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Abstract

This project involves time series analysis concerning mechanical investing.  The specific screen of interest is “RS-26” (Relative Strength based on 26-week total return).  This mechanical investing method starts with all of the stocks ranked “Timeliness 1” by the Value Line Investment Survey and selects the stocks with the highest Total Return over 26 weeks.  This analysis attempts to compare the stocks chosen by this method with the Standard & Poor’s 500 Index (S&P 500).  In essence, the question of interest is whether or not this mechanical investing method produces better results than the S&P 500.  Since this screen has different stocks every month, monthly data are used.  Additionally, the stocks are sold at the end of the month.  This data starts in January 1969, ends in November 1999, and consists of the monthly returns from the stocks in this screen and the monthly returns of the S&P 500.

Introduction


My goal in this project is a selfish one—to determine if one of my investment strategies “beats the Market.”  Before I reveal this particular investment strategy, some basic terms need to be defined.  “Mechanical investing” is a method of investing that uses historical data to find a set of criteria for the type of stocks that did well in the past, in hopes that the criteria will pick stocks that do at least as well (if not better) in the future.  Mechanical investing calls this set of criteria a “screen.”  “Relative strength” is a criterion that rates a stock’s strength on its return over a given time period.  The Value Line Investment Survey is a printed subscription publication that analyzes and reports on quantitative financial data for 1700 stocks every week.  Incidentally, these 1700 stocks represent 94% of the combined total of equity trading volume on all United States markets.  Value Line includes a “timeliness rank” in its publication, which is its main measure of a stock’s “probable price performance during the next six to twelve months on a scale from 1 (highest) to 5 (lowest).”  The actual formula for this timeliness rank remains their trade secret, but involves a calculation based on price appreciation and earnings growth. 

Now that these terms have been introduced, it is appropriate to introduce the investment strategy involved in this project.  One of my personal investments consists of a mechanical investing screen called the RS-26, which stands for “Relative Strength-26”.  At any given time, it consists of five separate stocks, and these stocks have the potential of being traded every month.  The Relative Strength-26 screen follows a simple and logical protocol, which makes it an easily manageable stock screen.  The following is the set of steps followed to generate this stock screen:

1) Start with the stocks ranked #1 for timeliness by Value Line.

2) Sort by 26-week total return (Relative strength). 

3) Select the five stocks with the highest returns.

4) Repeat these steps each month, keeping any stock still on the list and replacing any that have fallen off of the list.

Question of Interest

Given this uncomplicated method of investing, it would be interesting to see if this methodology could outperform the market.  Therefore, I will compare the returns of this method of investing (RS-26) to the returns of the S&P 500, which is the commonly accepted standard measure of overall market performance.

Methodology

The original data consisted of two series:  the monthly returns of the S&P 500 Index (subsequently referred to as SP500) and the monthly returns of the Relative Strength-26 mechanical investing screen (subsequently referred to as RS26).  I tried analyzing the original data, but with no avail.  I then squared the data in hopes of using a generalized autoregressive conditionally heteroscedastic (GARCH) model.  However, I was unable to fit a model to the squared data, either.  Next, I transformed the squared data by taking the natural log of each point.  The mean of each series was then subtracted from each series.  After some basic plots of each adjusted series (including the autocorrelation function, partial autocorrelation function, histogram, and sablplot), no further manipulations seemed necessary.  Finally, these transformed data were used for modeling.

Univariate modeling was the next step.  SP500 was modeled using the automatic autoregressive (subsequently referred to as “AR”) model function.  This function selected an AR(6) model.  However, looking at the autocorrelation function (subsequently referred to as ACF) and partial autocorrelation function (subsequently referred to as PACF) of the residuals after the AR(6) fit, it appeared as if an AR(10) may be necessary.

Figure 1.  ACF and PACF of the automatic AR(6) fit for the SP500 series.
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In fact, this issue will be revisited later on when this hypothesis is supported by additional findings.  The RS26 was also modeled using the automatic AR model function, but it returned an AR(0) model.  Since the automatic AR model function returns unhelpful and perhaps insufficient models, other methods are necessary.


Next a bivariate model was fit to the data.  The automatic AR model function returned an order of 10.  Looking at the AR coefficients, some useful information for future efforts was discovered.

Table 1.  Bivariate AR(10) coefficients for the SP500 and the RS26 series.

	
	For SP500
	
	For RS26
	

	Lag
	SP500
	RS26
	SP500
	RS26

	1
	0.00198
	-0.05409
	0.06985
	0.12202

	2
	0.07128
	0.08793
	-0.00615
	-0.04454

	3
	0.14348
	0.09899
	0.03362
	0.05910

	4
	0.10515
	0.06861
	0.11728
	0.08353

	5
	0.16747
	0.07712
	-0.09875
	-0.02877

	6
	0.10518
	0.01842
	-0.03757
	0.03503

	7
	-0.04016
	0.15201
	0.02491
	0.01811

	8
	0.04770
	-0.01363
	-0.00374
	0.08959

	9
	0.05109
	-0.00538
	0.02321
	0.11682

	10
	0.15238
	-0.05068
	0.12314
	0.05189


For the SP500 series, note that coefficient in the SP500 column at lag 10 is significant.  This indicates that an AR(10) may be necessary instead of the AR(6) obtained from the automatic fit.  Note the larger coefficients for the RS26 series in the SP500 column at lags 4 and 10.  Later on, some transfer function modeling will be done in order to see if the RS26 series can be modeled as a lagged version of the SP500 series.  The information obtained so far suggests that lags 4 and 10 will be of importance.  Additionally, looking at the ACF and PACF for this bivariate fit (See Figures 8 and 9 in Appendix A.), there may be some significant activity at a lag of 13.  This information will also be used in future transfer function modeling.

Returning to the univariate case for SP500, the robust generalized M-estimates (gm-estimates) of the AR parameters need to be computed.  Using the automatic AR(6) fit and comparing those coefficients to the robust estimates, Table 2 shows that they are different.

Table 2.  Comparison of the Robust and Automatic AR coefficients for the SP500 series.

	Lag

	1
	2
	3
	4
	5
	6

	Robust
	-0.04448
	0.01055
	0.15309
	0.09467
	0.06610
	0.06946

	Automatic
	-0.03794
	0.00333
	0.10711
	0.08897
	0.11333
	0.10401


The robust coefficients must be used.  Look at the ACF’s.

Figure 2.  ACF of SP500 Series and ACF of Robust AR(6) Fit.
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From these figures, it is apparent that the robust estimates should be used.  However, noticing the jump in the ACF at lag 10, an AR(10) model should be fit.  The robust generalized M-estimates (gm-estimates) of the AR parameters need to be computed.  Using the automatic AR(10) fit and comparing those coefficients to the robust estimates, Table 3 shows that they are different.

Table 3.  Comparison of Robust and Automatic AR(10) coefficients for the SP500 series.

	Lag
	1
	2
	3
	4
	5

	Robust
	-0.03648
	0.01718
	0.17127
	0.09154
	0.04993

	Automatic
	-0.03459
	0.00548
	0.11377
	0.07771
	0.09638

	Lag
	6
	7
	8
	9
	10

	Robust
	0.05706
	-0.10523
	0.03037
	-0.02552
	0.11400

	Automatic
	0.08909
	-0.05619
	0.01250
	0.01548
	0.13175


The robust coefficients need to be used since they are different from the automatic ones.  Looking at the ACF of both the series and the robust AR(10) fit, satisfaction is obtained.  The one-step ahead predictions and filtered values are computed for this robust AR(10) model using the arima.filt command.  The following is a plot of the filtered values of SP500 and the one-step ahead predictions for the SP500 series.

Figure 3.  Filtered values and one-step ahead predictions for SP500 based on the robust AR(10) fit.
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Looking at some plots concerning these one-step ahead predictions---including a plot, histogram, and boxplot of the standardized residuals and a scatterplot of the filtered values and one-step ahead predictions of SP500---satisfaction is obtained.  


The same univariate analysis is repeated for the RS26 series, including computing the robust generalized M-estimates (gm-estimates) of the AR parameters and examining the ACF’s of the series and the robust AR(10) fit.  However, there is nothing to be modeled in this series.  See the following figures for verification.

Figure 4. ACF of the RS26 Series and of the Robust AR(10) Fit.
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Figure 5. Filtered values and one-step ahead predictions for RS26 based on the robust AR(10) fit.
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Additional plots are made, including the AR spectral estimate and the non-parametric auto spectral estimates, but no useful information is gained.  The following is a plot of the estimated squared coherency spectrum.

Figure 6. Estimated squared coherency spectrum.
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Looking at this graph, it is possible that RS26 is a lagged version of SP500.  Notice the sharp peaks at the following values on the x-axis:

Table 4.  Lag interpretation from Figure 6.

	Peak
	1
	2
	3

	x-axis value
	0.9
	3.75
	4.1

	Lag
	13
	3.2
	2.9


Table 4 indicates that lags 13 and 3 may be of importance when the transfer function modeling is done.


Next, the transfer function modeling is done in order to determine if RS26 is a lagged version of SP500.  Both series are transformed using the filter command.  The filter used is the robust AR(10) model for the SP500 series.  Examining the cross-correlation between the two transformed series (See Figure 10 in Appendix A), it is decided that lags 7, 15, and 20 may be of importance.  Since the lag is easy to change, we will separately model each lag, using lags in the range of 1-24.  The appropriate regression model is used for each lag, and this regression is fit using ordinary least squares in order to obtain estimates for the regression coefficients.  A least squares multivariate regression is fitted.  The Moving-Average model (infinity) coefficients are computed, and the noise term is computed and plotted.  Examining the PACF of the noise term for all of the lags (1-24) leads to the conclusion that RS26 is not a lagged version of SP500.  See Appendix A, Figure 11, for a plot of the noise term using a lag of 3.  


Finally, the robust AR(10) model  is chosen as the best model from this analysis.  The RS26 was unable to be modeled using the time series analysis methods learned in this class.  The following is a 3-year forecast of the SP500 series using the robust AR(10) model.  

Figure 7.  Plot of SP500 series along with the forecast from the robust AR(10) model.
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Conclusions and Concerns


The tools I have learned in this class have been valuable in analyzing this data.  I have used virtually all of them in analyzing both of these series---only to conclude that they do not suffice for the RS26 series, which is the series of interest.  Perhaps non-linear tools would be of more use for this data.  I have been unable to answer my question of interest, namely, predicting the RS26 series based on the SP500 series and concluding whether or not the RS26 series could consistently outperform the SP500, and hence the Market.  However, using these time series analysis tools has whet my appetite for more complicated market models.   
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Appendix A

Additional Figures

Figure 8.  ACF of bivariate fit for the SP500 and RS26 series.
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Figure 9.  PACF of bivariate fit for the SP500 and RS26 series.
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Figure 10.  Cross-correlation between the transformed SP500 and RS26 series.
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Figure 11.  Basic plots of the noise term using a lag of 3 in the transfer function modeling. 
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Appendix B

S-PLUS 2000 “Script” file

# Time Series project 

# I would like to compare S&P 500 monthly returns from 1969-1999 with the monthly returns

# from a mechanical investing method (RS-26) for the same time period.

# First let's define the functions used.

# Defining prettyplot

prettyplot<-function(x,y)

{


par(mfrow=c(x,y))

}

# Defining basicplots

basicplots<-function(x)

{


prettyplot(2,2)


tsplot(x, title="Time Series")


hist(x) 



title(main="Histogram of Time Series")


acf(x)


acf(x, type="partial")

}

# Importing the data--The data points are the natural logs of the returns squared.

SP500<-SPlusdata3$SP500

RS26<-SPlusdata3$RS26

# Changing the mode to numeric

mode(SP500)<-"numeric"

mode(RS26)<-"numeric"

# Making the data a time series

SP500<-rts(SP500, start=c(1969,1), end=c(1999,11), units="months", frequency=12)

RS26<-rts(RS26, start=c(1969,1), end=c(1999,11), units="months", frequency=12)

data<-tsmatrix(SP500,RS26)

# Computing and subtracting the mean from the series

meanSP500<-mean(SP500)

meanRS26<-mean(RS26)

SP500<-SP500-mean(SP500)

RS26<-RS26-mean(RS26)

# plotting the data


plot(SP500,RS26)


prettyplot(1,1)


ts.plot(data)


title("S&P 500 and RS-26 from Jan. 1969 through Nov. 1999")

# Plot acf of "data" matrix.

acf(data)

# This shows a likely AR(10) for SP500 and nothing for RS26.

# Do the series require detrending?

# Look at SP500 first.


prettyplot(2,2)


hist(SP500) 



title("Histogram of S&P 500 Time Series")


acf(SP500)


acf(SP500, type="partial")


prettyplot(1,1)


sablplot(sabl(SP500))

# Detrending necessary?  no

# Again, looks like an AR(10).

# Look at RS26.


prettyplot(2,2)


hist(RS26) 



title("Histogram of Relative Strength-26 Time Series")


acf(RS26)


acf(RS26, type="partial")


prettyplot(1,1)


sablplot(sabl(RS26))

# Detrending necessary?  no

# Again, looks like nothing is here.

# correlation matrix of the "data" matrix

cor(data)

#this gives:

#          SP500      RS26 

#SP500 1.0000000 0.1675687

# RS26 0.1675687 1.0000000

# pair-wise scatterplots of the variables in data

pairs(data, labels=c("SP500","RS26"))

# covariance matrix

var(data)

#this gives

#         SP500     RS26 

#SP500 4.577736 0.741847

# RS26 0.741847 4.281463

# Fit ar models.


arfitSP500<-ar(SP500)



#This gives ar model of order 6.



#coefficients are:



#           [,1] 



#[1,] -0.037935339



#[2,]  0.003330938



#[3,]  0.107106186



#[4,]  0.088965841



#[5,]  0.113334402



#[6,]  0.104010060



#Plot the residuals of arfitSP500.




prettyplot(2,2)




hist(arfitSP500$resid) 





title("Histogram of Residuals of AR(6) fit for SP-500 Time Series")




acf(arfitSP500$resid)




acf(arfitSP500$resid, type="partial")



# Looks like a jump in acf at lag 10.



# We may need an AR(10).


arfitRS26<-ar(RS26)



#This gives ar model of order 0.

# Fit bivariate AR model.

arfit<-ar(data,aic=T,method="burg")

# gives an ar model of order 10.

#coefficients are:

#For SP500:

#             SP500         RS26 

# [1,]  0.001982679 -0.054091655

# [2,]  0.071217559  0.087929405

# [3,]  0.143475071  0.098987304

# [4,]  0.105150312  0.068613820

# [5,]  0.167470068  0.077122867

# [6,]  0.105178624  0.018417472

# [7,] -0.040158078  0.152009010

# [8,]  0.047701743 -0.013631720

# [9,]  0.051086441 -0.005387432

#[10,]  0.152379557 -0.050676201

# Note t-10 coefficient in SP500 column.  We may need an AR(10) instead of AR(6).

#For RS26:

#             SP500        RS26 

# [1,]  0.069848977  0.12201647

# [2,] -0.006146636 -0.04453816

# [3,]  0.033623304  0.05910101

# [4,]  0.117280461  0.08352574

# [5,] -0.098747358 -0.02877362

# [6,] -0.037574083  0.03502810

# [7,]  0.024910957  0.01810782

# [8,] -0.003741158  0.08958872

# [9,]  0.023209561  0.11681504

#[10,]  0.123136267  0.05188816

# Note the larger coefficients in the SP500 column at lags 4 and 10.  We will try

# transfer function modeling later on.

#Plot the residuals of arfit.




prettyplot(1,1)




hist(arfit$resid) 





title("Histogram of Residuals of AR(10) fit for SP-500 and RS-26 Time Series")




acf(arfit$resid)




acf(arfit$resid, type="partial")



#Let's look at lag 13 later on when we do the transfer function modeling.

# Let's compute robust generalized M-estimates (gm-estimates) of autoregressive (AR) 

# parameters and robust location and scale for "data".

#SP-500 first:

gmestimatesSP500<-ar.gm(SP500, order=6)

# Comparing these to arfitSP500 coefficients:

# robust:  [1] -0.04448348  0.01055056  0.15308914  0.09467234  0.06610498  0.06945507

# arfit:   [1] -0.037935339 0.003330938 0.107106186 0.088965841 0.113334402 0.104010060

# These are different, so we need to use the robust coefficients.

# Check the gm-estimatesSP500.

theorySP500<-gmestimatesSP500$rmu/(1-sum(gmestimatesSP500$ar))

meanSP500<-mean(SP500)

# Let's look at the ACF. 


prettyplot(2,1)


acf(SP500)


tsplot(gmestimatesSP500$chat[1,]/gmestimatesSP500$chat[1,1], type="p")


title(main="Estimator of ACF of SP-500 Based on Robust AR (6) fit")

#Looks like there's something going on at lag 10, so let's repeat for order 10.

# We need a non-robust arfit to compare the robust coefficients to.

arfitSP500<-ar(SP500, order.max=10, aic=F)

gmestimatesSP5002<-ar.gm(SP500, order=10)

# Comparing these estimates to the arfit:

# robust:  [1] -0.03648143  0.01707656  0.17126554  0.09154099  0.04992787

#    

 [6]  0.05706256 -0.10522559  0.03035640 -0.02552428  0.11399565

# arfit:   [1] -0.034593087 0.005478121 0.113771357 0.077709973 0.096375600

#   

 [6] 0.089091048 -0.056189865 0.012491903 0.015479319 0.131747261

# The robust coefficients are significantly different, so we will use the robust

# ar coefficients.

# Check the gm-estimatesSP5002.

theorySP5002<-gmestimatesSP5002$rmu/(1-sum(gmestimatesSP5002$ar))

meanSP5002<-mean(SP500)

# Let's look at the ACF. 


prettyplot(2,1)


acf(SP500)


tsplot(gmestimatesSP5002$chat[1,]/gmestimatesSP5002$chat[1,1], type="p")


title(main="Estimator of ACF of SP-500 Based on Robust AR (10) fit")

gmestimatesSP500<-gmestimatesSP5002

# Compute and plot one-step ahead predictions for SP500.

SP500forecast<-arima.filt(SP500,list(ar=gmestimatesSP500$ar,sigma2=gmestimatesSP500$sd^2),


xreg=(SP500*0+1),reg.coef=gmestimatesSP500$rmu)  #creating a vector of 1's (xreg)

prettyplot(1,1)

tsplot(SP500forecast$filt,SP500forecast$pred)

title(main="One-step ahead predictions for SP-500")

# Compute and plot standardized residuals 

prettyplot(2,2)

SP500resid<-(SP500forecast$filt-SP500forecast$pred)/(SP500forecast$var.pred^.5)

tsplot(SP500resid)

title(main="Residuals of one-step ahead predictions for SP-500")

plot(SP500forecast$filt,SP500forecast$pred)

hist(SP500resid)

title(main="Histogram of Residuals")

boxplot(SP500resid)

title(main="Boxplot of Residuals")

# Looks pretty good.

#RS-26:

# Let's compute robust generalized M-estimates (gm-estimates) of autoregressive (AR)

# parameters and robust location and scale for "data".

gmestimatesRS26<-ar.gm(RS26, order=10)

# Check the gm-estimates.

theoryRS26<-gmestimatesRS26$rmu/(1-sum(gmestimatesRS26$ar))

meanRS26<-mean(RS26)

# Let's look at the ACF. 

prettyplot(2,1)

acf(RS26)

tsplot(gmestimatesRS26$chat[1,]/gmestimatesRS26$chat[1,1], type="p")

title(main="Estimator of ACF of RS-26 Based on Robust AR(10) fit")

#There is nothing going on here.

# Compute and plot one-step ahead predictions for SP500.

RS26forecast<-arima.filt(RS26,list(ar=gmestimatesRS26$ar,sigma2=gmestimatesRS26$sd^2),


xreg=(RS26*0+1),reg.coef=gmestimatesRS26$rmu)  #creating a vector of 1's (xreg)

prettyplot(1,1)


tsplot(RS26forecast$filt,RS26forecast$pred)

title(main="One-step ahead predictions for RS-26")

# Compute and plot standardized residuals 

prettyplot(2,2)

RS26resid<-(RS26forecast$filt-RS26forecast$pred)/(RS26forecast$var.pred^.5)

tsplot(RS26resid)

title(main="Residuals of one-step ahead predictions for RS-26")

plot(RS26forecast$filt,RS26forecast$pred)

hist(RS26resid)

title(main="Histogram of Residuals")

boxplot(RS26resid)

title(main="Boxplot of Residuals")

#There is nothing going on with this series.

# Plot Estimated Spectral Density

prettyplot(1,1)


# AR spectral estimate


dataarfit<-ar(data,aic=F,order.max=30,method="burg") 


bivspecar<-spectrum(dataarfit,method="ar",plot=T)  


# Non-parametric Auto Spectral Estimates


bivspecnp<-spectrum(data,plot=T,method="pgram",spans = 10)

# Squared Coherency Spectrum


matplot(bivspecnp$freq[3:188],cbind((bivspecar$coh)^2,(bivspecnp$coh[3:188])^2),




type="l")


title(main="Estimated Squared Coherency Spectrum")

# Looking at this graph, one series may be a lagged version of the other.

# This graph tells us to look at lags of 2, 3, 4, and 15 months.

# Estimated Phase Spectrum


matplot(bivspecar$freq/12,cbind(bivspecar$phase,bivspecnp$phase[3:188]),type="l")


title(main="Estimated Phase Spectrum")

# What is the slope of the phase spectrum? What is the delay?


slope<-lsfit(bivspecar$freq/12,bivspecar$phase, intercept=T)


slope$coef/(2*pi)

#This gives:

#              Y1 

#Intercept -0.3135713

#        X  4.9152766

# Let's look at lag 5, also.

# Let's try the transfer function.

# Transform RS26 and SP500.

RS26tr<-filter(RS26,filter=c(1,-1*gmestimatesSP500$ar),sides=1)

SP500tr<-filter(SP500,filter=c(1,-1*gmestimatesSP500$ar),sides=1)

# Note that SP500tr is equal to the residuals of gmestimatesSP500.

# Let's look at the cross correlation between the two transformed series

prettyplot(1,1)

acf(cbind(RS26tr,SP500tr))

# We will try numerous lags since this will be easy. Let's try lags 1-24.

# Let the current lag = lag.

# and w(B)=1-wB

# Building the appropriate regression model:

# y(t)=w*y(t-1)+d*x(t-lag)+u(t) 

# Fit this regression using OLS to obtain estimates for w and d

n<-length(RS26)

lag<-24

X<-cbind(RS26[lag:(n-1)],SP500[1:(n-lag)])

bivfit<-lsfit(X,RS26[(lag+1):n],intercept=F)

# Now let's find and model the noise term (noise)

# First find the MA(infinity) coefficients

# 1 + wB + (wB)^2 + ...

wma<-bivfit$coef[1]

for (i in 2:50) wma<-c(wma,wma[1]^i)

noise<-filter(bivfit$resid,c(1,wma),sides=1)

basicplots(noise)

# Examining the pacf THERE IS NOTHING HERE.

#Forecasting

SP500.fore<-arima.forecast(SP500,n=37,model=gmestimatesSP500)

SP500.err<-rts(1.96*SP500.fore$std.err,start=c(1998,12), frequency=12)

SP500all<-c(SP500,unlist(SP500.fore$mean))

prettyplot(1,1)

SP500all<-rts(SP500all, start=c(1969,1), end=c(2001,12), units="months", frequency=12)

SP500.err<-rts(SP500.err, start=c(1998,12), end=c(2001,12), units="months", frequency=12)

tsplot(SP500all, SP500all+SP500.err, SP500all-SP500.err)

title(main="Time Series Plot of SP500 and forecast")







