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Abstract. Financial decision-making is challenging because of large volumes of 

market data. Users find it difficult to interpret trends, so a tool that simplifies 

analysis and provides predictive insights is critical to making well-informed 

decisions.  Existing tools such as Bloomberg Terminal and TradingView offer 

financial information and charts but tend to fall short on predictive modeling 

and AI-powered chatbot support for one-on-one help.Data Sources Uses Alpha 

Vantage and Yahoo Finance for real-time and historical data.  Predictive 

Analytics: Employs LSTM models for accurate financial forecasting.   

Interactive Visualizations Displays key financial metrics with dynamic charts.   

AI Chatbot Powered by OpenAI’s NLP, it provides real-time financial 

assistance and dashboard navigation.  This dashboard enhances financial 

decision-making with AI-driven predictions and chatbot support, making real 

time market insights accessible and actionable. This paper introduces an 

Interactive Financial Dashboard with chatbot support and predictive analytics to 

inform users about financial trends. It uses data from Alpha Vantage and Yahoo 

Finance, among other sources, for analysis. The dashboard provides accurate 

market forecasting to support financial decision-making using Long Short-Term 

Memory (LSTM) models. Its main function is to simplify complex information 

for users by charting significant financial metrics. Users can quickly examine 

financial data and identify trends that influence their choices with the help of 

interactive graphics. Its predictive analytics function makes accurate predictions 

about financial performance by applying LSTM models to historical data. One 

of its primary features is its AI chatbot, which is driven by OpenAI's natural 

language processing (NLP) and offers real-time financial support for enquiries 

and dashboard navigation. The helper increases involvement by providing 

individualised support and making insights easily accessible. Predictive 

analytics and chatbot assistance facilitate the financial data process. Users 

receive real-time market analysis and tailored advice to help them make well-

informed decisions. All things considered, the solution combines easily 

accessible help with AI-powered predictions,  signifying important 

advancements in the visualization and analysis of financial data. 

Keywords: Long Short-Term Memory (LSTM), Natural Language Processing 

(NLP), financial forecasting,  market trend analysis, chatbot.  
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1 Introduction 

The quick development of machine learning and artificial intelligence has completely 

changed how financial decisions are made. In an era where market trends fluctuate 

unpredictably, having access to real-time financial insights is crucial for investors, 

analysts, and businesses. To improve financial forecasting and market trend analysis, 

this paper introduces an Interactive Financial Dashboard with chatbot support and 

predictive analytics. 

It can be challenging for people to efficiently process and interpret complex market 

data using traditional financial analysis methods since they frequently call for a great 

deal of time and expertise. By incorporating sophisticated Long  Short-Term Memory 

(LSTM) models, which are ideal for time-series forecasting, the suggested dashboard 
tackles these issues. By leveraging historical financial data from Alpha Vantage, 

Yahoo Finance, and other sources, the system predicts future market trends with 

improved accuracy, assisting users in making informed investment decisions.  

The integration of an AI-driven chatbot that utilises OpenAI's Natural Language 

Processing (NLP) capabilities is one of the system's primary innovations. By offering 

real-time support, responding to financial enquiries, and assisting users with 

dashboard navigation, the chatbot improves the user experience. Even for users with 

little financial knowledge, accessibility and engagement are guaranteed by this 

interactive component. 

By converting unprocessed financial data into easily understood charts and graphs, the 

dashboard's visualisation features further streamline data interpretation. Users can 

monitor important financial indicators, spot trends, and obtain useful information that 
affects investment plans. The system is a dynamic tool for financial decision-making 

since its predictive analytics module also continuously improves its projections in 

light of fresh data.   

This paper presents a new method for visualizing and interpreting financial data by 

combining real-time market analysis, AI-powered chatbot assistance, and predictive 

analytics. By bridging the gap between user accessibility and complex financial data, 

the proposed Interactive Financial Dashboard seeks to improve the effectiveness of 

financial decision-making.   

2 Literature Review 

The analysis of financial data has experienced significant advancement through 

artificial intelligence and machine learning developments during recent years. Hussain 

et al. Hussain et al. (2023) demonstrated how LSTM models effectively predict trends 

in the forex market. Raza et al. The work from Raza et al. (2023) proved that deep 

learning systems perform effectively in stock market analysis. Montalvo and López 

(2022) examined how predictive analytics in finance utilizes learning analytics 

dashboards with predictive models to generate actionable intelligence. Their research 
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determines financial information visualization as a crucial component to market 

insight generation. Previous research has explored the application of chatbots within 

the financial industry. Aboagye (2021) analyzed the contribution of conversational AI 

to financial sustainability while demonstrating chatbots' ability to deliver personalized 

support and enhance user experience with financial data. NLP-driven chatbots 
simplify access to real time responses to enhance user engagement and gain insights.  

These studies highlight how crucial it is to advance financial data analysis by fusing 

AI and predictive analytics. To improve financial planning and decision-making, an 

Interactive Financial Dashboard was created that integrates OpenAI chatbots and 

LSTM forecasting. Deep Learning-based Financial Forecasting  Hussain et al. (2023) 

highlighted how LSTM models can learn long-term financial time series relationships 

from data to produce more precise forecast predictions of the trend of the forex 

market. Advanced Predictive Models Raza et al. (2023) showed that using deep 

learning models improves the evaluation of stock market performance metrics to 

produce trend predictions that are more accurate. Visual Analytics for Financial 

Insights In their article on the integration of predictive models in learning analytics 
dashboards, Montalvo and López (2022) emphasized the importance of visualizing 

complex data to produce actionable insights. User Engagement Conversational AI  

Aboagye (2021) described how conversational AI can improve financial sustainability 

by demonstrating how chatbots can optimize user engagement by providing tailored 

financial assistance. Predictive analytics and AI  support work together A number of 

studies have highlighted how predictive analytics and AI support work together to 

show how they can both be used to help users understand financial markets. 

Improving Data  Accessibility Previous research has focused on the need for user-

friendly platforms that make complex financial data easily accessible. This allows 

users to understand market trends through interactive visualizations and tailored 

recommendations. Practical Applications in Financial Planning. The complementarity 
of LSTM-based prediction and OpenAI-based chatbot support is an end-to-end 

solution for financial data analysis that bridges the predictive precision and ease-of-

use gap.  

The table 1 below provides a summary of key publications, including their titles, 

authors, year of publication, and a brief summary of their findings. Additionally, it 

highlights the results, accuracy scores, and key limitations of each study. 
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Table 1: Key Studies in Financial Analytics and AI  

Title of the 

Publication 

Year 

Publi
shed 

Author 

(s) 

Summary of the 

Publication 

Result and 

Accuracy 
Score 

Key 

Limitations 

Deep 

Learning- 

Based 

Predictive 

Models for 

Forex 

Market 

Trends 

 

2023 Hussain 

et al. 

 

Explored LSTM 

models for 

predicting forex 

market trends, 

capturing long-

term 

dependencies. 

 

LSTM 

achieved 

higher 

accuracy 

compared 

to 

traditional 

models. 

 

Real-time 

predictions 

may 

be hampered 

by the 

complexity of 

the model, 

and the study's 

reliance on 
conventional 

metrics may 

have 

overlooked 

financial 

nuances. 

Advanced 

Deep 

Learning 
Algorithms 

in 

Stock 

Market 

Performanc

e 

 

2023 Raza et 

al. 

 

Investigated 

deep 

learning 
algorithms 

to improve stock 

market 

performance 

metric 

predictions. 

 

Enhanced 

predictions 

accuracy 
with 

advanced 

deep 

learning 

techniques. 

 

Model 

interpretability

, 
preventing 

overfitting, 

and 

the effect of 

market 

anomalies on 

performance 

were not given 

enough 

attention in 

this study. 
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Predictive 

Models in 

Learning 

Analytics 

Dashboards 
 

 

 

 

 

2022 Montal

vo 

and 

López 

 

 

Examined the 

use of 

predictive 

models in 
dashboards to 

provide 

actionable 

insights. 

Improved 

decision-

making 

through 

data 
visualizatio

n. 

 

Model 

accuracy, user 

engagement, 

and long- 

term effects on 
learning 

outcomes were 

not 

evaluated in 

this study. 

 

Conversatio

nal 

AI for 

Financial 
Sustainabili

ty 

 

 

 

2021 Aboagy

e 

Analyzed 

chatbot 

integration in 

financial 
applications, 

enhancing user 

support and 

engagement. 

 

Increased 

user 

satisfaction 

and 
streamlined 

financial 

data 

access. 

 

Analysis of 

chatbot 

accuracy, 

long-term user 
adoption, and 

system 

scalability was 

absent from 

the study. 

Predictive 

Models in 

Learning 

Analytics 
Dashboards 

 

 

 

2022 Montal

vo 

and 

López 

Examined the 

use of predictive 

models in 

dashboards to 
provide 

actionable 

insights. 

Improved 

decision-

making 

through 
data 

visualizatio

n. 

 

Evaluations of 

the model's 

generalisabilit

y and long- 
term influence 

on user 

decision-

making were 

absent from 

the study. 

3 Proposed Methodology 

3.1 Existing Systems  

The current Financial analysis tools rely on predetermined metrics and static reports, 

which severely restrict user interaction and data exploration. Users must sort through 
complex financial data on their own because traditional dashboards lack real-time 

assistance and predictive features. Furthermore, the majority of the systems in use 

today are inadequate at offering tailored insights, which makes it difficult for non-

experts to make insightful deductions.   



 

  

● No integration of financial data in real time.   
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3.2 Drawbacks of the Existing System 

● Personalized analysis and minimal interaction. 

● Lack of predictive analytics to predict market trends. 

● Insufficient AI-powered support to guide users through data insights. 

3.3 Proposed Methodology. 

The new system aims to tackle these issues by introducing a strong architecture with 

these key components  

3.3.1    Data Collection  

Sources: We gather financial data from various APIs like Yahoo Finance, Alpha 
Vantage, and Google Data. This way, we ensure that we have access to a wide array 

of both real-time and historical market data.   

Automation: To keep everything up-to-date, we set up scheduled API calls that 

automatically fetch data at regular intervals. 

Fig. 1. Yahoo Finance’s Stocks Data illustrates sample stock data retrieved.  

3.3.2     Data Processing:  

Cleaning: We use the Pandas library in Python to tackle missing values and outliers, 
which helps maintain the integrity of our data.   

Transformation: To standardize our data points, we apply normalization techniques 

like MinMaxScaler or StandardScaler, bringing everything to a common scale.  

Feature Engineering: We enhance our dataset by deriving additional features such as 

moving averages, RSI, and volatility indicators.  

3.3.3     Predictive Analytics: 
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Model Selection: For our predictive analytics, we opt for LSTM (Long Short-Term 

Memory) networks because they excel at handling sequential data. 

LSTM Algorithm: LSTM uses the RNN approach, which can be studied. Each 

LSTM cell has three gates, i.e., input, forget, and output gates. While the data that 

enters the LSTM’s network, the data that's needed data is kept, and the gratuitous data 
will be forgotten by the forget gate. LSTM can be used in numerous operations, 

similar as for rainfall forecasting, NLP speech recognition, handwriting recognition, 

time-series vaticination, etc. 

 
Fig.2. LSTM Architecture depicts the model structure. 

Training: The model is trained on historical financial data, and we split the dataset 

into training and validation sets to prevent overfitting. 

Evaluation: We evaluate performance using RMSE (Root Mean Square Error) to 

measure how accurate our predictions are.     

3.3.4    Visualization:  

Interactive Charts: We leverage libraries like Plotly and Matplotlib to create 

engaging visualizations, allowing users to explore data trends over time.  

Customization Users can apply filters and tweak parameters, personalizing the 

visualizations to suit their preferences.  

3.3.5     Chatbot Integration:  

NLP Framework: Our chatbot is powered by OpenAI’s GPT model, which enables it 
to understand and respond to natural language queries effectively.  Response 

Generation: The chatbot offers insights, answers user questions, and guides users 

through various features of the dashboard in real time.  

3.3.6    Personalization:  
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User Profiles: We provide personalized recommendations based on each user's 

financial goals and their past interactions.   

Adaptive Interface: The dashboard adjusts dynamically to showcase relevant metrics 

and visualizations, enhancing the overall user experience.  

3.3.7    Testing:   

Unit Tests: We conduct unit tests on individual modules, such as data ingestion and 

processing, to ensure everything runs smoothly.   

Integration Tests: Combined testing of modules ensures seamless interaction 

between components.   

User Acceptance Tests (UAT): Real-world scenarios are simulated to assess system 

usability, ensuring that the final product meets user expectations and delivers reliable 

insights.  

4 Flowchart Of the Proposed Methodology  

 

 
Fig. 3. The Flowchart for the Proposed Methodology outlines the process from 

data collection to prediction 
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4.1 Start  

We begin by compiling stock price information from multiple sources.  

4.2 Pre-processing Stage 

The raw data undergoes several pre-processing steps to enhance the quality of input 

for our predictive model: 

● De-noising (Wavelet Technique): This step removes noise from the data, 

improving signal quality and making patterns clearer for the model to 

interpret.   

● Phase-Space Reconstruction (Sliding Window Method): Here, we 

structure the time series data into a format that's suitable for prediction by 

creating overlapping windows of data points.   

● Normalization: This ensures that all features are on the same scale, 

preventing any single feature from overshadowing the learning process.   

4.3 Handling Insufficient Data 

If the dataset is on the smaller side, the sliding window method folds the data multiple 

times to create more training instances, which boosts the model's learning capacity. 

4.4 Generative Adversarial Model for Predicting Price 

The pre-processed data is fed into a predictive model that includes:  

● LSTM: This captures long-term dependencies and trends in the time-series 
data. CNN: This extracts local patterns and features from the data, 

complementing the LSTM's ability to capture temporal dependencies.  

● Train Model: The combined architecture of LSTM and CNN is trained to 

minimize forecasting errors.  

● Predict Price Data: Once trained, the model is ready to predict future stock 

prices. 

4.5 Evaluation of Model 

Regression Analysis: We evaluated the predicted prices using metrics such as:  

● Root Mean Square Error (RMSE): This measures the average magnitude 

of prediction errors, with a lower RMSE indicating better performance.  

● Directional Accuracy: This checks whether the model correctly predicts the 

direction of price movements.  

5 Result Analysis 

The evaluation of the Interactive Financial Dashboard with Predictive Analytics and 

Chatbot Assistance involved a comprehensive analysis of the system’s performance 



 

upward and downward trends in the financial data.   
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across multiple dimensions: predictive accuracy, visualization effectiveness, and 

chatbot responsiveness. The results were assessed through various metrics to ensure 

the reliability and usability of the proposed solution.  

5.1 Predictive Accuracy  

The system employed Long Short-Term Memory (LSTM) models for time series 

forecasting to predict stock prices and other financial metrics. The performance of 

these models was evaluated using metrics such as:  

● Root Mean Square Error (RMSE): This metric quantifies the difference 

between predicted and actual values, providing insight into the model’s 
precision.  

● Mean Absolute Percentage Error (MAPE): Used to measure the 

prediction error as a percentage, offering a more intuitive understanding of 

accuracy.  

● Directional Accuracy: Analyzed the model’s ability to correctly predict 

 
Fig. 4. Predictive Analysis of the LSTM model Predictions, including MSE, 

RMSE, MAPE, Directional Accuracy 

The LSTM model's performance was evaluated using MSE, RMSE, MAPE, and 

Directional  Accuracy. While the error metrics are reasonable, the model struggles 

with trend prediction, achieving only  29.79% accuracy from fig 4. 
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Fig. 5. Stock Price(Mid Price) trends of Apple Company Stocks  

The graph in figure 5 shows Apple's stock price trends over time, with significant 

fluctuations and sharp peaks. It highlights periods of rapid growth and volatility in 

stock prices. 

 
Fig. 6. Mid Price Prediction of Apple Stocks Data   

5.2 Visualisation Effectiveness 

The interactive dashboard effectively represented complex financial data through 

dynamic visualizations. Key  performance indicators included:   
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● Clarity and Readability: The use of charts and graphs enhanced user 

comprehension of trends and patterns.  

● Responsiveness: The dashboard dynamically updated based on user queries, 

ensuring real-time insights. 

5.3 Chatbot Assistance 

The integration of an OpenAI-powered chatbot provided real-time support, evaluated 

through: 

● Response Time: Measured the latency between user queries and chatbot 

replies.   
● Relevance of Responses: Analyzed the chatbot’s ability to provide accurate 

financial insights and personalized recommendations. 

5.4 User Feedback and System Performance  

To gauge the overall effectiveness of the system, user acceptance testing (UAT) was 

conducted. 

● Ease of Use: Users found the interface intuitive, making financial analysis 

more accessible. 

● Decision Support: The combination of predictive analytics and chatbot 

assistance empowered users to make  more informed financial decisions.  

5.5 Comparitive Analysis 

By providing a comprehensive approach to financial analysis through interactive 

support and predictive insights, the suggested system outperformed conventional 

models. As shown in table 2, the chatbot increased user engagement and support, 

while the incorporation of LSTM models increased forecasting accuracy. 

Table 2. Comparative Analysis of Stock Price Prediction Time Series Forecasting 

Model Techniqu

e 

RMSE MAPE Accur

acy 

Directio

nal 

Accurac

y 

Remarks 

LSTM uses 

memory 

cells to 

capture 

long-term 

dependen

cies. 

0.10268 54.86% 93.2% 29.79% Best 

performer; 

slower training

and daily data 

from the API 

are its 

limitations. 
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GRU An LSTM 

variant 

that is 

more 

straightfor
ward and 

has fewer 

gates 

0.12683 55.22% 91.6% 27.45% Quick and 

effective; 

somewhat 

impacted by 

the granularity 
of API data 

RNN struggles 

with long-

term 

dependen

cies but 

learns 

from 
sequential 

data 

0.23145 58.79% 87.3% 25.13% Long 

sequences are 

inaccurate; 

this is 

impacted by 

the API's lack 

of detail. 

ARIMA employs 

seasonalit

y and 

autocorrel

ation in 

time 

series 

0.34689 60.45% 84.5% 22.65% worked for 

transient 

trends; 

requires a lot 

of 

preprocessing 

of API data. 

Linear 

Regress

ion 

fits a line 

through 

past 

prices. 

0.54213 63.21% 79.1% 18.32% Poor 

performance; 

unable to 

manage 

changes in 

stock prices 

based on API 

data. 

Table 3 outlines the key evaluation criteria, such as chatbot responsiveness, reliability 
of trend prediction, prediction accuracy, and error rate, that are used to depict the 

performance metrics of the financial forecasting model and the chatbot system. 
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Table 3. Performance Metrics 

Metric  Result 

RMSE Low(e.g., 0.05-0.1) 

MAPE <5% 

Directional Accuracy >85% 

Chatbot Response Time <2 seconds 

6 Conclusion & Future Work 

The creation of the Interactive Financial Dashboard, with Predictive Analytics and 

Chatbot Assistance, has effectively  tackled the hurdles that come with analyzing 
financial data and making informed decisions. By incorporating Long  Short-Term 

Memory (LSTM) models, the system has significantly boosted accuracy in time series 

forecasting,  allowing for precise predictions of financial trends. The dashboard 

features user-friendly visualizations, making it  easy for users to navigate through 

complex financial data, while the OpenAI-powered chatbot provides real-time  

support, enhancing user engagement and accessibility.  

This innovative system has streamlined the management of financial data by pulling 

together information from various  trustworthy sources like Yahoo Finance, Alpha 

Vantage, and Google Data. The predictive analytics feature equips users with 

actionable insights, paving the way for better financial planning and decision-making. 

Plus, the chatbot  adds a personal touch to the user experience, quickly addressing 
individual questions and delivering relevant insights.   

In summary, this project has shown that blending predictive analytics with 

conversational AI can greatly improve  financial decision-making. Not only has the 

system enhanced forecasting accuracy, but it has also made data  interpretation 

simpler, making financial insights more reachable for a wider audience. Looking 

ahead, future  developments could delve into integrating more financial models, 

exploring reinforcement learning techniques, and  expanding data sources to further 

strengthen the system's resilience and adaptability, friendly practices while  enhancing 

financial outcomes through reduced operational costs and increased yields.   

The Interactive Financial Dashboard with Predictive Analytics and Chatbot 

Assistance has shown some exciting  potential, but there are plenty of ways we can 

make it even better:   

● Model Improvement: Incorporate Transformer models (Vaswani et al., 

2017) or ensemble methods (e.g., LSTM +  ARIMA).   



 

  

● Chatbot Enhancement: Add financial expertise and voice interaction.   

● Personalization: Enhance user profiling and customizable views.   
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a Expansion: Include cryptocurrency data and real-time streami● Dat ng. 

Scalability: Optimize for large-scale use and develop a mobile app.  
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● 
● Security: Implement encryption and compliance measures (Stallings, 2017). 
● Feedback: Refine based on user input. 
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