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ABSTRACT

Aims: The main purpose of this study is to understand whether Logistic regression has certain
benefits in the evaluation of American options. As far as the Monte Carlo method is concerned, the
least square method is traditionally used to evaluate American options, but in fact, Logistic
regression is generally quite good in classification performance. Therefore, this study wants to know
if Logistic regression can improve the accuracy of evaluation in American options.

Study Design: The selection of options parameters required in the simulation process mainly
considers the average level of actual market conditions in the past few years in terms of dividend
yield and risk-free interest rate. The part of the stock price and the strike price mainly considers
three different situations: in-the-money, out-of-the-money and at the money.

Methodology: This study applied the Logistic regression in Monte Carlo method for the pricing of
American. Uses the ability of logistic regression to help determine whether the American option
should be exercised early for each stock price path. The validity of the proposed method is
supported by some vanilla put cases testing. The parameters used in all cases tested are
considered the current state of the market.

Conclusion: This study demonstrates the effectiveness of the proposed approach using numerical
examples, revealing significant improvements in numerical efficiency and accuracy. Several test
cases showed that the relative error of all tests are below 1%.

*Corresponding author: E-mail: 138332@mail.tku.edu.tw;
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1. INTRODUCTION

An American option is a kind of an options
contract that allows the holder to exercise the
option at any time before and including the
maturity day. Because of this feature of early
exercise, it is necessary to compare the value of
continuous holding and early exercise in the
evaluation, and then decide whether to perform

early. Therefore, so far, we have not
found an analytical solution for its
evaluation.

Due to the lack of analytic solutions to

American options prices, researchers have
developed a number of methods for these
pricing problems. These methods include tree

method, finite difference method and
Monte Carlo simulation. In general, the
advantages of the tree method and the

finite difference method are that the calculation is
fast and accurate, but the disadvantage is that
they are not suitable for multi-assets and most of
the exotic options. The advantage of Monte
Carlo simulation is that it is more flexible
and suitable for multi-asset and exotic
options’ evaluation. However, its
disadvantage is that the computational
complexity (complex in time and space) is
relatively high.

Early studies using Monte Carlo simulation to
evaluate American options include : Boyle (1977;
for European option pricing) [1], Tilley (1993;
American option pricing) [2], Barraquant and
Martineau (1995; American option pricing) [3],
Broadie and Glasser (1997; American option
pricing) [4], Boyle, Broadie, and Glasserman
(1997; American option pricing) [5] and Longstaff
and Schwartz (2001; American option pricing)
[6], Reesor and McLeish (2007; algorithom
improvment) [7], Feng and Lin (2013; applied
Levy Process Model in simulation) [8], Yari, G.,
M. Rahimi, P. Kumar (2017; multi-period multi-
criteria) [9]. Among those researches, the
Longstaff and Schwartz’s method [LSM, Least
Square Method] is perhaps the most popular and
promising one of these methods. Many
researchers have adopted, modified, and
extended this method over the years LSM uses
the regression method to predict the continuation
value of each path, and compares it with the
value of immediate exercise, and then decides
whether to exercise it early.

35

1.1 Logistic Regression Application

Logistic regression is a technique that borrowed
by machine learning from the field of statistics, it
is used for the classification problems (such as
whether to excercsie the American options or not
is a classification problems), it is a predictive
analysis algorithm and based on the theory of
probability.

The key point for using Monte Carlo evaluate the
price of American options is making a decision
on whether to early exercise the option at each
step. From this, using numerical pricing method
can be seen as dealing with a classification
problem. As long as you can correctly decide
whether to excercise early, then you can
accurately calculate the theoretical price of the
American option.

Logistic regression is a discrete choice approach
and suitable for useing as a tool for classification.
So far, there are many finance or business
related researches that are applied Logistic
regression as following

1.2 Credit Risk

In the part of credit risk, it is mainly used to
predict the possibility of a company's default in
the future. In recent years, there have been
many related studies as follows:

Deni (2015; assessing credit defaul) [10],
Loredana and. Brédart. (2016; bankruptcy
prediction) [11], Omar, Suwaidi. and Darshini
Pun Thapa. (2012; credit risk management) [12],
Ong, Yap and K.ong, (2011; corporate failure
prediction) [13], Liou (2008; business failure
prediction) [14], Spathis, C.T. (2002; detecting
false financial statements) [15].

1.3 Other Business Issue

In addition to credit risk issues, logistic
regression is also used in other management,
including: Richard (2013; dividend policy and
financial crisis) [16], Hiebl, Gartner and Duller
(2017; CFQO’s characteristics and ERP system
adoption) [17], Kittilaksanawong (2014; issues on
insider, and institutional shareholder) [18].

2. METHODOLOGY
2.1 Monte Carlo Algorithm

1. Generat N paths of stock prices, where the

path i=1,.....,M evolves in discrete time



with  index j=1,...,N (time interval
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At = r )- The stocks process as following:

N
Kr—q—%szHo-g\/E}
Si,j = Si—l,je

free interest rate, q is the dividend rate, o
is the volatility of the return of the stock

and € ~ N(0,1).

In case of put option, at t=N—1, the
present values of holding value are
e"max(K-S,,,0) and the early

exercise values are max(K-3S, ,,,0)

, r is the risk

(Since we cannot foresee the stock price of
next day, so we don't have the exactly

holding values at N—1, so we have to
use logistic regression to predict which
paths can be exercise earlier.)

According to the previous step, we took a
peek at the stock price of the next period.
Although we cannot directly use it to make
decisions, we can set the depend variable
to be 1 in the regression formula for the
path that should be excercise early, and
set the rest to be -1. The stock price is an
independent variable to run logistic
regression.

According to the result of step 3, the
predicted value is used to decide whether
to excercise early.

After completing step 4, we can get the

holding value of t =N —1.

Next, go back to step 2 and calculate
t =N -2 until =1 to get the price of the
option.

2.2 Logistic Regression

The Logit model was developed by Berkson [19]
and is a logistic regression model for solving
problems of dichotomization. If we assume that
the situation of early exercise or not at each
stock price path is fi = (1: early exercise; -1: not
early exercise), and let P be the probability of
each path and S is the simulate stock price, we
come up with the following equations:

P=E(f, =-1[S) (1)

P probability of early exercise

Odds ratio = (2)

1-P probability of continuation
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2.3 Application to the American Options

In this section, we are going to test the feasibility
of logistic regression with some vallina cases.
The cases we mainly discuss will be covered by
some American Puts with several different
parameter conditions.

First of all, we must decide all parameters of the
examples. In order to improve the practicability of
this method, this study tried to set the main
parameters as close as possible to the real
situation in the market. In the part of risk-free
interest rate and diveden yield, this study is
determined by reference to the actual situation of
the current market. According to many reports
and research institutions’ information, the
average dividend and net buyback yields was
about 3.2% for those stocks are ftraded in
S&P500 over the past few decades (Fig.1). With
reference to this as a benchmark, the study set
the ridk free interest rate q to be 3.5%.

Since the outbreak of credit crunch in 2008, the
interest rate r (from LIBOR curve) has become
much lower than earlier years and is quite close
to zero in many countries. Fig. 2 shows how the
interest rate r has changed over the period from
1985 to 2018.

According to the information, the average interest
rate rate (one year LIBOR rate) was about 0.6%
in the past ten years, and the interest rates rose
slightly in the last 3 years, and it reached to an
average about 1.7% in the past two years.
Therefore, the study sets the risk-free interest
rate levels to be 1% or 2% for all testing cases.
Let it be closer to the real market situation.

In order to understand the validity of logistic
regression, we will use Binomial tree as the
benchmark, where the initial stock price S =
48(out of money), 50(at the money), and 52(out
of money), time to expiration T = 1 year, volatility
o 0.3, strike price K 50. The other
parameters are set as we mentioned in preview
section.

In Tables 1 and 2 we present the results of the
logistic regression, against the binomial method
results obtained from the CRR tree with 10,000
time steps.
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Dividend & Net Buyback Yields, S&P 500, 1982-2015
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Fig. 1. Dividend & Buyback Yields, S&P 500, 1982-2015
Source: https.//www.bogleheads.org/forum/viewtopic.php?t=193674
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Fig. 2. The LIBOR rate in one year, 1985-2018
Source: https.://www.macrotrends.net/1433/historical-libor-rates-chart
Table 1. American Vanilla Put Options
CRR Lgistic RE
r=0.01 (risk-free interest rate)
S=48 7.4270 7.4168 -0.14%
S=50 6.4606 6.4564 -0.07%
S=52 5.5969 5.5911 -0.10%
Table 2. American Vanilla Put Options
CRR Lgistic RE
r=0.02 (risk-free interest rate)
S=48 7.1143 7.1035 -0.15%
S=50 6.1731 6.1647 -0.14%
S=52 5.3345 5.3154 -0.36%
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The accuracy is measured through relative error
(RE).

RE - Logistic— CRR

i (4)
CRR

where i means on different prices of underlying

asset, Logistic is the price from our model and

CRR is the price form benchmark.

3. CONCLUSION

The numerical results show that all of the relative
error of the evaluation results using logistic
regression are below 0.5% regardless of the
stock prices are in or out of money, and it is
obvious that the evaluation result has reliability.
Longstaff and Schwartz [6] showed the RE in
their research are between 0.89% and 0.00%.
Compared with this research, the method of this
research is obviously no less than the method of
the above-mentioned literature.

Overall, we initially verified that logistic
regression can be used for basic American
options, and in the future we hope to further
apply this method to other exotic options,
including rain bow options and Asian options.
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