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Lecture 5: Interval 
Estimation and 

Hypothesis Testing



Visualizing Precision Again
6

Imprecision means that it’s very likely your 
actual estimate will be negative or positive, 

or deceptively close to zero

Precision means that you’re much more 
likely to estimate something close to the true 
value. Almost all possible estimates you can 
get here are positive and bunched around 3

𝛽! = 3 𝛽! = 3



Intuition of Interval Estimation
7

𝛽! = 3 𝛽! = 3

Normal distribution: 95% of observations within 2 SDs 
of expected value. Here it is very likely for the 

estimator to take on negative values or something 
close to zero. Low likelihood that our estimate is close 

to the true value of 3. Low confidence

Normal distribution: 95% of observations within 2 SDs 
of expected value. Here it is very unlikely for the 

estimator to take on negative values or something 
close to zero. High level of confidence that our estimate 

is close to the true value of 3. High confidence 



Motivation for Interval Estimation
8

¨ To do this, we’ll do the following:
¤ We’ll look at our estimate of the variance around the point 

estimate, !𝛽$
¤ We’ll use this to construct bounds for what !𝛽$ could be, 

given certain levels of confidence
n This provides an upper value and a lower value within which we 

have some level of confidence our true value falls within
n This is called a “confidence interval”

¤ We’ll use this to conduct precise statements over whether 
our estimate is “statistically significant” from zero or not
n This is a deceptively powerful statement



Difference Between Point Estimate 
and Interval Estimate

9

Point Estimate Interval Estimate

The point estimate conveys our best 
estimate of the relationship between 
𝑋" and 𝑌, BUT it  doesn’t convey any 
information about whether the data 
are powerful enough to give us 
confidence that this estimate is correct, 
or close to correct.

The interval estimate conveys 
information both on the range of likely 
relationships between 𝑋" and 𝑌 but
also the extent to which we should be 
willing to be confident in these 
estimates.



Some Conditions for this Discussion
10

¨ We will focus on matters of precision here
¤ We’ll assume that our estimates are unbiased and estimation 

is efficient to keep the discussion narrowly focused
¤ In other words we’ll take Assumptions 1-4 to be true

¨ We’ll spend a lot of the rest of the class dealing with 
bias and inefficiency from violations of Assumptions 
1-4
¤ In reality researchers and analysts will need to contend with 

precision issues as well as bias and inefficiency when they’re 
doing work



What Assumptions Are Needed?
51

¨ We need Assumptions 1 through 4 plus…

¨ It turns out we need to make one more 
assumption:
¤ Assumption 5: The error term, 𝑢! , is normally distributed

¨ All of these assumptions together are called the 
“classical linear model”
¤ Note that Wooldridge includes a 6th assumption



More on Assumption 5
52

¨ Why is Assumption 5 reasonable?
¤ You can think of 𝑢 as being an average of all the variables 

unaccounted for in the model that are randomly distributed 
across the population.
n This average of randomly distributed variables allows us to invoke 

the Central Limit Theorem (CLT)

¨ The CLT roughly states:
¤ If you average a large number of independent random 

variables, the resulting random variable is approximately 
normally distributed no matter what the distribution of the 
variables you averaged 



Quick Review and Extension
53

¨ Assumptions 1 through 4 got us the following:

𝐸 "𝛽!|𝑋 = 𝛽! (9)

𝑉𝑎𝑟 "𝛽! =
𝜎"

∑#$%& 𝑋!# − 0𝑋 " 1 − 𝑅!"
(10)

¨ If we can make Assumption 5, we can go further and 
say:

"𝛽!~N 𝛽! , 𝜎"#!
$ , 𝑤ℎ𝑒𝑟𝑒 𝜎"#!

$ =
𝜎$

∑%&'( 𝑋!% − 0𝑋
$
1 − 𝑅!$

. (11)



Assumption 5 ⟹ "𝜷𝒋~𝐍 𝜷𝒋, 𝝈"𝜷𝒋
𝟐

54

'𝛽!~N 𝛽! , 𝜎"#!
$ , 𝑤ℎ𝑒𝑟𝑒 𝜎"#!

$ =
𝜎$

∑%&'( 𝑋!% − 5𝑋
$
1 − 𝑅!$

. (12)

¨ What this means is:
¤ In addition to knowing the mean and variance of the 

OLS estimator, we know that its sampling distribution is 
normal! But why?!



Working Through Why Assumption 5 ⟹
"𝜷𝒋~𝑵 𝜷𝒋, 𝝈"𝜷𝒋

𝟐

55

¨ The CLT tells us that a linear function of normal 
random variables is itself a normal random 
variable

¨ We can see that the OLS estimator is a linear 
function of the 𝒖s, which is a normal random 
variable by Assumption 5

¨ You can see this as follows on the next slide



Proving OLS Estimator is a Linear 
Function of 𝒖

56

¨ Recall,

!𝛽6 =
∑!"#
$ (7!8 07)(9!809)
∑!"#
$ (7!8 07)%

= ∑!"#
$ (7!8 07)9!

∑!"#
$ (7!8 07)7!

(13)

¨ Substitute in: 𝒀𝒊 = 𝜷𝟏𝑿𝒊 +𝒖𝒊

!𝛽6 = 𝛽6 +
∑!<6= (𝑋! − 0𝑋)𝑢!
∑!<6= (𝑋! − 0𝑋)>

(14)

⟹ !𝛽6 = 𝛽6 +4
!<6

=

𝑘!𝑢! (15)



Using Distributions in Econometrics
57

¨ We have a statistic ("𝜷𝟏) that has a distribution 
¤ By the CLT, it has a normal distribution, which can then 

be converted into a Student’s t distribution
n Thus, we’ll work with it having a Student’s t distribution

¨ We want to use this information to answer the 
following types of questions:
¤ For what value of 𝑐 is 𝑃𝑟 −𝑐 < '𝛽6 < 𝑐 = 0.95?
¤ For what value of 𝑐 is 𝑃𝑟 '𝛽6 > 𝑐 = 0.1?
¤ For what value of 𝑐 is 𝑃𝑟 '𝛽6 < −𝑐 𝑜𝑟 '𝛽6 > 𝑐 =
0.05?



What Does this Mean?
58

𝑐 = 2.042

PDF of 
sampling 
distribution 
of ,𝜷𝟏

Area = 
0.05

For what value of 𝒄 is 
𝑷𝒓 −𝒄 < ,𝜷𝟏 < 𝒄 = 𝟎. 𝟗𝟓?



Back to Interval Estimation
59

¨ Okay, having gotten that detour into statistics out of 
the way, let’s get back to what our goal is: Interval 
Estimation
¤ Recall, interval estimation is a way of making a specific 

statement about the precision of our estimation 

¨ To do this, we are trying to calculate a range around 
4𝜷𝟏 for which we can make a statement like: 
¤ “This interval is calculated in such a way that in 95 percent 

of the samples we could draw from the true model, such an 
interval would contain 𝛽$”



More Definitions
61

¨ Hypothesis Testing:
¤ A statistical test of the null hypothesis against an 

alternative hypothesis

¨ Critical Value: 
¤ In hypothesis testing, the value against which a test 

statistic is compared to determine whether or not the 
null hypothesis is rejected



63

Part 1: 
Confidence 
Intervals



64



Derivation of the Confidence Interval
65

¨ Knowing the OLS estimator is normally distributed, 
we can standardize it and say:

"𝛽! − 𝛽!
𝜎=>!

~𝑁 0,1 (16)

¨ Now, if we knew the true standard deviation of the 
sampling distribution (𝜎=>!) we’d be done and we 
could just use Table G.1 in Wooldridge to make 
precise statements about 4𝜷𝒋 taking certain values
¤ But we don’t… So we have to do a little more work

So with the 
standardization, "𝜷𝒋
now has a 
standard normal 
distribution



Derivation of the Confidence Interval
66

¨ With Assumptions 1 through 5 one can derive the 
following:

"𝛽! − 𝛽!
?𝜎"#!

~𝑡)*+*' (17)

?𝜎"#! =
?𝜎$

∑%&'( 𝑋!% − 0𝑋
$
1 − 𝑅!$

(18)

?𝜎$ =
1

𝑛 − 𝑘 − 1
×F
%&'

(

(?𝑢%)$ (19)

We have replaced the true 
standard deviation with the 

estimated standard deviation 
and conclude that the 

standardized OLS estimate is 
very close to normally 

distributed



Derivation of the Confidence Interval
67

'𝛽! − 𝛽!
@𝜎"#!

~𝑡)*+*' (20)

¨ This statistic is just the distance between our OLS estimate and 
the true value divided by our estimated standard deviation. 

¨ This standardized distance has a specific Student’s t
distribution!
¤ Proof is available multiple places online

¨ This is what we need to (finally!) construct confidence 
intervals 

Mean of 7𝛽" if OLS is unbiased 

Estimated standard deviation of 7𝛽"



Derivation of the Confidence Interval
68

¨ We can use the tables of critical values for the 
Student’s t distribution to figure out the 
combinations of confidence levels (𝜶) and 𝒄 that 
satisfy,

𝑃𝑟 −𝑐 ≤
(𝛽% − 𝛽%
𝜎̂"&"

≤ 𝑐 = 1 − 𝛼 (21)

¤ Where – 𝑐 and 𝑐 are the critical values and 𝛼 is the 
confidence level (0.1, 0.05, or 0.01)



Derivation of the Confidence Interval
69

𝑃𝑟 −𝑐 ≤
!𝛽! − 𝛽!
$𝜎"#I

≤ 𝑐 = 1 − 𝛼 (21)

¨ What is this saying in words?
¤ Suppose 𝛼 = .05. It’s saying that there is a 95% 

probability that the standardized level of (𝛽% exists 
betweeen – 𝑐 and 𝑐 in the t distribution



Confidence Interval Graphical 
Representation

70

¨ Graphically, we 
can use t 
distribution tables 
to find the value 
of 𝒄 such that an 
area under the 
distribution is 
equal to 

𝜶
𝟐

to the 
right of 𝒄 and to 
the left of −𝒄

𝑐 = 2.042



Final Derivation of the Confidence 
Interval

71

¨ Start with,

𝑃𝑟 −𝑐 ≤
!𝛽$ − 𝛽$
$𝜎%&8

≤ 𝑐 = 1 − 𝛼 (22)

¨ Rearrange as follows,

⟹ 𝑃𝑟 −𝑐 ,𝜎"$$ ≤
/𝛽% − 𝛽% ≤ 𝑐 ,𝜎"$$ = 1 − 𝛼 (23)

⟹ 𝑃𝑟 −𝑐 ,𝜎"$$ −
/𝛽% ≤ −𝛽% ≤ 𝑐 ,𝜎"$$ −

/𝛽% = 1 − 𝛼 (24)

⟹ 𝑃𝑟 /𝛽% − 𝑐 ,𝜎"$$ ≤ 𝛽% ≤ 𝑐 ,𝜎"$$ +
/𝛽% = 1 − 𝛼 (25)



What Does This Mean?
72

𝑃𝑟 !𝛽J − 𝑐 :𝜎KL& ≤ 𝛽J ≤ 𝑐 :𝜎KL& + !𝛽J = 1 − 𝛼 (26)

¨ This is saying that there is a 𝟏 − 𝜶 probability that 
𝜷𝒋 exists between /𝜷𝒋 − 𝒄1𝝈%𝜷𝒋 and 𝒄1𝝈%𝜷𝒋 + /𝜷𝒋

¨ Again, the value of 𝜶 is up to the researcher, but 
0.01, 0.05, and 0.1 are common

Lower 
Bound

Upper 
Bound



What Does This Mean?
73

𝑃𝑟 !𝛽J − 𝑐 :𝜎KL& ≤ 𝛽J ≤ 𝑐 :𝜎KL& + !𝛽J = 1 − 𝛼 (26)

¨ This is the formula for the confidence interval equal 
to (𝟏 − 𝜶)×𝟏𝟎𝟎

¨ If we choose the appropriate critical value from 
Student’s t table, then an interval constructed in this 
way will contain the true value 𝜷𝒋 in 95 percent of 
the samples we could have drawn (for 𝜶 = 𝟎. 𝟎𝟓)

Lower 
Bound

Upper 
Bound



What Does This Mean?
74

𝑃𝑟 '𝛽! − 𝑐 @𝜎"#! ≤ 𝛽! ≤ 𝑐 @𝜎"#! +
'𝛽! = 1 − 𝛼 (27)

¨ Well, it means that we have pretty high (though not complete) confidence that 
our true value is in this range (again assuming our OLS estimate is unbiased)

¨ If the interval is narrow, then we are more confident that our estimate is close to 
the true value

¨ If the interval is wide, then we are less confident
¤ If the interval bounds zero, then we are much less confident because the relationship could 

be positive, negative, or zero! Yikes!

¨ Recall that for this discussion we have assumed we have no bias in our 
estimation. If we don’t then we have problems with this approach



The Recipe for Calculating 
Confidence Intervals

75

Three steps!

1. Choose 𝜶 (common choices: 0.05 
and 0.01)

2. Find 𝒄 by going to Student’s t table
¤ Choose the row relevant to the degrees 

of freedom (𝐷𝐹 = 𝑛 − 𝑘 − 1), and find 
the 𝑐 such that 𝑃𝑟(𝑡 > 𝑐)

3. Construct the interval by plugging 
all this into the formula



Let’s Do It! Step 1
76

¨ Choose 𝜶:
¤ The smaller the 𝛼 the larger your CI 

¤ If 𝛼 = 0.1 our confidence that our CI contains our 𝛽% is 
equal to 1 − 0.1 ×100 = 𝟗𝟎 percent

¤ If 𝛼 = 0.05 our confidence that our CI contains our 𝛽%
is equal to 1 − 0.05 ×100 = 𝟗𝟓 percent

¤ If 𝛼 = 0.01 our confidence that our CI contains our 𝛽%
is equal to 1 − 0.01 ×100 = 𝟗𝟗 percent



Let’s Do It! Step 2
77

¨ Find 𝒄 by going to Student’s t table
¤ Choose the row relevant to the degrees of freedom 

(𝐷𝐹 = 𝑛 − 𝑘 − 1), and find the 𝑐 such that 𝑃𝑟(𝑡 > 𝑐)
¤ Be careful to read the labels of the table carefully
¤ A good rule of thumb is that for a 95 percent 

confidence level and a large sample, where DF>50, c 
will be around 2

¨ We’ll say for this example that 𝑫𝑭 = 𝟐𝟓
¤ We’re interested in a “two-tailed” test



78

2.060



Let’s Do It! Step 3
79

¨ Construct the interval by plugging all this into the 
formula,

𝑃𝑟 !𝛽J − 𝑐 :𝜎KL& ≤ 𝛽J ≤ 𝑐 :𝜎KL& + !𝛽J = 1 − 𝛼 (28)

¨ So if A𝜷𝒋 = 𝟏, C𝝈K𝜷𝒋 = 𝟐, what is the confidence interval for 

𝜷𝒋?

𝑃𝑟 1 − 𝑐2 ≤ 𝛽! ≤ 𝑐2 + 1 = 95 𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐶𝐼 (29)
𝑃𝑟 1 − (2.06)2 ≤ 𝛽! ≤ (2.06)2 + 1 = 95 𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐶𝐼 30
−3.12, 5.12 = 95 𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐶𝐼 (31)



Recall Our Bivariate Wage 
Regression

80

. reg earn_wk educ

Source |       SS           df       MS      Number of obs =       741
-------------+---------------------------------- F(1, 739)       =     13.00

Model |   818614972         1   818614972   Prob > F        =    0.0003
Residual |  4.6527e+10       739    62959464   R-squared       =    0.0173

-------------+---------------------------------- Adj R-squared   =    0.0160
Total |  4.7346e+10       740  63980620.1   Root MSE        =    7934.7

------------------------------------------------------------------------------
earn_wk |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------
educ |   364.1439   100.9866     3.61   0.000     165.8891    562.3987
_cons |   2.125245   768.8046     0.00   0.998    -1507.176    1511.426

------------------------------------------------------------------------------

¨ 7𝛽! = 364.144, =𝜎%&! = 100.987, 𝛼 = 0.05, 𝐷𝐹 = 741 − 2 = 739

⟹ 𝑐 = 1.96
𝐶𝐼 = 364.144 − 1.96×100.987, 364.144 + 1.96×100.987 = [165.889, 562.399]



Interpretation of a Confidence 
Interval

81

¨ Consider this 95 percent confidence interval,
𝐶𝐼 = [165.889, 562.399]
¨ What does the upper bound suggest?

¤ Suggests that one more year of education is 
associated with an increase as big as 562.4 USD per 
week in earnings, within our range of confidence

¨ What does the lower bound suggest?
¤ Suggests that one more year of education could be 

associated with an increase as little as 165.89 USD per 
week in earnings, within our range of confidence



Interpretation of a Confidence 
Interval

82

¨ So we are 95 percent confident that the true 
relationship lies in the interval 
[𝟏𝟔𝟓. 𝟖𝟖𝟗, 𝟓𝟔𝟐. 𝟑𝟗𝟗]
¤ This type of statement is very powerful

¨ But what if the interval were 
[−𝟏𝟔𝟓. 𝟖𝟖𝟗, 𝟓𝟔𝟐. 𝟑𝟗𝟗]?
¤ Why does this lessen the power of our statement about or 

estimate of 𝛽6?
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Part 2: 
Hypothesis 

Testing 



Hypothesis Testing Motivation
89

¨ Hypothesis testing is a highly related subject to CI 
estimation

¨ Consider you’ve estimated the following model:

𝑌# = 𝛽P + 𝛽%𝑋%# + 𝛽"𝑋"# +⋯𝛽Q𝑋Q# + 𝑢# (32)

¨ Suppose, ,𝜷𝟏 = 𝟎. 𝟖 and 1𝝈=𝜷𝟏
𝟐 = 𝟎. 𝟑𝟓

¨ Based on this, we want to test the hypothesis that 
𝜷𝟏 = 𝟏
¤ How can we go about assessing whether this hypothesis is 

correct? 



Hypothesis Testing Motivation
90

¨ Does "𝜷𝟏 = 𝟎. 𝟖 ⟹ 𝜷𝟏 ≠ 𝟏? 
¤ No! Even if 𝛽6 = 1, an unbiased and efficient estimate 

is unlikely to to equal 1. The more sampling variance 
the more likely this is. Why?



Example Illustration
91

If you’re drawing from a 
distribution of betas with wider 
variance, it’s more likely you’ll 

measure beta that’s not close to the 
true relationship



Hypothesis Testing Motivation
92

¨ Does "𝜷𝟏 = 𝟎. 𝟖 ⟹ 𝜷𝟏 ≠ 𝟏? 
¤ No! Even if 𝛽6 = 1, an unbiased and efficient estimate 

is unlikely to to equal 1. The more sampling variance 
the more likely this is. Why?

¨ Let’s say in the context of the study that 𝟎. 𝟖 ≈ 𝟏. 
Does this mean the hypothesis is true?
¤ No! Even if the true value is substantially different from 

1, our unbiased and efficient estimate has some chance 
of providing us an estimate close to 1



Hypothesis Testing Motivation
93

¨ Hypothesis Testing provides a systematic and 
data-driven approach to answering these types 
of questions

¨ It allows us to conclude whether the data are 
consistent with the hypothesis (in this last 
example the hypothesis is that in fact 𝜷𝟏 = 𝟏) or 
lead us to reject it
¤ Note that “consistent with the hypothesis” is a much 

weaker statement than saying the hypothesis is true
n Note the asymmetry here. Statements rejecting the 

hypothesis are much stronger than the data being consistent



Intuition of Hypothesis Testing
94

¨ Okay, we use OLS to get "𝜷𝒋, and we still don’t 
know 𝜷𝒋

¨ Given the "𝜷𝒋 we got, and our understanding of 
its distribution, can we reject that notion that 
𝜷𝒋 = 𝜷𝒋∗



What We Need for Hypothesis Testing
95

¨ Just like CI estimation, we need the following,
¤ We need to know the distribution of ,𝛽"
¤ We need Assumptions 1 through 5 to hold

¨ Recall that all this allows us to say the following,

7𝛽" − 𝛽"
=𝜎%&#

~𝑡'()(!, 𝑤ℎ𝑒𝑟𝑒 (33)

=𝜎%&# =
=𝜎*

∑+,!- 𝑋"+ − V𝑋
*
1 − 𝑅"*

(34)

=𝜎* =
1

𝑛 − 𝑘 − 1
×Z
+,!

-

(=𝑢+)* (35)



Derivation of Hypothesis Test
96

¨ We’ll take equation (𝟑𝟑),
,𝛽" − 𝛽"
/𝜎$%!

~𝑡&'(') (33)

¨ This result tells us that our OLS estimator has a distribution that is very 
close to a normal distribution with a mean equal to the true value, 
variance equal to the estimated variance, but…

¨ We don’t know what the true value is. So this tells us how tall and 
skinny the sampling distribution is, but not where it is located

¨ Now, we’ll just take 𝜷𝒋 and replace it with our hypothesized value 𝜷𝒋∗. 
If Assumptions 1-5 hold then the resulting “t-statistic” has the following 
distribution, 

,𝛽" − 𝛽"∗

/𝜎$%!
~𝑡&'(') (36)



Stating the Null and Alternative 
Hypothesis

97

¨ Here we can state the general forms of the Null 
Hypothesis (𝑯𝟎) and Alternative Hypothesis 
(𝑯𝑨)
¤𝐻O: 𝛽J = 𝛽J∗, 𝑎𝑛𝑑
¤𝐻Q: 𝛽J ≠ 𝛽J∗



Derivation of Hypothesis Test
98

“𝑡” =
'𝛽! − 𝛽!∗

@𝜎"#!
~𝑡)*+*' (36)

¨ This is a statistic we can calculate after running an OLS 
regression

¨ The numerator is the distance between our OLS estimate 
and the hypothesized value

¨ The denominator is the estimated standard error of our OLS 
estimates

¨ This result tells us that if the null hypothesis (𝑯𝟎: 𝜷𝒋 = 𝜷𝒋∗)
is true, then we not only know how tall and skinny the 
sampling distribution is but we also know where its peak 
should be (over the hypothesized value 𝜷𝒋∗)



Derivation of Hypothesis Test
99

“𝑡” =
'𝛽! − 𝛽!∗

@𝜎"#!
~𝑡)*+*' (36)

¨ If 6𝜷𝒋 = 𝜷𝒋∗ then the numerator will be 0 and the t-statistic = 
= 0 

¨ This means that 
¤ If our estimate is close to the hypothesized value, the t-statistic 

should just be 0
¤ If our estimate is far away from the hypothesized value, the t-

statistic should be large (in magnitude) and far away and in 
the tails on the t-distribution



How to Use this Result
100

¨ If our hypothesis is 
correct it should have 
a Student’s t 
distribution

¨ It is highly unlikely 
that we will get a t-
statistic greater than 2 
or less than -2 if the 
hypothesis is true with 
a reasonably large DF

“𝑡” =
%&#(&#

∗

./$+#
~𝑡'()(! (36)

Remember 95% 
of the values for  
#𝜷𝒋%𝜷𝒋
&𝝈"𝜷𝒋

are between 

-2 and 2 when 
DF=30



How to Use this Result
101

¨ So if 𝜷𝒋∗ is really 
different from A𝜷𝒋, then 
𝒕 is very different from 
zero. If absolute value 
is greater than 2
¤ ⟹ It’s very unlikely to 

be this big if 𝛽%∗ = /𝛽% . 
So we reject the 
hypothesis that 𝛽%

∗ = /𝛽%
(with 95% certainty)

“𝑡” =
%&#(&#

∗

./$+#
~𝑡'()(! (36)

Remember 95% 
of the values for  
#𝜷𝒋%𝜷𝒋
&𝝈"𝜷𝒋

are between 

-2 and 2 when 
DF=30



How to Use this Result
102

¨ So if 𝜷𝒋∗ is 
relatively close to 
"𝜷𝒋, then 𝒕 is 
relatively close to 0
¤⟹ Conclude that 

we don’t have 
sufficient evidence 
to reject the idea 
that 𝛽J∗ ≠ '𝛽J

“𝑡” =
%&#(&#

∗

./$+#
~𝑡'()(! (36)

Remember 95% 
of the values for  
#𝜷𝒋%𝜷𝒋
&𝝈"𝜷𝒋

are between 

-2 and 2 when 
DF=30
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“𝑡” =
7𝛽" − 𝛽"∗

=𝜎%&#
~𝑡'()(! (36)

¨ More specifically, there is a 95 percent chance that a t random 
variable (with a high degrees of freedom) will take values 
between -2 and 2 (-1.96 and 1.96 with DF>1000)

¨ This means that if the hypothesis is true (remember that 𝜷𝒋 =
𝜷𝒋∗), in 95 percent of the samples we could have drawn from the 
true model, the statistic we get by taking the difference between 
the OLS estimate and the hypothesized value and dividing it by 
the standard error will be between -2 and 2

¨ The takeaway: Absolute values of t greater than 2 or less than 2 
(|𝒕| > 𝟐) are highly unlikely if the hypothesis is true
¤ Recall “2” is only an approximation. You need t table to to get the actual threshold in your case.
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“𝑡” =
7𝛽" − 𝛽"∗

=𝜎%&#
~𝑡'()(! (36)

¨ If we do get a large absolute value for the t-statistic we can 
conclude:

“Well… if the hypothesis really were true, this t-statistic value would be 
highly unlikely. Since I got this number, I’m going to conclude with 

reasonable confidence (but not absolute certainty) that the hypothesis 
must be wrong”
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“𝑡” =
7𝛽" − 𝛽"∗

=𝜎%&#
~𝑡'()(! (36)

¨ Does it make sense that this would be useful in making concise 
statements about our findings and our confidence in them? Yes.
¤ The numerator is the difference between our finding from OLS and our 

hypothesized value. The bigger it is, the bigger the t-statistic and the more 
confident we are that 𝛽" ≠ 𝛽"∗

¤ The denominator is the estimated standard error of our regression coefficient. 
The larger this is the less precise our estimator and the larger the variance in our 
sampling distribution and the wider the range of possible values '𝛽! can take if 
the hypothesis is true
n Recall that less noise in the data and more data will reduce the standard error 

and make it more likely that you’ll be able to reject the hypothesis



Steps to Hypothesis Testing (The 
Recipe)
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¨ The “Classical” Approach to hypothesis testing 
has 6 steps:
1. State the null hypothesis
2. State the alternative hypothesis
3. Choose a confidence level (significance level)
4. Use the t table to find critical values
5. Calculate the t statistic
6. Apply the rules for conclusions
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¨ Step 1: State the null hypothesis
¤ This is a statement about the true value of our 

parameter of interest in our model. For example, 

𝑙𝑛 𝑊𝑎𝑔𝑒C = 𝛽D + 𝛽E𝐸𝑑𝑢𝑐C + 𝛽F𝐸𝑥𝑝C + 𝑢C (37)
𝐻D: 𝛽E = 3 (38)

¨ Our objective: Figure out whether or not the 
data are consistent with the hypothesis that 
𝜷𝟏 = 𝟑
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¨ Step 2: Clarify the nature of our interest in this 
hypothesis by specifying an alternative 
hypothesis
¤ This should embody the ways in which the null 

hypothesis would be false

¨ Here we can state this several possible ways:
1. 𝐻Q: 𝛽6 ≠ 3
2. 𝐻Q: 𝛽6 > 3
3. 𝐻Q: 𝛽6 < 3

Either one leads to a selection of a 
“1-tailed” test

Leads to a selection of a “2-tailed” test (most common)
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¨ Step 3: Choose a confidence/significance level, 
(denoted usually as 𝜶 in textbooks)
¤ 𝛼 indicates how “unlikely” a value for our t-statistic must be 

in order for us to conclude that our data are inconsistent 
with the null hypothesis

¤ Common choices are 0.1, 0.05, and 0.01
¤ 𝛼 = 0.05 means that we will reject the null hypothesis if we 

get a value of our t-statistic that would happen in only 5 
percent or fewer of the samples we could have drawn from 
the true model if this null hypothesis were correct
n Means a 95% confidence level
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¨ Step 3: Choose a confidence/significance level, 
(denoted usually as 𝜶 in textbooks)
¤ As our choice of 𝛼 gets smaller and smaller we are 

employing a more and more stringent criteria for what 
“unlikely” is

¤ As 𝛼 gets smaller it will be harder and harder to reject 
the null hypothesis. But when we do reject the null 
hypothesis we’ll do it with more confidence

¤ If we can reject the null hypothesis even with a tiny 𝛼
(𝛼 ≤ 0.01) then our data provide very strong evidence 
against the null hypothesis
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¨ Step 4: Use a table of Student’s t distribution to find 
critical values
¤ The critical values are the values that we will compare our t-

statistic to in deciding whether or not our t-statistic is highly 
unlikely and the null should be rejected

¤ All this requires is knowing our 𝛼, the degrees of freedom in 
our regression, and whether we are interested in a 1-tailed 
(upper or lower) or a 2-tailed test
n For a “2-tailed” test, we find 𝑐 so that: 𝑃𝑟 𝑡()*)+ > 𝑐 = ,

-
n For a “upper-tailed” test, we find 𝑐 so that: 𝑃𝑟 𝑡()*)+ > 𝑐 = 𝛼
n For a “lower-tailed” test, we find 𝑐 so that: 𝑃𝑟 𝑡()*)+ > 𝑐 = 𝛼

n But for the lower-tailed test, we use – 𝑐 as our critical value
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2.060
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¨ Step 5: Calculate the t-statistic:

“𝑡” =
7𝛽" − 𝛽"∗

=𝜎%&#
~𝑡'()(! (39)

¨ This requires two pieces of information from the Stata 
printout. Which ones?

Source |       SS           df       MS      Number of obs =       741
-------------+---------------------------------- F(1, 739)       =     13.00

Model |   818614972         1   818614972   Prob > F        =    0.0003
Residual |  4.6527e+10       739    62959464   R-squared       =    0.0173

-------------+---------------------------------- Adj R-squared   =    0.0160
Total |  4.7346e+10       740  63980620.1   Root MSE        =    7934.7

------------------------------------------------------------------------------
earn_wk |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------
educ |   364.1439   100.9866     3.61   0.000     165.8891    562.3987
_cons |   2.125245   768.8046     0.00   0.998    -1507.176    1511.426

------------------------------------------------------------------------------
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¨ Step 6: Apply the appropriate one of the following rules to 
reach a conclusion:
¤ If 𝐻.: 𝛽+ = 3, then

1. 𝐻3: 𝛽! ≠ 3, we reject 𝐻4 if 𝑡 < −𝑐 or 𝑡 > 𝑐
2. 𝐻3: 𝛽! > 3, we reject 𝐻4 if 𝑡 > 𝑐
3. 𝐻3: 𝛽! < 3, we reject 𝐻4 if 𝑡 < 𝑐

¤ If we do not reject, the conclusion is we “fail to reject.” In other 
words, we conclude that our data are consistent with the null 
hypothesis, but we can’t claim to have proven that the null 
hypothesis is true
n Doing this is a classic novice mistake

That’s it!
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¨ Once you’ve estimated your regression and 
you’re confident that you have minimized bias, 
you can formulate your Null and Alternative 
hypotheses:
¤ Null hypotheses are always simple. They hypothesize 

that your parameter of interest is some specific value
n So they always involve an equality rather than an inequality

¤ Alternative hypotheses are always composites. They 
allow the parameter to take some range
n So they always involve inequalities



The “Zero Null Hypothesis”
116

¨ The most common hypothesis test regarding OLS 
coefficients is the following,

𝐻D: 𝛽$ = 0 (40)
𝐻G: 𝛽$ ≠ 0 41

¨ Why is this an interesting test in many 
circumstances?
¤ If we reject the null, then we can say our estimate is 

evidence that the effect of 𝑋J on 𝑌 is not zero
n This is a deceptively powerful statement
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¨ How do we perform this test? Easy:

𝑡 =
/𝛽! − 𝛽!∗

$𝜎"#I
=

(𝛽, − 0
𝜎̂-."

=
(𝛽,
𝜎̂-."

(42)

¨

"𝜷𝒋
&𝝈K𝜷𝒋

is often called the “t-ratio.” It is the default t-

statistic reported by Stata
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¨ Step 5: Calculate the t-statistic:

“𝑡” =
7𝛽" − 𝛽"∗

=𝜎%&#
~𝑡'()(! (43)

¨ This requires two pieces of information from the Stata 
printout. Which ones?

Source |       SS           df       MS      Number of obs =       741
-------------+---------------------------------- F(1, 739)       =     13.00

Model |   818614972         1   818614972   Prob > F        =    0.0003
Residual |  4.6527e+10       739    62959464   R-squared       =    0.0173

-------------+---------------------------------- Adj R-squared   =    0.0160
Total |  4.7346e+10       740  63980620.1   Root MSE        =    7934.7

------------------------------------------------------------------------------
earn_wk |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------
educ |   364.1439   100.9866     3.61   0.000     165.8891    562.3987
_cons |   2.125245   768.8046     0.00   0.998    -1507.176    1511.426

------------------------------------------------------------------------------
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¨ If the value of the t-ratio is high or low enough 
that we would reject the null hypothesis, this 
coefficient is said to be “statistically significant”
¤ This is a term that many people use without really 

understanding it
¤ A more accurate phrasing would be “statistically 

significantly different from zero”
¤ With a large number of degrees of freedom (> 1000), 

if 𝑡 − 𝑟𝑎𝑡𝑖𝑜 > 1.96, then the finding is “statistically 
significant”



A Word of Caution
122

¨ If you “fail to reject” 𝑯𝟎: 𝜷𝒋 = 𝟎, it does not 
mean that the true value is zero! 
¤ As I mentioned, mixing this up is a classic novice mistake
¤ It just means that your data don’t allow you to state 

with high confidence that the relationship isn’t zero. This 
is a very different conclusion

¤ As said before, “failing to reject” the null is a much less 
conclusive statement than rejecting the null
n A good and accepted phrasing is that your estimate is not 

“measurably different from zero”
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¨ Often theory either assumes or predicts a specific non-
zero relationship between variables
¤ For example, if a theory predicts that two things 𝑌 and 𝑋 should 

always adjust to be equal to each other then you could run a 
regression of 𝑌 on 𝑋 and test the hypothesis that the coefficient is 
1

¨ Sometimes you may have a question about how much or 
whether related phenomena are the same or different in 
how they affect 𝒀
¤ For example, you may be interested in the effect a mine opening 

on employment of rural people in rural sub-Saharan Africa. You 
may want to compare that effect of a mine opened by a foreign 
company to the known effect of a mine opened by a domestic 
mining company and see if they are statistically different from 
one another



Other Null Hypotheses
131

¨ Sometimes you’ll look at previous studies that 
conclude some relationship between 𝑿 and 𝒀 equal 
to 1𝜸𝒋. Perhaps you see flaws in their studies that you 
think leads to bias in this consensus and can be 
rectified with new data you have
¤ In this case you can estimate your !𝛽c and test whether it is 

statistically different from the value advanced by this 
consensus

¤ What would be the null and alternative hypotheses in this 
case?
n 𝐻.: 𝛽/ = /𝛾/ , 𝐻0: 𝛽/ ≠ /𝛾/



Economic Versus Statistical 
Significance
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¨ A common weakness in research is to focus too narrowly 
on statistical significance (of differences from zero) 
¤ An estimate can be statistically significant in that the researcher is 

confident that the effect of 𝑋 on 𝑌 is not zero, but still so small 
that the effect is economically unimportant

¤ Similarly, an estimate can be statistically insignificant, but the 
estimated effect could be very large. In this case, perhaps the 
data are just too weak or noisy to provide a ton of confidence in 
this estimate, but point to a large effect!

¨ Good empirical research will always discuss the 
magnitude of the estimate and what it means as well as 
statistical significance
¤ This is why you worked so hard early on to learn how to interpret 

coefficients
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Part 3: 
Joint Hypothesis 

Testing
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¨ Often we are interested in testing hypotheses that 
involve multiple coefficients

¨ These tests are called “Joint Hypothesis Tests”

¨ This involves a standard multiple regression 
model with many RHS variables and an idea 
about more than one coefficient

¨ Examples (Next Slide)
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¨ There are four common types of Joint Hypothesis 
Tests:
1. Multiple zeros
2. All slopes equal to zero
3. Equality of coefficients
4. Coefficients sum to a specific value

¨ I’ll explain each one



Multiple Zeros
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¨ Suppose you are estimating the basic multivariate 
regression model,

𝑌# = 𝛽P + 𝛽%𝑋%# + 𝛽"𝑋"# +⋯+ 𝛽Q𝑋Q# + 𝑢# . (47)

¨ The multiple zeros hypothesis would be,

𝐻P: 𝛽% = 0 𝑎𝑛𝑑 𝛽" = 0 48

¤ This is different from checking separately whether 𝛽$ = 0
and then 𝛽d = 0
n Why? Sometimes data will not be able to tell precisely about the 

individual values of the betas but will be able to tell us that jointly 
the two effects are important (or not)
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¨ In a study of wage outcomes, we might want to test the 
hypothesis that the slope coefficients are the same for 
men and women

¨ Consider the regression,

𝑊𝑎𝑔𝑒!

= 𝛽O + 𝛽6𝐹𝑒𝑚𝑎𝑙𝑒! + 𝛽>𝐸𝑑𝑢𝑐!𝐹𝑒𝑚𝑎𝑙𝑒! + 𝛽T𝐸𝑑𝑢𝑐!

+ 𝛽U𝐸𝑥𝑝!𝐹𝑒𝑚𝑎𝑙𝑒! + 𝛽V𝐸𝑥𝑝! + 𝑢! (49)

¨ What would be the multiple zeros null hypothesis be 
here?



All Slopes Equal to Zero
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¨ Going back to our model, 

𝑌# = 𝛽P + 𝛽%𝑋%# + 𝛽"𝑋"# +⋯+ 𝛽Q𝑋W# + 𝑢# . (50)

¨ The “all slopes equal to zero” hypothesis would be 

𝐻P: 𝛽% = 0, 𝛽% = 0… 𝛽Q = 0 51

¨ This is testing the hypothesis that none of the RHS 
variables matter in determining 𝒀
¤ This is called a test of “overall significance”

¨ If the null is not rejected then knowing values of 𝑿s
doesn’t help predict 𝒀 at all



Equality of Coefficients
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¨ Here the null hypothesis is,

𝐻D: 𝛽E = 𝛽F (52)

¨ We are testing for whether the coefficients for two 
(or more) variables are the same

¨ Why might we be interested in this?
¤ Well we might have different but similar things we are 

measuring. Example: The effects of a factory coming to 
your town might differ by domestic versus foreign 
ownership



Coefficients Sum to a Specific Value
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¨ Here the null hypothesis is,

𝐻D: 𝛽E + 𝛽F = 𝑊 (53)

Where 𝑾 is some constant

¨ Can you think of an example of where we might 
use this example?
¤ One example: Production function estimation w/Cobb-

Douglas Functional Form
¤ Coefficients should sum to 1 



Alternative Hypothesis in Joint 
Significance Tests
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¨ So far I’ve only outlined the null hypotheses for 
the four joint significance test we’ll look at
¤ But to proceed with the tests, we need to outline the 

alternative hypotheses as well

¨ In general, the alternative hypotheses for these 
four tests is of the form, “at least one thing in the 
null hypothesis is not correct”
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Type of Hypothesis Joint Null Hypothesis Alternative Hypothesis

Multiple Zeros 𝐻4: 𝛽! = 0 𝑎𝑛𝑑 𝛽* = 0 𝐻3: 𝛽! ≠ 𝑜𝑟 𝛽* ≠ 0

All Slopes Equal to 
Zero

𝐻4: 𝛽! = 0, 𝛽! = 0… 𝛽) = 0
𝐻3: 𝛽! ≠ 𝑜𝑟 𝛽* ≠

0 …𝑜𝑟𝛽) ≠ 0 (or some 
combination)

Equality of 
Coefficients

𝐻4: 𝛽! = 𝛽* 𝐻3: 𝛽! ≠ 𝛽*

Coefficients Sum to a 
Specific Value

𝐻4: 𝛽! + 𝛽* = 𝑊 𝐻3: 𝛽! + 𝛽* ≠ 𝑊
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¨ To construct Joint Hypothesis Tests, you need to run 
two regressions:
1. The restricted regression: the regression you would run if 

you knew for sure the null hypothesis is true
2. The unrestricted regression: The more general regression 

that allows for the possibility that either the null or the 
alternative hypothesis might be true

n This is usually the regression that you start with and you have 
questions about

¨ You examine whether the unrestricted regression 
fits the data better than the restricted regression. If 
it does, then you reject the null hypothesis



The Unrestricted Regression
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¨ Let’s take the general model we used before,

𝑌C = 𝛽D + 𝛽E𝑋EC + 𝛽F𝑋FC +⋯+ 𝛽J𝑋JC + 𝑢C (54)

¨ This is the unrestricted regression we must run if 
we aren’t sure that the null hypothesis is true

¨ To get the restricted regression from this, you:
1. Start with the unrestricted regression
2. Plug in the null hypothesis 
3. Re-arrange the resulting equation to get something 

that looks like a regression we can run



Example with the Multiple Zeros 
Hypothesis

152

¨ The unrestricted regression is, 

𝑌C = 𝛽D + 𝛽E𝑋EC + 𝛽F𝑋FC + 𝛽K𝑋KC + 𝛽L𝑋LC + 𝑢C (55)

¨ 𝑯𝟎: 𝜷𝟏 = 𝟎 𝒂𝒏𝒅 𝜷𝟐 = 𝟎
¨ Plugging in 𝑯𝟎,

𝑌! = 𝛽O + (0)𝑋6! + (0)𝑋>! + 𝛽T𝑋T! + 𝛽U𝑋U! + 𝑢! (56)

⟹ 𝑌! = 𝛽O + 𝛽T𝑋T! + 𝛽U𝑋U! + 𝑢! (57)



Example with the All Zeros 
Hypothesis
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¨ The unrestricted regression is, 

𝑌C = 𝛽D + 𝛽E𝑋EC + 𝛽F𝑋FC + 𝛽K𝑋KC + 𝛽L𝑋LC + 𝑢C (58)

¨ 𝑯𝟎: 𝜷𝟏 = 𝟎, 𝜷𝟐 = 𝟎, 𝜷𝟑 = 𝟎, 𝜷𝟒 = 𝟎
¨ Plugging in 𝑯𝟎,

𝑌! = 𝛽O + (0)𝑋6! + (0)𝑋>! + (0)𝑋T! + (0)𝑋U! + 𝑢! (59)

⟹ 𝑌! = 𝛽O + 𝑢! (60)



Example with the Equality of 
Coefficients Hypothesis
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¨ The unrestricted regression is, 

𝑌C = 𝛽D + 𝛽E𝑋EC + 𝛽F𝑋FC + 𝛽K𝑋KC + 𝛽L𝑋LC + 𝑢C (61)

¨ 𝑯𝟎: 𝜷𝟏 = 𝜷𝟐
¨ Plugging in 𝑯𝟎,

𝑌! = 𝛽O + 𝛽3𝑋6! + 𝛽3𝑋>! + 𝛽4𝑋T! + 𝛽5𝑋U! + 𝑢! (62)

⟹ 𝑌! = 𝛽O + 𝛽3(𝑋6! + 𝑋>!) + 𝛽4𝑋T! + 𝛽5𝑋U! + 𝑢! . (63)



Example with the Sum to Specific 
Value Hypothesis
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¨ The unrestricted regression is, 

𝑌C = 𝛽D + 𝛽E𝑋EC + 𝛽F𝑋FC + 𝛽K𝑋KC + 𝛽L𝑋LC + 𝑢C (64)

¨ 𝑯𝟎: 𝐻D: 𝛽E + 𝛽F = 𝑊⟹ 𝛽( = 𝑊 − 𝛽E
¨ Plugging in 𝑯𝟎,

𝑌) = 𝛽* + 𝛽+𝑋+) + 𝑊 − 𝛽+ 𝑋,) + 𝛽-𝑋-) + 𝛽.𝑋.) + 𝑢) (65)

⟹ 𝑌) = 𝛽* + 𝛽+ 𝑋+) − 𝑋,) +𝑊𝑋,) + 𝛽-𝑋-) + 𝛽.𝑋.) + 𝑢) . (66)
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¨ Under assumptions 1 through 4 and the assumption that 
the error term is normally distributed, one can show that 

S(𝑅𝑆𝑆W − 𝑅𝑆𝑆X) 𝑚
S𝑅𝑆𝑆X
(𝑛 − 𝑘 − 1)

~𝐹 𝑚, 𝑛 − 𝑘 − 1 (67)

¤ 𝑅𝑆𝑆/ is the sum of squared residuals from the restricted 
regression

¤ 𝑅𝑆𝑆0 is the sum of squared residuals from the unrestricted 
regression

¤ 𝑚 is the number of restrictions (the difference between the 
number of parameters in the two models)

¤ 𝑘 is the number of RHS variables in the unrestricted regression 

The 𝑭 distribution



F Distribution Shapes
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Statistical Foundation of Joint 
Hypothesis Testing
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S(𝑅𝑆𝑆W − 𝑅𝑆𝑆X) 𝑚
S𝑅𝑆𝑆X
(𝑛 − 𝑘 − 1)

~𝐹 𝑚, 𝑛 − 𝑘 − 1 (71)

¨ Remember the residual sum of squares is just, 

𝑅𝑆𝑆 =4
!<6

=

:𝑢!> (72)
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¨ Why is 
X(𝑹𝑺𝑺𝑹4𝑹𝑺𝑺𝑼) 𝒎

X𝑹𝑺𝑺𝑼
(𝒏4𝒌4𝟏)

even relevant?

¤ Remember: we are examining whether the unrestricted 
regression fits the data better than the restricted regression. If 
it does, then you reject the null hypothesis

¤ If the null hypothesis is true then the unrestricted regression 
would show us that the null hypothesis is true by giving us 
coefficients that come very close to satisfying the null hypothesis
n And in that case, the unrestricted regression will not fit the data much 

better than the restricted regression (⟹ 𝑹𝑺𝑺𝑹 ≈ 𝑹𝑺𝑺𝑼)
n The numerator will be close to zero

¤ If the null hypothesis is false, then our unrestricted regression 
will be very different from the restricted regression and because 
it (the restricted regression) has more parameters should fit better
n The numerator will be large if the null hypothesis is false



Why Care about 
;(𝑹𝑺𝑺𝑹9𝑹𝑺𝑺𝑼) 𝒎

;𝑹𝑺𝑺𝑼
(𝒏9𝒌9𝟏)

?
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¨ Why is 
)(𝑹𝑺𝑺𝑹[𝑹𝑺𝑺𝑼) 𝒎

)𝑹𝑺𝑺𝑼
(𝒏[𝒌[𝟏)

even relevant?

¤ So, if this statistic is basically a measure of how much 
better the unrestricted regression fits the data
n If the measure is large, then we will be more likely to reject 

the null hypothesis
n If the measure is small then we will be more likely to fail to 

reject the null hypothesis
n To determine whether we in fact reject or fail to reject the 

null hypothesis we apply criteria 
n Just like in hypothesis testing of a single parameter, we need to 

compare the resulting value to a critical value in the distribution 
that this statistic would take (the 𝐹 distribution in this case)



Testing Joint Hypotheses: The 9-Step 
Recipe 
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¨ Step 1: State clearly the null hypothesis
¨ Step 2: State clearly the alternative hypothesis
¨ Step 3: Choose a significance value
¨ Step 4: Estimate the unrestricted regression and find 

the sum of squared residuals from the Stata output 
(𝑅𝑆𝑆W)

¨ Step 5: Estimate the restricted regression and find 
the sum of squared residuals from the Stata output 
(𝑅𝑆𝑆X) 
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¨ Step 6: Count the number of restrictions, which equals 
the difference between the number of parameters in 
the unrestricted and restricted regressions. This is 𝑚

¨ Step 7: Find the critical value for your significance level 
for an 𝐹 random variable with𝑚 degrees of freedom 
in the numerator and with 𝑛 − 𝑘 − 1 degrees of 
freedom in the denominator

¨ Step 8: Calculate the “𝐹 Statistic”

𝐹 =
O(𝑅𝑆𝑆W − 𝑅𝑆𝑆X) 𝑚

O𝑅𝑆𝑆X
(𝑛 − 𝑘 − 1)

(73)
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¨ Step 9 (The Last Step): Compare the critical value 
from the 𝐹 distribution to your 𝐹 Statistic
¤ If the statistic exceeds the critical value we reject the 

null. Otherwise we fail to reject
¤ You can find the critical value in the table in the back of 

your econometrics book for the 𝐹 distribution
¤ You can also call this table in Stata using the command 
invFtail
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¨ This sounds like a lot of steps, but as usual it is very 
easy to implement this in Stata
¤ The is no default joint hypothesis test, so you need to ask 

Stata to do it after running your regression that you want to 
test

¨ Relevant Code:
¤ Multiple Zeros: test var1 var2
¤ All slopes Equal Zero: test var1 var2 … vark
¤ Equality of Coefficients: test var1 = var2
¤ Coefficients Sum to a Specific Value (W): test var1 + 
var2 = W
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¨ The output will look unimpressive, but it’ll give 
you a p-value, which is all you need to reject or 
fail to reject the null, recall:
¤ Remember if p<0.05 then statistically significant at 

95% confidence or above
¤ if p<0.01 then statistically significant at 99% 

confidence or above
¤ if p<0.1 then statistically significant at 90% confidence

¨ See the Stata manual for more details: 
https://www.stata.com/manuals/rtest.pdf

https://www.stata.com/manuals/rtest.pdf

