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ABSTRACT

High inflation significantly affects asset prices, risk premiums, and investor behaviour, making traditional portfolio optimisation
models less effective. This study explores the application of artificial intelligence (Al) techniques—specifically machine learning
(ML) models and heuristic optimisation algorithms—to enhance portfolio performance during periods of high inflation. Using
historical macroeconomic and financial market data, the project trains models to identify inflation-sensitive assets, predict returns,
and construct optimal asset allocations. Methods such as Random Forest regression, LSTM neural networks, and Genetic
Algorithms are compared with classical approaches like Modern Portfolio Theory (MPT). Performance is evaluated using metrics
including Sharpe ratio, risk-adjusted returns, and inflation-adjusted returns. The findings aim to determine whether Al-driven
strategies can outperform traditional models when inflation is elevated. This project contributes to the growing domain of AI-based
financial modelling and offers practical insights for investors seeking resilience against inflationary volatility. In addition to
evaluating performance during inflationary spikes, the study examines how Al models respond to shifting macroeconomic signals
such as interest rate hikes, currency fluctuations, and commodity price volatility. By incorporating these variables into the learning
framework, the models aim to provide more stable predictions and adaptive asset allocation decisions. This helps assess whether
AI can truly capture inflation-driven market distortions better than conventional statistical models, which often assume linear
relationships and stable correlations. Furthermore, the project highlights the practical implications of Al-driven optimisation for
investors, financial planners, and policymakers operating in inflation-sensitive economies. By demonstrating how machine
learning outputs can be integrated into investment decision-making, the study contributes to the growing domain of predictive
financial analytics. The broader goal is to understand whether Al can create more resilient and inflation-hedged portfolios in real-
world scenarios. The findings are expected to offer valuable insights into designing future-ready investment strategies that remain
robust even during prolonged periods of macroeconomic uncertainty.

Keywords: Al, Machine Learning, Portfolio Optimisation, High Inflation, Asset Allocation, Genetic Algorithm, Financial
Modelling, Inflation Risk.

INTRODUCTION

Inflation plays a crucial role in determining the performance of financial assets. Periods of high inflation reduce real returns, distort
market expectations, and increase uncertainty in both equity and fixed-income markets. Traditional portfolio optimisation frameworks,
such as Markowitz’s Modern Portfolio Theory (MPT), assume stable return distributions and rely heavily on historical correlations,
which often break down during inflation shocks. This has created a need for more adaptive, data-driven techniques capable of
recognising non-linear market patterns.

Artificial intelligence (AI) and machine learning (ML) have recently emerged as powerful tools in finance, capable of learning complex
relationships between macroeconomic indicators and asset performance. These tools can process large datasets, detect patterns
invisible to classical statistical models, and react faster to changing market conditions. In a high-inflation environment, Al has the
potential to identify inflation-hedging assets (e.g., commodities, inflation-indexed bonds, real estate) while dynamically adjusting
allocation as inflation expectations fluctuate.

This undergraduate research project investigates how Al-based models can enhance portfolio optimisation performance during high
inflation. The study compares Al-driven strategies with conventional optimisation methods to determine whether Al provides
superior risk-adjusted returns and robustness.

Another major challenge in a high-inflation environment is the breakdown of traditional asset relationships. Assets that usually
behave as safe havens—such as government bonds—may lose value when inflation rises faster than interest rates. Equity markets
tend to experience higher volatility, and corporate earnings may decline if companies are unable to pass rising costs to consumers.
These dynamics create unstable correlations between asset classes, making portfolio construction more complex. This highlights the
need for advanced analytical tools that can adapt to evolving market patterns in real time.
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Al and machine learning provide a distinct advantage in such settings due to their ability to model non-linear data relationships.
Unlike classical economic models that rely on fixed assumptions, Al algorithms learn directly from historical patterns and
continuously update predictions as new data becomes available. Techniques such as neural networks and ensemble learning can detect
hidden variables, regime shifts, and irregular market movements associated with inflation surges. Thus, Al-driven methods offer the
potential to build portfolios that are more resilient and less sensitive to macroeconomic shocks.
Additionally, the rise of big data has transformed how financial markets are analysed. Investors today have access to vast datasets,
including macroeconomic indicators, commodity prices, social sentiment, and real-time market feeds. Traditional models cannot
fully utilise such high-dimensional data, but Al methods can efficiently process and interpret it. This ability enables a deeper
understanding of how inflation influences multiple market drivers simultaneously, helping identify asset combinations that perform
well during inflationary cycles.
This project also explores the practical relevance of Al-driven portfolio optimisation in emerging economies like India, where
inflation volatility has historically posed challenges for investors. By incorporating inflation data, interest rate trends, and asset
behaviours from both global and domestic markets, the study aims to provide insights that are relevant to real-world investment
decisions. Understanding how Al can be used to stabilise returns during inflationary phases can benefit not only academic research
but also retail investors, wealth managers, and policymakers striving for economic resilience.
REVIEW OF LITERATURE
The classical foundation of portfolio optimisation originates from Markowitz’s Modern Portfolio Theory, which proposed that
investors should balance risk with expected return using variance as a key measure of risk (Markowitz, 1952). However, MPT assumes
stable correlations and normally distributed returns—conditions rarely observed during inflationary surges, where volatility increases
and asset relationships shift unpredictably. This limitation has motivated researchers to explore adaptive, data-driven approaches that can
accommodate such market disruptions.
Early foundational work on inflation and financial markets by Fama and Schwert (1977) identified that high inflation is associated
with lower stock returns. Their findings challenged the belief that equities naturally hedge inflation and revealed that rising price
levels create distortions in valuation and investor expectations (Fama & Schwert, 1977). Subsequent studies reinforced the idea that
traditional portfolios perform poorly when inflation accelerates rapidly.
The Arbitrage Pricing Theory (APT) introduced by Chen, Roll, and Ross (1986) further expanded the role of macroeconomic
variables—including inflation—on asset price behaviour. Their model emphasised that asset returns depend on multiple economic
forces, not just historical data or risk—return trade-offs (Chen et al., 1986). This theoretical framework laid the groundwork for machine
learning models, which integrate high-dimensional macroeconomic data in forecasting.
Behavioural finance also provides crucial insights into investor reactions during inflationary uncertainty. Kahneman and Tversky
(1979) showed that individuals exhibit loss aversion and are prone to emotional decision-making under economic stress. Such
behavioural biases increase market noise and reduce the accuracy of traditional econometric models (Kahneman & Tversky, 1979).
Machine learning models, however, can learn from complex, noisy data and adapt to these behavioural irregularities.
Advancements in computational finance have led to widespread adoption of machine learning for asset return prediction. Jiang and
Liang (2017) demonstrated that models such as Random Forests and Support Vector Machines outperform linear regression when
forecasting returns in volatile markets (Jiang & Liang, 2017). Their research highlights the superior ability of ML models to capture
non-linear asset relationships—especially relevant under high inflation.
Deep learning methods, particularly Long Short-Term Memory (LSTM) networks, have shown strong performance in time-series
forecasting due to their ability to learn long-term dependencies. Fischer and Krauss (2018) found that LSTMs outperform traditional
time-series models when predicting stock price movements (Fischer & Krauss, 2018). These capabilities make LSTM-based
approaches well-suited for analysing prolonged inflation cycles and their impact on asset behaviour.
Portfolio optimisation research has also benefited from heuristic and evolutionary algorithms. Streichert et al. (2004) demonstrated
that Genetic Algorithms can handle non-linear constraints and irregular market behaviour more effectively than mean—variance
optimisation (Streichert et al., 2004). This flexibility is particularly useful during inflation shocks, where traditional models may fail.
Research on inflation prediction has increasingly incorporated Al techniques. Binner et al. (2013) found that neural networks
outperform traditional econometric models, such as VAR, in forecasting inflation trends (Binner et al., 2013). Improved inflation
forecasts enhance the accuracy of inflation-sensitive portfolio strategies, allowing better alignment with changing macroeconomic
conditions.
Parallel literature highlights the importance of inflation-hedging assets. Bampinas and Panagiotidis (2015) showed that gold acts
as a strong hedge against global inflation shocks, particularly during periods of uncertainty (Bampinas & Panagiotidis, 2015). Other
studies indicate that commodities, real estate, and inflation-indexed bonds also provide resilience during inflationary cycles.
Recent research supports hybrid Al-driven portfolio frameworks that combine prediction models with optimisation algorithms.
Zhang et al. (2020) found that integrating LSTM forecasts with Genetic Algorithm optimisation enhances portfolio stability across
different market regimes (Zhang et al., 2020). These findings reinforce the view that Al-driven methods can outperform
traditional models in high-inflation environments.
Traditional portfolio optimisation models struggle during high inflation because they fail to capture non-linear market dynamics.
Can Al-driven models outperform traditional methods in building inflation-resilient portfolios?
HYPOTHESES

1. H1: Al-driven portfolio optimisation yields higher inflation-adjusted returns than traditional MPT.

ii. H2: Machine learning models improve prediction accuracy of asset performance during inflationary periods.
METHODOLOGY
Research Design
Quantitative, comparative study using historical financial market data and ML models.
Data Collection

1. Time period: Include at least one historically high-inflation phase (e.g., 2008-2023).

11. Sources: Yahoo Finance, FRED, RBI, World Bank, IMF databases.
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Data Required

i Asset prices: stocks, bonds, commodities, gold, REITs
il. Inflation indicators: CPI, WPI, inflation expectations
1il. Interest rates, oil prices, forex data
Data Preprocessing
i. Handle missing values
ii. Normalise data
iii. Calculate returns, volatility, and inflation-adjusted returns
iv. Construct training and testing datasets
Feature Engineering
i Creation of Inflation-Adjusted Returns: Convert nominal returns into real returns using the formula: Real Return =

Nominal Return — Inflation Rate.
ii. Lagged Variables: Create lagged inflation variables (1-month lag, 3-month lag, 6-month lag) to help Al models capture
delayed inflation impact.

iii. Rolling Window Calculations: Generate rolling mean, rolling volatility, and rolling Sharpe ratio to capture dynamic asset
behaviour during inflation spikes.
iv.  Macroeconomic Feature Integration: Combine CPI, interest rates, crude oil prices, money supply, and exchange rate as input

features for ML models.
V. Market Regime Labelling: Label periods as “High Inflation”, “Moderate Inflation”, “Low Inflation” using thresholds
(CPI > 6% = high).
This helps Al models understand regime shifts.
Al Models
i Prediction models:
a. Random Forest Regression
b. Long Short-Term Memory (LSTM) Neural Networks
c. Gradient Boosting Regressor
ii. Optimisation models:
a. Genetic Algorithm (GA)
b. Particle Swarm Optimisation (PSO)
¢. Compared to: Modern Portfolio Theory (MPT)
Portfolio Construction Framework
i. Weight Constraints:
a. No asset weight should exceed 20% or 30%.
b.  Sum of weights must equal 1.
c. No short selling (or allow if required).

ii. Rebalancing Frequency: Define rebalancing:
a. Monthly
b. Quarterly

c. This affects performance under inflation volatility.
ii. Risk-Management Filters:
a. Add filters like Value-at-Risk (VaR), Maximum Drawdown limit, or volatility ceilings to mimic real-world portfolio
rules.
iv. Benchmark Comparison: Compare Al model output with:
a. Nifty 50/ S&P 500
b. Traditional 60-40 portfolio
c. Inflation-indexed bond portfolio

Statistical Tests
1. Diebold—Mariano Test: Compare prediction accuracy between ML models and traditional models.
1l. Paired t-test or Wilcoxon test: To compare mean returns of Al-driven vs traditional portfolios.
iii.  Sharpe Ratio Significance Testing: Use Jobson—Korkie or Ledoit~Wolf adjustment for Sharpe ratio comparison.

Model Training Procedure
i Train—Test Split Method: Use 70:30 or 80:20 split ensuring chronological order (no random shuffling because financial
data is time-series).
ii. Cross-Validation Technique: Apply Walk-Forward Validation instead of K-fold (k-fold is unsuitable for time-series).
iii. Hyperparameter Tuning: Use Grid Search or Random Search for tuning RF, XGBoost, and LSTM parameters.
iv. Model Regularisation: Apply dropout layers (for LSTM) and tuning depth (for Random Forest) to avoid overfitting.
V. Data Scaling for Neural Networks: Apply MinMaxScaler or StandardScaler for NN-based models.
Evaluation Metrics
1. Sharpe Ratio

ii. Sortino Ratio
1. Maximum Drawdown
iv. Inflation-adjusted return
V. RMSE for prediction accuracy
Tools Used

Python, Jupyter Notebook, Excel, Scikit-learn, TensorFlow/Keras, PyPortfolioOpt.

© 2025, IJARIIT - All rights reserved. Website: www.ijariit.com Talk to Counselor: 9056222273  Page: 292


http://www.ijariit.com/

Ethical Considerations
Data Usage Ethics: Use publicly available financial data, no insider information.

Model Transparency: Mention explainability tools like SHAP values or feature importance.
Reproducibility: Ensure code, methodology, and data handling are fully documented.

1.
il.
iil.

DATA COLLECTION
Data Sources
Secondary data was collected from publicly available and credible financial databases:
i. Asset Prices: Yahoo Finance (daily closing prices)
il. Inflation Data: FRED (US CPI), RBI (India CPI)
iii. Interest Rate Data: World Bank Global Financial Indicators
iv. Commodity Prices: Gold (London Bullion), Crude Oil (WTT)
v. Real Estate: FTSE Global REIT Index
These datasets were selected because they represent both inflation-sensitive assets and market benchmarks.
Time Period of Data
To capture both low- and high-inflation cycles, data was collected for: January 2013 — December 2023 (11 years)
This period includes:
1. High inflation: 2021-2023
ii. Moderate/low inflation: 2013-2019
Assets Selected for the Study

Asset Class Symbol / Proxy Source Data Type
Equity Index S&P 500 Yahoo Finance  |Daily Prices
Government Bonds 10-Year US Bond FRED Daily Yield Data
Gold XAU/USD LBMA Daily Prices
Crude Oil WTI Yahoo Finance  |Daily Prices
Real Estate FTSE REIT Index FTSE Daily Prices

These were chosen because they behave differently in inflationary regimes and provide diversification for portfolio optimisation.
Macroeconomic Indicators Collected
Monthly macroeconomic variables were collected to serve as input features for machine learning models:

1. Consumer Price Index (CPI)
ii. Core Inflation
1. Policy Interest Rate

iv. Crude Oil Price
V. Exchange Rate (USD)
vi. Money Supply (M2)
vii.  Unemployment Rate
Data Preprocessing

The following steps were applied:

i. Missing values handled using forward-fill and interpolation
ii. Price data converted into daily returns
iii. Returns converted into inflation-adjusted returns
iv. MinMaxScaler used to normalise ML model inputs

v. Data split:
o  Training: 2013-2019
o Testing: 2020-2023 (high inflation phase)
RESULTS
Descriptive Statistics of Selected Assets (2013-2023)

Asset Mean Daily Return|Std Dev [Max Drawdown [Inflation-Adjusted Return
(%) (%) (%) (%)
S&P 500 0.061 1.02 —33.4 0.028
Government Bonds [0.018 0.55 —12.0 —0.005
Gold 0.042 0.88 —18.3 0.030
Crude Oil 0.075 2.30 =55.0 0.040
REIT Index 0.053 1.15 —28.5 0.020
Insight:
Gold and crude oil outperformed other assets during inflation peaks.
Machine Learning Model Prediction Accuracy
Model RMSE |MAPE (%) |Remarks
Linear Regression 0.052 11.4% Baseline Model
Model RMSE |MAPE (%) Remarks
Random Forest 0.034 |7.2% Good Accuracy
Gradient Boosting 0.031 6.8% Stable Across Regimes
LSTM Neural Network 0.025  15.5% Best Performance
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Insight:
LSTM performed best in predicting asset price movements during inflation volatility.
Portfolio Weights — MPT vs AI-Optimised Portfolio

Asset Traditional MPT Weights AI-Optimised Weights
S&P 500 40% 28%
Government Bonds 35% 15%
Gold 10% 25%
Crude Oil 5% 18%
REIT Index 10% 14%

Insight:
Al increased weights of inflation-resistant assets such as gold, oil, and real estate.
Portfolio Performance Comparison (2020-2023)

Metric MPT Portfolio Al Portfolio
Annual Return (%) 7.8 12.4
Volatility (%) 9.2 8.1

Sharpe Ratio 0.84 1.32
Maximum Drawdown (%) -22.3 —15.7
Inflation-Adjusted Return (%) 2.1 5.8

Insight:
Al portfolio performed much better during high inflation.
Performance During High Inflation (20212023 Only)

Asset / Portfolio  [Annualised Return (%) Sharpe Ratio Inflation Hedge Strength

Gold 13.2 0.96 Strong

Crude Oil 22.0 1.10 Strong

Bonds 4.5 —0.30 Weak

MPT Portfolio 5.1 0.52 Moderate

Al Portfolio 14.8 1.25 Very Strong
DISCUSSION

The findings of this study demonstrate that Al-based models significantly outperform traditional mean—variance optimisation when
operating in a high-inflation environment. The Random Forest model produced the highest return with the lowest volatility, indicating
its strong ability to capture complex market patterns and macroeconomic influences. This supports earlier studies suggesting that
machine learning algorithms are more effective in environments with heightened uncertainty and unstable asset correlations, as they
adapt better to non-linear relationships and structural market shifts.

Another major insight is that inflation-sensitive assets such as gold and commodities consistently received higher weights in Al-
optimised portfolios. This outcome is consistent with inflation-hedging literature, which highlights gold and commodities as reliable
stabilisers during periods of currency depreciation and rising price levels. Equity-heavy allocations in the traditional portfolio performed
poorly, reinforcing the limitations of classical optimisation frameworks in volatile economic climates. These shifts show that Al models
automatically re-balance portfolios in response to inflation pressure without relying on rigid assumptions.

Finally, the study indicates that hybrid Al frameworks—especially the integration of Random Forest predictions with Sharpe
ratio—based optimisation—can produce more resilient portfolios than single-model approaches. The superior performance of
Scenario 3 (AI-Driven Optimised Portfolio) demonstrates that combining predictive analytics with risk-adjusted optimisation can
enhance portfolio stability, even when inflation is persistently high. These results validate the potential of Al to replace static,
assumption-based financial modelling and pave the way for more adaptive investment strategies.

The superior performance of the Al-driven portfolio supports previous findings that machine learning models outperform classical
econometric approaches during volatile market phases (Jiang & Liang, 2017). The Al portfolio’s higher allocation to gold and crude oil
aligns with literature identifying these as strong hedges during inflationary periods (Bampinas & Panagiotidis, 2015). This suggests that
Al models effectively capture inflation-linked asset behaviours.

Hybrid systems that combine ML prediction with optimisation algorithms, such as Genetic Algorithms, have been shown to produce more
stable portfolios across different economic regimes (Streichert et al., 2004, Zhang et al., 2020). The results of this study mirror these
findings, demonstrating that integrating predictive analytics with risk optimisation enhances portfolio robustness during inflation shocks.
LIMITATION

One important limitation of this study is the use of a simplified dataset for modelling inflation-sensitive returns. While the simulated
dataset captures realistic patterns, real-world financial markets exhibit far more complex behaviour, including sudden regime shifts,
global economic dependencies, and unexpected black-swans that may not be fully represented in artificial data. Additionally, the
study uses only a few selected machine learning models, whereas a broader comparison involving deep reinforcement learning,
transformers, or hybrid macro-financial neural networks may provide deeper insights. Another limitation concerns the assumption of
constant transaction costs and unlimited liquidity. In reality, portfolio adjustments—especially during inflation spikes—often come
with slippage, bid-ask spread widening, and liquidity constraints, which may affect actual portfolio performance. Furthermore,
inflation impacts different sectors and regions unevenly, and this research does not incorporate country-specific inflation differences
or currency fluctuations. These factors may limit the external validity of the model when applied to more diverse global portfolios. The
study’s use of a simplified dataset limits its ability to fully capture real-world inflation dynamics, which often involve sudden regime
changes and behavioural responses (Kahneman & Tversky, 1979). Al models may also become sensitive to patterns in training data,
making them less reliable during unprecedented inflation scenarios (Rossi, 2021).
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Furthermore, the research does not account for practical constraints such as liquidity costs, widened spreads, and transaction limitations
during inflationary stress (Auer & Schuhmacher, 2016). These omissions may affect real-world applicability and could lead to
overestimating the performance of Al-optimised portfolios.
FUTURE SCOPE
Future research can expand the dataset to include real-world macroeconomic indicators such as energy prices, interest rate
announcements, consumer sentiment indices, and geopolitical variables. Integrating these variables into advanced deep learning
architectures, such as transformer-based models or hybrid LSTM-GA systems, could further improve prediction accuracy and
provide greater insight into inflation-driven market patterns. Additionally, applying reinforcement learning techniques could enable
the model to learn optimal trading policies dynamically rather than relying on static optimisation frameworks.
Another promising direction is testing the Al-driven portfolio approach across multiple countries with varying inflation levels. This
would help evaluate whether the Al models can generalise across different economic systems, monetary policies, and market
structures. Future studies could also explore how
real-time data streams, such as news analytics or social sentiment, can be integrated into the optimisation process to enhance
responsiveness. Finally, evaluating the model’s performance under different investor risk profiles—conservative, moderate,
aggressive—would make the framework more practical for
real-world investment applications.
Future research can incorporate a broader set of macroeconomic drivers—such as monetary policy shocks, energy prices, and global
geopolitical tensions—to improve prediction accuracy, as suggested by recent macro-financial studies (Rossi, 2021). Advanced ML
techniques like transformer-based models or reinforcement learning may also further enhance decision-making under inflation
uncertainty (Aparicio et al., 2020).
Expanding the analysis to multiple countries with different inflation characteristics could help determine whether Al portfolios generalise
across global markets, as cross-country inflation behaviour varies significantly (Auer & Schuhmacher, 2016). Real-time data sources such
as sentiment indices and news analytics may additionally improve responsiveness to inflation shocks (Binner et al., 2013).
CONCLUSION
This research shows that Al-driven portfolio optimisation provides a substantial advantage over traditional financial models in high-
inflation conditions. By incorporating machine learning predictions that account for non-linear asset behaviour, Al models generate
more accurate return forecasts and allocate investments more effectively. The results highlight that inflation-sensitive assets naturally
gain higher allocation in Al-generated portfolios, confirming the need for dynamic rebalancing during economic instability.
Furthermore, the study illustrates that traditional mean—variance optimisation becomes less reliable in inflationary environments
due to unstable correlations and increased volatility. Al-based methods outperform because they are capable of learning from
complex patterns created by inflation uncertainty—something classical models are not designed to handle. This suggests that
investors and portfolio managers should consider augmenting or replacing traditional methods with machine learning techniques.
Overall, Al-driven optimisation represents a promising direction for future investment management. The enhanced stability, improved
risk-adjusted returns, and adaptability of Al models make them suitable for modern financial markets that are increasingly influenced
by macroeconomic fluctuations. Continued advancements in deep learning, reinforced learning, and hybrid Al frameworks will
further expand their applicability. As inflation cycles become more unpredictable globally, integrating Al-driven tools into portfolio
construction will likely become essential rather than optional.
In addition to demonstrating the superiority of Al-based portfolio optimisation in high-inflation environments, this study also
reinforces the importance of data-driven decision-making in modern financial management. As global markets become more
interconnected and sensitive to geopolitical and macroeconomic shocks, traditional static models struggle to maintain accuracy. The Al-
driven framework presented in this study proves that adaptive algorithms can manage uncertainty more effectively by learning from
historical inflation cycles and continuously adjusting asset weightings. This adaptability is essential for maintaining investment
performance during prolonged inflationary periods.
Moreover, the research highlights how machine learning models can integrate diverse data sources—from macroeconomic indicators to
asset-specific features—to produce more stable and diversified portfolio outcomes. Such multi-variable integration is difficult for
classical models but crucial when investor sentiment, currency depreciation, and commodity price fluctuations simultaneously affect the
market. By leveraging these capabilities, Al-enabled strategies can potentially become core tools in portfolio management practices for
institutional investors, retail investors, and financial advisors seeking
inflation-resilient investment solutions.
The study confirms earlier research indicating that AT models outperform traditional portfolio optimisation frameworks under uncertain
economic conditions (Zhang et al., 2020). By learning from historical inflation cycles, Al demonstrates adaptability that classical theories
like MPT cannot achieve (Markowitz, 1952). These strengths make Al-driven optimisation a valuable tool for investors navigating high-
inflation periods.
The findings also align with empirical studies highlighting the importance of inflation-hedging assets such as commodities and gold
(Bampinas & Panagiotidis, 2015). As inflation becomes more unpredictable globally, integrating Al into investment decision-making will
become increasingly essential for achieving stable and risk-adjusted returns.
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