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Abstract

In asset pricing applications one of the most powerful and widely used models is the famous Black-Sholes model. In applications
of stock option pricing, the resulting Black-Scholes formula requires inputting several values, including the current price of the
stock and the market volatility. The question of how to input the volatility in real-time can be very challenging, as commonly
utilized measures, such as the volatility index (VIX), can be viewed as lagging economic indicators. This research discusses a
scheme that applies a mathematical model which defines how far the current market value is above or below from where
macroeconomic conditions would expect it to be. In prior research, a regression model was created to define a framework that
theoretically outlined a new measure related to market volatility. When computing various financial predictions, such as
evaluating the fair price of an option, this measure can be used to supplement common current measures, such as the VIX. In the
current work, several mathematical methods, including machine learning, are investigated to determine if improvements to
accuracy can be made, and define a practically usable scheme. Slight improvements to accuracy were discovered in comparison
to the prior regression model; the Principal Component Analysis method is recommended for usage in real time applications.
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1. Introduction

The prediction of the stock market valuation is a very com-
plex problem that poses significant challenges to mathemati-
cal modelling; however, it is known that models, such as the
famous Black Scholes Stochastic Partial Differential Equation
[1-3].
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can be used to find the fair price of options for individual
stocks over longer time domains. For example, given a stock

which has the price today as X, the Black Scholes Formula
will give the fair price of the option to be

oVT oVT

Here, the call option maturity date is defined by T, the strike
price is defined by k, the risk free interest rate is defined by r,
and N(X) is the cumulative standard normal distribution. In
this work, we investigate the value of o, the “volatility.” What
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value to use for volatility has been debated for many years,
dating back to the pioneering work Fisher Black and Merton
Scholes, who themselves made some comments [1-3] about ©.
A common understanding is that 62 can be defined as the var-
iance of the asset under consideration. However, it is not so
obvious as to how one can obtain that value in real world ap-
plications in real time. If one is utilizing yesterday’s data, the
stock has already moved and the trader may have missed their
buying or selling opportunity When applying this logic to the
border market, e.g. using the S&P 500 as a benchmark, experts
in the financial management domain often look to the Chicago
Board Options Exchange Volatility Index (VIX) index [4, 5].

In this work we seek to update a mathematical model that
could be used to define a predictive measure of volatility for
the broad market. This measure is essentially defined as how
far the current value of the market is off from the value that
current macroeconomic measures expect that valuation to be.
It is hypothesized that the results of such a model can be used
to create a value of ¢ that is more of a forward looking, or at least
real time, volatility as opposed to a lagging economic indicator.
For practical application, this measure could be used alongside
the readily available and useful data of the VIX index. For exam-
ple, when computing the Black Scholes Formula the value of ¢
inputted could be an average of this new measure and the VIX,
or some sort of “regime switching” machine learning scheme
could be applied where this new measure’s weight in a weighted
average would be increased during certain periods of time.

In our original studies [6, 7], a four variable regression
model was used on a fixed data set to define the general con-
cept. Also, a scheme was defined, and it was verified that this
measure performed better than using the VIX by analysing its
performance on several historical data sets. In the current
work the idea is extended to experiment with a higher dimen-
sional data set and more modern models, including several
machine learning models.

The original intent of these works was to study the volatility
problem, but an interesting side note result worthy of mention-
ing is the practical application of the model’s direct applica-
tion. Namely, using real time macroeconomic predictors to
identify times when the overall market is severely overvalued
or undervalued. For example, at the time of this writing the
S&P 500 is up just shy of 17% year-to-date and has averaged
annual gains of approximately 16% over the past five years.
This may lead one to believe the market is extremely overval-
ued; however, such direct comparisons can be misleading as a
return during a time period of high inflation, and resulting re-
duction in currency purchasing power, is different than the
same return in a low-inflation environment. Our model explic-
itly adjusts for these macroeconomic factors, enabling a more
precise mathematical characterization of overvalued and un-
dervalued market states.

2. Methods & Summary of Prior Models

In prior research, the four predictor variables utilized to

build the model were: the consumer price index (CPI), the pro-
ducer price index (PPI), gross domestic product (GDP), along
with the money supply (M). The original human choice of
these predictors - the feature engineering process - was based
on a method previously used at an investment firm [8]. The
prior work manually created a regression model using
monthly data from January 1990 to July 2013. This original
model worked well, its coefficient of determination was ap-
proximately 0.8. A numerical scheme was constructed to de-
fine the alternate measure of volatility as previously described.
A comparison was done using the value of the VIX for o, ver-
sus using our method, and it was showed increased perfor-
mance in comparison to the Black Scholes using VIX during
several historical data sets, including one that contained the
2008 time period. Hence, suggesting that the approach has
practical merit.

As the availability of data had grown rapidly in the preced-
ing years, it was decided to revisit the study. Various other
predictor variables were added into the design of the model.
In that work [7], the added variables were: national unemploy-
ment rate, government interest rate, value of international
stock markets, value of exchange rates of various international
currencies, along with various consumer confidence polls.
This process was done following classical regression model
building analysis, and the best performing model was the one
using the four predictor variables: GDP, FFR, M, and the un-
employment rate. However, from a statistical analysis point of
view one should use a three-variable model without the fed
fund rate (FFR) as, surprisingly, that predictor variable did not
have a significant test statistic, its test stat was just -0.84.
Therefore, the final model utilized was

y; = 965.0635 + 362.1807z, + 183.392z; — 173.762z, (1)

Here, Z, is representing the GDP data variable, Z, is the M
data variable and Z3 is the U data variable, along with the Y
variable representing the value of the SP 500 at the corre-
sponding time. The Z label is utilized for our predictors as the
data was normalized prior to running models. The model
yielded the following results.

Table 1. Prior model’s statistical summary.

Coefficients Standard Error t Stat
Intercept 965.0635 6.659789 144.909
GDP 362.1807 28.36177 12.77003
MS 183.392 28.53035 6.427962
Ul -173.762 7.021221 -24.7482

Along with a solid F statistic of two thousand three hundred
and thirty. In a commonsense approach, as one can see in the
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graph below, that this model predicted “market top before
market crash,” with large values of our measure during the

time period leading upto 2008.

Last two "volatile" decades
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Figure 1. Plot of prior model’s performance.

The information within Figure 2 could be very useful for
traders to predict long term market buy/sell points; however,
the interest of this research is to use the model to predict an
alternate measure of volatility. In the prior study, [9] a scheme
was created, along with its corresponding Matlab code, to de-
fine this new measure of volatility. In that work, results were
developed that showed it performed better that the VIX. For
illustration, if one were to define the deviation of this model
output y” from the true SP500 value as Ay, the volatility o can
be defined in a pricewise manner, such as

dif ference o

<100 < 0.05 ?)
100 — 200 0.05
200 — 200 0.1

3. Results & Analysis of New Learning
Models

So far, all the mathematics conducted have been using clas-
sical statistical models, namely regression with a multivaria-
ble predictor. In the following we investigate if the accuracy
can be improved by applying various modern machine learn-
ing methods on a larger data set. In theory, this method could
be applied to a much larger data set which could consists of
any measurements that are available monthly and the re-
searcher believes they could have the ability to increase the
prediction power. Then a deep learning process of feature en-
gineering could be applied; however, for our current work we
limited the data to a selection of just 12 features that were both
readily available from trusted sources and are known to have
a strong correlation to the overall economy and/or stock mar-
ket assets prices. Hence, the work here still falls in the realm

of a “human in the loop” feature selection process as a regular
machine learning process. The logic here is that while it could
be useful to scale out our original model in an attempt to per-
fect its accuracy, it is essential to remember that computa-
tional efficiency is an important consideration in financial ap-
plications. A more efficient model that may be slightly less
accurate but quicker, is likely to be preferable over a model
that is slightly more accurate but very costly to compute. In
addition, while advanced learning models may pick up on
some patterns within data they are trained on, it is not guaran-
teed that they truly are predictive of future patterns, especially
in such a complex problem of stock market behavior; thus, it
is preferred to apply a “human in the loop” feature engineering
process where the researcher identifies real predictor variables
that have logical connection to the economy. Advanced learn-
ing models may be useful for short term movements, such as
applications for day traders, but that is not the purpose of our
study; our work is grounded in economic theory and the math-
ematical trust in regression to the mean!

The data used for the research consists of 12 predictor var-
iable columns and 498 rows. The 498 entries contain data for
each of the predictor variables, in addition to the response var-
iable of the SP 500, recorded monthly from Jan 1984 to May
2019. The data included the following predictor variables: CPI,
PPI, GDP, FFR, M, Unemployment Rate, Consumer Confi-
dence Index (CCI), Price Manager’s Index (PMI), National
Average Gas Prices, Crude Oil Price per Barrel, Gold Price
and Real Disposable Incomer per Capita.

Prior to running the various machine learning models, a cor-
relation matrix was plotted, with the expected insight being
that many of the variables are highly correlated. For example,
and as illustrated in the Figure 2 below, the Real Disposable
Income has a 99% correlation with both CPI and GDP.
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Correlation Matrix of Macroeconomic Factors and S&P 500
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Figure 2. An illustration of multicollinearity.

This indicates strong multicollinearity in the dataset, which
can cause numerical instability. Due to this, Real Disposable
Income was chosen to be removed, as it destabilized the orig-
inal runs of Linear and Lasson regression. Furthermore, it was
logically preferred to keep the CPI and GDP measurements as
those are direct measurements from established government
resources, while the disposable income measurements often
rely on reports from individuals and/or corporations which
may not be as accurate. This leaves the final data set with 11

predictor variables.

After data cleaning and basic analysis, the data was trans-
formed using the scikit-learn Standard Scaler. Finally, the data
was separated into a training and testing set with an 80/20 split
temporally, with the split date being May 201. Several models
were run as illustrated in the figures below which also contain
some high-level performance metrics summaries within their
labeling. The corresponding ordering is Linear Regression,
PCA then Linear Regression, Lasso, Forward Neural Net.

Real vs. Predicted S&P 500 Values: Linear Regression
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Figure 3. The Linear Regression, R’ on testing data = 68%.
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Real vs. PCA Predicted S&P 500 Values
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Figure 4. The PCA Regression, R’ on testing data = 92%.

Real vs. Predicted S&P 500 Values: Lasso Regression
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Figure 5. The Lasso Regression, R? on testing data = 59%.

Real vs. Predicted S&P 500 Values: Neural Network
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Figure 6. The Neural Network, R? on testing data = 96%.
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The main takeaways are the following. It is not surprising
see that the ordinary least-squares regression fit the training
data we, but did not perform well in predictive accuracy; the
model consistently predicted values that were lower than the
corresponding testing data values. In prior research, it was be-
lieved that while the model was showing promise, concerns
for its ability to perform on future data were uncertain; hence,
the motivation for our current research. It was surprising to
see that the Lasso Regression performed poorly and did not
provide insight into removable features; this could be a result
of the issue of variables withing the data being highly corre-
lated. This was resolved in the Principal Component Analysis
method! In the PCA method four principal components were
used, capturing just under 93% of the explained variance. This
fixed instability and provided improved results. The several
other models run, the more popular machine learning models,
did technically perform slightly better The tree based methods
— Decision Tree, Random Forest and XGBoost — did nor per-
form well on the dataset, likely due to the persistent upwards
trend in the data and it showed an inability to predict on data
outside of the training data, which is a common issue with
such models. A machine learning model — forward feed neural
net — was discovered that did perform slightly better, and it is
expected that if other machine learning models were run it is
likely that one could be identified that adds additional slight
improvement to the accuracy; however, this leads back to the
conversation about cost of computing versus slight improve-
ments to accuracy.

4. Discussion

In previous works a regression model was created to define
a scheme that can be utilized to define a measure of market
volatility that can be used to complement commonly used
tools such as volatility index (VIX). The original model had
decent performance with its coefficient of determination being
approximately 80%. This was later refined to define a three-
predictor variable model which had slightly improved perfor-
mance. In the current work several advanced statistical meth-
ods, in addition to machine learning methods, were investi-
gated to determine if improvements can be made. Mathemati-
cally, the best preforming model was a machine learning
model. The second-best performing model was the PCA
which yielded a slightly lower, but similar, coefficient of de-
termination. The latter is more desirable for practical applica-
tions due to several reasons. Firstly, while its performance is
slightly lowered, it is expected that with the accuracy it is pre-
senting it will be able to identify major trends, and it is a
quicker model to train and run. This can be of practical im-
portance for real-time applications as it can be trained through
a relatively quick optimization procedure as opposed to the
computationally costly process of advanced machine learning
needed computations required for the neural network model.

Also, the resulting model equation from the PCA is in the for-
mat of a well-known regression equation, so it would be ex-
pected that in applications it would be more interactable to a
wider range of users. Regardless, the improvements when
comparing either the PCA or the neural network to the prior
method are impressive!

5. Conclusions

The regression after PCA is a classical model that not only
has a lower cost of computation, but it also has the benefit of
being a user-friendly model that many working professions
have some knowledge and/or prior experience working with.
The conclusion is that this method would be the most practical
for implementation, and addressing. This model would be an
improvement over the priors and has the ability to be a very
useful tool both for our application of interest, the volatility
problem [10], in addition to being a useful tool for the longer-
term investor seeking to identify market position when mak-
ing investment decisions.
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