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What is the 
average height of a 

dog in the USWhat is the 
average weight 
of a dog in the 

US?



100 dogs
5

21.5 inches

23.5 inches



Descriptive Statistics
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Summarize the quantitative 
features of the data you have!


23.5 inches is the average 
height of dogs in our sample

100 dogs

23.5 inches



Measures of Central Tendencies
• Mean

- Arithmetic:  

- Geometric:  


• Median

- The point splitting the sample in half


• Mode

- The most common value in the sample

(x1 + x2… + xn)/n
n x1 ⋅ x2 ⋅ … ⋅ xn
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Jan: 100 apples  
Feb: 200 +100% 

Mar:220 +10% 
Apr: 440 +100% 

Avg (Arithmetic) Growth: 70% 
Avg (Geometric) Growth: 64% 

 
     

100 × (1.64)3 ≃ 440



Problems with the mean…
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Median: 90
Mean: 661

• If the distribution is skewed, the mean value is not 
representative of the typical unit!

- Not a problem for dog height! 
- A big problem for net worth 

• Annual earnings for Z inc 
-  = 17 employees  
- Founders make ~5M USD/year

n



Robust Statistics
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“statistics that maintain their properties even if the underlying 
distributional assumptions are incorrect.”

• In practice: robust to outliers!


• Examples:

- Median 
- Trimmed mean

Trimmed mean: 87.8



Q1 Q2 Q3

• Standard deviation





• Interquartile range





s =
∑ (xi − μ)2

N − 1

{3,5,6,8,9,10,12}

IQR = 10 − 5 = 5

Dispersion
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1.2 oz (34g)5 lbs (2.3kg)
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100 dogs
12

21.5 inches

23.5 inches
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21.5 inches

100 dogs

23.5 inches

The estimand is a target-population quantity we 
care about; here, the true mean dog height μ
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21.5 inches

100 dogs

23.5 inches

The estimator is the algorithm used to calculate an 

approximation, here ̂μ =
1
n

n

∑
i=1

Xi
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21.5 inches

100 dogs

23.5 inches

The estimate is the specific calculated value once the 
data is plugged in, here 23.5 inches 



Inferential Statistics
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21.5 inches

23.5 inches

Draw conclusions of a larger 
population with a smaller set!


23.5 inches is a point estimate 
of the average US dog height



Estimates are “random”
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21.5 inches

23.5 inches

19.2 inches

21.3 inches



Key idea: find “nice” estimators
• We can’t beat the fact that our point estimates are 

uncertain; we should try to get the best point 
estimates possible!


The estimator… 

… has an expected value equal to the target quantity. 
… converges to the target quantity as  
… has the smallest possible uncertainty

n ↦ ∞



Unbiasedness
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Sample variance


s2 =
∑ (xi − μ)2

N − 1

Why the ?N − 1

Population variance


σ2 =
∑ (xi − μ)2

N

 
E[ ∑ (xi − μ)2

N ] =
n − 1

n
σ2

E[ ∑ (xi − μ)2

N − 1 ] = σ2

E[ ̂θ] = θ



Consistency

•  iid draws from a 
population with mean 


• The variance of the sample 
mean is 

X1, …, Xn
μ

Var(X̄n) = σ2/n

20

Sample mean


X̄n =
1
n

n

∑
i=1

Xi

Pr( | ̂θn − θ | < ϵ) ↦ 1 as n ↦ ∞



Optimality

21

• Within a class of estimators, this one is “best”


• One criterion for the best is the Mean Squared Error:

 

• Given a class of estimators , optimality means:


MSE( ̂θ; θ) = E[( ̂θ − θ)2]

𝒜
MSE( ̂θ*; θ) ≤ MSE( ̂θi; θ) ∀ ̂θi ∈ 𝒜



Is  optimal?1
n ∑n

i=1 Xi

Depends on your assumptions!


If , then, among 
unbiased estimators, then, yes!  

If , then no!

X1, …, Xn ∼ N(μ, σ2)

X1, …, Xn ∼ Uniform(0,ϕ)

22

̂θ =
n + 1

n
X(n)

ϕ
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Which do you trust most?
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?? inches
12.5 inches

20.2 inches

n = 50

n = 5000



Analytic standard-error approach
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Standard error of the mean


, where  is the 
sample standard deviation

SEM = s/ N s
n = 50

n = 5000

• Second sample is 100x bigger


•  will be 10x smaller!SEM



Remember the Central Limit Theorem!
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• We can use our estimate of the 
SEM to estimate where the true 
mean is!


• Rule of thumb: 95% of the 
time,* the true mean will be 
within !


• We will revisit this later!

±1.96 SEM

The mean is normal for 
a large enough n
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What is the 
average height of a 

dog in the USWhat is the 
median weight 
of a dog in the 

US?



Solution: Bootstrapping!
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• Idea: treat the observed 
sample as the population, then 
resample it with replacement!


• The variation of these 
resampled estimates 
approximates the uncertainty!



• Let:

-  be some data.


-  some statistic.


• For 

- Sample  units with replacement.

- Estimate .


- “Store”  into a sorted array.


• Get the quantiles of the obtained 
distribution 

X1, …, Xn
̂θn = t(X1, …, Xn)

j = 1,…, B
n

̂θ*( j)
n

̂θ*( j)
n

Bootstrapping Confidence Intervals
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X1, …, Xn

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

X*( j)
1 , …, X*( j)

n



Bootstrap example
To calculate the 80% confidence 
interval of the mean with 10 data 
points.

- Construct 1000 (the more the better) 

sets of size 10 with replacement.

- Compute the mean value in each 

set…

- Then put them in ascending order in 

a list.

- The CI is defined by the 100th and 

900th elements of the list.

42
3
89

17 75
64

91
28

12
56

42
17

89 75

6

12

32

91
42

6

6

28
56
3

12
17

… … … 89

91
28

12
56

…28
6

21.0 23.3 68.0…

32.2 57.9

100th 
position

900th 
position

36.0 27.6 41.1…



Bootstrap is magic
• Allows you to get confidence intervals for any statistic.


- Medians, quantiles, ratios, weird nonlinear stats.


• Captures skew and asymmetry.


• Minimal assumptions.


• You can resample the right unit (e.g., clusters, subjects, 
blocks), so dependence is handled naturally.
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Relating two variables
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A B C



Pearson Correlation
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r =
∑n

i=1 (xi − x̄)(yi − ȳ)

∑n
i=1 (xi − x̄)2 ∑n

i=1 (yi − ȳ)2
=

Cov(X, Y)
sXsY

•  close to 1 (or -1) means a strong linear relationship.


• When  is higher,  tends to be higher (lower)

r

X Y



https://www.guessthecorrelation.com/
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0.33 0.13 0.86



r = 1r ≤ 1

Beyond Linear Correlation
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Monotonically related variables will not have 
perfect linear correlation!
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r = 1 r = 0

An outlier can arbitrarily change the linear 
correlation between two variables!



Spearman Correlation ρ
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• Idea: carry out a rank 
transformation on the data!


• Compute the Pearson correlation of 
the rank-transformed data


• Handles non-linearity and outliers!



Spearman Correlation

39



Correlation and Causation
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Give us some 
feedback!

https://tinyurl.com/
reasoningwithdata

https://tinyurl.com/reasoningwithdata
https://tinyurl.com/reasoningwithdata

