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Abstract: Digital financial platforms have made investment accessible to a wide range of users, but decision-making remains difficult due to
changing market conditions and uncertainty in data availability. This paper presents an explainable investment decision support system that
generates risk-aware portfolio recommendations. The system is designed to remain functional even when real-time data is unavailable. A
modular backend processes market and macroeconomic indicators using a structured feature engineering pipeline based on trend, volatility,
and momentum. These features are used in a rule-based multi-factor model to estimate risk and determine portfolio allocation. The system also
includes a fallback mechanism that ensures continuous operation by using proxy data when live data feeds fail. The output provides key financial
insights such as expected return, risk level, and diversification. In addition, the system generates simple explanations and scenario-based regret
analysis to improve user understanding. Experimental evaluation using historical data shows that the system produces stable and consistent
results across different conditions. The proposed approach focuses on reliability, transparency, and practical usability, making it suitable for
real-world financial decision-making applications.
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I. INTRODUCTION

Digital financial platforms have made investment accessible to a large humber of users. However, making informed
decisions remains difficult due to the continuous flow of market data and frequent changes in economic conditions. Many users
lack the tools to interpret this data effectively, which leads to poor investment choices.

Several decision support systems have been developed to assist investors. While these systems improve computational
efficiency, many of them operate as black boxes. Users are not able to understand how recommendations are generated. In addition,
most existing systems rely heavily on real-time data feeds [5], [6]. In practice, such systems often fail due to network issues, API
limits, or data unavailability. This reduces their reliability, especially during critical decision-making situations.

Another important limitation is the lack of transparency. When users are unable to understand the reasoning behind
recommendations, trust in the system decreases. This is a significant challenge in financial applications where decisions involve
risk and uncertainty.

To address these issues, this work proposes an explainable investment decision support system that generates risk-aware
portfolio allocations. The system is designed to remain operational even when live data is unavailable. A structured processing
pipeline is used to handle both market and macroeconomic indicators. A rule-based multi-factor model is used to estimate risk and
generate portfolio recommendations.

The key contribution of this system is the fallback mechanism. This mechanism allows the system to continue functioning
by using proxy values when real-time data cannot be accessed. In addition, the system provides clear explanations and scenario-
based insights to help users understand each recommendation.

The approach focuses on reliability, interpretability, and practical usability, making it suitable for real-world deployment
in uncertain environments.

ILMATERIAL AND METHODS

A. System Overview

The proposed system is designed as an explainable investment decision support platform that generates risk-aware
portfolio recommendations under varying market conditions. The architecture follows a modular pipeline consisting of data
acquisition, feature engineering, risk estimation, portfolio allocation, and evaluation [1], [2]. Each component operates
independently, ensuring clarity, scalability, and ease of maintenance. The backend communicates with the user interface through
a RESTful API, enabling efficient request handling and structured output delivery. A key design objective is reliability under
uncertainty, achieved through an integrated fallback mechanism that ensures uninterrupted system operation even during data
outages.
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Fig. 1: Architecture of the proposed explainable investment decision support system integrating data acquisition, feature engineering, risk
estimation, portfolio allocation, fallback mechanism, and output generation modules.

B. Input Configuration

The system accepts three primary inputs from the user: total investment amount, risk preference (low, medium,
or high), and investment duration. These inputs are captured through a FastAPI interface and validated before processing. To
support flexible input formats, the system internally converts numerical time values such as months or years into standardized
categories including short-term, medium-term, or long-term. Default values are assigned when inputs are incomplete, ensuring
that the system remains robust and continues functioning without failure. This abstraction layer allows seamless integration with
different frontend formats without modifying the core logic.

C. Data Acquisition and Preprocessing

Market data is obtained from Yahoo Finance [5], including NIFTY index and India VIX, while macroeconomic
indicators such as CPI, industrial production, and currency exchange rates are retrieved from the FRED database [6]. If external
APIs fail, the system automatically switches to internally generated synthetic market data and proxy macroeconomic values. All
datasets are aligned by date and processed using Pandas to maintain consistency across observations. Missing values are handled
through forward and backward filling to ensure continuity. This design guarantees that the system remains operational regardless
of data availability conditions.

D. Feature Engineering

A structured feature engineering pipeline transforms raw market data into meaningful financial indicators used for
decision-making. Trend is calculated using the difference between short-term and long-term moving averages (MA10 and MA20),
capturing directional market behavior. Volatility is estimated using rolling standard deviation of returns, reflecting uncertainty in
price movement. Momentum is measured using the Relative Strength Index (RSI), which captures the strength of recent price
changes. Additional derived features include lagged returns, macroeconomic variations such as CPI and USD changes, and VIX-
based volatility shifts, collectively representing multiple dimensions of market behavior.

Indicator Description
Trend Difference between short-term and long-term moving averages (MA10 — MA20)
Volatility Rolling standard deviation of returns
RSI Momentum indicator used to measure price strength
VIX Market volatility index reflecting uncertainty
CPI Change Inflation variation indicator
USD Change Currency fluctuation indicator

Table no 1: Key Financial Indicators Used in the System
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E. Risk Estimation Model
Risk estimation is performed using a rule-based multi-factor model that combines volatility, VIX levels, and RSI deviation
into a unified risk score [4]. Volatility contributes the largest weight, followed by VIX and momentum indicators [3], ensuring
that both market instability and directional strength are considered. The computed score is normalized within a range of 0 to 100
and adjusted based on user risk preference to provide personalization. The investment ratio is derived using a bounded function
defined as:
Investment Ratio = 1 — (Risk Score / 135)

Using this formula ensures controlled exposure. This rule-based design maintains transparency and allows users to
understand how each factor influences the final recommendation.

F. Portfolio Allocation Strategy

The system allocates investment across three asset classes: equity, debt, and cash. The allocation is initially determined by
the user’s risk preference and is dynamically adjusted based on market direction. During upward trends, equity allocation increases
to capture growth opportunities, while during downward trends, exposure is reduced in favor of safer assets such as debt and cash.
The final allocation always sums to 100%, ensuring consistency and practical usability. This strategy balances risk and return
while adapting to changing market conditions.

G. Scenario Analysis and Regret Computation

To enhance transparency, the system evaluates multiple market scenarios, including aggressive and conservative allocation
strategies. A regret metric is computed as the difference between the recommended portfolio and the best- performing alternative
scenario. This helps quantify the opportunity cost associated with each decision and allows users to understand trade-offs between
risk and return. The inclusion of scenario-based analysis improves interpretability and strengthens decision confidence.

H. Fallback Mechanism

A key feature of the system is the fallback mechanism, which ensures continuous operation during data disruptions. In
real-world scenarios, live data feeds from sources such as Yahoo Finance or FRED may fail due to network issues, API limitations,
or service outages [5], [6]. To address this, the system automatically switches to an internal fallback mode without interrupting
execution. In this mode, synthetic market data is generated using deterministic functions that simulate realistic price movements,
while proxy macroeconomic indicators are derived using rolling statistics and transformations of available data. This ensures that
all stages of the pipeline, including feature engineering, risk estimation, and portfolio allocation, continue to operate normally. The
system also records whether live or fallback data is used and includes this context in the output, improving reliability and
transparency.

I. Output Generation

The system produces structured outputs in the form of JSON responses that are directly consumable by frontend
applications. The output includes portfolio allocation, expected return, volatility, and a Sharpe-like ratio, along with additional
metrics such as diversification score and risk contribution. Backtesting results and baseline comparisons are also included to
provide a complete evaluation of the recommendation. To ensure compatibility, the system converts all outputs into JSON-safe
formats by handling complex data types such as NumPy arrays, timestamps, and missing values. The response also includes
contextual information such as market condition, confidence level, and data source status, making the output both interpretable
and technically consistent.

J. Backtesting and Evaluation

The system is validated using a trend-following backtesting strategy applied to historical return data. Performance
is evaluated using key metrics including final return, volatility, and a Sharpe-like ratio to measure risk-adjusted performance. A
baseline strategy using equal allocation is also evaluated for comparison. The results demonstrate that the proposed system
achieves improved stability and competitive performance relative to baseline approaches, validating the effectiveness of the model.

Metric Description
Final Return (%) Total return generated by the strategy
Volatility (%) Standard deviation of returns
Sharpe-like Ratio Risk-adjusted performance measure
Diversification Score Allocation balance across asset classes

Table no 2: Performance Evaluation Metrics

K. Implementation Details

The backend is implemented using FastAPI due to its efficient request handling and modular architecture. Input validation,
error handling, and data type conversion are integrated to prevent runtime failures and ensure robustness. A JSON-safe conversion
module ensures compatibility of outputs across API responses by transforming complex data types into standard formats. A
caching mechanism is used to store market snapshots and reduce repeated API calls. The fallback mechanism automatically
activates when live data sources fail, ensuring continuous system functionality. This implementation design supports scalability,
reliability, and real-world deployment.
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I11. RESULT

The proposed system was evaluated using different input scenarios to observe its behavior under varying conditions. The
evaluation focused on consistency, stability, and the quality of generated portfolio recommendations.

The system was able to successfully process different combinations of investment amount, risk preference, and investment
duration. Based on these inputs, it generated structured portfolio allocations across equity, debt, and cash components. The
allocation changed logically with respect to the risk level. Higher risk inputs resulted in increased allocation towards equity, while
lower risk inputs produced more conservative distributions.

The risk estimation module produced stable outputs across multiple runs. The calculated risk scores were consistent for
similar input conditions, indicating that the rule-based model functions reliably. The system also maintained balanced outputs even
when input values varied significantly.

One of the key observations was the behavior of the fallback mechanism. When live data was not available, the system
switched to fallback mode and continued generating recommendations using proxy values. The outputs produced during this phase
remained stable and did not show abrupt variations. This confirms that the system can operate without interruption even under
data uncertainty.

The output generation process ensured that all results were structured and compatible with external applications. The
system successfully converted different data types into standardized formats, allowing smooth communication between backend
and frontend components.

Overall, the system demonstrated consistent performance across different scenarios. It was able to generate interpretable
and stable outputs while maintaining operational reliability under both normal and fallback conditions.

Risk level Equity Debt Cash
Low 30% 50% 20%
Medium 50% 30% 20%
High 70% 20% 10%

Table no 3: Sample Portfolio Allocation Output

1V. DISCUSSION

The results demonstrate that the proposed system is capable of generating stable and interpretable portfolio
recommendations across different input conditions. The allocation behavior changes logically based on user-defined risk
preferences, indicating that the underlying rule-based model is functioning as intended. This makes the system suitable for practical
usage where users expect consistent and understandable outputs.

A key strength of the system is its ability to maintain operational stability even when data availability is uncertain. The
fallback mechanism plays a critical role in this aspect by ensuring that the system continues to function without interruption. Unlike
many existing solutions that rely entirely on real-time data, this approach provides a more reliable alternative for real-world
environments where disruptions are common.

Another important aspect is the explainability of the model. Since the system is based on clearly defined rules, the
reasoning behind each recommendation remains transparent. This improves user trust and makes the system more accessible,
especially for individuals who are not familiar with complex financial models.

However, the current approach has certain limitations. The rule-based model, while simple and interpretable, may not
capture complex patterns present in dynamic financial markets. More advanced predictive techniques could improve performance
but may reduce transparency. Therefore, there is a trade-off between model simplicity and predictive capability.

Despite these limitations, the system achieves a practical balance between reliability, interpretability, and usability. It
provides a stable framework that can be extended in the future with more advanced techniques while preserving its core strengths.

V. CONCLUSION

This work presents an explainable investment decision support system that generates risk-aware portfolio
recommendations under varying market conditions. The system is designed with a modular architecture and incorporates a rule-
based multi-factor model for risk estimation and asset allocation. One of the key strengths of the system is its ability to maintain
continuous operation through the use of a fallback mechanism, which ensures stability even when live data is unavailable.

The results indicate that the system produces consistent and interpretable outputs across different input scenarios. The
allocation strategy adapts effectively to changes in user risk preference, and the overall behaviour of the system remains stable.
The explainable nature of the model further enhances its usability by allowing users to understand the reasoning behind each
recommendation.

Despite these advantages, the current system relies on rule-based logic, which may limit its ability to capture complex and
rapidly changing market patterns. Future improvements can focus on integrating advanced predictive models to enhance
performance while maintaining interpretability. Additional enhancements may include the use of real-time data optimization
techniques, improved user interaction features, and broader testing across diverse financial scenarios.

Overall, the proposed system provides a reliable and practical solution for decision-making under uncertainty, and it offers
a strong foundation for further development in intelligent financial systems.
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