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Now let us define
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as the sample first-order coefficient of autocorrelation, an estimator of p. d) RQ\)QC"‘ HJ W\

(See footnote 9.) Using (12.6.9), we can express (12.6.8) as .
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But since —1 < p < 1, (12.6.10) implies that

0<d<4 (12.6.11)
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Given a sample of 50 observations and 4 explanatory variables, what can
you say about autocorrelation if (@) d = 1.05? (b) d_ = 1.40? (c) d =2.50?
(d)d =3.97?
In studying the movement in the production workers’ share in the value
added (i.e., labor’s share), the following models were ideregd b
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where Y = labor’s share and 7 = time. Based on annual data for 1949-
1964, the following results were obtained for the primary metal industry:
* Which model
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Model B: Y, = 0.4786 — 0.0127¢ + 0.0005¢
(=3.2724) (2.7777)

R?> = 0.6629 d=1.82 bQ h'
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where the figures in the parentheses are 7 ratios. Ob+m n A L, A(A R?‘
Is there serial correlation in model A? In model B? —p Mode) A 9 .
What accounts for the serial correlation? ed EJ\B

How would you distinguish between “pure” autocorrelation and specifi-
cation bias?
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3 Detection of multicolinearity

1. There is conflicting test between t- and F-test: if we find that the conclusion derived
from the two tests are inconsistent, specifically R2 is high and F-test results in
statistical overall significance; whereas, at least, one null hypothesis of some t-tests
cannot be rejected, it is reasonable to suspect the multicollinearity problem.

2. Correlation of regressors is greater than 0.8: the higher the correlation, the higher
the variance of estimators.

3. Variance inflation factor (VI@ is greater than 10':) when the regressors face the
multicollinearity problem, the value o ght be so high that the resulting high

variance of estimators adversely affects the regression analysis.

e The VIF (variance inflation factor) to detect high multicolinearity:
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4. Scatter plot of two regressors is relatively linear: when we plot the value of on
regressor against another and we find that both of them tend to change in the same
way, this fact might suggest the existence of multicollinearity.
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Remedial Measures
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2. Apply prior relationship among explanatory variables - y e PO.‘. F'X‘+ Pz)( U (D
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3. Discard some explanatory variables - the removal of the variables could mitigate ot
the problem; but, another problem, namely specification bias problem, might occur 3 2 ﬁ
instead. For example, suppose we want to construct the model where the production P ! 2
is the explained variables; and labor and capital are the explanatory ones. If there
is linear relationship between labor and capital, the elimination of one variable
might assuage the multicollinearity problem, but might be contrary to economic
reasoning. Hence, the decision of which variables will be disposed of should be

based on economic theory. 4/ \ N CYea s
4. Collect more observations - this practice will increase _§_ST’

which is the component of the variances. As a result, the varianCes will be lower 'h
despite high correlatiop among expla%tory variables. VAyianon ,
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5. Transform the variables - although there is linear relationship among explanatory
variables, it is not necessary that the first difference or ratio transformation of the
variables will have that relationship () -(2) 8.|V25
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