IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 13 Issue: Vi Month of publication: July 2025

DOIl: https://doi.org/10.22214/ijraset.2025.73062

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue VII July 2025- Available at www.ijraset.com

Al-Powered Virtual Beings: Transforming
Financial Services through Human-Like
Interaction

Tanushree Hajare', Soham Raut’, Atharva Sawant®, Prof. Sarika Mane’
Department of Al-DS, K J Somaiya Institute of Technology Mumbai, India

Abstract: This paper proposes Damon Bot, an Al-based vir- tual assistant for FinTech with anticipated improvements in
financial decision making and engagement with the end user. This new FinTech solution features an interactive, natural
language processing (NLP), machine learning (ML), sentiment analysis, and real-time financial data processing based engine
for personalized feedback, stock and bond daily updates, and response to customer financial inquiries. Damon Bot is notable for
having a 3D avatar as a persona through which increased engagement accessibility for users exists. The interface employs
predictive analytics and sentiment-driven responses to facilitate increased financial literacy and awareness while allowing users
to justify their decisions relative to projected or historical based information. The system can plug into multiple LLM APIs —
OpenAl, Cohere, Grog, Hugging Face — to ensure that this flexibility and growth of performance occurs for scaling in any use
case. The rest of the paper outlines the creation and structure analysis, technology stack, implementation, and evaluation results
of Damon Bot while discussing challenges with explainable Al (transparency), data privacy, and regulatory compliance. In
addition, the implications for future improvements are discussed relative to explainable Al and approaches such as federated
learning and hybrid intelligence. Damon Bot is a step toward more intelligent, more accessible FinTech by merging financial
intelligence with a conversational Al interface.

Index Terms: Artificial Intelligence (Al), Natural Language Processing (NLP), Financial Technology (FinTech), Machine
Learning (ML), Virtual Assistant.

L. INTRODUCTION
In recent years, the FinTech space has experienced a trans- formation thanks to Artificial Intelligence (Al) and a more intelligent,
efficient, and personalized method of experience and solution delivery. As financial markets become more com- plex and demand
better and quicker access to information and resources, it’s not unlikely that Al-powered virtual assistants will be the next stage of
personal finance opportunity. Yet many currently available personal finance advisory solutions are subpar in meeting users’ needs
and wants to keep apprised of market movement, risk analysis, and investment recommen- dations. It’s here that an innovative use of
Al might come into play via Natural Language Processing (NLP), Machine Learning (ML), predictive and sentiment analysis
[51[6]1[7].
Damon Bot is an innovative virtual financial assistant through artificial intelligence that provides market updates, stock predictions,
sentiment analysis, and transaction guid- ance—in real time. It’s not some run-of-the-mill financial advising website or program;
there is a 3D avatar through which you can communicate and learn how to feasibly and en- joyably adjust your financial situation if
you’re not happy with it [12][13]. The automated response system fields questions based on current data and historical trends in real
time, pro- viding tailored investment recommendations and educational resources to increase one’s financial literacy. In the end, it
runs more fluidly than an inquiry on paper and pencil due to deep learning and a voice-sensitive implementation.
One of the most cutting-edge features of Damon Bot is its ability to analyze financial news, stock values, and social sentiment
to provide real-time, data-driven recommendations. More and more, Damon Bot and similar chatbots and virtual fi- nancial advisors
are adopted for automated client engagement, boosted financial security, and tailored assistance. Further- more, biometric security
and NLP-driven sentiment assessment ensure transactions are safe and effortless [1][2][14].
In Damon Bot, a more comprehensive comparison and contrast occurs to assess the quality of responses, wait time, and contextual
appropriation of answers from LLMs based on plug-in LLM APIs through Cohere, Grog, and Hugging Face, which ensure a
better choice of best fit models per user query context [16][17][18]. However, to ensure scalability and modularity, the Damon
Bot framework is LLM-agnostic. In addition to OpenAl’s GPT models, APIs such as Cohere, Grog, and Hugging Face are
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considered as viable alternatives for inference and customization. These APIs offer multilingual embeddings, low-latency inference,
and a wealth of pre-trained models available—thereby enhancing the bot’s functionality and performance across various fields.
However, as Al continues to revolutionize FinTech, algo- rithmic bias, compliance, privacy concerns, and interpretabil- ity remain
formidable obstacles [6][13]. These need to be addressed for sustainable and ethical operation of such Al- powered virtual financial
advisors. This paper explores the creation, usage, technical infrastructure, and experimentation of Damon Bot with the power to
transform financial decision- making for real-time, secure, and super-interactive financial guidance.

1. LITERATURE REVIEW

The combination of Artificial Intelligence and Financial Technology (FinTech) means that intelligent financial systems provide
more sophisticated and efficient means of delivering financial services. The trends from recent research reveal that these
developments are mostly linked to Machine Learning, Natural Language Processing, and predictive analytics, as most
developments involve financial advisory applications since these systems are more frequently providing application- based results in
response to user activity and present market situations.
One of the best-known applications of artificial intelligence in financial technology is robo-advisory. That is, automated platforms
that provide investment advice based on user pref- erences and market conditions. These platforms often use advanced deep
learning models, such as Long Short-Term Memory (LSTM) networks and the Black-Litterman model, to manage portfolios.
Studies demonstrate that when big data analytics is combined with LSTM models, the Al-driven advi- sors can provide highly
personalized asset allocations that are more accurate in their predictions, yet maintain the same cost- effectiveness and scalability as
previous robo-advisors [11].
In the field of stock market prediction, hybrid intelligence systems—machine learning algorithms augmented by human- suggested
contributions—are more effective than traditional predictive models [12]. For example, one of the hybrid intel- ligence approaches
determined it could create more accurate predictions based on live sentiment data from news and social media—allowing it to
inform investors of trending stocks while they were still trending. Through NLP, Al can process this information—articles, posts,
and titles—and assess sen- timent to determine how investors feel about certain stocks, effectively suggesting its own trades [15].
However, one consistent challenge is a lack of clarity. This is especially important in the financial world. For instance, a recent
investigation into LLM interpretability reveals the employment of graph databases, Depth-First Search (DFS), and causal inference
as pathways to follow the breadcrumbs (or trails) of Al decision-making, which, in turn, fosters transparency and interpretability of
credit scoring, investment prediction, and payment processing Al applications [4].
Al has played a key role in improving transaction security as well. For example, biometric authentication systems that use Al—
facial recognition, fingerprint scanning—are more secure and avoid much of the inconvenience that comes with application
logins. An Al-based biometrics study found that individuals were more satisfied and trusted biometric systems more than passive
password systems [2]. In addition, Al is able to spot anomalies relative to biometric information, which decreases the likelihood of
attempted fraud when it comes to financial transactions.
At a macro level, Al has been shown to increase productivity and reduce costs through automated decision making relative to low-
level financial transactions, insurance policy questions, and customer service inquiries. A variety of studies show that this low-level,
low-hanging fruit is best done by computers because it’s done more quickly and more essentially, equitably. For those companies
that engage with Al in this capacity, the results are lower payroll and higher customer satisfaction [3].
Al platforms that offer real-time financial analysis will be a necessity. Being able to access up-to-the-minute market readings and
apply predictive analytics from that data enables users to make faster, more informed transaction and investment choices.
Furthermore, with the addition of sentiment analysis, Al can gauge public sentiment and predict short-term market activity based on
its findings [5][13].

TABLE I: Performance Metrics of Al Applications in FinTech

Application Area Performance Metric

Financial Advisory and Investment Prediction 91% accuracy in predictive models

Transaction Security and Fraud De- tection 85% improvement in fraud detec- tion accuracy
Stock Market Predictions and Sen- timent Analysis 5-10% improvement over tradi- tional models
Risk Assessment and Credit Scor- ing 15-20% reduction in default rates

Automated Trading and Portfolio Management Up to 12% increase in portfolio returns
Predictive Analytics and Market Forecasting 95% precision in trend predictions
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Table 1. Performance improvements across Al applications in Fin- Tech are summarized here, highlighting advancements in
accuracy, fraud detection, default rate reduction, investment returns, and fore- casting precision [3][4][5][10][12].

In a recent comparative analysis of Al models for investment forecasting refer to Table 1, Deep Neural Networks (DNNs) achieved
an accuracy of 91%, surpassing Support Vector Machines (SVMs), which scored 86%. This highlights the strength of deep learning
in processing complex financial data and producing actionable insights [10].

Despite these promising developments, several challenges remain, including concerns around data privacy, algorithmic bias, and
regulatory compliance. The literature consistently points to the need for explainable Al (XAl) in high-stakes financial contexts to
ensure that Al decisions are transparent and accountable [6][13].

Ultimately, the findings of the experiments reveal that Al could genuinely transform the FinTech environment for more
personalized products and services, greater security, and higher accuracy in market predictions over time. The findings sug- gest a
clear shift toward hyper-personalization, real-time data integration, and intelligent automation to meet the demands and realities of
21st-century digital finance.

1. RESEARCH GAPS
Even though advancements in FinTech have come largely from Artificial Intelligence (Al), the important research gaps that
remain—especially those related to delivering personalized, real-time, and secure financial services—have not been closed.
One major limitation is the minimal use of real-time sentiment analysis in financial advisory platforms. While sentiment analysis has
proven useful for market trend prediction, most existing models rely heavily on historical data. This limits their effectiveness in
rapidly changing market conditions. There is a clear need for Al systems that can continuously process live financial news and
social media sentiment to dynamically update investment strategies [12][15].
Another challenge lies in the lack of explainability within Al models, particularly in critical areas like credit scoring, investment
advice, and risk assessments.
Techniques such as graph databases, depth-first search (DFS), and causal inference have been proposed to make large language
models more transparent, but real-world implementations remain rare. This highlights the need for practical explainable Al (XAl)
frame- works that balance transparency and performance, especially in regulated environments [4].
Moreover, there has been scant attention paid to creating Al systems that are aware of and responsive to the user’s emotional state.
Even though increasing numbers of chatbots and robo-advisors are appearing, the vast majority of these Al systems are not
programmed to be in touch with the user’s sentiments or to react in a caring manner during financial interactions, in light of
recent studies that indicate the human-like responses are what users expect and prefer. In a world where we interact increasingly
with non-human entities, building emotional intelligence into Al could boost user trust and satisfaction [14].
Scalability is another issue. Current real-time stock predic- tion systems, including hybrid models that combine machine learning
with expert rules, have shown good accuracy. How- ever, many struggle when scaled to handle large datasets or multiple markets.
Ensuring low-latency and high-accuracy pre- dictions in real-time environments remains an underexplored area [12].
In terms of financial advice and transaction automation, hyper-personalization is still lacking. Many systems rely on static user
profiles and do not adapt to changes in user behavior, goals, or preferences. There is a growing need for adaptive Al models that
can tailor recommendations and automate actions based on real-time user data and behavioral patterns [11][13].
Security is an issue everywhere. While biometric payment systems are more secure than ever with Al, issues with data privacy,
spoofing, and regulatory compliance are still concerns. Better systems are needed with a compliance-with-privacy focus to make
these systems as secure as possible while allowing for end-user adoption [2][14].
The FinTech field has barely scratched the surface regarding the use of multi-modal data—text, audio, image, and behav- ioral data
resulting from use. Many Al applications today rely upon one type of data, meaning that they may not be as effective at
learning the context of a financial situation. Creating an Al that relies on multi-modal data could create better results and a better
understanding of customers and what’s happening in the marketplace for them [5][6].

V. METHODOLOGY
The chapter details how the fintech agent was developed. Damon Bot is a virtual FinTech agent powered by Al. The agent is a
system with NLP and ML functionalities, financial database connectivity, sentiment analysis, and a 3D animated GUI to enhance
the experience of dealing with financial endeavors.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue VII July 2025- Available at www.ijraset.com

A. System Architecture
The architecture of Damon Bot consists of three core layers:

User Interface (Ul) Layer

3D Animated Avatar

Text-Based Chat, Voice
Interaction

!

Processing Layer

NLP, ML Models (OpenAl
GPT, Cohere, Grog, Hugging
Face)

| Analyze User Intent |

| Generate Response |
v
Data Layer

Integrate Financial Data
Screener.in API, NewsAPI et.)

Fig. 1: System Architecture of Damon Bot [16][17][18].

1) User Interface (Ul) Layer: Developed using PyQt5, featuring a 3D animated avatar that engages users via text-based and voice
interactions. Incorporates an in- tuitive chat interface for seamless financial query han- dling [15].

2) Processing Layer: Leverages NLP and ML models to process user queries, analyze intent, and extract relevant financial data.
Uses OpenAl’s GPT for conversational understanding and sentiment analysis models to person- alize responses [14][15].

3) Processing Layer: Integrates real-time financial data from sources such as Screener.in APl, NewsAPI, and live stock market
feeds. Performs financial trend analysis to provide users with market insights [5][12].

B. Implementation

The Implementation of Damon Bot consists of integrating it’s different features all together like sentiment analysis, financial data,

GUI etc.

1) Graphical User Interface (GUI) Development: To enhance avatar realism, Rhubarb Lip Sync is used to generate viseme
metadata from user speech, which is synchronized with the 3D avatar’s mouth movements for accurate visual speech
representation [10].

2) Voice and Text-Based Interaction: Users can interact via typed text or voice commands, processed using SpeechRecognition
API, Edge TTS for both converting speech to text and generating spoken responses.. Al responses are generated using
OpenAl’s GPT, ensuring accurate and context-aware financial advice [14][15].

3) Language Model API Integration: In addition to Ope- nAl’s GPT, other APIs were researched to expand LLMs beyond those
needed for the project. Cohere, Grog, and Hugging Face all offer endpoints for generation, em- beddings, and real-time
inference of text [16][17][18]. They’ve been optimized for low-latency real-time use and multimodal uses as well. These would
be good versatile options for scaling, agile, Al-enhanced financial chat conversational agents.

4) Financial Data Integration: Retrieves real-time stock market trends, financial news, and investment insights through API calls
to Screener.in APl and NewsAPI. Analyzes historical stock performance to assist in in- vestment decision-making [5][12].

5) API Selection Strategy: The Damon Bot includes an abstraction layer that facilitates switching between different LLM APIs in
real time based on query type, latency requirements, or content creation. For example, someone might want to use Groq for
getting conversa- tional responses in low latency but switch to Hugging Face for more specialized models (e.g., finance-specific
BERT). This modular design ensures maximum flexibil- ity without significant codebase modifications.

6) Sentiment Analysis: Uses VADER and TextBlob to analyze the sentiment of financial news and social media discussions.
Helps users understand market sentiment and adjust investment strategies accordingly [12][15].
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C. Working Principle

The functionality of Damon Bot follows a structured work- flow which is as follows:

1) User Interaction: The user inputs a financial query via text or voice.

2) NLP Processing: The NLP module extracts key fi- nancial entities and analyzes user intent. The system’s workflow is
bifurcated into two distinct paths—Text Input and Audio Input. Audio input is first transcribed using Edge TTS before
proceeding through the same NLP and response generation pipeline.

3) Multi-Provider LLM Processing: The NLP engine can plug into existing APls — Cohere (classifica- tion, generation), Groq
(blazing inference), Hugging Face (most large pretrained model library) — as well. This means that it will dynamically choose
the best model for the classification needed and required wait time [16][17][18].

4) Financial Data Retrieval: The system queries Screener.in API and NewsAPI to fetch real-time stock trends and financial news.

5) Sentiment Analysis & Al Response: Sentiment analy- sis evaluates market sentiment for the requested financial topic. Al
generates a structured response with relevant insights.

6) Exception-Handling Mechanism: The most impor- tant fail-safe is a robust exception handling mecha- nism for operational
hand-off. If the main LLM API does not work (OpenAl), the system defaults automat- ically to another LLM provider—Cohere
or Hugging Face—without letting the user know.

7) Response Delivery: The 3D animated avatar delivers the response via text or speech.

8) Learning: User interactions are logged to refine future responses and enhance personalized recommendations.

TABLE II: Technology Stack for Damon Bot

Component Technology Used

Frontend PyQt5, QStackedWidget

Backend Python (Flask)

AI/NLP OpenAl’s GPT, SpeechRecognition

Financial Data Retrieval Screener.in API, NewsAPI

Sentiment Analysis VADER, TextBlob

Voice Processing Google Speech-to-Text API

GUI Animation PyQt5 (QMovie, QLabel)

LLM APIs OpenAl GPT, Cohere API, Grogq API,
Hugging Face API

Table 2. Presents the technology stack utilized in Damon Bot, outlining its frontend, backend, AI/NLP processing, financial data
retrieval, sentiment analysis, voice processing, and animation capa- bilities [6][15][16][17][18].

V. RESULTS
Al has a beneficial influence on the FinTech industry, from investment forecasts and sentiment analysis to trading security and
robo-advisors. The use of Al features produces better suggestions and more rapid processing and customer interaction within trading
apps in the FinTech arena, providing both security and savvy to money-making ventures.

A. Performance Evaluation of Damon Bot
The Damon Bot was evaluated according to several critical metrics for performance, including response accuracy, effi- ciency, and
engagement. When it comes to answering invest- ment questions and evaluating real-time market conditions, Damon Bot functions
with higher degrees of accuracy and efficiency than standard advisory methods.

TABLE IlI: Performance Metrics of Damon Bot

Metric Score
Query Response Time 1.2 sec
Sentiment Analysis 85%
Accuracy Financial Data | 0.9 sec
Retrieval Speed 92%
User Satisfaction

(Survey)
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Sentiment analysis of financial news articles and social me- dia posts in real-time and for sentiment trading was confirmed with
VADER and TextBlob’s sentiment analysis models with an 85% average classification accuracy [15]. Sentiment scoring followed
the equation:

B. Addressing the Identified Research Gaps

This section details how Damon Bot systematically ad- dresses the limitations highlighted in Section 111:

1) Real-Time Sentiment Analysis Limitations: Most sys- tems rely on past data, limiting real-time responsive- ness. Damon Bot
integrates live sentiment analysis us- ing VADER and TextBlob on news and social me- dia via NewsAPI, enabling timely
investment decisions [12][15].

2) Limited Explainability in Al Models: Current Al lacks transparency, which is vital in finance. While Damon Bot doesn’t yet
include full XAl, its modular design and sentiment-based responses prepare it for future integration of explainability tools like
causal inference and graph-based reasoning [4].

3) Lack of Emotionally Aware User Interaction: Finan- cial bots often ignore user emotions. Damon Bot uses sentiment-aware
NLP and a 3D avatar to create emo- tionally responsive, human-like communication [14].

4) Scalability Challenges in Real-Time Prediction Models‘: Many predictive models face scaling issues. Damon

P —N

S =
T @)

Bot’s flexible, LLM-agnostic setup supports switching between APIs like OpenAl and Cohere, ensuring scalable, low-latency

performance [16][17][18].

5) Insufficient Hyper-Personalization: Static user profiles limit personalization. Damon Bot learns from ongoing interactions,
adjusting responses for more tailored finan- cial advice [13].
6) Data Privacy and Regulatory Compliance Issues: Data handling in Al remains a concern. Damon Bot’s architecture supports
future integration of privacy- enhancing methods such as federated learning and blockchain to improve compliance [2][4][14].
7) Single-Modality Constraints in Al Systems: Text- only systems miss contextual depth. Damon Bot sup- ports multimodal
input—text, voice, and visual feed- back—advancing richer, more intuitive user interaction [5][15][16].
Findings from correlational analysis confirmed the senti- ment index where P represents positive terms, N represents negative
terms, and T is the total number of sentiment-bearing terms. Relevant findings from sentiment analysis determined that the
sentiment index was highly associated (r = 0.75) with subsequent price increases or decreases within the following days [12][15].
As for the speed of financial data acquisition, Damn Bot’s capability to aggregate data from various sources including Screener.in
API, Nummus API, NewsAPI, etc., found an average financial data acquisition time of just under 0.9 seconds [2].
While Damon Bot was assessed using OpenAl’s GPTs mostly, assessments done long before this study and sandboxed use of
Cohere, Grog, and Hugging Face’s respective APIs yielded similarly quality performances across three perfor- mance metrics—
sentiment scoring, response generation, and prompts embeddings. Grog had significantly lower latencies for real-time inference
applications, while Hugging Face had the greatest number of pre-trained models available. Cohere had multilingual and
classification endpoints that might be significant in future multilingual endeavors. Thus, this in- dicates Damon’s framework is
modularly designed to swap models in and out fluidly for task and performance consider- ations [16][17][18]2.
It promoted immediate evaluations of financial health, which is key to day trading, and got a majority of its NLP-powered chatbot
questions answered at a 92% accurate rate—latency time for processing each question was 1.2 seconds compared to the human
advisor response rate at 1.8 seconds. [14].
C. Comparative Analysis
In the Fintech domain, hybrid approaches blending machine learning with rule-based methods have outperformed and outmatched
more traditional approaches refer to Table 1. For instance, where Support Vector Machines (SVM) predicted stock exchange results
86% of the time [10], a Deep Neural Network (DNN) exposed to multi-faceted financial variables achieved a 91% successful
prediction rate. Al-assisted robo- advisors using Long Short-Term Memory (LSTM) computing networks outperformed strict
allocation approaches in port- folio returns by 12% over six months [11]. In the realm of transaction authentication, Al-aided
biometric authentication has a 95% efficacy rate with a false acceptance rate (FAR) of 0.7% and a false rejection rate (FRR) of
1.1% [2]. Finally, Al-driven anomaly detection using unsupervised learning had a 93% precision and 89% recall for flagging
fraudulent money transfers [2][3].
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D. Evaluation

The performance evaluation of Damon Bot, combined with broader Al applications in FinTech, highlights significant advancements
in financial advisory services, sentiment anal- ysis, and security. With a 92% user satisfaction rate and rapid response times,
Damon Bot exemplifies the transfor- mative role of Al in financial decision-making. These re- sults reinforce the potential of Al-
driven solutions to en- hance accuracy, efficiency, and accessibility in financial ser- vices [4][10][11][12][13][14][15].

VI.  CONCLUSION

Damon Bot is a significant advancement over current ap- proaches to Al Financial Assistance integration as it brings intelligence,
simplicity, and human focus to all financial in- trusions. Through an innovative integration of Al, the bot simplifies processes
related to financial consultation, real-time stock updates, sentiment analysis, and secure transactions—all leading to greater precision
coupled with an enhanced user experience. Damon Bot can generate meaningful suggestions and recommendations within a
relatively short period of time through high levels of data processing over vast amounts of financial data. For example, built into
the application is sentiment analysis and Al-generated stock/loss recommen- dations based upon real-time stock updates; such
features provide concentrated, effective, and urgent financial recom- mendations. Damon Bot as works with pre-trained models
offered via public APIs, it can train the model via Hugging Face or a customization option available at Cohere. Such actions allow
for finer contextualization in terms of a financial advisory effort. In addition, the simplified natural language processing and
response times provide comfortable access into the financial world for beginner investors/traders. However, lingering concerns
remain with regulatory compliance, data privacy, Al explainability, and more recently, the need for total system scalability. Unless
these concerns are addressed, Al like Damon Bot may have difficulty with public reception. The future of Damon Bot will be
furthered by XAl in the years to come, further federated learning, multi-modal Al, and blockchain integration. These will create
further transparency, better safeguards of data, and enhanced trust in an ethical, re- sponsible Al-created financial ecosystem.
Ultimately, Damon Bot is a manifestation of what FinTech evolution with Al can bring for a smarter, safer, and more readily
available financial application for its users. As Al technology evolves, appropriate considerations of research and application are
warranted to harness its capabilities to revolutionize the realm of finance.
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