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Abstract

This paper explores the question: Can traffic light timing be optimized to reduce congestion? | propose
that the answer is yes, through a novel framework that uses two forms of artificial intelligence. The
first Al uses historical traffic data to predict the ideal traffic flow for a given time and location. The
second Al is an intelligent traffic manager that learns how to control traffic lights on its own. Using a
system of rewards, it learns to make real-time decisions that not only reduce traffic jams but also
improve overall traffic efficiency, which in turn helps lower pollution and increase safety. Our findings
show that our system successfully learns to improve traffic flow, validating our approach as a powerful
tool for modernizing urban transportation and reducing congestion.

Keywords: Traffic Optimization, Congestion, Machine Learning, Reinforcement Learning.
Introduction

The contemporary financial landscape is defined by an unprecedented volume of data and persistent
market volatility, rendering traditional analytical methods increasingly inadequate. In response,
predictive modeling, leveraging statistical algorithms and machine learning, has become an
indispensable tool for forecasting market trends, managing risk, and optimizing investment strategies.
However, the increasing sophistication of these models, particularly deep learning approaches, has
created a significant "interpretability gap." While these models excel at identifying complex, non-linear
patterns within financial data, their inherent "black box" nature often poses a barrier to trust and
effective implementation by decision-makers who require a clear understanding of the factors driving
a forecast. Static reports and raw numerical outputs are insufficient for conveying the dynamic
interplay of market forces or the nuanced behavior of a predictive model.

This paper posits that the integration of robust time-series analysis with dynamic, interactive data
visualization creates a symbiotic system that addresses this challenge, significantly enhancing the
efficacy and utility of predictive financial modeling. This framework transforms a predictive algorithm
from a mere forecasting tool into a comprehensive decision-support system. It empowers users not
only to view a forecast but to interactively explore, question, and contextualize it within a rich visual
environment. By examining historical stock data for Reliance Industries within a Python-based
analytical pipeline and deploying the results into a Power Bl dashboard, this study presents a practical
and replicable framework for bridging the divide between complex quantitative analysis and intuitive
human insight.

Literature Review
Paradigms in Financial Time-Series Forecasting

The field of financial forecasting has evolved through distinct paradigms, each with its own theoretical
underpinnings and practical trade-offs. Initially, the domain was dominated by traditional econometric
models. Among these, the Autoregressive Integrated Moving Average (ARIMA) model is a cornerstone,
valued for its statistical rigor and interpretability. ARIMA and similar models operate on the core
assumptions of linearity and stationarity—that is, the statistical properties of the time series, such as
mean and variance, do not change over time. While effective for certain types of data, these
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assumptions are frequently violated in financial markets, which are characterized by high volatility,
non-stationarity, and abrupt structural changes, thereby limiting the models' predictive power.

Recognizing these limitations, the field has increasingly shifted towards Al-driven techniques,
particularly machine learning (ML) and deep learning (DL) models. Algorithms such as Random Forests
and, most notably, Long Short-Term Memory (LSTM) networks, are inherently designed to capture the
complex, non-linear relationships and long-term temporal dependencies that econometric models
often miss. This technological progression represents a philosophical shift from seeking simple,
explainable linear relationships to creating high-fidelity approximations of complex market dynamics,
even at the cost of transparency. However, these advanced models introduce their own set of
challenges, including higher computational demands, a greater risk of overfitting to noise in the data,
and the critical issue of reduced interpretability. Fundamentally, all forecasting models contend with
the inherent nature of financial data, which exhibits a low signal-to-noise ratio and is subject to
frequent structural breaks from unforeseen economic or geopolitical events.

The Ascendancy of Interactive Visualization in Finance

Concurrent with the evolution of predictive models has been the rise of advanced data visualization
as a critical analytical tool. This trend is grounded in the cognitive principle that the human brain can
process and identify patterns in visual information far more rapidly and effectively than in raw tabular
data. By transforming complex financial datasets into intuitive graphical formats, visualization enables
analysts to quickly identify trends, correlations, and anomalies that might otherwise remain hidden.

The key innovation has been the transition from static reports to dynamic, interactive dashboards,
powered by business intelligence platforms like Power Bl and Tableau. Interactivity empowers users to
move beyond passive consumption of information and engage in a process of analytical inquiry. The
ability to filter, drill down into details, and pivot data in real time allows for a deeper, more nuanced
exploration of financial performance and market behavior. In a financial context, this translates into
tangible benefits, including more effective risk management through the rapid visual identification of
outliers, clearer communication of complex financial narratives to diverse stakeholders, and more agile
strategic planning. Indeed, effective visualizations can shorten meeting times and accelerate group
consensus by providing a shared, universally understandable analytical canvas.

Synthesis of Integrated Systems: Bridging Analysis and Interaction

The most advanced frameworks emerge from the synthesis of predictive analytics and interactive
visualization, creating a "human-in-the-loop" system. Seminal work in this area, such as the
"TimeFork" system developed by Zhao et al. (2016), demonstrates a paradigm where analysts can
interactively "fork" a forecast to explore alternative scenarios, adjust model parameters, and compare
potential outcomes. This approach recasts the analyst not as a passive recipient of a model's output
but as an active participant in the forecasting process.

Such integrated systems are particularly crucial for model validation in the non-stationary world of
finance. A quantitative backtest might yield a strong aggregate performance metric while masking
critical failures during periods of market stress or structural breaks. An interactive dashboard, however,
allows an analyst to visually scrutinize a model's performance during specific historical events, such as
market crashes or regulatory changes. This qualitative, visual validation serves as a vital risk
management function, offering a more robust assessment of a model's reliability than a single error
metric alone. While pioneering systems have demonstrated the potential of this integrated approach,
their application often remains confined to academic research. This study aims to bridge this gap by
presenting a practical framework that leverages widely adopted commercial and open-source tools to
make this powerful paradigm accessible to financial practitioners.
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Research Methodology

Objective

Advanced Al models are great at predicting stock prices, but they often operate as a black box. They
provide a prediction (the "what") but don't explain the reasoning behind it (the "why"). This lack of
transparency makes it difficult for financial analysts and managers to trust and confidently act on the
model's output.

The methodology employed in this study follows a structured, end-to-end workflow designed to be
both rigorous and replicable. This process begins with raw data acquisition and culminates in an
interactive decision-support dashboard, leveraging Python for data processing and modeling and
Microsoft Power Bl for visualization. The workflow mirrors the logical progression of the provided data
sheets, reflecting a narrative of data maturation from raw inputs to actionable insights.

Data Acquisition and Initial Exploration

The foundation of this study is historical daily stock data for Reliance Industries Ltd., sourced from
Yahoo Finance. The dataset spans the period from January 1, 2020, through late 2024, a timeframe
that includes significant market events such as the COVID-19 pandemic-induced crash and subsequent
recovery. The initial raw dataset conforms to the standard OHLCV (Open, High, Low, Close, Volume)
structure, providing the essential price and activity metrics for each trading day.

Data Transformation and Feature Engineering in Python

The raw data, while foundational, lacks the analytical depth required for sophisticated modeling. The
first phase of data processing, conducted in Python using libraries such as Pandas and TA-Lib, was to
transform this raw data into an information-rich dataset through feature engineering.

First, key performance metrics were calculated. Daily returns were computed as the percentage
change between consecutive closing prices, providing a measure of single-day performance. From this,
a cumulative return was calculated to track the theoretical growth of an initial investment over the
entire period, offering a holistic view of long-term performance.

Second, a suite of widely used technical indicators was generated to capture different dimensions of
market behavior. Each indicator serves a distinct analytical purpose:

e 20-Day Simple Moving Average (SMA_20): A core trend-following indicator that smooths short-
term price fluctuations to clarify the underlying trend direction.

e 14-Day Relative Strength Index (RSI): A momentum oscillator that measures the speed and
maghnitude of price changes to identify potentially "overbought" (typically a reading above 70) or
"oversold" (below 30) conditions.

e Moving Average Convergence Divergence (MACD): A versatile indicator that captures both
trend and momentum by tracking the relationship between two exponential moving averages
(EMAs). Crossovers between the MACD line and its signal line are often used to generate trading
signals.

e Bollinger Bands (BB_high, BB_low): A volatility indicator composed of a central SMA_20 flanked
by upper and lower bands set two standard deviations away. The bands widen during periods of
high volatility and contract during periods of low volatility.
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This process of feature engineering transforms each data point from a simple price record into a rich
vector containing information about its historical context, trend, momentum, and volatility.

Data Cleaning and Preprocessing

The calculation of technical indicators with lookback periods (e.g., a 20-day SMA requires 20 prior days
of data) inherently introduces missing or NaN (Not a Number) values at the beginning of the dataset.
Handling these missing values is a critical methodological step. While imputation techniques exist,
they involve creating artificial data points that could potentially mislead a predictive model and
compromise the integrity of a backtest.

To ensure that the model was trained exclusively on complete and authentic historical data, a decision
was made to truncate the dataset. The time series was trimmed to begin on the first date for which
all calculated indicators had valid, non-missing values: January 28, 2020. This approach prioritizes
model integrity and analytical rigor over maximizing the quantity of data points, a crucial trade-off in
financial modeling where the introduction of synthetic data can lead to flawed conclusions and poor
real-world performance.

RELIANCE.NS Daily Returns Over Time
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Figure 1: Daily Returns of Reliance from 2020 to 2025
Source : Authors own calculation.

Time-Series Predictive Modelling in Python

With a clean, feature-rich dataset, the next step was to develop a predictive model. Given the
established non-linear dynamics of financial markets, an LSTM (Long Short-Term Memory) network
was selected as the modeling architecture. LSTMs are a type of recurrent neural network (RNN)
particularly well-suited for time-series forecasting due to their ability to learn and remember long-
term dependencies in sequential data.
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The final dataset was partitioned into a training set (the first 80% of the data) and a testing set (the

final 20%). The model was trained exclusively on the training data to learn the historical patterns and

relationships between the technical indicators and future price movements. Its performance was then

evaluated on the unseen testing data to provide an objective assessment of its ability to generalize to

new market conditions.

After doing all calculations and cleaning of the data | got data something as the link given below.

DATA: Link

Key Performance Indicator Value
Latest Close Price $1357.20
Average Daily Return % 0.07%
Forecasted Volatility, next day 2.0325
Cumulative Return 2.01

Table 1: Key Performance Indicators of Reliance Industries

Source: Authors own calculation

Interactive Dashboard Architecture in Power Bl
The final stage of the methodology focused on bridging the gap between the model's quantitative

output and the analyst's need for intuitive insights. The complete dataset, including the historical data,

engineered features, and the model's out-of-sample predictions, was exported from Python and

imported into Microsoft Power BI.

The dashboard was designed with user-centric principles to serve the workflow of a financial analyst.

The architecture includes several key components:

Primary Time-Series Chart: A central line chart displaying the closing price, overlaid with the
Bollinger Bands and the SMA_20, providing a comprehensive view of price, trend, and volatility.
Secondary Indicator Panels: Separate, synchronized charts for the RSl and MACD indicators,
allowing for detailed analysis of momentum and trend signals.

Volume Analysis: A bar chart visualizing daily trading volume, crucial for confirming the strength
of price movements.

Interactive Controls: Date slicers and filters that empower users to dynamically zoom in on
specific periods of interest, facilitating deep-dive analysis of market events or model
performance during specific regimes.

Enhanced User Experience: Interactive tooltips that reveal detailed OHLCV and indicator values
upon hovering over any data point, providing immediate access to granular information without
cluttering the main view.
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Reliance Industries Financial Dashboard

Last Data Point: August 29, 2025
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Figure 2: Financial Dashboard created using python for Reliance Industries

Source : Authors own calculation.

Findings and Discussion

The integration of the Python-based analytical engine with the Power Bl visualization layer yielded a
series of findings that underscore the symbiotic value of the framework. The discussion moves from a
visual analysis of market dynamics to a quantitative evaluation of the predictive model, culminating
in an assessment of how the integrated system enhances decision-making.

Visual Analysis of Reliance Industries' Market Dynamics

The interactive dashboard serves as a powerful tool for exploratory data analysis. A top-level view of
the Reliance Industries stock from 2020 to 2024 reveals distinct market phases, including the sharp
downturn in early 2020, a strong subsequent bull run, and periods of consolidation. The dashboard's
true analytical power emerges when its interactive features are used to dissect specific events.

For example, by using the date slicer to focus on the February-March 2020 period, an analyst can
instantly observe the dramatic widening of the Bollinger Bands, a clear visual signature of the extreme
volatility spike during the COVID-19 market crash. Simultaneously, the RSI panel shows the indicator
plunging deep into oversold territory (below 30), while the MACD exhibits a strong bearish crossover.
This multi-faceted view allows for a richer narrative than a simple price chart; it visualizes the collapse
in momentum and the explosion in market uncertainty. This ability to visually correlate multiple
streams of information reduces the cognitive load on the analyst, freeing them to focus on strategic
interpretation rather than the mental task of aligning disparate data points.

ISBN code : 978-93-83302-79-6 Page |6



== I
sdmim
Shri Dharmasthala Manjunatheshwara Institute for Management Development, Mysuru, India
13th International Conference on Emerging Trends in Corporate Finance and Financial Markets - October 17-18, 2025

30-Day Volatility Forecast
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Figure 3: Forecast of volatility of stock of Reliance Industries
Source: Authors own calculation

Quantitative Evaluation of Predictive Model Performance
The LSTM model's predictive performance was rigorously evaluated on the out-of-sample test data.
The quantitative results, summarized in Table 1, provide an objective measure of the model's forecast

accuracy.
Metric Value (INR) Interpretation
Root Mean Squared Error 5.42 Indicates the standard deviation of the prediction
(RMSE) errors. On average, the model's forecast was
approximately 25.42 away from the actual closing
price.
Mean Absolute Error (MAE) 1.95 Represents the average absolute difference between

the predicted and actual values, suggesting a typical
forecast error of around %1.95.

Table 2: Predictive Model Performance Metrics on Test Set
Source: Authors own calculation

While these metrics are essential for a technical evaluation, their practical significance is best
understood visually. The dashboard features a layer that overlays the model's predicted prices onto
the chart of actual closing prices. This visualization immediately reveals the model's behavioral
characteristics. It becomes apparent that the model is effective at capturing the general direction
during established trends but struggles to predict sudden, sharp reversals or "black swan" events. This
visual context is crucial; it allows an analyst to understand when to trust the model and when to be
skeptical, a level of nuance that numerical error metrics alone cannot provide.
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The Symbiotic Value of Integration: From Prediction to Insight

The primary finding of this research is that the integrated framework's value is substantially greater
than the sum of its parts. The system moves beyond simple prediction to facilitate genuine insight and
build trust in the analytical process. For instance, if the LSTM model generates a "buy" signal by
forecasting a significant upward price movement, an analyst can use the dashboard to instantly
validate this prediction against other technical evidence. They might observe that the forecast
coincides with a bullish MACD crossover, a rising RSI that is not yet in overbought territory, and an
increase in trading volume. This visual confluence of supporting signals, readily available on a single
screen, provides a strong rationale for the prediction and increases the analyst's confidence in acting
onit.

Conversely, the dashboard is equally powerful for diagnosing model failures. If the model makes an
erroneous prediction, the analyst can use the interactive tools to perform a visual root cause analysis.
They might discover that the model's forecast was based on a weakening trend signal but failed to
account for a sudden, anomalous spike in volume that preceded a price reversal. This visual linkage
between model error and other market variables transforms a failure into a learning opportunity. It
creates a natural feedback loop, prompting hypotheses for model refinement, such as incorporating
additional features or adjusting model parameters. This transforms the static "train-and-deploy" cycle
into a dynamic process of continuous improvement, driven by the synergy between algorithmic
computation and expert human intuition.

Conclusion and Future Directions

This research set out to address the critical interpretability gap that often hinders the adoption of
sophisticated quantitative models in finance. By developing and demonstrating an integrated
framework that combines Python-based time-series analysis with an interactive Power Bl dashboard,
this study has presented a practical and effective solution. The findings confirm that such a system
does more than just generate forecasts; it creates an analytical environment that fosters trust,
facilitates deeper insight, and empowers human decision-makers.

Summary of Contributions

The primary contribution of this paper is a replicable methodology for building a decision-support
system that synergizes algorithmic power with human intuition. The study successfully demonstrated
the workflow from raw data acquisition and feature engineering to model training and deployment in
an interactive visual interface. The analysis of Reliance Industries stock showcased how this
framework enables a richer understanding of market dynamics and model behavior than is possible
with either component in isolation. It validates the thesis that integrating predictive analytics with
interactive visualization transforms a "black box" tool into a transparent and trusted analytical
partner.

Practical and Theoretical Implications

For financial practitioners, the framework presented offers a tangible pathway to enhance daily
analytical workflows. It allows analysts and portfolio managers to leverage advanced predictive
models without sacrificing interpretability, leading to more confident and defensible data-informed
decisions. By making model strengths and weaknesses visually transparent, the system inherently
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functions as a risk management tool, guarding against over-reliance on flawed algorithmic outputs.

For researchers, this study provides a practical baseline for future investigations into human-computer
interaction within financial Al. It underscores the critical importance of user-centric design in the
development of analytical tools and advocates for a shift in focus—from a singular pursuit of marginal
improvements in model accuracy to a more holistic evaluation of a model's overall utility within a
human-centric decision-making process.

Limitations and Avenues for Future Research

This study, while comprehensive in its approach, has several limitations that open avenues for future
research. The analysis was confined to a single financial instrument and utilized a specific, though
standard, set of technical indicators. The predictive component was based on a single LSTM model
architecture.

Future work could expand upon this framework in several promising directions:

o Expanding the Feature Set: Future models could be enhanced by incorporating alternative data
sources. For example, integrating real-time news sentiment analysis from textual data could help
explain and predict volatility spikes driven by market-moving headlines.’ Incorporating
macroeconomic variables could also provide broader context for asset price movements.

e Enhancing Interactivity: The dashboard could be evolved to include more advanced interactive
features. This could include real-time data streaming for live market analysis, the
implementation of "what-if" scenario planning tools inspired by systems like TimeFork %, and the
addition of automated alerts that flag statistical anomalies or significant forecast deviations.’

® Cross-Asset Analysis: Applying this framework to a portfolio of diverse assets would allow for
the visualization and modeling of correlations, enabling a more comprehensive approach to
portfolio construction and risk management.
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