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Abstract - This paper applies a simple multiple 

regression based model to analyze financial data. 

The model uses a dummy variable as the 

dependent variable which could be interpreted as 

a predictor. The independent variables of the 

model are quantitative as well as qualitative. The 

results of the analysis support the predictive 

capability of the model. 
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I. INTRODUCTION 

In this paper we propose a recently proposed risk 

estimation model as a potential prediction model for 

stock market data.  An ad hoc risk management 

system (ARMS) is a frame work composed of 

statistical model and surveyed field data for 

forecasting. The primary concern in ARMS is 

dynamically forecasting or predicting a risky state.  

In [5] and [6] multiple regression based models are 

developed to support ARMS. The model proposed in 

[6] called MRDDV (multiple regression with 

dependent dummy variable) depends on quantitative 

independent variable and qualitative independent 

variable, with dependent dummy variable technique 

to set the criterion of risk state.  In this paper, we 

propose to use the MRDDV model for financial data 

analysis, specifically stock market data analysis.  

The model is applied to two different financial time 

series. We interpret the model with the dependent 

dummy variable as a predictor for turns in the market. 

 

This paper is organized as follows. In section 2, 

literature related to risk analysis and financial data 

analysis is reviewed, previous works are also 

introduced. The basic principles and details of the 

MRDDV model are described in section 3. The 

performance of the proposed method is evaluated in 

section 4. In section 5, a model validation/evaluation 

methodology is presented.  In the final section, 

remarks and conclusion are presented.     

 

II. PRELIMINARIES AND REVIEW 

Market predictability and forecasting are topics 

addressed by numerous researchers.  Liu [3] 

investigates the effect of index futures trading on 

predictability of return.  Liu explores the efficiency 

impacts Nikkei 225 future contracts on the 

underlying stocks.  The study finds that, following 

the commencement of the index futures, returns to 

the Nikkei 225 component stocks become 

significantly more random.  Qian and Rasheed [7] 

investigate the foreign exchange market against the 

random walk hypothesis.  They investigate the 

predictability of spot rates of the US dollar against 

British pound to show that not all periods are equally 

random.  In [10], the authors provide a review of 

the “essential components of a model for portfolio 

risk estimation in volatile markets”.  Portfolio risk 

estimation in volatile markets requires the three 

components: fat-tailed models for financial returns, 

copula functions to capture asymmetries in 

dependence, and an appropriate downside risk 

measure.  The authors discuss how these 

components can be combined together in Monte 

Carlo based framework for risk estimation and risk 

capital allocation with AVaR (average value-at-risk). 

ARCH and GARCH models have been applied to a 

wide range of time series analyses, but applications in 

finance have been particularly successful [2].  [2] 

presented an example of risk measurement that could be 

the input to a variety of economic decisions. The 

analysis of ARCH and GARCH (generalized 

autoregressive conditional heteroscedastic ) models and 

their many extensions provides a statistical stage on 

which many theories of asset pricing and portfolio 

analysis can be exhibited and tested.  A. Rozhkov  

[8] studied the predictive ability of economic indicators 

in the context of RTS index.  The economic indicators 

are Moscow Narodny PMI purchasing managers index , 

ratio of effective demand to normal, ratio of inventories 

to normal, price of Urals oil, growth of enterprises’ net 

assets, and real ruble exchange rate.  Analytical 

methods to study time-series data and probability are 

covered in several text-books, for example [1, 9] and 

are widely used to study financial data.  

 

Risk management is a human activity which 

integrates recognition of risk, risk assessment, and 

developing strategies to manage it.  ARMS is 

introduced in [5] as a mixed feature of risk 

management and risk assessment, in the fields too 

sensitive to tolerate risks that might result in severe 

disaster. There are several example scenarios to 

which a risk management system could be applied to 
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forecast and avoid disaster.  One such example is 

the stock market. The objective of ARMS is to 

predict an outcome that is inestimable and 

unpredictable directly, from the observations in a 

data space. In order to estimate and predict the 

situations in advance, not only historical data but 

also the intelligence of experts in that field is 

essential.  In the paper [6], a new model is proposed 

as it employs the multiple regression method which 

runs between the quantitative independent variable 

and the qualitative independent variable, with 

dependent dummy variable technique to set the 

criterion of risk state. It improved the criterion of 

risk state, parameter estimation method and model 

fitness method than MRSDV Model, and also 

attempts to represent risk level based on probabilistic 

measure.  A more detailed presentation of the model 

is given in the next section. 

 

III. MRDDV MODEL 

In this section, we outline the MRDDV model.  It is 

based on multiple regression.  Let’s assume the 

dependent variable to be a dummy variable in 

multiple regression.  For the sake of simplicity, we 

limit the scope of the model to two variables. The 

formal model is described below: 

iiii exxy  22110  , 1,0iy  --   (1)  

where, 

i  : i
th 

data point and 2i    

iy  : response function represented by dummy 

variable          

ix1
: quantitative independent (ith observation in 

historical data category)   

ix2
: qualitative independent variable (ith mean of 

experts group) 

i : parameters to be estimated 

i : error term 

The dependent variable y can take the value 1 with a 

probability of success p, or the value 0 with probability 

of failure q=1-p, where 0<p<1 . This type of variable is 

called a Bernoulli variable as follows: 
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Therefore probability density function can be written by 
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Expected Value of y, i.e., 

pxxyPyPyE  22110)1(1)0(0)(  , is 

obtained from Formula (2) and this formula implies 

that the expected response of y  is the probability 

that y becomes 1, i.e., 1y .  In the theoretical 

model, the dependent variable assumes a value from 

the set {0, 1} with probabilities 1-p or p.  However, 

following parameter estimation, the estimator 

  22110
ˆˆ xbxbbyEy   is not proper to an 

estimated value p̂  of p  in some cases, because it 

violates the definition of probability 1)(0  pyE .  

Therefore, instead of interpreting ŷ  as probability, 

it is interpreted as a measure of predictability. 

 

IV. MODEL APPLICATION 

In this section we describe the application of MRDDV 

model to two financial time-series data.  We apply the 

model to the S&P 500 index and XHB (Home Builders 

ETF) data series.  In both cases, we study the 

effectiveness of the dependent dummy variable as a 

predictive indicator for the corresponding stock data.   

All data are normalized with the transformation 


 xx ' , where  and  are the mean and 

standard deviation respectively. 

Case 1 

In the first case, the S&P daily closing price (X1) is 

used as the quantitative variable and the consumer 

sentiment (X2) is used as the qualitative variable.  As 

the consumer sentiment is monthly data, the value for 

the month is assigned to all trading days of the month.  

Without loss of generality we assume that ei = 0.  The 

qualitative variable values are used to assign values for 

the dummy variable.  The dummy variable is assigned 

0 or 1 depending on the value of the qualitative variable 

relative a predetermined threshold value.  Specifically, 

yi is computed as follows: 

Let m be the threshold value selected for the qualitative 

variable and yi belong to the month with sentiment 

value sj. Then  

yi = 0 if sj > m 

  = 1 otherwise.  With these assumptions, we estimate 

the parameters 0, 1, 2 using MatLab software from 

the equation Y = 0 + 1X1 + 2X2 where X1 represents 

S&P data and X2 represent the consumer sentiment data 

for the corresponding period. We have considered data 

sets for 1 year, 5 years, and 10 years. Computations are 

performed with median and first quartile as values for 

m.  The results are shown in Figures 1 to 6. 



 

 

 

Case 2 

In the second case, the XHB daily closing price [12] 

(X1) is used as the quantitative variable and the housing 

construction data [11] (X2) is used as the qualitative 

variable.  As the housing construction data are 

monthly data, the value for the month is assigned to all 

trading days of the month.  For parameter estimation 

we assume, without loss of generality, that ei = 0, and yi 

is computed as follows: 

Let m be the threshold value of the housing 

construction data and yi belong to the month with 

sentiment value sj. Then  

yi = 0 if sj > m 

  = 1 otherwise.  With these assumptions, we estimate 

the parameters 0, 1, 2 using MatLab from the 

equation Y = 0 + 1X1 + 2X2 where X1 represents 

XHB one year data and X2 represent the housing 

construction data (hcd) for the corresponding period. 

The estimated models with m=25% and m=50% are 

given in Figures 7 and 8. 

In both cases, the graphs show that the computed Y has 

the opposite behavior of X1 and Y is trailing X1.  This 

is due to the choice of y values (we need yi to be 1 

when xi is a low point) and shows that the model fits 

well as intended.  In the one year data, we can 

visualize a lag between the highs of Y and lows of X1.  

This provides a predictive capability to Y and could be 

used as an indicator.  The m=50% threshold provides 

closer estimates them m=25%. 

 

V. MODEL EVALUATION 

Model evaluation is a critical aspect of any model 

development activity.  To evaluate the effectiveness of 

computed MRDDV model in studying financial data we 

propose a method that measures the distance between 

the turns of computed model and the underlying 

financial data series.  We outline the method below: 

 

Let X= <x1, x2, … xn> be the observed series and Y = 

<y1, y2, … yn> be the computed series. Let ki,, k2, … be 

the positions of Y where there is a trend change.  (A 

trend change corresponds to a local maxima or minima 

in the continuous case.) Let Z = <d1, d2, …  > where 

dm = j – i  where i is the m
th

 trend change position in Y; 

j > i; and j smallest index such that there is a trend 

change in the opposite direction in X. We define Z as a 

measure of the effectiveness of Y in predicting X.  

Intuitively, Z measures the time lag for a prediction to 

materialize.  We fit a distribution for Z to estimate the 

probabilities. For our analysis, we only considered the 

local maxima in Y.  Results shown in Figures 9-10 are 

distances between a high in the estimated Y and a 

following low in the data series.  A 0 value indicates 

that the Y value is not a high.  Figures 11 and 12 only 

include the positive values and shows the survival 

functions in the two cases.  We used Mathwave 

software to fit all possible distributions.  The 

distributions with the best fit (Kolmogorov-Smirnov 

test) are shown here. 

 

VI. CONCLUSION 

In this paper we apply a regression based model named 

MRDDV to analyze financial data.  MRDDV 

combines quantitative as well as qualitative variables to 

estimate the behavior of time series data.  We study 

the applicability of the model to predict potential lows 

and highs in the financial time series such as S&P 

closing price.  For this study we analyze closing price 

of S&P for 1, 5, and 10 years and the XHB closing 

price for one year.  Consumer sentiment data and 

housing construction data are used as qualitative 

variables.  The study shows that highs of Y, the 

computed model, are followed by lows in the stock data 

in both cases and with different data periods.  Based 

on the preliminary results, we conclude that MRDDV 

model is a suitable model to analyze predictability of 

stock market data.  This provides a simple approach 

for predictive analysis as opposed to the use of tools 

such as extreme value distribution [13] or copulas.  

The model studied in this paper has one qualitative 

variable and one quantitative variable.  For future 

work we propose to extend the model to include several 

quantitative variables and evaluate its effectiveness.   
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Figure 1 One year - X1 = S&P, X2 = consumer sentiment, & m = 25%. 

 

 

Figure 2 One year - X1 = S&P, X2 = consumer sentiment, & m = 50%. 

 

 

Figure 3 Five year - X1 = S&P, X2 = consumer sentiment, & m = 25%. 

 

Figure 4 Five year - X1 = S&P, X2 = consumer sentiment, & m = 50%. 

 

 

Figure 5 Ten year - X1 = S&P, X2 = consumer sentiment, & m = 25%. 

 

 

Figure 6 Ten year - X1 = S&P, X2 = consumer sentiment, & m = 50%. 
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Figure 7 One year - X1 = XHB, X2 = hcd, & m = 25%. 

 

 

    Figure 8 One year - X1 = XHB, X2 = hcd, & m = 50%. 

 

      Figure 9 PDF of the prediction distribution – S&P 

data. 

 

       Figure 10 PDF of the prediction distribution – XHB 

data. 

 

   Figure 11Time lag in X following a local max in Y– 

S&P data. 

 

Figure 12 Time lag in X following a local max in Y – XHB 

data. 
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