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Logistics
● How did the midterm go? 
● Last half of the semester, how are we feeling?
● Next Week: U.S. Presidential Elections !

● Tutoring section will be rescheduled. Following options:
● Monday 11am-1pm (PST)
● Wednesday 11am-1pm (PST)
● Online Walkthrough

Per usual:
● Feedback Form: https://tinyurl.com/feedbackD8Kevin

All resources can be found on kevin-miao.com



Today
● Bootstrapping

○ Conceptual Overview
○ Methodology
○ Worksheet

● Confidence Intervals
○ Defining Confidence Intervals
○ Generating CIs
○ Worksheet



Bootstrapping
● Setup: A sample can always turn out different. If we were to 

calculate the average number of Trump vs Biden voters of two 
different surveys, the averages might turn out differently.

● Goal: Instead of generating one value, we want to generate a 
range of plausible values that could be the parameter of interest.

● Related concepts:
○ CI/Hypothesis Testing
○ Law of Averages



Bootstrapping procedure
● Obtain one large simple random sample
● For i in range np.arange(number of resamples):

○ Resample original sample with replacement
■ What happens if we resample without replacement?

○ Calculate statistic and append it to your array of interest.
● Result: Array of items 
● What can we do with this result?

○ Confidence Intervals
○ Collecting averages of resamples has some cool properties

■ Central Limit Theorem (Lecture later this week)



Worksheet

Link: https://tinyurl.com/d8tutweek10
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Practice Problems 
1.1 Suppose we have a sample of the heights of 100 UC Berkeley students contained in a 
table heights , drawn as a simple random sample from the population of UC Berkeley 

students. We would like to estimate the average height of the UC Berkeley population. To 
do so, we will use the average height in our sample as our estimate.  
Here are the first 5 rows of the table heights : 

 
a.  Identify the population parameter and sample statistic for this particular experiment. 
Which of these two quantities is random? 
Population parameter: the average height of all Berkeley students, this is not random 
Statistic: the average height of students in our sample. random because it is a function of 
the sample that is itself random.  

 
 
b.  We would like to use the bootstrap to generate an empirical distribution for our 
statistic. Fill in the code such that parameter_estimates  contains 10,000 bootstrapped 

sample statistics. 
Hint: You may find the table method sample  helpful in this problem.  

parameter_estimates = ______________________ 

for i in ____________________: 

parameter_estimate = _________________________________ 

parameter_estimates = ________________________________ 

 
parameter_estimates = make_array() 
for i in np.arange(10000): 

parameter_estimate 
=np.mean(heights.sample(100).column(“Height”)) 

parameter_estimates = 
np.append(parameter_estimates,parameter_estimate) 

 
parameter_estimates 
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c. Why do we have to sample with replacement? What would the histogram of 
parameter_estimates  look like if we sampled without replacement? 

We are sampling with replacement to get a sense of a different sample. This means that 
every point in the original sample can appear multiple times in the new sample or not 
appear at all. Sampling without replacement would give you the same sample every time. 
 

2  Confidence Interval 
Key Concepts 
Overview 

So far, we have used the bootstrap to get a sense of the variability of our 
sample statistic. Our goal in this section will be to identify a range of values in which 
our estimator will most likely appear. Previously, we could only describe a sample 
with a single number (the value of our estimator).  Now, instead of saying “Based on 
my sample, the average height of Berkeley students is around X inches,” we want to 
be able to say “With confidence Y%, the average height of Berkeley students lies in 
the range (X1, X2)”. Do you see why the second statement is much more informative 
than the first? 

Definition 
Provides a range of possible values in which the true value of a parameter 

would lie with some degree of certainty. Confidence intervals are used to quantify 
the uncertainty  of a particular estimate. 

How to Generate a Confidence Interval 
1. Generate an empirical distribution of our estimate using steps 1 through 4 

from the previous section.  
2. Decide on a confidence level. A typical confidence level people choose is 95%, 

but you could also choose other levels, like 90% or 99%. What are the 
benefits and drawbacks of choosing a higher confidence level?  

3. Our 95% confidence interval will be the "middle 95%" of all of our estimates 
from the empirical distribution of the sample statistics. The “middle 95%“ 
lies between the 2.5th percentile and the 97.5th percentile. Do you see why 
this is the case?  
 

Suppose that we picked our confidence level to be 80%. What percentiles of our empirical 
distribution should we choose now? 
We would pick the 10th and 90th percentile. 
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Confidence Intervals
● Cool, so what else can we do with bootstrapping?
● Bootstrapping tells us how different a certain statistic 

can turn out through giving us an interval.
● Confidence Intervals allow us to give a measure of

confidence.
● For instance, “With 95% confidence, we can say that 

Berkeley students spend between $10 and $15 on 
lunch”



Confidence Intervals more
● Generating Confidence Interval

○ Determine what confidence you want: 90%, 95%, 97%?
○ Always remember:

■ For a x% confidence interval, you take the middle x 
percent

○ For instance, 95% confidence interval starts at 2.5th percentile 
to the 97.5th percentile.

● What are the pros/cons of a wider confidence interval?
● Sins:

○ Never say “There is a 95% chance that this is the value”
○ Sample Size != Number of Resamples

5 p value
9 q

Mae likely
tocapture
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Practice Problems 
2.1 Tonight is the Monster Mash. We’re trying to determine the median spookiness level of 
ghosts. We are given a sample of ghosts in the form of a one column table called 
spooky_sample  that contains 200 numbers. Each number describes how spooky a ghost 

is on a scale from 0 to 10. You can assume that the sample is a simple random sample from 
the population of all ghosts. Fill in the code below to create a function that returns a 95% 
confidence interval as a 2-item array for the median spookiness level in the population of 
ghosts.  

 
def candy_cornfidence_interval(spooky_sample,  replications): 

result_medians = _____________________ 
for i in _____________________________: 

resample_median = _________________________________ 
median = _________________________________________ 
result_medians = _________________________________ 

left_end = _____________________________ 
right_end = _____________________________ 
return __________________________ 
 

def candy_cornfidence_interval(spooky_sample, replications): 
result_medians = make_array() 
for i in np.arange(replications): 

resample_median = spooky_sample.sample() 
median = percentile(50, resample_median.column(0)) 
result_medians = np.append(result_medians, median) 

left_end = percentile(2.5, result_medians) 
right_end = percentile(97.5, result_medians) 
return make_array(left_end, right_end) 

 
a.  If we run the function you wrote above multiple times, will it always return the same 
interval? Why or why not? 
The intervals will probably be similar but will not necessarily be the same! The reason is 
that the empirical  distribution we generate every time is a random quantity and as a result, 
the interval calculated is itself random! 
 
2.2 There exists a median spookiness level for the population of all ghosts. We call this the 
“true median spookiness level” of the population. 

a. What percent of the population will be contained in the confidence interval? 
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We can’t make an assessment on the amount of the population in the confidence 
interval. We use our confidence interval to estimate a population parameter, not to 
make any other statements about the individuals in the population. 

 
 

b. What is the probability that the interval we calculate will contain the “true 
median spookiness level” of the population? 
We cannot say the probability the interval will contain the true median. This is 
because the true parameter lies as a fixed point, meaning it is either inside or 
outside the interval. That being said, we don’t associate a probability with whether 
or not the interval contains the true median. 

 
c. If we were to compute 100 confidence intervals with the function from 3.1, how 
many of those confidence intervals would we expect to capture the true median 
spookiness level? 
We would expect around 95 percent of them to lie in the interval. This is because 
our confidence represents our confidence in the process and our process outputs a 
single interval. That being said, if we repeated the process many times, we expect 
around 95 percent of those intervals to contain the true parameter. 
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95 of them will contain the true median



Old exam question (FA19 Final) 



Old exam question (FA19 Final) 



End of Section
● Please complete the anonymous Feedback form so I can improve 

my teaching:
● https://tinyurl.com/feedbackD8Kevin

● Solutions and notes will be posted as soon as possible.

● Email me if you have any questions: kevinmiao@berkeley.edu


