
ECNS 561

Review of Mathematical Statistics



• Sampling

– Let Y be a r.v. representing a population with a pdf f(y; θ), which 

depends on the single parameter θ.

– If Y1, Y2, …, Yn are independent r.v.s with a common pdf f(y; θ), 

then {Y1, Y2, …, Yn} is said to be a random sample from f(y; θ)

-We also say that the Yi are independent, identically 

distributed (iid) r.v.’s from f(y; θ).

• Finite Sample Properties of Estimators

– An estimator of θ is a rule that assigns each possible outcome of 

the sample a value of θ.

• This rule is specified before any sampling is carried out (i.e., the rule is the 

same regardless of the data actually obtained)

– As an example of an estimator, let {Y1, Y2, …, Yn} be a random 

sample from a population with mean µ. 

– Q. What is a natural estimator of µ?

– Ans. The sample average 

 𝑌 = (
1

𝑛
) 𝑖=1

𝑛 𝑌𝑖



• More generally, an estimator W of a parameter θ can be 

expressed as 

W = h(Y1, Y2, …, Yn)

for some known function of the r.v.’s, Y1, Y2, …, Yn

• When a particular set of numbers, say {y1, y2, …, yn}, is plugged 

into h(∙), we obtain an estimate of θ, denoted w = h(y1, y2, …, yn)

– Sometimes W is called a point estimator and w a point estimate

• Distribution of an estimator is called the sampling distribution

– This describes the likelihood of various outcomes of W across different 

random samples



• Unbiasedness

– In principle, the entire sampling distribution of W can be obtained given 

the probability distribution of Yi and the function h.

• Usually easier to focus on a few features of the distribution W in evaluating it as an 

estimator of θ

• Unbiased Estimator

– An estimator, W of θ, is an unbiased estimator if

E[W] = θ

for all possible values of θ

– If an estimator is unbiased, then its probability distribution has an 

expected value equal to the parameter it is supposed to be estimating



• Q. Does unbiasedness mean that the estimate we get with any 

particular sample is equal to θ?

• Ans. No!

It means that if we could indefinitely draw random samples on Y 

from the population, compute an estimate each time, and then 

average these estimates over all random samples, we would 

obtain θ

• If W is biased, its bias is defined as

Bias(W) ≡ E[W] – θ

• Pdf of W1 unbiased…pdf of W2 is 

biased



• Sample average  𝑌is an unbiased estimator of the population 

mean

[insert proof]

• For hypothesis testing, we will also need to estimate the variance 

σ2 from a population with mean µ.

– Letting {Y1, Y2, …, Yn} denote the random sample from the population 

with E[Y] = µ and Var[Y] = σ2, define the estimator as

S2 = 
1

𝑛−1
 𝑖=1

𝑛 (𝑌𝑖 −  𝑌)2, 

which is called the sample variance.

[insert proof that sample variance estimator is unbiased]



• While unbiasedness has appeal as a property of an estimator…it 

has some weaknesses

– Some very good estimators are biased (will see examples soon)

– Unbiased estimators exist that are actually quite poor estimators

• Sampling Variance of Estimators

– Unbiasedness only ensures the sampling distribution of an estimator has a 

mean value equal to the parameter it is supposed to be estimating

• We also, however, want to know how spread out the distribution of the estimator is

• An estimator can be equal to θ, on average, but it can also be very far away with large 

probability

• Using W1 as our estimator implies that

it is less likely we will obtain a random

sample that yields an estimate very far

from θ.

• To summarize situation in figure, we rely

on the variance of an estimator



• Variance of an estimator is called the sampling variance because 

it is the variance associated with a sampling distribution

– Recall, the sampling variance is not a r.v.; it is a constant, but could be 

unknown

• The variance of the sample average for estimating the mean µ 

from a population is

𝑉𝑎𝑟  𝑌 = 𝑉𝑎𝑟
1

𝑛
 𝑖=1

𝑛 𝑌𝑖 =
1

𝑛2 𝑉𝑎𝑟( 𝑖=1
𝑛 𝑌𝑖) = 

1

𝑛2 ( 𝑖=1
𝑛 𝑉𝑎𝑟(𝑌𝑖)) =

1

𝑛2 ( 𝑖=1
𝑛 𝜎2) = 

1

𝑛2 (n𝜎2) 

= 𝜎2/n



• In sum,

If {Yi : i = 1, 2, …, n} is a random sample from a population 

with mean µ and variance σ2, then  𝑌 has the same mean as the 

population, but its sampling variance equals the population 

variance, σ2, divided by its sample size

• An important implication of Var(  𝑌) = 𝜎2/n is that it approaches 

zero as n gets large

– This is a key feature of a good estimator

• As evidenced by the figure above, we prefer estimators with the 

smallest variance



• This allows us to eliminate certain estimators from consideration

• For a random sample from a population with mean µ and variance 

σ2 , we know that  𝑌is unbiased and Var( 𝑌) = 𝜎2/n 

• Q. What about the estimator Y1, which is just the first observation 

drawn?

– Because Y1 is a random draw from the population, Var(Y1) = 𝜎2

– Thus, the difference between Var(Y1) and Var(  𝑌) can be large even for 

small samples

– If n = 10, then Var(Y1) is 10 times as large as Var(  𝑌) = 𝜎2/10

– This gives us a formal way of excluding Y1 as an estimator of µ

– Let’s look into this more closely with a STATA example



• Efficiency

– If W1 and W2 are two unbiased estimators of θ, W1 is said to be efficient

relative to W2 when Var(W1) ≤ Var(W2) for all θ, with strict inequality for 

at least one value of θ.

– In our STATA example, Var(  𝑋) < Var(X1) implies that  𝑋 is efficient 

relative to X1 for estimating µ

– If we restrict our attention to a certain class of estimators, we can show that 

the sample average has the smallest variance (…you will be asked to do 

this for Mega HW #2)

– If we do not restrict focus to unbiased estimators, then comparing variances 

is meaningless

• E.g., when estimating population mean µ we can use a trivial estimator that is equal to 

zero, regardless of the sample we draw

• Naturally, variance of this estimator is zero (b/c it is the same value for every sample)

• But, the bias of the estimator is -µ…so it is a very poor estimator when |µ| is large



• One way to compare estimators that are not necessarily unbiased 

is to compute the mean squared error (MSE) of the estimators

– If W is an estimator of θ, then the MSE of W is defined as

MSE(W) = E[(W – θ)2].

– This measures how far, on average, the estimator is away from θ

– It can be shown that 

MSE(W) = Var(W) + [Bias(W)]2

so that MSE(W) depends on the variance and bias (if any is present)

– This allows us to compare two estimators when one or both are biased

[Work problems #3 and #4 from Appendix C]



• Asymptotic or Large Sample Properties

– Reasonable to demand that an estimator improves as n gets large

• E.g,  𝑌 improves in that its variance decreases as n increases

– We can rule out certain estimators by studying asymptotic or large sample 

properties of estimators

– Asymptotic analysis involves approximating the features of the sampling 

distribution of an estimator

• Consistency

– Concerns how far estimator is likely to be from the parameter of interest as 

n approaches ∞

– Let Wn be an estimator of θ based on a sample Y1, Y2, …, Yn of size n.  

Then Wn is a consistent estimator of θ if for every ε > 0,

P(|Wn – θ|) > ε → 0 as n → ∞

– Otherwise, we say that Wn is inconsistent



• Unlike unbiasedness (which is a feature conditional on a certain 

sample size), consistency concerns the behavior of the sampling 

distribution of the estimator as n gets large

• The equation on the previous slide means that the distribution of 

Wn becomes more concentrated around θ as n gets larger



• Consistency is a minimal requirement  of an estimator for econometric 

purposes

• Unbiased estimators are not necessarily consistent…but those whose 

variances shrink to zero as n → ∞ are consistent

• Formally,

If Wn is an unbiased estimator of θ and Var(Wn) → 0 as n → ∞, then

plim(Wn) = θ

• Example

Consider the average of a random sample drawn from a 

population with mean µ and variance σ2

– We already know that this is unbiased

– And, we showed that Var( 𝑌n) = σ2 /n

– So, we clearly see that 

Var(  𝑌n) → 0 as n → ∞ 

Hence,  𝑌is an unbiased and consistent estimator of µ



• This brings us to the Law of Large Numbers (LLN)

Let Y1, …, Yn be iid r.v.’s with mean µ.  Then,

plim(  𝑌n) = µ

The LLN means that, if we are interested in estimating the population 

average µ, we can get arbitrarily close to µ by choosing a sufficiently 

large sample.

• It can also be shown that the sample variance, Sn
2 = 

1

𝑛−1
 𝑖=1

𝑛 (𝑌𝑖 − 𝑌𝑛)2, is 

consistent for σ2

• Property Plim.1

Let θ be a parameter and define a new parameter, γ = g(θ), for some 

continuous fnc. g(∙). Suppose that plim(Wn) = θ. Define an estimator γ by 

Gn = g(Wn).  Then

plim(Gn) = γ

often stated as

plim g(Wn) = g(plim Wn) (Slutsky Theorem)

for a continuous function



• Example.

Slutsky Theorem directly generalizes to a function of several 

r.v.’s as illustrated in the following example:

In random sampling from a population with mean µ and 

variance σ2, the exact expected value of 
(  𝑋)2

𝑆𝑛
2 would be 

difficult, if not impossible to derive.  But, by the Slutsky

Theorem,

plim(
(  𝑋)2

𝑆𝑛
2 ) = µ2/σ2



• Property Plim.2

If plim(Tn) = α and plim(Un) = β, then

(i) plim(Tn + Un) = α + β

(ii) plim(TnUn) = αβ

(iii) plim(Tn/Un) = α/β, provided β > 0

Example.

Let {Y1, Y2, …, Yn} be a random sample of size n on annual earnings from the population of 

workers with a high school education and denote the population mean as µY. Let {Z1, Z2, …, 

Zn} be a random sample of size n on annual earnings from the population of workers with a 

college education and denote the population mean as µZ. 

-Suppose we want to estimate the percentage difference in annual earnings b/w the 

two groups, γ = 100∙(µZ - µY)/µY

-Because 𝑌𝑛and 𝑍𝑛are consistent for µZ and µY, respectively, it follows from the 

Slutzky Thm. and (iii) from plim.2 that 

Gn = 100 ∙(𝑍𝑛 - 𝑌𝑛)/𝑌𝑛

is a consistent estimator of γ



Asymptotic Normality

• Consistency is a property of point estimators

– Tells us that the distribution of an estimator is collapsing around the parameter as n gets large

– But, it tells us little about the shape of the distribution of the estimator for a given sample size

• For constructing interval estimators and testing hypotheses, we need a way to 

approximate estimator distributions

– Most econometric estimators have distributions that are closely approximated by a normal 

distribution for large n

• Asymptotic Normality.  Let {Z1, …, Zn} be a sequence of r.v.’s, such that for all 

numbers z, 

P(Zn ≤ z) → Φ(Z) as n → ∞

where Φ is the standard normal cdf.

Here, Zn is said to have an asymptotic standard normal distribution

Zn ~ Normal(0,1)

i.e., cdf for Z approaches cdf for a standard normal distribution as n gets large

a



• Central Limit Theorem

– States that the average from a random sample for any population with finite 

variance, when standardized, has an asymptotic standard normal distribution

– Let {Y1, …, Yn} be a random sample with mean µ and variance σ2.  Then

Zn = (𝑌𝑛- µ)/(σ/ 𝑛)

has an asymptotic normal distribution.

– Zn is the standardized version of 𝑌𝑛
• Subtracted off E[𝑌𝑛] = µ

• Divided by sd(𝑌𝑛) = σ/ 𝑛

– Thus, regardless of the population distribution of Y, Zn has mean zero and 

variance one

– Equation above implies that

Zn = 𝑛 (𝑌𝑛- µ)/σ

• Multiplying by 𝑛 ensures the variance of Zn remains constant

• If we just had (𝑌𝑛- µ)/σ, we know its distribution collapses to a single point as n → 

∞…which we know cannot be a good approximation of the distribution for reasonable 

sample sizes



• In addition to the standardized sample average above, many other 

statistics depend on sample averages that turn out to be 

asymptotically normal.  An important one is obtained by replacing 

σ with its consistent estimator Sn

(𝑌𝑛- µ)/(Sn/ 𝑛)

also has an approximate standard normal distribution for large n



• Interval Estimation and Confidence Intervals

• A point estimate from a particular sample is not sufficient for testing 

hypotheses

• The point estimate plus the s.d. provides more info on how good of 

a predictor the estimator actually is

– Yet, this still does not tell us where the population value is likely to lie in 

relation to our estimate

– To address this, we construct a confidence interval

• Suppose the population has a Normal(µ, 1) distribution and let {Y1, 

…, Yn} be a random sample from this population.  The sample 

average distribution, therefore, is represented by 

 𝑌~ Normal(µ, 1/n)



• From this, we can standardize  𝑌 as follows

P(-1.96 < ( 𝑌- µ)/(1/ 𝑛) < 1.96) = .95

note: we are choosing the ends in this interval to 

achieve a probability = .95…we will return to this 

later

• We can rewrite the above as follows

P( 𝑌-1.96/ 𝑛 < µ <  𝑌 + 1.96/ 𝑛) = .95

• Q. What is the interpretation?

• This tells us that the probability that the random interval

[  𝑌-1.96/ 𝑛,  𝑌 + 1.96/ 𝑛]

contains the population mean µ is .95 (or 95%)



• From this, we can construct an interval estimate of µ, which is obtained by 

plugging in the sample outcome of the average,  𝑦. Thus,

[ 𝑦-1.96/ 𝑛,  𝑦 + 1.96/ 𝑛] (1)

is an example of an interval estimate of µ (aka a 95% CI).  Shorthand 

notation is

 𝑦±1.96/ 𝑛

• When we say that equation (1) is a 95% CI for µ, we mean that the random 

interval

[  𝑌-1.96/ 𝑛,  𝑌 + 1.96/ 𝑛] (2)

contains µ with probability .95.  That is, before the random sample is drawn 

there is a 95% chance that (2) contains µ.  Eqn (2) is referred to as an interval 

estimator.

Q. Why is this interval essentially a “random interval”?

Ans. B/c the endpoints change with different samples



• CIs are often interpreted as follows:

“The probability that µ is in the interval 

[ 𝑦-1.96/ 𝑛,  𝑦 + 1.96/ 𝑛]

is .95”

• Is this an accurate statement?

• No!

– Once the sample has been observed and  𝑦 has been computed, the limits 

are simply numbers

– The population parameter (although unknown), µ, is also just some 

number

– Probability plays no role once the CI is computed for the particular data at 

hand

– The probabilistic interpretation comes from the fact that for 95% of all 

random samples, the constructed CI will contain µ

[insert do file that draws from standard normal and 

constructs 95% CIs]



• Confidence Intervals for the Mean from a Normally Distributed 

Population

• The CI

[ 𝑦 - 1.96/ 𝑛,  𝑦 + 1.96/ 𝑛]

helps illustrate how to construct and interpret CIs

• In practice, however, this particular CI is not super useful because it 

is based on the assumption that variance is equal to unity

• We can extend this to the case where σ is any value

[ 𝑦 - 1.96σ/ 𝑛,  𝑦 + 1.96σ/ 𝑛]

• To allow for unknown σ, we must use an estimate

s = (
1

𝑛−1
 𝑖=1

𝑛 (𝑦𝑖 −  𝑦)2)1/2 (sample s.d.)



• Q. What is the issue though if we do this?

– The 95% CI is not preserved b/c s depends on the particular sample

– That is, the random interval

no longer contains µ with probability, .95 because the constant σ has been 

replaced with the r.v. S

• Q. How should we proceed?

– Instead of relying on the standard normal distribution we now rely on the t 

distribution

– The t distribution arises from the fact that 

(  𝑌 − 𝜇)/(
𝑆

𝑛
)~ 𝑡𝑛−1 (see any old stats book if you 

want the proof)

where  𝑌is the sample average and S is the sample s.d. of the random sample 

{Y1, …, Yn} 

 𝑌±1.96(s/ 𝑛)



• To construct a 95% CI, let c denote the 97.5th percentile in the tn-1 distribution.  

In other words, c is the value such that 95% of the area in the tn-1 distribution is 

b/w –c and c:

P(-c < tn-1 < c) = .95

• Choice of c is illustrated in figure.  When c is properly chosen, the random 

interval 

[  𝑌 - c*S/ 𝑛,  𝑌 + c*S/ 𝑛]

contains µ with probability .95



• For a particular sample, we have

[ 𝑦 - c*s/ 𝑛,  𝑦 + c*s/ 𝑛]

• B/c the t-distribution depends on the sample size, so do the values 

of c

– See Table G.2 in Appendix G for values of c for various degrees of freedom

– For example, if n = 20, so that df = 19, then c = 2.093.  So, the 95% CI is

[ 𝑦 ± 2.093*s/ 20]

– For small df, the CI becomes wider

• Simple way to construct a CI from the mean of a normal 

distribution is to use the formula for the standard error of   𝑦

se( 𝑦) = s/ 𝑛

• More generally, let cα denote the 100(1-α) percentile in the tn-1

distribution.  Then, a 100(1-α)% CI is obtained as

[ 𝑦 ± cα/2 *se( 𝑦)]

[insert STATA example of computing 95% CI for 

mean of KS county income]



Asymptotic CIs for Nonnormal Populations

• In some applications, the population is clearly nonnormal

• But, if the sample is sufficiently large, then the central limit theorem 

kicks in and gives a good approximation for the distribution of the 

sample average  𝑌

• An approximate 95% CI is

[ 𝑦 ± 1.96∙se( 𝑦)]

where 1.96 is the 97.5th percentile in the standard normal distribution

– The difference here is that we are multiplying the s.e. by a number that comes 

from the standard normal distribution, rather than the t distribution

– Remember, if the number of df is sufficiently large, then the t distribution 

approaches the standard normal



Review

• σ: the unknown population standard deviation…this is a measure of 

the spread in the distribution of Y

• σ/ 𝑛: the sampling standard deviation of  𝑌 (the sample average).  

sd( 𝑌) = σ/ 𝑛 → 0 as n → ∞ … our estimator of µ gets more precise 

as n increases

• s:  the sample sd is an estimate for σ for a particular sample

• S:  the underlying random variable, which changes across different 

samples

• s/ 𝑛:  the standard error of  𝑦 (aka se( 𝑦))…our best estimate of σ/ 𝑛



Hypothesis Testing

• Ex. Suppose there are two candidates in an election:  Candidates A and B

• Candidate A is reported to have received 42% of the population vote and B 

58% of the vote

• Candidate A is convinced the election was rigged

– Candidate A hires a consulting agency to draw a random sample of 100 

voters from the voting population

– Suppose, from this sample, 53 people stated they voted for Candidate A

• Q. Should we conclude the election was a fraud?

• Not necessarily.  Even if 42% of the entire population voted for A, it is 

entirely possible to observe 53 people who voted for A in a sample of 100.

• Ultimately, we care about the following question…How strong is the 

sample evidence against the officially reported 42%?



• One way to determine this is to conduct a hypothesis test

• Letting θ denote the true % voting for A, we can write the following 

null hypothesis

H0: θ = .42

– We presume the null is true until the data strongly provide evidence otherwise

• The alternative hypothesis is that the true proportion voting for A 

is > .42:

H1: θ > .42

• Note: we are ignoring alternative θs where θ < .42. 

– For these kinds of examples, it does not matter whether we state the null as 

H0: θ = .42 or as a composite null, H0: θ ≤ .42, because the most difficult 

value to reject if θ ≤ .42 is θ = .42 

– i.e., if we reject θ = .42 against θ > .42, then we must reject any θ < .42



• In hypothesis testing, we can make two kinds of mistakes

– Type I error: rejecting null when it is true

– Type II error: failing to reject null when it is false

– We never know with certainty whether an error was committed, but we can 

compute the probability of making either a Type I or II error.

• Hypothesis testing rules are made such that the probability of 

committing a Type I error is fairly small

– We define the significance level of a test as the probability of a Type I error

α = P(Reject H0 | H0)

“probability of rejecting H0 given that H0 is true”



• Hypothesis testing requires that we initially specify α for a test.  

In doing so, we are basically quantifying our tolerance for Type I 

error

– Common values are α = .10, α = .05, and α = .01

– If α = .05, the researcher is willing to falsely reject the null 5% of the time, 

in order to detect deviations from H0

• Once we have chosen α, we then want to minimize the likelihood 

of committing a Type II error

– The power of a test is just one minus the probability of a Type II error:

π(θ) = P(Reject H0 | θ)

= 1 – P(Type II | θ) 



• Testing Hypotheses about the Mean in a Normal Population

• To test a null against an alternative hypothesis, we need to choose 

a test statistic and a critical value

– Denote a test stat as T

– Denote an outcome of the test stat as t

• Rejection of the null depends on comparing the value of a test 

stat, t, to a critical value, c

– To determine c, we must first choose α

– Given α, c is determined by the distribution of T, assuming H0 is true



• Let’s consider testing hypotheses about the mean µ form a 

Normal(µ, σ2) population

H0: µ = µ0

where we specify a value for µ0

• The rejection rule we choose depends on the nature of the 

alternative hypothesis. The three possible alternatives are:

H1: µ > µ0

H1: µ < µ0

H1: µ ≠ µ0

One-sided alternatives

Two-sided alternatives…appropriate when we are 

interested in any deviation from the null



• Let’s consider the first alternative, H1: µ > µ0

– We should reject H0 in favor of H1 when the value of the sample average, 

 𝑦, is “sufficiently” greater than µ0

– But, how should we determine when  𝑦 is large enough for H0 to be rejected 

at the chosen significance level?  This requires knowing the probability of 

rejecting the null when it is true

– Working with the standardized version of  𝑦 and replacing σ with the 

sample s.d.:

t = 𝑛( 𝑦- µ0)/s = ( 𝑦- µ0)/se( 𝑦)

where se(  𝑦) = s/ 𝑛
• t is our statistic for testing H0

• Measures distance from  𝑦 to µ0 relative to s.e. of  𝑦

– We work with t b/c, under the null, the r.v.

T = 𝑛(  𝑌- µ0)/S

has a tn-1 distribution 



• Suppose we have chosen α = .05. Then, c is chosen so that 

P(T > c | H0) = .05.  That is, the probability of Type I error is 5%. 

Once we have found c, the rejection rule is

t > c,

where c is the 100(1-α) percentile in a tn-1 distribution 

(the significance level is 100∙α%)

• This is an example of a one-sided test because the rejection region is in 

one tail of the t distribution



• For two-sided alternatives, we need to chose c such that the 

significance level of the test is still α

– If H1: µ ≠ µ0 , then we reject H0 if  𝑦 is far from µ0 in absolute value

– A 100∙α% level test is obtained from the rejection rule of a two-tailed test

|t| > c

– Here, c is the 100(1 – α/2) percentile in the tn-1 distribution

• E.g, if α = .05, the critical value is the 97.5th percentile in the tn-1 distribution



• Proper wording

“We fail to reject H0 in favor of H1 at the 5% significance level”

vs. 

“We accept H0 at the 5% significance level”

– Second phrase is wrong

– With the same set of data, there are many hypotheses that cannot be 

rejected

– For example, in the election problem, it would be logically inconsistent to 

say that H0: θ = .42 and H0: θ = .43 are both “accepted” because only one 

can be true

– But, it is very possible that neither of these hypotheses are rejected



• Asymptotic Tests for Nonnormal Populations

– If n is large enough to invoke the CLT, the mechanics of hypothesis testing 

for population means are the same whether or not the population 

distribution is normal

– The theoretical justification comes from the fact that, under the null 

hypothesis,

T = 𝑛(  𝑌- µ0)/S ~ Normal(0,1)

– So, with large enough n, we can compare the t stat with the critical values 

from a standard normal distribution

– B/c the tn-1 distribution converges to the standard normal distribution as n 

gets large, the t and standard normal critical values will be very close for 

large n

a



• Computing and Using p-values

• Q. What is the largest significance level at which we could carry out 

the test and still fail to reject the null?

– This value is the p-value of a test

– Compared with choosing a significance level ahead of time and obtaining a 

critical value, computing a p-value is a bit more difficult

• Ex. Consider the problem of testing H0: µ = 0 in a Normal(µ, σ2) 

population

– Our test stat is

T = 𝑛∙(  𝑌-µ0)/S = 𝑛∙  𝑌/S 

– Assume n is sufficiently large such that T can be treated as having a standard 

normal distribution

– Suppose the observed value of T in our sample is t = 1.52

• We are skipping the step of choosing α



– Because we know t, we can solve for the largest significance level at which we 

would fail to reject H0. 

• i.e., the significance level associated with using t as our critical value

– Because or test stat T has a standard normal distribution under H0, we have

p-value = P(T > 1.52 |H0) 

= 1 – Φ(1.52)

= .065 

=>  largest significance level at which we can carry out this test 

and fail to reject is 6.5%

– The p-value is just the area to the right of 1.52 in a standard normal distribution



• Computing a p-value for a two-sided test is similar. For t testing about 

population means, the p-value is computed as

P(|Tn-1| > |t|) = 2P(Tn-1 > |t|)

– Again, for large n, replace Tn-1 with a standard normal r.v.

• For nonnormal populations, we can find asymptotic p-values by using the same 

calculations

Practical (or economic) vs. statistical significance

• To this point, we have concerned ourselves with statistical significance…or the 

precision of parameter estimates

• But, we cannot lose sight, in any study, the importance of interpreting the 

magnitude of a point estimate and its sign

• Practical (or economic) significance of  𝑦 is determined by the sign and 

magnitude of  𝑦 and allows us to discuss the direction of effects and whether or 

not they are large enough to be meaningful



• Degrees of freedom

– The number of independent pieces of information available to estimate 

another piece of information

– i.e., the number of independent observations in a data sample that are 

available to estimate a population parameter

– e.g., if we have two observations, when calculating the mean we have two 

independent observations (i.e. df = 2).  However, when calculating the 

variance, we have only one independent observation, since the two 

observations are equally distant from the mean (i.e., df = n-1 = 1)


