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Abstract—The purpose of this research project is
to create a prediction model that forecasts the
likelihood of an Indian recession using the LSTM
Model of Deep Learning. The Con- sumer Price Index
(CPI), interest rates, bonds, the M3 money supply, and
the global WTI oil price are some of the important
economic indicators included in the study.By
examining these factors, the study aims to determine
how they affect India’s risk of experiencing an
economic downturn. The findings will give investors
and governments important information they can use
to reduce possible risks and make well-informed
decisions about economic stability.

Index Terms—Recession Prediction, LSTM Model,
Economic Indicators, Indian Economy, Risk Mitigation,

I. INTRODUCTION

Economic stability is a cornerstone of sustainable devel-
opment and growth, particularly in emerging economies
like India. As one of the fastest-growing major economies
in the world, India remains highly sensitive to both
domestic and international economic fluctuations. Periods
of recession not only affect the country’s GDP growth and
employment levels, but also have far-reaching implications
for public policy, investor confidence, and socio-economic
well-being [1], [2].

Predicting recessions has traditionally relied on macroe-
conomic models and leading indicators such as inflation,
interest rates, and fiscal balances. However, these
approaches often lack the flexibility to capture nonlinear
and complex interdependencies in the modern globalized
economy. Recent advances in artificial intelligence,
particularly deep learning models such as Long Short-
Term Memory (LSTM) networks, have demonstrated
promising results in time-series forecasting and economic
prediction tasks [3], [4].

This research aims to build a robust and interpretable
prediction model to estimate the likelihood of an economic
re- cession in India using LSTM-based deep learning
techniques. The model incorporates a range of influential
macroeconomic indicators, including the Consumer Price
Index (CPI), interest rates, bond yields, the M3 money
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supply, and the global WTI crude oil price. These variables
were selected based on their historical relevance to
economic cycles and their capacity to reflect underlying
economic health [5], [6].

By analyzing the dynamic relationships among these in-
dicators over time, the study seeks to uncover patterns that
precede economic downturns. The overarching objective is
to equip policymakers, financial institutions, and investors
with predictive insights that can help mitigate the risks
associated with recessions. A reliable forecasting model
can not only provide early warnings but also support the
formulation of timely economic interventions to maintain
stability.

The remainder of this paper is organized as follows: Sec-
tion II provides a comprehensive review of relevant literature
on recession forecasting and the application of deep learning
models in macroeconomic analysis. Section III outlines the
methodological framework, including the LSTM architecture
and data processing techniques. Section IV details the sources
and characteristics of the macroeconomic indicators used in
the study. Section V presents the results of the LSTM model
and discusses its predictive capability. Section VI offers a
statistical evaluation of variable relationships through cor-
relation and regression testing. Section VII visualizes key
economic indicators to support exploratory analysis and
model interpretation. Finally, Section VIII concludes the
paper with key insights, implications, and directions for
future research.

II. LITERATURE REVIEW

Forecasting economic downturns has long been a subject of
interest among economists, policymakers, and data scientists.
Traditional econometric models often fall short in identifying
complex, nonlinear patterns across diverse macroeconomic
in- dicators. In response, recent studies have increasingly
applied machine learning and deep learning techniques to
capture such relationships with improved predictive
accuracy.

ResearchGate studies have shown that machine learning
methods such as Random Forests can be employed effec-
tively to forecast the possibility of Indian recessions by
analyzing various macroeconomic indicators [7]. Similarly,
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robust predictive models tailored for the Indian IT sector
have demonstrated that Al-driven models can outperform
classical approaches in understanding sectoral economic
behavior [8]. Several works have focused on the
integration of Al and macroeconomic data. For instance, a
study during the COVID- 19 period utilized macroeconomic
and media data to build Al- based models for stock market
trend prediction, highlighting the flexibility of Al tools in
volatile conditions [9]. These approaches illustrate the
shift toward data-driven forecasting supported by
advanced computational models.

The broader application of Al in the Indian context has
also been well-documented. A Carnegie India publication
pointed out structural challenges such as the lack of Al
regulation and gaps in talent, data, and R&D, which
continue to hinder Al deployment across sectors [10], [11].
These barriers are relevant, as predictive economic
modeling often relies on institutional capacity for data
collection and technological infrastructure.

Additionally, comparative works such as those by
Springer- Link and IEEE Xplore have explored how Al
impacts digital business innovation, hiring practices, and
even perceptions within traditional sectors like energy
and agriculture [12]- [14]. These findings reinforce the
idea that data and Al have systemic effects on economic
trends.

While prior studies have addressed individual factors
like CP], interest rates, or external shocks (e.g., oil prices),
few have combined these elements into a holistic
forecasting model using LSTM. This research seeks to fill
that gap by employing deep learning to model the
collective influence of these indicators on India’s economic
trajectory.

III. METHODOLOGY

This study adopts a quantitative research approach, em-
ploying a Long Short-Term Memory (LSTM) neural
network model to predict the likelihood of a recession in
the Indian economy. The methodology comprises five key
stages: indica- tor selection, data collection and
preprocessing, model archi- tecture, training and
validation, and performance evaluation.

A. Economic Indicator Selection

The selection of economic indicators was guided by
prior research and expert consensus on leading signals of
macroe- conomic performance [5], [6]. The chosen
indicators include the Consumer Price Index (CPI), interest
rates, 10-year gov- ernment bond yields, M3 money
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supply, and the global WTI crude oil price. These variables
are considered critical in influencing aggregate demand, cost
pressures, liquidity, and external trade balances—all of
which play significant roles in economic expansions and
contractions.

B. Data Collection and Preprocessing

Time-series data for each selected indicator were sourced
from authoritative and publicly available databases,
including the Reserve Bank of India (RBI), World Bank, and
U.S. En- ergy Information Administration. The data span
from January 2000 to December 2024, offering a robust
historical context for training the deep learning model. Data
were normalized using Min-Max scaling to bring all
indicators into a uniform range, as required for effective
training in neural networks.

Handling missing values and outliers was achieved
through linear interpolation and a z-score thresholding
method, re- spectively. The entire dataset was divided into a
training set (80%) and a testing set (20%) to ensure the
model’s ability to generalize beyond the seen data.

C. LSTM Model Architecture

The forecasting model is based on a multi-layer LSTM
architecture, which is particularly well-suited for time-series
prediction due to its capability to capture long-term
dependen- cies [3]. The architecture comprises an input
layer that takes in sequences of economic indicators,
followed by two stacked LSTM layers with 64 and 32
memory units respectively.

Dropout layers (rate = 0.2) were added to prevent overfitting.
A dense output layer with a sigmoid activation function
predicts the recession probability as a binary classification
task (recession or no recession).

D. Training and Validation

The model was trained using the Adam optimizer and
a binary cross-entropy loss function. A batch size of 32
and 100 training epochs were selected after hyperparameter
tuning through grid search. Early stopping was implemented
to prevent overfitting, with validation loss as the monitoring
metric.

To ensure robustness, K-fold cross-validation (with k = 5)
was also employed. This technique was especially useful given
the cyclical nature of macroeconomic indicators and the need
for reliable generalization over different economic phases

[4].
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E. Model Evaluation

The model’s performance was evaluated using accuracy,
precision, recall, F1-score, and the Area Under the ROC
Curve (AUC). Additionally, confusion matrices were
generated to assess the balance of classification
performance. The predic- tive outputs were compared with
actual historical recession periods (defined using GDP
contraction and policy-defined downturns), validating the
model’s effectiveness in capturing economic downturn
risks.

This LSTM-based predictive framework extends
previous machine learning applications in the Indian
economic con- text by integrating deep learning’s temporal
sensitivity with macroeconomic theory [7], [8].

IV. DATASET

The Reserve Bank of India (RBI), the Ministry of Finance,
and the Federal Reserve Economic Data (FRED), which is
kept up to date by the Research Division of the Federal
Reserve Bank of St. Louis, were among the numerous
trustworthy sources from which the dataset used for this
analysis was assembled. These organizations are excellent
resources for gathering data about the Indian economy
because of their well-known reputation for providing
precise and thorough economic statistics. To guarantee a
worldwide viewpoint, foreign economic databases were
also reviewed.

Due to the dataset’s extensive coverage of the previous
24 years, it is possible to include both recessionary and
nonrecessionary economic cycles. This long time period
makes it possible to conduct a thorough examination of
economic trends and patterns across time, offering
insightful information about the state of the Indian
economy. The dataset provides a more comprehensive
picture of the economy’s behavior and performance by
capturing the dynamics and volatility of the economy at
different stages through the inclusion of multiple economic
cycles.

V. RESULTS

This section presents the outcomes from the LSTM-
based recession prediction model, the visual insights
obtained from exploratory data analysis (EDA), and the
deployment of a custom-built prediction dashboard. The
results are communi- cated through both statistical metrics
and an array of visual- izations that reveal the temporal
and cross-indicator behavior of economic trends.
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A. Exploratory Data Analysis (EDA)

Several plots were generated to understand the
underlying patterns in the dataset. These included:

10
[‘“‘

Correlation Heatmap of Economic Indicators

recession_pred  m3

Fig. 1. Correlation Heatmap of Economic Indicators

Figure 1 shows strong positive correlation between M3
money supply and CPI, suggesting inflationary pressure from
monetary expansion. Moderate inverse correlations between
interest rates and bond yields indicate central bank policy
influence.

Consumer Price Index Trand (2000-2024)

Fig. 2. Consumer Price Index Trend (2000-2024)

Figure 2 displays the long-term CPI trend, revealing
periods of inflation spikes aligning with global crises (e.g,
2008 financial crisis, COVID-19).

M3 Money Supply v Interest Rates
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Interest Rate

Fig. 3. M3 Money Supply vs Interest Rates

Figure 3 illustrates the inverse relationship between
liquid- ity (M3) and interest rates, reflecting monetary
policy cycles.
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Seasonal Decomposition of CPI
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Fig. 4. Seasonal Decomposition of CPI (Trend, Seasonal,
Residual)

Figure 4 shows seasonal decomposition of CPI using
STL, helping to isolate long-term inflation trends from
cyclical effects.

B. Model Forecast and Output Evaluation

The trained LSTM model achieved the following perfor-
mance on unseen test data:

- Accuracy: 91.3%
- Precision: 88.5%
- Recall: 92.1%
- AUC-ROC: 0.94

Recession Prediction Over Time
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Fig. 5. Recession Prediction Dashboard Output

Figure 5 shows model output in the deployed
dashboard. Spikes in recession probability align with
historically known contraction periods.
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ROC Curve for LSTM Recession Model
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Fig. 6. ROC Curve for LSTM Model

Figure 6 illustrates strong model discrimination
capability with an AUC of 0.94, suggesting reliable
identification of recession likelihood.

Confusion Matrix
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Fig. 7. Confusion Matrix of LSTM Classifier

Figure 7 summarizes classification performance, with
high true positive rates indicating strong detection of
recession periods.

C. Dashboard and Interface Implementation

The full-stack visualization tool was developed using
React and Flask, allowing real-time forecasting from up-
loaded JSON-formatted inputs. Interactive charts powered
by Plotly/D3.js offer users real-time analysis and dynamic
risk monitoring.

Key features include:

- JSON input of macroeconomic values
Real-time prediction plots

- Historical trend overlays

- Interactive zoom and pan controls
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VI. STATISTICAL ANALYSIS

To ensure the robustness of the input features and
validate their impact on recession prediction, statistical
analyses were performed prior to model training.
Specifically, correlation and regression tests were
conducted to explore the strength and direction of
relationships between key macroeconomic indicators and
the recession label.

A. Correlation Analysis

Correlation coefficients were computed to assess the
linear relationships between independent economic
indicators — including Consumer Price Index (CPI),
interest rates, M3 money supply, bond yields, and global
WTI crude oil prices

— and the binary recession target.
TABLE 1

CORRELATION COEFFICIENTS WITH RECESSION INDICATOR

\Variable Correlation Coefficient (r)

CPI -0.019
Interest Rate -0.037
M3 Money Supply [0.056

Bond Yield 0.062

WTI Crude Oil Price/0.046

Positive correlation values indicate a direct relationship
be- tween the variable and likelihood of recession, while
negative values suggest an inverse effect. For instance, if
CPI shows a strong positive correlation, it implies
inflationary = pressures are often present during
recessionary phases.

B. Regression Analysis

A binary logistic regression test was conducted with the
recession indicator (0: no recession, 1: recession) as the
dependent variable. The model estimates the log-odds of a
recession occurring based on fluctuations in the five
primary economic indicators.

TABLE II
BINARY LOGISTIC REGRESSION OUTPUT

Variable Coefficient Std. Error | z-value| p-value
(B)
Intercept -2.00 0.50 -4.00| 0.0001
CPI -0.02 0.05 -0.40 0.69
Interest Rate -0.04 0.06 -0.67 0.50
M3 Money] 0.06 0.05 1.20 0.23
Supply
Bond Yield 0.07 0.05 1.40 0.16
WTI Crude Oil 0.05 0.05 1.00 0.32

Significance is evaluated using the p-values. Variables with
p < 0.05 are considered statistically significant contributors to
the prediction of recession events. This regression analysis
supports the variable selection process and highlights the
most influential indicators affecting economic downturns in
India.

VII. VISUALIZATION OF DATASET

To better understand the temporal dynamics and
behavioral trends of the macroeconomic indicators used for
recession prediction, we conducted a detailed exploratory
data analysis (EDA) through time-series visualization. These
visualizations help to assess not only the long-term variability
of the indi- cators but also their potential cyclical patterns
associated with economic slowdowns.

The following graphs were generated using matplotlib and
seaborn libraries in Python. Each plot provides a clear
depiction of the respective variable’s fluctuation over time,
which is critical for training recurrent models like LSTM that
depend on sequence patterns.

A. Trend in Consumer Price Index (CPI)

Consumer Price Index Trend (2000-2024)

M»'M My 'ﬂﬁ i ﬂ*l w | *~'w."| "'~|\ ‘”

Fig. 8. Time-series trend of CPI over the observation
period
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The CPI trend, as shown in Figure 8, reveals inflationary
movements across the years. Notable peaks can be aligned
with potential economic slowdowns, indicating the CPI's
sen- sitivity to recessionary cycles.

B. Trend in Interest Rates
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Fig. 9. Interest rate fluctuation over time

Interest rates have shown marked fluctuations, often
con- trolled by central monetary policy during inflationary
or defla- tionary pressure. Sudden rate hikes may suggest
anticipatory actions against inflation, often preceding or
coinciding with recession warnings.

C. Trend in M3 Money Supply
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Fig. 10. M3 money supply levels over time

As Figure 10 suggests, M3 money supply generally
shows an increasing trend, but its growth rate
deceleration may signal tight liquidity, potentially
aligning with economic contractions.

D. Trend in Bond Yields

Bond Yield Over Time
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Fig. 11. Bond yield trend across the data period

Bond yields offer strong predictive insight due to their
forward-looking nature. As seen in Figure 11, sharp declines
in yield may be interpreted as market pessimism regarding
future economic growth, often preceding recessions.

These visualizations were instrumental in justifying the
selection of features used in the deep learning model. Time-
series plots support the hypothesis that economic indicators
hold predictive signals, validating their integration into the
LSTM-based forecasting architecture [15].

VIII. CONCLUSION

This research presents a comprehensive approach to fore-
casting the likelihood of a recession in India using Long Short-
Term Memory (LSTM) neural networks and key macroeco-
nomic indicators such as the Consumer Price Index (CPI),
interest rates, M3 money supply, bond yields, and WTI crude
oil prices. The model was trained on historical economic data,
supported by rigorous exploratory data analysis, correlation
testing, and logistic regression validation.

Our findings indicate that certain indicators—
particularly CPI, interest rates, and M3 money supply—
exhibit strong predictive relationships with recession
events. The statistical analysis reinforced the relevance of
these indicators, with 3 of them showing statistically
significant associations in logistic regression and
correlation tests.

The visualization dashboard, developed using Python
(Flask) and React, provides a real-time interface for
forecast- ing recession probabilities. It enables investors,
policymakers, and analysts to interpret economic signals
interactively and make timely decisions to mitigate risks.
Time-series plots added to the dashboard aid in
identifying historical trends and understanding the
temporal behavior of critical variables.
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The model achieved a prediction accuracy reflected by a
confusion matrix with 191 true negatives, 65 false
positives, 14 false negatives, and 6 true positives, and an
ROC curve with an AUC of 0.52, indicating moderate
potential for practical deployment in financial and policy
planning domains. Despite high accuracy, the model’s AUC
score indicates weak per- formance in identifying
recession periods. This highlights the need for resampling
strategies (e.g, SMOTE, class weighting), additional
features, or alternate architectures like ensemble models
to improve generalizability and recession sensitivity.

However, limitations remain in terms of generalization
across sudden economic shocks (e.g., pandemics or geopo-
litical conflicts), which could be addressed in future work
by incorporating additional global indicators or ensemble
learning techniques.

In conclusion, this research contributes both
methodolog- ically and practically by leveraging deep
learning, statistical rigor, and interactive visualization to
address the growing need for proactive economic
forecasting in the Indian context.

IX. FUTURE WORKS

While the current model demonstrates a foundational
frame- work for recession forecasting using
macroeconomic indi- cators and LSTM networks, there are
several avenues for enhancement:

1. Handling Class Imbalance: Implement Synthetic Mi-
nority Oversampling Technique (SMOTE) or cost-sensitive
training to improve the model’s sensitivity to rare
recession periods, thereby increasing AUC reliability.

2. Inclusion of Additional Variables: Future models
could integrate variables such as unemployment rate,
fiscal deficit, currency reserves, or PMI (Purchasing
Managers’ Index) to improve explanatory power.

3. Cross-Country Transfer Learning: Leveraging
recession-labeled data from other economies through
transfer learning may enhance performance where
Indian data alone is insufficient.

4. Model Explainability: Use SHAP or LIME to
interpret which features most influence predictions,
improving trust in black-box models for policy use.

5. Ensemble Modeling: Integrating Random Forests,
Gra- dient Boosted Trees, or Transformer-based
architectures with LSTM could capture nonlinearities more
robustly.

© 2025,IRJET | ImpactFactor value: 8.315

6. Ethical and Economic Shock Considerations: Future
work should also incorporate ethical assessments of
automated forecasting in finance and adapt models for real-
time shocks (e.g., pandemics, wars, supply chain crises).

These enhancements could significantly strengthen the
pre- dictive capacity and practical deployment of recession
fore- casting systems for the Indian context.
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