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Abstract: The purpose of this study is to provide statistical criteria for selection of functional forms in 

Regression analysis. A model can be misspecified in a number of ways. Two major sources are incorrect 

functional form and invalid assumptions on the distribution of the disturbance term. In respect of the 

disturbance term, classical regression analysis is based on the assumptions affects both estimated and 

inference results. The research also explores specification error in Regression analysis and some test for 

misspecification of the model. The research concludes that new criteria for selection of functional forms in 

regression analysis. 
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I. Introduction 

The basic question in econometrics is how to specify a good model for the purpose at hand.  The specification of 

a good model is an art.  Once a model is specified, however, there are statistical criteria to judge whether the 

model is bad.  Since many models can explain the same set of data but equally well, a given set of data can be 

used to screen out bad models but not to generate good models, whatever statistical techniques are used.  Most of 

the techniques presented in the proposed research work are concerned with the choice between alternative model 

specifications which of two non-nested regression models should be selected; whether a larger or smaller 

regression models should be selected; and whether a larger or a smaller simultaneous-equation model should be 

selected.   

One of the most important components of econometric model–building is test for specification errors.  A model 

can be misspecified in a number of ways. Two major sources are incorrect functional form and invalid assumptions 

on the distribution of the disturbance term. Regarding the function form linearity is often assumed for simplicity 

when a non-linear function would be more appropriate, and this may be accompanied by exclusion (or inclusion) 

of some relevant (or irrelevant) variables. In respect of the disturbance term, “classical regression analysis is based 

on the assumption of disturbance normality, homoscedasticity and serial independence violation of these 

assumptions affects both estimated and inference results.  

 

II. Methodology 

2.  A BRIEF ABOUT SPECIFICATION ERROR IN REGRESSION ANALYSIS 

2.1 SPECIFICATION ERROR  

It is often difficult to determine which of many possible variables in  to use in estimating the 

regression function  or in predicting y, particularly in cases for which n is relatively small the 

statistician is form between the wish to keep the model simple and the wish for a good approximation. If a poor 

choice of a subset  of possible measurements is made what will the penalties be?   

For example in trying to determine the regression function , should we use a fifth degree polynomial or will 

a quadratic function suffice? Obviously we can fit the data more closely with a fifty degree polynomial, but may 
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pay a price in increased complication, poor extrapolation, and as we shall see, a loss of precision. On the other 

hand. If true regression is cubic and we fit a quadratic function some inaccuracy would seem to result.  

To make the discussion precise suppose  for  and our postulated model is  a 

known subspace of Rn of dimension K. As will be seen by the following analysis. If  errors may result to 

see this, for . Let and . Then the least squares 

estimator of  is  and the error in the estimation of is . Thus has bias 

. We can assess the expected sizes of the errors made in estimating  by computing 

 here we have taken 

advantage of the orthogonality of and . To gauge the size of this we can compute the sum of the expected 

squared errors.  

since v has dimension k. 

We might also study the random variable  in order to understand the size of their 

errors. is a constant plus  multiplied by a central  random variable with expectation given above.  

Error sum of squares is  so that for . 

Thus . 

In searching for a good model we might try to choose a subspace V so that 

 is small. Of course,  depends on unknown parameters. It can be 

estimated if we can find an estimator of pure error variance  we might for example use a particularly large 

subspace  in which we are quite sure  lies, and use error sum of squares for this subspace to estimate , or 

we might use past data from another experiment with repeated observations on y for the same to estimate . 

Let  be this estimate of pure error variance. be the estimator for the subspace v.  

Then  so that  can be used as an estimator of 

 is called mallows Cp for the call that . Since for , we should hope to 

find a subspace V such that Cv is close to or smaller than dim (v).  

2.2 EFFECTS OF SPECIFICATION ERRORS ON  

In order to assess the effect of specification errors on  or more generally,  we need to specify  

interms of specific x-vectors. We consider two cases: over specification and under specification.  

2.3 SOME TEST FOR MISSPECIFICATION OF THE MODEL 

2.3.1 RAMSEY’S (1969) RESET 

(REGRESSION SPECIFICATION ERROR TESTS) 
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Ramsey suggests testing the specification of the linear regression model  
1 t t tY X u  by augmenting it 

with a set of regressors tz  so that the augmented models is  

1 1  t t t tX Z uY        

 

If the 
tZ ’s  are available then the specification test would reduce to the F-test for 

0 : 0H   .  The crucial 

issue is the choice of tz  variables.  This depends upon the true functional form under the alternative, which is 

usually unknown.  However, this can be often well approximated by higher powers of the initial regressors, as in 

the case where the true form is quadratic or cubic. Alternatively, one might approximate it with higher moments 

of 
1 ˆˆ t t OLSXY  . 

The popular Ramsey RESET test is carried out as follows: 

1) Regress Yt on Xt and get ˆ
tY  

2) Regress Yt on Xt,
2 3 4,ˆ ˆ ˆ

t t tandY Y Y and test that the coefficients of all the powers of ˆ
tY  are zero.  This is an 

3 3,  T kF under the null. 

3) Note that ˆ
tY is not included in the MSE from the regression computed with out the ith observation. 

2 2 2
2 2
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Because it would be perfectly multi-collinear with
3

tx . Different choices of tz ’s   may result in more powerful 

tests when 0H  is not true.  Thursby and Schmidt (1977) carried out an extensive Monte Carlo and concluded that 

the test based on 
2 3 4[ , , ]t t t tz X X X seems to be generally the best choice. 

2.3.2  THE J TEST 

Davidson and MacKinnon (1981) have proposed the alternative in a general model that uses a mixing parameter 

  in the combined statistical model.  

   1 21Y X Z e             

Under the hypothesis H2, Davidson and MacKinnon replace the unknown 2Z with its estimate 

 2 2
ˆ ( )Z I M Y   . Therefore, may be rewritten as  

    1 2
ˆ1Y X Z e        

  1 2
ˆ1X Y e             

Set up in this form, if hypothesis H1 is true, then 0   . Since Ŷ  is asymptotically independent of e, they 

suggest testing whether 0  . By using a likelihood ratio test or the conventional t test, which they call a J test. 

Therefore, it H1is true, as Pesaran (1982) notes, this results in the test statistic. 

  
1

21 1 1 1

1 2 1 2 1 2
ˆ ˆ ˆˆJ Z M Y Z M Z         

where̂  is an estimate of the standard error of regression. This test statistic is asymptotically distributed as a 

standard normal random variable and is asymptotically equivalent to the JA test proposed by Fisher and McAleer 

(1981). By using different estimates of 
2 , a number of alternative tests may be generated.  

III. NEW CRITERIA FOR SELECTION OF FUNCTIONAL FORMS IN REGRESSION ANALYSIS 

The general problem in Model selection criteria is to determine the most important or most valid subset of the 

predictors and the corresponding best fitting regression model for describing the relationship between a response 

variable Y and a set of K predictor variables X1, X2, ……Xk. The best fitting depends on overall goal for modeling. 

The goal is to specify a model that provides the best prediction of Y given X1, X2,….Xk, for some new observation 

or for a batch of new observations. Using this goal, one may say that the best model is reliable if it predicts well 

in a new sample. 
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 To select the best regression model, the following five steps may be carried out: 

(i)         Specify the maximum model, which is to be the one having the most predictor variables, to be       

        considered. 

(ii)         Specify a criterion for selecting a model. 

(iii) Specify a strategy for selecting the variables for models building. 

(iv) Conduct the specified analysis. 

(v)         Evaluate the reliability of the chosen model. 

A criterion for selecting model is an index that can be computed for each candidate model and may be used to 

compare regression models. Given one particular selection criterion, candidate models can be ordered from best 

to worst. It helps automate the process of choosing the best model. 

Computing all possible regression models rapidly becomes impractical as the number of variables increases. 

In this situation, one may resort to step by step methods to select subsets sequentially and avoid the computational 

cost of fitting very large numbers of models. 

Consider a linear regression model, 

 n 1 n k k 1 n 1Y X            

One may be interested to identify the significant explanatory variables having nonzero regression coefficients. 

Suppose that one may divide the k variables into two steps: the first set consists of ‘r’ regressors and the second 

contains the remaining (k-r) variables, consists of variables whose regression coefficients one suspect are zero. 

Let 

1* *

r re e be the Internally studentized residual sum of squares based on linear regression model consists of first 

set of r regressors; and let 

1* *

k ke e be the Internally studentized residual sum of squares based on full linear 

regression model. 

The F-test statistic can be used to test if the second set contains no significant variables. A modified F-test statistic 

is given by 

   

1 1

1

* * * *
* r r k k

k r , n k* *

k k

e e e e n k
F F

k re e
   

   
       

    

This F* can be used as a test for discriminating between two models, having k and r variables respectively. In a 

particular case, if k=r+1, then the F*  is given by 

   

1 1

1

* * * *
** r r r 1 r 1

1, n r* *

r 1 r 1

e e e e
F n r F

e e

 

  
 

 
  
  

    

Which tests if addition of a specified extra regressor is necessary. 

The statistic F*may be compared to critical value of F distribution with    k r , n k    degrees of freedom. 

If F*is not significant, one can use the smaller (r-variables) model and achieve roughly the same predictive ability 

as that yielded by the full regression model. Thus a reasonable rule for selecting regressors is to retain r-variables 

if F* is not significant and if r is as small as possible. A special case of 
**F occurs when k=r+1, in which case F** 

can be used as a test of significance of kth regression coefficient in the full model. 

Under modified Forward Selection procedure, one may start with a model containing only the constant term, 

compute 
**F with r=1 for all the available regressors in turn and pick the variable for which F** is the maximum 

value. Then repeat the procedure for r=2,3,….., selecting at each stage, the variable not currently included that 

gives the maximum value of
*F . One may stop if the maximum F** at any stage not exceed some threshold value 

FIN (F-to Enter). 

Under modified Backward Elimination procedure, as an alternative to Forward Selection, one starts with the full 

regression model using all k variables and compute F* with r=k for each of the k variables. Eliminate the variable 

having the Smallest F* statistic from the model, provided that F* is less than some threshold value FOUT (F-to 

Remove). This procedure is continued until all variables are eliminated or the smallest F* fails to be less than FOUT
. 

Backward Elimination procedure typically takes much more computation than Forward Selection when a small 

number of variables explain most of the variation. The thresholds FIN and FOUT may change as the algorithms 

proceed. A popular choice is to keep the formal significance level fixed, and set the thresholds to be the critical 

values for the corresponding F*-test. 
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The main drawback of these two procedures is that in the case of Backward Elimination (BE), a variable once 

eliminated can never be reintroduced into the regression model, and in the case of Forward Selection (FS), once 

a variable included can never be removed. Sometimes, these methods can give very different results on the same 

data. The Stepwise Regression technique combines both the Forward Selection and Backward Elimination 

procedures, which is just Forward Selection followed by a Backward Elimination step at each stage. 

Under modified Stepwise Regression technique, one starts with a model consisting of constant term alone, then 

performs an FS step, adding a single variable. It is followed by a BE step, removing a variable if the corresponding 

F** is less than FOUT. This combination of an FS step followed by a BE step is repeated until no further regressors 

are introduced at the FS stage. 

Suppose that at the beginning of an FS step, there are r variables in the current linear regression model, which has 

Internally studentized residual sum of squares 
1* *

r re e . Then either no regressor can be included, and the algorithm 

terminates or an additional regressor is included, resulting in a new studentized residual sum of squares 
1* *

r 1 r 1e e  (say), which must satisfy, 

 
1 1

1

* * * *
** r r r 1 r 1

IN* *

r 1 r 1

e e e e
F n r F

e e

 

 

 
   
  

     

    Or, equivalently  

1 1 1* * * * * *IN
r r r 1 r 1 r 1 r 1

F
e e e e 1 e e

n r
   

 
          

    

Now, perform the BE step. Either no regressor is deleted or one may get a new regression model with r variables 

and a new Internally studentized residual sum of squares equals to 

1* *

r r
New

e e 
  , say, where  

1 1* * * * OUT
r r r 1 r 1

New

F
e e e e 1

n r
 

 
       

     

Thus,  

1 1 1 1
* * * * * * * *OUT IN

r r r 1 r 1 r 1 r 1 r r
New

F F
e e e e 1 e e 1 e e ,

n r n r
   

    
 

   
         

   
   

So that at the end of each FS/BE cycle, either the algorithm has terminated or a new regression model is chosen 

whose internally studentized residual sum of squares is strictly smaller. In Stepwise Regression technique, a good 

stopping rule will result in good performance of the regression model.  

 

IV. CONCLUSIONS 

Model selection criteria have become exceedingly popular in the specification of regression models. Selecting the 

best statistical model is an important problem in statistics as well as in any other filed that uses regression analysis. 

The problem of criteria for selection of functional forms in regression has long been of interest of statisticians. In 

the applied regression analysis, one is faced with a large number of explanatory variables which are potentially 

important for the specification of the model. 

There is considerable literature on selection of functional forms in regression analysis. Many Statisticians and 

Econometricians have proposed several methods for selecting the best regression model. In deciding on a method, 

it is necessary to evaluate the criterion of goodness of prediction on which it is based and to some extent, the 

computational effort involved, 

In the present research work, an attempt has been made to develop some new criteria for selection of functional 

forms in regression analysis. 

Firstly, a modified stepwise regression technique for the selection of best linear regression model has been 

developed by giving modified adjusted coefficients of multiple determinations based on internally studentized 
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residual sum of squares. Under this technique both forward selection and backward elimination procedures have 

been used simultaneously for selecting variables for the best linear statistical model.  

Secondly, a criterion for model selection has been proposed by using prediction error and model error. The 

concepts of prediction error and model error are essential to reflect the underlying variability in the data and 

measuring how well the model predicts the new responses. Here, Total bias and Total variance have been defined 

for choosing the best subset of regressors. 

Thirdly, a new criterion for selecting functional forms in regression analysis has been proposed by giving a test 

statistic based on coefficients of multiple determinations for reduced model and full regression model. 

Finally, a criterion has been suggested test for the specification and misspecification of the models. 
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