big data are beginning to change the development and implementation of new 
financial services, and financial regulations are addressing this technology shift, with the goal of remaining technology neutral 
to enable the use of diverse analytics techniques. Various next bank idea service strategies, products, and policies considered 
important for the local banking industry in the next three years are discussed next. These include predictive asset management 
for sales and service, extended use of voice analytics for business intelligence, a shift to streaming analytics for real-time 
decision support and development, and implementation of augmented intelligence systems including explainable AI [1]. 
11.1. Artificial Intelligence and Machine Learning 
The explosion of new technologies, ever-growing personal and institutional data, ever-cheaper cloud storage, and rapid 
advancements in data analysis techniques means that even the most traditional of industries can learn a great deal from the 
techniques used in the technology sector in order to optimize opportunities in their own backyards. The financial technology 
(fintech) sector is undergoing the same transformation seen at Facebook, Amazon, Netflix, and Google but in reverse. 
Financial institutions are making better and faster investment and credit decisions, and are improving compliance tracking 
through Artificial Intelligence (AI) and Machine Learning (ML): decision making needs to be balanced with logical auditing 
and regulatory compliance. With the explosion of unstructured data at the choice of financial analysis, discoverability and 
improve identification of signals of interest can result in significant dividends. 
 

 
Fig: Visual Analytics 

 
Machine learning and artificial intelligence are truly useful technologies for the modern finTech sector, and early movers will 
have a significant advantage over their competitors [1]. Traditionally, the key processes of credit risk assessment, investment 
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valuation, and compliance have been rules-based and bureaucratic, with swathes of analysts poring over financial statements 
and generating a structured report under the light of dozens of rules. Fintech firms, with unencumbered access to high-
frequency market data and growing scope of private social media and channels of word-of-mouth gossip, are investing heavily 
in data infrastructure and hiring. Understanding transaction and stock price movement and predicting future price movements 
are one of the long-standing problems in quantitative finance. In this backdrop, the explosion of high-frequency data in both 
a temporal sense, with the rise of cryptocurrencies and of a new product type, and a vertical sense, with social media generating 
a wide range of sources discussing opinions on firms’ actions and Governments’ policies. 
And in fact, a recent initial guide to the subject indicates that a sea of opportunities exist to better discover signals of interest, 
to be modelled and used in classic asset pricing and market making frameworks. The ever-present caveat of fitting models and 
expected empirical results on a data set still hold, but advanced and online learning techniques can be deployed to update 
models in a hands-off manner. The new data pipelines can be inspected with Big Data analysis techniques capable of handling 
large data sizes and rapid accumulations. As new sources are considered, filtering and extracting words through vectorizing 
and time-series feature analysis remain cornerstones of text mining, while a host of newly developed algorithms can help fine-
tune calibrating weights and statistics in a semi-automatic manner on comments regarding firm value or market properties. 
11.2. Real-time Analytics     
Real-time In-memory Analytics (RIMAs) strategies that encompass a common analytic platform (CAP) architecture to 
complete analytical processes at a constrained response time from the customer perspective is proposed. Business value of the 
various capabilities of in-memory technology (IMT) that are believed to significantly impact customer performance is explored. 
Subsequently, using a combination of research notes and process-related real-world cases, it is illustrated how in-memory 
analytics can be applied in practice to reuse existing business intelligence consultative processes and components. 
Organizations are embedded in voluminous and fast changing surroundings due to the fast development of social networks, 
e-business platforms, interactive mobile devices and sensors. In conjunction, organizations perform more operational 
planning, collecting and analyzing business data (i.e., measures of transactions). This captures the relevance of better customer 
management (CM) in reflecting variability in nature and behavioral patterns in customer activity. 
Given the ever-increasing amount of data captured and transferred from business processes more sophisticated data analyses 
are needed to convert original data into information, knowledge and ultimately either business guidance, business decision or 
even business decisions-in-the-foreground to execute the given decision. Two types of data analyses are distinguished, namely 
online analyses (i.e., analyses throughout the decision process) to support short-term decisions and decision-in-the-foreground 
analyses (i.e., analyses in which supporting knowledge is embedded) to execute long-term decisions [8]. Companies with limited 
competencies in executing data analyses process either the in-sourced data offline throughout the analyses processes or the 
out-sourced data at the external analysts. Therefore, one needs efforts to support companies in the growing need of online 
analysis of captured process data. A new research paradigm focused on RIMAs is introduced. 
Traditionally, companies face the difficulty in balancing the increased volume and speed of data with a high-performance 
analytic capacity. The proposed CAP architecture to complete business analytic processes at a constrained response time from 
the customer perspective encompasses data, processes and a user interface [3]. CAP refers to a task-and-process-oriented 
analytic platform technology that enables to rapidly reuse process- and task-oriented analytic business components (i.e., 
queries, reports and data mining models) and to novelly compose components into new business processes. 
 
12. Conclusion 
Big Data Analytics is a massive dataset to process information using several datasets complemented by powerful processors. 
It is the ability to analyze data and find hidden insights or patterns that weren’t visibly detectable. The current financial sector 
must face the ability to cope with a significant percentage of daily global data, which massively grows every year in an 
exponential fashion with structured, semi-structured, and un-structurability data. Such data types and volumes integrate vast 
formats like text, audio, videos, messages, and other formats. Moreover, the data source captures several types like constant 
data update rate and infrequencies broad-band signals. Nowadays, such data types constitute the Information Age and are vital 
for Artificial Intelligence Deep Learning modeling and predictive analysis. 
In the banking and finance sector, Big Data aims to analyze massive sampled data to act smarter data-driven actions via 
degrading and extracting meaningful insights or conduct various multi-users manage actions between various stakeholders. 
The era of “Data is oil” suggests that big amounts of data transform the finance sector with the huge data age and intelligent 
financial services in a modern finance ecosystem. Finance Big Data refers to the availability of unharnessed information 
repository made of techniques and applications to capture, store, and organize large-sized and varied content that could be 
valued by banks and transactions intelligence, companies, consumers, and society for opposite balanced sides and benefits. 
The finance searchers are massive huge in amount, but few scholars in operational research and artificial intelligence domain 
work with transaction and payment understanding in the predictive analysis and hiding data insights in Big Data technologies. 
Further, the finance platforms and Financial Technologies companies either just focus on one side—the technological 
massively transaction or hacking prevention or the gameplay romance of it—and avoid the lost balance power of Big Data's 
ability in extracting meanings/full-text understanding analysis or in-depth human analysis. The discussed ideas of analytics in 
modern finance will journey on recent Big Data production and its knowledge discovery, representation architectures and 
analytics toolkits understand finance event objects and intelligent insights extraction in the finance platforms and its applied 
search. 
 
 
 
 



958 Harnessing Big Data Analytics To Optimize Transaction Insights And Customer Behavior In Modern Finance Platforms 

 

Kurdish Studies 

References: 
[1]  Kommaragiri, V. B., Preethish Nanan, B., Annapareddy, V. N., Gadi, A. L., & Kalisetty, S. (2022). Emerging 

Technologies in Smart Computing, Sustainable Energy, and Next-Generation Mobility: Enhancing Digital Infrastructure, 
Secure Networks, and Intelligent Manufacturing. Venkata Narasareddy and Gadi, Anil Lokesh and Kalisetty, Srinivas. 

[2]  Pamisetty, V., Dodda, A., Singireddy, J., & Challa, K. (2022). Optimizing Digital Finance and Regulatory Systems 
Through Intelligent Automation, Secure Data Architectures, and Advanced Analytical Technologies. Jeevani and Challa, 
Kishore, Optimizing Digital Finance and Regulatory Systems Through Intelligent Automation, Secure Data 
Architectures, and Advanced Analytical Technologies (December 10, 2022). 

[3]  Paleti, S. (2022). The Role of Artificial Intelligence in Strengthening Risk Compliance and Driving Financial Innovation 
in Banking. International Journal of Science and Research (IJSR), 11(12), 1424–1440. https://doi.org/10. 
21275/sr22123165037 

[4]  Komaragiri, V. B. (2022). Expanding Telecom Network Range using Intelligent Routing and Cloud-Enabled 
Infrastructure. International Journal of Scientific Research and Modern Technology, 120–137. https://doi.org/10. 
38124/ijsrmt.v1i12.490 

[5]  Pamisetty, A., Sriram, H. K., Malempati, M., Challa, S. R., & Mashetty, S. (2022). AI-Driven Optimization of Intelligent 
Supply Chains and Payment Systems: Enhancing Security, Tax Compliance, and Audit Efficiency in Financial Operations. 
Tax Compliance, and Audit Efficiency in Financial Operations (December 15, 2022). 

[6]  Mashetty, S. (2022). Innovations In Mortgage-Backed Security Analytics: A Patent-Based Technology Review. Kurdish 
Studies. https://doi.org/10.53555/ks.v10i2.3826 

[7]  Kurdish Studies. (n.d.). Green Publication. https://doi.org/10.53555/ks.v10i2.3785 
[8] Motamary, S. (2022). Enabling Zero-Touch Operations in Telecom: The Convergence of Agentic AI and Advanced 

DevOps for OSS/BSS Ecosystems. Kurdish Studies. https://doi.org/10.53555/ks.v10i2.3833 
[9] Kannan, S. (2022). AI-Powered Agricultural Equipment: Enhancing Precision Farming Through Big Data and Cloud 

Computing. Available at SSRN 5244931. 
[10] Suura, S. R. (2022). Advancing Reproductive and Organ Health Management through cell-free DNA Testing and 

Machine Learning. International Journal of Scientific Research and Modern Technology, 43–58. https://doi.org/ 
10.38124/ijsrmt.v1i12.454 

[11] Nuka, S. T., Annapareddy, V. N., Koppolu, H. K. R., & Kannan, S. (2021). Advancements in Smart Medical and Industrial 
Devices: Enhancing Efficiency and Connectivity with High-Speed Telecom Networks. Open Journal of Medical 
Sciences, 1(1), 55-72. 

[12] Meda, R. (2022). Integrating IoT and Big Data Analytics for Smart Paint Manufacturing Facilities. Kurdish Studies. 
https://doi.org/10.53555/ks.v10i2.3842 

[13] Annapareddy, V. N., Preethish Nanan, B., Kommaragiri, V. B., Gadi, A. L., & Kalisetty, S. (2022). Emerging 
Technologies in Smart Computing, Sustainable Energy, and Next-Generation Mobility: Enhancing Digital Infrastructure, 
Secure Networks, and Intelligent Manufacturing. Venkata Bhardwaj and Gadi, Anil Lokesh and Kalisetty, Srinivas, 
Emerging Technologies in Smart Computing, Sustainable Energy, and Next-Generation Mobility: Enhancing Digital 
Infrastructure, Secure Networks, and Intelligent Manufacturing (December 15, 2022). 

[14] Phanish Lakkarasu. (2022). AI-Driven Data Engineering: Automating Data Quality, Lineage, And Transformation In 
Cloud-Scale Platforms. Migration Letters, 19(S8), 2046–2068. Retrieved from https://migrationletters.com/ 
index.php/ml/article/view/11875 

[15] Kaulwar, P. K. (2022). Securing The Neural Ledger: Deep Learning Approaches For Fraud Detection And Data Integrity 
In Tax Advisory Systems. Migration Letters, 19, 1987-2008. 

[16] Malempati, M. (2022). Transforming Payment Ecosystems Through The Synergy Of Artificial Intelligence, Big Data 
Technologies, And Predictive Financial Modeling. Big Data Technologies, And Predictive Financial Modeling 
(November 07, 2022). 

[17] Recharla, M., & Chitta, S. (2022). Cloud-Based Data Integration and Machine Learning Applications in 
Biopharmaceutical Supply Chain Optimization. 

[18] Lahari Pandiri. (2022). Advanced Umbrella Insurance Risk Aggregation Using Machine Learning. Migration Letters, 
19(S8), 2069–2083. Retrieved from https://migrationletters.com/index.php/ml/article/view/11881 

[19] Paleti, S., Burugulla, J. K. R., Pandiri, L., Pamisetty, V., & Challa, K. (2022). Optimizing Digital Payment Ecosystems: 
Ai-Enabled Risk Management, Regulatory Compliance, And Innovation In Financial Services. Regulatory Compliance, 
And Innovation In Financial Services (June 15, 2022). 

[20] Singireddy, J. (2022). Leveraging Artificial Intelligence and Machine Learning for Enhancing Automated Financial 
Advisory Systems: A Study on AIDriven Personalized Financial Planning and Credit Monitoring. Mathematical 
Statistician and Engineering Applications, 71 (4), 16711–16728. 

[21] Paleti, S., Singireddy, J., Dodda, A., Burugulla, J. K. R., & Challa, K. (2021). Innovative Financial Technologies: 
Strengthening Compliance, Secure Transactions, and Intelligent Advisory Systems Through AI-Driven Automation and 
Scalable Data Architectures. Secure Transactions, and Intelligent Advisory Systems Through AI-Driven Automation and 
Scalable Data Architectures (December 27, 2021). 

[22] Sriram, H. K. (2022). Integrating generative AI into financial reporting systems for automated insights and decision 
support. Available at SSRN 5232395. 

[23] Koppolu, H. K. R. (2021). Leveraging 5G Services for Next-Generation Telecom and Media Innovation. International 
Journal of Scientific Research and Modern Technology, 89–106. https://doi.org/10.38124/ijsrmt.v1i12.472 

https://doi.org/10
https://doi.org/10
https://doi.org/
https://migrationletters.com/


Jai Kiran Reddy Burugulla 959 
 

www.KurdishStudies.net 

[24] End-to-End Traceability and Defect Prediction in Automotive Production Using Blockchain and Machine Learning. 
(2022). International Journal of Engineering and Computer Science, 11(12), 25711-25732. https://doi.org/10.18535/ 
ijecs.v11i12.4746 

[25] Chaitran Chakilam. (2022). AI-Driven Insights In Disease Prediction And Prevention: The Role Of Cloud Computing 
In Scalable Healthcare Delivery. Migration Letters, 19(S8), 2105–2123. Retrieved from https://migrationletters.com/ 
index.php/ml/article/view/11883 

[26] Sriram, H. K., ADUSUPALLI, B., & Malempati, M. (2021). Revolutionizing Risk Assessment and Financial Ecosystems 
with Smart Automation, Secure Digital Solutions, and Advanced Analytical Frameworks. 

[27] Avinash Pamisetty. (2021). A comparative study of cloud platforms for scalable infrastructure in food distribution supply 
chains. Journal of International Crisis and Risk Communication Research , 68–86. Retrieved from 
https://jicrcr.com/index.php/jicrcr/article/view/2980 

[28] Gadi, A. L., Kannan, S., Nanan, B. P., Komaragiri, V. B., & Singireddy, S. (2021). Advanced Computational Technologies 
in Vehicle Production, Digital Connectivity, and Sustainable Transportation: Innovations in Intelligent Systems, Eco-
Friendly Manufacturing, and Financial Optimization. Universal Journal of Finance and Economics, 1(1), 87-100. 

[29] Dodda, A. (2022). The Role of Generative AI in Enhancing Customer Experience and Risk Management in Credit Card 
Services. International Journal of Scientific Research and Modern Technology, 138–154. https://doi.org/10.38124/ 
ijsrmt.v1i12.491 

[30] Gadi, A. L. (2022). Connected Financial Services in the Automotive Industry: AI-Powered Risk Assessment and Fraud 
Prevention. Journal of International Crisis and Risk Communication Research, 11-28. 

[31] Pamisetty, A. (2022). A Comparative Study of AWS, Azure, and GCP for Scalable Big Data Solutions in Wholesale 
Product Distribution. International Journal of Scientific Research and Modern Technology, 71–88. 
https://doi.org/10.38124/ijsrmt.v1i12.466 

[32] Adusupalli, B. (2021). Multi-Agent Advisory Networks: Redefining Insurance Consulting with Collaborative Agentic AI 
Systems. Journal of International Crisis and Risk Communication Research, 45-67. 

[33] Dwaraka Nath Kummari. (2022). Iot-Enabled Additive Manufacturing: Improving Prototyping Speed And 
Customization In The Automotive Sector . Migration Letters, 19(S8), 2084–2104. Retrieved from 
https://migrationletters.com/index.php/ml/article/view/11882 

[34] Data-Driven Strategies for Optimizing Customer Journeys Across Telecom and Healthcare Industries. (2021). 
International Journal of Engineering and Computer Science, 10(12), 25552-25571. https://doi.org/10.18535/ 
ijecs.v10i12.4662 

[35] Adusupalli, B., Singireddy, S., Sriram, H. K., Kaulwar, P. K., & Malempati, M. (2021). Revolutionizing Risk Assessment 
and Financial Ecosystems with Smart Automation, Secure Digital Solutions, and Advanced Analytical Frameworks. 
Universal Journal of Finance and Economics, 1(1), 101-122. 

[36] AI-Based Financial Advisory Systems: Revolutionizing Personalized Investment Strategies. (2021). International Journal 
of Engineering and Computer Science, 10(12). https://doi.org/10.18535/ijecs.v10i12.4655 

[37] Karthik Chava. (2022). Harnessing Artificial Intelligence and Big Data for Transformative Healthcare Delivery. 
International Journal on Recent and Innovation Trends in Computing and Communication, 10(12), 502–520. Retrieved 
from https://ijritcc.org/index.php/ijritcc/article/view/11583 

[38] Challa, K. (2022). The Future of Cashless Economies Through Big Data Analytics in Payment Systems. International 
Journal of Scientific Research and Modern Technology, 60–70. https://doi.org/10.38124/ijsrmt.v1i12.467 

[39] Pamisetty, V., Pandiri, L., Annapareddy, V. N., & Sriram, H. K. (2022). Leveraging AI, Machine Learning, And Big Data 
For Enhancing Tax Compliance, Fraud Detection, And Predictive Analytics In Government Financial Management. 
Machine Learning, And Big Data For Enhancing Tax Compliance, Fraud Detection, And Predictive Analytics In 
Government Financial Management (June 15, 2022). 

[40] Innovations in Spinal Muscular Atrophy: From Gene Therapy to Disease-Modifying Treatments. (2021). International 
Journal of Engineering and Computer Science, 10(12), 25531-25551. https://doi.org/10.18535/ijecs.v10i12.4659 

[41] Kaulwar, P. K. (2022). Data-Engineered Intelligence: An AI-Driven Framework for Scalable and Compliant Tax 
Consulting Ecosystems. Kurdish Studies, 10 (2), 774–788. 

[42] Operationalizing Intelligence: A Unified Approach to MLOps and Scalable AI Workflows in Hybrid Cloud 
Environments. (2022). International Journal of Engineering and Computer Science, 11(12), 25691-25710. 
https://doi.org/10.18535/ijecs.v11i12.4743 

[43] Nandan, B. P., & Chitta, S. (2022). Advanced Optical Proximity Correction (OPC) Techniques in Computational 
Lithography: Addressing the Challenges of Pattern Fidelity and Edge Placement Error. Global Journal of Medical Case 
Reports, 2(1), 58-75. 

[44] Raviteja Meda. (2021). Machine Learning-Based Color Recommendation Engines for Enhanced Customer 
Personalization. Journal of International Crisis and Risk Communication Research , 124–140. Retrieved from 
https://jicrcr.com/index.php/jicrcr/article/view/3018 

[45] Rao Suura, S. (2021). Personalized Health Care Decisions Powered By Big Data And Generative Artificial Intelligence 
In Genomic Diagnostics. Journal of Survey in Fisheries Sciences. https://doi.org/10.53555/sfs.v7i3.3558 

[46] Implementing Infrastructure-as-Code for Telecom Networks: Challenges and Best Practices for Scalable Service 
Orchestration. (2021). International Journal of Engineering and Computer Science, 10(12), 25631-25650. 
https://doi.org/10.18535/ijecs.v10i12.4671 

[47] Vamsee Pamisetty, Lahari Pandiri, Sneha Singireddy, Venkata Narasareddy Annapareddy, Harish Kumar Sriram. (2022). 
Leveraging AI, Machine Learning, And Big Data For Enhancing Tax Compliance, Fraud Detection, And Predictive 

https://doi.org/10.18535/
https://doi.org/10.38124/
https://doi.org/10.18535/
https://ijritcc.org/index.php/ijritcc/article/view/11583


960 Harnessing Big Data Analytics To Optimize Transaction Insights And Customer Behavior In Modern Finance Platforms 

 

Kurdish Studies 

Analytics In Government Financial Management. Migration Letters, 19(S5), 1770–1784. Retrieved from 
https://migrationletters.com/index.php/ml/article/view/11808 

[48] Someshwar Mashetty. (2020). Affordable Housing Through Smart Mortgage Financing: Technology, Analytics, And 
Innovation. International Journal on Recent and Innovation Trends in Computing and Communication, 8(12), 99–110. 
Retrieved from https://ijritcc.org/index.php/ijritcc/article/view/11581 

[49] Srinivasa Rao Challa,. (2022). Cloud-Powered Financial Intelligence: Integrating AI and Big Data for Smarter Wealth 
Management Solutions. Mathematical Statistician and Engineering Applications, 71(4), 16842–16862. Retrieved from 
https://philstat.org/index.php/MSEA/article/view/2977 

[50] Paleti, S. (2022). Fusion Bank: Integrating AI-Driven Financial Innovations with Risk-Aware Data Engineering in 
Modern Banking. Mathematical Statistician and Engineering Applications, 71(4), 16785-16800. 

[51] Pamisetty, V. (2022). Transforming Fiscal Impact Analysis with AI, Big Data, and Cloud Computing: A Framework for 
Modern Public Sector Finance. Big Data, and Cloud Computing: A Framework for Modern Public Sector Finance 
(November 30, 2022). 

[52] Kommaragiri, V. B., Gadi, A. L., Kannan, S., & Preethish Nanan, B. (2021). Advanced Computational Technologies in 
Vehicle Production, Digital Connectivity, and Sustainable Transportation: Innovations in Intelligent Systems, Eco-
Friendly Manufacturing, and Financial Optimization. 

[53] Annapareddy, V. N. (2022). Integrating AI, Machine Learning, and Cloud Computing to Drive Innovation in Renewable 
Energy Systems and Education Technology Solutions. Available at SSRN 5240116. 

[54] Transforming Renewable Energy and Educational Technologies Through AI, Machine Learning, Big Data Analytics, and 
Cloud-Based IT Integrations. (2021). International Journal of Engineering and Computer Science, 10(12), 25572-25585. 
https://doi.org/10.18535/ijecs.v10i12.4665 

[55] Venkata Bhardwaj Komaragiri. (2021). Machine Learning Models for Predictive Maintenance and Performance 
Optimization in Telecom Infrastructure. Journal of International Crisis and Risk Communication Research , 141–167. 
Retrieved from https://jicrcr.com/index.php/jicrcr/article/view/3019 

[56] Paleti, S. (2021). Cognitive Core Banking: A Data-Engineered, AI-Infused Architecture for Proactive Risk Compliance 
Management. AI-Infused Architecture for Proactive Risk Compliance Management (December 21, 2021). 

[57] Harish Kumar Sriram. (2022). AI-Driven Optimization of Intelligent Supply Chains and Payment Systems: Enhancing 
Security, Tax Compliance, and Audit Efficiency in Financial Operations. Mathematical Statistician and Engineering 
Applications, 71(4), 16729–16748. Retrieved from https://philstat.org/index.php/MSEA/article/view/2966 

[58] Chava, K., Chakilam, C., Suura, S. R., & Recharla, M. (2021). Advancing Healthcare Innovation in 2021: Integrating AI, 
Digital Health Technologies, and Precision Medicine for Improved Patient Outcomes. Global Journal of Medical Case 
Reports, 1(1), 29-41. 

[59] Data Engineering Architectures for Real-Time Quality Monitoring in Paint Production Lines. (2020). International 
Journal of Engineering and Computer Science, 9(12), 25289-25303. https://doi.org/10.18535/ijecs.v9i12.4587 

[60] Pallav Kumar Kaulwar. (2021). From Code to Counsel: Deep Learning and Data Engineering Synergy for Intelligent Tax 
Strategy Generation. Journal of International Crisis and Risk Communication Research , 1–20. Retrieved from 
https://jicrcr.com/index.php/jicrcr/article/view/2967 

[61] Pandiri, L., & Chitta, S. (2022). Leveraging AI and Big Data for Real-Time Risk Profiling and Claims Processing: A Case 
Study on Usage-Based Auto Insurance. Kurdish Studies. https://doi.org/10.53555/ks.v10i2.3760 

[62] Kummari, D. N. (2022). AI-Driven Predictive Maintenance for Industrial Robots in Automotive Manufacturing: A Case 
Study. International Journal of Scientific Research and Modern Technology, 107–119. https://doi.org/10.38124/ 
ijsrmt.v1i12.489 

[63] Gadi, A. L. (2022). Cloud-Native Data Governance for Next-Generation Automotive Manufacturing: Securing, 
Managing, and Optimizing Big Data in AI-Driven Production Systems. Kurdish Studies. https://doi.org/10. 
53555/ks.v10i2.3758 

[64] Dodda, A. (2022). Secure and Ethical Deployment of AI in Digital Payments: A Framework for the Future of Fintech. 
Kurdish Studies. https://doi.org/10.53555/ks.v10i2.3834 

[65] Gadi, A. L. (2021). The Future of Automotive Mobility: Integrating Cloud-Based Connected Services for Sustainable and 
Autonomous Transportation. International Journal on Recent and Innovation Trends in Computing and 
Communication, 9(12), 179-187. 

[66] Dodda, A. (2022). Strategic Financial Intelligence: Using Machine Learning to Inform Partnership Driven Growth in 
Global Payment Networks. International Journal of Scientific Research and Modern Technology, 1(12), 10-25. 

[67] Just-in-Time Inventory Management Using Reinforcement Learning in Automotive Supply Chains. (2021). International 
Journal of Engineering and Computer Science, 10(12), 25586-25605. https://doi.org/10.18535/ijecs.v10i12.4666 

[68] Srinivasa Rao Challa. (2021). From Data to Decisions: Leveraging Machine Learning and Cloud Computing in Modern 
Wealth Management. Journal of International Crisis and Risk Communication Research , 102–123. Retrieved from 
https://jicrcr.com/index.php/jicrcr/article/view/3017 

[69] Kommaragiri, V. B. (2021). Enhancing Telecom Security Through Big Data Analytics and Cloud-Based Threat 
Intelligence. Available at SSRN 5240140. 

 
 
 
 

https://doi.org/10.38124/
https://doi.org/10

	Kurdish Studies
	Abstract
	2.1. Definition and Characteristics of Big Data
	2.2. The Role of Big Data in Financial Services
	A decade ago, data could believably be classified as an organization’s most invaluable asset. With that, the invaluable contribution of Data Analysis and Big Data to the Growth and Stability of Financial Services is worth investigating. Having, in dev...

	3. Data Sources for Financial Analytics
	3.1. Transactional Data
	The abundance of transactional data generated from transactions of products or services can be utilized to provide organizations with records of the current operational state. For example, the records of the number of units sold can be structured into...
	3.2. Customer Interaction Data
	The operational processes of most companies produce large data sets that can be harnessed to enhance operational efficiencies. Notably, this data source has not been investigated from an emerging market perspective. Referred to here for ease of identi...

	4. Analytics Techniques in Finance
	4.1. Descriptive Analytics
	In modern finance platform contexts, where transactions play a pivotal role in customer relationships, big data offers a plethora of opportunities for innovation and competitive edge. Descriptive analytics is one of the areas where tremendous value ca...
	4.2. Predictive Analytics
	Modern finance platforms generate a staggering amount of data. Every minute an overwhelming number of dollars are traded, swapped, changed hands or poured into some innovative product. This infobesity becomes a burden for investors, analysts mentioned...
	4.3. Prescriptive Analytics
	Prescriptive analytics refers to systems providing recommendations for decision making and could also include simulation-based sub-systems enabling what-if analysis. Primarily prescriptive systems are based on optimization models and simulations which...

	5. Customer Behavior Analysis
	5.1. Segmentation of Customers   Customer segmentation is an essential field of research for banking institutions as it understands actual spending behaviour. As banking customers grow, it has become critical for these institutions to have a thorough ...
	5.2. Behavioral Patterns and Trends
	Behavioural patterns can be identified as specific rules that define the linear relation between input attributes and target behaviour or markers. Such behavioural patterns are defined relationally and can be expressed as follows: If an event occurs (...
	6. Transaction Insights

	7. Impact of Big Data on Financial Decision-Making
	7.1. Enhancing Risk Management
	The implementation of big data analytics in fintech has the potential to significantly improve risk management processes. This is particularly relevant in the context of the risk management arm of a large, established bank looking to build efficient r...
	7.2. Improving Customer Experience

	8. Technological Frameworks for Big Data Analytics
	9. Challenges in Implementing Big Data Analytics
	9.1. Data Privacy and Security Concerns
	Big data analytics has brought opportunities and challenges for users in finance platforms and service providers in data protection due to technology flexibility and enterprise scale. Personal identification information can develop methods to enhance ...
	9.2. Integration with Legacy Systems
	In addition to modernized systems, every fintech company has legacy systems in place. Thus, while new systems are being built for different purposes, the engineers also work to ensure the modernization of the old systems. In a company where system arc...

	10. Case Studies
	10.1. Successful Implementations in Banking
	Big Data collection and analytics were first adjusted to finance platforms relatively straightforwardly. Since big data had no meaning for classical financial infrastructure, the Big Data had been collected for a long time, as digitized transactions a...
	10.2. Innovative Uses in Investment Firms Investment firms have felt competitive pressure to put their data to better use and have ramped up data analytics and visualization investment across the board. Visualization tools help firm-wide end-users und...

	11. Future Trends in Big Data Analytics in Finance
	11.1. Artificial Intelligence and Machine Learning
	11.2. Real-time Analytics
	Real-time In-memory Analytics (RIMAs) strategies that encompass a common analytic platform (CAP) architecture to complete analytical processes at a constrained response time from the customer perspective is proposed. Business value of the various capa...

	12. Conclusion

