


88
was in a chaotic attraction. For the Levy process used in the modified RHCSP method,
the parameters used were drift, log return volatility, and jumps. This Levy process was
meant to quantify the price movements of the CL contract for use in the Monte Carlo

simulation for price forecasting.

Figure 6. CL contract for log return, log return volatility, and time.



&9

0045 T

— CL Log Return %ol

0.04 - —

0035

0.03 - b

0025 — —

=]

=]

=
T
1

Log Return “olatility

ons

0nns u —

] 500 1000 1500 2000 2500
Date

Figure 7. CL contract for log return and time.

I represent the Levy process calculations in Figures 8 through 10. As shown in
Figure 8, there are similar characteristics to the surface shape as of Figure 6 because drift
was calculated from the log returns within a 5-day moving window. In Figures 9 and 10
shows clearly the heteroskedatic characteristics of the CL contract. Figure 10 can be
considered the filtered signal of stress within the CL contract through the investigated 8-
year period. The jump intensity for the CL contract was filtered with a 1.0% threshold.
A moving average of 30 days was used in the modified RHCSP to determine the
probability of a jump and the intensity when calculating the expected price of the CL

during the Monte Carlo simulation.
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Figure 8. Levy process on the CL contract for drift, log return volatility, and time.
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Figure 10. Levy process on the CL contract for intensity and time.

Shown in Figures 11 through 18 are the probability density functions and the
cumulative distribution functions for the CL contract and its Levy process calculations.
The PDF and CDF graphs show the level of skewness, kurtosis, and the probability of a
certain variable to be in the CL contract dataset. I used a random number generator to
determine if a jump was activated based on the jump average count within a 30-day
window. If a jump was activated then another random generator was used to determine
the size of the jump. I set the intensity threshold to be around 25% of the total log return

distribution to allow for enough of the signal to be in a 30-day window.
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Figure 14. CDF on the CL contract for volatility.
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Figure 16. CDF on the CL contract for drift.
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Figure 18. CDF on the CL contract for jump intensity.
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6E Dataset Description
Shown in Figures 19 through 34 are some notable observations of the 6E

independent variable. The three dimensional graphs for the 6E contract were prepared
the same way as described for the CL contract and the time span were the same as well.
In Figure 20 the financial crisis of 2008 is shown around the time period between 800 and
1,000. Extreme volatility was exhibited during the 800 and 1,000 time periods, but
remained elevated. This later volatility was the aftershock of the financial crisis of 2008,
which included the European zone sovereign debt crisis. This sovereign debt crisis

spilled over into the banking sector within the European region.
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Figure 19. 6E contract for price, normal return volatility, and time.
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Figure 21. 6E contract for normal return volatility and time.

As shown in Figure 22, extreme volatility was graphed in three dimensions with

time and log returns representing severe surface distortion—meaning that the EUR/USD
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futures market was in a chaotic attraction. For the Levy process on the 6E contract was

processed similar to the CL contract, but with a different threshold amount and was also

used in the modified RHCSP method.

EurSput(LDgREl, Time, Yollog)
&  EuroSpotvollog vs. Date, EuroSpotLogRet

EuroSpotvolLog
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Figure 22. 6E contract for log return, volatility, and time.
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Figure 23. 6E contract for log return and time.

I represented the Levy process calculations in Figures 24 through 26 for the 6E
contract. As shown in Figure 24, there were similar characteristics to the surface shape
as of Figure 22 because drift was calculated from the log returns within a 5-day moving
window. Figures 25 and 26 clearly showed the heteroskedastic characteristics of the 6E
contract. Figure 26 can be considered the filtered signal of stress within the 6E contract
through the investigated 8-year period. The jump intensity for the 6E contract was
filtered with a 0.3% threshold. A moving average of 30 days was used in the modified
RHCSP to determine the probability of a jump and the intensity when calculating the

expected price of the 6E during the Monte Carlo simulation.
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Figure 26. Levy process on the 6E contract for intensity and time.

Shown in Figures 27 through 34 were the probability density functions and the
cumulative distribution functions for the 6E contract and its Levy process calculations.
The PDF and CDF graphs showed the level of skewness, kurtosis, and the probability of
a certain variable to be in the 6E contract dataset. [used a random number generator to
determine if a jump was activated based on the jump average count within a 30-day
window. If a jump was activated then another random generator was used to determine
the size of the jump. I set the intensity threshold to be around 25% of the total log return

distribution to allow for enough of the signal to be in a 30-day window.
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Figure 32. CDF on the 6E contract for drift.
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EUR/USD Dataset Description

Shown in Figures 35 through 50 are some notable observations of the EUR/USD
spot market independent variable. The three dimensional graphs for the EUR/USD spot
were prepared the same way as described for the previous mentioned contracts and the
time span were the same as well. In Figure 36 the financial crisis of 2008 was shown
around the time period between 800 and 1,000. Extreme volatility was exhibited during
the 800 and 1,000 time periods, but remained elevated—similar to the 6E futures
contract. This later volatility was the aftershock of the financial crisis of 2008, which
included the European zone sovereign debt crisis. This sovereign debt crisis spilled over

into the banking sector within the European region.
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Figure 35. EUR/USD spot for price, volatility, and time.



107

——EUR/USD Spot

166 —

145 2ol

135 —

EURAJSD Price

115 | I | |
] 500 1000 1500 2000 2500

Date
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Figure 37. EUR/USD spot for normal return volatility and time.
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Figure 38. EUR/USD spot for log return, volatility, and time.
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Figure 39. EUR/USD spot for log return and time.
I represented the Levy process calculations in Figures 40 through 42 for the

EUR/USD spot. As shown in Figure 40, there were similar characteristics to the surface
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shape as of Figure 38 because drift was calculated from the log returns within a 5-day
moving window. Figures 41 and 42 showed clearly the heteroskedastic characteristics of
the EUR/USD spot market. Figure 42 can be considered the filtered signal of stress
within the EUR/USD spot through the investigated 8-year period. The jump intensity for
the EUR/USD spot was filtered with a 0.3% threshold, which was the same for the 6E
contract. A moving average of 30 days was used in the modified RHCSP to determine
the probability of a jump and the intensity when calculating the expected price of the

EUR/USD spot during the Monte Carlo simulation.
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Figure 40. Levy process on the EUR/USD spot for drift, volatility, and time.
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Figure 41. Levy process on the EUR/USD spot for drift and time.
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Figure 42. Levy process on the EUR/USD spot for intensity and time.
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Shown in Figures 43 through 50 were the probability density functions and the
cumulative distribution functions for the EUR/USD spot and its Levy process
calculations. The PDF and CDF graphs showed the level of skewness, kurtosis, and the
probability of a certain variable to be in the EUR/USD spot dataset. I used a random
number generator to determine if a jump was activated based on the jump average count
within a 30-day window. If a jump was activated then another random generator was
used to determine the size of the jump. I set the intensity threshold to be around 25% of
the total log return distribution to allow for enough of the signal to be in a 30-day

window.
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Figure 43. PDF on the EUR/USD spot for log returns.
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Figure 49. PDF on the EUR/USD spot for jump intensity.
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Figure 50. CDF on the EUR/USD spot for jump intensity.
Simulated Dataset Description

Shown in Figures 51 through 66 are some notable observations of the simulated
market independent variable. The three dimensional graphs for the simulated market
were prepared the same way as described for the previous mentioned contracts and the
time span were the same as well. In Figure 51 the financial crisis of 2008 was not shown
since this is simulated data independent of the actual events of the financial crisis of
2008. Extreme volatility was not exhibited, and represents a somewhat homoscedastic
volatility. This homoskedastic volatility was expected for the simulation data because
news events and other exogenous shocks were not within the stochastic process. Even
though Figure 51 has price movement that is similar to actual historical data within this
research data, the returns of those prices are quite different. The simulation data is used

to see how well the different hedging methods perform in a homoskedastic environment.
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Figure 51. Simulated market for price, volatility, and time.
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Figure 52. Simulated market for price and time.
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Figure 54. Simulated market for log return, volatility, and time.
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Figure 55. Simulated market for log return and time.

I represented the Levy process calculations in Figures 56 through 58 for the
simulated market. As shown in Figure 56, similar characteristics to the surface shape as
of Figure 38 did exist because drift was calculated from the log returns within a 5-day
moving window and these log returns exhibited homoskedastic volatility. As can be seen
in Figure 56, the volatility spikes were somewhat uniform. Figures 57 and 58 showed
clearly the homoskedastic characteristics of the simulated market. Figure 57 can be
considered the filtered signal of stress within the simulated market through the
investigated 8-year period. The jump intensity for the simulated market was filtered with
a 0.0055% threshold. A moving average of 30 days was used in the modified RHCSP to
determine the probability of a jump and the intensity when calculating the expected price

of the simulated market during the Monte Carlo simulation process.
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Figure 57. Levy process on the simulated market for drift and time.



120

Z T T 1

Simulated Market Jurp Intensity

1.5 =

=]

o
i
|

o
|

=
o
|

Simulated Jump Intensity

in
T
1

3
T
|

o
in

o

500 1000 1500 2000 2500
Date

Figure 58. Levy process on the simulated market for intensity and time.

Shown in Figures 59 through 66 were the probability density functions and the
cumulative distribution functions for the simulated market and its Levy process
calculations. The PDF and CDF graphs showed the level of skewness, kurtosis, and the
probability of a certain variable to be in the simulated market dataset. I used a random
number generator to determine if a jump was activated based on the jump average count
within a 30-day window. If a jump was activated then another random generator was
used to determine the size of the jump. I set the intensity threshold to be around 25% of
the total log return distribution to allow for enough of the signal to be in a 30-day

window.
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Figure 60. CDF on the simulated market for log returns.
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Figure 65. PDF on the simulated market for jump intensity.
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Results
CL Results
As shown in Figure 67, the CL contract hedging error reduced—for the most
part—when hedging with the Black—Scholes method through the modified RHCSP
method. The assumption was that hedging was done with reference to the CL spot price
and offset with an option on a futures contract, with transaction costs of 0.3% of the spot
price per contract. The CL contract was hedged discretely every five days using the BSM
and Leland methods. For the Leland method the transaction cost parameter was 0.01.
The Whalley and Wilmott method had a risk aversion parameter of 1.0 and a hedging
upper/lower threshold of +/-1x1071°. The RHCSP method had a standard objective
function, which included a difference threshold parameter between the predicted
underlying price and the current option strike price of 0.25. The modified RHCSP
method utilized the previous RHCSP objective function and parameters, but also included
the utilization of the LIBOR and Levy process. The modified RHCSP had a LIBOR
threshold parameter of +/- 0.000025 and used a random number generator to determine if
a jump should be activated within the Levy process in conjunction with minimum and
maximum jump intensity functions. See Appendix A for the Matlab code used for each
of the hedging methods on the CL contract.
The sample size was 506 absolute hedging errors for the CL contract—a single

sample was generated by taking the average of four daily absolute hedging errors. The

descriptive statistics of the dependent variable for the CL contract are shown in Table 2.
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Table 2

Descriptive Statistics of the Hedging Errors for the CL Contract

Hedging Method M SD n

Black-Scholes 2.12188 1.34037 506
Leland 2.12663 1.35099 506
Whalley-Wilmott 2.01421 1.60341 506
RHCSP 2.06172 1.64359 506
Modified RHCSP 1.61532 1.00615 506
Total 1.98795 1.41936 2530

Ho: W (difference in hedging error) = O for each pair of hedging methods on the CL
contract, whereas Ha: [ (difference in hedging error) 7 0 for each pair of hedging methods for the

CL contract. Refer to Table 3 for the ANOVA table on the CL contract.

Table 3

Significance for CL Contract Hedging

Source Sum of Squares  Df F Partial #2
Hedging Method 92.169 4 11.63*  0.018
Error 5002.742 2525

* p<.001

There was a significant main effect of the hedging method on the hedging error of
the CL contracts, F(4, 2525) = 11.63, p = .000, partial n> = .018, power = 1.0. I rejected
the null hypothesis and concluded that for the CL contracts there are differences in
hedging error amongst different hedging methods. Furthermore, the modified RHCSP

method performed significantly better than all the other hedging methods represented
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through the r—test. The largest difference in performance of hedging error was with the
modified RHCSP method compared to the Leland method, #505) =-9.884, p < .05 (two-
tailed). The r—tests for the remaining hedging methods compared to the modified RHCSP
were:

* Modified RHCSP and Black—Scholes , #(505) =-9.860, p < .05 (two-tailed)

* Modified RHCSP and Whalley and Wilmott, #(505) =-5.511, p < .05 (two-

tailed)

* Modified RHCSP and RHCSP, #(505) = -7.872, p < .05 (two-tailed)

The mean differences of the Black—Scholes and Whalley and Wilmott pair, #(505)
=1.461, p > .05 (two-tailed); Black—Scholes and RHCSP pair, #505) = 1.022, p > .05
(two-tailed) ; Leland and Whalley and Wilmott pair, #505) = 1.525, p > .05 (two-tailed);
Leland and RHCSP&P pair, #(505) = 1.100, p > .05 (two-tailed); Whalley and Wilmott
and RHCSP pair, #505) =-.564, p > .05 (two-tailed) were not significantly different.

The mean differences of the Black—Scholes and Leland pair, #(505) = -3.130, p <.05
(two-tailed) was significantly different.

The post hoc Tukey test revealed that hedging error was significantly different
between the modified RHCSP and the remaining hedging methods in favor of the
modified RHCSP method for the CL contract between the time period investigated (all p
=.000). The Black—Scholes, Leland, Whalley—Wilmott, and RHCSP methods were not
significantly different amongst each other (with all p >.709).

Based on the results of the F' —test, ¢ —test, and the post hoc Tukey test, I rejected

the null hypothesis with the modified RHCSP outperforming all the other hedging
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methods on the CL contract for the time period investigated. This means that
incorporating a Levy process and the LIBOR in the modified RHCSP method

significantly improved hedging error.
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Figure 67. Profile plot of the hedging method for the CL contract.

6E Results

As shown in Figure 68, the 6E contract hedging error was reduced when hedging
with the Black—Scholes method through the modified RHCSP method. The assumption
was that hedging was done with reference to the 6E futures strike price and offset with a
position in the EUR/USD spot market, with transaction cost of 0.0024% of the spot price

per futures contract and 0.0012% per spot contract. The CL contract was hedged
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discretely every five days using the BSM and Leland methods. Discrete hedging pertains
to a fix time when rebalancing. For the Leland method the transaction cost parameter
was 0.01. The Whalley and Wilmott method had a risk aversion parameter of 1.0 and a
hedging upper/lower threshold of +/- 10. The RHCSP method had a standard objective
function, which included a difference threshold parameter between the predicted
underlying price and the current spot price of 0.002. The modified RHCSP method
utilized the previous RHCSP objective function and parameters, but also included the
utilization of the LIBOR and Levy process. The modified RHCSP had a LIBOR
threshold parameter of +/- 0.00135 and used a random number generator to determine if a
jump should be activated within the Levy process in conjunction with minimum and
maximum jump intensity functions. See Appendix B for the Matlab code used for each
of the hedging methods for the 6E contract.

The sample size was 506 absolute hedging errors for the 6E contract—a single
sample was generated by taking the average of four daily absolute hedging errors. The

descriptive statistics of the dependent variable for the 6E contract are shown in Table 4.
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Table 4

Descriptive Statistics of the Hedging Errors for the 6E Contract

Hedging Method M SD n
Black-Scholes 03665 .03456 506
Leland 03664 .03455 506
Whalley-Wilmott .01978 .02912 506
RHCSP .00346 .00466 506
Modified RHCSP .00753 .02126 506
Total .02081 .03061 2530

Ho: W (difference in hedging error) = O for each pair of hedging methods on the 6E
contract, whereas Ha: | (difference in hedging error) 7 O for each pair of hedging methods on the

6E contract. Refer to Table 5 for the ANOVA table on the 6E contract.

Table 5

Significance for 6E Contract Hedging

Sum of Paritial
Source Squares Df F n2
Hedging
Method 0.496 4 167.08* 0.209
Error 1.873 2525
* p<.001

There was a significant main effect of the hedging method on the hedging error of
the 6E contracts, F(4, 2525) = 167.08, p = .000, partial n?> = .209, power = 1.0. I rejected
the null hypothesis and conclude that for the 6E contracts there are differences in hedging

error amongst different hedging methods. Furthermore, the RHCSP method performed
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significantly better than all the other hedging methods represented through the #—test.
The largest difference in performance of hedging error was the RHCSP method compared
to the Leland method, #(505) = -21.266, p < .05 (two-tailed). The ¢tests for the
remaining hedging methods compared to the RHCSP were:

* RHCSP and Black—Scholes, #505) =-21.265, p < .05 (two-tailed)

* RHCSP and Whalley and Wilmott, #(505) =-12.576, p < .05 (two-tailed)

* RHCSP and modified RHCSP, #505) = -4.331, p < .05 (two-tailed)

The mean differences of the Black—Scholes and Leland pair, #(505) =.999, p >
.05 was not significantly different. The mean differences of the Black—Scholes and the
Whalley and Wilmott pair, #(505) = 13.191, p <.05; Black—Scholes and modified RHCSP
pair, #(505) = 21.234, p < .05 ; Leland and Whalley and Wilmott pair, #(505) = 13.191, p
<.05; Leland and modified RHCSP&P pair, #505) = 21.235, p <.05; Whalley and
Wilmott and modified RHCSP pair, #(505) = 8.555, p < .05 were significantly different.

The post hoc Tukey test revealed that hedging error was significantly different
between the modified RHCSP and the remaining hedging methods in favor of the
modified RHCSP method for the 6E contract between the time period investigated,
except for the RHCSP method (all p =.000, but significance was not established between
modified RHCSP and RHCSP with p = .123)—allowing the rejection of the null
hypothesis that hedging error is not significantly different amongst the different hedging
methods. The hedging error was not significant between the Black—Scholes and Leland
methods (with p = 1.00). The Black—Scholes and Leland methods performed worse

compared to the remaining hedging methods (with p =.000). The Whalley and Wilmott
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method outperformed the Black—Scholes and Leland methods, but did not outperform the
RHCSP or the modified RHCSP methods.

Based on the results of the F'—test, ¢ —test, and the post hoc Tukey test, I rejected
the null hypothesis with the RHCSP outperforming all the other hedging methods on the
CL contract for the time period investigated. This means that incorporating a Levy
process and the LIBOR in the modified RHCSP method significantly improved hedging

error except when comparing to the RHCSP method.
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Figure 68. Profile plot of the hedging method for the 6E contract.
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Simulated Market Results

As shown in Figure 69, the simulated contract hedging error increased when
hedging with the Black—Scholes method through the modified RHCSP method. The
assumption was that hedging was done with reference to the simulated spot price and
offset with an option on a futures contract, with transaction cost of 0.3% of the spot price
per contract. The simulated contract was hedged discretely every five days using the
Black—Scholes and Leland methods. For the Leland method the transaction cost
parameter was 0.01. The Whalley and Wilmott method had a risk aversion parameter of
1.0 and a hedging upper/lower threshold of +/- 16.2. The RHCSP method had a standard
objective function, which included a difference threshold parameter between the
predicted underlying price and the current option strike price of 0.04. The modified
RHCSP method utilized the previous RHCSP objective function and parameters, but also
included the utilization of the LIBOR and Levy process. The modified RHCSP method
had a LIBOR threshold parameter of +/- 1x10™ and used a random number generator to
determine if a jump should be activated within the Levy process in conjunction with
minimum and maximum jump intensity functions. See Appendix C for the Matlab code
used for each of the hedging methods for the simulated contract.

The sample size was 506 absolute hedging errors for the simulated contract; this
sample was generated by taking the average of four daily absolute hedging errors. The
descriptive statistics of the dependent variable for the simulated contract are shown in

Table 6.
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Table 6

Descriptive Statistics of the Hedging Errors for the Simulated Contract

Hedging Method M SD n
Black-Scholes 18071 .04602 506
Leland 18071 .04602 506
Whalley-Wilmott .36456 .26942 506
RHCSP 28827 .19617 506
Modified RHCSP .50352 .14577 506
Total 30356 .20518 2530

Ho: W (difference in hedging error) = O for each pair of hedging methods for the simulated
contract, whereas Ha: | (difference in hedging error) 7 0 for each pair of hedging methods for the

simulated contract. Refer to Table 7 for the ANOVA table on the simulated contract.

Table 7

Significance for Simulated Contract Hedging

Sum of Paritial
Source Squares Df F n2
Hedging
Method 37.505 4 343.31%* 0.352
Error 68.960 2525
*p < .001

There was a significant main effect of the hedging method on the hedging error of
the simulated contracts, F(4, 2525) = 343.31, p = .000, partial n* = .352, power = 1.0. 1
rejected the null hypothesis and concluded that for the simulated contracts there were
differences in hedging error amongst different hedging methods. Furthermore, the

Black—Scholes and Leland methods performed significantly better than all the other
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hedging methods represented through the —test. The largest difference in performance of
hedging error was the Leland method compared to the modified RHCSP method, #(505) =
-47.026, p < .05 (two-tailed). The #—tests for the remaining hedging methods compared to
the Leland method were:

* Leland and Black—Scholes, #505) = -1.00, p > .05 (two-tailed), not significant

* Leland and Whalley and Wilmott, #(505) =-16.027, p < .05 (two-tailed)

* Leland and RHCSP, #505) =-10.660, p < .05 (two-tailed)

The mean differences of the Black—Scholes and Whalley and Wilmott pair, #(505)
=-16.027, p < .05; Black—Scholes and RHCSP pair, #505) =-10.660, p < .05 ; Black—
Scholes and modified RHCSP, #505) =-47.026, p < .05; Whalley and Wilmott and
RHCSP pair, #(505) =4.706, p <.05; Whalley and Wilmott and modified RHCSP pair,
#(505) =-10.011, p <.05; RHCSP and modified RHCSP pair, #(505) =-26.042, p < .05
were significantly different.

The post hoc Tukey test revealed that hedging error was significantly different
between the Black—Scholes and the Leland methods compared to the remaining hedging
methods in favor of the Black—Scholes and Leland methods for the simulated contracts
between the time period investigated (all p =.000). The Black—Scholes and Leland
methods were not statistically different amongst each other, (with p =1.00). The Whalley
and Wilmott method performed statistically better in terms of hedging error compared to
the modified RHCSP method, but the Whalley and Wilmott method did statistically
worse relative to RHCSP. The use of the LIBOR and the Levy process did not help

reduce hedging error in the simulated market investigated, nor did threshold parameters
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used in the RHCSP objective function or in the Whalley and Wilmott method. Since the
characteristics of the simulated market were more homoskedastic and had price swings
that were lower compared to the currency and oil markets, using a discrete hedging
method like the Black—Scholes or the Leland method outperformed the hedging methods
investigated.

Based on the results of the F'—test, #—test, and the post hoc Tukey test, I rejected
the null hypothesis with the Black—Scholes and Leland methods outperforming all the
other hedging methods on the simulated contract for the time period investigated. This
means that incorporating a Levy process and the LIBOR in the modified RHCSP method

did not significantly improve hedging error.
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Figure 69. Profile plot of the hedging method for the simulated contract.
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The following are the answers to the research questions and conclusions relative
to the hypotheses. Can the RHCSP hedging method improve hedging error compared to
the Black—Scholes, Leland, and Whalley and Wilmott methods when applied to a
simulated market, oil futures market, and currency futures market? This depends on the
type of market investigated. The RHCSP hedging method was shown to outperform in
the 6E market relative to the Black—Scholes, Leland , and Whalley and Wilmott
methods—whereas the RHCSP method was not statistically different from the Black—
Scholes, Leland, and Whalley and Wilmott methods for the CL market. The RHCSP
hedging method did not outperform for the simulated market investigated, except when
compared to the Whalley and Wilmott method.

Can a modified RHCSP method significantly reduce hedging error under extreme
market illiquidity conditions when applied to a simulated market, oil futures market, and
currency futures market? The modified RHCSP hedging method did outperform in the
CL and 6E markets, which included the extreme market illiquidity conditions of the 2008
financial crisis. The modified RHCSP did not outperform compared to the other hedging
methods for the simulated market.

For the CL market I rejected the null hypothesis because there were significant
differences in hedging error amongst the different methods resulting in the modified
RHCSP outperforming. For the 6E market I could also reject the null hypothesis because
there were significant differences in hedging error amongst the different methods

resulting in the RHCSP and modified RHCSP outperforming. Lastly, for the simulated
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market I rejected the null hypothesis because there were significant differences in
hedging error amongst the different methods resulting in the Black—Scholes and Leland
methods outperforming.

Summary

It has been shown that the hedging methods perform statistically different
depending on the type of market used, when considering the time period between January
1, 2005 and December 31, 2012. For the CL market, hedging error was shown to be
significantly reduced by using the modified RHCSP method. The 6E market revealed
that either the RHCSP or the modified RHCSP method performed statistically better
compared to the other methods considered. These results match the results found for the
CL contract because of the heteroskedastic characteristics of this financial asset. Lastly,
the simulated market revealed that hedging with the Black—Scholes or the Leland
outperformed significantly better than all other hedging methods investigated in this
research. The superior performance of the BSM and the Leland methods in the simulated
market is due to the homoskedastic behavior of the log returns. In addition, the simulated
market did not fluctuate wildly around its starting point compared to the CL contract.

Can the RHCSP hedging method improve hedging error compared to the Black—
Scholes, Leland, and Whalley and Wilmott methods when applied to a simulated market,
oil futures market, and currency futures market? This depends on the type of market
investigated. The RHCSP hedging method was shown to outperform in the 6E market
relative to the Black—Scholes, Leland , and Whalley and Wilmott methods—whereas the

RHCSP method was not statistically different from the Black—Scholes, Leland, and
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Whalley and Wilmott methods for the CL market. RHCSP hedging methods do not
outperform for the simulated market investigated, except when compared to the Whalley
and Wilmott method.

Can a modified RHCSP method significantly reduce hedging error under extreme
market illiquidity conditions when applied to a simulated market, oil futures market, and
currency futures market? The modified RHCSP hedging method did outperform in the
CL and 6E markets, which included the extreme market illiquidity conditions of the 2008
financial crisis. The modified RHCSP did not outperform compared to the other hedging
methods for the simulated market.

For the CL market I rejected the null hypothesis because there are significant
differences in hedging error amongst the different methods resulting in the modified
RHCSP outperforming. For the 6E market I can also reject the null hypothesis because
there are significant differences in hedging error amongst the different methods resulting
in the RHCSP and modified RHCSP outperforming. Lastly, for the simulated market I
rejected the null hypothesis because there were significant differences in hedging error
amongst the different methods resulting in the Black—Scholes and Leland methods
outperforming.

I showed that hedging error amongst the hedging methods are significantly
different, therefore rejecting the null hypothesis. The modified RHCSP did outperform
for the CL and 6E markets, but not the simulated market. In Chapter 5, I explained the

results, provided conclusions, and put forth recommendations on how to use the modified
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RHCSP in oil and currency markets, as well as exploring possible future research on the

modified RHCSP method.
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Chapter 5: Discussions, Conclusions, and Recommendations

The purpose of this research was to address a gap in the literature concerning how
to utilize and improve the performance of the receding horizontal control and stochastic
programming (RHCSP) method pertaining to the oil and currency markets. This research
study considered the following time periods for the oil and currency market: (a) precrisis,
(b) during the global financial crisis of 2008, and (c¢) postcrisis. This research also
contributed to the body of knowledge by improving on a dynamic hedging strategy used
in illiquid markets.

The nature of this study was quantitative utilizing an experimental research
design. This research study was intended to compare different hedging methods by using
a hedging error metric, and to improve on the RHCSP method by utilizing the London
interbank offered rate (LIBOR) and the Levy process to perform better in illiquid
markets. The study followed two basic precepts: that it is important to understand the
volatility of the oil and currency market because they are very important financial sectors
for the global economy, and that by understanding these dynamics better predictions of
inflation or deflationary conditions can be obtained, potentially leading to increased
performance of hedging strategies.

Key Findings

My research findings showed that the hedging methods performed statistically
different depending on the type of market used over a time period from January 1, 2005
and December 31, 2012. For the CL market, using the modified RHCSP method

significantly reduced hedging errors. For the 6E market either the RHCSP or the
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modified RHCSP method performed statistically better compared to Black—Scholes,
Leland, and Whalley and Wilmott. These results match the results found for the CL
contract because of the heteroskedastic characteristics of this financial asset. The
simulated market results indicated that hedging with the Black—Scholes or the Leland
methods significantly outperformed each of the other hedging methods investigated in
this study. The superior performance of the Black—Scholes and the Leland methods in
the simulated market was due to the homoskedastic behavior of the log returns. In
addition, the simulated market did not fluctuate wildly around its starting point compared
to the CL contract.

Interpretation of Findings

Modified RHCSP

These findings suggest that volatility of the oil and currency markets can be
tamed by using the modified RHCSP method proposed in this research study. When
investing in oil and currency future markets, dynamic hedging can help reduce return
volatility and reduce contingency claim risk. Contingency claim risk is when someone is
obligated to purchase or sell a certain amount of assets at a certain time. Due to the
unknown price of assets at the time of asset transfer, individuals need to hedge their
futures contracts to cap their risk exposure. One way to cap this risk exposure is through
a dynamic hedging strategy utilizing the modified RHCSP method. This research
showed that modified RHCSP can cap risk exposure in the CL and 6E contract for the

time period investigated.
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The results showed that coupling principles of dynamic hedging and the modified
RHCSP method reduces hedging error. This reduction in hedging error provides
portfolio managers, investors, and risk managers with an additional means of stabilizing
returns in periods of illiquidity. For example, if a portfolio manager started to see returns
declining rapidly they could initiate a dynamic hedging strategy using the modified
RHCSP. This dynamic hedging activation will help to reduce further return declines.
Utilizing a hedging method that has minimum hedging error improves the performance of
dynamic hedges.

These findings showed that heteroskedastic markets such as CL and 6E contracts
are well suited for the use of more sophisticated dynamic hedging strategies utilizing the
modified RHCSP. The modified RHCSP method employs the Levy process and the
LIBOR to predict where the price is in a future time period; the results show that this
combination helps hedge against price changes. The performance of those price
predictions was due to calculating hedging error. These findings also suggest that
hedging methods like RHCSP and modified RHCSP do not perform better than standard
methods in very low volatility markets that have homoskedastic characteristics. In short,
volatile market can be tamed using the modified RHCSP method, but do not perform as
well in tranquil markets.

The following are some observations to consider regarding dynamic hedging of
energy and currency futures. For the CL contract, the modified RHCSP performed
significantly better than all the other hedging methods considered in this research. This

indicates that when a contingency claim is based on the CL spot and risk is hedged with
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options on a future contract, using the LIBOR and the Levy parameters with the modified
RHCSP hedging method results in significantly lower hedging error compared to the
Black—Scholes, Leland, Whalley and Wilmott, and RHCSP methods.

For the 6E contract, RHCSP and modified RHCSP performed significantly better
than other hedging methods investigated in this research. This indicates that when
hedging a futures strike price based on the 6E contract and risk is hedged with a currency
spot contract using the LIBOR and Levy parameters with the modified RHCSP method,
the hedging error was significantly lower compared to the Black—Scholes, Leland, and
Whalley and Wilmott. Hedging performance was not significantly different between
RHCSP and modified RHCSP, representing that either RHCSP method would be
adequate for dynamically hedging the 6E contract.

For the simulated contract, modified RHCSP performed the worst in terms of
hedging error compared to all other hedging methods investigated in this study. This
indicates that when a contingency claim is based on the simulated spot price and risk is
hedged with option contracts by using either the Black—Scholes or the Leland method, the
hedging error is significantly lower than that obtained through the Whalley and Wilmott,
RHCSP, or the modified RHCSP methods. For homoskedastic markets it is better to
utilize the standard hedging methods, such as Black—Scholes method.

These research findings and observations show that modified RHCSP utilizing the
Levy process and the LIBOR can significantly reduce hedging error and reduce return
volatility in heteroskedastic markets. The Levy process is important in improving the

price prediction one time period out because the Levy process captures the price curve
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dynamics of a 5-day moving window; this allows for new endogenous information to
influence the price prediction for future time periods. The LIBOR process data showed
that banking stress was a strong indicator for the financial crisis of 2008. By using the
LIBOR in the modified RHCSP method, I was able to get banking stress signals to
improve dynamic hedging rebalancing, which was found to improve hedging error. Using
a modified RHCSP method an investor can improve hedging performance in the oil and
currency market.

It is my recommendation to investors to implement a modified RHCSP hedging
strategy in heteroskedastic markets when utilizing the Levy process and the LIBOR in the
RHCSP objective function. By using this type of hedging method portfolios can reduce
the return volatility. The sophisticated investors and professional investment managers
need access to better risk management tools, such as dynamic hedging, to mitigate market
corrections or crashes. These investors can better risk manage their portfolios by utilizing
the modified RHCSP method.

Benefits of Modified RHCSP

This research addresses a research gaps on extending the RHCSP method using
endogenous and exogenous variables. This study used these variables to improve on
hedging error in the context of a dynamically hedging strategy by specifically utilizing a
Levy process and LIBOR. I extended the RHCSP method by using the Levy process and
the LIBOR rate as signals to improve on hedging error, which had not been done before
using the RHCSP method. This research also expands the body of knowledge on how the

EUR/USD and oil crude future contracts perform using a RHCSP and modified RHCSP
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method. A strength of this study was that it focused on a specific timeframe spanning
from January 1, 2005 to December 31, 2012, a period encompassing the boom-bust-
recovery cycle of the financial crisis of 2008. By specifically focusing on this timeframe,
I was able to establish how dynamically hedging with the modified RHCSP performs in
extreme illiquid conditions. This research constitutes a major contribution to the body of
literature regarding financial risk management.

The findings of this study confirm what other researchers have found about
dynamic hedging. Meindl (2006) showed that the RHCSP method can reduce hedging
error in certain types of simulated markets, and this research confirmed those findings for
heteroskedastic markets. Kennedy (2007) showed the use of a Levy process could help
with regime switching events. In the context of this research study, a Levy process
indeed helped with controlling hedging error within the modified RHCSP method for the
CL and 6E contracts. Fleten et al. (2010) showed that due to the high volatility of energy
commodities, such as hydroelectric power, controlled dynamic hedging could be
advantageous. This study also confirms the conclusion from Fleten et al. that energy
commodities can be dynamically hedged to reduce price volatility.

The theoretical framework of this research was from chaos theory and emergence.
The findings suggest that the financial markets are not rational and exhibit inefficiencies,
especially in illiquid conditions. These illiquid conditions are the result of herd behavior
of investors. It is important to be able to reduce volatility and exposure to the buildup of
internal and external risk factors. Within chaos theory there are unsuspected changes in

nonlinear systems, such as financial markets moving into speculative bubbles or crashes.
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With the understanding that chaotic systems can behave erratically, I need means to
maintain control of this nonlinear system. The RHCSP and modified RHCSP methods in
this research study did show that volatility could be reduced and improved hedging
performance results could be achieved. Even though hedging error is not completely
eliminated using dynamic hedging, at least the chaotic system is tamed to the degree of
the hedging method used. In this case, the modified RHCSP on oil and currency markets
for the timeframe investigated can control disequilibrium of chaotic systems.
Limitations of the Study

Generalizability, Validity, and Reliability

For generalization of the findings in this study, I can comment on a few items.
Since this study looked at three financial markets, (i.e., simulated, energy, and currency
markets), and found similar results; therefore, I can conclude that the modified RHCSP
method can improve on hedging error in different markets that are heteroskedastic. In
addition, the modified RHCSP can also be used in different illiquidity periods as well.
Since the price dynamics are similar in the CL and 6E markets, the modified RHCSP
method performed similarly with reduced hedging error. Since the objective function can
be easily adapted to specific needs, expanded usage of the modified RHCSP for different
assets is possible and this is mentioned in the further research section. The major
limitation of this study relative to generalization is that other assets and a wider time
period should be investigated.

With any comprehensive research study I must consider the internal and external

validity of the findings. The internal validity of this research study was relatively strong
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because of the use of both simulated and real market data for evaluating hedging error for
each of the five categorical variables representing the different hedging methods.
External validity was demonstrated by the testing of hedging performance for different
time periods and within different markets. In this research study I established similar
hedging performance in different markets over an 8-year timeframe. A limitation of this
study regarding external validity was how the hedging error would perform in periods
other than January 1, 2005 to December 31, 2012 in different asset markets, such as
bonds and credit default swaps. But it might be safe to assume that similar price
dynamics would result in similar hedging error performance for the five different hedging
methods investigated.

How reliable are the finding in this research study? Reliability can be established
by showing how often measurements can be repeated. I conducted this study with three
different markets and five different hedging methods as independent variables with the
dependent variable being the calculated 4-day average absolute hedging error. This study
showed similar hedging error characteristics for each of the different hedging methods
when applied to the heteroskedastic financial markets. In addition, the total sample size
was 506 hedging error calculations, which allowed a power of 1.0 and permitting a strong
probability of reducing type Il error. By reducing type II error I lowered the probability
of failure in rejecting that there was no significant differencing in hedging methods when
testing in a simulated, currency, or oil market. I relatively controlled for generalization,

validity, and reliability within this research study; and any resulting limitations of the
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study are addressed with additional investigations, which were suggested in the further
research section of this chapter.

Recommendations
Future Research

The use of a modified RHCSP or just a simple RHCSP dynamically hedging
strategy is vast. But further research needs to be conducted in many areas to improve on
the external validity and to expand on the positive social change potential. In terms of
improving on the external validity, the modified RHCSP needs to be investigated in the
bond markets, natural gas, and additional currency pairs.

The potential research in the bond market using the modified RHCSP dynamic
hedging method is with a concentration on spread trading. For example, can a modified
RHCSP with an adjusted objective function decrease a bond portfolio’s volatility to
interest rate risk via dynamic hedging in the futures market? In this case the portfolio
might be bonds that are in the front of the yield curve, (e.g., 2-year treasuries), while the
other part of the portfolio has bonds from the end of the yield curve, (e.g., 30-year
treasuries.) As interest rates increase in this proposed bond portfolio the 2-year treasuries
will affect the different components of the bond portfolio. In this case the 2-year bonds
will lower in price faster than the 30-year bonds. Therefore, when interest rate changes
are a significant factor to the portfolio one might want to dynamically hedge the risk
using the modified RHCSP. Development in how to hedge bond portfolios would be a

very significant improvement in the use of the RHCSP strategy.
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By expanding the use of the modified RHCSP method to the natural gas market it
could help gas producers and industrial consumers to hedge the volatility of the spot
price. This future research could be setup similar to the oil futures study conducted in
this research, but natural gas has a tendency to exhibit more volatility. Part of the reason
for increased volatility in natural gas prices is due to the difficulty of storage compared to
crude oil. In addition to natural gas future research, one could improve the external
validity of the findings in this research study by exploring other important currency pairs,
(e.g., GBP/USD, USD/YEN, and GBP/YEN.)

Other research could be focused on expanding the time frame of the study to
cover multiple boom-to-bust cycles, (i.e., 30 years.) Another valuable area of research is
exploring ways to expand the objective function used in the RHCSP to allow for pattern
recognition. This pattern recognition could possibly augment or supersede the modified
RHCSP proposed in this research study. Other potential investigations could include a
large portfolio of assets to see if there are any unique aspects to dynamically hedging
such portfolios with a modified RHCSP strategy.

It is technically possible for central banks to use the modified RHCSP for
implementing their quantitative easing regimes. Even though a central bank does not
need to hedge their balance sheet they do need to intervene in the financial markets to set
monetary policy. This is usually in the bond markets, whereby the central bank buys
bonds to inject money into the financial system or sell bonds to soak up money out of the
financial system. One possible way to improve effectiveness of quantitative easing is to

use the RHCSP method with a specialized objective function, whereby a central bank’s
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intervention into the markets is automatic. Lastly, improved visualization techniques to
understand the RHCSP dynamics could be helpful to risk managers and dynamic hedgers.
These improved visualization tools might be neural network diagrams showing when to
rebalance a portfolio or how systemic risk is building up in the financial system, whereby
an automatic dynamic hedging trigger is initiated.

Implications
Positive Social Change

This research provides the potential for several positive social changes. Firstly, it
has been shown that dynamic hedging using the modified RHCSP method in the oil and
currency market can reduce hedging error. This means that individual portfolios can
reduce volatility and have more stable returns over time, especially through illiquid
periods. The average investor might not be able to directly utilize the findings in this
research study, but professional portfolio managers, risk managers at investment firms,
and software developers do have the means to utilize these research findings.

In terms of portfolio managers, they can implement in their investment strategy
dynamic hedging to reduce certain types of risk using the modified RHCSP method,
either with using the LIBOR and Levy process or an updated objective function to
determine when to rebalance the hedging strategy. For risk managers at an investment
firm, they could utilize the research findings to help reduce risk with their trading floor.
As certain trading positions start to build up in the currency or energy parts of their
portfolio they could employ the modified RHCSP method to reduce any unwanted risk.

Another way that risk managers could use the modified RHCSP findings in this research
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is to build an endogenous and exogenous risk signal from the LIBOR and Levy process.
This risk signal not only could be used for rebalancing the dynamic hedging position, but
could be used to curtail other trading and counterparty risk activities to reduce overall
market risk exposure for the firm.

Another major positive social change that the modified RHCSP method can be
used for is in software development which specializes in financial trading. Retail trading
platforms can utilize the modified RHCSP method, so individual investors can trade with
an automatic dynamic hedging strategy. The individual retail investor might not fully
understand the mechanics of the modified RHCSP method, but can still benefit from the
lower volatility in asset returns in their portfolio. Coupled with additional research in
expanding the potential of RHCSP in portfolio management, these software developers
can reduce the need for professional investment managers and allow for retail investors
and corporations to use automatic stabilizers to reduce return volatility.

Why does reduced return volatility provide positive social change at the
individual or societal level by using the modified RHCSP method? If the majority of
investors do not reduce volatility in their portfolios during a crisis period of a market
correction then the time to recover the losses will be extended. In the theory of
behavioral finance, there is a herd effect—investors are exiting out of their position in
tandem, which leads to further asset price decline. Depending on the counterparty risk,
the fragility of the economy, and the severity of the herd effect these factors will
determine the level of the price decline and intensity of the contagion. By using the

modified RHCSP method I can reduce risk and increase the recovery time because less
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intensive shocks to the portfolio would be realized. This would help the individual
investor because the total assets would be relatively stable and would help the overall
economy, because less draconian measures would be taken by corporations, (e.g.,
excessive personnel reductions, and lower capital investment). By reducing the contagion
of a financial crisis less damage to the overall economy results, allowing for relatively
more stable employment and GDP.

Lastly, a central bank can make use of the modified RHCSP method proposed in
this research study or a derivative of it to improve on the efficacy of certain monetary
policy. Instead of using a series of macroeconomic indicators and surveys of different
industries to understand the health of the overall economy, the modified RHCSP method
could be used to automatically stabilize the monetary base when using a certain target,
such as inflation targeting of two percent. Again the use of the Levy process for
endogenous risks and the use of the LIBOR for exogenous risk could be signals, which
are coupled with other macroeconomic indicators to adjust central bank intervention into
the financial market, (i.e., the bond markets.) In theory, the use of the modified RHCSP
method for monetary policy could reduce inflationary swings, which erodes the value of
savings and creates financial instability. As can be seen, the modified RHCSP method
has broad implication for positive social change.

Conclusion
The Message
Since the financial crisis of 2008 was so devastating to the global economy there

must be ways to better risk manage financial assets. A simple buy and hold strategy does
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not seem to work for many investors, since market corrections are very turbulent. With
the power of algorithms and the computational power of computers, tracking systems can
add some stability to an investor’s portfolio. The research in this study showed that the
use of the modified RHCSP method for oil and currency markets can help reduce return
volatility through reduced hedging error of a dynamic hedging process.

The research in this study helped fill some gaps in the literature. For example,
this study was the first to demonstrate the use of the Levy process and the LIBOR rate as
endogenous and exogenous risk signals respectively and implemented in a RHCSP
method. Secondly, this study also demonstrated that high volatile markets, such as
currency and energy markets, can be stabilized using RHCSP methods.

Since the RHCSP method is relatively easy to adapt through the design of the
objective function, it is quite versatile. This versatility allows for many applications in
the field of finance, especially in targeting certain financial goals—as demonstrated with
reduced hedging error. Not only can the RHCSP be hard coded to accomplish certain
financial objectives—but as shown with the modified RHCSP—artificial intelligence can
be allowed to search for signals and adjust the dynamic hedging timing periods to adapt
to illiquid market conditions. Investors now have tools to reduce portfolio return

volatility via the use of the modified RHCSP method.
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Appendix A: Code for Modeling an Oil Market

O | BSMlelta cal cul ate. m

for x = 1:5:2022

y=bl ack_schol es_del t a_hedgi ng( CL(x, 1), OptionStrike(x, 1), riskfree(x,1),C
LVol Log(x, 1), Expiration(x, 1))

delta(x,1)= y.call;
del ta(x, 2) = Date(x);
end

bl ack_schol es_del ta_hedi ng. m

function BS delta_ tinme =
bl ack_schol es_del ta_hedgi ng(u, k, r, v, expi ration)

% unction BS delta tinme =

bl ack_schol es_del t a_hedgi ng(u, k, r, v, expi ration)

% This function is the Black Schol es Delta Hedgi ng nodel from

% Mei ndl, P.(2006). Portfolio Optimzation and Dynam ¢ Hedging with

% Recedi ng Horizontal COntrol, Stochatic Progranmm ng and Monte Carlo
% Si nul ation. This function calculates the delta(t) - the nunber of

shares

% of the underlying.

% u= Current underlying price S(t)

% k= Strike price of the option price

%r= Risk free rate

% v= volatility (standard deviation of returns)
% T= Tine of expiration of the option

%t= current tine

% A nornal cunul ative distribution is assunmed (Mu=0, Sigma=1)for
pricing
% opt i on.
%d1l=(1 og(u./K)+((r+(vr2)/2)*(T-t))./(v*sqrt(T-t)));
di=(log(u./K)+((r+(v"r2)/2)*(expiration))./(v*sqrt(expiration)));
BS delta_tine.call= norncdf(dl,O,1);
98BS delta_ tine.put=BS delta_ tine.call-1;

end
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| el and_del t a_hedgi ng. m

function leland delta tine =leland_delta_hedging (u,k, r,v,expiration,Qq)

% unction leland delta tine =leland_delta_hedging (u,k,r,v,T,t,g,i)

% This function is the Leland Delta Hedgi ng nodel from

% Mei ndl, P.(2006). Portfolio Optimzation and Dynam ¢ Hedging with

% Recedi ng Horizontal Control, Stochatic Programm ng and Monte Carlo

% Si mul ation. This function calculates the delta(t)by using the Bl ack
% Schol es Delta Hedgi ng nodel with a new cal cul ation of volatility that
% i ncorporates a transacation cost.

% u= Current underlying price S(t)

% k= Stike price of the option price

%r= R sk free rate

% v= volatility (standard deviation of returns)
% T= Tine of expiration of the option

%t= current tine

% g= transacti on cost proportion

%i=interval of tinme step

% A nornmal cunul ative distribution is assunmed (Mu=0, Sigma=1)for
pricing
% opt i on.

% v_hat = the Leland volatility, which incorporates transacti on costs.
% used .083333 for eurfutures
%Jsed .25 for G| Futures and sinul ated

W_hat= v*((1+ ((g/Vv)*(sqrt((g/(pi*i*t))))))".5);

v_hat= v*((1+ ((g/v)*(sart((g/(pi*.25))))))".5);

| el and_del ta_ti ne=bl ack_schol es_del t a_hedgi ng
(u,k,r,v_hat, expiration);

end

O | Fut Lel anddel ta_cal cul ate. m

for x = 1:5:2022

y=l el and_del t a_hedgi ng
(A (x,1),OptionStrike(x,1),riskfree(x, 1), CLVol Log(x, 1), Expiration(x,1),
. 01)
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delta(x, 1)= y.call
del ta(x, 2) = Date(x);
end

OlWIlnottdelta_cal cul ate. m

for x = 1:2022
g=. 01;
u=CL(x, 1);
expiration=Expiration(x,1);
k=OptionStrike(x,1);
v=CLVol Log(x, 1);
r=riskfree(x,1);
drift = CLDrift(x,1)

di=(log(u./k)+((r+(v"r2)/2)*(expiration))./(v*sqrt(expiration)));
ganma = nor nmpdf (d1, 0,1)./(u*v*sqgrt(expiration));

ww delta_tinme.plus = nthroot (((3*g*u*exp(-r*(expiration))*(gamra-
((exp(-r*(expiration))*(drift-r))/(1*unr2*v~2)))"2)/(2*1)), 3);
ww delta_tine.negative = -1*ww del ta_tine. pl us;

upper (x, 1)
| ower (x, 1)

ww_del ta_tine. pl us;
ww _delta_tinme. negative;

end

O | Fut RHCSPdel t a_cal cul ate. m
for x = 1:2022
y = Bal ance(x, 1);
if y==
[ RHCSP_si m hedge, underlying] =
RHCSP_hedgi ng(CL(x, 1), OptionStri ke(x, 1), riskfree(x, 1), CLVol Log(x, 1), CLD
rift(x,1), Expiration(x,1));

del t a(x, 1) =hedge. cal |
del ta(x, 2) =Dat e(x) ;

spot hedge(x, 1) =under | yi ng;
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di fference=abs(underlying-OptionStrike(x,1));

if difference<.25
del t a(x, 1) =hedge. cal | ;
el se
del ta(x, 1) =0;
end
end
if y==2
[ RHCSP_si m hedge, underlying] =
RHCSP_hedgi ng(CL(x, 1), OptionStrike(x, 1), riskfree(x, 1), CLVol Log(x, 1), CLD
rift(x,1),Expiration(x,1));

del t a(x, 1) =hedge. cal | ;
del ta(x, 2) =Dat e(x) ;

spot hedge( x, 1) =under | yi ng;
di fference=abs(underlying-OptionStrike(x, 1))
end

end

RHCSP_hedgi ng. m

function [ RHCSP_si mul ati on, RHCSP_hedge, underlyi ng_asset] =
RHCSP_hedgi ng(initial _price,k,r,v,drift,expiration)

% This function is the RHC&SP Hedgi ng nodel from

% Mei ndl, P.(2006). Portfolio Optimzation and Dynam ¢ Hedging with
% Recedi ng Horizontal Control, Stochatic Programm ng and Monte Carlo
% Simul ation. This function cal cul ates the amount to hedge at each
hori zon

% peri od.

% RHCSP_hedge = call or put delta hedge.

% deltaT = the difference between tinme periods
% RHCSP_sinul ation = the price curve

% deltaW= the difference in the Winer process



%k = strike price of option

% Create 200 Monte Carl o Simul ations
mu=drift;

S

grma=v;

del t aT=1,
RHCSP_si mul ati on = zer 0s(200, 2022);
del taWt sqrt(deltaT)*randn(200, 2022);

for x =
time=1;

price

1

200

zeros(2022,1);

delta_price=zeros(2022,1);
price(1l)=initial _price; %initial price is 30
RHCSP_si nul ati on(x, 1) =price(1);

for time= 2:2022

end

end

delta_price(time)= mu*price(tine-1)+sigm*deltaWx,time);
price(tinme)=delta_price(tine)+price(time-1);

RHCSP_si nmul ati on(x,tinme)=price(tinme);

%Det erm ning the bin heights and price points
%raxCone(1)-bin(1,1) is the first bin
%in(l,1)-bin(1,2)is second bin
%in(l,2)-mnCone(l) is the third bin

maxCone( 1)
maxCone( 2)
i nCone( 1)
nCone( 2)

mi
mi

d

stance_cone(1)

max( RHCSP_si mul ation(:,2));
max( RHCSP_si mul ation(:, 3));
m n( RHCSP_si mul ation(:, 2));
m n( RHCSP_si mul ation(:, 3));

maxCone( 1) - mi nCone(1);

di stance_cone(2) maxCone( 2) - mi nCone( 2) ;
di vision(1l) = distance_cone(1l)/3;

di vi sion(2) = distance_cone(2)/5;
bin(1,1) = maxCone(1)-division(l);
bin(1,2) = bin(1,1)-division(l);

bin(2,1) = maxCone(2)-division(2);
bin(2,2) = bin(2,1)-division(2);

bin(2,3) = bin(2,2)-division(2);

bin(2,4) = bin(2,3)-division(2);
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% Determ ning the probability of crossing into a bin.

%let erm ne the count nunber for each path into a certain bin
count _binl =0;
count _bin2 =0;
count _bi n3 =0;
count _bi n4 =0;
count _bi n5 =0;
count _bin6 =0;
count _bin7 =0;
count _bin8 =0;

for x = 1:200;

i f RHCSP_simulation(x,2) > bin(1,1)
count _binl = count_binl + 1
el seif bin(1,2) <= RHCSP_simulation(x,?2) &&
RHCSP_si mul ati on(x, 2) <= bin(1,1)
count _bin2 = count_bin2 + 1
el se
count _bin3 = count_bin3 + 1

end

i f RHCSP_simulation(x,3) > bin(2,1)
count _bin4 = count_bind4 + 1
el seif bin(2,2) < RHCSP_simul ation(x,3) &&
RHCSP_si mul ation(x,3) <= bin(2,1)
count _bin5 = count_bin5 + 1;
el seif bin(2,3) < RHCSP_simul ation(x,3) &&
RHCSP_si mul ati on(x, 3) <= bin(2,2)
count _bin6é = count_bin6 + 1;
el seif bin(2,4) < RHCSP_simul ation(x,3) &&
RHCSP_si mul ati on(x, 3) <= bin(2,3)
count _bin7 = count_bin7 + 1
el se
count _bin8 = count_bi n8+1;

end

end

% cal cul ating probability
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probability(1
probability(2
probability(3
probability(4

)= count _bi nl/200;

)

)

)
probability(5)

)

)

)

count _bi n2/ 200;

1-probability(1)-probability(2);

count _bi n4/ 200;

count _bi n5/ 200;

count _bi n6/ 200;

count _bi n7/200;

1-probability(4)- probability(5)-probability(6)-

probability(6

probability(7

probability(8
probability(7);

% pi ck highest probability
hi ghest _probability_timel=0;
hi ghest _probability time2=0;

%pi ck highest probability for time 1 (bin 1-3)

if (probability(1l) >= probability(2))&& (probability(1l) >=
probability(3))
hi ghest _probability tinmel =1
el seif (probability(2)>= probability(1)) && (probability(2)>=
probability(3))
hi ghest _probability timel = 2;
el seif (probability(3) >= probability(1l)) && (probability(3) >=
probability(2))
hi ghest _probability tinmel = 3;
end

%pi ck highest probability for time 2 (bin 4-8)

if (probability(4) >= probability(5))&& (probability(4) >=
probability(6))&& (probability(4) >= probability(7)) && (probability(4)
>= probability(8))
hi ghest _probability time2 = 4;
el seif (probability(5) >= probability(4))&& (probability(5) >=
probability(6))&& (probability(5) >= probability(7)) && (probability(5)
>= probability(8))
hi ghest _probability time2 = 5;
el seif (probability(6) >= probability(4))&& (probability(6) >=
probability(5))&& (probability(6) >= probability(7)) && (probability(6)
>= probability(8))
hi ghest _probability tinme2 = 6;
el seif (probability(7) >= probability(4))&& (probability(7) >=
probability(5))&& (probability(7) >= probability(6)) && (probability(7)
>= probability(8))
hi ghest _probability tinme2 = 7;
el seif (probability(8) >= probability(4))&& (probability(8) >=
probability(5))&& (probability(8) >= probability(6)) && (probability(8)
>= probability(7))
hi ghest _probability tinme2 = 8;
end

% cal cul ating the hedge (assunes |onging reference | eg)
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% u= Current underlying price S(t)

% k= Strike price of the option price

%r= Risk free rate

% v= volatility (standard devi ation of returns)

% T= Tinme of expiration of the option

%t= current time

long leg=1; %1 equals long, 0 equals short reference |eg

if long_ | eg==1
[underlying asset]

maxCone) ;

el seif long_I| eg==0
[underlying asset]

nm nCone) ;

end

| ong( hi ghest _probability tinme2, bin,

short (hi ghest _probability tinme2, bin,

RHCSP_hedge =
bl ack_schol es_del t a_hedgi ng(under| yi ng_asset, k, r, v, expiration);

% Pl ot Monte Carlo Sinulation
%Wofor z = 1:200

%0 plot(RHCSP_sinmulation(z,:));
%% hol d on;
%end

% nested functions

function [underlying]= |ong(highest probability tine2, bin, maxCone)
% hedging fromtop of bin

under | yi ng=0;

i f (highest_probability_tine2==4)
under | yi ng=maxCone( 2) ;

el seif highest _probability time2==5
under | yi ng=bin(2, 1);

el seif highest probability tinme2==6
under | yi ng=bi n(2, 2);

el seif highest_probability_ time2==7
under | yi ng=bi n(2, 3);

el seif highest _probability tinme2==8
under | yi ng=bi n(2, 4);

end

end
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function [underlying] = short(highest probability tinme2, bin, minCone)
% hedgi ng from bottom of bin

under | yi ng=0;

i f(highest_probability_time2==4)
under | yi ng=bin(2, 1);

el seif highest _probability tinme2==5
under | yi ng=bi n(2, 2);

el sei f highest_probability time2==6
under | yi ng=bi n(2, 3);

el seif highest _probability tinme2==7
under | yi ng=bi n(2, 4);

el seif highest probability tinme2==8
under | yi ng=mi nCone( 2);

end

end

end

Modi fi edO | Fut RHCSPdel t a_cal cul ate. m

junpfilter=CLJunplntensity;
j unpcount =0;

for j = 1:2022

y = Bal ance(j,1);
% unp activation

if j<31

jump(j, 1) =0;
end
if j<1992

if junpfilter(j,1)~=0
j unpcount =sum( CLJunpFr equency(j :j +30) ~=0) ;

end
end
if j>1992
j unpcount =sum CLJunpFr equency(1993: 2022) ~=0) ;
end

j unpaver age=j unpcount / 30;
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if j>30

if .44*randn(1,1)> junpaverage
if CLDrift(j,1)<0
if j<=1992

jump(j,1)=rand()*m n(CLJunpl ntensity(j:j+30,1));
end

if j>1992

junmp(j, 1) =rand()*m n(CLJunmpl nt ensi ty(1993: 2022, 1));
end

el se
if j<=1992

jump(j, 1) =rand()*max(CLJunpl ntensity(j:j+30,1));
el se

junmp(j, 1) =rand() *max( CLJunmpl nt ensi t y(1993: 2022, 1)) ;
end
end

el se jum(j, 1)=0;
end
end

% | i bor activation
if (LI BORLogRet(j,1)<-.000025 || LIBORLogRet(j, 1)>.000025)
y=2;
libortest(j,1)=y;
end

if y==2|]|y==1

[ RHCSP_si m hedge, underlying] =
Modi fi ed RHCSP_hedgi ng(CL(j, 1), OptionStrike(j,1),riskfree(j, 1), CLVol Log
(j,1),CLDrift(j,1),Expiration(j,1),jum(j,1));

delta(j, 1) =hedge. cal |
delta(j,2)=Date(j);

spot hedge(j, 1) =under| yi ng;
di fference=abs(underlying-OptionStrike(j,1));

if y==



if difference<.25

del ta(j, 1) =hedge. cal | ;

el se
del ta(j, 1) =0;

end
end
if y==

delta(j,1)=1;

end
end
end
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Modi fi ed _RHCSP_hedgi ng. m

function [ RHCSP_si mul ati on, RHCSP_hedge, underlyi ng_asset] =

Modi fi ed_RHCSP_hedgi ng(initial _price,k,r,v,drift,expiration,junp)

% This function is the RHC&SP Hedgi ng nodel from

% Mei ndl, P.(2006). Portfolio Optimzation and Dynam ¢ Hedging with
% Recedi ng Horizontal Control, Stochatic Programm ng and Monte Carlo
% Si mul ation. This function cal cul ates the amount to hedge at each
hori zon

% peri od.

% RHCSP_hedge = call or put delta hedge.

% deltaT = the difference between tine periods
% RHCSP_sinul ation = the price curve

% deltaW= the difference in the Winer process
%k = strike price of option

% Create 200 Monte Carlo Simulations
mu=drift;
si gma=v;
del t aT=1;
RHCSP_si mul ati on = zero0s(200, 2022);
del taWws sqrt(deltaT)*randn(200, 2022);



for x = 1:200
time=1,
price = zeros(2022,1);
delta_price=zeros(2022,1);
price(1l)=initial _price; %initial price is 30
RHCSP_si nmul ati on(x, 1) =price(1);
for time= 2:2022

delta_price(tinme)= mu*price(tine-
1) +si gma*del t aW x, ti me) +j unp;

price(tinme)=delta _price(tine)+price(tinme-1);

RHCSP_si nmul ati on(x,tine)=price(tine);

end
end

%Det erm ning the bin heights and price points
%maxCone(1l)-bin(1l,1) is the first bin
%in(l,1)-bin(1,2)is second bin
%in(l,2)-mnCone(l) is the third bin

maxCone(1l) = max(RHCSP_simulation(:,2));
maxCone(2) = max(RHCSP_simulation(:,3));
m nCone(1l) = m n(RHCSP_simulation(:,2));
m nCone(2) = mi n(RHCSP_simulation(:,3));

di stance_cone(1)
di stance_cone(2)

maxCone( 1) - m nCone(1);
maxCone( 2) - mi nCone(2) ;

di vision(1l) = distance_cone(1l)/3;
di vi sion(2) = distance_cone(2)/5;
bin(1,1) = maxCone(1)-division(l);
bin(1,2) = bin(1,1)-division(l);
bin(2,1) = maxCone(2)-division(2);
bin(2,2) = bin(2,1)-division(2);
bin(2,3) = bin(2,2)-division(2);
bin(2,4) = bin(2,3)-division(2);

% Determ ning the probability of crossing into a bin.

%let erm ne the count nunber for each path into a certain bin.

count _binl =0;
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count _bi n2 =0;
count _bi n3 =0;
count _bi n4 =0;
count _bin5 =0;
count _bi n6 =0;
count _bi n7 =0;
count _bi n8 =0;

for

RHCSP_si

RHCSP_si

RHCSP_si

RHCSP_si

end

x = 1:200;

i f RHCSP_sinulation(x,2) > bin(1,1)
count _binl = count_binl + 1;
el seif bin(1,2) <= RHCSP_sinulation(x,2) &%
mul ati on(x, 2)<= bin(1,1)
count _bin2 = count_bin2 + 1;
el se
count _bin3 = count_bin3 + 1;

end

i f RHCSP_sinulation(x,3) > bin(2,1)
count _bin4 = count_bind + 1;
el seif bin(2,2) < RHCSP_simul ation(x, 3) &&
mul ation(x,3) <= bin(2,1)
count _bin5 = count_bin5 + 1
el seif bin(2,3) < RHCSP_simul ation(x,3) &&
mul ati on(x, 3) <= bin(2,2)
count _bin6 = count_bin6 + 1
el seif bin(2,4) < RHCSP_simul ation(x, 3) &&
mul ati on(x,3) <= bin(2,3)
count _bin7 = count_bin7 + 1;
el se
count _bi n8 = count _bi n8+1

end

% cal cul ating probability

probability(1)
probability(2)
probability(3)
probability(4)
probabi lity(5)
probabi lity(6)
probability(7)

count _bi nl/200;
count _bi n2/ 200;
1-probability(1)-probability(2);
count _bi n4/ 200;
count _bi n5/200;
count _bi n6/ 200;
count _bi n7/200;
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probability(8)= 1-probability(4)- probability(5)-probability(6)-
probability(7);

% pi ck highest probability
hi ghest _probability tinmel=0;
hi ghest _probability_time2=0;

%pi ck highest probability for tinme 1 (bin 1-3)

if (probability(1l) >= probability(2))&& (probability(1l) >=
probability(3))
hi ghest _probability timel = 1;
el seif (probability(2)>= probability(1)) && (probability(2)>=
probability(3))
hi ghest _probability tinmel = 2;
el seif (probability(3) >= probability(1l)) && (probability(3) >=
probability(2))
hi ghest _probability timel = 3;
end

%pi ck highest probaility for time 2 (bin 4-8)

if (probability(4) >= probability(5))&& (probability(4) >=
probability(6))&& (probability(4) >= probability(7)) && (probability(4)
>= probability(8))
hi ghest _probability tinme2 = 4;
el seif (probability(5) >= probability(4))&& (probability(5) >=
probability(6))&& (probability(5) >= probability(7)) && (probability(5)
>= probability(8))
hi ghest _probability tinme2 = 5;
el seif (probability(6) >= probability(4))&& (probability(6) >=
probability(5))&& (probability(6) >= probability(7)) && (probability(6)
>= probability(8))
hi ghest _probability tinme2 = 6;
el seif (probability(7) >= probability(4))&& (probability(7) >=
probability(5))&& (probability(7) >= probability(6)) && (probability(7)
>= probability(8))
hi ghest _probability time2 = 7,
el seif (probability(8) >= probability(4))&& (probability(8) >=
probability(5))&& (probability(8) >= probability(6)) && (probability(8)
>= probability(7))
hi ghest _probability time2 = 8;
end

% cal cul ating the hedge (assunes |onging reference | eg)
% u= Current underlying price S(t)
% k= Strike price of the option price
%r= Risk free rate
% v= volatility (standard devi ation of returns)
% T= Tine of expiration of the option
%t= current tine
long leg=1; %1 equals long, 0 equals short reference |eg
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if long_Il eg==1
[underlyi ng asset]
maxCone) ;
el seif long | eg==0
[ underlyi ng_asset]
nm nCone) ;
end

| ong( hi ghest _probability tinme2, bin

short (hi ghest _probability time2, bin,

RHCSP_hedge =
bl ack_schol es_del t a_hedgi ng(under| yi ng_asset, k, r, v, expiration);

% Pl ot Monte Carlo Sinulation
% for z = 1:200

% pl ot (RHCSP_si nul ation(z,:));
% hold on
% end

% nested functions

function [underlying]= |ong(highest probability tine2, bin, maxCone)
% hedging fromtop of bin

under | yi ng=0;

i f (highest probability tine2==4)
under | yi ng=maxCone( 2) ;

el seif highest_probability_ time2==5
under | yi ng=bi n(2, 1);

el seif highest _probability tinme2==6
under | yi ng=bi n(2, 2);

el seif highest _probability tinme2==7
under | yi ng=bi n(2, 3);

el seif highest_probability_ time2==8
under | yi ng=bi n(2, 4);

end

end

function [underlying] = short(highest _probability time2, bin, mnCone)
% hedgi ng from bottom of bin
under | yi ng=0;
i f(highest _probability tinme2==4)
under | yi ng=bi n(2,1);
el seif highest_probability_ time2==5
under | yi ng=bi n(2, 2);
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el seif highest _probability tinme2==6
under | yi ng=bi n(2, 3);

el seif highest_probability_ time2==7
under | yi ng=bi n(2, 4);

el seif highest probability tinme2==8
under | yi ng=m nCone(2);

end

end

end
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Appendix B: Code for Modeling a Currency Market

EUFut BSMiel t a_cal cul ate. m

for x = 1:5:2022

y=bl ack_schol es_del t a_hedgi ng( Eur oSpot ( x, 1), EUFut Stri ke(x, 1), ri skfree(x
, 1), Eur oSpot Vol Log(x, 1), Expi ration(x, 1))

delta(x,1)= y.call
delta(x, 2)= Date(x);
end

EUFut Lel anddel ta_cal cul ate. m

for x = 1:5:2022

y=l el and_del t a_hedgi ng
(Eur oSpot (x, 1), EuFut Stri ke(x, 1), ri skfree(x, 1), Eur oSpot Vol Log(x, 1), Expir
ation(x,1),.01)

delta(x,1)= y.call;
del ta(x, 2) = Date(x);
end

EUFut W1 nott cal cul ate. m

for x = 1:2022
g=. 01;
u=Eur oSpot (x, 1);
expiration=Expiration(x,1);
k=EUFut Stri ke(x, 1);
v=Eur oSpot Vol Log(x, 1);
r=riskfree(x,1);
drift = EuroSpotDrift(x,1);

di=(log(u./k)+((r+(v"r2)/2)*(expiration))./(v*sqrt(expiration)));
ganma = nor nmpdf (d1, 0,1)./(u*v*sqgrt(expiration));
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ww delta_tinme.plus = nthroot (((3*g*u*exp(-r*(expiration))*(gamra-
((exp(-r*(expiration))*(drift-r))/(1*unr2*v~2)))"2)/(2*1)), 3);
ww delta_tine.negative = -1*ww del ta_tine. pl us;

upper (x, 1)
| ower (x, 1)

ww_del ta_tine. pl us;
ww _del ta_tinme. negative;

end

EUFut RHCSPdel t a_cal cul ate. m

for x = 1:2022
y = Bal ance(x, 1);
if y==

[ RHCSP_si m hedge, underlying] =
RHCSP_hedgi ng( EuFut Stri ke(x, 1), BEuFut Stri ke(x, 1), ri skfree(x, 1), EuroSpot V
ol Log(x, 1), EuroSpotDrift(x,1), Expiration(x,1));

del t a(x, 1) =hedge. cal |
del ta(x, 2) =Dat e(x) ;

spot hedge( x, 1) =under | yi ng;
di f f erence=abs(under| yi ng- Eur oSpot (x, 1)) ;
if difference<.0020
del t a(x, 1) =hedge. cal |
el se
del ta(x, 1) =0;
end

end

if y==
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[ RHCSP_si m hedge, underlying] =
RHCSP_hedgi ng( EuFut Stri ke(x, 1), EuFut Stri ke(x, 1), ri skfree(x, 1), EUFut Vol L
og(x, 1), EuroSpotDrift(x,1), Expiration(x,1));

del t a(x, 1) =hedge. cal |
del ta(x, 2) =Dat e(x) ;

spot hedge( x, 1) =under | yi ng;
di f f erence=abs(underl yi ng- Eur oSpot (x, 1)) ;

end

end

Modi fi ed_EUFut RHCSPdel t a_cal cul ate. m

junpfilter=EUSpot Junpl ntensity;
j unpcount =0;

for x = 1:2022

y = Bal ance(x, 1);
% unp activation
i f x<30
j ump(x, 1) =0;
end

if x<1992
if junpfilter(x,1)~=0
j unpcount =sunm( EUSpot JunmpFr equency( x: x+30) ~=0) ;
end
end

if x>1992

j unpcount =sum EUSpot JunpFr equency(1993: 2022) ~=0) ;
end

j unpaver age=j unpcount / 30;
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if x>30
if .44*randn(1, 1) > junpaverage
if EuroSpotDrift(x,1)<0
i f x<=1992

jump(x, 1) =rand()*m n( EUSpot Junpl ntensi ty(x: x+30,1));
end
if x>1992

jump(x, 1) =rand() *m n( EUSpot Junpl nt ensi ty(1993: 2022, 1));
end

el se
i f x<=1992

junp(x, 1) =rand() * max( EUSpot Junpl nt ensi ty(x: x+30, 1)) ;
el se

jump(x, 1) =r and() * max( EUSpot Junpl nt ensi t y(1993: 2022, 1)) ;
end
end

el se junp(x, 1) =0;
end
end

% | i bor activation
if (LIBORLogRet(x,1)<-.00135 || LIBORLogRet (x,1)>.00135)
y=2;
end

if y==2

[ RHCSP_si m hedge, underlying] =
Modi fi ed _RHCSP_hedgi ng( EuFut Stri ke(x, 1), EuFut Stri ke(x, 1), riskfree(x, 1),
Eur oSpot Vol Log(x, 1), EuroSpotDri ft(x, 1), Expiration(x,1),junp(x,1));

del t a( x, 1) =hedge. cal |
del ta(x, 2) =Dat e(x) ;

spot hedge(x, 1) =under | yi ng;
di f f erence=abs(underl yi ng- Eur oSpot (x, 1)) ;

end
end
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Appendix C: Code for Modeling a Simulated Market

Si nBSMlel ta_cal cul ate. m
for x = 1:5:2022
y=bl ack_schol es_del t a_hedgi ng(Si mul ati on(x, 1), OptionStrike(x,1),riskfre
e(x, 1), Si mul ati onVol Log(x, 1), Expi rati on(x, 1))
delta(x, 1) = y.call

del ta(x, 2)= Date(x);
end

Si mLel anddel ta_cal cul ate. m

for x = 1:5:2022

y=l el and_del t a_hedgi ng
(Simulation(x,1), OptionStrike(x,1),riskfree(x, 1), SimlationVol Log(x, 1),
Expiration(x,1),.01)

delta(x, 1)= y.call
del ta(x, 2) = Date(x);
end

SimW I nottdel ta_cal cul ate. m

for x = 1:2022
g=. 01;
u=Si mul ation(x, 1);
expiration=Expiration(x,1);
k=OptionStrike(x,1);
v=Si mul at i onVol Log(x, 1);
r=riskfree(x,1);
drift = SimulationDrift(x,1);

di=(log(u./k)+((r+(v"r2)/2)*(expiration))./(v*sqrt(expiration)));
ganma = nor npdf (d1, 0,1)./(u*v*sqgrt(expiration));
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ww delta_ tine.plus = nthroot (((3*g*u*exp(-r*(expiration))*(ganmmma-
((exp(-r*(expiration))*(drift-r))/(1*unr2*v~2)))"2)/(2*1)), 3);
ww _delta_tine.negative = -1*ww del ta_tine. pl us;

upper (x, 1)
[ ower (x, 1)

ww_del ta_tine. pl us;
ww_delta_tine. negative;

End

Si TMRHCSPdel t a_cal cul ate. m

for x = 1:2022
y = Bal ance(x, 1);
if y==
[ RHCSP_si m hedge, underlying] =
RHCSP_hedgi ng( Si mul ati on(x, 1), OptionStrike(x,1),riskfree(x,1),Simulatio
nVol Log(x, 1), Simul ationDrift(x, 1), Expiration(x,1));

del t a(x, 1) =hedge. cal |
del ta(x, 2) =Dat e(x) ;

spot hedge( x, 1) =under | yi ng;
di fference=abs(underlying-OptionStrike(x,1));

if difference<. 04

del t a( x, 1) =hedge. cal |
el se
del ta(x, 1) =0;
end
end
if y==2
[ RHCSP_si m hedge, underlying] =

RHCSP_hedgi ng( Si mul ati on(x, 1), OptionStrike(x,1),riskfree(x,1),Simulatio
nVol Log(x, 1), SinulationDrift(x,1), Expiration(x,1));



del t a( x, 1) =hedge. cal |
del ta(x, 2) =Dat e(x);

spot hedge( x, 1) =under | yi ng;
di fference=abs(underlying-OptionStrike(x,1));
end

end
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Modi fi ed Si mRHCSPdel t a_cal cul ate. m

junpfilter=Si mlunpl ntensity;
j unpcount =0;

for j = 1:2022

y = Bal ance(j, 1);
% unp activation
if j<31
jump(j, 1) =0;
end

if j<1992
if junpfilter(j,1)~=0
j unpcount =sum( Si mMJunpFr equency(j:j +30) ~=0);
end
end

if j>1992

j unpcount =sunm( Si mJunpFr equency(1993: 2022) ~=0) ;
end

j unpaver age=j unpcount / 30;

if j>30
if .44*randn(1,1)> junpaverage
if SinmulationDrift(j,1)<0
if j<=1992

jump(j, 1) =rand()*m n(Si mJunpl ntensity(j

1) +30,1));
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end

if j>1992

junmp(j, 1) =rand()*m n(Si mMunpl ntensity(1993:2022,1));
end

el se
if j<=1992

jump(j, 1) =rand()*max(Si mlunplntensity(j:j+30,1));
el se

junmp(j, 1) =rand()*max(Si mlunpl ntensity(1993: 2022,1));
end
end

el se jum(j, 1)=0;
end
end

% | i bor activation
i f (LI BORLogRet (j,1)<-.000000001 |
LI BORLogRet (j, 1) >. 000000001)
y=2;
libortest(j,1)=y;
end

if y==2||y==1

[ RHCSP_si m hedge, underlying] =
Modi fi ed _RHCSP_hedgi ng(Si mul ation(j,1),OptionStrike(j,1),riskfree(j,1),
Si mul ationVol Log(j,1),SimulationDrift(j,1),Expiration(j,1),junp(j,1));

delta(j, 1) =hedge. cal |
delta(j, 2)=Date(j);

spot hedge(j, 1) =under| yi ng;
di fference=abs(underlying-OptionStrike(j,1));

if y==
if difference<.04

delta(j, 1) =hedge. cal |

el se
del ta(j, 1) =0;
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end
end
if y==2
del ta(j,1)=1;
end
end

end
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