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Abstract
In recent years world economies have started becoming more and more interrelated and the boundaries of trade have become non-existent. This phenomenon is looked at as a catalyst for the growth and development of the nations but it also implies how disruption in one economy leads to severe impacts on the other. In 2007-08, the USA economy nearly collapsed which sent shock waves to the rest of the world including India. It was responsible for breaking India’s dream run of 9-10% economic growth year by year.
Since 2002-03 there were huge cash inflows in the capital markets which led to an increase of Sensex by more than 20,000 points. Industry and service sector grew at the rate of 10 per-cent; however this surge in growth was not backed by an increasing capital base because of which when multiple banks collapsed in the USA, the Indian economy struggled too (Nagaraj, 2013). This led to FIIs withdrawing their investments of more than 10,00,000 Cr which tanked the prices of the stock market by almost 70% (P. K. Mishra, 2012). 
Today, major global economies are under recession but India continues to grow rapidly. This paper is an attempt to understand whether the foundation of said growth is solid or is it just a replica of the 2007-08 financial crisis.

Introduction
With every aspect of the Indian economy facing an upward trend and experiencing a boom, it feels like a win for the markets but one cannot forget the consequences of the same. This research aims to bring to light these consequences that the economy might have to face at the cost of this bullish sentiment. One primary consequence that we will focus on is a proposed Asset Bubble Formation in the Indian Stock Market on the basis of the financial crisis of 2007-08.
This paper takes into consideration five key markets- Crypto-currency Market, Indian Real Estate Market, Indian Gold Market, Foreign Portfolio Investment Market and the Indian Stock Market- that will be studied extensively to prove the hypothesis of an asset bubble formation. First, we must establish that all these markets have a direct correlation with the consequence we propose. For these purposes, we will establish an independent link between the first four variables to the last variable, i.e. the Indian Stock Market.
Cryptocurrencies have become a worldwide phenomenon constantly discussed in the media, venture capitalists, banking, stock market, political organizations, etc (Glaser et al., 2014). Cryptocurrencies have recently arisen new financial asset class, and this provides a chance to research uncovered features of cryptocurrencies. Virtual currency like cryptocurrency has carved itself a distinct position in the worldwide financial markets, particularly after its rapid growth and expansion (Jeris et al., 2022). In order to determine a relationship between Bitcoin and the Sensex (Bombay Stock Exchange), an Augmented Dickey Fuller (ADF) Test was carried out in a study. The study's empirical findings demonstrate that Sensex significantly affects Bitcoin volatility (Bhullar & Bhatnagar, 2020). In the case of the Sensex and Bitcoin, the analysis also suggests the chronological movement order in time series data. The policy makers' monetary and fiscal measures have a direct impact on the unidirectional causal relationship between Bitcoin and the Indian Stock Exchange. In the Indian stock market context, investors need to be cautious while diversifying their investment by investing in Indian Companies and Bitcoin as increasing the volatility in Indian Stock market leading to enhanced fluctuation in Bitcoin Price movement.

Gold is a metallic element that is the most valuable metal and is frequently employed as a medium of trade in commerce. However, the significance of gold has completely altered in the modern paradigm (Baber et al., 2013). The role of a liberalized and developed gold market in the interest of consumers is being increasingly realized and efforts are underway for integrating the gold market with financial markets. Gold is now considered to be the best investment strategy, or save strategy, in the volatile market. The price of gold is rising and changing dramatically, which has an impact on the economy as a whole. The increase in global gold prices has an effect on domestic gold prices as well. In India, the desire for gold has persisted despite the recent sharp price increase, in part because of its significance in society and culture as well as its use as a safe haven for funds (D. R. N. Mishra & Mohan, 2012). Gold prices and the success of the Indian stock market, as gauged by the BSE Sensex, have a complicated relationship. Traders’ gold prices rise as investors seek refuge in safe-haven assets like gold during market turbulence or downturns. It has been discovered that exchange rates—the strength or weakness of the Indian rupee relative to other significant international currencies—have a significant effect on gold prices. The rupee's drop caused import costs to rise, which often resulted in a sharp spike in gold prices. It was found that gold prices and inflation rates had a significant positive association. The natural value of gold as a hedge against declining buying power in periods of rising inflation led to a rise in demand for the metal (Nisarga & Marisetty, 2023).

The term "Foreign Institutional Investor" or "FII" refers to any organization or corporation that was founded or incorporated outside of the country in which the investor is making an investment. This includes hedge funds, pension funds, and mutual funds. India is becoming a preferred market for numerous foreign investors because of its emerging economic position, which is supported by the government's strong support and the financial administration system (Gupta, 2011). Data from 2014, which showed that India could draw in investments of around US$ 24.7 billion in the debt market and US$16.3 billion in stocks, lend credence to this assertion. The latter has the most capitalization among seven developing economies. In parallel, Indian government bonds yielded the greatest returns in Asia, with a rate of 15.14 percent. FII does not currently exist as a stand-alone category. As of September 2014, the three previous investor classes—FIIs, subaccounts, and qualified foreign investors—were combined to form a new category known as "Foreign Portfolio Investor" (FPI). The analysis demonstrated how much the FIIs are influencing the movement of the Sensex. Furthermore, it was clear that Sensex grew in response to good FII inflows and decreased in response to negative FII inflows. The movement of the Sensex and the foreign institutional investments have a positive link, as indicated by the Pearson correlation values. The correlation value between the two is 0.646. Here researcher has used FIIs investments and performance of Indian stock market; BSE SENSEX and NIFTY50 variables of the study. Researcher exercises year average of BSE SENSEX and NIFTY Indian stock index and average FIIs purchase, sales, net investments for 10 years for course to carry out objectives (Raja Mannar, n.d.).

Over the next ten years, real estate is predicted to grow by 30% in India, where it now employs the second biggest number of people behind the agriculture sector. It significantly boosts the economy, contributing 8–9% of India's GDP in 2015 (CHATURVEDI & SHARMA, n.d.). From $200 billion in 2021 to over $1 trillion by 2030, India's real estate market is expected to grow. It is expected to contribute about 13 percent of India's GDP by 2025 (IBEF, 2022). The increasing dominance of the housing sector necessitated the creation of a system that could track changes in rates in the domestic housing category (Nagaraja et al., 2010). In order to understand the behaviour of the real estate market and its economic impact, it is therefore crucial to construct a fair estimate of the collective home price, even in the face of insufficient data. We view the Housing Price Index (HPI), which is released quarterly by the Reserve Bank of India, as an important indicator of the state of the real estate industry, even though creating a composite real estate price index is now the most urgent objective (Singh, 2015). Numerous people have also highlighted the Bank of International Settlements' Residential Property Price Index and the Consumer Price Index (Housing) as appropriate real estate indicators. Similarly, the NIFTY Realty Index, the sectoral index of real estate stocks maintained by the National Stock Exchange (NSE), has been acknowledged as a measure of the financial market equivalent of the real estate sector. The performance and operations of real estate companies listed on the Indian stock exchange are reflected in the NIFTY Realty Index. Ten firms that are listed on the NSE of India make up the Index. This index is created using the free-float market capitalization technique, and its movement indicates the total free-float market value of all the constituent companies relative to a specified base market capitalization value. (NSE India, 2022). The study's main objective of proving a high long-term correlation between HPI and NIFTY Realty Index is successfully achieved by the research findings, which also take into account an index to represent the situation of India's real estate market. Furthermore, it demonstrates a robust and enduring correlation between the actual economy and the financial sector within the real estate business, hence offering considerable scope for further sector-specific research of a comparable kind to be carried out worldwide. (Chaudhari et al., n.d.).


Research Methodology

Recurrent neural network (RNN) architectures such as Long Short-Term Memory (LSTM) are excellent for sequence prediction applications like time series forecasting. LSTM models are a popular option for predicting stock prices, including those of the BSE S&P Sensex, since they are especially good at handling long-term dependencies in data. The capacity of LSTM models to recognize and retain long-term trends in the data gives them a significant edge over conventional statistical models for stock price prediction. This is made possible by a mechanism known as the "memory cell," which enables the model to discover intricate links in the data by retaining knowledge over long stretches of time. An LSTM model would normally be trained using historical price data as well as other pertinent characteristics that could affect the stock prices (such as trading volume, market trends, and economic factors) in order to forecast future prices of the BSE S&P Sensex. Based on fresh input data, you can use the trained model to forecast future price changes.
In order to create a machine learning model that can forecast Sensex prices through April 1, 2024, we first pre-processed the dataset by adding additional features based on domain expertise, addressing missing values, and scaling the data. The model was trained using the dataset of Sensex prices from 2018 to February 2022. Next, we divided the dataset into testing and training sets, utilizing the remaining data for testing and the data up to February 2022 for training. Next, because an LSTM neural network can effectively capture temporal dependencies in data, we chose it. Utilizing the Open, High, Low, and Close prices as input features, we trained the model on the training set. We assessed the model's performance on the test set after it had been trained.

Finally, we used the trained model to make predictions for the Sensex prices until April 1, 2024, based on new input data. (refer to Appendix 1 for the source code)

Inferences- Quantitative Study

In this study, we used historical data from 2018 to March 2022 and a sophisticated Long Short-Term Memory (LSTM) model to anticipate the daily closing values of the BSE S&P Sensex up to April 1, 2024. When it comes to capturing intricate temporal correlations in sequential data, like stock prices, LSTM models are especially well-suited. In order to identify patterns and trends in the stock market, the model was trained using historical data. Nonetheless, we noticed a sizable disparity between the model's predicted and real closing prices, pointing to a large difference between the expected and actual market behaviour.

This disparity (refer Appendix 1 for the graph) strongly implies that there is an asset bubble in the Indian stock market. When the price of an asset, like stocks, rises much above its fundamental value, it's called an asset bubble. A number of things, such as investor speculation, irrational exuberance, and lax monetary policy, may be responsible for this. Within the framework of our research, the discrepancy between the anticipated and realized prices suggests that the current state of the market has deviated from the anticipated patterns, possibly as a result of speculation or other factors.

The hypothesis that an asset bubble is forming is further supported by statistical analysis of the prediction mistakes. We may evaluate the accuracy and dependability of our model's predictions by further characterizing the magnitude and direction of the mistakes. These errors' frequency and size provide strong evidence that the stock market is undergoing an asset bubble.

Our study unequivocally shows that an asset bubble has formed in the Indian stock market. Significant ramifications flow from this result for regulators, legislators, and investors. It emphasizes how crucial it is to keep a careful eye on market circumstances and take the necessary steps to reduce the dangers connected to asset bubbles. Additional investigation may be conducted to examine the fundamental reasons behind the bubble as well as possible remedies.

Inferences- Qualitative Study

Although gold has historically been seen as a safe haven during recessions, it has also displayed bullish behaviour during periods of economic expansion, raising worries about a possible bubble. Because of fewer restrictions, the real estate industry has flourished. While a catastrophe similar to the one that occurred in 2008 seems unlikely, a correction in the context of increased stock market volatility cannot be completely ruled out. 

Despite the lack of a shown causal relationship, stocks and cryptocurrencies are frequently invested in more during times of low return in traditional markets; the projected growth in cryptocurrencies in 2025 is a reflection of the state of the market at the moment. 

The focus on India's actual capacity for economic growth is called into question by the rise in Foreign Institutional Investment (FII) without a comparable increase in Foreign Direct Investment (FDI), which may be the result of political stability and a buoyant stock market. 

Because significant market events are inherently unpredictable, it may not be possible to foresee them with the highest degree of accuracy by just consulting industry specialists.

Conclusion

As a result of the notable disparity between expected and actual stock values, this research report concludes that there is an asset bubble in the Indian stock market. Although the LSTM model employed in this work offers insightful information, it has limits, and more investigation is required to determine the root causes of the bubble and viable countermeasures. The study also emphasizes how other markets—like gold, real estate, cryptocurrency, and foreign investment—are interconnected and how this affects the stock market. In the future, controlling and reducing the risks related to asset bubbles will require a deeper comprehension of these interrelationships.
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dataset_test = pd.read_csv('CSV22.csv')
dataset_test.head()

Unnamed: 0 Open High Low Close

0 02-Mar-22  55629.30 55755.09 55020.10 55468.90
1 03-Mar-22  55921.44 55996.62 54931.48 55102.68
2 04-Mar-22 54653.59 55013.27 53887.72 54333.81
3 07-Mar-22  53172.51 53203.87 52367.10 52842.75
4 08-Mar-22 52430.06 53484.26 52260.82 53424.09

dataset_test.rename(columns={'Unnamed: ©':'Date'}, inplace=True)
dataset_test.set_index('Date’, inplace=True)
dataset_test.head()

Open High Low Close

Date

02-Mar-22 55629.30 55755.09 55020.10 55468.90
03-Mar-22 5592144 55996.62 54931.48 55102.68
04-Mar-22 54653.59 55013.27 53887.72 54333.81
07-Mar-22 53172.51 53203.87 52367.10 52842.75

08-Mar-22 52430.06 53484.26 52260.82 53424.09

actual_stock_price=dataset_test.iloc[:,1:2].values

dataset_total=pd.concat((dataset_train [ 'Open'], dataset_test['Open']), axis = @)
inputs = dataset_total [len(dataset_total)- len(dataset_test)-50:].values

inputs inputs.reshape(-1,1)
inputs = scaler.transform(inputs)

X_test =[]
for i in range(50,7@):
X_test.append(inputs[i-50:i, @])
X_test = np.array(X_test)
X_test = np.reshape(X_test, (X_test.shape[@], X_test.shape[1], 1))
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predicted_stock_price=regressor.predict(X_test)
predicted_stock_price=scaler.inverse_transform(predicted_stock_price)

- 3s 3s/step

plt.plot(actual_stock_price, color='red', label='Actual Sensex Price')
plt.plot(predicted_stock_price, color='blue’, label='Predicted Sensex Price')
plt.title('Sensex Price Prediction’)

plt.xlabel('Time")

plt.ylabel('Sensex Price')

plt.legend()
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#Import Libraries

import os

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
%matplotlib inline

dataset_train=pd.read_csv('CSV18.csv')
dataset_train.head()

Unnamed: 0 Open High Low Close

0 01-Mar-18  34141.22 34278.63 34015.79 34046.94
1 05-Mar-18 34034.28 34034.28 33653.41 33746.78
06-Mar-18  34047.43 34060.13 33209.76 33317.20
07-Mar-18  33279.39 33331.21 32991.14 33033.09

A woN

08-Mar-18 33244.52 33439.97 33037.48 33351.57

dataset_train.rename(columns={'Unnamed: ©':'Date'}, inplace=True)
dataset_train.set_index('Date’, inplace=True)
dataset_train.head()

Open High Low Close
Date

01-Mar-18 34141.22 34278.63 3401579 34046.94
05-Mar-18 34034.28 34034.28 3365341 33746.78
06-Mar-18 34047.43 34060.13 33209.76 33317.20
07-Mar-18 33279.39 33331.21 32991.14 33033.09

08-Mar-18 33244.52 33439.97 33037.48 33351.57
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training_set=dataset_train.iloc[:,1:2].values

print(training_set)
print(training_set.shape)

[[34278.63]
[34034.28]
[34060.13]
[58727.78]
[58890.92]
[59396.62]]

(1012, 1)

from sklearn.preprocessing import MinMaxScaler

scaler=MinMaxScaler(feature_range=(0,1))
scaled_training_set=scaler.fit_transform(training_set)

scaled_training_set

array([[0.19595337],
[0.1889283 ],
[0.18967149],

[0.89886742],
[0.9035577 1,
[0.9180966 1])

X_train=[]

y_train=[]

for i in range(50,1012):
X_train.append(scaled_training_set[i-50:i,0])
y_train.append(scaled_training_set[i,0])

X_train=np.array(X_train)

y_train=np.array(y_train)

print(X_train.shape)
print(y_train.shape)

(962, 50)
(962,)
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X_train=np.reshape(X_train, (X_train.shape[@], X_train.shape[1],1))
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keras.models
keras.layers
keras.layers
keras.layers

import Sequential
import LSTM
import Dense
import Dropout

regressor = Sequential()
regressor.add(LSTM(units = 5@, return_sequences= True, input_shape =
regressor.add(Dropout (0.2))

regressor.add(LSTM(units=50, return_sequences= True))
regressor.add(Dropout (©.2))

regressor.add(LSTM(units = 5@, return_sequences=True))
regressor.add(Dropout (0.2))

regressor.add(LSTM(units = 50))
regressor.add (Dropout (0.2))

regressor.add(Dense (units=1))

regressor.compile(optimizer="adam', loss='mean_squared_error')

regressor.fit(X_train,

_train, epochs=100, batch_size=32)

(X_train.shape[1], 1)))

Epoch
31/31
Epoch
31/31
Epoch
31/31
Epoch
31/31
Epoch
31/31
Epoch
31/31
Epoch
31/31
Epoch
31/31
Epoch
31/31

1/1ee

[
2/100

16s 1eéems/step - loss: ©.0391

3s

3s

3s

3s

3s

3s

3s

3s

1e8ms/step
107ms/step
1e3ms/step
1eems/step
105ms/step
111ms/step
108ms/step

101ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

0.0071

0.0064

0.0063

0.0055

0.0050

0.0055

0.0049

0.0060




