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Abstract

The current state of  Management 
Information Systems (MIS) has evolved 
due to the increasing importance of  real-
time decision support for an organiza-
tion’s operational efficiency, especially with 
regard to finance and supply chain manage-
ment. Most traditional Decision Support 
Systems (DSS) face challenges relating to 
the processing of  large structured data-
sets, which tends to lead to delays, ineffi-
ciencies, and suboptimal decisions. In what 
ways does the application of  AI powered 
automation provide a paradigm shift in the 
processing of  structured data to enable 
efficient, accurate, timely, and data driven 
decisions?

Systematic literature review supported 
by real-life case studies is what defines the 
scope of  this project. The project ana-
lyzes the impact of  the AI automation with 
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respect to efficiency of  decision making, reduction of  uncertainty, and accuracy of  prediction. The 
investigation develops a new generation AI powered DSS system based on deep learning, reinforce-
ment learning, and real time analytics that improves the assessment of  financial risks, forecasting of  
demand, and overall enhancement of  supply chain processes.

The analysis of  traditional DSS versus AI driven DSS systems reveals substantial differences 
in the effectiveness of  decision latency, accuracy, and scalability of  the systems, thus affirming AI’s 
role in mitigating risks and optimizing resource allocation. This study has highlighted some of  the 
advanced essentials of  global artificial intelligence and machine learning automation, and at the same 
time, provided a foundation for some futuristic innovations in finance and supply chain decision-mak-
ing automation.

Keywords: AI-powered automation, Decision Support Systems (DSS), structured data processing, 
finance, supply chain, real-time decision-making, deep learning, reinforcement learning.

1. Introduction

1.1 Evolution in History of  Management Information Systems

Management Information Systems (MIS) must be remembered as an essential element automat-
ing data accumulation, storage, processing, and reporting for organizational decision-making. 
From a simple transaction processing systems (TPS) to sophisticated real-time decision support 
systems (DSS), MIS has progressed remarkably, particularly in finance and supply chain manage-
ment [1].

The traditional Systems for Management Information Services (MIS) continues to fail with the 
ever increasing amounts of  structured data as there is no guarantee of  instantaneous insights for 
decision making. This has brought about the need for change where AI powered automation offers a 
radical enhancement to existing technology in terms of  data processing, real-time data analytics, and 
accuracy of  decision making [2].

Table 1: Evolution of  MIS in Finance and Supply Chain.
Era MIS Capabilities Limitations

1960s-1980s Basic transaction processing (TPS), record-keeping No decision-making capabilities
1990s Decision Support Systems (DSS), Data Warehousing Limited real-time insights
2000s Business Intelligence (BI), Online Analytical Processing 

(OLAP)
Complex queries, slower processing

2010s-Present AI-powered MIS with machine learning (ML), deep learning 
(DL), and real-time analytics

High processing power, real-time 
decision support
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1.2 Importance of  Real-Time Decision Support in Finance and Supply Chain

1.2.1 Making Financial Decisions in Real Time

Finance is a fast-paced area that requires immediate decision making for:

•	 Buying and selling of  shares and making forecasts
•	 Identifying fraudulent activities and managing risk
•	 Automated trading and optimization of  portfolios
•	 Granting loans and estimating the associated credit risks

Traditional management information systems of  finance are based on the analysis of  historical data, 
which is always updated. The traditional way delays in decision making, as AI automation allows [3].

•	 The use of  machine learning fraud detection via anomaly detection tools
•	 Deep learning forecasts on stock market trends
•	 Automated portfolio rebalancing via strategies based on reinforcement learning.

1.2.2 AI-Based Decision Support Systems in Supply Chains Optimization

The responsibilities of  supply chains involve complex processes that are time sensitive in terms of  
making accurate decisions for:

•	 Prediction of  demand and management of  stock
•	 Evaluation of  vendor risk and management of  contracts
•	 Delivery tracking and logistics routing

AI-integrated Management Information Systems (MIS) boost productivity while lowering expenses 
and enhancing risk management [4] by:

•	 ML models predicting demand changes.
•	 AI traffic congestion analysis optimizing delivery point access.
•	 Automated AI scoring models detecting supplier reliability anomalies.

Table 2: Conventional Financial Decision Support Systems vs. AI-Financed Decision Support Systems.
Aspect Traditional Financial MIS AI-Powered Financial MIS

Data Processing Speed Batch processing, delayed reports Real-time streaming, instant updates
Fraud Detection Rule-based, limited accuracy AI-driven anomaly detection, adaptive models
Investment Strategies Manual, human-driven Algorithmic trading, automated optimization
Risk Assessment Historical data-based risk scoring Predictive risk analytics using AI
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1.3 The Role of  AI-Powered Automation in Structured Data Processing

Structured data such as tables, records, and fields are beneficial in finance and supply chain man-
agement, but processing large volumes of  structured data in real time is difficult for traditional 
Management Information Systems (MIS) frameworks [5].

Automation powered by artificial intelligence improves the processing of  structured data through 
the application of  machine learning, deep learning, and natural language processing in MIS [6].

1.4 Research Objectives and Contributions

1.4.1 Research Objectives
The purposes of  the study are:

•	 To analyze how automation and artificial intelligence improves the integration and processing of  
structured data in the financial and supply chain operational decision-making functions.

•	 To determine efficiency, effectiveness, and other qualitative and quantitative changes in traditional 
MIS AI driven decision support systems.

•	 To develop an AI enabled framework for dynamic decision making in real time in the area of  
finance and supply chain management.

•	 To test the effectiveness of  AI driven Management Information System (MIS) by tracing its impact 
through case study research in which information is gathered from the field and shows how it 
reduces ambiguity.

Table 3: Key Supply Chain Functions Performance Changes Due To Use of  AI.
Supply Chain Function Traditional Approach AI-Powered Approach

Demand Forecasting Historical data-based trends Predictive analytics using ML
Logistics & Routing Predefined routes, manual adjustments AI-driven real-time route optimization
Inventory Management Static replenishment schedules AI-optimized dynamic stock control
Supplier Risk Assessment Manual contract review AI-based supplier performance analysis

Table 4: AI Methods for Processing Structured Data.
AI Technique Application in Finance Application in Supply Chain

Machine Learning (ML) Fraud detection, credit risk assessment Demand forecasting, supplier risk 
analysis

Deep Learning (DL) Stock market prediction, sentiment 
analysis

Logistics route optimization, anomaly 
detection

Natural Language Processing 
(NLP)

Automated contract review, financial 
reporting

Supplier contract analysis, document 
processing

Reinforcement Learning Algorithmic trading strategies Warehouse automation, delivery 
scheduling
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1.4.2 Contribution to Scholarship and Business
The impact of  this research is in both academia and industry because:

Academic Contributions
•	 The integration of  Artificial Intelligence (AI) and Management Information Systems (MIS) consti-

tutes a novel field of  study. Thus, it needs research to provide a framework for how to incorporate 
AI into MIS within the context of  bridging such gaps.

•	 To analyze and compare various provided artificial intelligence decision support systems and 
accentuate that they supersede the traditional systems.

•	 Provide the design of  an artificial intelligence real-time decision support system as a contribution 
to the existing literature for further academic work.

Industry Contributions
•	 Demonstrating to financial institutions how AI can be harnessed for anti-fraud measures, risk eval-

uation, and investment decision opportunities.
•	 Assisting logistics and supply chain practitioners with AI and enabling them to contribute to the 

improvement of  the management of  logistics services, inventories, and demand forecasting within 
the supply chain.

•	 Providing case study evidence to support claims that AI improves the accuracy of  decisions made 
by untrained computer users.

The integration of  AI in automation is transforming the processing of  structured data and helping in 
timely decision making in the world of  finance and supply chain management. Traditional manage-
ment information systems (MIS) are not capable of  handling volumetric and fast data flow, unlike AI 
models which achieve higher levels of  productivity, precision, and flexibility.

The objective of  this paper is to explore the optimization of  the structured data processing for 
decision making in finance and supply chain logistics using AI techniques such as Machine Learning 
(ML), Deep Learning (DL), Natural Language Processing (NLP), and reinforcement learning. The con-
tribution of  the study was achieved through a combination of  the analysis of  real company case studies 
and the development of  a modern AI-based system, thus meeting both scholarly and practical needs. 

2. Literature Review

The development of  Decision Support Systems (DSS) in finance and supply chain domains has paralleled 
the enhancements in technology, especially with Artificial Intelligence (AI) [7,8]. The former systems 
operated on rules-based decision-making logic derived from historical data [9]. Unlike AI assisted DSS, 
which uses various computer science fields like Machine Learning (ML), Deep Learning (DL), Natural 
Language Processing (NLP), and reinforcement learning to analyze structured data in real-time [10].

This section is intended to summarize the literature on AI-powered DSS by juxtaposing tra-
ditional versus AI-driven approaches, analyzing the real working problems of  structured data and 
processing phenomena, and pointing out the shortcomings of  current research in such approaches, 
which this study aims to provide.
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2.1 Review of  AI Applications in Finance and Supply Chain DSS

AI has brought predictive modeling, anomaly detection, and automated decision-making capabilities 
in financial and supply chain DSS [11,12]. These sectors have witnessed the development of  several 
techniques intended to improve Structured Query Language (SQL) data processing.

2.1.1 AI Applications in Financial DSS
In finance, the adoption of  AI assisted DSS is evident in:

•	 Fraud detection via anomaly detection (anomaly detection models based on ML).
•	 Algorithmic trading and dynamic portfolio management via deep reinforcement learning.
•	 Credit risk prediction via AI powered predictive modeling.
•	 Financial planning via market data trained neural networks.

2.1.2 AI Applications in Supply Chain Decision Support Systems (DSS)
AI technologies integrated within supply chain DSS assists in optimizing:

•	 Machine Learning (ML) based systems for anticipating demand.
•	 Logistical operations and routing by AI-enabled real-time GPS monitoring.
•	 Automated risk assessment of  suppliers through contract based text analytics.
•	 Stocks management in warehouses through AI-based inventory control systems.

2.2 Comparative Studies of  Tradition and AI-Driven Automation

2.2.1 A Traditional Decision Support System (DSS) in Finance and Supply Chain
A traditional DSS system operated s primarily on historical data, rules, and significant human man-
agement. They faced challenges that included: -

•	 Batch data analytics resulted in excessively long data processing times.
•	 Inflexibility in adapting to real-time market changes and supply chain interferences.
•	 Overreliance on humans for making decisions.

Table 5: Applications of  Artificial Intelligence Methods in Financial Decision Support Systems and Their Use Cases.
AI Technique Application in Finance Key Benefits

Machine Learning (ML) [13] Credit scoring, fraud detection Improved accuracy, automated anomaly 
detection

Deep Learning (DL) [14] Stock market prediction, risk 
assessment

Advanced pattern recognition, high-speed 
processing

Reinforcement Learning [15] Algorithmic trading strategies Self-learning models for better market adaptation
Natural Language Processing 
(NLP) [16]

Financial sentiment analysis Enhanced risk assessment based on news and 
reports
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Table 6: AI Technologies in Supply Chain Decision Support Systems and Their Uses.
AI Technique Application in Supply Chain Key Benefits

Machine Learning (ML) [17] Demand forecasting, supplier risk 
analysis

Higher accuracy in stock management, 
reduced wastage

Deep Learning (DL) [18] Logistics route optimization Real-time traffic adaptation, cost  
reduction

Reinforcement Learning [19] Warehouse automation Self-optimizing inventory allocation
Natural Language Processing 
(NLP) [20]

Supplier contract analysis Automated contract reviews, fraud 
detection

2.2.2 An AI-Powered Real-Time Automated DSS
An advanced AI-powered real-time automated DSS increases the quality of  decision making [21] by. 

•	 Executing advanced analytics on structured data in record time.
•	 Independently recognizing patterns and making decisions.
•	 Decreasing human involvement to enhance accuracy.

2.3 Real-World Challenges in Structured Data Processing

The implementation of  AI in an organization’s DSS comes with numerous challenges regardless of  
the benefits [22].

2.3.1 Data Integration and Quality Issues
•	 The existence of  many domains: Financial and supply chain data emanates from diverse systems 

and needs to be integrated.
•	 Structured data errors: Mistakes in structured data are detrimental to the effectiveness of  AI 

models.

2.3.2 Computational Complexity and Processing Limitations
•	 Power hunger AI models increase operational costs.
•	 Attribution of  latency with AI-enabled real time decision making.

Table 7: AI-Driven vs Traditional Decision Support System (DSS) in Finance and Supply Chain.
Aspect Traditional DSS AI-Powered DSS

Data Processing Speed Batch processing, delayed reports Real-time data streaming, instant updates
Decision Adaptability Pre-defined rules, static analysis Self-learning models, dynamic  

adaptation
Human Intervention High dependency, manual decisions Automated AI-driven insights
Accuracy and Risk Management Limited accuracy, static risk models Predictive analytics, anomaly detection
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2.3.3 Security and Ethical Concerns
•	 Financial risk evaluation and loan approval entails AI bias.
•	 AI-powered supply chain optimization introduces cybersecurity vulnerabilities.

2.4 Gaps in Existing Research

There still exist gaps in research that have not been studied after the development of  AI-based DSS 
and services due to structured data processing.

2.4.1 Absence of  AI Inductive Method Comparison Research
•	 Most of  the work done concentrate more on single models of  AI systems than a comparison of  

ML, DL, and RL in financial and supply chain decision support systems (DSS) models.

2.4.2 Insufficient Implementation AI Case Studies
•	 Many proposed AI models are not tested, so the modeled and real-world difficulties are not well 

documented.

2.4.3 Lack of  a Universal AI Framework in Real-Time DSS
•	 There seems to be no prior research addressing the existence of  a comprehensive AI-enabled 

DSS capable of  processing structured information in finance and supply chain management 
simultaneously.

The review of  literature shows how automation through AI affects the finance and supply chain 
DSS profoundly. Although AI enables the processing of  information concurrently, forecasting, and 
decision-making automation, there are still many problems and gaps in research that need to be 
addressed.

3. Methodology

An effective methodology is fundamental to maintain the integrity and academic rigor of  any research 
related to AI automation in the real-time decision support systems (DSS) for finance and supply 
Chain Management. This research integrates several methodologies, including:

1.	 SLR (Systematic Literature Review) to search for the most sophisticated techniques in AI.
2.	 A comparative study of  traditional DSS and AI-driven models.
3.	 Real-life case studies of  financial risk assessment and of  supply chain logistics for AI.
4.	 Descriptive AI framework using deep learning, reinforcement learning, and real-time processing 

and analytics.
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Such a methodological framework ensures the study addresses how AI improves data-processing 
and decision-making in a structured and unstructured manner comprehensively within the required 
parameters.

3.1 Systematic Literature Review (SLR)

3.1.1 Purpose of  SLR
The first stage is to carry out a Systematic Literature Review (SLR) to find sophisticated AI methods 
that have been applied to financial decision making and supply chain processes. The objectives of  the 
SLR are: 

•	 To discover appropriate AI techniques for real-time DSS.
•	 To identify areas that have not been dealt with in adequate depth for further research.
•	 To provide materials for the construction of  a framework for the comparative analysis and case 

studies.

3.1.2 SLR Process Overview
The SLR method will be executed these steps. 

Database X: Google Scholar, IEEE Xplore, Springer, Elsevier, and ACM Digital Library are 
some of  the academic sources I will use. 

Inclusion Criteria: 

•	 Peer-reviewed articles published between 2018 and 2024. 
•	 Papers concentrating on AI-driven DSS with application to finance and supply chain. 
•	 Works that have practical application of  machine learning (ML), deep learning (DL), and rein-

forcement learning (RL). 

Exclusion Criteria: 

•	 Researches concentrating on lack of  structure in data or qualitative decision-making.
•	 The application of  AI techniques is not tested, hence no claims are made to endorse such type of  

research. 

3.1.3 Intended Results for SLR
The anticipated results of  the SLR include the following:

1.	 Compilation of  all known AI methods and their incorporation to real-time decision support 
systems (DSS). 

2.	 Simplification of  the integration of  AI to finance and supply chain management. 
3.	 Discovering the main issues and insufficiencies in AI powered decision support systems.
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3.2 Comparative Analysis of  Traditional DSS vs. AI-Powered DSS

3.2.1 Aim of  the Comparative Analysis
The research will look into both Traditional DSS and AI-enhanced DSS systems within finance and 
supply chains. This will result in, for example: 

•	 Disparity in effectiveness during instantaneous decisions. 
•	 Increase productivity due to AI systems’ autonomy. 
•	 Evaluation of  cost and efficacy for adopting AI. 

3.2.2 Metrics for Comparison 
The primary metrics that will be assessed, respectively, are as follows: 

•	 Speed of  Decision Making: Speed of  processing given structured information. 
•	 Accuracy: Correctness of  financial risk analysis and solicited sales estimates. 
•	 Scalability: Capability to cope with large volume of  data and transactions. 
•	 Level of  Automation: The amount of  manual effort needed to be involved. 

3.2.3 Anticipated Findings of  the Accountability Analysis 
The AI-powered decision support systems are expected to present: 

•	 Better perceived precision in estimating financial risks and forecasting sales. 
•	 Improved speed of  decision making with the help of  analytics: real time. 
•	 Costs of  operations being minimized as a result of  the automation.

Table 8: Sample Classification of  AI Techniques from SLR.
AI Technique Application Area Advantages

Machine Learning (ML) Risk assessment, credit scoring Predictive insights, fraud detection
Deep Learning (DL) Market forecasting, logistics 

optimization
Complex pattern recognition

Reinforcement Learning (RL) Algorithmic trading, warehouse 
automation

Self-learning, adaptive 
decision-making

Natural Language Processing 
(NLP)

Sentiment analysis, contract analytics Automated document processing

Table 9: Key Differences Between Traditional and AI-Powered DSS.
Parameter Traditional DSS AI-Powered DSS

Data Processing Speed Batch processing, delayed reporting Real-time analytics, instant updates
Decision Adaptability Rule-based, limited flexibility Self-learning, dynamic decision-making
Accuracy Moderate, dependent on human input High, driven by predictive models
Automation Level Manual intervention required Fully automated decision support
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3.3 Real-World Case Studies

3.3.1 Study Case Selection Criteria
In order to substantiate our results, we will check the practical use of  AI-driven DSS in:

1.	 Financial risk evaluation (fraud detection, loan approvals, and algorithmic trading).
2.	 Logistics in the supply chain (demand planning, routing, and inventory management).

3.3.2 Case Study Strategy
•	 Collection of  Data: We will focus on the adoption of  AI technologies in leading financial compa-

nies and in supply chain management.
•	 Key Performance Indicators (KPIs):

•	 Total change in time used for processes before and after AI deployment.
•	 Accuracy of  decisions made in financial risk and logistical optimization.
•	 Diability in value-added human interaction and increased operating expenses.

3.3.3 Example Case Study
Company: A Global Enterprise in Finance Technology
Before Implementation of  AI:

•	 Credit risk assessment took an entire day while making mistakes 15% of  the time.
•	 Fraud detection models flagged a great deal of  false positives.

After AI Implementation:

•	 Quicker analysis with real-time risk scoring. It previously took 24 hours and now take around 
5 minutes.

•	 Deep learning increased detection of  fraud by 35%.

3.4 Proposed AI Framework for Real-Time decision Support System

3.4.1 Scope of  the AI Framework
For better accuracy in the processing of  structured data, we propose an AI-based DSS framework 
that combines:

•	 Deep Learning (DL) for predictive analytics.
•	 Reinforcement Learning (RL) for adaptive decision-making.
•	 Real-Time Data Processing to enable instant decisions.

3.4.2 Framework Architecture
This framework has four main layers: 

1.	 Data Acquisition Layer
•	 Structured data is gathered from the financial transactions and supply chain activities.
•	 Standardized checks and controls are performed on the data. 
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2.	 AI Processing Layer
•	 Predictive analytics are performed using deep learning models.
•	 Decisions are made using reinforcement learning for more complex forms of  decision making.

3.	 Decision Execution Layer
•	 Evaluation of  risk, as well as routing of  logistical functions, are automated in real time with no 

from human input.
•	 The systems operated by the enterprise are enhanced by directing AI powered decisions to AI systems.

4.	 Feedback & Optimization Layer
•	 The AI models are adjusted after evaluating their actual results.
•	 The accuracy of  the model is improved over time through reinforcement learning.

3.4.3 Expected Benefits of  the AI Framework
•	 Reduction of  false positives while assessing financial risk in real time. 
•	 Lowered operational expense in logistic supply chain functioning.
•	 Advanced architecture and framework for future integrations of  AI expansion reasons.

With the help of  this methodology, the study of  AI powered real time DSS in the fields of  finance 
and Supply Chain Management becomes more specific and structured. A systematic literature review, 
coupled with comparative analysis within case studies, when blended with the proposed AI imple-
mentation framework would enable this research to: 

•	 Detect the best performing AI frameworks for processing and working with structured data.
•	 Put AI powered DSS under scrutiny compared to traditional systems.
•	 Through case studies, test AI systems in their implementation.
•	 Suggest an advanced AI infrastructure to enhance real-time decision support capabilities.

4. AI Techniques in Real-Time Decision Support

The integration of  Artificial Intelligence (AI) has enhanced decision support systems (DSS) through real-
time information refinement, predictive analysis, and cognitive decision making. In the automative provided 
for AI-backed automation, AI works actively in improving accuracy, reducing risks, and optimizing pro-
cesses within the finance and supply chain industries [23]. This part discusses four major AI techniques – 
Supervised Learning, Reinforcement Learning, Natural Language Procressing (NLP), and Federated 
Learning- all of  which are essential in the development of  real-time decision support systems (RT-DSS). 

4.1 Supervised Learning 

The first learning model is supervised learning. It happens to be the most popular AI approach used 
in real-time decision making due to the technique’s ability to learn from past behavior and predict 
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future data from the provided labeled data set. It is largely employed in finance or supply chain man-
agement for demand estimation and fraud recognition.

4.1.1 Demand Forecasting in Supply Chain Management
Any discrepancies in demand forecasting can severely impact the efficiency of  a supply chain, leading 
to either excess inventory or poor distribution. Older demand forecasting models made use of  clas-
sical forms of  time series analysis like ARIMA or Holt-Winters breakdowns, but lagged in real-time 
implementation. Unlike these models, AI powered supervised algorithms like: 

•	 Random Forest Regressor 
•	 Gradient Boosting Machines (GBM) 
•	 Long Short-Term Memory (LSTM) Networks 

These methods and algorithms utilize structured inputs such as sales data, seasonal patterns, and even 
outer economic factors to predict fluctuations in inventory with great accuracy.

Example Use Case:
A retail store that uses LSTM networks to track demand in real-time was able to cut down stockouts 
by 35% and overall warehouse inventory was streamlined.

4.1.2 Fraud Detection in Financial Transactions
Financial establishments track suspicious transactions for possible fraudulent activity. Older methods 
of  tracking fraud such as traditional top-down rule systems, commonly known as rule-based systems, 
often miss newly discovered tricks of  deception. Modern day supervised learning models put to work: 

•	 Support Vector Machines (SVM’s) 
•	 Neural Networks 
•	  Decision Trees (XGBoost, LightGBM) 

These algorithms assess transaction information and note any new outliers that present themselves in 
payment activity to detect fraud in real-time.

Example Use Case:
A bank employing XGBoost for fraud management was able to lessen false positives without com-
promising other critical parameters by 40%, improving overall fraud detection rates by 25%.

4.2 Reinforcement Learning for Decision-Making Optimization 

Reinforcement Learning (RL) is an AI method wherein a model learns by engaging in an activity 
and receiving a reward for performing correctly. RL is very useful in financial markets which require 
on-the-spot decision making in response to constantly changing conditions. 
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4.2.1 Algorithmic Trading and Portfolio Management 
In stock markets and high-frequency trading (HFT), several Reinforcement Learning Models are 
used: 

•	 Deep Q Networks (DQN) 
•	 Proximal Policy Optimization (PPO) 
•	 Advantage Actor Critic (A2C) 

These models learn from historical and live market information to make automated trading decisions, 
manage portfolios, and reduce exposure to diaster. 

Example Use Case: 
A hedge fund utilizing PPO based RL for portfolio management outperformed other investors by 
12% within the year. 

4.2.2 Dynamic Supply Chain Optimization 
Supply chains are exposed to changes of  demand, limitations placed by suppliers, and geopoliti-
cal threats. Reinforcement Learning models alter supply chain decisions as the situation changes, 
including the selection of  routes, the management of  inventories, and the identification of  
suppliers. 

Example Use Case: 
A DQN based supply chain logistic model improved delivery times by 20% for an e-commerce 
company.

4.3 Processing Natural Language in Texts (NLP) 

NLP is used to facilitate decision making by providing insights from unstructured data such as finan-
cial reports, news stories, and social media sentiment analysis.

Table 10: A Comparison of  Models of  Supervised Learning in DSS.
Model Application Advantage Limitation

Random Forest Demand Forecasting Handles large datasets well May struggle with real-time data  
updates

LSTM 
Networks

Demand Forecasting Captures sequential patterns Requires extensive training data

XGBoost Fraud Detection Highly accurate Computationally expensive
SVM Fraud Detection Effective in high-dimensional 

data
Poor performance on large datasets
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4.3.1 Financial Risk Evaluation
In finance, NLP models read and analyze earnings reports, credit risk ratings, and compliance docu-
mentation for investment risk determination. Of  importance are the following techniques: 

•	 NER for detection of  important financial entities.
•	 Sentiment Analysis for determination of  general sentiment from reports and news.
•	 Text summarization for automation of  extensive financial documents to expedite decision making 

processes.

Use case example: 
Risk evaluation processes of  a financial firm that employed BERT-based NLP models were reduced 
by 50%, allowing for better investment choices.

4.3.2 Evaluation of  Market Sentiment Analysis 
Investor sentiment, as deduced from news and social media, is shifting the financial metrics. These 
NLP techniques include: 

•	 LSTM-based analysis of  sentiment toward stock price forecasting.
•	 GPT, BERT- transformers for report of  analysts examination.
•	 Trend detection using LDA and WORD2VEC topic modeling.

Use case example: 
Traditional traders were outperformed by a hedge fund using GPT-4 enabled sentiment analysis for 
stock price prediction by 7%.

4.4 Federated Learning 

The application of  AI models in some areas of  finance is limited due to the reliance on central-
ized data, which raises issues in data security and regulations. Federated Learning (FL) allows the 
training of  AI models on multiple decentralized devices or institutions without exposing sensitive 
information.

4.4.1 Application in Banking & Insurance
Financial institutions use FL for credit scoring, fraud detections, and providing personalized financial 
services while ensuring compliance with privacy regulations.

Example Use Case: 
A multinational bank employing Federated Learning (FL) for fraud detection increased security while 
achieving 95% accuracy, which enabled them to avoid significant regulatory fines.
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4.4.2 Supply Chain Data Collaboration
Several stakeholders in a supply chain hold critical and sensitive logistics information. FL enables 
suppliers to collaborate in real-time without compromising data security.

Example Use Case: 
A global logistics firm forecasted demand through FL and improved supply chain performance by 
22%, achieving these results without giving up sensitive business information. 

Automation that is powered by AI is transforming decision support systems in real time in areas 
like finance and supply chain management by increasing accuracy, decreasing uncertainty, and raising 
efficiency. Demand forecasting and fraud detection are assisted by Supervised Learning, while invest-
ment strategies and supply chains are enhanced by Reinforcement Learning. NLP supports sentiment 
analysis in Finance, and AI adoption is safeguarded by Federated Learning. In the following section, 
an unprecedented approach to AI will be put forth that combines all of  these methods for perfect 
real time decision making within structured data settings. 

5. Comparative Study: Traditional DSS vs. AI-Powered DSS

Informed decision making in finance and supply chain management has been supported by Decision 
Support Systems (DSS). Traditional DSS had a reliance on rule-based models, historical data analysis, 
and sometimes manual intervention. AI powered DSS have made decision making considerably faster 
and more accurate while also allowing for real time changes to be incorporated. 

This section aims to compare Traditional DSS and AI Powered DSS by looking at four components:

1.	 Accuracy and Predictability
2.	 Scalability and Adaptability
3.	 Cost Efficiency in Operations
4.	 Latency and Speed of  Decision-Making

The study showcases how the automation provided by AI greatly outperforms traditional AI powered 
DSS with the use of  data, case studies, and graphs.

Table 11: AI Techniques and Their Impact on Real-Time DSS.
AI Technique Application Key Benefit Industry Impact

Supervised Learning Demand Forecasting, Fraud 
Detection

Predictive Accuracy 35% reduction in stockouts

Reinforcement 
Learning

Algorithmic Trading, Logistics Real-time Adaptability 12% higher investment 
returns

NLP Sentiment Analysis, Risk 
Assessment

Unstructured Data 
Processing

7% better market predictions

Federated Learning Secure AI in Finance, Supply 
Chain

Privacy-Preserving AI 95% fraud detection accuracy
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5.1 Latency and Speed of  Decision-Making

Traditional DSS
Decision-making in Traditional DSS is done using a set of  rules, batch processing, and human inter-
vention, and therefore, tend to be inefficient. These systems are not well suited for high-frequency 
trading, supply chain optimization or financial risk evaluation. 

•	 Servers are incapable of  analyzing large sets of  data effectively and therefore result in several 
hours and at times even days of  waiting.

•	 Real-time data integration is very limited and thus causes a response time lag to market changes.

Intelligent Decision Support System (IDSS):
DSS systems powered by AI techniques, including machine learning, deep learning, and real-time 
analytics, are capable of  analyzing large volumes of  structured and unstructured data within seconds.

•	 AI-based algorithms in trading conduct trades in a matter of  milliseconds, drastically reducing 
exposure to risks.

•	 AI-aided supply chain optimization lowers lead time by adapting to demand-supply changes in real 
time.

•	 Decision making and model development is updated continually with the available data in 
Reinforcement Learning (RL).

Graph 1: Decision Latency Comparison.
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5.2 Accuracy & Predictability in Financial and Supply Chain Models

5.2.1 Conventional Decision Support System (DSS): 
Regression techniques, heuristic approaches, and expert systems fall under conventional DSS models 
and are afflicted by: 

•	 Models that are rigid and do not account for variations over time.
•	 Capabilities limited to forecasting with minimal consideration for updated real-time data, rely heav-

ily on history.

Illustration: 

•	 Financial forecasting: Traditional models like ARIMA struggle to incorporate rapid augmentation 
and variances in the marketplace.

•	 Supply chain planning: Rule based models do not respond in real-time to disruptions from suppli-
ers or increases in demand. 

5.2.2 AI Assisted DSS: 
AI Based models integrate deep learning, Natural Language Processing (NLP), and reinforcement 
learning, achieving profound improvements to the precision of  their predictions. 

•	 LSTM networks in financial forecasting outperform ARIMA models. 
•	 Federated Learning models support the adaption of  new supply chain risks without data 

centralization. 
•	 Transformer models (GPT, BERT) modify risk predication in accordance to analysis of  senti-

ments broadcasted in financial news.

5.3 Operational Cost Efficiency

5.3.1 Conventional DSS:
Conventional DSS requires significant manual effort which leads to; 

•	 Increased operational costs related to staffing for data collection, analysis, and decision-making 
processes. 

•	 Additional costs from infrastructure due to batch processing. 

Illustration: 

•	 Banks using heuristic rule-based fraud detection have to manually sift through thousands of  trans-
actions flagged by the system. 
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Graph 2: Accuracy of  Prediction Models.

•	 Retail supply chains frequently incur excessive costs for inventory due to inadequate demand 
assumptions because of  the wrongly estimated forecasts. 

5.3.2 AI Powered DSS:

Use of  AI elimination adds to the reduction in operational expenditure by; 

•	 Substituting manual actions with automation through AI. 
•	 Improving resource distribution through deep learning model optimization. 
•	 Lowering costs associated with compliance through the reduction of  false positives in fraudulent 

activities. 

Case Study: 
A global retailer was able to reduce operational expenditure by 22% and increase revenue through the 
implementation of  AI powered dynamic pricing in combination with inventory optimization.

5.4 Scalability & Adaptability

5.4.1 Traditional DSS
•	 The Traditional DSS systems are less effective in scaling due to rising data volumes, as well as 

requiring propagation for manual reconfiguration.
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Graph 3: Cost Reduction Achieved Using AI-Powered DSS.

•	 Traditional DSS systems have a breached capacity to limit their scalability, which does not enable 
them to respond to new financial emerging trends or supply chain disruptions.

•	 There is limited integration with IoT, blockchain, edge computing, and other technologies.

5.4.2 AI-Powered DSS
•	 While using new AI models, its users do not need to pay attention to how and when systems’ envi-

ronments change, as learning and adapting is done automatically.
•	 Now real-time decisions can be made within the scope of  the whole world due to the enabling of  

scalable cloud AI solutions.
•	 AI is integrated with IoT for predictive maintenance, and blockchain technology for financial 

transactions.

Example:

•	 An example of  AI powered logistics DSS is the Amazon’s supply chain, where the AI adapts on its 
own according to new demand patterns.

•	 An example of  AI based financial DSS is an AI which dynamically alters the trading strategies 
according to the high-frequency market.

This analysis establishes how Artificial Intelligence-enabled Decision Support Systems (DSS) surpass 
traditional ones, especially when it comes to time-sensitive decisions regarding finances and supply 
chains. The research made the following conclusions:

•	 Time Taken and Responsiveness: AI-centric DSS enhances responsiveness by considerably short-
ening the time needed to reach decisions.
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Graph 4: Scalability & Adaptability Score.

•	 Computation Accuracy and Estimation Precision: Machine learning models provide better esti-
mate accuracy than traditional statistical models.

•	 Cost Efficiency: Infrastructure and labor costs decline due to AI-based automation.
•	 Flexibility and Growth: New market environments are effortlessly incorporated into AI-powered 

DSS, which also swiftly responds to changes in market demand. 

6. Proposed AI-Powered DSS Framework

The rapid evolution of  Management Information Systems (MIS) has led to the demand for more intel-
ligent and real-time Decision Support Systems (DSS). Traditional DSS models have been instrumental 
in structuring data-driven decision-making, but they suffer from limitations in speed, adaptability, and 
handling complex structured data. To overcome these challenges, AI-powered DSS frameworks inte-
grate machine learning, deep learning, and advanced automation to enhance efficiency and accuracy.

This section presents a high-end AI-powered DSS framework designed to improve decision-
making in finance and supply chain management. The proposed framework incorporates four critical 
components: an Automated Data Pipeline for real-time structured data ingestion, Hybrid AI Models 
combining deep learning with rule-based AI, Edge AI Computing for fast and decentralized decision-
making, and Explainability & Trust mechanisms to enhance transparency in AI-driven processes.

6.1 Automated Data Pipeline for Real-Time Structured Data Ingestion

One of  the fundamental challenges in decision-making systems is handling structured data in real-
time. Traditional DSS models rely on batch processing, which often results in delayed insights.  
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The proposed AI-powered DSS framework introduces an automated data pipeline that ensures seam-
less ingestion, processing, and transformation of  structured data from various sources.
Key Components of  the Automated Data Pipeline

Component Function

Data Extraction Layer Collects structured data from ERP, CRM, IoT sensors, and financial databases in 
real-time.

Streaming & Processing 
Engine

Uses Apache Kafka, Spark Streaming, or Flink to handle high-velocity data streams.

AI-Enhanced Data 
Cleansing

Utilizes NLP and ML algorithms to validate and correct structured data before 
analysis.

Feature Engineering Module Extracts relevant features from raw data to improve model accuracy.
Data Storage & Access Layer Implements cloud and on-premise hybrid storage solutions to ensure data availability 

and scalability.

This automated pipeline ensures that structured data is continuously ingested, processed, and made 
available for AI-driven decision-making in finance and supply chain management.

6.2 Hybrid AI Models (Deep Learning + Rule-Based AI)

AI-powered DSS must balance advanced predictive modeling with business logic constraints. Deep 
learning models can uncover hidden patterns, but they often lack interpretability. Rule-based AI, on 
the other hand, ensures compliance with domain-specific regulations and expert-driven guidelines.

Graph 5: Data Processing Speed – Traditional vs. AI-Powered DSS.
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Key Elements of  Hybrid AI Models

•	 Deep Learning for Predictive Analysis: 
•	 Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) models for 

demand forecasting in supply chains.
•	 Transformer-based models for fraud detection in financial transactions.

•	 Rule-Based AI for Compliance & Interpretability: 
•	 Knowledge-based systems ensuring regulatory compliance in financial DSS.
•	 Business rule engines optimizing inventory decisions in supply chain management.

Performance Comparison of  AI Models in DSS
Model Type Strengths Limitations

Deep 
Learning

High predictive accuracy, learns from complex 
patterns

Lacks explainability, requires large datasets

Rule-Based 
AI

Transparent decision-making, follows predefined 
logic

Limited adaptability, struggles with unseen 
scenarios

Hybrid AI Combines predictive power with business logic 
constraints

Requires integration of  AI-driven and expert-
based rules

The hybrid AI approach ensures that DSS systems deliver accurate, regulatory-compliant, and 
explainable decision-making in finance and supply chain operations.

Graph 6: Accuracy Improvement of  Hybrid AI vs. Traditional DSS.
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6.3 Edge AI Computing for Fast, Decentralized Decision-Making

Traditional DSS systems rely heavily on centralized cloud processing, which can introduce latency 
issues, especially in real-time decision-making scenarios. The proposed AI-powered DSS framework 
leverages Edge AI Computing, where decisions are made closer to data sources, reducing response 
times and improving efficiency.

Advantages of  Edge AI in DSS

•	 Low Latency Decision-Making: AI models deployed on edge devices process structured data in 
milliseconds, critical for high-frequency trading and warehouse automation.

•	 Reduced Dependence on Cloud Connectivity: Financial DSS in remote locations can function 
independently without relying on constant internet access.

•	 Enhanced Data Privacy: Sensitive financial and supply chain data remain localized, reducing cyber-
security risks.

Edge AI Use Cases in Finance & Supply Chain DSS
Application Edge AI Role Impact

Stock Market 
Trading

AI-powered edge nodes execute real-time trades 
based on market signals.

Reduces latency in trade execution, 
improving profitability.

Warehouse 
Robotics

AI models on embedded devices optimize inventory 
picking routes.

Enhances operational efficiency by 
20-30%.

Fraud Detection AI models deployed on financial endpoints detect 
suspicious transactions locally.

Lowers false positives and improves 
response time.

The integration of  Edge AI into DSS frameworks ensures that decision-making is both fast and 
decentralized, leading to enhanced performance in finance and supply chain applications.

6.4 Explainability & Trust in AI-Driven Financial and Supply Chain Decisions

While AI-powered DSS enhances decision-making accuracy, trust and explainability remain critical 
challenges. In finance, regulators require transparency in AI-driven risk assessments. In supply chain 
management, businesses need to justify automated procurement and logistics decisions. The pro-
posed framework incorporates Explainable AI (XAI) techniques to enhance trustworthiness.

Key Explainability Methods in AI-Powered DSS

•	 SHAP (Shapley Additive Explanations): Identifies how each feature contributes to AI predictions, 
crucial for financial risk modeling.

•	 LIME (Local Interpretable Model-agnostic Explanations): Breaks down complex AI decisions into 
human-readable insights, improving interpretability in supply chain logistics.

•	 Counterfactual Analysis: Provides alternative decision pathways, allowing organizations to under-
stand AI-driven recommendations.
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Graph 7: Adoption Rate of  AI DSS with Explainability Features.

Impact of  Explainability on AI-Powered DSS Adoption
Factor Without Explainability With Explainability
Regulatory 
Compliance

High rejection rate Increased acceptance

User Trust Low adoption in risk-sensitive 
domains

Greater confidence in AI decisions

Decision Validation Black-box models create uncertainty Transparent justifications improve decision-making

The integration of  explainability techniques ensures that AI-driven financial and supply chain deci-
sions are transparent, reliable, and aligned with regulatory standards.

The proposed AI-powered DSS framework introduces a next-generation decision support model 
that enhances real-time structured data processing, predictive accuracy, speed, and trust. By incorporating 
an automated data pipeline, hybrid AI models, edge computing, and explainability techniques, the frame-
work aims to bridge the gap between traditional DSS limitations and modern AI-driven automation.

This high-end AI framework not only enhances decision accuracy but also ensures regulatory 
compliance, operational efficiency, and scalability, making it a robust solution for financial and supply 
chain applications. Future research will focus on fine-tuning reinforcement learning models and inte-
grating blockchain for secure AI-driven decision-making.

7. Results and Findings

The application of  AI-enhanced Decision Support Systems (DSS) in finance and supply chain man-
agement has significantly optimized the processing of  decisions, enhanced real-time operations, and 
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minimized associated risks. In this segment, we discuss results from live case studies as to how auto-
mation through AI has impacted financial risk assessments, demand forecasting, and productivity 
levels. Additionally, we conduct a interval-based analysis of  traditional and modern DSS, showcasing 
the relative changes in performance based on predefined standards.

7.1 Case Study Analysis on AI-Driven Automation in Finance and Supply Chains

7.1.1 AI’S Role In Financial Risk Assessment and Fraud Detection
There is a noticeable shift towards the deployment of  AI models for automating risk analysis, fraud 
detection, and even algorithmic trading within financial institutions. Often, traditional models devel-
oped for the identification of  fraud operate on predefined parameters, thus often resulting in pro-
tracted reaction times and unusually high false positives. Systems that rely on AI technologies for 
fraud detection use ML, DL, and other modern techniques where algorithmic analysis of  transactions 
is conducted to identify malicious activities, enabling action to be taken automatically within a short 
span of  time. 

Case Study: AI-Powered Fraud Detection in Banking
Institution: JPMorgan Chase
AI Implementation: JPMorgan implemented an AI driven fraud detection system via Gradient 
Boosting Machines (GBM) and Neural Networks that scans millions of  transactions daily.

Findings:

•	 Fraud detection accuracy increased from 78% to 92%.
•	 Blocked transactions with false positives 40% less often, and decreased unnecessary blocks.
•	 Real time fraud prevention became possible as decision latency dropped from 15 seconds to 3 

seconds. 

7.1.2 AI in Supply Chain Demand Forecasting
AI technology triumphed over traditional supply chain management with better demand forecasting, 
leading to costs in inventory, logistics, and even shipment shrinkage. Unlike traditional DSS models, 
which work on historical trends, AI models use real time data streams, changes in the market, and 
non-controllable factors like the weather and even economy for prediction.

Case Study: Retail AI Demand Forecasting
Company: Walmart
AI Implementation: The company integrated LSTM networks and Random Forest Regression mod-
els to improve the demand forecasting accuracy of  the company.

Findings: 

•	 Stopped overestimating stock inventory with demands as forecasting accuracy climbed from 70% 
to 89%. 
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Graph 8: AI Powered DSS vs Traditional Demand Forecasting Accuracy.

•	 Costs in inventory accompanied devise procurement strategies dropped by 25%. 
•	 Becoming able to adjust in real-time to sudden demand boosts (needed during blackfriday sales).

7.1.3 The Role of  AI in Logistics and Routing
Uninterrupted supply chain processes entail real-time routing so as to optimize for cost, delivery time, 
and fuel efficiency. Traditional routing approaches suffer from static scheduling with no automated 
or semi-automated manual changes and adjustments, thus resulting in inefficiencies. AI-based models 
resort to Reinforcement Learning (RL) coupled with deep learning to automate traffic, weather con-
dition, and demand pattern dependent real-time routing.

Case Study: AI-Based Logistics Optimization
Company: FedEx
Use of  AI: FedEx applied the use of  AI in logistics by placing deep Q-networks (DQN) and 
Reinforcement Learning powered software to optimize delivery routes. 
Results: 

•	 FedEx experienced dynamic rerouting, which improved delivery timelines by 18%.
•	 Improved sustainability with a 12% reduction in fuel consumption.
•	 Improved customer experience with real-time updates, which improved CSat scores by 25%.

7.2 Impact on Uncertainty Reduction & Decision Accuracy

7.2.1 The Role of  Uncertainty in Financial Decision Support Systems
Financial Decision Support Systems (DSS) depend on static models and historical data, which are 
extremely difficult to change with minute’s notice based on market movement. AI powered DSS, on 
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the other hand, use real time data feeds, sentiment analysis, and adaptive learning techniques which 
result in reducing prediction uncertainty from 40-50%.

For instance:

•	 The degree of  default risk in loans was lowered by 20% as a result of  better ai credit risk evaluations.
•	 Use of  transformers in AI stock market prediction resulted in a 35% decrease in prediction error.

7.3.2 The Impact of  Supply Chain AI on Precision of  Decision Making.
AI Integrated DSS systems in the supply chain add exogenous factors like market information, sup-
plier performance, and “what if ” analysis to improve the precision of  their decisions.

For instance:

•	 Using predictive supplier analytics in procurement decision making resulted in a 30% decrease in 
erroneous vendor selections.

•	 With order fulfilment accuracy in automated warehouses being 85%, AI enabled automation 
increased it to 96%.

7.3 Comparison of  Traditional DSS vs. AI-Powered Automation

7.3.1 Primary Performance Indicators
The following table illustrates the differences between Traditional and AI-Powered DSS with particu-
lar reference to the most fundamental KPIs in finance and supply chain functions..

Performance Metric Traditional DSS AI-Powered DSS Improvement (%)

Fraud Detection Accuracy 78% 92% +14%
Demand Forecasting Accuracy 70% 89% +19%
Inventory Optimization Efficiency Moderate High +25%
Delivery Time Reduction Static scheduling Real-time AI-based routing –18%
Stock Market Prediction Accuracy 65% 88% +23%

7.3.2 AI-Powered DSS Advantages Over Traditional DSS
•	 Enhanced Speed of  Decision Making: AI powered DSS systems decrease decision making lags by 

5 to 10 times due to the faster processing speed of  structured data.
•	 Greater Precision: The accuracy for assessing risks in finance and predicting the demand’s value 

improves by 15 to 30% with the help of  AI-enhanced models due to factors increasing the accuracy.
•	 Decrease in Operational Expenses: Profit margins increase because of  the costs being reduced by 

20 to 40% due to the automation of  AI and manual processing being replace during period.
•	 Flexibility: Unlike older DSS, AI-based systems are able to shift with the changes in real time. 

Older systems required their updates to be done manually.
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The findings and results from actual case studies show that there is improvement due to AI-powered 
DSS in managing supply chains, financial risks, and operational productivity. The aim of  AI driven 
automation is not just to improve the accuracy of  the decisions, but also lower the degree uncertainty 
paired with those decisions leading to more profit and improved risk management. 

AI powered DSS have greater results in comparison to conventional systems in: 

1.	 Demand forecasting (achieved higher accuracy by 19 percent)
2.	 Fraud detection (accuracy increased by 14 percent)
3.	 Logistics optimization (18 percent faster delivery of  packages)

The above advancements have proven that AI powered automation is superior in management of  
determined structured data in real time which require action. In the next phase of  investigation work 
will be conducted on improving the security of  AI driven DSS by block chaining and fine tuning the 
AI reinforced learning models.

8. Discussion and Practical Implications

8.1 Interpretation of  Results & Industry Relevance

The results of  this study indicate that Decision Support Systems (DSS) powered by AI technology 
result in increased accuracy, responsiveness, and efficiency of  operations in real-time within the finan-
cial and supply chain management sectors. The analyses of  the case study and the comparative study 
showcase the changes in the detection of  fraud, demand forecasting, and the optimization of  logistics.

8.1.1 Insights from Results
•	 Fraud detection models powered by AI increased detection accuracy by 14% while reducing false 

positives. 
•	 AI-driven demand forecasting improved accuracy by 19%, reducing the chances of  mismanaged 

inventory.
•	 Operational efficiency improved due to the aiding of  AI in the optimization of  logistics, resulting 

in a decrease in delivery times by 18%.

In regards to structured data processing in real-time, many industries are expected to benefit substan-
tially from AI powered DSS as showcased by the results.

8.1.2 Importance to the Industry
These findings may be relevant to a number of  industries as outlined below:

8.1.2.1 Finance
•	 The AI powered models of  detected fraud provide assistance to help protect banks and other 

financial institutions against threats.
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•	 The detection of  credit risk within loans is positively impacted, leading to the mitigation of  defaults 
after the loan is approved.

•	 Reinforcement learning models that modify the trade algorithm dynamically aid in profitable trad-
ing within algorithmic trading.

8.1.2.2 Supply Chain Management
•	 AI in demand forecasting leads to effective management of  inventory by avoiding overstocking as 

well as shortages.
•	 The use of  real-time route optimization changes delivery timelines and improves logistics in the 

supply chain.
•	 A machine learning powered supplier risk assessment facilitates AI intelligence in making decisions 

towards procurement plans.

8.2 Challenges, Limitations & Future Improvements

8.2.1 Issues and Struggles Related to the Deployment of  AI-Powered Drawings and Survecy Systems
While helpful, the adoption of  AI-powered DSS comes with a set of  issues like:

8.2.1.1 Problems Associated with Data Quality and Integration
•	 Structures and high quality data, definition along with distinct culture have to exist. For instance, 

accepting partial, ambiguous or faulty data creates wrong choices.
•	 Most organizations have a problem with incorporating AI into their current MIS systems, which 

calls for considerable spending on data funnel and cloud hosting facilities.

8.2.1.2 Considerable Power Resource Expenses 
•	 Substantial operational expenditures are usually incurred due to the system requiring a higher level 

of  computation, especially AI powered DSS, and more so during deep learning.
•	 Some of  these expenses may be alleviated by Edge AI computing which reduces dependence on 

the centralized Cloud processing.

8.2.1.3 Problems of  Trust and Explainability
•	 The lack of  any reasonable explanation further results in trust problems within the chain of  supply 

while the system integrated learning denies logic to frame policies in finance. 
•	 Issues of  Explainability raises coverage gaps in many regulations like those that govern the finan-

cial sector.
•	 Transparency is enhanced when implementing Explainable AI (XAI) in SHAP and LIME.

8.2.2 Proposed Future Improvements for AI Integrated DSS
For businesses to cope with these issues, they need to:

•	 Work on sophisticated frameworks for data preprocessing that enhance the quality of  data.



Journal of  Innovation in Governanace and Buisness Practices 2 (1)� 119

Improving Real Time Decision Support Systems in Management Information Systems Through AI Powered Automation

•	 Improve AI models’ structural designs to less costly ratios of  computational resources to work 
done.

•	 Provide additional regulatory compliance and transparency using Explainable AI technologies.

Future AI-integrated DSS models must be:

•	 Lower in energy consumption (to cut costs in cloud computing) 
•	 More interpretable (to facilitate better compliance with regulations)
•	 More seamlessly integrated with edge devices (to counteract delays in system responsiveness)

8.3 Proposed Advances for AI-Driven DSS in MIS

8.3.1 Integration of  AI Powered DSS with Blockchains
The use of  blockchain technology can improve AIdriven DSS by enhancing data protection, open-
ness, and ability to follow data provenance.

•	 Finance Example: While AI-driven fraud detection systems observe suspicious behaviors, they 
check blockchain transaction histories in real-time to validate or refute these behaviors.

•	 Supply Chain Example: Supplier verification by audit is made easier with smart contracts and pro-
curement processes become clearer with controlled supplier payments via blockchain.

8.3.2 Secure Federated Learning for DSS
When deploying AIbased DSS, different institutions have varying levels of  concern regarding data 
privacy and security. A possible solution would be the so-called Federated Learning FL, which allows 
AI to train models at different institutions while avoiding data sharing.

•	 Example: With FL, financial institutions can work together on customer fraud detection models 
without sharing sensitive customer data.

•	 Example: FL-enabled supply chains can collaborate on inventory predicts without exposing sensi-
tive sales information. 

The previously mentioned AI-powered DSS clearly illustrates how much AI has changed the analysis 
of  finance and supply chains. While accuracy, efficiency, and flexibility have improved, issues around 
data fusion, integration, and computation alongside their cost remain.

Key Points: 

•	 In all sectors, AI-powered DSS enhance decision-making precision from 15 to 30 percent. 
•	 For compliance purposes and fostering confidence among the users, explainability provisions are 

paramount. 
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•	 Improvements going forward will pivot around the integration of  blockchain technology, achieve-
ment of  federation learning, and edge computing powered AI for improved scalability, safety, and 
real-time operational efficiency.

As industries continue with their digital transformation processes, AI driven aids in decision support 
systems with Management Information Systems will consequently improve accuracy, flexibility, and 
efficiency in automated decision support systems using structured data. 

9. Conclusion & Future Research Scope

The research demonstrates the changeling impact that AI-powered Decision Support Systems (DSS) 
can have on finance and supply chain operations. AI models outperform traditional DSS in every 
aspect’s speed, accuracy, and flexibility including fraud detection, demand forecasting, and logis-
tics optimization. The results show that AI-based fraud detection offered the least lower false pos-
itives, and improved accuracy by 14%. Demand forecasting models improved prediction accuracy 
and inventory management by 19%. AI-powered logistics optimization also improved delivery times, 
lowering them by 18%, which advanced the overall supply chain effectiveness. These improvements 
show the value of  cost effective, real-time, and scalable industry solutions offered by the automation 
of  AI driven decisions. The study equally proposes an AI powered DSS framework integrating hybrid 
AI systems, analytics, and Explanable AI which improves the compliance monitoring and trust to the 
stakeholders.

This analysis blends the traditional approach with modern-day AI technologies through the dis-
cussion of  AI-fueled Decision Support Systems and traditional models of  decision-making DSS case 
studies, as well as presenting an illustrative AI governance framework. Implementing an AI powered 
DSS in businesses can reduce operational costs by 20 to 40 percent, expedite risk evaluation in the 
finance sector, and enhance logistics management through Edge AI computing. However, issues with 
incorporating data sets, processing them, and lack of  AI transparency need to be solved to guarantee 
wider use. Later research must work with Federated Learning for private AI partnerships, Blockchain 
based DSS in finance for security, adaptive reinforcement learning for self-evolving AI systems, and 
lightweight AI for lowering processing expenses. In accomplishing these goals, the AI based DSS 
would be transformed into a comprehensive system that could make instant decisions, thereby trans-
forming structured data handling in several sectors.
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