
Eco311 Optional Reading: Test for Normal Distribution

(Jing Li, Miami University)

1. We can informally evaluate whether data follow a normal distribution by checking the

histogram is bell-shaped or not.

2. Such eye-ball econometrics is not rigorous since it is unclear what exactly “bell-shaped”

means. For example, the t distribution looks like a bell, but is not normal distribution.

3. A better approach is computing skewness and kurtosis, and see if they are close to 0

and 3. Nevertheless, this approach is still not rigorous enough. For instance, suppose

the sample kurtosis is 2.9, is it close to 3? How about 2.85? How close is close?

4. The formal approach is conducting a hypothesis testing. The null hypothesis is

H0 : data follows normal distribution (1)

and alternative hypothesis is that data does not follow normal distribution.

5. We cannot use t test, since that test is designed for testing population mean equaling

some value. Here we are testing whether the distribution is normal distribution.

6. We can propose a new test as

mynormal.test = skewness2 + kurtosis (2)

This new test takes both skewness and kurtosis into account. The skewness is squared

in order to avoid cancellation.

7. For a normal distribution, the new test equals 02 + 3 = 3. So a value far away from

3 should lead to rejecting the null hypothesis. Now the question becomes “how far is

far?”

8. To answer that question, we need to know the sampling distribution of the new test. We

cannot apply CLT here because the new test does not involve sample mean. However,

we can always run simulation, and see what values are likely and unlikely assuming

the null hypothesis is true (i.e., assuming data are from normal distribution).

9. We use following R codes to simulate the sampling distribution of mynormal.test
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> library(moments)

> set.seed(12345)

> n = 1000

> iter = 10000

> v.ntest = rep(0, iter)

> for (i in 1:iter) {

+ data = rnorm(n)

+ v.ntest[i] = skewness(data)^2 + kurtosis(data)

+ }

> cr.lower = quantile(v.ntest, 0.025)

> cr.upper = quantile(v.ntest, 0.975)

> cbind(cr.lower, cr.upper)

cr.lower cr.upper

2.730764 3.342652

> hist(v.ntest)

We run simulation or iteration 10000 times. Each time we generate n = 1000 normal

random values (assuming H0 is true). We compute skewness2 + kurtosis. In the

end, we obtain 10000 values of mynormal.test. Their 2.5 percentile 2.730764 and

97.5 percentile 3.342652 are critical or cut off values, which define the 95 confidence

interval. Any value outside the interval (less than 2.730764 or greater than 3.342652)

are in rejection zone.

10. The sampling distribution of the new test looks like
Histogram of v.ntest
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The sampling distribution is skewed to the right, and does not look like a symmetric

bell. This finding is expected since CLT does not apply to mynormal.test. We see
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that values between 2.730764 and 3.342652 are likely (in the middle of histogram),

while values less than 2.730764 or greater than 3.342652 are unlikely (being in lower

or upper tail)

11. Technically speaking, even if H0 is true or the distribution is indeed normal distribution,

it is still possible to get value of mynormal.test less than 2.730764 or greater than

3.342652. However, those situations occur very infrequently (with probability less than

0.05). It is called type-I error if we falsely reject a correct null hypothesis (sending an

innocent person to jail). In this case, the probability of type-I error is 0.05 if 2.730764

and 3.342652 are used as critical values.

12. To use the new test, let’s create a user-defined R function call mynormal.test

mynormal.test = function(y) {

return(skewness(y)^2 + kurtosis(y))

}

13. Then we generate data that follow chi-squared distribution and apply our new test to

that data

> newdata = rnorm(n)^2

> mynormal.test(newdata)

[1] 19.61715

> mynormal.test((newdata-mean(newdata))/sd(newdata))

[1] 19.61715

> hist(newdata)

We see the value of mynormal.test is 19.61715, regardless of whether we standardize

the data. 19.61715 is greater than 3.342652 (being in the upper tail, or upper rejection

zone). As a result, the conclusion is that we reject the null hypothesis of normal

distribution for this data.

14. We can see the chi-squired distribution is skewed, so is not the same as normal distri-

bution
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Histogram of newdata
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15. In practice you should use tests that have better property. Google or ChatGPT

Kolmogorov-Smirnov normality test and Shapiro-Wilk’s test
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