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1. Abstract

Uncertainty is known as a risk on the financial markets. It can increase or decrease the
return on the stock markets. Usually, the uncertainty is compared to the volatility. In this
research, the purpose is to predict the return of US portfolio on three years by adding seven
indicators like inflation, price of oil, price of gold, euro/dollar rate, EPU? and interest rate to
find if these macro-financial indicators have an impact on the predicted returns and are synonym
of uncertainty on the financial market while their rates increase or decrease. The research is
based on quantitative data. The prediction starts at the beginning of 2023 and finishes at the end
of 2025. The portfolios are composed on the S&P 500. We found that most of the volatility of
the macro-financial indicators are pertinent four our study. We used the significant indicators

to predict the returns of the different sector over three years.

1 Economic Policy Uncertainty



2. Introduction

The relationship between uncertainty and financial markets has been a subject of great
interest and research for many years. Financial market uncertainty is often caused by a variety
of factors, including geopolitical events, changes in government policies, fluctuations in
exchange rates, and sudden changes in investor sentiment. These uncertainties create a sense of
unpredictability in the financial markets, which can result in significant volatility and risk

premiums that can affect the performance of various investment portfolios.

Investors, analysts, and policymakers are keenly interested in understanding the
relationship between uncertainty and portfolio performance. This is because the financial
market plays a vital role in the economy, and its performance affects individuals, businesses,
and governments at both local and global levels. The relationship between uncertainty and
portfolio performance is especially important in today's increasingly interconnected and
complex financial markets, where a single event in one market can have ripple effects

throughout the entire system.

Given the significant impact of uncertainty on financial markets and portfolio
performance, it is essential to develop reliable methods to measure and manage uncertainty. A
variety of measures can be used to quantify uncertainty, including the CPI, and other
macroeconomic indicators. However, identifying the most effective indicators and developing
robust models that can accurately capture the relationship between uncertainty and portfolio

performance remains an ongoing challenge.

Therefore, this research aims to examine the impact of uncertainty on the performance
of US portfolios from 2001 to 2022, using various indicators of uncertainty, including the CPI,
and other macroeconomic and microeconomic indicators. We will analyze how different types
of portfolios in different sectors such as consumer sector, manufacturing sector, high-

technology sector, healthcare sector and other sector, are affected by uncertainty.

The results of this research will provide valuable insights into the relationship between
uncertainty and portfolio performance, which can be used to inform investment decisions, risk
management strategies, and policy interventions. Moreover, this study can contribute to the
existing literature by providing a comprehensive analysis of the impact of uncertainty on



different types of investment portfolios over an extended period, which can help investors and
policymakers better understand the dynamics of financial markets and the role of uncertainty
in shaping portfolio performance.

The different indicators used in this research are the Consumer Price Index, which is
used as indicator of inflation rate, the oil price, which is converted in oil rate, the gold price
which is converted in gold rate, the EUR/USD exchange rate, the interest rate and finally the
economic policy uncertainty rate which calculated the number of times the word ‘economic
crisis’ appears in press. The volatility index (VIX) is not used on this study because it is
calculated thanks to the return of the portfolio. So, it is sure that it is correlated to the portfolio

returns.

Moreover, based on our analysis of the impact of uncertainty on portfolio performance
using various indicators, we did a prediction on three years to see the impact of these relevant
indicators on the portfolio returns. The prediction starts at the beginning of 2023 and finishes
at the end of 2025.



3. Literature

3.1 Uncertainty and its effects

Uncertainty and risk are important concepts in finance and economics, with significant
impacts on financial market behavior and investor decisions. While these two terms are often
used interchangeably, there is a crucial difference between them. Risk refers to situations in
which the potential outcomes and their probabilities can be estimated, while uncertainty refers
to situations in which the potential outcomes and their probabilities cannot be known in

advance.

In this context, uncertainty can have a significant impact on financial markets, leading
to increased volatility and changes in investor behavior. This can have significant implications

for economic activity and growth, as well as for the decisions of policymakers and regulators.

Researchers have developed a range of measures and indicators to try and quantify
uncertainty, including text-based and econometric-based measures. Understanding these
measures and their implications is crucial for investors, policymakers, and anyone seeking to

understand the behavior of financial markets in times of uncertainty.
3.1.1 The notion of uncertainty

Uncertainty is defined as a situation in which nothing is known in advance, and which
cannot be predicted in the near or distant future. According to Knight (1921)?, a distinction is
made between uncertainty and risk. The difference between the two concepts is that risk can be
predicted in the future. This means that it is possible to estimate all the possibilities and to

associate a probability of realization to them.

For example, when we flip a coin, there are two possibilities: either heads or tails. The
result is not known in advance, but we know the two possibilities. Moreover, there is a one-in-

two chance of getting heads or tails, so the probability is also known in advance, unlike

2 Knight, F.H. (1921). Risk, Uncertainty, and Profit. Hart, Schaffner, and Marx Prize Essays, No. 31.
Houghton Mifflin, Boston and New York.



uncertainty. In the notion of uncertainty, it is impossible to know the probability and the

possibilities in advance, hence the difference between risk and uncertainty.

This statement defines the terms "risky" and "uncertain™ as they are used in this context.
An event is considered "risky" if the outcome is unknown, but there is knowledge of the
potential outcomes and their likelihoods. In contrast, an event is considered "uncertain” if the
outcome is also unknown, but there is no knowledge or understanding of the distribution of

potential outcomes.

By linking this notion to the economy, it is possible to show that economic agents are
not able to predict future events. During the covid period, uncertainty was present in the
financial markets because it was impossible to predict how events would unfold in the short or

long term.

From a macroeconomic point of view, the notion of uncertainty is very broad and is
sometimes confused with risk. It is then referred to a mixture between uncertainty and risk. This
similarity between the two concepts gave birth to the VIX. This indicator corresponds to the

volatility index that was used by Bloom (2009)* to measure uncertainty.
3.1.2 How does uncertainty impact the stock market?

Uncertainty is a parameter related to macroeconomics. Macroeconomics is defined as a
global vision of the economy with several components such as the unemployment rate,
inflation, the performance of industries, etc. When the economy is in goes wrong, the notion of
uncertainty appears. According to Bloom (2009)*, after each economic shock related to an oil
embargo, an economic crisis, a war, etc. a situation of uncertainty in the economy and financial

markets is felt. Our research focuses on the U.S financial markets.

When uncertainty is present in the economy, financial markets tend to be in the red.
There are several reasons for this phenomenon. The first is that the behavior of investors in

times of uncertainty changes. According to Beers (2022), their behavior becomes more and

23 Bloom, N. (2009). The impact of uncertainty shocks. Econometrica, 77(3), 623-685.



more pessimistic. Each bad news impacts their decisions more and more negatively. This leads

to a withdrawal of capital and a fall in the financial markets.

Then, in a situation of uncertainty, volatility in the financial markets is very high.
According to Andersen et al (2006, p.781), “the volatility is defined as the (instantaneous)
standard deviation (or ""sigma") of the random Wiener-driven component in a continuous-time
diffusion model”. Andersen et al (2006) conducted research that demonstrated a positive
correlation between volatility and uncertainty. On the other hand, Andersen et al (2006)
examined risk through measuring return volatility, while measuring uncertainty by considering
the degree of disagreement among professional forecasters, with different weights assigned to
each forecaster. Moreover, one study showed that volatility and uncertainty are related, while
another study looked at how to measure risk and uncertainty using different methods. Volatility
is measured by the Volatility Index (VIX). This indicator is considered as an asset in the notion
of uncertainty. When this indicator is high, volatility is very high and causes large upward or

downward movements in the financial markets.

Finally, financial markets are linked to the macroeconomy. Stock market indices such
as commaodity prices, the S&P 500... are indices that can influence the financial markets. These
indices are considered like benchmarks and represent the health of the market. The S&P 500 is
a stock market index that tracks the performance of 500 large companies listed on stock
exchanges in the United States. When the S&P 500 is in the red, it generally means that the
stock prices of the companies that make up the index have decreased, which could be due to a
variety of factors such as negative economic news, poor corporate earnings reports, geopolitical
events, or market uncertainty. A decline in the S&P 500 does not necessarily indicate a
recession or a bear market, but it can be an indicator of market volatility or a shift in investor

sentiment.

Financial markets are complex and when they are in periods of uncertainty, prices are
volatile, and investors' decisions are no longer coherent... which leads to a decline or even a

crash.
3.1.3 Uncertainty and risk factor measures

Over time, researchers tried to find a way to measure and quantify uncertainty.

According to the study of Danilo Cascaldi-Garcia et al (2021), they divided the measurement



of uncertainty into four categories: text-based, survey-based, econometric-based, and market-
based measures. The text-based and econometric-based are useful for research. Unfortunately,
market-based measures are useless for research because they are constructed with financial

markets data. It is therefore logical that these measures will be correlated to uncertainty.

The text-based methodology uses text data and new articles to measure uncertainty and
risk. This method counts the number of occurrences of a keyword in the text. The method has
created several indicators such as Monetary Policy Uncertainty, Economic Policy Uncertainty,

Word Uncertainty, Geopolitical risk...etc.

The other methodology is econometric-based measures. According to Danilo Cascaldi-
Garcia et al (2021, p.21), “Uncertainty is equated with lack of predictability of aggregate
activity under this approach. Related to this, researchers have used quantile regressions to
estimate the value of aggregate economic activity that is « at risk » ”. The two indicators are
macroeconomic uncertainty index (MUI) and value-at-risk (VaR). Jurado, Ludvigson, and Ng
(2015)5 conducted research and concluded that when macroeconomic uncertainty increases,
there is a significant decline in real economic activity in the United States. Additionally, they
argue that macroeconomic uncertainty acts as an amplifier of recessions rather than being the
direct cause of them. Moreover, the study suggests that when there is more uncertainty in the
macroeconomic environment, it can make an existing recession worse, rather than being the

initial cause of the recession itself.

Concerning value-at-risk, it is the quantile of the conditional portfolio distribution, and
it is considered as a risk-reporting measure (Andersen et al., 2006). The problem with Value at
Risk (VaR) is that it only provides information about the likelihood or probability of
experiencing a loss beyond a certain threshold, but it does not indicate the expected magnitude
or size of the loss that may occur on the days when the VaR is exceeded or breached. VaR
cannot estimate the amount of loss in the event of occurrence, and this limitation can be a

significant issue for risk management and decision-making.

Another indicator of the risk is the Expected Shortfall (ES). Andersen et al., (2006,

p.792) defined the expected shortfall as “the expected loss on the days when losses are larger

% Jurado, K., Ludvigson, S. C., and Ng, S. (2015). Measuring uncertainty. American Economic Review,
105(3), 1177-1216.



than the VaR”. Also, it is sensitive to the shape of the tail of the distribution of returns on
portfolio. Expected shortfall is calculated by averaging all the returns in the distribution that are
worse than the VVaR of the portfolio at a given level of confidence. For instance, for a 95%
confidence level, the expected shortfall is calculated by taking the average of returns in the

worst 5% of cases.

Finally, the last indicator is the downside risk. Kenton (2022) provides a definition of
the downside risk: “Downside risk is an estimation of a security’'s potential loss in value if
market conditions precipitate a decline in that security's price. Depending on the measure used,
downside risk explains a worst-case scenario for an investment and indicates how much the
investor stands to lose. Downside risk measures are considered one-sided tests since the
potential for profit is not considered ”. Downside risk measures are typically used to estimate a
worst-case scenario for an investment, allowing investors to understand how much they could
potentially lose. It's important to note that downside risk measures are one-sided tests, meaning
that they only consider the potential for loss and don't factor in the potential for profit.

3.2 The uncertainty response on different economic factors

In this section, it explains the relationship and link between economic factors and
uncertainty. The different economics factors used in this research are gold, oil, asset pricing,

monetary policy, long-term interest rate and inflation.

All these factors have a more or less close relationship with uncertainty but their
reactions each impact the market differently. They selected for this research because they are

the factors most likely to have an impact on financial markets in times of uncertainty.
3.2.1 Gold as a safe haven in times of uncertainty

Jones and Sackley (2016)° conducted research to explore the relationship between gold
price fluctuations and economic policy uncertainty. Their study showed that when there is high

economic policy uncertainty, the price of gold tends to increase. In a similar vein, Gao and Zang

® Jones A.T, and Sackley W.H. (2016). An uncertain suggestion for gold-pricing models: The effect of
economic policy uncertainty on gold prices. Journal of Economics and Finance 40, 367-379.



(2016)7 investigated how economic policy uncertainty affects the correlation between the UK
stock market and the gold market. They found that uncertain economic policies result in

moderate correlation, while certain economic policies are associated with high correlation.

Balcilar, Gupta, and Piedzioch (2016)8 also conducted research on the factors that affect
gold price dynamics, specifically economic, macroeconomic, and financial uncertainties. Their
study revealed that macroeconomic and financial uncertainties play a critical role in
determining gold returns and volatility. In summary, these studies demonstrate that economic
policy uncertainty, along with macroeconomic and financial uncertainties, have significant

impacts on the behavior of gold prices and their relationships with other markets.

The purpose is to find whether gold performs the function of hedge and a safe haven
property under different gold market scenarios and diverse uncertainty episodes. It seems that
there are some periods when gold and uncertainty are positively correlated. Thanks to the
quantile-based approaches, the research shows that the gold is a safe haven if gold is positively

correlated with uncertainty when the uncertainty is high.

The research uses different shades of uncertainty such as low, middle or high, but we
will use only the low or high uncertainty for this work. The results come from the quantile-on-
quantile regression (QQR) approach (Sim and Zhou, 2015)°. It can be useful in assessing the
dependence structure between gold returns and uncertainty. The QRR (quantile regression
relationship) model is capable of capturing the dynamic relationship between gold returns and

uncertainty, taking into account different market conditions such as bearish or bullish periods.

When macroeconomic uncertainty is high and the gold market is bearish, there is
positive response. The gold returns increase. Concerning microeconomic uncertainty, when

gold market is bearish and uncertainty is high, there is also a positive response. The gold returns

" Gao, R., and Zhang, B. (2016). How does economic policy uncertainty drive gold—stock correlations?
Evidence from the UK. Applied Economics, 48 (33), 3081-3087.

8 Balcilar, M., Gupta, R., and Piedzioch, C. (2016). Does Uncertainty Move the Gold Price? New
Evidence from a Nonparametric Causality-in-Quantiles Test. Resources Policy, 49, 74-80.

® Sim, N., and Zhou, A. (2015). Qil Prices, US Stock Return, and the Dependence Between Their
Quantiles. Journal of Banking and Finance, 55, 1-8.



increase too. Moreover, the response of gold returns to the economic policy uncertainty seems

positive when the uncertainty is high and under bear gold market.

About the financial uncertainty, there is a positive response with the gold returns in
period of high uncertainty and bull gold market. But when uncertainty is low, the response
seems also positive. In the bearish market, the relationship appears negative whatever the

uncertainty level.

The impact of political uncertainty on gold prices demonstrates that there is a clear
positive correlation between the level of uncertainty and gold returns. Specifically, when
political uncertainty is at its highest and the gold market is bearish, there tends to be a strong
response in gold returns. So, when there is more uncertainty in the political landscape, investors

may turn to gold as a safe haven asset, driving up its price.

It appears that the research has found that gold can serve as a safe haven during uncertain
times, but its effectiveness as a hedge may be limited to political uncertainty. Additionally, the
relationship between gold returns and uncertainty is positive and strong, but nonlinear. This
may be due to a variety of factors such as the mood of gold traders, supply and demand in the
gold market, price fluctuations of other assets, and unconventional monetary policies. Overall,
it seems that gold can play an important role in a diversified investment portfolio, particularly

during times of heightened uncertainty.
3.2.2 The complex relationship between oil prices and stock returns

In the literature, there are various views on the relationship between crude oil price
changes and stock returns. For instance, Kling (1985)° suggested that crude oil price increases
are associated with stock market declines, while Chen et al. (1986)*! found no effect of oil price

changes on asset prices. Jones and Kaul (1996)*2 reported a stable negative relationship between

10 Kling, J. L. (1985). Qil Price Shocks and Stock-Market Behavior. Journal of Portfolio Management,
12, 34-9.

11 Chen, N.-F., Roll, R., and Ross, S. A. (1986). Economic Forces and the Stock Market, Journal of
Business, 59, 383—-403.

12 Jones, C., and Kaul, G. (1996). Oil and the Stock Markets. Journal of Finance, 51, 463-91.



oil price changes and aggregate stock returns. Huang et al. (1996)*2 did not find a negative
relationship between stock returns and changes in the price of oil futures. Wei (2003)%
concluded that the 1973-1974 oil price increase could not explain the decline in U.S. stock
prices in 1974,

The impact response of stock returns appears to be driven by fluctuations in expected
real dividend growth and by fluctuations in expected returns associated with a time-varying risk
premium, regardless of the shock. Sadorsky (1999)'° notes that the relative importance of
demand and supply shocks in the crude oil market evolves over time, leading to regressions that
relate stock returns to innovations in the price of oil that may find no significant statistical
relationships or unstable relationships over times.

Kilian and Park (2009) show that the effects of demand and supply shocks in the crude
oil market on U.S. macroeconomic aggregates are qualitatively and quantitatively different,
depending on whether the oil price increase is driven by oil production shortfalls, by a booming
world economy, or by shifts in precautionary demand for crude oil that reflect increased
concerns about future oil supply shortfalls. As such, it is natural to expect similar differences
in the effect of these shocks on stock returns.

The common view in the literature is that oil price increases affect the U.S. economy
and the U.S. stock market through their effect on the cost of producing energy-intensive goods,
as noted by Kilian and Park (2009). The cost of producing these goods explains why stock
returns of companies in the chemical industry are often expected to be particularly sensitive to
disturbances in the crude oil market because these compagnies heavily rely on oil products as

raw materials.

Kilian and Park (2009) find that the response of aggregate stock returns can vary
considerably depending on the cause of the oil price shock. The negative response of stock

prices to oil price shocks, often referred to in the financial press, is only observed when the

13 Huang, R., Masulis, R. and Stoll, H. (1996). Energy Shocks and Financial Markets. Journal of
Futures Markets, 16, 1-27.

14 \Wei, C. (2003). Energy, the Stock Market, and the Putty-Clay Investment Model. American Economic
Review, 93, 311-23.

15 Sadorsky, P. (1999). Oil Price Shocks and Stock Market Activity. Energy Economics, 21, 449-69.



price of oil rises due to an oil-market-specific demand shock, such as an increase in
precautionary demand driven by concerns about future crude oil supply shortfalls. In contrast,
crude oil production disruptions have no significant effect on cumulative stock returns.
Furthermore, higher oil prices driven by an unanticipated global economic expansion have
persistent positive effects on cumulative stock returns within the first year of the expansionary
shock. This result arises because a positive innovation to the global business cycle will stimulate
the U.S. economy directly, while at the same time driving up the price of oil, thereby indirectly

slowing U.S. economic activity.

Finally, Dohyoung (2019) notes that oil supply and demand shocks have significant
negative effects on emerging stock returns, whereas aggregate demand shocks cause a sustained
rise of returns. Economic uncertainty shocks in the U.S lead to a substantial decline of emerging
equity returns. In particular, the impacts of oil shocks on emerging stock returns are amplified

by the endogenous response of US economic uncertainty.
3.2.3 Relationship between risk, uncertainty, and asset pricing

Anderson, Ghysels and Juergens (2009) measure risk by the volatility of return and
uncertainty by the degree of disagreement of professional forecasters. Anderson, Ghysels and
Juergens (2009) wish to examine the risk-return trade-off and the uncertainty-return trade-off.
The risk-return trade-off is a well-established concept in finance that suggests that the expected
excess return on investment should increase in proportion to the level of market volatility. This
concept is so fundamental that it is considered as the ‘first law of finance’. Recent studies

suggest that asset pricing should take into account not only risk, but also uncertainty.

The relationship between conditional volatility and expected return has been studied by
several researchers. Baillie and DeGennaro®®, French, Schwert, and Stambaugh (1987)*’, and
Campbell and Hentschel (1992)*® have found a positive but mostly insignificant relationship.

16 Baillie, R. T., and DeGennaro, R. P. (1990). Stock Returns and Volatility. Journal of Financial and
Quantitative Analysis, 25, 203-214.

17 French, K. R., Schwert, G. W., and Stambaugh, R. F. (1987). ‘Expected Stock Returns and Volatility.
Journal of Financial Economics, 19, 3—29.

18 Campbell, J. Y., and Hentschel, L. (1992). No News is Good News: An Asymmetric Model of
Changing Volatility in Stock Returns. Journal of Financial Economics, 31, 281-318.



On the other hand, Campbell (1987)*°, Nelson (1991)?°, and Brandt and Kang (2004)%*
have found a significantly negative relationship. Glosten, Jagannathan, and Runkle (1993)%2
and Turner, Startz, and Nelson (1989)% find that the relationship between conditional volatility
and expected return can be both positive and negative depending on the estimation method
used. Finally, Ghysels, Santa-Clara, and Valkanov (2005)%* use Mixed Data Sampling
(MIDAS) estimation methods and find a significant and positive relationship between the

market return and conditional volatility.

The proposed method for measuring agents' uncertainty in mean returns is to use the
level of disagreement among professional forecasters. This is because the predictions of
forecasters are seen as a good representation of the range of ideas that agents in the economy
are exposed to, and it's likely that agents partially base their beliefs on these predictions. If
professional forecasters all have similar expectations for returns, then uncertainty is likely to be
low. However, if there is a high level of disagreement among forecasters, then agents are more
likely to be unsure about mean returns, and uncertainty is high.

The empirical analysis conducted by Anderson, Ghysels and Juergens (2009)
investigates both risk and uncertainty in time series and cross-section. The authors have found
that uncertainty is a more significant factor than risk in determining the expected market excess
returns in the time series. Moreover, the expected returns of an asset could be influenced by the
degree of covariance, or the extent to which changes in the uncertainty of the asset are related

to changes in the market as a whole. In other words, if there is a strong relationship between

19 Campbell, J. Y. (1987). Stock Returns and the Term Structure. Journal of Financial Economics, 18,
373-399.

20 Nelson, D. B. (1990). ARCH Models as Diffusion Approximations. Journal of Econometrics, 45, 7-
39.

21 Brandt, M. W., and Kang, Q. (2004). On the relationship between the conditional mean and volatility
of stock returns: A latent VAR approach. Journal of Financial Economics, 72, 217-257.

22 Glosten, L. R., Jagannathan, R., and Runkle, D. E. (1993). On the Relation between the Expected
Value and the Volatility of the Nominal Excess Return on Stocks. Journal of Finance, 48(5), 1779—
1801.

2 Turner, C. M., Startz, R., and Nelson, C. R. (1989). A Markov Model of Heteroskedasticity, Risk,
and Learning in the Stock Market. Journal of Financial Economics, 25, 3-22.

24 Ghysels, E., Santa-Clara P., and Valkanov, R. (2005). There is a Risk—Return Tradeoff After All.
Journal of Financial Economics, 76, 509-548.



the uncertainty in the asset and the uncertainty in the market, this could have an impact on the
expected returns of the asset. This relationship is likely to be examined in empirical research as
a potential factor affecting asset pricing.

The approach of Merton (1980)% and Foster and Nelson (1996)% have shown that it is
possible to estimate volatility accurately by sampling returns over very short time periods.
Therefore, assuming that volatility is known is not an unreasonable assumption. However, in
practice, there are certain characteristics of high-frequency data, such as leptokurtosis, intra-
daily deterministic patterns, and market microstructure features like price discreteness,
nonsynchronous trading, and bid-ask spread, which can affect the data used in empirical
research. These factors can further complicate the estimation of volatility in real-world

applications.

Based on the analysis conducted by Anderson, Ghysels and Juergens (2009), the
uncertainty measure developed by the researchers shows a correlation coefficient of 0.28 with
the market excess return. In addition, the uncertainty measure is positively correlated with the
Small Minus Big (SMB) factor, which means that greater uncertainty is associated with higher
returns for smaller firms relative to larger ones. However, the uncertainty measure is
insignificantly negatively correlated with the High Minus Low (HML) factor, which implies
that there is no significant relationship between uncertainty and for returns growth stocks

relative to value stocks.

Finally, uncertainty plays a significant role in explaining the cross-sectional variation in
stock returns. Specifically, stocks that are more exposed to uncertainty tend to have higher
average returns than those with lower exposure, with the highest uncertainty portfolios having
the largest returns on average. However, it is important to note that these portfolio returns are
not statistically distinguishable from each other, meaning that the differences could be due to

chance. Nevertheless, the economic implications of these findings are substantial, with high

% Merton, R. C. (1980). On Estimating the Expected Return on the Market: An Exploratory
Investigation. Journal of Financial Economics, 8, 323-361.

% Foster, D. P., & Nelson, D. B. (1996). Continuous Record Asymptotic for Rolling Sample Variance
Estimators. Econometrica, 64 (1), 139-174.



uncertainty portfolios having returns that are on average 200 basis points greater per quarter

than low uncertainty portfolios.
3.2.4 The relationship between monetary policy and the stock market

In their analysis of the relationship between monetary policy and the stock market,
Bernanke and Kuttner (2005) emphasize that the most direct and immediate effects of monetary
policy actions are felt in the financial markets. Policymakers aim to modify economic behavior

by affecting asset prices and returns in ways that will help to achieve their ultimate objectives.

However, Bernanke and Kuttner (2005) also note that the market may not react
significantly to changes in the Federal funds rate that are already anticipated by futures market
participants. In addition, they suggest that unexpected funds rate increases may lead to declines
in stock prices due to several factors, such as a decrease in expected future dividends, a rise in
expected real interest rates, or an increase in expected excess returns associated with holding
stocks. The authors argue that simple regressions of equity return on surprise changes in the
Federal funds rate are not sufficient to disentangle the various effects, and a more structured

approach is required.

Bernanke and Kuttner (2005) also find that the reactions to monetary policy surprises
tend to differ across industry-based portfolios, with the high-tech and telecommunications
sectors exhibiting a response half again as large as that of the broad market indices. However,
they caution that monetary policy surprises are responsible for only a small portion of the
overall variability of stock prices.

Bernanke and Kuttner (2005) suggest two potential channels through which tight
monetary policy could affect the stock market. First, it could directly increase the riskiness of
stocks by, for example, raising the interest costs or weakening the balance sheets of publicly

owned firms. Second, it could reduce the willingness of stock investors to bear risk.

Finally, Bernanke and Kuttner (2005) offer an alternative interpretation of their findings.
They suggest that the large movements in excess returns associated with monetary policy
changes may reflect an excess sensitivity or overreaction of stock prices to policy actions. In

conclusion, while the authors find that there is an effect of monetary policy on the stock market,



they argue that this effect is not directly attributable to policy's effects on the real interest rate,

but rather on expected future excess returns or expected future dividends.
3.2.5 Long-term interest rates and inflation expectations

Gurkaynak, Sack, and Swanson (2005) noticed that many macroeconomic models
assume constant and perfectly known long-run characteristics of the economy, such as inflation
and the real interest rate. This assumption leads to the expectation that short-term nominal

interest rates will remain relatively fixed after a macroeconomic or monetary policy shock.

However, Gurkaynak, Sack, and Swanson (2005) note that forward rates at longer
horizons actually move in the opposite direction to short-term rates following such shocks. The
authors argue that this behavior can be explained by financial market concerns about long-term
inflation, which causes the private sector to adjust its expectations of the long-run level of

inflation in response to macroeconomic and monetary policy surprises.

Gurkaynak, Sack, and Swanson (2005) also note that while the steady-state real interest
rate may vary over time, changes alone do not seem sufficient to explain the term structure
evidence. Instead, it is the private sector's adjustment of its long-run inflation expectations that

appears to be the most plausible explanation.

Gurkaynak, Sack, and Swanson (2005) suggest that while the Federal Reserve has
achieved remarkable economic performance over the sample period, there may be scope for
improvement in stabilizing long-term forward rates and inflation expectations. The authors
suggest that one way to achieve this could be for the Federal Reserve to credibly commit to an

explicit inflation target.



4. Empirical study

4.1 Methodology

First, we perform several tests on the data. We convert the return to log-return for each
portfolio and indicators. The first test is to check if the portfolios are stationary. Then, the
second test is to check if there is a normalization of the residuals. Finally, we perform a test of
autocorrelation on the portfolios.

Quantitative methodologies were used in this study to scrutinize the potential correlation
between stock returns and macro-financial indicators. In order to assess the correlation between
each indicator and stock returns, we used the GARCH model in order to measure the volatility

when we add macro-financial indicator to the dependent variables.

Following this, the primary objective of this study was to forecast future returns over a
triennial duration, commencing from the onset of 2023 until the conclusion of 2025. In order to
achieve this objective, 3 distinct models were assessed, commencing from the most elementary
and progressively advancing to the more intricate. The initial statistical model used in our
analysis was the seasonal Autoregressive Integrated Moving Average and Generalized

Autoregressive Conditional Heteroskedasticity models.

In our study, we used the Recurrent Neural Network, which is deemed the most intricate
model, to examine the progression of yield prognostications and establish the partiality of each

model with the intention of discerning the most pragmatic model.

According to our research results, the Recurrent Neural Network emerged as the most
plausible model. The model facilitated the integration of pertinent indicators into our analysis,
thereby enhancing the precision of our forecasts and giving us the opportunity to assess the role

played by these indicators in the uncertainty of portfolio returns.

4.1.1 Test

4.1.1.1 Test of Stationarity

To check whether the time series are stationary, we use the ADF test. In this case, the ADF

statistic for each portfolio is negative and the p-value is very small (less than 0.05) for all
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portfolios. Therefore, we reject the null hypothesis that the time series is non-stationary and
conclude that all five portfolios are stationary. This means that there is no significant trend or
seasonality in the data, and the statistical properties of the data remain constant over time.

4.1.1.2 Test of normalization of residuals

We used the Jarque-Bera test to find if the residuals are normalized. The null hypothesis
is that the residuals are normally distributed. For each portfolio and macro-financial indicators,
we reject the null hypothesis that the residuals are not normalized. We try to solve the issue by
using a boxcox. Even with this method the p-value rejects the null hypothesis, but it has a

small impact on the results.
4.1.1.4 Test of heteroscedasticity of residuals

We used the Breusch-Pagan test to determine whether the residuals are homoscedastic.
The null hypothesis is that the residuals are homoscedastic (constant variance). In this case, the
Breusch-Pagan test for each portfolio is negative and the p-value is very high (less than 0.05)
for all portfolios. Therefore, we can’t reject the null hypothesis that the time series are
homoscedastic and conclude that all five portfolios are homoscedastic.

4.1.1.3 Test of autocorrelation of residuals

We used the Ljung-Box test to find if the residuals are autocorrelated. The null hypothesis is
that there is no autocorrelation in the residuals. In this case, the Ljung-Box test for each portfolio is
negative and the p-value is very high (less than 0.05) for all portfolios. Therefore, we can’t
reject the null hypothesis that the time series are no autocorrelated and conclude that all five
portfolios are no autocorrelated.

A plot of the distribution of standardized residuals is a useful tool for checking the assumption
of normality in a statistical model. It allows to visually inspect how well the model fits the data and

identify potential problems with the model.
4.1.2 S-ARIMA : Seasonal Autoregressive Integrated Moving Average

According to Hyndman and Athanasopoulos (2018), S-ARIMA models are an extension
of ARIMA models that can handle time series data with a seasonal component. ARIMA stands

for Auto-Regressive Integrated Moving Average, and it is a powerful statistical model used for
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time series forecasting. S-ARIMA models incorporate additional seasonal components that
capture repeating patterns in the data over fixed periods of time. These seasonal components
are specified using three additional hyperparameters: the seasonal period, the seasonal

difference order, and the seasonal order of the autoregressive and moving average terms.

The SARIMA model can be defined using the following notation:

SARIMA(p,d,q)(P,D,Q)m

where:

e p: the order of the autoregressive (AR) component

e d: the degree of differencing required to make the time series stationary

e (Q: the order of the moving average (MA) component

e P: the order of the seasonal autoregressive (SAR) component

e D: the degree of seasonal differencing required to make the time series stationary
e Q: the order of the seasonal moving average (SMA) component

e m: the number of time steps in each seasonal period (e.g., 12 for monthly data with a
yearly seasonality)

Box, Jenkins, Reinsel and Ljung (2015)?" found that SARIMA model combines these
components to capture both the non-seasonal and seasonal patterns in the data, and can be

expressed using the following equation:
y(t) = ¢ + AR(p) + MA(q) + SAR(P,m) + SMA(Q,m) + e(t)
where:

e y(t) is the value of the time series at time t
e Cisa constant term
e AR(p) is the autoregressive component of order p

e MA(Q) is the moving average component of order g

27 Box, G. E., Jenkins, G. M., Reinsel, G. C., & Ljung, G. M. (2015). Time series analysis: forecasting
and control, 5" edition. John Wiley & Sons.
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e SAR(P,m) is the seasonal autoregressive component of order P, with a period of m
e SMA(Q,m) is the seasonal moving average component of order Q, with a period of m

e ¢(t) is the error term at time t

The equation for a S-ARIMA model is as follows:

y) =c+ dy(t—1) + Oy(t—2)+ ... + Opy(t—p) + 0,e(t—1) + 0,e(t—2)
+ @ly(t—s) + @?y(t—2s)+...+ @yy(t—ps) + 6,e(t—s)
+ 6e(t—s)+...+ 0, e(t—qs) + e(t)

Where:

e y(t) represents the time series at time t

e Cisaconstant

o @, Oy, ..., O, are the autoregressive terms of the model of order p

e 0,0, ..., 0, are the moving average terms of the model of order q

e ¢(t) is the error term at time t

® (1, Oz ..., @p are the seasonal autoregressive terms of the model of order P
o 01,0, ..., 0, are the seasonal moving average terms of the model of order Q

e sis the seasonal period (e.g., 12 for monthly data with yearly seasonality)

According to Hyndman and Athanasopoulos (2018), the SARIMA model is fitted to the
time series data using maximum likelihood estimation, and the optimal hyperparameters are
chosen based on the Akaike Information Criterion (AIC) or the Bayesian Information Criterion
(BIC).

4.1.3 GARCH : Generalized Autoregressive Conditional Heteroskedasticity

GARCH (Generalized Autoregressive Conditional Heteroskedasticity) is a statistical
model used to analyze and forecast time series data with changing variance over time, also
known as heteroskedasticity. The model was first proposed by Robert F. Engle in 198228 as an
extension of the ARCH (Autoregressive Conditional Heteroskedasticity) model.-

28 Engle, R. F. (1982). Autoregressive conditional heteroskedasticity with estimates of the variance of
United Kingdom inflation. Econometrica: Journal of the Econometric Society, 50(4), 987-1007.
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The GARCH model allows for the conditional variance of a time series to depend on its
own past values as well as the past values of its squared error terms. This makes it a powerful
tool for modeling and forecasting financial data, where the volatility of asset returns can change

over time.

The GARCH model can be defined as follows:
&(t) = o(t) * z(t)

o’(t)= w + a *x e2(t—1)+ +B* o?(t—1)
where:

e ¢&(t) is the error term at time t
e o(t) is the conditional standard deviation of &(t)

e Z(t) is a random variable with mean 0 and variance 1

o, a, and P are the model parameters, with o representing the constant term, o representing the

autoregressive term, and 3 representing the moving average term

According to Bollerslev, T. (1986)%°, the GARCH model is fitted to the time series data
using maximum likelihood estimation, and the optimal values of the parameters w, a, and 3 are
chosen based on the Akaike Information Criterion (AIC) or the Bayesian Information Criterion
(BIC).

4.1.4 RNN : Recurrent Neural Network

According to Hochreiter and Schmidhuber (1997), RNN (Recurrent Neural Network) is
a type of neural network architecture that is widely used in deep learning. Unlike feedforward
neural networks, RNNs are designed to process sequential data, such as time series. The main
advantage of RNNs is their ability to capture the temporal dependencies of input data, making
them suitable for applications such as language translation, speech recognition, and time series

forecasting.

2 Bollerslev, T. (1986). Generalized autoregressive conditional heteroskedasticity. Journal of
econometrics, 31(3), 307-327.
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The basic building block of an RNN is the recurrent cell, which is a network of neurons
that receives an input and an internal state (also known as a hidden state) from the previous
time step. The internal state serves as a memory that enables the network to store information
about the past inputs and use it to make predictions about the future. The internal state is updated
at each time step using a set of learnable parameters that are optimized during the training

process.

The most popular variant of RNN is the Long Short-Term Memory (LSTM) network,
which was introduced by Hochreiter and Schmidhuber in 1997. LSTM is designed to address
the problem of vanishing gradients in traditional RNNs, which can occur when the network is
trained on long sequences. The LSTM network uses a set of gating mechanisms that control the
flow of information through the network, allowing it to selectively retain or discard information

at each time step.

The equation for the LSTM cell with a forget gate is as follows:
fe = 0 Wexe + Ur hy_y + byf)
iy = 0y (Wixy + Ui he_y + by)
or = oy Woxe + Uy he—q + by)
Ce = oo Wexe + Uc hey + be)

&= ft Oc1+i:OC
hy = o O op (ct)

where:

e x, € R%isthe input vector to the LSTM unit at time t

e f, € (0,1)"is the forget gate’s activation vector at time t, which determines how much
information from the previous state is retained

e i, € (0,1)" is the input gate’s activation vector at time t, which determines how much
new information is added to the cell state

e o, € (0,1)" is the output gate’s activation at time t, which determines how much
information is output from the cell state

e h, € (—1,1)"is the hidden state vector at time t also known as output vector of LSTM
unit
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e ¢, € (—1,1)"is the cell input activation vector at time t

e ¢, € R"isthe cell state vector at time t

W e R U € R and b € R"* is weight matrices and bias vector parameters which
need to be learned during training where the superscripts d and h refer to the number of input

features and number of hidden units.
Concerning the activation function:

e g, is the sigmoid function

e 0. Is the hyperbolic tangent function

e gy isthe hyperbolic tangent function where g, (x) = x

Moreover, Hochreiter and Schmidhuber (1997) found that during training, the
parameters of the LSTM network are optimized using backpropagation through time (BPTT),
which is a variant of the standard backpropagation algorithm that is designed to handle
sequential data. BPTT involves unrolling the network over time and computing the gradients
of the loss function with respect to the parameters at each time step. These gradients are then
used to update the parameters using an optimization algorithm such as stochastic gradient
descent (SGD).

Finally, Hochreiter and Schmidhuber (1997) explained that RNNs have been used
extensively in time series forecasting, where they have been shown to outperform traditional
time series models such as ARIMA and GARCH. They have also been used in natural language
processing tasks such as language translation and text generation. However, RNNs are
computationally expensive to train and can be prone to overfitting, particularly when the

training data is limited.
4.2 Data

It is an existing data. The data comes from the Kenneth R. French for the portfolio
industry. We selected the data between 2001/01/01 to 2022/12/01.

Concerning the other macro-financial indicators as inflation, price of oil,... The data is

also an existing data and come from the federal reserve bank of St-Louis. The macro-financial
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indicators have also been transformed in log-return for each portfolio. We selected the data
between 2001/01/01 to 2022/12/01.

5. Results

In our analysis, we estimated the best model to use. The best models with the lower
AIC are the GARCH (1,1) and the S-ARIMAX (2,0,2) (0,1,1). These parameters do not change
throughout the analysis. The GARCH (1,1) model has a zero mean. The purpose of the
SARIMAX model was to determine whether there were heteroscedasticity and autocorrelation
in the model. And, whether the residuals were normalized. We calculated the residuals of the
dependent variables with the exogenous variables. Then, we used the conditional volatility of
the residuals from the SARIMAX model which we inserted in the GARCH model. For the aim
of this study, we are more interested in the GARCH results because it models volatility, which
IS synonymous with uncertainty, but we looked at when it was necessary to the results of the
SARIMAX model when there was confusion in the interpretation of the results.

5.1 Dependent variables and exogenous variables

5.1.1 The relationship between dependent variables and inflation rate

In this section, the purpose is to determine whether there is a significant relationship on
volatility between the inflation rate and the dependent variables. To do so, we use a SARIMAX
model. Then, we use a GARCH model to get an overview of the volatility. The GARCH model
takes the residuals from the SARIMAX model to calculate the results. Each graph represents
the conditional volatility of the dependent variables with the inflation rate and the conditional

volatility of each dependent variable.
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5.1.1.1 The effect of inflation rate on the consumer returns

After analyzing the volatility of consumer returns with and without the inflation rate
using the GARCH model, we observed that the two curves follow each other closely. This
suggests that the volatility of the inflation rate may be correlated to the volatility of consumer

returns, but it is only an assumption.

Cnsmr sector - Inflation rate

94 —— \volatility Cnsmr
—— Volatility Cnsmr with inflation

2000 2004 2008 2012 2016 2020

The GARCH model also shows that the inflation rate has a significant effect on the
volatility of consumer returns. The omega coefficient is positive and statistically significant at
the 5% level, indicating that volatility has a constant non-zero mean. The alpha coefficient is
positive and statistically significant, suggesting that past shocks to consumer returns have a
persistent effect on future volatility. The beta coefficient is positive and statistically significant,

implying that volatility tends to persist over time.

Based on these results, we suggest that the volatility of the inflation rate can have a

significant impact on the volatility of consumer sector returns based on the GARCH model.
5.1.1.2 The effect of inflation on manufacturing returns

After analyzing the volatility of the manufacturing returns with and without the inflation
rate using GARCH model, we observe that the two curves follow each other closely. This
suggests that the volatility of inflation rate may have a significant impact on the volatility of

manufacturing returns.
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But the results of the GARCH model showed that the estimated coefficients of both
alpha and beta were not statistically significant at conventional levels, indicating that past
volatility had no significant impact on current volatility. On the other hand, the estimated
coefficient of omega was also not statistically significant, implying that the conditional variance
of manufacturing returns was not significantly different from zero.

Manuf sector - Inflation rate

10 1 —— Volatility Manuf
— Volatility Manuf with inflation

2000 2004 2008 2012 2016 2020

Therefore, based on the model results, we conclude that the volatility of CPI rate may

not have a significant impact on the volatility of manufacturing returns.
5.1.1.3 The effect of inflation rate on the high-technology returns

The SARIMAX model captures the dynamic properties of the CPI rate and their
potential influence on the high-technology sector, while the GARCH model allows us to model
the volatility of the high-technology industry returns.

The GARCH model revealed that the volatility of the high-technology industry returns
is influenced by past shocks, with a statistically significant coefficient of beta. Moreover, we
observed that the two curves follow each other closely. This suggests that the volatility of the

inflation rate may have a significant impact on the volatility of manufacturing sector returns.

HiTec sector - Inflation rate
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In conclusion, this study shows that the volatility of CPI can have a significant impact

on the volatility of high-technology industry returns.
5.1.1.4 The effect of inflation on the healthcare returns

Moving on to the GARCH results, we observe that the coefficient of the omega
parameter is 6.2603 with a standard error of 5.565 and a p-value of 0.261. The alpha parameter
has a coefficient of 0.0812 with a standard error of 0.05276 and a p-value of 0.124, while the
beta parameter has a coefficient of 0.5837 with a standard error of 0.322 and a p-value of
0.06965.
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When comparing the volatility of healthcare sector returns with inflation to the volatility
of healthcare sector returns alone, we can see that the volatility of healthcare returns with
inflation does not follow the red line. This suggests that the volatility of inflation rate has less

impact on the healthcare returns.

From the results of GARCH model, the volatility of CPI rate may not have a significant
impact on the healthcare returns.

5.1.1.5 The effect of inflation rate on the other sector returns

When we look at the GARCH model, we can see that the beta coefficient for the CPI
rate is significant at the 5% level, indicating that changes in the CPI rate may have a significant

impact on the volatility of the other sector returns.

Furthermore, if we compare the volatility of other sectors’ returns and the volatility of

other sectors’ returns with inflation, we can see that the volatility of other sectors’ returns with
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inflation almost follows the red line. This suggests that the volatility of inflation rate may have

an impact on the volatility of other sectors’ returns.
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In conclusion, our models suggest that the volatility of CPI rate can have a significant
impact on the returns of other sectors.

5.1.2 The relationship between dependent variables and oil price rate

In this section, the purpose is to determine if there is a significative relation on the
volatility between oil rate and the dependent variables. To do that, we use a SARIMAX model.
Then, we use a GARCH model to have an overview about the volatility. The GARCH model
takes the residuals of the SARIMAX model to calculate the results. Each graph represents the
conditional volatility of the dependent variables with oil price rate and the conditional volatility

of each dependent variables.
5.1.2.1 The effect of the oil price rate on the consumer returns

With the GARCH model, the coefficients for omega, alpha, and beta are 2.6931, 0.1204,
and 0.7288, respectively. The p-values for these coefficients suggest that only beta may be
statistically significant at the 10% level. However, the coefficient for beta is positive, which
indicates that past values of the consumer sector return and the oil price rate are positively
related, meaning that an increase in the oil price rate is associated with an increase in the

volatility of the consumer sector return.
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Furthermore, if we compare the volatility of the consumer returns with and without the
oil price rate, we can see that the volatility of the consumer returns with the oil price rate follows
more or less the volatility of the consumer returns without the oil price rate. This suggests that

the volatility of the oil price rate may have an impact on the volatility of consumer returns.
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In conclusion, the GARCH model suggests that the volatility of the oil price rate may
have a significant impact on the consumer returns. An increase in the volatility of the oil price

rate is associated with an increase in the volatility of the consumer returns.
5.1.2.2 The effect of the oil price on the manufacturing returns

Based on the GARCH model results, the coefficient for the oil price rate is not
statistically significant at the 5% level. This suggests that the oil rate may not have a significant
impact on the volatility of the manufacturing sector return.
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If we compare the volatility of the manufacturing sector returns with the volatility of the
manufacturing returns with oil price rate, we can see that the volatility of the manufacturing
returns with oil price rate almost perfectly follows the red line, suggesting that the oil price rate

may have an impact on manufacturing returns.

32



In conclusion, while the GARCH model suggests that oil price volatility may not have

a significant impact on the volatility of the manufacturing returns.

5.1.2.3 The effect of the oil price rate on the high-technology returns

The GARCH model shows that the volatility of the high-technology returns is
significantly influenced by the past volatility of the sector, with a high beta coefficient of
0.8954. However, the omega coefficient of 0.8564 and alpha coefficient of 0.0742 are not
statistically significant, suggesting that there is no persistent long-term trend or significant

short-term changes in the sector volatility.

Comparing the volatility of the high-technology returns with the oil rate to the volatility

of the high-technology returns alone, we find that the volatility of the sectors’ returns with the
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oil rate doesn't follow the red curve. This suggests that the volatility of the oil rate may not have

an impact on the high-technology returns.

In conclusion, the GARCH model suggests that the volatility of oil rate may have a
significant impact on the volatility of high-technology sector return.

33



5.1.2.4 The effect of the oil price rate on the healthcare returns

We have plotted the volatility of healthcare returns and the volatility of healthcare
returns with oil price rate. We can see that the volatility of healthcare sector returns with oil
price rate doesn't follow the red line, which suggests that the volatility of the oil price rate may
have no impact on the volatility of the healthcare returns.
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Meanwhile, the GARCH model results suggest a significant positive relationship
between the volatility of the oil rate and the volatility of healthcare returns. Overall, our analysis
suggests that the volatility of the oil price rate may have an impact on the volatility of healthcare

returns.

5.1.2.5 The effect of the oil price rate on the other sector returns

The GARCH model results show that the volatility model's coefficients are all
statistically significant except for omega. The alpha coefficient is positive and statistically
significant at the 5% level, indicating that past squared errors have a positive effect on current
volatility. The beta coefficient is also statistically significant at the 1% level, indicating that

past volatility shocks have a positive effect on current volatility.
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When we compare the volatility of other sector returns with and without oil price rate,
we can see that the red line in the graph for the other sector return with oil price rate follow the
red line for the other sector returns without oil price rate. This observation suggests that

volatility of oil price rate may have an impact on the other sector's returns.
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Therefore, based on the GARCH model and the comparison of volatility between the
Other sector return with and without oil price rate, we can conclude that the volatility of the oil

price rate may have a statistically significant impact on the other sector returns.

5.1.3 The relationship between dependent variables and economic policy

uncertainty

In this section, the purpose is to find if there is a significative relation on the volatility
between economic policy uncertainty rate and the dependent variables. To do that, we use a
SARIMAX model. Then, we use a GARCH model to have an overview about the volatility.
The GARCH model takes the residuals of the SARIMAX model to calculate the results. Each
graph represents the conditional volatility of the dependent variables with EPU rate and the

conditional volatility of each dependent variables.
5.1.3.1 The effect of the economic policy uncertainty on the consumer returns

Based on the GARCH model results, we can see that the coefficients of the omega,
alpha, and beta parameters are significant at the 5% level. This indicates that the volatility of
the consumer sector return is affected by its own past volatility, as well as the past volatility of
the EPU rate.
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By comparing the volatility of the consumer sector return with and without the EPU
rate, we can see that the volatility of the consumer returns with the EPU rate follows the red
line, indicating that the volatility of EPU rate may have an impact on the consumer returns.
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In conclusion, the analysis suggests that the volatility of EPU rate may have a significant

impact on the consumer returns.
5.1.3.2 The effect of the economic policy uncertainty on the manufacturing returns

In the GARCH model, the coefficient of alpha is significant at the 5% level, but omega

and beta are not significant.

Looking at the volatility plots, we can see that the volatility of the manufacturing returns
with EPU rate does not follow the red line, indicating that there may be not significant impact
of EPU rate on the manufacturing sector return.
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Overall, based on the results of the model and the volatility plots, we can conclude that

the volatility of EPU rate may have not  significant impact on the volatility of the

manufacturing returns.
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5.1.3.3 The effect of the economic policy uncertainty on the high-technology returns

Based on the results of the GARCH model, we can see that the alpha coefficient is not
statistically significant at the 5% level (p-value of 0.259), while the beta coefficient is highly
significant (p-value of 5.042e-23). This suggests that there is a strong and significant effect of

past volatility on current volatility in the high-technology returns. .

Furthermore, when comparing the volatility of the high-technology sector return and the
volatility of the high-technology sector return with EPU rate, we can see that the volatility of
the high-technology returns with EPU rate almost follows the red line. This suggests that the

volatility of EPU price rate may have an impact on the high-technology returns.
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In conclusion, based on the results of the GARCH, the volatility of EPU price rate may

have an impact on the high-technology returns.
5.1.3.4 The effect of the economic policy uncertainty on the healthcare returns

In the GARCH model, we can see that the alpha and beta coefficients are both positive,
but only the beta coefficient is statistically significant at a 0.129 level. This suggests that there
is some persistence in the volatility of the healthcare returns, but the impact of the EPU rate on

this volatility is not clear.

When we compare the volatility of the healthcare returns with and without the EPU rate,
we can see that the volatility with the EPU rate does not follow the red line as closely as the
volatility without the EPU rate. This suggests that the EPU rate may indeed have no impact on

the healthcare returns.
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Overall, while there is some evidence to suggest that the EPU rate has an impact on the
healthcare sector return, the results are not entirely conclusive. The non-significant coefficient
in the GARCH model suggest that there may be some uncertainty around this relationship. We
will not use this relationship for the forecasting.

5.1.3.5 The effect of the economic policy uncertainty on the other sector returns

Based on the GARCH model, we can observe that the volatility model has a significant
impact on the other sector's returns. The coefficients for the omega, alpha, and beta parameters
have p-values of 0.122, 0.023, and 1.575e-40, respectively. The coefficient for alpha suggests
that past volatility has a positive effect on current volatility, whereas the coefficient for beta

suggests that shocks to the variance are persistent.
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The graph comparing the volatility of other sector returns and the volatility of other
sector returns with EPU price rate shows that the volatility of the other sector returns with EPU
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price rate almost follows the red line, indicating that the volatility of EPU price rate may have

an impact on the volatility of other sector's returns.

In conclusion, based on the results of the GARCH model, the EPU rate may have a

significant impact on the volatility of other sector returns.
5.1.4 The relationship between dependent variables and EUR/USD rate

In this section, the purpose is to determine if there is a significative relationship on the
volatility between the EUR/USD rate and the dependent variables. To do so, we use a
SARIMAX model. Then, we use a GARCH model to have an overview about the volatility.
The GARCH model takes the residuals of the SARIMAX model to calculate the results. Each
graph represents the conditional volatility of the dependent variables with EUR/USD rate and

the conditional volatility of each dependent variables.
5.1.4.1 The effect of the EUR/USD rate on the consumer returns

The GARCH model results suggest that the volatility of the consumer returns is
influenced by its own past volatility as well as by past shocks to the system. The estimates for
alpha and beta are both statistically significant, indicating that past shocks have a persistent
effect on the volatility of the consumer sector return, and that the volatility tends to revert to its
long-term average. The estimate for omega is also statistically significant, indicating that there

is a constant level of volatility in the consumer returns that is not explained by past shocks.
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Comparing the volatility of the consumer returns with and without the EUR/USD rate,
we can see that the volatility of the consumer returns with the EUR/USD rate follows the same
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pattern as the red line, suggesting that the volatility of the EUR/USD rate may have an impact

on the consumer returns.

In summary, our analysis suggests that GARCH model has been able to capture the
behavior of the consumer sector return. The results show that changes the volatility of
EUR/USD rate may have a significant impact on the volatility of the consumer returns.

5.1.4.2 The effect of the EUR/USD rate on the manufacturing returns

Comparing the results of the GARCH model, it seems that the GARCH model has more
impact in predicting the volatility of the manufacturing returns. However, the GARCH model
suggests that the alpha and beta coefficients are not statistically significant, while the omega
coefficient is positive but not significant. Overall, the comparison between the volatility of
manufacturing returns and the volatility of manufacturing sector return with EUR/USD rate

shows that the volatility of EUR/USD rate may have an impact on the manufacturing returns.

Manuf sector - US rate

109 —— volatility Manuf

— Volatility Manuf with US rate

2000 2004 2008 2012 2016 2020

We can conclude from the GARCH model that the volatility of the EUR/USD rate may

have no impact on manufacturing returns.
5.1.4.3 The effect of the EUR/USD rate on the high-technology returns

GARCH model indicates that only the variance of the high-technology returns is
significantly affected by the model's parameters. Comparing the volatility of the high-
technology returns with and without EUR/USD rate, it appears that the volatility of the sector’s
return with the EUR/USD rate doesn't perfectly follow the red line, which suggests that the

EUR/USD rate may have no an impact on the high-technology returns.
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Therefore, we can conclude that the volatility of EUR/USD rate is not significant in our

model, and it may not affect the high-technology returns.
5.1.4.4 The effect of the EUR/USD on the healthcare returns

The GARCH model indicates that the volatility of healthcare returns is affected by the
EUR/USD rate, as the inclusion of the EUR/USD rate variable in the model improves its fit.

When comparing the volatility of healthcare returns with and without the EUR/USD
rate, we observe that the volatility of healthcare returns with the EUR/USD rate does not follow
exactly the expected pattern, indicating that the EUR/USD rate may have no impact on
healthcare returns.
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In conclusion, by considering the results of the GARCH model, We can see that the

volatility of EUR/USD rate may have an impact on the volatility of healthcare returns.

41



5.1.4.5 The effect of the EUR/USD rate on the other sector returns

The GARCH model indicates that the coefficients for alpha and beta are significant,
suggesting that the volatility of the data has an autoregressive and moving average component.
Moreover, the volatility of other sectors’ returns with the EUR/USD rate follows more or less
the red line, indicating that the volatility of the EUR/USD rate may have an impact on other
sectors’ returns. Thus, the volatility of the EUR/USD rate is significant in our model and may

have an impact on the volatility of other sectors’ returns.
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5.1.5 The relationship between dependent variables and interest rate

In this section, the purpose is to find whether there is a significative relationship on the
volatility between interest rate and the dependent variables. To do that, we use a SARIMAX
model. Then, we use a GARCH model to have an overview about the volatility. The GARCH
model takes the residuals of the SARIMAX model to calculate the results. Each graph
represents the conditional volatility of the dependent variables with interest rate and the

conditional volatility of each dependent variables.

5.1.5.1 The effect of the interest rate on consumer returns

Based on the GARCH model results, we can see that the alpha coefficient, which
represents the impact of past squared errors on current volatility, is statistically significant at
the 5% level. This indicates that there is some persistence in the volatility of consumer sector
returns. The beta coefficient, which represents the impact of past conditional variances on
current volatility, is also statistically significant at the 5% level, suggesting that past volatility

has an impact on current volatility.
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If we compare the volatility of consumer sector returns and the volatility of consumer
sector returns with interest rate, we can see that the volatility of consumer sector returns with
interest rate follows almost exactly the red line. This suggests that the volatility of the interest

rate may have an impact on the volatility of consumer sector returns.
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Overall, the GARCH model suggests that there is some persistence in the volatility of
consumer returns. Therefore, it is possible that the interest rate may have an impact on the

consumer returns.
5.1.5.2 The effect of the interest rate on the manufacturing returns

The GARCH model indicates that the coefficients for omega, alpha and beta are not
significant. But the volatility of the manufacturing sector return with the interest rate follows
the red line, indicating that the volatility of interest rate may have an impact on the volatility of
manufacturing returns. Thus, the volatility of the interest rate is not significant in our model.

So, the volatility of interest rate may not have an impact on the manufacturing returns.
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5.1.5.3 The effect of the interest rate on the high-technology returns

After analyzing the curves of the volatility of high-technology returns and the interest
rate, we can observe that the volatility of the high-technology sector returns with interest rate
follows more or less the exact path of the red line, indicating that the volatility of interest rate
may have an impact on the high-technology returns.

On the other hand, the GARCH model shows that the coefficients for the omega, alpha,
and beta parameters are 1.3668, 0.1032, and 0.8552, respectively, and the p-values for these
coefficients indicate that they are statistically significant at a significance level of 5%.
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Based on these results, we can conclude that the volatility of interest rate may have an

impact on the volatility of high-technology returns
5.1.5.4 The effect of the interest rate on the healthcare returns

After analyzing the curves of the volatility of healthcare returns and the interest rate, it

can be observed that there is no correlation between them. The volatility of healthcare returns
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with interest rate doesn't follow exactly the red line, which suggests that the volatility of interest

rate may have an impact on the healthcare returns.

Furthermore, the GARCH model was used to model the volatility of the healthcare
returns and found that the alpha and beta coefficients are positive and statistically significant.
This suggests that there is a persistent effect of shocks to the healthcare sector return and that

past volatility has a positive impact on current volatility.

In conclusion, the volatility of interest rate may have a significant impact on the

healthcare returns.
5.1.5.5 The effect of the interest rate on the other sector returns

On the other hand, the GARCH model results suggest that the interest rate has a
significant impact on the volatility of the other sector return. The coefficients for alpha and beta
are statistically significant at the 5% level (P<|t| = 0.036 and P<|t| = 2.559e-21, respectively),
indicating that past volatility and past shocks have a persistent effect on the current volatility
of the other sector return.

When comparing the volatility of the other sector returns with the interest rate to the
volatility of the other sector returns without the interest rate, we can observe that the former
follows almost the red line, suggesting that the volatility of interest rate may have an impact on

the volatility of other sector returns.
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Therefore, based on the GARCH model and the comparison of the volatility curves, we
can conclude that the volatility of interest rate may have a significant impact on the volatility

of other sectors’ returns.
5.1.6 The relationship between dependent variables and gold price rate

In this section, the purpose is to find if there is a significative relationship on volatility
between gold price rate and the dependent variables. To do that, we use a SARIMAX model.
Then, we use a GARCH model to have an overview about the volatility. The GARCH model
takes the residuals of the SARIMAX model to calculate the results. Each graph represents the
conditional volatility of the dependent variables with interest rate and the conditional volatility

of each dependent variables.
5.1.6.1 The effect of the gold price rate on the consumer returns

Regarding the GARCH model, the coefficients of omega, alpha and beta are all
significant at the 10% level, indicating that the model is well specified. The estimated
coefficient for alpha is positive, meaning that past squared error terms have a positive effect on
future volatility, while the estimated coefficient for beta is positive, indicating that past
conditional variances have a positive effect on future conditional variances. The GARCH model
has also helped us to capture the volatility clustering effect that is typical of financial time

series.
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Regarding the volatility of consumer returns with gold rate, we can see that it follows

almost exactly the red line, indicating that the volatility of the gold rate may have an impact on
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the consumer returns. This is further supported by the GARCH model results, which suggest
that past volatility and past squared errors may have a positive effect on future volatility,
indicating the presence of volatility clustering.

Overall, we can conclude that the gold price rate may have a significant impact on the

consumer returns.
5.1.6.2 The effect of the gold price rate on manufacturing returns

The GARCH model results show that the variance of the manufacturing sector's return
is influenced by its past values, as well as by the lagged values of the squared residuals. The
coefficients of the GARCH model suggest that the current variance of the manufacturing
sector's return is positively influenced by the past variance and the past squared residuals. The
alpha coefficient is also significant, indicating that the model has detected some volatility

clustering in manufacturing returns, but beta is not significant.
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The findings suggest that the manufacturing sector's return is influenced by its past

values and the lagged values of the squared residuals, indicating that volatility clustering is
present. However, the impact of the volatility of gold rate on the volatility of the manufacturing
returns may not be statistically significant. Therefore, it may not be accurate to conclude that

the gold rate may have significant impact on the manufacturing returns based on these results.
5.1.6.3 The effect of the gold price rate on the high-technology returns

The results of the GARCH model suggest that the volatility of the high-technology
returns is affected by past volatility and shocks to the system. The coefficient for the alpha
parameter, which measures the impact of past volatility on current volatility, is positive but not

statistically significant (p-value of 0.195), while the coefficient for the beta parameter, which
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measures the impact of shocks to the system on current volatility, is also positive and
statistically significant (p-value of 6.473e-22). Additionally, the omega parameter, which
measures the constant level of volatility, is positive but not statistically significant (p-value of
0.168).

When comparing the volatility of the high-technology returns with the gold price rate to
the volatility of the high-technology returns without the gold price rate, we can observe that the
former follows almost the red line, suggesting that the volatility of gold price rate may have an

impact on the volatility of high-technology returns.
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Overall, the findings suggest that while the volatility of gold price rate may not have a
direct impact on the returns of high-technology returns.

5.1.6.4 The effect of the gold price rate on the healthcare returns

The GARCH model suggests that the volatility of the gold price rate may not have an

impact on the healthcare sector, with a not significant coefficient for the beta parameter (0.5902,
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p<0.05). The model also estimates an omega parameter of 6.1592, indicating that there is some
volatility in the healthcare sector that cannot be explained by the volatility of gold price rate

alone.

When comparing the volatility of the healthcare returns with the gold price rate to the
volatility of the healthcare returns without the gold price rate, we can observe that the former
doesn’t follow the red line, suggesting that the volatility of gold price rate may have an impact

on the volatility of the healthcare returns.

In conclusion, the findings from the GARCH model provide evidence that the volatility

of gold price rate may have no significant impact on the healthcare returns.

5.1.6.5 The effect of the gold price rate on the other sector returns

The GARCH model results indicate that the volatility of gold rate variable has a
significant impact on the volatility of the other sector return. The coefficients of both the alpha
and beta terms are statistically significant, indicating that the past squared errors and past
volatility have a significant impact on the current volatility. Additionally, the omega coefficient,
which represents the constant term in the volatility equation, is positive but not statistically

significant at the conventional 0.05 level.
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When comparing the volatility of the healthcare returns with the gold price rate to the
volatility of the other sector returns without the gold price rate, we can observe that the former
follows the red line, suggesting that the volatility of gold price rate may have an impact on the

volatility of the other sector returns.
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In conclusion, GARCH model indicates that the volatility of gold price may have a

significant impact on the volatility of the other sector returns.

5.3 Forecast on the dependent variables by integrating the relevant

explicative variables.

The forecast has been made using the RNN model. The relevant macro-economic
indicators have been added to the forecast for each different sector. The prediction was made
from January 2023 to December 2025.

5.3.1 Forecast of the consumer returns

Our analysis has shown that the volatility of the inflation rate, the oil price rate, the rate
of economic policy uncertainty, the EUR/USD rate, the interest rate, and the gold price rate are

relevant to predict the return of consumer sector between January 2023 to December 2025.
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We can see that when we add all these indicators to the model, the prediction for the
return between January 2023 and December 2025 is very volatile until 2024. After 2024, the

returns look stable for the consumer sector.
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5.3.2 Forecast of the manufacturing returns

Through our analysis, we saw that the volatility of inflation, oil price, economic policy
uncertainty, EUR/USD, the interest rate, and the gold price are not relevant to predict the return
of the manufacturing sector between January 2023 to December 2025.
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We can see that by adding no indicators to the model, the prediction for the return
between January 2023 and December 2025 is very volatile until 2025. It seems that the year of
2024 for the manufacturing sector will have a negative return according to our prediction.

5.3.3 Forecast of the high-technology sector

Through our analysis, we have seen that the volatility of inflation, the oil price,

economic policy uncertainty and the interest rate, are relevant to predict the return of the high
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technology sector between January 2023 and December 2025. Unfortunately, the volatility of
the EUR/USD rate and the gold price rate are not significant to predict the return of high-
technology sector.

We can see that when we add all these indicators to the model, the return prediction
between January 2023 and December 2025 is very volatile until 2025. It seems that the year

2025 for the high-technology sector will have a positive return according to our prediction.

5.3.4 Forecast of the healthcare sector

Through our analysis, we have seen that the volatility of oil price rate, the EUR/USD
rate and the interest rate are relevant to predict the return of the healthcare sector between
January 2023 and December 2025. The volatility of the inflation rate, the rate of economic
policy uncertainty and the rate of the gold price rate are not added to the model prediction as

they are not relevant for the healthcare sector.
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We can see that when we add all these indicators to the model, the prediction for the
return between January 2023 and December 2025 is very volatile until 2025. The returns

increase and decrease during all the predicted periods.



5.3.5 Forecast of the other sector

Through our analysis, we have seen that inflation volatility, oil price, economic policy
uncertainty, EUR/USD, interest rate, and gold price are relevant to predict the return of the

other sector between January 2023 and December 2025.

Other sector return with exogenous variables
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We can see that when we add all these indicators to the model, the prediction for the
return between January 2023 and December 2025 is very volatile until 2025. Returns increase

and decrease in all the predicted periods.
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6. Conclusion

The conclusion of this research is that the volatility of macroeconomic indicators has a
real impact on the returns of certain economic sectors. These findings suggest that investors
should pay particular attention to fluctuations in these macroeconomic indicators when making

investment decisions related to these sectors.

We found that consumer sector returns are impacted by the volatility of the inflation rate,
the oil price rate, the rate of economic policy uncertainty, the gold price rate and finally by the
volatility of the interest rate. The significance of this indicator in relation to consumer returns
can be explained by the fact that the consumer sector is highly sensitive to changes in
commodity prices and that gold is often considered a safe haven asset in times of economic
uncertainty. Therefore, changes in the gold price rate may signal changes in the overall

economic environment, leading to changes in consumer sector returns.

In the manufacturing sector, we have seen some shocking results. None of the macro-
financial indicators are relevant to the impact of returns in this sector. Based on what we know,
the volatility of the inflation rate, the interest rate and the EUR/USD rate should normally have
an impact on manufacturing returns. Inflation can impact production costs, which can lead to
an increase in the cost of manufacturing goods. This increase in costs can lead to a decrease in
demand for goods, which can have a negative impact on manufacturing returns. In addition,
when interest rates rise, the cost of borrowing increases, which can lead to a decrease in business
investment and consumer spending. This can lead lower demand for manufactured goods,
which can have a negative impact on manufacturing returns. Finally, the EUR/USD is likely to
be significant as many manufacturing companies operate in several countries and rely on
international trade. Changes in exchange rates can impact the cost of importing raw materials
or exporting finished goods, which can affect the profitability of the manufacturing sector. We

have based our analysis on the results of our model, although the results are not satisfactory.

Then, we found that high-technology sector returns are impacted by the volatility of the
inflation rate, the oil price rate, the rate of economic policy uncertainty and finally by the
volatility of the interest rate. The volatility of the EUR/USD rate and the gold rate are not
significant on the returns of the high-technology sector. This can be explained by the fact that

the high-technology sector is often global in nature, meaning that companies in this sector have
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operations and sales in several countries. This international exposure can help mitigate the
impact of exchange rate fluctuations on their returns. While fluctuations in the EUR/USD rate
may affect the value of their foreign exchange contracts, the overall impact may be limited due

to the ability of companies to hedge against currency risk.

In terms of healthcare sector performance, we found that volatility in oil prices rate, the
EUR/USD rate and interest rates have an impact on the return of healthcare sector. The volatility
of inflation rate, economic policy uncertainty rate and gold price rate are not significant for the
return of healthcare sector. This could be explained by the fact that the healthcare sector is a
defensive sector, which means that it is less affected by economic cycles and market
fluctuations. Therefore, factors such as the inflation rate, the level of economic policy
uncertainty and the price of gold, which are more sensitive to market fluctuations, may not have

a significant impact on the healthcare sector's returns.

On the other hand, the healthcare sector is highly dependent on oil, which is used in
various medical products such as pharmaceuticals and medical devices. Therefore, the volatility
of oil price rate can have an impact on the returns of the healthcare sector. Additionally, the
healthcare sector is often subject to international trade and cross-border transactions, which
makes it more sensitive to exchange rate fluctuations such as the EUR/USD rate. Finally, the
healthcare sector is also affected by interest rate movements, as changes in interest rates can

affect the cost of borrowing for healthcare companies and influence their investment decisions.

Finally, we found that the return of other sector is affected by the volatility of the volatility
of inflation rate, the oil price rate, the economic policy uncertainty rate, the EUR/USD rate, the
interest rate, and the gold price rate. The return of the other sectors includes all sectors expect
the consumer sector, the manufacturing sector, the high-technology sector, and the healthcare
sector. This could be due to the diversity of industries and companies that make up this sector.
Volatility in inflation, oil prices, economic policy uncertainty, the EUR/USD rate, interest rates,
and the price of gold can all affect the various companies in this sector differently, leading to
an overall impact on the sector's returns. In addition, the "other"” sector may include companies
that are particularly sensitive to changes in multiple macroeconomic factors, which may further

explain why a wide range of indicators have an impact on returns of this sector.

To conclude this research, we are aware that the predictions that have been made are only

predictions and that other economic factors than those used may change them. Furthermore, we
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have selected only 6 macroeconomic indicators that we believe are the most best-known and
most relevant to our research, but we are aware that there are others that could also have an
impact on our results. Finally, the model we used is used to model volatility, but it sometimes
gave us results that were not significant when they should normally have been. We have applied

the results of the model to the letter for the sake of consistency.

**k*
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7.

Annexes

7.1 Dependent and Independent Variables (Graphs)

7.1.1 Correlogram of dependent variables

7.1.1.1 Consumer sector

Consumer sector
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7.1.1.2 Manufacturing sector

Manufacturing sector

Probability Plot
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7.1.1.3 High-technology sector
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7.1.1.4 Healthcare sector

Healthcare sector

Probability Plot
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7.1.2 Correlogram of independent variables

7.1.2.1 Inflation rate

Inflation
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7.1.2.3 Economy policy uncertainty rate

EPU rate
Probability Plot
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7.1.2.5 Interest rate

Interest rate

Probability Plot
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7.1.3 Standardized residuals of dependent variables

7.1.3.1 Consumer sector
Consumer Sector

0.12 1 — standardized residuals
—— normal
0.10
0.08 -
£
"
§ 0.06

—20 =15 =10 =5 0 > 10 15 20
7.1.3.2 Manufacturing sector

Manufacturing Sector

— standardized residuals
0.12 — normal

0.10 A

0.08 A

Density

0.06

0.02 A

0.00

7.1.3.3 High-technology sector

High Technology Sector
o104l standardized residuals
— narmal
0.08 1
2 0.06

7.1.3.4 Healthcare sector

63



Density

Healthcare Sector

0.12 4 —— standardized residuals
= normal

0.10 A

0.08 -

0.06

-15 -10 -5 o 5 10 15

7.1.3.5 Other sector
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7.1.4 Standardized residuals of independent variables
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8.1.4.2 Oil rate
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7.1.4.5 Interest rate

Interest rate
5 F
—— standardized residuals
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7.1.5 Volatility of dependent variables
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7.1.5.2 Manufacturing sector
Manufacturing Sector
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7.1.5.3 High-technology sector
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7.1.5.5 Other sector
Other Sector

—— Volatility
——— Monthly return
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7.1.6 Volatility of independent variables
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7.1.6.3 Economy policy uncertainty rate
Economic policy uncertainty rate
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7.1.6.6 gold rate
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7.2 S-ARIMA and GARCH models (Results)

7.2.1 Independent variables

7.2.1.1 Consumer sector - Inflation rate

G

Mone
Mean Model Zero Mean
Wol Model: GAaRCH

Distributiomn: Mormal

Method: Maximum Likelihood
Date: Thu, May 11 282=
Time: AT @2 :&1

Wolatili

RCH Model Results
R-sguared: 2.aaa9
Adi. R-sguared: (=== 8
Log-Likelihood: -F1s.393a
ATz 14385 .78
BIC - 1449 =8
Mo. ODbservetions: 253
D+ Residuals: 253
D Model: @

£y

Model

omega S .8535 1.4a432
alphal[l] 8.1842 7F.248e-02
betall] 2 .819s 2.1aa

2.4564 1.372e-82 [ @.748, &.550]
2.514 8.958e-83 [4.68F7=-82, @.322]
5.847 [ @.a12,

@._.827]

Model SARTMAN(Z, @&, 2ix(
Date: Th
Time:

Sample:

=e
2, 1, [1J, 1=} Log kelihood
w, A1 May 2823 ATC
aF -az:al BIC
al-al-2aal HQTIC

B1-281-2a22

CPI_Rate_Simple_Return -161l .. 8382
ar.Ll —-28.547F38
ar.LZ —2.9499
ma. Ll 2.56153
ma. L2 2 .99587

ASS .@a7F -1.239 3. 290 =T =
@ . a3l -A7 .98l (== =t -2 .58
@ .asa -31.577 (== =t -1 .28%
(=g = Bt 14.361 (== 1=t 2.535
@ . 1es @ .155 (== =t 2.7FE3

Liung-Box {L1Y Q)
Pro{Q} :

Heteroskedasticity (HD:
ProolfH) {two-sided):

@32 Jargus-Bera (I8
& .57 Prob{JdEY:
1.7a Shkew -

Ih@®® |

TSR
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7.2.2.2 Consumer sector - Oil rate

Dep. YWariable: Mone R-sguared: (=g o=t ]
Mean Model: Zero Mean adj. R-sguared: = .aag
wol Model: GAaRCH Log-Likelihood: -7F15.217
Distributiom: Normal aTC: 1436 .43
Method = Maximum Likelihood BIC: 1447 .84

Mo. Obserwvations: 253
Drate: Thu, May 11 2823 D Residuals: 253
Time: a5:45: 14 D Model: a

volatility Model

-7.@95, 12.481]
-@.178, @.419]

I19=-@2, 1.531]
SARIMAX Results
p. VWariable: Cnsmr Mo. Observations 253
Model : SARIMAN(2, @, 2)x(@, 1, [11, 12) Log Likelihood -683.492
Drate: Thu, 11 May 2823 ATC 13568 .954
Time: 25 :45: 15 BIC 14a5 .3278
Sample: al-al-z2aal HQIC 139a.812
- al-gl1-2a23
Cowvariance Tyvpe opg
coef std err P>|=z| [2.825 @.373]
OIL_Rate_Simple_Return 5 .7a65 1.371 4,164 2. aga 3.82a 8.393
ar.Ll -2.89z2a a.als -5.8611 a2 .asa -@.124 -2 .asa
ar.L2 -8.9932 @.all -92.327 @ . a -1.814 -2 .972
ma.Ll 8.8527 @.a24 2.583 a.ala 2.a15 a.11a
ma. L2 B.9937 @.a59 16. 7668 2. aga 2.878 1.131a
ma.5.L12 -2.9981
sigma2 14 .38842
Lijung-Box {L1)Y {Q): a.ea Jarguse-Bera (JB): 21.82
Prob(Q): @.95 2.8
Heteroskedasticity (H): 1.53 —@.a1
Prob(H)Y {(two-sided): a.96 o, a7

Dep. Wariable Mone -sguared : @ . aaa
Mean Model: Zerao Mean Add. R-sguared: & . aag
Wol Model: GARCH Log-Likelihood: -7a7.586
Distribution: Normal ATC: 1421 .81
Method: Maximum Likelihood BIC: 1431 .51

Mo. Observaetions: 253
Date: Thu, May 11 2823 O Residuals: 2532
Time: 11:24:28 D+ Model: a

Wolatility

omega 2.4225 AL.922 1.26 a8.2a88 [ -1.=3449, S.189]
alphal[l] @.11a7v 5.990=-22 1.863 6.248e-82 [-5.735=-23, @.227]
betall] @. 74495 @.14a7F 5.a55 4.2953=-a7 L a.456, 1.833]

Cowvariance estimator: robust

SARTIMAX Results
Dep. Wariable Cnsmr Mo. Observations: 253
Model : SARIMAX(Z2, @, 2)=(@, 1, [11, 12) Log Likelihood -679.158
Date: Thu, 11 May 2823 SIC 1372 .317
Time: 11:24:89 BIC 1396 .71a
Sample: 2l-al-2aal HQTC 1382 .145
- 21-81-2a822
Cowvariance Type opE
coef std err z = | [@.825 @.29757]
EPU_Rate_Simple_Return -2.8117 2. 58g -3.988 2. asa -S.aaa -l1.az23
ar.Ll -&.a359 2826 -3.379 a.aal -@.141 -@a.a37
-36G.795 2 .aoa -1.822 -a.919
2. e2a a.356 -@.a3ss a.las
A17.431 2. asa a.541 1.a8543
-3.881 2. asa -1.478 -a.455
4,588 a.a 8.173 2a.38s8
Lijung-Box (L1} {Q) a.2a Jargue-Bera (JB) 25,13
Prob{Q): a.a8 Prob{JBE}: @ .28
Heteroskedasticity (H): 1.71 Shosw s -@. 31
Prob(H)} {(two-sided): a.az Kurtosis 4,50
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7.2.2.4 Consumer sector - EUR/USD rate

Mone R-sguared: 2.298a

Mean Model: Zero Mean Add. R-sguared: 2.aa9
Wol Model: GAaRCH Log-Likelihood: -7F13 .44
Distribution: Mormal ATC: L4352 .98
Method: Maximum Likelihnood BIC: 1443 .5@
Mo. Obserwvations: Z53=

Date: Thu, May 11 2823 O Residuals: 253
Tadme: 12:48: 28 D Model: L=

wolatility Model

omsgs 3 .8987 1.415 2.755 5.869<=-23 L 1.125, 6.672]
alphal[l] 2.2a57 F.991e-22 2.5743 1.225c-22 [4.9262-22, a.3s2]
betall] 2.582% a.l1aa 5.518 Z2.431le-28 L FBo]

Model SARIMAN(Z2, &, 2¥<(2, 1, [1], 12} Log
Date: Thu, 11 May 2823 ATC
Time: 12:48:27 BIC
Sample: al-gl-2aal HQIC

- B1l-81-2az2

1384 .433
1425 . S27
1399 . 261

-a.5399 a.a3a

ar.L2 -2 .9534 a.a33 —-29.3386 a.eas -—1.a17
ma . L1 a2.ael3a a.12s 42 .873 a.eas a.366
ma. L2 a.9938 a.39s Z2.52= a.al12 a.22=
ma.S5S. L1z

sigma?

Jargus-Bera (J1B)

Liung-Box a2 .59
Prob{Q): 2.4z Prob{JdBE}:
Heteroskedasticity (H): 1.55 Sk o

Model Resulis

R-sguared: 2.

i p ool

Dep. Variable: Mone
Me=an Model: Zero Mean Add. R-sguared: @ .aag
wiol Model: GARCH Log-Likelihood: -715.132
Distribution: Mormal ATC: 1458 .26
Method: Maximum Likelihood BIC: 1448 .36
Mo. Obserwvations: 253
Date: Thu, May 11 2823 O Residuals: 253
Time: 1=3:54: 28 D Model: a

Volatility Model

omega I3.2494 2.41a 1.348 2.17& [ -1.47=2, F.972]
alphal[l] 2.1343 F.138e-02 1.883 5.967e-02 [-5.474=-a3, @.274]
betal[l]

2.58853

p. Variable: Cnsmr Mo. Obser
Model SARIMAX(2, &, 2)=(©, 1, [11, 12} Log Likelihood
Date: Thu, 11 May 22823 ATC
Time: 13:54: 28 BIC
Sample: al-al-z2aal HQTC

- B8l-8l-2222

1387 .377
1411 .77
1397 . 284

Interest_Rate_Simple Return 2.41588 L e L= =0 el @.357
ar.L1l -2 .8398 a.a2a -4 .583 a.aca
ar.L2 -2 .9893 a.814 -7Z2.939 a.aca
ma.lLl &2 .8549 a.829 1.883 a.asa
ma.lL2 B.93839 a.842 23 .478 a.aca

-12Z.859 a.aca

Jargue-Bera

Ljung-Box (L1} {Q a.849 {IB):
Prob(Q): @.36 Prob{JBE}:
Heteroskedasticity (H): 1.69 Shoaw

Prob(H)} {(two-sided)}: a2 Kurtosis

-1.843
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7.2.2.6 Consumer sector - gold rate

Zero Mean - GARCH Model Resulits

Dep. Variable

Mone R-sguare (=g [t ]

Mean Model: Zero Mean adf. R-sguared: =@ .aag
Wol Model: GARCH Log-Likelihood: -7F21.688
Distributiomn: Mormal ATC: 1449 .36
Method: Maximum Likelihood BIC: 1459 .96
Mo. Obserwvations: 253

Date: Thu, May 11 28023 D Residuals: 253
Time: 14:47:32 D+ Model: @

Volatility Model

omegs 3.2985 A.7I6 1.836 6.532e-02 L - &@.222, s.5828]
alphall] 2 .1547 F.833e-22 2.158 2.295e-22 [1.5@9e-a2, @a.314]

betal[l] 8.56553 2.135 4 . Sada 7.567e-a7F C @.4a82, a.929]

esul
p. Variable: Cnsmr Mo. Observations:
Model : SARIMAN(Z, @, 2ix(@, 1, [1], 12) Log Likelihood
Date: Thu, 11 May 2223 ATC
Time: 14:47:32 BIC
Sample: 21-8l1-2aal HQTIC

- @l1-8l1l-22822

Gold_Rate_Simple_Return -332.7256 257 .248 -1.245 @.21= -858.522 191 .871
ar.Ll 2.2529 1.e99 a.z3a 2.318 -1.9a91 2.4a97
2.853 a.689 [t = -1.854 2.261
1.a988 -@2.183 2.855 -2.332 1.935
@2 .7938 -a.75a @, 4A55 -2.162 9 .965
@.1a3 -9 .188 @2 . 228 -1.1494 -2.739
1.5a9 11.174 @2 . 228 13 .9a2 1<.817
a.e2 Jarque-Bera (JB): 24 .a7
Prob () : @.89 Prob{JB}: 2 .28
Heteroskedasticity (H): 1.76 Shew: -3.22
k=] 4,48

Proo(H) {two-sided) @1 Kurtosis

7.2.1.7 Manufacturing sector - Inflation rate

Zero Mean - GARCH Model Resul

R-sguared: & . aea

]
i
ki
[N
a
o
ol
1]
o]
=]
m

Mean Model: Zerao Mean Add. R-sguared: &2 . aag
Vol Model: GARCH Log-Likelihood: -753.958
Distribution: Mormal ATC: 1513 .92
Method: Maximum Likelihood BIC: 1524 .52

Mo. Cbservaetions: 253
Date: Thu, May 11 2823 O Residuals: 253
Time: av:a2:86 D Model: a

Wolatility Model

omegs 5.9792 7.936 2.753 8.451 [ -2.576, 21.534]
alpha[1] ©.1742 @.113 1.536 ©.125 [-4.813=-82, @.397]

betall] 2.5817 @408 1.453 2.14a [ —e.z2a832, 1.366]

Covariance estimator: robust

SARIMAX Results
p. Wariable: Manuf Mo. Observations
Model : SARIMAX(Z, @, 2)x(@, 1, [11, 12) Log Likelihood
Date: Thu, 11 May 2223 ATC
Time: aF:@2:87 BIC
Sample: al-al-z2a2al HQIC

- Bl-8l-2az22

CPI_Rate_Simple_Return -128.7138 277 .883 -3, 263 -873.353 415 .927
ar.L1 -@.2185 8.6432 -3, 348 -1.478 1.241
ar.L2 @2 . 518 a.74aq a2.886 -@.948 1.958
a.2555 a.671 2.381 -1.85a 1.571
-@ . 34475 a.77T -@.57a8 -1.985 1.83a
-1 . 2caa 2. T7e+24a -3.581le-a5 -5 .45=+83 5 .43=+84
28.9773 5.82e+85 3.61le-a5 -1.14=+85 1.1d4=+86
a.a1 Jargue-Bera H 6568.58
Prob Q) : @.93 Prob{JB}: 2.8
Heteroskedasticity (H): 1.53 Shosw: -@.83
a.ea Kurtosis 5.29

Prob(H) {(two-sided)
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7.2.2.8 Manufacturing sector - Oil rate

Zero Mean

guared : [=p=l=te]

-5 B

Mean Model: Zero Mean Aadi. R-sguared: B asg
Wol Model: GARCH Log-Likelihood: -735.999
Distribution: MNormal ATC: 1484 .83
Method: Maximum Likelihood BIC: 1494, 58

Mo. Obserwvations: 253
Date: Thu, May 11 22aA23 O Residuals: 253
Time: a5:45: 18 D Model: @

Wolatility Model

omegs 7 .a7@s 5.485 1.152 @.240 [ -5.24@, 2@.181]
alpha[1] a.2a92 a.1e2 2.842 £4.119%=-82 [5.3552-83, @.413]

betall] @ .4447 a.342 1.299 2.194 [ -&.225, 1.11&]

Cowvariance estimator: robust

SARIMAX Results
p. Varizble: Manuf Mo. Observations: 253
Model: SARIMAM(2, @, 2)x(@, 1, [11, 12) Log Likelihood -T@E.155
Date: Thu, 11 May 2823 ATC 1438 .31
Time: as5:45: 19 BIC 1454 . 7@z
Sample: al-al-2aal HQIC 1448 . 135

- Bl-8l1-2a322

ar.L1 1.3796 a.a46 Ia.199 2. aca 1.29a 1.46%
ar.L2 -@.85815 a.asz —2a.759 . aca -@.943 —-a.rFaa
ma. L1l -1.525@ a.129 -11.819 2.aca -1.778 -1.272
ma.L2 8.9978 @.1585 &.851 2. aca a@.875 1.321
ma.5.L12 —-@.9995 12.857 -@.878 a8.938 -26.198 24 199

sigma2 17.7328 227 .814 @.a7s8 28.938 -427 . 286 A2 671

Liung-Box 1 2

Prob{Q): a.2a .

Heteroskedasticity (H): 1.18 Shosw -@. 22
2 .47 : Sa

Prob(H)} {two-sided

7.2.2.9 Manufacturing sector - Economy policy uncertainty rate

Zero Mean - GARCH Model Results

Dep. YWariable: Mone R-sguared: 2 .2aa
Mean Model: Zero Mean Add . R-=guared: 2.88a
Vol Model: GARCH Log-Likelihood: -749.956
Distribution: Mormal ATC: 1585.93
Method: Maximum Likelihood BIC: 1516.53

Mo . Obserwvaetions: 253
Date: Thu, Mayw 11 2823 O Residuals: 253
Time: 11 :248: @5 D+F Model: a

Wolatility Model
T

omega 18.1@77F 9 .554 1.893 5.832=-22 [ -&.5838, 26.853]
alphal[1] 2.21a2 2.1es6 1.976 A.816e-@2 [1.699=-83, a.419]

Fe-18 [ -®.795, @.795]

ManuF Mo. Observations 253

Model : SARIMAX(2, @, 2¥x(e, 1, [1], 123 Log Likelihood -F22.855

Date: Thu, 11 May 2023 ATC 1458 . 189

Time: 11:24:86 BIC 1482 .5a83

Sample: 21-a8l1-2aal HQTC 1457 . 937
- 81-a81-2a22

Cowvariance Typoe: opE

EPU_Rate Simple Return -1.8128 2.545 -3.326 a.aal —-2.5882 -3 .74
ar.L1 -@.a2ils B.7F16 -a.a3a a.976 -1.425 1.382
ar.L2 2.5258 &.715 L= I L 2 .4953 -a2.877 1.927F
1.482
a.991
67 .525
1398 .736
L= =] Jargus-Bera {(JB): B .27
@.23 Prob{1BY}: .2
Heteroskedasticity (H)»: 1.4a (=
aL.13 .

Proo(H} {(two-sided):
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7.2.2.10 Manufacturing sector - EUR/USD rate

Zero Mean - GARCH Model Results

Dep. Variable: Hone R-sguared = .aaa
Mean Model: Zero Mean AdF . R-sguared: =2 .a0g
Vol Model: GaRCH Log-Likelihood: -FS5L1.928
Distributiomn: Normal ATC: 1589 . 86
Method: Maximum Likelihood BIC: 152 .46
Mo. Obserwations: 253
Date: Thu, May 11 2&@23 D+ Residuals: 253
Time: 12:48:29 D+ Model: @
Volatility Modesl
coef std err t P>t 95 Conf. Int.
omega 5 .4548 12.9585 L= e 2.673 [-19.947, Z8.5875]
alphal[l]l B.1662 2.137 1.215 2.224 [ -@.182, 6.434]
918 (5} - 685,

betall] =

SARTMAX Results
p. Wariable: Mamu+ Mo. Observations 253
Model: SARIMAX(Z2, @, 2)Ix(8, 1, [11, 12) Log Likelihood -F28.7a9
Date: Thu, 11 Mawy 2823 ATC 1455 .417
Time: 12:345:35a BIC 1479 . 811
Sample: al-al-2a2al HQIC 1455 . 245
- Bl1-8l1-2a822
Cowvariance Type: oOpE
coe+ std err z P=lz| [@.az25 @.975]
US_Rate_Simple_Return 46 .5257 11 .5498 S .9949 a2 . eas 2F.895 89,355
ar.L1l -2 .2Z2158 1.81%9 -8.133 a2 .59a -3 .389 2.957
ar.L2 a . Fa4e7 1.563 2.474 a.83s -2.322 Z.804
ma. Ll @ . 2489 1.881 @.145 2.3682 -Z.a45 F.545
ma. L2 -2 . 7457 1.2 -2.451 a.545 -Z.922 2.429
ma.S5.L12 -2 .59992 ¥.558 -—8.132 a.395 -1%.889 13.811
@ .3a5 -271.924 311.357
Lijung-Box (L1} {Q): a.26 Jargus-Bera {(JB): aAF . 1S
Prob () : a.s1 Prob{JB) [ =2 ]
Heteroskedasticity (H): 1.37 Shkoew -&.51
Prob{H)} {(two-sided)

: 9 .aaa

el
i
|
Fe il
o
ool
Holl
m
5]
=1
m

R-sguare
Mean Model: Zero Mean Add . R-sguared: & . aaa
Vol Model: GARCH Log-Likelihood: -753.598
Distribution: Mormal ATC: 1513 .2a
Method: Maximum Likelihood BIC: 1523 .82
Mo. Observetions: 253
Date: Thu, May 11 2823 ¥ Residuals: 253
Time: 13:54: 31 D+ Model: a
Wolstility Model
coef std err P>t o5. Conf. Int.
omega 5 .8345 F.758 B.ITG a2.436 [ -2.155, 21.224]
1.575 2.115 [-4.529=-a82, 2.418]
1 7

8.148 [ -@.202, 1.

Cowvariance estimastor: robust

Manu+ MNo. Observations: 253

SARIMAN(Z2, @, 2)x(®, 1, [11, 12) Log Likelihood -T26.622
Thu, 11 May 2223 ALC 1457 . 245

153:54:352 BIC 1491 . 639

al1-al-zaal HQIC 1477 .a7F3

- @l-g@l-2az22

Interest_Rate_Simple_Return -3 .9137 1.819 -8 .395 1.a34
ar.L1 -8. 2845 a2.618 -2.331 1.aa7
2 .43867 a2.6386 a2.7ag 1.832
8.2521 a2.658 2.383 1.541

-8 . 4863 a.722 -2.563 1.8as
-8 .9997 1S .a34 -2.a53 36386
2@ .9241 397 .376 a.853 T99 _TFeTF

Lijung-Box (L1} Jarguese-Bera

L= ]
Prob{Q): @.95 Prob{JB}:
Heteroskedasticity (H): 1.49 Skew:
Proo(H) {(two-sided) .88
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7.2.2.12 Manufacturing sector - gold rate

Zero Mean - GARCH Model Results

Dep . Mone R-sguared:
Mean Model: Zero Meamn Add. R-sguared: 2,884
Wol Model: GARCH Log-Likelihood: -F52.162
Distribution: FMormal ATC: 151a.32
Method: Maximum Likelihood BIC: 152&.92
Mo. Cbservations: 253
Date: Thu, May 11 Z823 D Residuals: 253
Time: 14:47:36 D+ Model: @

Volatility Model

omega 7.6828 7 .485 1.826 B.305 [ -6.987, 22.352]
alphal[1] @.2167 2.11@ 1.974 4.835e-@2 [1.575e-83, 8.432]

IS2 1.2594 2.196 [ -&.241, 1

servatio
Model: SARIMAN(Z, @, 2)=(@, 1, [11, 12} Lo kelihood -725.871
Date: Thu, 11 May 2823 ATIC 1455 . 742
Time: 14:47:356 BIC 1498 . 138
Sample: al-al-2a2al HQIC 1475 .57a

- 81-gl1-2822

Gold_Rate_ Simple_Return 324 .45354 282.858 1.15% @.247 -224.451 873.357
ar.Ll 1.7487 @.121 14 .49449 @ . a8 1.51a@ A1.954
-2.9288 2.11a -8.326 2. 228 -1.137 -@.7a3
-1.719a @.117 -14.6547 2. 228 -1.94% -1.489
2.9112 @ . 183 &.771 @ . a8 @ . Tas 1.115
-1 .288a3 a2 .268 -14 . 652 [=c s o -1.1324 -8 .866
21.3955 (=] 2. 21 .423
Liung-Box (L1} {Q): a.a7 Jargue-Bera {(JIB): 57 .83
Prob{Q): @.79 Prob{J1B}: [=JN=2x ]
Heteroskedasticity (H): 1.4a7 Skew: -2 .64
Probi{H} {(two-=sided)} (== =] Kurtosis S.26
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7.2.1.13 High-technology sector - Inflation rate

Zero Mean - GARCH Model Results

p.- WVariable: Mone R-sguared: a2 . asa
Me=an Model Tero Meamnm AdS . R-sguared: 2. a8a
wiol Model: SaRCH Log-Likelihood: -SaF.S12
Distribution: Mormal ATC = AE21 .82
Method: Maximum Likelihood BIC = AGI1 .52
Mo. Obserwvetions: 5=

Dates Thu, May 11 Z2a23F D+ Residuals: P
Tidme: as:45: 21 D+ Model: L=l

Wolastility Model

Observations:

. HiTec Mo .
Model : SARIMAX(2, &, 2)=(&, 1, [11, 123 Log Likelihood
Date: Thu, 11 May 2823 ATIC
Time: 54522 BIC
Sample: al-al1-2aal HQTIC

21 -21-2a2F

Jargus-Bera {J1B):
FProb{JE} :

Liung-Box (L1}
Proo0(Q) :

Q=

Heteroskedasticity (H):
ProofH}) {(two-sided):
7.2.2.14 High-technology

Dep. Variable: Mone R-sguared:
Mean Model: Zera Mean Add. R-sguared: =2 .88
Vol Model: GARCH Log-Likelihood: -813.342
Distribution: Mormal ATC: 1632.68
Method: Maximum Likelihood BIC: 1643 .28
Mo. Observetions: 253

Date: Thu, May 11 2@23 DF Residuals: 253
Time: av:a8z2:a9 D Model: @

Volatility Model

coef std err
[=1yat=F =41 1.3338 2.863 1.545 a2.122 [ - &.357, 3.825]
alpha[1l] 2.1885 &.845=-@2 1.467 @.142 [-2.372e-82, @.235]
betal[l] &2.8587 7 .358=-02 11 .&87a 1.817=-31 C 2,714, 1.aa3]
Cowvariance estimator: robust
Dep. Varisble: HiTec Mo. Observations 253
Model SARIMAX(Z2, @, 2)x(@, 1, [11, 12) Log Likelihood 779 .997
Date: Thu, 11 May 2223 ATC 1573 .993
Time: aFazz:as BIC 1598. 387
Sample: al-al-2aa8l HQIC 1583 .821
- @al-8l1-2az22

Cowvariance Type: opg

coef std err z P>z [e.225 @.975]
CPI_Rate_Simple_ Return -258.7484 268 .728 -@.992 2,327 -7e9.756 252 . 269
ar.L1l 2.8133 2.1532 @.as7 B.938 -8.286 @.312
ar.L2 2.535584 @.154 5.575 .2 2.557 1.15a
ma.lLl @.a471 a.738 a2.a59 @.953 -1.517 1.511
ma.LlL2 -2.9528 a. 79 -1l.z2a5 2. 225 —-2.589 a.598
ma.5.L12 -@.7545 @.a59 -12.785 .2 -@.87a -3 .639
sigma2 35 .6848 27 .614 1.292 . 196 -15.437 59 . 587
Lijung-Box {L1)} {Q) @.13 Jargue-Bera ({JB) 19.43
Prob Q) : a.7FZz Prob{JB}: 9. 08
Heteroskedasticity (H): a.57 Shkosw —-@ ., 59
Proo(H) {(two-sided): a.81 3.74
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7.2.2.15 High-technology sector - Economy policy uncertainty rate

Zera Mean

GARCH Model Results

FMone R-sguared 2 .83

Mean Model Zera Mean Adf. R-sguared: (== D=2 3
Vol Modeld: SaRCH Log-Likelihood: -Sa5 .52
Distribution: Mormal ATC: 1613 .65
Method: Maximum Likelihood BIC: LG22 .25
Mo. Obserwations: 253

Date: Thu, May A1 2823 D Residuals: Z253
Time: 11:Z29:a@9 D+ Moddel: @

p- wWar HiTec MNMo. Obserwvations:
Model : SARIMAX(Z, @, Z2)x(&, 1, [1T, 1237 Log Likelihood
Cate: Thu, 11 May 2E23 AT
Timez 11:22: a9 BIC
Sample: 2l-al-zZaal HQTITC

EFL_Rate Simple Retuwurn
ar.L1l

Dep. Wariasble: Mone R-sguared: -
Mean Model: Zero Mean Add. R-sguared: @ .aaq
Wol Model: GARCH Log-Likelihood: -8@7F .729
Distribution: Mormal ATC: 1521 .46
Method: Maximum Likelihood BIC: 1632 .86
Mo. Obserwvations: 253
Date: Thu, May 11 2823 O Residuals: 253
Time: 12:48:35 D Model: a
Wolatil 1

Mode

omega 1.8411 a.597 1.743 B8.126=-82 [ -@.120, 2.212]
alpha[1] 8.68726 &.849=-02 1.288 ©.238 [-4.505=-02, ©.191]
betal[l] 8.8082 &.461le-02 3.464e-43 [ @.764, 1.817]

=1 29
1 Prob{ 1B} : . @a
= Skew -2.55
= Kurt <

sul
Dep. Wariasble: HiTec Mo. Observations
Model : SARIMAX(2, @, 2)x(®, 1, [1]1, 12} Log Likelihood
Date: Thu, 11 May 2823 ATC
Time: 12:48:36 BIC
Sample: al-al-2a2a8l1 HQTIC

al-al-2a822

-F¥3.865
156a . 131
1584 .524
1569 .958

UsS_Rate_ Simple_Return 36 .6355 13,344 2.748
ar.Ll -1.7888 a.azs -69.331
ar.L2 -3 .9585% a2 .a825 -35.65642
ma.lLl 1.8437 2.a878 24.1a1
ma.lL2 2.9916 2.a878 12.685
ma.5.L12 -2 .82849 2 .25a -12.751
i S .42
Liung-Box @.a1 Jargus-Be
Prob{Q): @.92 Prob{JBE}:
Heteroskedasticity (H): @.5a Shosw
Prob(H) {two-sided): 2.2 Kurt
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7.2.2.17 High-technology sector - Interest rate

GARCH

Zero Mean -

Dep. Wariable Mone
Mean Model: Lero Mean
Wol Model: GaRCH

Distribution: Mormal

Method: Maximum Likelihood
Date: Thu, May 11 2823
Time: 13:54:33

Model Results

R-sguared: (===t ]
AdF. R-sguared: 2. aeg
Log-Likelihood: -813.858
ATz A1632.12
BIC: 15642 .72
Mo. Obserwvations: 253
O Residuals: 253
D Model: a

omegs 1.3568 @.971 1.a87 @.159 [ -@.537, 3.271]
alpha[1] 2.1832 7.797=-02 1.324 2.186 [-4.968=-@2, G.256]
betal[l] ©.8552 S2.578=-82 o.979 1. e.687, 1.823]

885e-23 r

Model SARIMAX (2, @, 2ix(8,
Date: Thu
Time:

Sample:

Obser
1, [11. 12> Log Likelihood -FFL.T3I0
11 May 2823 ATC 1573 .459
15:54:3549 BIC 1597 . 853
al-al-2aal HQTIC 1583 . 287

- Bl-al-2az22

Interest_Rate_Simple_Return -2 .5844
ar.L1 a2.8227
ar.L2 a2 . 8541
ma.lLl a.841s
ma.lL2 -8.9575
ma.5S.L12 -2.7838

L. Zea -a.57a 8.569 -3.@a37
2.155 a.14a7 28.883 —-a. 258
2,136 5.928 2 .22 2.578
o .54 a.ed9 28.961 -1.613
2.818 -1.171 a.242 -2.55a
2.a5o -12.963 2 .20 -2.879%

Heteroskedasticity (H):
Probi{H} {(two-sided}:

7.2.2.18 High-technology sector - gold rate

Zero Mean -

Dep .

Mone
Mean Model: Zero Mean
Wol Model: GARCH
Distribution: Mormal

Method: Maximum Likelihood
Date: Thu, May 11 2823
Time: d12:47 21

GARCH

Model Results

R-sguared: @ ..aaa
Adj. R-sguared: . aag
Log-Likelihood: -813.354
ATC: 1632.73
BIC: 1643 .33
Mo. Cbservations: 253
D Residuals: 253
D Model: @

Wolatility Model

8.002e-22

betal1] e 2.877=-@2

a.688, 1.

6.473e-22 L

SARIMAX Res

HiTec

Model SARIMAX(Z2, @, 2)x(®, 1, [1], 12)

Date: Thu, 11 May 2823 ATC
Time: 14:47:42 BIC
Sample: al-al-2a8l HQIC

- 2l-8l-2az22

Gold_Rate_Simple_ Return -18.9735
ar.L1 2.a192
ar.L2 2.85649
ma.Ll 2. a428
ma.L2 -2.9572
ma.S.L12 -32.75623
sigma2 35.5555

Heteroskedasticity (H):
Prob(H) {(two-sided):

282 .298 -3 .as87 @ . 9495 -572.268
@.148 a.138 2.598 -2.254
2.13 6.519 @ . 208 2 .5a5
2.179 a.239 2.811 -2 .3a9
2.135 -F.a31 @ . 208 -1.224
2.859 -12.956 @ . 208 -2.878
2. 225 F278A.352 @ . 208 35.547

a2.a7

a2.79

a.56 Shkew: -2 .56

a.al Kurtosis 3.7a
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7.2.1.19 Healthcare sector - Inflation rate

Variable: MNone
Mean Model: Zerao Mean
Wol Model: GAaRCH

Distribution: Mormal

Method: Maximum Likelihood
Date: Thu, May 11 2823
Time: BF:@2:13

UDlEtlllt}

R-sguared:

AdF. R-sguared: [ c
Log-Likelihnhood: -F25.817F
AT 194653 .63
BIC: 1474 .23
Mo. Cbserwvations: 253
D+ Residuals: 253
D+ Model: a2

Model

omegs 5. 2683 5.555 1.125 2 .251 [ 4.647, 17.168]
alphal[l] 2.a812 5.276e-a2 1.539 2.124 [-2.219=-22, @.185]
betall] 2.5837 &.322 -2 1. 214]

Rl
Model: SARIMSX(Z2, @, 2Z)xie,
Date: Thiu ,
Time:
Sample:

[-4.591le-22,

Health Mo .
1, [1], 12} Log Likelihood
A1 May 2823 ATC
@F:az2:13 BIC
2l1-gal-2a281 HQTC

al-8l-2a2z22

253
—-694 . 822
1422 . 645
1425 .a39
141 .47 =

CPI_Rate_Simple_Return -5822.8785 A7FS.591 -2.58a88 2.aa5 -854 . 87a
ar.Ll . 3a58 . 539 8 .aTFTF 2.633 —& . 9aE
ar.L2 & . 56945 a8.511 1.359 =2.174 -&.3a7
ma.Ll —-@.35a3 8.528 —-a.563 2.587F -1.386
ma.lL2 -@.56148 a.526 -1.168 2,243 -1.56465
ma.5. L1112 -1 .aoaa 141 .535 —@a. eav @999 —-278 .498a49
sigma2 15 . 2867 2258 .03a a.ea7 o994 —4453 . 347
Lijung-Box {L1Y} {Q): @ .08 Jarque Bera (J1B):

Prob Q) @ .98 Prob{ B} :

Heteroskedasticity (H): 1.85

Prob{H} {thD sldedj @ .23

7.2.2.20 Healthcare sector - Oil rate

R- squared

Mean Model: Zerao Mean @ . e

Vol Model: GAaRCH Log-Likelihood: -F3L.93a

Distributiom: Mormal ATC: 14659 .86

Method : Maximum Likelihood BIC: 1432 . 4ad
Mo. CObserwvations: 253

Date: Thu, Mawy 11 2823 D Residuals: 253

Time: a5:45: 25 D Model: @

Volatility Model
coef std err

omega 5.3798 3.688 1.738 B.362=-82 [ ~&.848, 13.8a7]

alphal[l] a2.a8559 4 .562=-82 1.225 2.228 [-3.358=-82, @.145]

betall] a.Zzas z a.2a7,

Model : SARIMAN(Z2, @, 2)x(@
Date: Thu
Time:

Sample:

OIL_Rate_Simple_ Return
ar.L1

.97 9e-83 r

SARIMAX Results
Health Mo. Observations:
1, [11, 12} Log Likelihood
11 May 2823 ATC
@545 25 BIC
al-al1-2a81 HQTIC

- @al-al1-2a22

1.558
1.696
a.636
a.417
276 .4984
4528 . 761

e @
I

@b @
| 820%]

253
-6956 . 769
14a@7 . 538
14321 .931
1417 . 265
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7.2.2.21 Healthcare sector - Economy policy uncertainty rate

Zerao Mean - GARCH Model Results

Dep. Variable: Mone R-sgquared: (o= Tt ]
Me=an Model: Zerao Mean Add. R-sguared: @ . acg
Vol Model: GARCH Log-Likelihood: -729.585
Distribution: Mormal ATC: 1455 .81
Method: Maximum Likelihood BIC: 1475.61

Mo. CObserwvations: 253
Date: Thu, May 11 2823 O Residuals: ZSj
Time: 11:24:14 D Model: @

VDlEtJllt} Model

omega &.3145 5.534 2.965 8.334 [ -6.492, 19.121]
alpha[1] @.8757 &.327=-02 1.197 8.231 [-2.828=-02, ©.288]

betall] 2 .5865 a8.387 1.517 a8.129 [ -e.171, 1.3544

servatio
Model: SARIMAX(Z, @, 2)x(@, 1, [:l], 123 Log Likelihood -694.281
rate: Thu, 11 May 2823 ATC 1422 .161
Time: 11:24:14 BIC 1426 .555
Sample: al-al-z2aal HQTIC 1411 . 989

- @l-8l-2822

EPU_Rate_Simple_Return -1.1a4s @.534 -Z2.a7a 2.8a3s8 -2.151 -a.a58
ar.Ll a8.317z2 28.512 a.s528 8.535 -8.686 1.32a
ar.L2 2.6823 @.425 1.584 2. 1a5 -@.151 1.516
ma. Ll -a8.381ls @.447 -a.853 a.393 -1.Z258 a.495
ma.LlL2 -8.5831 @ .44 -1.314 2.158% -1.4532 a.z87
ma.5.L12 -1.azaa 2al.31a -a.eas 8. 996 -395.581 393 .561

sigma2 1ls .a945 I235.826 a.aas 8. 996 -6326.887 6358 .196

i
W E

Heteroskedasticity (HD):
Prob(H)} {(two- slded)

i@
== W

7.2.2.22 Healthcare sector - EUR/USD rate

Zero Mean - GARCH Model Resulis

p.- Wariable: Mone R-sgquared: @ .aaa
Mean Model: Zero Mean adi. R-sguared: [ pe [
vol Model: GARCH Log-Likelihood: -F28.998
Distribuwtion: Normal ATC: 1454 .88
Method: Maximum Likelihood BIC: 1474 .63

Mo. Observetions: 253
Date: Thu, May 11 2823 O+ Residuals: 253
Time: 12:45:48 D+ Model: a

VDlEtlllt} Model

aomega 5.7415 3.414 1.975 4.838e-02 [5.@45=-a2, 13.432]
alphal[l] 2. 1215 5.835e-02 1.739 8.196e-02 [-1.287e-82, 2.216]

betall] a 504 S A4A8TVe-@3 C 2.131

Covariamnce estimater: robust
SARIMAX Results

Health MNo. Observations 253
Model: SARIMAX(2, @, 2)=x(@e, 1, [1], 12) Log Likelihood -693.18@
Date: Thu, 11 May 2823 ATC 148 . 259
Time: 12:45:48 BIC 1424 . 7535
Sample: al1-81-2a8a81 HQIC 1418 . 187

- al-8l-2az22

ma.5.L12 -3 .9998 332.313 SB.413
sigma2 15 .9986 47a.8a7v S938.763
Lijung-Box (L1} (Q): @ .08 Jargus-8era (1B

Prob(Q): @.99 Prob{JB)}

Heteroskedasticity (H): 1.47 Sk :

Prob(H)} {two- sldedj a
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7.2.2.23 Healthcare sector - Interest rate

Zero Mean - GARCH

hNone
Mean Model: Zerao Mean
Vol Model: GARCH
Distribution: Mormal
Method: Maximum Likelihood
Mo. Obserwvations: 253
Date: Thu, May 11 2823 D Residuals: 253
Time: 13:54:48 D Model: @

Wolatility Model

[-3.531e-22, ©.199]

Health MNo. Observations: 253

Model : SARIMAX(2, @, 2)=(®, 1, [1], 12} Log Likelihood -69@.004
Date: Thu, 11 May 2@23 AIC 1395 . 9588
Time: 13:54:41 BIC 14z2@.381
Sample: B1-a1-28a1 HOTC 1485 . 815

- B@l-@l-2az2

Interest_Rate_Simple_Return -2.2949 @ . 594 -8 .935
ar.L1l -1.414%9 a2.a33 -1 .34%
ar.L2 -8.9517 @.a3l -a.8591
1.432
1 .a77F
-3 . 54%
21 .255
Dep. Wariable: Mone -sguared: @ . e
Mean Model: Zero Mean Add. R-sguared: @ . aag
Vol Model: GARCH Log-Likelihood: -73B8.625
Distribution: Mormal ATC: 1457 .25
Method: Maximum Likelihood BIC: 1477 .85
Mo. Obserwvations: 253
Date: Thu, May 11 2823 OFf Residuals: 253
Time: 14:47:45 D Model: a
Volatility Model
coef =td err it P>t as5. Conf. Int.
omega B5.1592 3.635 1.595 9.215e-22 [ -8.96843, 13.283]
alphall] 2.8842 5.878=-82 1.568
betal[l] a.5982 a.2a9 2.822
sults
p- VWariable: =alth Mo. Observations: 253
Model: SARTIMAX (2, @, 2)x=(@, 1, [1], 12) Log Likelihood -695 . 344
Date: Thu, 11 May 2823 ATC 1426 .. 687
Time: 14:47 46 BIC 1431 .a81
Sample: 2al-al-2aal HQTC 1416.515
- Bl-al-2a22

Covariance Type: opE

Gold_Rate_ Simple_Return Fo.T7a3se 185 .483 443, 244
ar.L1l @.2712 2.468 1.185
@.492 1.6871
2.5a21 2.558
2.5286 2.395
@.a897 -@.811
2. (= 15 .336
2.8 Jargue-Bera {J1B) 4.88
@.95 Prob{JBE}: @.13
Heteroskedasticity (H): 1.58 Skew: -@.32
L= 3.23

Prob({H) {(two-sided

[
-
I
I
I
I
I
I
I
I
::

I
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7.2.2.25 Other sector - Inflation rate

Zero Mean - GARCH Model Resulis

Dep. VWariable Mone R-sguared: @ . aaa
Mean Model: Zero Mean Aadd. R-sguared: & .82
Wol Model: GARCH Log-Likelihood: -F7E.626
Distribution: Mormal ATC: 1563 .25
Method: Maximum Likelihood BIC: A573.85

Mo. Observetions: 253
Date: Thu, May 11 223 D Residuals: 253
Time: av:az:la D+ Model: L= ]

Volatility Model

omega 2.8787 1.523 1.38a e.192 [ -1l.@44, 5.282]
alpha[1l] @.1177 5.51le-82 2.@98 32.5952-@2 [F.718e-83, @.228]
betall] @.8167 S.208=-02 9.842 7.396e-23 [ @.554, @.979]

p. Wariable: Other Mo. Observations
Model: SARIMAN(2, @, 2)x(@, 1, [11. 12) Log Likelihood
Date: Thu, 11 May 2223 ATC
Time: @7 :@2:17 BIC
Sample: 21-al-2a8l1 HQIC

- 8l-gl-2az22

253
-7F56.222
1526 .445
1558 . 838
15536.272

CPI_Rate_Simple_Return 119 .8899 283 .788
ar.Ll 2.1828 a8.712
ar.L2 @ .4455 a.3a8
ma. Ll -8.84335 a.7a7
ma. L2 -8.5225 @ .428
ma.5S5.L12 -1 .a=2aa a.a7a
sigma2 26 .6569835 a.aa3
Lijung-Box L1} {Q): @.12 Jdargue-Bera (J1B): 8
Prob(Q) a.73 Prob{JBY: .
Heteroskedasticity (HD): 1.77 Shkew: -
Proobf(H) {(two-sided}: @.21 Kurto=sis -

p. Variable: Mone -sguared : 2,888
Mean Model: Zero Mean Add. R-sguared: 2,884
Wol Model: GARCH Log-Likelihood: -F72.284
Distribution: MNormal ATC: 1552.41
Mathod: Maximum Likelihood BIC: 1561.81

Mo. Obserwvations: 253
Date: Thu, May 11 2823 D+ Residuals: 253
Time: 5145 38 D Model: a

Weolatility Model

coef std err t P>t o5 .@8% Con¥f. Int.
omega 1.8194 1.281 1.515 B.138 [ -@.534, 4.173]
alpha[l] 2.1832 4.153e-82 2.485 1.297e-22 [2.178=-82, @.185]
beta[l] 2.8339 5.923e-22 14.88@ 5.878e-45 [ @.718, @.95a]

Cowvariance estimator: robust
SARTMAX Resul

il

Other Mo. Observations
SARIMAX(2, @, 2)=(8, 1, [1]1, 12} Log Likelihood

Thu, 11 May 2923 ATC
B5:45: 31 BIC
2l-al-2a921 HQIC

- @1-81-2822

OIL_Rate_ Simple_ Return 13,2834 1.757 7.55@
ar.L1 -@2.14a55 2.asl -2.421
ar.L2 -8.9365 &.8s82 -15.823
ma.Ll @.1423 &.a58 1.818
ma.L2 &8 .8578 & . acse &.938
ma.5.L12 -8.9872 8.385 -2.562
sigmaZ 24 . 601T79 5.913 2.762
Lijung-Box (L1} {Q): @.a1 Jargue-Bera

Prob({Q): @ .o Prob{JBE}:

Heteroskedasticity (H): 1.27 Shosw

Prob(H) {(two-sided}: @.29 Kurtosis
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7.2.2.27 Other sector - Economy policy uncertainty rate

Zero Mean - GARCH Model Results
Mone R-sguared: (=g = o e ]
Zero Mean Add . R-sguared: 2 .24
Vol Model: OaRCH Log-Likelimhood: -FF2.888
Distribution: Mormal ATC: AS51 .78
Method: Mazximum Likelihood BIC: 1562 .38
Mo. Obserwvations: 253
Date: Thu, May 11 2az23= D Residuals: 253
Time: 11:29:15 D Model: @

wWolatility Model

omegs A.77ags 1.145 1.547 &.122 L - ©.473, 4.8l15]
alphal[l] 21222 5.369e-22 2.27s Z2.286e-22 [1.596=-802, a.227]
betal[l] 2.8215 S.163e-a2 13 .329 1.575e-4a C @ . 7al, a.942]

Model : SARIMAX(2, @, 2¥=(8, 1, [1], 12 Log Likeliho

Date: Thu, 11 May 2823 ATC

Time: 11:2Z24:1%9 BIC 1544 . 695

Sample: al-al-2aal HQTITC 1538 .129
- @l-2l1-2a22

Cowvarianmnce Twpe: opE

EPU_Rate_Simple_Return & . 642 -2.571 a.a1la -2 .989 -a .39z
ar.L1 B8.597 @.227 a.821 -1.835 1.387
ar.L2 5 = i = 1.73F1 (s B=2ud -—a.a72 1.15%
1.11=
L= = L= P
26 .454
(=2 Ta4a 832
a ue-Bera {183 .54
Proo(Q): a.82 Prob{JEB} (= s ]
Heteroskedasticity (H): 1.7a Shkew — . A5
Probi{H) {two-sided)}: a.a2 Kurtosis 4.87
7.2.2.28 Other sector - EUR/USD rate
Zero Mean - GARCH Model Results
Dep . Mone R-sguared: @, a8a
Mean Model: Zero Mean Adi. R-sguared: @ . aag
wiol Model: GAaRCH Log-Likelihood: -7B8. 888
Distribution: Mormal ATC: 1567 .62
Method: Maximum Likelihood BIC: 1578.22
Mo. Cbserwvaetions: 253
Date: Thu, May 11 223 OF Residuals: 253
Time: 12:45:449 D Model: @
wWolatility Model
1.451 @.144 [ -2.7a7, <4.85851]
2.341 1.925e-02 [1.44Fe-802, B.153]
betall] 8.8425 G.2353=s-a2 13.515 1.278=-41 L a.TEe, 8.9585]
Cowvariance estimator:
=]

p- Wariable: Other Mo. Observations 253
Model: SARIMAX(Z, @, 2)x(@, 1, [11, 12 Log Likelihood -751.631
Date: Thu, 11 May 2823 ATC 1517 . 262
Time: 12:48:44 BIC 1541 . 655
Sample: 21-al1-2a8al HQIC 1527 a9

- 8l1-al-2a22

L5001z —-a.9998 22.442
Ema2 25.7474 G622 .551 2.

Heteroskedasticity (H): 1.57 Shkaw
Probp(H) (two-sided]}
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7.2.2.29 Other sector - Interest rate

Zero Mean - GARCH Model

Dep. VWariable: Mone R-sguared: 2 .28

Mean Model: Zero Mean Add. R-sguared: 2 .28
Vol Model: GARCH Log-Likelihood: -F7¥E.514
Distribution: Mormal ATC: 1553.83
Method: Maximum Likelihood BIC: 1573.63

Mo. Observations: 253
Date: Thu, May 11 2023 D Residuals: 253
Time: 153:549:;45 D Model: L=l

volatility Model

Cowvariance estimator: robust

SARTIMAX Results

ather Mo. Observations

SARIMAX(Z, &, 2)=x(©8, 1, [1], 12} Log Likelihood
Thu, 11 May 2823 ATC
13:548:45 BIC
Sample: a1-a1-2a8a1 HQTC
- 8l-a@l-2a22
Covariance Typ opE

253
-7F56.289
1526 .577
1558 . 971
1536 .485

Interest_Rate_Simple_Return a2 .3568 B.927 a.395 2,693 -1.452
ar.Ll a.6e92 a.28a @.F5a -1.1s2

.5.L12 1= .456 -a.a74 .94 -27.392
& a.a74 2,941 -877.335

-

Liung-B aque-Bera (J1B

Prob{Q}: @.71 Prob{JBE): .28
Heteroskedasticity (HD): 1.79 Skew: - ]

: -7B

Prob(H} {(two-sided)

Fero Mean - GARCH

Model Result

Mone R-sguared:

Zero Mean AdF. R-sguared: 2.
wWol Model: GaRCH Log-Likelihood: -FTFE.834a
Distribution: MNormal ATC: 1563 .77
Method: Maximum Likelihood BIC: A57T2 .37

Mo. Obserwvations: 253
Date: Thu, May 11 2823 O Residuals: 253
Time: 14 ;4T ;49 DF Model: =]

wolatility Model

omega 2.1196 1.688 1.255 a.z2a9 L -1.18%9, 5.429]
alphal[l] 28.119= 5.928=-22 2.215 4.386e-22 [3.283=-83, a.235]
betal[l] 2.8141 8.877e-22 D .171 4.689e-28 C a.6493, a.988]

Model : SARIMAX(Z2, @, 2)=x{(@, 1, [1], 12%» Log Likelihood
Date: Thu, 11 May 2823 ATC
Time: 1a2:47 252 BEIC
Sample: 2l-2l1-2aal HQIC
- 81-al1-2a22

Covariance Typoe: opE

253
-F56.392
1526 .783
1551 .177
1536 .611

Gold_Rate_Simple_Return 29.6615 3IS3 .03 a.aas & . a929 -G23 .12

ar.L1l -2, 2139 1.152 —@2.al> [ = = -2.273

ar.L2 @. 3625 .2z a.s82a @.a12 -2 .59

ma. L1 @.15732 1.152 a.lz& @. 891 -2.1a21

ma. L2 -3.3833 & . 516 -a.56352 &.528 -1.597

ma.5.L12 -1. 282 @ . 26e8 -14 . 677 @ .o -1.134
= =

Liung-Box

Prob ()
Heteroskedasticity (HD): 1.78 Shosw -,
Proo{H) {two-sided]}

Ioeoev
i
GU8E]
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