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Abstract In mathematical finance, regression models can be used to determine the value of an asset based on
its underlying traits and/or returns relative to the overall market performance. In prior work [6-7] a regression
model was created to predict the value of the S&P 500 based on macroeconomic indicators. In the current study
the model is updated with the addition of recent data, and then applied to define a new measure to model market
volatility. The results are compared to the S&P 500’s implied volatility in a simulation utilizing the Black-
Sholes model attempting to predict the value of the S&P 500 one year in the future. While no definition could be
expected to perfectly predict the market volatility, the new definitions of volatility did outperform the currently
utilized implied volatility.
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I. INTRODUCTION

It is well known that mathematical financial prediction models, such as the famous Black Scholes Stochastic
Partial Differential Equation [1],
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have demonstrated a limitation to perform during times of rapidly changing of volatility [2-3]. For example, in
non-rapidly changing times of market valuation, hence low volatility time periods, the famous Black Scholes
Formula - using the notation of T for the call option maturity date , k for the strike price, r for the risk free
interest rate, and N(z) for the standard normal distribution - will accurately predict the fair price of an option.
The Black Sholes Formula, with initial stock price x,, will give the fair price of the option as
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A matter of concern in this model is the value of volatility, 6, which has been debated for many years. There
are currently two accepted definitions for volatility in the financial world: historical volatility and implied
volatility. Historical volatility, also known as the classic definition of volatility, is calculated as the degree of
variation in the trading price of a given security over time. Namely, it is measured as the standard deviation of
the logarithmic returns of a given security over a period of time [4]. While historical volatility is a trailing
measure of past performance, implied volatility is considered an attempt to estimate the future volatility of the
price of any given security. Implied volatility is calculated by equating the current market selling price of a call
option to Black-Scholes formula with all other parameters set to true current market values, and then back-
solving for volatility, o. The significance of implied volatility is that this is what is used to calculate the values
for the S&P 500’s Implied Volatility Index (V1X). The VIX is the commonly followed “market fear index.” The
values of the VIX are calculated by taking the implied volatility of an at the money call option for the S&P 500
using the Black-Scholes formula. The problem with VIX is while it is definitely a more current measure for
volatility when compared to historical volatility, the measure is still really a trailing indicator. More importantly,
it uses the current market price for options as an input, which can be inflated or deflated, since this value is
controlled purely by how much one is willing to pay for the option at that current time; hence, the value
essentially follows human emotion and speculation rather than true market fundamentals.
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In this paper we use and updated a previously computed multiple linear regression model [6-7] as the
“expected value” of the market based off of its fundamentals, and the true value of the S&P 500 at the given
time as the “observed value” of the market. The residual of these values are then scaled so that the new volatility
models can be inputted into the Black-Scholes Model for volatility, . This new value of volatility, along with
VIX separately, are used to calculate the value of at the money S&P 500 call options expiring in exactly one
year through a simulation. Hence, a fair value of the S&P 500 is computed for one year forward, and the results
are compared for both values of volatility with the results showing the new measure of volatility performing
better.

Il. REGRESSION MODEL

A widely accepted principle in the economic and financial world is the fact that various economic indicators
are correlated to the market and can be used to forecast the stock market. An original study [5] identified that
the variables of consumer price index (CPI), producer price index (PPI), gross domestic product (GDP), money
supply (MS), and treasury spread (T) could be used in a multiple linear regression model to explain market
(S&P 500) returns and movements. This assumes that there is a linear relationship between the S&P 500 and
the aforementioned independent variables. This initial model was created using monthly data from 1974 - 2005
and yielded acceptable preliminary results; however, tests for multicollinearity were not conducted, which left
much room for improvement in the model and further study.

The format of this model follows that of a normal multiple linear regression model with the form
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where y is the dependent variable (S&P 500), and the usual notation is utilized for the input variables and
corresponding coefficients. Following the prior research [6-8] on the subject of creating a multiple linear
regression model to predict the price of the S&P 500, some important results are necessary to be taken into
account for the current study. The major finding of these previous studies is the finding of substantial
multicollinearity between CPI and GDP. Due to this multicollinearity that exists it becomes necessary to remove
one of the two variables to improve the model and eliminate any unintended chaotic behaviour. After following
routine regression coefficient analysis the variables of CPI, PPl and T were removed. At that point further data
study was conducted to see if any other predictor variables could be introduced to improve the model overall;
the variables were selected through a common sense approach as to what factors one would expect to predict the
market, such as: the price of gasoline, or the price of boring money, or the unemployment rate etc. The final
model contained variables GDP, MS, and Unemployment Rate (UI). This model was both the most statistically
significant and computationally efficient model generated.

The indicators used in this new model date back to roughly 1960, however since the goal of this study was to
create a new volatility model to compare with VIX, the date that the data set of our new model begins at was
restricted to January 1991. This was chosen as the calculation methodology changed for the VIX in 1990, hence
we started at the beginning of the closest calendar year. Taking monthly data points starting January 1% 1991
and ending December 31% 2017 yields 324 total data points for the model, with the opportunity to update the
data set at any given time. The data collected was then normalized using a Z-Score transformation. The
governing equation of the model over this time frame is

¥i= 198.82; + 298.792; — 210.38z; + 1188.91

where Z; corresponds to GDP, Z, corresponds to MS, and Z;corresponds to Ul. In this model i =1,2, ... , n
corresponds to the month starting with i = 1 being January 1991.

Coefficients t Stat
Intercept 1188.91 163.37
GDP 198.84 6.04
MS 298.79 9.03
ul -210.38 -28.18
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ANOVA
df MS F

Regression 3 2.9E+07 1664.048

Residual 320 17159.6

Total 323

Regression Statistics

Multiple R 0.96941254
R Square 0.93976068

Figure 1. The data analysis of the updated three variable model.

As one can see above, the model has a very solid F-Statistic along with a great R? value of 0.94. This shows
that the updated multiple linear regression model is not only statistically significant, it is also a more
computationally efficient model than the original model from [5].

Figure 2. A graphical representation of the models

When analysing Figure 2, the first discrepancy to look into is the large residual between the model S&P 500
and the actual S&P 500 that occurs at months 95-127. The timeframe in question is the 2000-2002 bubble and
subsequent crash, known as the dot com crash. The large residuals shown in the graph are explained by
intuitively understanding that the value of the market during this time period was inflated by the greed and
behaviour of investors, and the fundamentals for the market, which are understood to be the economic indicators
used in the multiple regression model, could not justify this high price. As a result, the market eventually
crashed and returned to levels similar to that of the model. With this information in hand, we will consider our
multiple regression line to be the “expected value” of the market at any given time, and define volatility to be
the deviation of the market from its expected value. In times of calmness, the expected value and observed value
of the market would be similar, which in turn would cause the volatility of the market to be low. Conversely,
when the market starts to deviate from its expected value, say during a bubble or crash, the volatility of the
market will increase at the rate that the observed value of the market deviates from its expected value.

I11. NEW VOLATILITY MODELS AND SIMULATION
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As discussed in the previous section, we are considering our multiple linear regression model for the S&P
500 to be the expected value of the market at any given time, and the actual value of the S&P 500 is considered
the corresponding observed value of the market. Using these considerations, we are defining two new
definitions for volatility to be compared with VIX. The calculation for the two new volatility models are very
similar, as the only difference between the two formulas is whether the denominator for the volatility equation
has the observed or expected value for the S&P 500 in the denominator. The full calculation for the new
volatility model is the square root of the squared residual of the observed and expected value of the S&P 500
divided by either the observed S&P 500 price or the expected S&P 500 price. The residual was squared and
subsequently taken the square root of to ensure that every value will be positive. These values were then
multiplied by 100 in order to scale them so they could be compared with VIX. To differentiate the two models,
we will consider the volatility model with the observed S&P 500 price in the denominator to be VOL1, and the
model with expected S&P 500 price in the denominator to be ALTVOL.

(SP5000ps — SP500g,,)?
SP5000ps

I
VOL1 = 100 + V.

(SP5000ps — SP500g,,)?

_ vV
ALTVOL =100 * SP5005,

A volatility value for each model was created at each of the 324 monthly data points from the multiple
regression model, and then plotted against VIX for analysis, as show below in Figure 3.

Volatility of S&P 500 1991-2018

Figure 3. A graph of the volatilities raw values.

After completing a graphical analysis on Figure 3, the main takeaway is that the values for VIX over time are
generally much greater than the values of the new volatility models VOL1 and ALTVOL, especially during
times of calmness when there should not be a significant amount of volatility in the market. Conversely, VOL1
and ALTVOL only spike in value when the deviations between expected and observed S&P 500 prices increase,
which is expected. However, the deviation between observed and expected prices primarily increases at times
where the market is increasing at a rate faster than the economy is growing, creating a bubble, which will
subsequently be followed by a crash in the near future. Intuitively, that scenario is when levels of volatility
should be at its highest, and models VOL1 and ALTVOL are at their maximum during these periods,
specifically the 2000-2002 bubble and subsequent crash.

While visual analysis of the three models is necessary for preliminary discoveries, it is important to test these
models, specifically in a simulation, and evaluate their performance. In order to evaluate their strength and
accuracy, volatility models VOL1, ALTVOL, and VIX were run in a simulation to predict the value of the S&P
500 using the Black — Sholes Model. To do so one must recall the output of the Black Sholes is the fair value of
an option, hence what the S&P should gain, and from that value one can extract the prediction of the S&P 500’s
value. These three S&P 500 predictions were then compared with the actual value of the S&P 500 price at the
corresponding month and analysed for accuracy.
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Figure 4. A graphical representation of the simulation.

The results of the simulation were mixed and there are many important key takeaways to understand. As with
any financial forecast, the probability of achieving a perfect prediction are close to zero. With that in mind, the
new volatility models performance in the simulation can be considered acceptable. The areas of largest
difference for the simulation and actual S&P 500 occur at the times of the 2002 and 2008 financial crises.
Furthermore, the VIX generally had the greatest predicted value, which supports the findings from the analysis
of the volatility models. When computing the squared residuals for the simulations versus the actual S&P 500,
VOL1 had the lowest value, followed by ALTVOL and VIX respectively. While the sum of the residuals
squared for each simulation were high in value, the significant difference in the sum of the squared residuals
between VOL1 and VIX brings proof to the claim that VIX may not be the best instrument to measure volatility
in the market; hence, it is reasonable to conclude that the new volatility models fared better in a simulation due
to lower overall error.

1V.CONCLUSIONS & SUGGESTION FURTHER STUDY

In this work a prior regression model was updated to contain more recent data. This model was proven to be
statistically significant and justified further research using the model. One can see through comparison of the
model S&P 500 and actual S&P 500 that in 2000 the market increased at a rate that the underlying economic
fundamentals could not support, with a subsequent crash following in 2002, likewise for the 2008 “great
recession.” In this work three volatility models were then tested in a simulation setting to see which could best
predict the price of the S&P 500 one year in advance. While none of the three models performed great, the main
takeaway from the simulation is that the new models we created, VOL1 and ALTVOL, both outperformed the
VIX in terms of error during the observed time period.

Many complex mathematical models have been created in an attempt to accurately calculate volatility, and in
this study two new definitions for volatility were created. In a prior study [6], it was suggested to create these
new volatility models and input their values into the Black-Scholes formula. The results from performing this
simulation showed that over time, the new volatility models outperformed VIX, especially during times of
market turbulence, when volatility should be at its greatest levels. These findings provide proof to the claim that
VIX is not the best way to define market volatility. It is suggested in a future study to attempt to use these new
volatility models to conduct more predictions for the S&P 500, perhaps by using a shorter time to expiry on the
options price calculations, say one month instead of one year. Another suggestion for further study is to research
how one could apply this method to individual sectors or stocks, perhaps constructing a model that utilizes
various website’s APIs in real time to collect specific data. While volatility is and will continue to be one of the
most mysterious aspects in the financial world, further research into these new volatility models may yield some
promising results for the future of volatility and market forecasting.
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