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Welcome to ECE4OIOJ !

Please read the Course Description, which has been uploaded to the
Files section on the Canvas course site.

My office is Room 441c in in the Longbin Building. Feel free to drop
in during my office hours (announced on Canvas) or just whenever you
find me there.

You can also make an appointment by email or write to me with any
questions. My email is horst@sjtu.edu.cn

The Teaching Assistants for this course will provide recitation classes,
office hours, and help with grading.
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Blended Online/Offline Teaching

In this term our course will be taught in a blended model, whose goal is
to create a pleasant experience for you regardless of whether you

» participate in the classroom;
> participate via video link (Zhumu);

» watch a recorded session.

The blackboard will be recorded using a high-resolution webcam; the
slideshow will be recorded via the "shared screen” function of Zhumu.
Both may be viewed and downloaded as separate video streams.

There will be frequent in-class polls (which are not graded) in which you
are expected to participate.



JOINT INSTITUTE
RARERBREE

i M
Slide 4 15

Overview

Remote Video Client: Zhumu

After Zoom decided to discontinue direct activities in China, it licensed its
software to several local companies. One of these companies is Zhumu.

Please download an “international” Zhumu client here:

https://zhumu.com/download-intl

(Note that this is a different client from the one that is offered by default
on the main page.)

Please create an account using you SJTU email address and make sure
that your alias is visible in roman transliteration (see next slide).

Links for joining our classes by video will be published on Canvas. You are
required to keep these links confidential and to not share them with any
other JI student or anyone else.

Our course will not use Feishu.


https://zoom.com.cn/en-us/oempartners.html
https://zhumu.com/download-intl
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Everyone on Zhumu!
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Please join the Zhumu session at the start of every class, whether you are
joining the class on-site or remotely.

Remote

On-Site

Zhumu Alias

Camera
Video

Microphone

Sound

Name in pinyin, e.g.,
“Xu Baishen”

On
On

Muted, but ready to un-
mute

On

[IC] followed by name in

pinyin, e.g.,
“[IC] Xu Baishen"

Off
On or Off

Muted, but ready to
unmute

Off
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Office Hours / Piazza

In addition to being available in office hours, | and the TAs will be
answering course-related questions on Piazza. Please also create an
account such that your name in pinyin is visible.

It is possible to send private messages on Piazza, but most messages
should be public so that everyone can see them and the responses or
respond themselves. Feel free to answer other students’ questions!

Please do not post anonymously unless you have a good reason. Don't be
shy!

Please post messages in English only.

Here is the sign-up link:

https://piazza.com/sjtu.org/spring2022/ece4010j



https://piazza.com/sjtu.org/spring2022/ece4010j
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Mathematica

JI has obtained an unlimited student license for a computer algebra
software called Mathematica, developed by Wolfram Research.

You will be required to make use of this or a similar software in your
homework assignments and examinations, so you should obtain a copy.

Please see the Course Description for details on the download procedure.
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Course Outcomes

The Course Description defines a set of “Course Outcomes.” These are a
sampling of minimal skills that you should obtain in the process of taking
this course.

The list is of course not exhaustive (you should actually learn much more
than what is given there). Nevertheless, it represents an indication of
whether the course successfully conveyed a selection of concepts.

Whether the outcomes are attained is evaluated in two ways:

» Subjectively: You will be asked your opinion on how well you think
you have mastered each given outcome in the Course Evaluation at
the end of the term.

» Objectively: The course will include a set of online quizzes on Canvas
that you can take in your own time without the pressure found in
exams. Each quiz will evaluate one of the course outcomes. The
quizzes will contribute to the course grade.
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Grade Components

Grade Component Points
Course Outcome Quizzes 7
Completing the Peer Evaluation for the Term Project 1
Completing the Peer Evaluation for the Coursework 1
Completing the Course Evaluation 1
Class Participation 5
Midterm Exam 25
Final Exam 30
Online Modules 15
Term Project 15
Total 100

Please refer to the syllabus (Course Description) for more details regarding
the grade components!
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Grading Policy

The course will be graded on a letter scale, with a certain number of
points corresponding to a letter grade.

The grading scale will usually be based on the top approximately 6-12% of
students receiving a grade of A+, with the following grades determined by
(mostly) fixed point increments.

Apart from this normalization, the grade distribution is up to you! If (for
example) all students obtain many points in the exams, | am happy to see
everyone receive a grade of A. Students are primarily evaluated with
respect to a fixed point scale, not with respect to each other.
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More Info: Syllabus (a.k.a. Course Description)

WHAT'S VOUR WHEN ARE YouR ) |
LATE HOMEWORK OFFICE HourRs? —
Policy?

IT'S IN THE SYLLABUS

This message brought To you by every instructor that ever lived.
WWW.PHDCOMICS. COM
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Course Topics: Probability Theory
Elementary Probability

Conditional Probability

Discrete Random Variables

Expectation, Variance and Moments
The Pascal, Negative Binomial and Poisson Distributions
Continuous Random Variables

The Normal Distribution

Multivariate Random Variables

The Weak Law of Large Numbers

10. The Hypergeometric Distribution

© 0 N o g R~ W Nh =

11. Transformation of Random Variables

12. Reliability
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Course Topics: Statistics

13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

Samples and Data

Parameter Estimation

Interval Estimation

The Fisher Test

Neyman-Pearson Decision Theory

Null Hypothesis Significance Testing

Single Sample Tests for the Mean and Variance
Non-Parametric Single Sample Tests for the Median
Inferences on Proportions

Comparison of Two Variances

Comparison of Two Means

Non-Parametric Comparisons; Paired Tests and Correlation

Categorical Data

JOINT INSTITUTE
RARERBREE
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Course Topics: Linear Regression

26. Simple Linear Regression |: Basic Model and Inferences

27. Simple Linear Regression Il: Predictions and Model Analysis
28. Multiple Linear Regression |: Basic Model

29. Multiple Linear Regression Il: Inferences on the Model

30. Multiple Linear Regression Ill: Finding the Right Model

31. ANOVA I: Basic Model

32. ANOVA Il: Homoscedasticity and Post-Tests
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Elements of Probability Theory
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Elements of Probability Theory
Elementary Probability

Conditional Probability

Discrete Random Variables
Expectation, Variance and Moments
The Pascal, Negative Binomial and Poisson Distributions
Continuous Random Variables

The Normal Distribution
Multivariate Random Variables

The Weak Law of Large Numbers
10. The Hypergeometric Distribution

© 0 N o g R~ W Nh =

11. Transformation of Random Variables

12. Reliability
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1. Elementary Probability
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Elements of Probability Theory
1. Elementary Probability
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Games of chance have a long history

Cubical Die from Tepe Gawra, Photo of Object 31-52-309 of the Penn Museum. Online: hitps:/www.penn museum/collections/obiect/332432. Described in Brown, W. N. ‘Indian Games of Pachisi,
Chaupar, and Ghausar’. Expedition: The Magazin of the University of Pennsyivania Museum of Archagoiogy and Anthropology. Philadelphia. The University Museurn. 1964. Vol. 6. no ges



https://www.penn.museum/collections/object/332432
https://www.penn.museum/collections/object/332432
https://www.penn.museum/collections/object/332432
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... but probability in mathematics does not. Why?

» Platonism: real-life objects are imperfect representations of ideal

“Platonic Forms". A six-sided die is a representation of an ideal cube.
» But randomness appears tied to real-life processes - no platonic form.
» Randomness was not considered amenable to mathematics.

Detail of the “School of Athens”


https://commons.wikimedia.org/w/index.php?title=File:Raffael_058.jpg&oldid=364094290
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... but probability in mathematics does not. Why?

» Divination: randomness was often used to predict the future.

» Predicting randomness = interfering with the will of the gods.

Runestones. Online: hilps


https://www.needpix.com/photo/download/1235148/divination-background-krupnyj-plan-the-consignment-a-few-runes-stones-scrying-stones-bone
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Girolamo Cardano (1501-1576)

» Invented cardan shaft
» Published solutions to cubic and quartic equations

» First systematic use of negative numbers in
Europe; acknowledged imaginary numbers

» Heavy gambler, known to be short of money

» Published first systematic treatment of probability

Girolamo Cardano (1501-1576).

1.1. Cardano’s Principle. Let A be a random outcome of an experiment
that may proceed in various ways. Assume each of these ways is equally
likely. Then the probability P[A] of the outcome A is

number of ways leading to outcome A

P[A] =
4l number of ways the experiment can proceed.


https://picryl.com/media/cardano-girolamo-1f9a09
https://picryl.com/media/cardano-girolamo-1f9a09
https://picryl.com/media/cardano-girolamo-1f9a09
https://picryl.com/media/cardano-girolamo-1f9a09

JOINT INSTITUTE
D | RREBEHRFPL

Elementary Probability Slide 23

Two Die Rolls

It is clear that the probability is a real number between 0 and 1.

1.2. Example. Two six-sided dice are rolled. Both are fair dice and have
equal probability of returning any given number.

What is the probability that the sum of the results is 11 or 127

There are six possible results for the first die and 6 possible results for the
second die, so there are a total of 6 - 6 = 36 possible outcomes.

The outcomes that give a result of 11 or 12, writing the outcomes as (first
die, second die), are:

» outcome (6, 6) gives the sum 12;

» outcome (5, 6) gives the sum 11;

» outcome (6,5) gives the sum 11;

» all other outcomes will give a sum of 10 or less.
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Two Die Rolls
The probability that the sum of the results is at least 11 is
number of outcomes leading to a sum of 11 or 12 3 1
number of possible outcomes T3 12

When applying Cardano's principle, it is crucial that all outcomes are
equally likely!
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Two Coin Tosses

1.3. Example. A fair coin is tossed twice and the result of “heads” (h) or
“tails” (t) is recorded each time. What is the probability of obtaining at
least one head?

We use a tree diagram to visualize the possible outcomes:

/\

/Heads\ /Tails\
Heads, Heads Heads, Tails Tails, Heads  Tails, Tails

We see that

Plat least 1 Head] = %
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D’'Alembert’s Error

D'Alembert asserted in 1754 that it is erroneous to
consider the four cases (h, h), (h, t), (t, h), (t, t) since
the experiment can be stopped immediately if heads
comes up on the first toss.

Therefore, he claimed, there are only three outcomes:

» heads;

Portrai da Jean ta Rond d'alembart » tails, then heads;

> tails, then tails;

so the probability of obtaining at least one head should be 2/3, not 3/4.

Of course, the error in his thinking is that not all of the three outcomes
that he cites are equally likely.

Literature: http://www.cs.xu.edu/math/Sources/Dalembert/croix_ou_ pile.pdf


http://commons.wikimedia.org/wiki/File:Alembert.jpg
http://commons.wikimedia.org/wiki/File:Alembert.jpg
http://commons.wikimedia.org/wiki/File:Alembert.jpg
http://commons.wikimedia.org/wiki/File:Alembert.jpg
http://commons.wikimedia.org/wiki/File:Alembert.jpg
http://www.cs.xu.edu/math/Sources/Dalembert/croix_ou_pile.pdf
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Bose's inspiration

If the experiment were modified so that two coins
were tossed at the same time, the result remains the
same.

But if these two coins were indistinguishable, so that
the results (h, t) and (t, h) could not be told apart,
then d'Alembert’s reasoning would be correct.

In the early 1920's, the Indian physicist Satyendra
Nath Bose was working on the energy distribution of
elementary particles such as photons. Contemporary
theory could not explain the experimental data.

Satyendra Nath Bose (1894-1974) in Paris

In a calculation during a lecture, Bose made a mistake similar to the one
described here. He discovered that, based on the mistake, the calculations
turned out to correctly describe the data. From this he deduced that
photons (and related particles) are indistinguishable — there is in principle
no physical way to tell two photons apart.


https://commons.wikimedia.org/wiki/File:SatyenBose1925.jpg
https://commons.wikimedia.org/wiki/File:SatyenBose1925.jpg
https://commons.wikimedia.org/wiki/File:SatyenBose1925.jpg
https://commons.wikimedia.org/wiki/File:SatyenBose1925.jpg
https://commons.wikimedia.org/wiki/File:SatyenBose1925.jpg
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Basic Principles of Counting
Suppose a set A of n objects is given.
» There are (nﬂi'k), different ways of choosing an ordered tuple of k
objects from A.

Such a choice is called a permutation of k objects from A.

» There are Wlk)' different ways of choosing an unordered set of k
objects from A.

Such a choice is called a combination of k objects from A.

» There are W‘nk, ways of partitioning A into k disjoint subsets

A1, ..., Ar whose union is A, where each a; has n; elements.

This is called a permutation of k indistinguishable objects from A.
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Binomial Coefficients

We define binomial coefficients by

(3) =1, fora e R

and, for n € N\ {0} and a € R,
(a)_ a (a—1)-(a—=2) - (a—n+1)

n n!

If & € N, this may be expressed as the perhaps more familiar

o' al
<n> - (a — n)lnl’

The definition (1.2) also implies that

(m> =0 whenever n > m and m, n € N.

) | JOINT INSTITUTE
) | RREBERFPL

(L1)

(1.2)
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Sample Spaces and Sample Points

We want to translate physical outcomes into mathematical objects, for
example:

[-] ] S (1,3)

or

— 173 cm

The mathematical objects are called sample points. They can be
numbers, pairs of numbers or any sort of abstract object.

We need to define a sample space, often denoted S, large enough to
accommodate all sample points.
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Events

The sample space can be larger than seems necessary:

E]E — (1,3) eN*>=Nx N
t e N
physical outcome sample point sample space

An outcome in the sense of Cardano'’s principle is then interpreted as a
subset A of a sample space S and called an event.

Two events Aj, A, are called mutually exclusive if Ay N Ay = 0.
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Events

1.4. Example. A six-sided die is rolled four times. The sample space can be
taken to be S = N* and a sample point is a 4-tuple, for example
(1,2,5,2) € N*. This sample point would correspond to first rolling a 1,
then a 2, next a 5, followed by a 2.

Many tuples, such as (7,20, 2,3) € S do not correspond to any physical
outcome of the experiment.

An event might be “rolling at least two fours” in which case this would be
a subset A C S such that each 4-tuple in A has at least two entries equal
to 4. For example, (1,3,4,4) € Abut (1,1,3,4) ¢ A.

We can then apply counting principles to subsets of sample spaces in order
to find the probabilities of events by Cardano’s principle.
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Elementary Probability

Probabilities of Events

1.5. Example. We roll a four-sided die 10 times. What is the probability of
obtaining 5 ones, 3 twos, 1 three and 1 four?

There are 419 = 1048576 possibilities for the 10-tuple of results of the die
rolls, corresponding to that many sample points in S = N° that
correspond to physical results. The event A consists of all ordered
10-tuples containing 5 ones, 3 twos, 1 three and 1 four. There are

10!

s 20%0

possible ways of obtaining 5 ones, 3 twos, 1 three and 1 four, so there are
that many elements in A. The probability is

5040

———— =~ 0.00481 ~ 0.5%.
1048576 %
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An Axiomatic Approach

Clearly, for more complicated situations of random-
ness that go beyond simple counting, a more formal
model of probability is needed. In 1933, the Russian
mathematician Kolmogorv introduced an axiomatic
approach.

Given a sample space S, we first need to determine
the set of permissible events.

If S has a finite number of elements, then we can
simply allow any subset of S to be an event. However,
if S is very large (for example, if S = R) then a more
careful approach is needed.

Andrej N. Kolmogorov (1903-1987)

Not every subset of S may be an allowable event. However, we need to
choose “allowable” subsets in a consistent way.


https://commons.wikimedia.org/wiki/File:Andrej_Nikolajewitsch_Kolmogorov.jpg
https://commons.wikimedia.org/wiki/File:Andrej_Nikolajewitsch_Kolmogorov.jpg
https://commons.wikimedia.org/wiki/File:Andrej_Nikolajewitsch_Kolmogorov.jpg
https://commons.wikimedia.org/wiki/File:Andrej_Nikolajewitsch_Kolmogorov.jpg
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Elementary Probability

A o-Field of Subsets

Suppose that a non-empty set S is given. A o-field ¥ on S is a family of
subsets of S such that

(i) 0es,;
(i) if Ac &, then S\ Ac &,

(iii) if A1, Az, A3, ... € & is a finite or countable sequence of subsets,
then the union J, Ax € &.

In probability, we consider families of events that are o-fields. This is clearly
reasonable, since the above properties guarantee that if a subset is an
event, then so is the complement and if two subsets are events, then their
union must also be an event. Furthermore, the entire set S is an event.
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A o-Field of Subsets

This is illustrated by the diagrams below:

Slide 36
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Elementary Probability

Examples of o-Fields of Events

» If S is finite, one can take & = £(S) (the power set of S) without
problems. This is also the case if S is countable.

» For any set S, the smallest possible o-field is & = {0, S}.

» One of the most important o-fields in practice is the set Z(I), the set
of Borel sets on an interval I C R. This is the smallest o-family
containing all subintervals of I. (We do not give an explicit definition
here.)

Now that we have a sample space and a set of permissible events, we need
a probability function that assigns in principle to every event the
probability of that event occurring.
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Probability Measures and Spaces

Let S be a sample space and & a o-field on S. Then a function
P. ¥ —[0,1], A P[A],

is called a probability measure (or probability function or just
probability) on S if

(i) P[S]=1,
(ii) For any set of events {Ax} C & such that A; N A, =0 for j # k,

P[ij Ad = ; PIA].

The triple (S, &, P) is called a probability space.
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Rolling a Die Twice

1.6. Example. Suppose we roll a six-sided die twice. The we can take the
sample space to have 36 elements as follows

={(1,1), (1,2), ..., (6,5), (6,6)}.

We take the o-field to be the power set £(S). Following Cardano’s
approach, we then assign the probability

P{(i,))}] = % fori,j=1,2,3,4,56

for each individual sample point. This allows us to define probabilities for
an arbitrary event in #(S).
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Elementary Probability

Rolling a Die Twice

Let A; be the event that corresponds to the outcome “the sum of the two
die rolls is at most 3" and Aj correspond to the outcome “the two die rolls
give the same number”. Then

Ar={(1.1),(1.2), (2, 1)}, A ={(1,1).(2.2),(3.3),(44).(5.5),(6,6)}.

The probability of these events is calculated as

3
PlA] = PI(L 1)} + PR(L 2)3 + PR(2. 1)} = 5.
6 1
P[A)] = — = —.
2l =35=5
The event “the sum of two die rolls is at most three and both rolls are the
same" is given by the set containing those sample points both in A; and in

As. We calculate its probability to be

PlAL N As] = PI{1,1}] = %
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Almost Sure Occurrence
An event A € & is said to occur almost surely if P[A] = 1.
1.7. Example. Suppose we toss a fair coin repeatedly. If it turns heads up,

we stop, otherwise we continue to toss. The sample space may be taken to
record the tosses as strings of “t" (for tails) and “h" (for heads), i.e.,

S ={h, th, tth, ttth,...} U{t*}

where “t®" stands for an infinite sequence of tosses yielding tails. This a

countable set and we can simply take & = 2(S).

In order to define a probability function, we set

P[{t -th}] = 2n+1

n tlmes

and P[{t*}] = 0.
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Almost Sure Occurrence

Then the event “Eventually the coin turns up heads.” is given by taking
the union of all sample points that include h. We calculate

P[A] = P[{h}] + P[{th}] + P[{tth}] + - --

—1+1+1+
2 48
=1

We say that “Almost surely, the coin will turn up heads eventually.”
However, it is not in principle inconceivable that we toss the coin forever
and never see heads turn up. However, the probability of this happening is
zero.
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Basic Properties of Probabilities of Events

We end by listing some general properties that follow immediately from the
definition of a probability space (S, &, P):

PIS] =1,
P[0] = 0,
P[S\ Al =1— P[A],
P[A1 U Az] = P[A1] + P[A2] — P[A1 N Ay],

where A, A1, Ay € S are any events.
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2. Conditional Probability
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Elements of Probability Theory

2. Conditional Probability
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Conditional Probability
Given two events A, B in a o-field & on a sample space S we can calculate
the probability that

» “event A occurs”,

» “event A does not occur”,

» “events A and B occur” and

» “event A or event B occurs”.

The axioms do not, however, provide us with a way to calculate the
probability that

» “event B occurs if event A has occurred.”

In other words, given information about whether an event A has occurred,
we would like to (re-)calculate the probability of B occurring.
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Conditional Probability

Let us denote by
P[B | Al

the conditional probability that "B occurs given that A has occurred”.

2.1. Example. recall from the previous Example 1.6 that in rolling two dice
we considered the events

A= {(1,1),(1,2), (2. 1)},

A ={(1,1),(2,2),(3,3),(4.4),(5,5),(6.6)}.
What is then P[Al ‘ A2]7
If we somehow have the information that the die rolls were equal, we can
then conclude that A; is only possible if among the six results in Ay the
single result (1,1) has occurred. We should have

1
P[A1 | A2 = 6
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Generalizing the Counting Approach

What we have done is calculate
P[A1 | As] =

where |A| denotes the number of elements of A. We could re-write this as

|A1 N Al /]S]
|Az|/|S]

P[Al ﬂAQ]
P[A]

PlA1 | Ap] =

This last expression is independent of the “counting” approach and uses
only known probabilistic quantities, so we now define
P[AN B]

PIB | A=~

whenever P[A] # 0.
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Independence of Events

If one event does not influence another, then we say that the two events are
independent. Formally, we say that two events A and B are independent if

P[AnN B] = P[A]P|B]. (2.1)
Equation (2.1) is equivalent to

P[A | B] = P[A] if P[B] # 0,
P[B | Al = P[B] if P[A] #0,

which correspond to the intuitive idea that the probability of A is not
affected by B occurring and vice-versa.
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The Birthday Problem

2.2. Example. The birthdays (day and month) of a group of people are
generally assumed to be independent. Disregarding leap years, any person
is assumed to have a 1/365 chance of being born on a given day. (Do you
think that this is a reasonable assumption?) How many people should a
group have so that there is a better than even chance of two people in the
group having the same birthday?

We consider the complementary problem and start with a single person in
the group. If we add a second person, there is a 364/365 chance of them
not sharing a birthday. Adding a third person, for no two people to share a
birthday, this person must have his birthday on one of the other 363 days
of the year, so there is now a

364 363
365 365

chance of no two people in the group sharing a birthday.



JOINT INSTITUTE
RARERBREE

Conditional Probability Slide 51 &

The Birthday Problem

Continuing this argument, in a group of n > 2 people there is a

ﬁ 366 -k 1 364!
365 36571 (365 — n)!

k=2

chance of no two people having the same birthday. It turns out that for
n = 23 this number is less than 1/2, so the probability of two people
having the same birthday is > 1/2.

This statement has been verified empirically; in a soccer match there are
2 x 11 players + 1 referee on the pitch. On any given playing day in the
Premier Division of the English league, about half the games should
feature two participants with the same birthday.

Literature: Coincidences: The truth is out there, TEACHING STATISTICS, Vol. 1, No. 1,
1998
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Independence vs. Law of Large Numbers

On the one hand, successive flips of a coin are in-
dependent - the result of one coin flip should not
influence the result of the following coin clips.

On the other hand, experience tells us that if we toss
a fair coin many times, it should not come heads up
all the time. On average, we expect about one-half
of the results to be heads.

ernoulli (1654-1705)

This principle was formulated by Jacob Bernoulli in the early 18t century
as the Law of Large Numbers:

Probability — Proportion of outcomes


https://commons.wikimedia.org/w/index.php?title=File:Jakob_Bernoulli.jpg&oldid=227954638
https://commons.wikimedia.org/w/index.php?title=File:Jakob_Bernoulli.jpg&oldid=227954638
https://commons.wikimedia.org/w/index.php?title=File:Jakob_Bernoulli.jpg&oldid=227954638
https://commons.wikimedia.org/w/index.php?title=File:Jakob_Bernoulli.jpg&oldid=227954638
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Heuristic Version of the Law of Large Numbers

Conditional Probability

2.3. Heuristic Law of Large Numbers. Let A be a random outcome of an
experiment that can be repeated without this outcome influencing
subsequent repetitions. Then the probability P[A] of this event occurring
may be approximated by

number of times A occurs

PlA] ~
Al number of times experiment is performed

We will give a more precise statement of the law later.
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Total Probability
Recall that two events A and B are mutually exclusive if AN B = 0.

Consider a set of n, pairwise mutually exclusive events A, ..., A, in a
sample space S with the additional properties that P[Ak] # 0 for all
k=1,..., nand AiU---UA, =S. Let B C S be any event. Then

P[B]=P[BNS]|=P[BN(ALU---UA,)]
=P[(BNA)U---U(BNA,)]
=P[BNA]+---+P[BNA,]
= P[B | A1] - P[A1]+---+ P[B | Aj] - P[A)]

The expression

PIBI =S PIB| Ad - PIA. (22)
k=1

is called the total probability formula for P[B].
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The Marriage Problem

As an application of the formula for total probability, consider the following
marriage problem:

Suppose you are trying to find the “perfect partner.” There are n partners
available, and they can be ranked from 1 to n with regard to “suitability”,
where the “"most suitable” partner has rank 1 and the “least suitable”
partner has rank n. We write xx € {1, ..., n} for the rank of the kth
partner.

x1="7 Xo =1 Xp =17
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The Marriage Problem

You can evaluate each partner, but only detect their relative rank yj:
(“best so far"”, “second best so far”, etc.).

2.4. Example.

After evaluation: Accept or discard forever.

Goal: Find most suitable partner with x; = 1.
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Strategy and Outcomes

Optimal strategy: For some r > 1, evaluate and automatically
reject r — 1 potential partners.

Then select the first candidate superior to all the previous ones, if possible.
To summarize:

1. Choose r > 1.
2. Select k with y, =1 and k > r, if possible. Discard all others.

3. Otherwise, do not choose anyone.

Possible outcomes:
» The most suitable partner (xx = 1) is selected,;
> A less suitable partner (xx > 1) is selected,;

» No partner is selected.
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Examples
r=2:
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Finding the Optimal Strategy

The sample space can be taken to be

S ={(k,j): kis selected and x; =1, k=0,...,n, j=1,...,n}

where k = 0 indicates that no person was selected. We say that we “win”
if we end up by selecting the most suitable partner, i.e., we select k with
xx = 1. We denote this event by

W, = {(k,k): k=r,..., n}, r>1.
Given r > 1, the probability of winning is denoted
pr = P[W,].

Problem: How to choose r so that p, is maximal?
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The Total Probability Formula

We denote the event that the mth person is the most suitable partner by
Bm={(k;m): k=0,....n}, m=1,...,n

Note that the B, are mutually exclusive and that their union is S. Then
by the formula for total probability,

pr=PW,] =Y PW, |Bu]P[Bn].
m=1
Evaluating the partners in random order,

P[Bm]:%, m=1,..., n.
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Conditional Probability

Probability of Selecting No Partner

No partner will be chosen if and only if the very best candidate was
discarded. The probability of this happening is

r—1
P[selecting no partner] = ——,
n
Of course, in that case we can't win:
PW, | Bn] =0 form<r

since the most suitable partner will have been discarded.

Therefore, the expression reduces to

1
pr:;ZP[Wr‘Bm]
m=r
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The Marriage Problem

Suppose that x,, = 1 for m > r:

Xr—1 Xr Xm—1 Xm =1

X1
Ym = 1
We will win if there is no relative rank yx =1 for r < k < m.
Hence, the minimum of the finite sequence (x1, ..., Xr—1, Xr, - - -, Xm—1)

must occur for one of the subscripts 1 < k < r —1.
This will happen with probability

r—1
m—1

P[W, | By] =
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The Marriage Problem

We hence have
r—1¢< 1

Pr= n Zm—1

m=r

To find the maximum of this expression, we set x = r/n and use the
approximation

n
1
Z P ~ In(n) — v
k=1
where 7y is the Euler-Mascheroni constant. Then

(- (LS )

n

(x — ,17> (In(n—1) —In(r — 2))

~ —xInx.

%
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The Marriage Problem

The maximum is now easily found using calculus, yielding xmax = 1/e. We
hence take r = [n/e], which is about 37% of the partners. Note that p,
has the value 1/e at Xmax-

The optimal strategy can be summarized as follows: evaluate and reject
37% of the partners, then choose the first partner that is more suitable
than any of the preceding partners. This strategy will yield the most
suitable partner 37% of the time, lead to no choice (rejection of all

partners)

r—1 r
R — = Xmax = 37%

n

=]

of the time and lead to an inferior choice 26% of the time.
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Bayes's Theorem

From the formula for total probability we immediately obtain one of the
most important theorems of elementary probability:

2.5. Bayes's Theorem. Let Ay,..., A, C S be a set of pairwise mutually
exclusive events whose union is S and who each have non-zero probability
of occurring. Let B C S be any event such that P[B] # 0. Then for any

P[B N Ak] _ P[B | Ak] . P[Ak] .
PIBI 5 plB| A)- PIA]
j=1

P[Ax | B] =

The theorem is due to the English mathematician Thomas Bayes (17017
- 1761). Unfortunately, no clearly authentic image of him survives.
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2.6. Example. Suppose that a rare disease occurs at a rate of 0.1%, i.e.,
one out of a thousand people have that disease. Suppose a test for the
disease is developed that is 99% accurate, i.e., if someone has the disease,
the test determines this with 99% accuracy and if someone does not have
the disease, the test is negative 99% of the time.

Suppose a patient is tested positive for the disease. What is the probability
that she actually has the disease?

We know that

P[has disease] = 0.001,
Pltest positive | has disease] = 0.99,

P|[test negative | does not have disease] = 0.99.

What we need is P[has disease | test positive].
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Bayes's Theorem

Let us write D for the event “has disease”, =D for “does not have
disease”, n for “test negative” and p for “test positive”.

By Bayes's Theorem,

Plhas disease | test positive] = P[D | p] = IW
_ Plp | D] - PD]
Plp| D] - P[D] + P[p | =D] - P[~D]
0.99-0.001

~0.99-0.001 + 0.01 - 0.999
= 0.0902 ~ 9%.

Hence, for rare diseases, doctors will always perform a second test on
receiving a positive first test. If possible, the second test uses a different
principle, so as to be independent of the first test.



JOINT INSTITUTE
7 | RRBERFPL

!
Conditional Probability Slide 68

The Monty Hall Paradox

You are participating in a game show to win 10,000,000 RMB. The game
master [Monty Hall] presents you with three closed doors. Behind one of
the doors is the prize, behind the other two doors there is simply a goat. If
you open the correct door, you will receive the money, if you open one of
the other two doors you will get a goat.

Before opening any of the three doors, you can announce which door you
intend to open. Obviously, at least one of the other two doors does not
hide the money. The game master opens this (empty) door. You are then
given the option of either

» sticking with your choice or
» switching to the other closed door.

What do you do and does it make a difference?



JOINT INSTITUTE
RARERBREE

Conditional Probability Slide 69 K=

The Monty Hall Paradox

To many people it seems counter-intuitive, but the best course of action is
to change your choice to the other door. There will be a 2/3 probability
that the prize is behind the remaining door that you have not chosen!

Why is that? By opening the door, the game master has not given you any
information about the door you have chosen (he can always open one of
the remaining doors, no matter which door you choose). The probability of
this being the correct door was 1/3 before he opens the other door, and it
remains that way after he opens the door.

However, his opening a door does give you information on the other two
doors, namely, it tells you which of the other two doors does definitely not
hide the prize. The original 2/3 probability that one of these doors hides
the money is now concentrated on just the one door. Therefore, it is
advantageous for you to change your choice.
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The Monty Hall Paradox

We can use Bayes's formula to evaluate the probabilities explicitly.
Suppose the doors are denoted A, B and C and denote by the same letter
X the event “prize is behind door X" where X = A, B, C. Suppose that
door A is initially selected and that the host opens door C; we denote the
event “host opens door C" by C*.

Then, by Bayes's formula,

o PIC* | Al- PIA]
PALC) = e A PaT+ PIC- | €1 PIC] + PIC* | B] PIB]
1.1 1

2°3 1
1 1 1 1 .
7:3+t0-3+1-3 3

Of course, since P[C | C*] = 0, this also implies P[B | C*] = 2/3.
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3. Discrete Random Variables
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Elements of Probability Theory

3. Discrete Random Variables
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Discrete Random Variables

Random Variables

Many problems in probability theory revolve around pure numbers rather
than arbitrary elements of a sample space (which can be arbitrary objects,
such as tuples, or other objects). It is therefore useful to introduce
functions that take elements of a sample space and map them into a
subset of the real numbers, i.e.,

X:S—= R

where such a function X is said to be a random variable.

The term “random variable” originates from the idea that X has numerical
values (“variable") that are derived from the outcome of a random
experiment (“random”).
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Random Variables

3.1. Example. Suppose we flip a coin three times. Then the sample space
may be given by

S={(t,t,t), (t t h), (t ht), (t hh),
(h,t, t), (h t h), (h ht), (hh h)}

with t denoting “tails” and h denoting “heads”.

We might now define X as follows:

X(t, t,t)=0, X(t,t,h)=1, X(t,ht)=1, X(t,h h)=2
X(h,t,t)=1,  X(h t,h)=2, X(h h t)=2, X(h h h)=3

Clearly, X denotes the number of heads in three coin flips.
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Discrete Random Variables

Random Variables

We can now ask what the probability is that X takes on the value 1, which
can be found from the probability of each event in the sample space:

P[X =1] = P[{(t, t, h),(t, ht),(h t t)}].

The notation used on the left is the standard notation for denoting
probabilities of random variables. For example, we write

PIX = x] = P[A]

where x € R and A C S is the event containing all sample points p such
that X(p) = x.

More generally, we may write
Pla < X < b]

to denote the probability that the values of X lie between a and b.
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Discrete Random Variables

Random Variables and Probability Density Functions

Hence, the probability that a random variable takes on values in a certain
range is in principle determined from the probability space (S, &, P).
However, to ensure that this works consistently, a lot of mathematical
theory is required if the range of X is (for example) an arbitrary subset of
R.

Therefore, we will make two assumptions:

1) We distinguish between

» discrete random variables, defined as having a countable range in R
» continuous random variables, defined as having range equal to R

(In principle, a random variable can be of neither of these types, but we
will not discuss such cases here.)

2) We assume that a random variable comes with a probability density
function that allows the calculation of probabilities directly, without
recourse to the probability space.
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Discrete Random Variables

3.2. Definition. Let S be a sample space and 2 a countable subset of R. A
discrete random variable is a map

X:S5—= 0

together with a function
x:2—->R

having the properties that

(i) fx(x) >0 for all x € 2 and

(i) X fx(x)=1.

x€N

The function fx is called the probability density function or probability
distribution of X.

We often say that a random variable is given by the pair (X, fx).
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Discrete Random Variables

Density for Discrete Random Variables

For discrete random variables, we define the density function fx in such a
way that

fx(x) = P[X = x].
In the following slides, we will introduce various concepts based on
examples of discrete random variables. We will derive the density function
based on the probabilities of the sample space on which the random
variables are defined.
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Bernoulli Random Variable

Consider an experiment that can result in two possible outcomes, e.g.,
success or failure, heads or tails, even or odd. Suppose that the probability
of success is p, where 0 < p < 1. Such an experiment is said to be a
Bernoulli trial.

3.3. Definition. Let S be a sample space and
X:5—-{0,1} C R.
Let 0 < p < 1 and define the density function

1—p forx=0
fx: {0,1} = R, fix(x) = ptorx
p for x = 1.

Then X is said to be a Bernoulli random variable or follow a Bernoulli
distribution with parameter p. We indicate this by writing

X ~ Bernoulli(p)
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Independent and Identical Trials

More generally, we frequently discuss a sequence of n independent and
identical Bernoulli trials. Here,
» independent means that the outcome of one trial does not influence

the outcome of the following trials.
identical means that each trial has the same probability of success.

. Example.

If we flip two fair coins, the two trials are independent and identical.
If we flip a coin that is fair and another coin that is not fair, the trials
are independent but not identical.

Suppose a box is filled with 10 red balls and 10 black balls. Twice, we
draw a ball out of the box but do not replace it. This is a Bernoulli
trial where drawing a red ball counts as a “success”. The probability
of success on the first draw is the same as on the second draw (prove
this!). Hence the two trials are identical, but they are clearly not
independent. (Since the result of the first draw influences the
probability of success in the second draw.)
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Counting Successes in a Sequence of Trials

Suppose that we perform a sequence of n independent and identical
Bernoulli trials. After recording the results, we define X to be the random
variable giving the number of successes in n trials.

To determine the density function of X, we need to find the probability of
x successes, where x =0,1,...,n. Note that a given sequence of results
with x successes occurs with probability

px(l o p)n—x
since the probability of success is p and the trials are independent and
identical. There are (2) ways to place x successes in n trials, hence there
are that many sequences with x successes. Since the sequences are
mutually exclusive, their probabilities can be added and we find

P[x successes in n trials] = <>,:> p*(1—p)".
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Binomial Random Variable
3.5. Definition. Let S be a sample space, n € N\ {0}, and
X:S—02={0,....ntCR.

Let 0 < p < 1 and define the density function
n
fx: 2—R, fx(x) = <x> p*(1—p)" . (3.1)

Then X is said to be a binomial random variable with parameters n and
p. We indicate this by writing

X ~ B(n, p)

Of course, B(1, p) = Bernoulli(p).
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Discrete Random Variables

Binomial Random Variable

It is easy to verify that (3.1) is actually a density function: we check that
fx(x) > 0 for all x € 2 and, furthermore,

n

> ()= (Z) p(l—p)"*=(p+1-p)"=1

xeN x=0

We have used the binomial theorem here and this is where the name of the
distribution comes from.
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Cumulative Distribution Function

In practice, we are also often interested in the cumulative distribution
function of a random variable, defined as follows,

Fx:R—=R, Fx(x) := P[X < x]
For a discrete random variable

Fx(x) = fx(y)

y<x
and, in particular, in the case of the binomial distribution,
[x] n
Fx(x) =S ( )pya — )" (32)
y=0 y

where | x| denotes the largest integer not greater than x.
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% Cumulative Distribution Function

3.6. Example. Suppose a fair coin is tossed 10 times. Then the probability
of obtaining not more than three heads is

3
10\ 1 1+10+45+120 11
FX(3):Z(y)210: 1024 " 64

y=0

There is no simple way of evaluating the sum (3.2), so the values need to
be looked up. The Mathematica command for a cumulative distribution
function is is ¢DF, which for the binomial distribution, however, gives only
a representation in terms of a generalized function:
CDF[Bi nom al Di stribution[n, p], x]
Bet aRegul ari zed[1 -p, n-Floor [x], 1L +Floor [x]] O<x=<n

1 X >n
0 True
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The Geometric Distribution

Let us now look at another example: suppose we perform a sequence of
i.i.d. Bernoulli trials which continues until a success is obtained. We then
define the geometric random variable X to denote the number of trials
needed to obtain the first success.

3.7. Example. A fair coin has probability p = 1/2 of turning heads up when
flipped. The coin is flipped until the first appearance of heads, with the
following result: (¢, t,t, h). In this experiment, the geometric random
variable X attains the value X = 4.
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Discrete Random Variables

The Geometric Distribution

3.8. Definition. Let S be a sample space and
X:S5S— 2=N\{0}.

Let 0 < p < 1 and define the density function fx: N\ {0} — R given by
fx(x) = (1 —p)*'p. (33)

We say that X is a geometric random variable with parameter p and
write X ~ Geom(p).

The cumulative distribution function for a geometrically distributed
random variable (X, fx) with parameter p is given by

F(x) = PIX <x]=1-q,

where g =1 — p is the probability of failure and | x| denotes the greatest
integer less than or equal to x.
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& Probabilities and the Geometric Distribution

In Mathematica, the probability density function fx is accessed through the
command PDF, followed by the name of the distribution and the variable of
fx:

PDF [CGeonetricDi stri bution[p], X]

[ (1-p)*p x=0
0 True

Note that this differs from (3.3): x — 1 is replaced by x. We note: In
Mathematica, the geometric distribution gives the number of failures
before the first success, while our convention is to give the number of
trials needed for the first success. This is a minor difference and can easily
be compensated for, but it illustrates an important point:

When using a computer program, always check that the
definitions in the program are the same as the ones you are using!
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& Probabilities and the Geometric Distribution

The concrete value fx(x) can be calculated if a given value of x is inserted:
PDF[Geonet ri cDi stribution[p], 4]

(1-p)*p

Probability can be used to find probabilities such as P[a < x < b]:
Probability[l <Xx <4, x ~GeonetricDi stribution[p]]

(-1+p)?p (3-3p+p?)

Note that to express equalities as a condition (and not as an assignment of
values), Mathematica requires the use of two equals signs:

Probability[x =4, x m GeonetricDi stribution[p]]

(-1+p)*p
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Discrete Random Variables

Roulette

In (European) roulette, a ball is thrown on a spinning
wheel, which has several fields, numbered 1-36 and
colored red, black or green. Eventually, the wheel
stops spinning and the ball lands on one of the fields.
Players can bet money on the outcome before the
wheel is spun, e.g., by betting that the number will be
“black,” “even,” lie in a certain region, or is otherwise
defined.

European roulette


http://commons.wikimedia.org/wiki/File:Roulette_-_detail.jpg
http://commons.wikimedia.org/wiki/File:Roulette_-_detail.jpg
http://commons.wikimedia.org/wiki/File:Roulette.jpg
http://commons.wikimedia.org/wiki/File:Roulette.jpg
http://commons.wikimedia.org/wiki/File:Roulette.jpg
https://commons.wikimedia.org/w/index.php?title=File:European_roulette.svg&oldid=606968456
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¥ Probabilities and the Geometric Distribution

3.9. Example. On August 18, 1913, at the casino in Monte Carlo, a
roulette wheel returned black more than 20 times in a row. Find the
probability of such an event!
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4. Expectation, Variance and Moments
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Elements of Probability Theory

4. Expectation, Variance and Moments
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Averages

Consider the rolling of a fair six-sided die. We are interested in the
average value of the result. One approach is the following:

Since each result (numbers 1,2,3,4,5,6) occurs with probability 1/6, we
take the weighted sum:

1 1 1 1 1 1

- 14--24--34+—--44+—--5+—--6=35.

6 * 6 + 6 + 6 + 6 * 6
The average result of a die roll is then 3.5, even though this result itself
can never occur.

As we shall see later, there are also other ways of thinking of an average
(such as the median or the modes of a distribution).
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Expectation, Variance and Moments

Expectation

4.1. Definition. Let (X, fx) be a discrete random variable. Then the
expected value or expectation of X is

E[X] = Z x - fx(x).
x€N
provided that the sum (possibly series, if {2 is infinite) on the right
converges absolutely.

We often write ux or simply u for the expectation.

4.2. Example. We will prove later that the expectation for a geometric

distribution X is )
E[X] =~
[X] p

and for a binomial distribution Y the expectation is

E[Y] = np.
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Is Roulette fair?

In roulette, the player may bet an amount x on a
number. If the ball lands on that number, he re-
ceives 36 times his initial bet, 36x; if the ball lands
on a different number, he loses his bet. There are 37
numbers on the wheel, so the expected winnings are

E[W]:%-(—x)+---+%-(—x)+%-(36—1)x

36 times

1

=X
A game is said to be fair if the expected winnings are
zero. The addition of the green zero to the Roulette
wheel makes the game into an unfair game for the
player and ensures the casino's profit.

American Roulette wheels actually have two zeroes (green “0" and “00")!


http://commons.wikimedia.org/wiki/File:Roulette_-_detail.jpg
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St. Petersburg Paradox

Suppose someone offers you the following game: he will flip a fair coin,
and if heads come up on the first toss, you receive 2 RMB. If the first toss
comes up tails and the second toss comes up heads, he will give you 4
RMB; if only the third toss yields heads, you receive 8 RMB; and so on.
Thus, if the first heads comes up on the nth toss, you will receive 27 RMB.

What is a fair price to pay in order to enter into the game? In other words,
what are the expected winnings? How much would you pay to be allowed
to play the game?
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St. Petersburg Paradox

Calculating the expectation, we see that the probability of the first head
coming up on the nth toss is 1/2". Then

1 1 1
EW]==-24+--44--84+---=00.
W] 5 + 2 + 8 + 00
The expected value is infinite! (More precisely, the expectation doesn’t

exist in the sense of Definition 4.1.)

Hence, you should be willing to pay any finite amount (such as 1,000,000
RMB) to participate in the game.

The fact that most people would not pay nearly as much is known as the
St. Petersburg paradox.
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Functions of Random Variables

Given a random variable X, we may consider functions of X. For example,
Y = X?

represents the random variable obtained by squaring the values of X. In
the case of a discrete random variable, it is not difficult to find the density
function fy of Y = (X) where ¢: 2 — R represents a suitable function:

fv(y) = PlY = y] = Plp(X) = y]

In particular, if y ¢ ran¢, then P[p(X) = y] =0 and hence fy(y) = 0.
Furthermore, since X is discrete,

Plo(X) =yl = > fx(x

xEN
p(x)=y

(Since the outcomes X = x for different values of x are mutually exclusive,
their probabilities can be summed.)
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Expectation of a Function of a Random Variable

If X: S — £2is a random variable with density fx, ¢: 2 — R a function
and Y = p(X), then

EYI=D vy A=) > y-fx(x

YeR yeER xeR
w(X)—y
= Yy = elx
(x.y)eRxR xXEN
y=p(x)

We have hence proved the following result:

4.3. Lemma. Let (X, fx) be a discrete random variable and p: 2 — R
some function. Then the expected value of p o X is

E[poX] =) (x)

xEN

provided that the sum (series) on the right converges absolutely.
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Some Properties of the Expectation
By taking ¢(x) = ¢ € R (constant) and ¢(x) = c - x for some ¢ € R, we
immediately obtain

Elc] = ¢, E[cX] = cE[X]

for any discrete random variable X.

Given two random variables X and Y their values can be added to yield a
new random variable X + Y. (This sort of function of multiple random
variables will be discussed in more detail in a later section.) For now we
give, without proof, the following result:

4.4. Theorem. Let X and Y be random variables. Then

E[X + Y] = E[X] + E[Y].
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Location

The expectation can be seen as a measure of location of a distribution: it
indicates where the values of a random variable are concentrated.

The graph below shows the values of the probability density function for a
binomial random variable with n =20 and p = 0.5:

P(X=x)

A

| I | ‘ | I | o x

2 4 6 8 10 12 14 16 18 20
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Location

For comparison, here is the graph of the values of the probability density
function for a binomial random variable with n =20 and p = 0.3:

P(X=x

A
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Location

Finally, this is the graph of the values of the probability density function for
a geometric random variable with p = 0.2:

P(X=x)

A

O —
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The dispersion measures how much the values of a random variables
deviate from their mean. The example below shows two geometric random
variables with p = 0.5 and p = 0.2, respectively.

P(X = x)

A
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Variance and Standard Deviation

One possible way to measure the dispersion of a random variable is the
variance, which is the

mean square deviation from the mean.

Given X, the deviation from the mean is X — E[X]. The mean square
deviation is hence
Var[X] := E[(X — E[X])?],

which is defined as long as the right-hand side exists.
The variance is often denoted by a§< or just ¢2.

The standard deviation is defined as

ox = 4/ Var[X].
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Some Properties of the Variance

Using the properties of the mean, we can derive the useful formula
Var[X] = E[(X — E[X])?]
=E[X? - 2E[X]- X + E[X]?]
= E[X?] — E[X]2.
It is then easy to check that for any constant ¢ € R,

Var[c] = 0, Var[cX] = ¢? Var[X]

where ¢ by itself is interpreted as a random variable whose values are
constant and cX is interpreted in the obvious way.
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Standardized Random Variables

It is often useful to “standardize” a random variable by subtracting its
mean and dividing by the standard deviation. If X is a given random
variable, the standardized variable is hence

X—p

Y = :
o

We find that

m

Y] =€ [2(X - w)] = JEX - 4]

(EX] —n)

Oq‘,_.

A similar calculation shows that Var[Y] = 1.
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Standardized Bernoulli Variables

4.5. Example. Consider a Bernoulli random variable X which takes on
values 0 and 1 with probability p = 1/2. Then

1 1

1
EX]=50+5-1=7

and

Var[X] = E[(X — 1/2)?] = %(o _1/20 + %(1 _1/2)2

1
=7
Then the standardized random variable is
Y = X_il/2 =2X — 1.
1/2

In other words, Y takes on the values 1 and —1, each with probability 1/2.
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So far we have encountered the expectation, E[X], and the variance,
Var[X] = E[X?] — E[X]2. The information contained in these two

quantities is basically that of E[X] and E[X?].

More generally, given a random variable X, the quantities
E[X"], neN,

are known as the n'" (ordinary) moments of X.

The quantities

e[(Z=4)7, n=345,...,

o

are called the nt" central moments of X.

(Of course, not all moments may exist for a given random variable!)
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The Moment-Generating Function

4.6. Definition. Let (X, fx) be a random variable and such that the
sequence of moments E[X"], n € N, exists.

If the power series

00 K
mx(t) = Z E[/i<| ]tk
k=0 ’

has radius of convergence € > 0, the thereby defined function
mx: (—€,¢) > R

is called the moment-generating function for X.
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The Moment-Generating Function

4.7. Theorem. Let £ > 0 be given such that E[e?X] exists and has a power
series expansion in t that converges for |t| < €. Then the
moment-generating function exists and

mx (t) = E[eX] for [t| < e.

Furthermore,
dkmx(t)

E[X] = -

t=0

We can hence calculate the moments of X by differentiating the
moment-generating function.
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The Moment-Generating Function
The basic idea behind the theorem is to write
o] &) tan
mx(t) = Z -~ E[X”] = E[Z ’ } = E[etX].
n= O n=0 :

The interchange of the infinite series and the expectation is based on
property (iii) of Theorem 4.4; however the fact that the series is infinite
makes a rigorous justification a little difficult and we omit it here.

Differentiating term-by-term,

dkmx(t) dk tn n—k

(o9} oo t i
dek Z()Wnl Z i EX
n= n=k

k
At t = 0, only the first term survives, so & ?ﬁ(t)‘ .= E[X].
t=
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M.G.F. for the Geometric Distribution

It turns out that the moment-generating function is uniquely associated to
a given distribution: two random variables will have the same m.g.f. if and
only if they have the same probability density function.

We now apply the previous discussion to the geometric distribution:

4.8. Proposition. Let (X, fx) be a geometrically distributed random variable
with parameter p. Then the moment-generating function for X is given by
pe’

myx: (—oo0,—Inq) — R, mx(t) = s

where g =1 — p.
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M.G.F. for the Geometric Distribution

Proof.
We have fx(x) = ¢*"1p for x € N\ {0}. Then

[e o]

( _E[etX]_Zetx X— 1 ZEZ(qet)x

x=1

This is a geometric series which converges for ]qet| =gqget <1, ie., for
—Ingq. For such t, the limit is given by

ad 1
PZ qe q(%(qe) 1):§(I_qet—1)

t
_p qet  pe 0

T gl—get  1-—gqet
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Expectation and Variance for the Geometric Distribution

Expectation, Variance and Moments

4.9. Lemma. Let (X, fx) be a geometrically distributed random variable
with parameter p. Then the expectation value and variance are given by

1
E[X] = - and Var[X] = &
p p
where g =1 — p.
Proof.
We use the moment-generating function to calculate the expectation value:
d d p
X dt t:OmX( ) dtli—oe ' —q
_ pet p 1
(e7t—a)?|,, (1—-9? p

The proof for the variance is similar and is left to the reader. O
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¥ Expectation and Variance for the Binomial Distribution

4.10. Theorem. Let (X, fx) be a binomial random variable with
parameters n and p.
(i) The moment generating function of X is given by

mx: R — R, mx(t) = (q + pe')”, g=1-—p.
(i) E[X] = np.
(i) Var[X] = npgq.
The proof of this theorem is left as an exercise.

The Mathematica commands for the expectation and variance are:
Mean [Bi nom al Di stribution[n, p]]

np
Vari ance[Bi nom al Di stribution[n, p]]

n@ad-p)p
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5. The Pascal, Negative Binomial and Poisson
Distributions
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Elements of Probability Theory

5. The Pascal, Negative Binomial and Poisson Distributions
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Generalizing the Geometric Distribution

Consider a sequence of independent, identical Bernoulli trials with
probability 0 < p < 1 of success.

Question: How many trials are necessary to obtain r > 0 successes, where
r is a fixed parameter?

.i . . . . . . . a .

(The situation described by the geometric distribution corresponds to the
case r =1 here.)

We calculate the probability that x > r trials are needed to obtain r
successes.
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Counting Trials for r Successes

Main idea: If the rth success is obtained in the xt trial, then there must
have been exactly r — 1 successes in the previous x — 1 trials.

X
Plexactly r — 1 successes in x — 1 trials] = ( )
r —

)prl(l _ p)xfr_

Now with probability p the xth trial will be a success, so

-1
Plobtain rt" success in the x™ trial] = (X 1)p’(l —p) .
r —



m (@) JOINT INSTITUTE
The Pascal, Negative Binomial and Poisson Distributions Slide 122 T | RABERFPL

The Pascal Distribution

5.1. Definition. Let r € N\ {0}. A random variable
(X, fx) with

X:S—-02=N\{0,1,..., r—1}
={rnr+1,r+2,...}

and distribution function fx: 2 — R given by i Poscal (1623-1672)
x—1 r xX—r
fx(x)=1{, _{]pP"@=p)" 0<p<l,

is said to follow a Pascal distribution with parameters p and r.


https://commons.wikimedia.org/wiki/File:Blaise_Pascal_Versailles.JPG
https://commons.wikimedia.org/wiki/File:Blaise_Pascal_Versailles.JPG
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The Negative Binomial Distribution

Instead of counting the number of trials needed to obtain r successes, we
may count the number of failures obtained before r successes:

5.2. Definition. Let r € N '\ {0}. A random variable (X, fx) with
X:5—-02=N
and distribution function fx: 2 — R given by

X+ r—
r—1

fx(x) = ( 1>p'(1—p)", 0<p<l,

is said to follow a negative binomial distributionwith parameters p and
r.
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The Negative Binomial Distribution

The term “negative binomial” comes from the fact that

(—r) (=r) - (=r=1)---(=r—x+1)

x ) x!
_ r-(r+1)---(r+x—1)(_1)x

x!
or ()

so that the density of the negative binomial distribution may be expressed
as

—r
X

fx(x) = (

We now return to the Pascal distribution.

)(—1)Xpr(1 - p)
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¥ The M.G.F. for the Pascal Distribution

5.3. Theorem. Let (X, fx) be a Pascal random variable with parameters p
and r.

(i) The moment generating function of X is given by

(pe’)”

mx: (—oo0,—Ing) > R, mx(t)= m,

g=1-—p.
(ii) EX]=r/p.
(i) Var[X] = rq/p>.

Using Mathematica:

Monent Gener at i ngFuncti on[Pascal Di stribution[r, p], t]

e p r
{1@ (1p)]
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The M.G.F. for the Pascal Distribution

Proof.
We derive the moment-generating function only. It is given by

m(0) €] = 3" (f_i)/f(l Py
=y et (rt: 1) p(1—p)
x=0
=pe" Y <_Xr> [—e'(1 - p)]*

x=0

Recall the binomial series

(1-y)y "= i (—r) (=y)* for |y| < 1.

x=0 X

) | JOINT INSTITUTE
) | RARWE RSP
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The M.G.F. for the Pascal Distribution
Proof (continued).
It follows that, as long as ef(1 — p) < 1,
X [ _r
mx(t) =p'e’ Yy ( N )[—et(l - p)I*
x=0
t\r
:rtrl_ 1— ty—r _ (pe)
pe- (- p)et) T = P
with g =1—p. O

5.4. Remark. A random variable following the Pascal distribution with

parameters r and p is the sum of r independent geometric random
variables with parameter p.
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Counting Successes in a Continuous Environment
Binomial distribution: counts successes in n trials.
Now: count successes in a continuous interval [a, b] C R.

Examples:
» number of earthquakes in a century;
» number of child births in a day;

» number of bacteria in a unit volume of water.

We will talk about arrivals in a time interval [0, t] for some t > 0. The
number of arrivals will be denoted by X;.

Assumptions:

(i) Independence: If the intervals T1, To C [0, t] do not overlap (except
perhaps at one point), then the numbers of arrivals in these intervals
are independent of each other.

(ii) Constant rate of arrivals.
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Rate of Arrivals (Heuristic Postulates)

Assumption: There exists a number A > 0 (arrival rate) such that for any
small time interval of size At the following postulates are satisfied:

(i) The probability that exactly one arrival will occur in an interval of
width At is approximately A - At.

(i) The probability that exactly zero arrivals will occur in the interval is
approximately 1 — X\ - At.

(iii) The probability that two or more arrivals ocur in the interval is
approximately zero (very small).

Wanted: a more precise (mathematical) expression of these principles.
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Rate of Arrivals (Heuristic Postulates)

5.5. Example. If a hospital ward experiences, on average, about 12 child
births per day, spread completely randomly throughout 24 hours, then in
any given 10-minute period
(i) The probability that exactly one child birth will occur is approximately
12

1 1
A At = m 6h Urs—ﬁ.

(ii) The probability that exactly zero births will occur is approximately

1-X-At= 1
12
(iii) The probability that two or more births occur is approximately zero

(very small).
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“Little-o” Notation
We denote by o(t) any function f such that

lim @ =0.

t—0 t
Hence o(t) does not denote a particular function, rather a class of
functions. For example,
> t2 = o(t),
> (L+1¢t)2=1+2t+o(t),
» sint =t+ o(t).

In particular,
o(t) + o(t) = o(t),
» t"-0o(t) = o(t) for all n € N,
> o(t) - o(t) = oft).
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Rate of Arrivals (Precise Postulates)

(i) The probability that exactly one arrival will occur in an interval of
width At is
XAt + o(At).
(ii) The probability that exactly zero arrivals will occur in the interval is

1—-X-At+o(At).
(iii) The probability that two or more arrivals occur in the interval is
o(At).

We denote by X; the number of arrivals in the interval [0, t] and write

P[X: = x] =: px(t) with x =0,1,2,3,...
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Probability of Zero Arrivals

Consider the time interval
[0,t+ At] = [0, t] U [t t + At]
Due to independence of non-overlapping time intervals,

po(t + At) = P[0 arrivals in [0, t + At]]
= P[0 arrivals in [0, t]] - P[0 arrivals in [t, t + At]]
= po(t) - (1 — AAt + o(At))

It follows that

po(t + At) — po(t) | o(At)

—Apo(t) = At At
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Probability of Zero Arrivals

We can take the limit as At — 0 on both sides. Then we have

- po(t + At) — po(t)
—eo(t) = AlltrEO At

= po(t).

This is a linear, homogeneous ordinary differential equation for pg.
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Probability of Several Arrivals
Now let x > 0. Then

px(t + At) = P[x arrivals in [0, t + At]]

= i P[x — y arrivals in [0, t]] - P[y arrivals in [t, t + At]]
y=0
= px(t) - (1 = XAt + o(At)) + px—1(t) - (AALt + o(At))
+ px—2(t) - o(At) + - - - + po(t) - o(At)
= At p-1(t) + (1 = AAt)p(t) + o(At)
so that

px(t + At) — px(t) N o(At)
At At

Apx-1(t) = Apx(t) =
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Probability of Several Arrivals

Taking the limit as At — 0, we obtain
Pi(t) = Apx—1(t) — Apx(t).
Together with
Po = —APo

and suitable initial conditions we have a system of differential equations
that can be solved inductively to determine pg, p1, p2,...

The solution to these equations is

px(t) = (Axt!)x e .

We often define k := At (“rate times interval”).
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The Poisson Distribution

5.6. Definition. Let kK € R. A random variable
(X, fx) with
X:S—N

and density function fx: N — R given by

kXe k

Px(x) = x!

is said to follow a Poisson distribution with
Siméon Poisson (1781-1840) parameter k.

The Poisson distribution describes the occurrence of events that occur at a
constant rate in a continuous environment.


http://commons.wikimedia.org/wiki/File:Simeon_Poisson.jpg
http://commons.wikimedia.org/wiki/File:Simeon_Poisson.jpg
http://commons.wikimedia.org/wiki/File:Simeon_Poisson.jpg
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M.G.F. and C.D.F. of the Poisson Distribution

5.7. Theorem. Let (X, fx) be a Poisson distributed random variable with
parameter k.

(i) The moment generating function of X is given by
mx: R — R, mx(t) = ek(e=1),
(i) E[X] = k.
(i) Var[X] = k.
The cumulative distribution function is
X] ok ey

Fix)=PX<x]=>_

y=0

y!
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The Poisson Distribution

5.8. Example. A healthy individual may have an average white blood cell
count of as low as 4500/ mm?3 of blood. To detect a white-cell deficiency, a
0.001 mm3 drop of blood is taken and the number X of white blood cells is
found.

If at most one is found, is there evidence of a white-cell deficiency?

Here the volume of blood (in mm?3) takes the role of the continuous
variable and each observed white cell counts as an “arrival.”

The number of arrivals per unit volume is A = 4500, the volume under
consideration is s = 0.001. Hence we have a Poisson-distributed random
variable with parameter

k=MXs =4.5.
The expected value is E[X] = k = 4.5. Furthermore,
1 45, £x
e ™45
PX<1]=) —— = 0.06L.

x=0
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Approximating the Binomial Distribution

Suppose a binomial random variable is given with large n. Then we can
approximate the density function using that of a Poisson distribution:

Within many trials (represented by each disk) the successes (orange disks)
occur as within a continuum of trials.
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Approximating the Binomial Distribution

Mathematically, this is actually a limit statement: If n — oo while
n- p =: X remains constant,

n n—o0 kM k
S T L N

n-p=k m!

Therefore, we can approximate the binomial distribution by a Poisson
distribution with parameter
k = pn

if nis large.

In general, one does this if p < 0.1. The smaller p and the larger n are, the
better the approximation.
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Approximating the Binomial Distribution

B 5.9. Example. A typical aircraft wing has 40, 000 rivets.
Suppose that the probability of a given rivet being defec-
tive is 0.001. What is the probability that not more than

fifty rivets are defective?
The actual probability is

50
4
PIX <501=>_ ( OEOO> (0.001)*(0.999)*0000—x
x=0

= 0.94746.

Using the Poisson approximation, k = 40000 - 0.001 = 40 and

0 40~
PIX <50]~ > e *0—

x=0

= 0.94737.
x|



JOINT INSTITUTE
RARERBREE

MI[®)
Continuous Random Variables Slide 143 ";

6. Continuous Random Variables
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Elements of Probability Theory

6. Continuous Random Variables
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Continuous Random Variables

6.1. Definition. Let S be a sample space. A continuous random variable
is a map X: S — R together with a function fx: R — R with the
properties that

(i) fx(x) >0 for all x € R and
(ii) _Z fie(x) dx = 1.

The integral of fx is interpreted as the probability that X assumes values x
in a given range, i.e.,

P[agxgb]:/bfx(x)dx

The function fx is called the probability density function (or just
density) of the random variable X.
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The Probability Density Function

Notice that by the above definition,
X

PIX =] = [ fx(y)dy =0,

i.e., the probability that X assumes any specific value is zero. We see that
fx no longer represents a probability, but is truly a density.
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Continuous Random Variables

Cumulative Distribution

6.2. Definition. Let (X, fx) be a continuous random variable. The
cumulative distribution function for X is defined by Fx: R — R,

X

Fx(x) :== P[X < x] :/ fx(y) dy

—00

Notice that by the fundamental theorem of calculus we can easily obtain
the density fx from Fx:

fx(x) = Fx(x).
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Continuous Random Variables

Expectation and Variance

We can define the expectation of a continuous random variable X
analogously to that of discrete variables:

E[X] := /[Rx-fx(x) dx

It is the possible to prove (using some technical arguments in measure
theory) that for any “reasonable” function ¢: R — R we have

Elpo X1 = [~ () fulx) dx,

—00

similarly to the discrete case. As before,
Var[X] = E[(X — E[X])?] = E[X?] - E[X]?

and all the previously established properties of the expectation and
variance continue to hold in the continuous case.
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The Exponential Distribution

f5(x)

6.3. Definition. Let € R, § > 0. ‘

A continuous random variable (X, fg)
with density

Be B, x>0,
fa(x) =
5(x) {Q X <0

is said to follow an exponential dis-
tribution with parameter B. -

It is easy to verify that fg(x) > 0 for all x € R and

/oo fg(x)dx = 1.

—00



Expectation and Variance
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Through integration by parts, we find the expectation and variance:

E[X] = /_oo x fg(x) dx = /Oo ﬁxe*ﬁx dx
——— +/ —Bx gy — ©

The second moment is

E[X?] = /oo x? fg(x) dx = /ooo Bx2e P*dx
= —x2efﬁx|go + Z/wxe*ﬁx dx = %
0 B
and therefore,

Var[X] = E[X?] — E[X]?> = B
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Continuous Random Variables

The Moment-Generating Function

We now see that

mx(t) = E[e*X] = / et hy(x) dx

—00

so the moment-generating function of a continuous random variable is (up
to a sign) the bilateral Laplace transform of its density.

For the exponential distribution we have
mx(t) = E[e*X] = / e f3(x) dx

—/ Be~ (B0 dx

“Enh Y
(1 t/p)
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Connection to the Poisson Distribution

The exponential distribution has a close relationship with the Poisson
distribution.

Recall that for Poisson-distributed events (arrivals) the probability of x
arrivals in the time interval [0, t] is given by

A X
(At) ROY:

x!

, x € N.

px(t) =

Then po(t) is the probability of no arrivals in [0, t]. This can also be
interpreted as the probability that the first arrival occurs at a time greater
than t.

Denote by T the time of the first arrival (it is a continuous random
variable). Then

P[T > t] = po(t) = e, t>0.

and P[T > t]=1for t <O0.
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Connection to the Poisson Distribution

Hence, if we denote by Fr the cumulative distribution of the density of T,
we have

Fr(t)=P[T <t]=1—e*, t>0,
and Fr(t) =0 for t < 0. Since fr(t) = Fy(t), the density is
fr(t) = Xe ™, t>0.

and fr(t) =0 for t < 0.

Thus the time between successive arrivals of a Poisson-distributed random
variable is exponentially distributed with parameter § = A.
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Connection to the Poisson Distribution

6.4. Example. An electronic component is known to have a useful life
represented by an exponential density with failure rate of A = 107> failures
per hour, i.e., 8 = 107°. The mean time to failure, E[X], is thus

1/B = 10° hours.

Suppose we wanted to determine the fraction of such components that
would fail before the mean or expected life:

1/8
PIT <1/ = /0 Be P dx =1— e =0.63212.

That is, 63.2% of the components will fail before the mean life time.

Observe that this result does not depend on the value of S.
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Location of Continuous Distributions

This is a good opportunity to discuss the location of a random variable
(X, fx). The location is supposed to give the “center” of the distribution.
There are three main ways of doing this:

(i) The median My, defined by P[X < Mx] = 0.5. In the context of
Example 6.4, this is the time where half of the components will have
failed.

(i) The mean E[X].

(iii) The mode xp, which is the location of the maximum of fx (if there is
a unique maximum location). In the context of Example 6.4, the
mode gives the time with the greatest failure density, i.e., the time
around which failure is most likely. For the exponential distribution,
X0 = 0.

Depending on the application, any of these three measures may be referred

to as the location of a distribution.
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Memoryless Property of the Exponential Distribution

The exponential distribution has an interesting and unique property: it is
memoryless. In other words,

PIX>x+s|X>x]=P[X >s].

To see this, note that

P[x>x]:/°°

X

(o]
f(t)dt = / e Mdt = e M.

Then

P[(X >x+s)N(X >x)]  P[X>x+s]
P[X > x]  P[X > ]
e—Mx+s)

=ﬁ;gf=€“=PW>ﬂ-

PIX>x+s|X>x]=
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Time to Several Arrivals

The exponential distribution describes the time to the first (or next) arrival
in a Poisson process.

Generalization: the time T, needed for r € N \ {0} arrivals to occur.

The cumulative distribution function is given by

Fr.(t) = P[T, < t]
=1-—P[T, > t]
= 1 — P|strictly less than r arrivals before t]

r—1 n

n=0

n!

for t > 0 and Fr,(t) =0 for t < 0.
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Continuous Random Variables

Time to Several Arrivals

As before, we find, for t > 0,

fre) = F1, (1

r—1 n r—1 n—1
_ —At (At) . —At (At)
=Ae go n e ;(n—n!
)\t)rfl
Y —)\t(
RG]
— A tr—le—)\t

(r—1)!
and fr,(t) =0 for t < 0.
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The Gamma Distribution

6.5. Definition. Let o, B € R, a, B > 0. A continuous random variable
(X, fo,g) with density

B> xa—le=Bx x>0
fog(x) =14 M@ ' '
B8(x) 0. <0,

is said to follow a gamma distribution with parameters o and B. Here
(o]
MNa) = / 7% le 2 dz, a >0,
0

is the Euler gamma function.

Hence, the time needed for the next r arrivals in a Poisson process with
rate X is determined by a Gamma distribution with parameters

a=r and B=A
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Gamma Distribution
The gamma function satisfies (1) =1 and [(a) = (e — 1)/ (a — 1) if
a > 1. In other words,
nl=T(n+1) for n € N.

Hence it is a continuous extension of the factorial function to the positive
real numbers. Below is its graph for a € (0, 5).

I'(x)
A

\J
x
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Mean, Variance, Moment-Generating Function

6.6. Theorem. Let (X, fy,g) be a Gamma distributed random variable with
parameters o, B > 0.

(i) The moment-generating function of X is given by

myx: (—o0,B) — R, mx(t)=(1—-t/B)" <.

(i) EIX] = o/B.
(iii) Var[X] = a/B2.
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Mean, Variance, Moment-Generating Function

Proof.
We will verify the moment-generating function only.

mx(t) = E[eX] = /Ooo et I_'?:)xo‘_le_ﬁx dx

= I_/?:) /oo x@Le=x(B=1) gx
0

Substituting y = x(B — t), we have dy = (B — t)dx and
ﬁa —1 > a—1_—
Py B0 [T/B - o te dy

_(B—t) B [® 41
SR b e

—(1-t/p)"

mx(t) =

) | JOINT INSTITUTE
) | RREBERFPL
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The Chi-Squared Distribution

The Gamma distribution is popular for modeling applications, since its
parameters allow it to be fitted to many situations.

An important example is the chi-squared distribution.

6.7. Definition. Let v € N. A continuous random variable (x2, fx) with
density

/2—1

1 —x/2
£ (x) = | T e x>0
0, x <0,

is said to follow a chi-squared distribution with v degrees of freedom.

The chi-squared distribution is simply a gamma distribution with g = 1/2
and o = «y/2. It is worth noting that

EDG] =, Var[x3] = 2v.

This distribution plays an important role in statistics.
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Density of a Gamma Distribution with o« = g =2

f,2(x)
A
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7. The Normal Distribution
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Elements of Probability Theory

7. The Normal Distribution
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On January 1%, 1801, the comet Ceres (later: planet,
asteroid, dwarf planet) was discovered by the lItalian
priest Giuseppe Piazzi. He observed it 24 times un-
til February 11t". When his observations were finally
published in September 1801, Ceres could not be ob-
served any more due to the sun's glare. So Piazzi's
discovery could not be confirmed.

To find Ceres once it would become visible again at
the end of the year, its position would need to be
calculated.

Portrait of Giuseppe Piazzi (1746-1826)

But Piazzi had observed only around 1% of Ceres's orbit.

Jupiter

Orbit of Ceres


https://commons.wikimedia.org/w/index.php?title=File:Giuseppe_Piazzi.jpg&oldid=108636054
https://commons.wikimedia.org/w/index.php?title=File:Giuseppe_Piazzi.jpg&oldid=108636054
https://commons.wikimedia.org/w/index.php?title=File:Giuseppe_Piazzi.jpg&oldid=108636054
https://commons.wikimedia.org/w/index.php?title=File:Giuseppe_Piazzi.jpg&oldid=108636054
https://commons.wikimedia.org/w/index.php?title=File:Ceres_Orbit.svg&oldid=184499633
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Carl Friedrich GauBB

The young mathematician Carl Friedrich GauB heard
about the Ceres problem and set to work. Within
three months, he derived a prediction for the expected
position of Ceres and published it in early December
1801. On December 315, Ceres was found very close
to the predicted position. This achievement of the
24-year-old GauB established his reputation.

GauB developed several new mathematical tools (such
as the least-squares method).

But the most important idea was that a prediction would be impossible
without understanding the mathematical function which described the
errors and uncertainties in the Piazzi's observations. Starting from the
premise that such a function exists in the first place, he derived the
distribution which became known as the GauBian or normal distribution.


https://commons.wikimedia.org/w/index.php?title=File:Bendixen_-_Carl_Friedrich_Gau%C3%9F,_1828.jpg&oldid=401596064
https://commons.wikimedia.org/w/index.php?title=File:Bendixen_-_Carl_Friedrich_Gau%C3%9F,_1828.jpg&oldid=401596064
https://commons.wikimedia.org/w/index.php?title=File:Bendixen_-_Carl_Friedrich_Gau%C3%9F,_1828.jpg&oldid=401596064
https://commons.wikimedia.org/w/index.php?title=File:Bendixen_-_Carl_Friedrich_Gau%C3%9F,_1828.jpg&oldid=401596064
https://commons.wikimedia.org/w/index.php?title=File:Bendixen_-_Carl_Friedrich_Gau%C3%9F,_1828.jpg&oldid=401596064
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The Normal Distribution

Normal (GauB) Distribution

7.1. Definition. Let p € R, o > 0. A continuous random variable (X, fx)
with density

L (/o)

2mo

is said to follow a normal distribution with parameters u and o.

u—o u u+o
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The Normal Distribution

Normal Distribution
It is easily verified that [ fx(x) dx = 1 by using polar coordinates.

We write
X~ N(p, o)

whenever a random variable X follows a normal distribution with mean p

and variance 2.

7.2. Theorem. Let (X, fx) be a normally distributed random variable with
parameters u and o.

(i) The moment-generating function of X is given by
mx: R — R, mx(t) = ehtto’t?/2

(i) EX] = u.
(i) Var[X] = o2.
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The Normal Distribution

Normal Distribution

Proof.
We will verify the moment-generating function only.
X e 2/2
mx(t) = Ele™] = [ e~ (=m0 /2 g
—o0 V21O
_ ! / % (w02 gy
270 J—o0

We complete the square in the exponent to gain

(x —u)? (x — (u+0°t))? 2,2
tx — g2 792 +pt+o0°t7)2
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Normal Distribution

Proof (continued).
Substituting into the integral,

1 0 (x—(uto?1)? 2.2
mx(t) = / 2 THEReTE/2 gy

e 20
210 J-o0
1 ©  ((wte®)?
= e“t+o2t2/2 7/ e 252 dX

V2o

—00

=1

JOINT INSTITUTE
RARERBREE
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Standard Normal Distribution

7.3. Definition. A normally distributed random variable with parameters
@ =0 and o =1 is called a standard normal random variable and
denoted by Z.

The standard normal distribution is particularly important because any
normally distributed random variable can be transformed into a
standard-normally distributed one.

7.4. Theorem. Let X be a normally distributed random variable with mean
& and standard deviation o. Then

has standard normal distribution.
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Transformation of Random Variables

It is easily seen that Z = % has mean E[Z] = 0 and variance Var Z =1,
but it is not clear that Z is normally distributed. To see this, we need to
find the density of Z.

Hence it is worth studying the density of transformed variables in general.

7.5. Theorem. Let X be a continuous random variable with density fx.
Let Y = p o X, where ¢: R — R is strictly monotonic and differentiable.
The density for Y is then given by

dp~'(y)

for y € ran
dy y P

fe(y) = (o (y)) - '

and

fr(y)=0 for y ¢ ran .
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Transformation of Random Variables

Proof.
We assume without loss of generality that ¢ is strictly decreasing. (The
case where ¢ is strictly increasing is analogous.)

The cumulative distribution function for Y is given by

Fy(y) = PlY < y] = Plp(X) < yl].

-1

Since ¢ is strictly decreasing, ¢~ exists and is also decreasing. Suppose

that y € ran¢. Then
Fr(y) = Plo(X) < ]
= Ple " (p(X)) 2 ¢ ()]
= P[X > ¢ *(y)]
=1-PX <o '(y)
= 1— Fx(e ' (¥)).
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Transformation of Random Variables

Proof (continued).
Since ¢ is continuous, the range of ¢ is an interval in R. If y & ran ¢, then
either y > z for all z € ranyp or y < z for all z € ran .

We then see that

0 ify<zforallzerangp
Fy(y) = PlY <yl =Plp(X) <y] = .
1 ify>zforallzerangp

To obtain the density fy, we differentiate Fy. For y € ran ¢ we have

W) = R = () 2 V)
. -1 dwfl()/)
~ Al ()- |C,y .

If y ¢ rang, Fy is constant and hence fy = Fj, = 0. O]
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Standard Normal Distribution

We can now prove Theorem 7.4. We have Z = ¢ o X, where ¢(x) = *_F
is strictly increasing and differentiable with ran ¢ = R. Note that

d -1
o Y (2)=0z+u, (pdz(z):(f>0.
Using
1 () /o)
fx(x) = 27me ((x=p)/o)?/2
we have
_ d(pf1 z 1 ()2 1 _2
fZ(Z) _ fX(‘P 1(2)) | dz( ) _ \/ﬂae (2)/2 o= ﬁe /2,

which is the density of the standard normal distribution. Hence the variable
Z = % is standard normal.
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3 Transforming Variables

We can verify Theorem 7.4 with Mathematica:

i
TransfornmedDi stri bution[ , X~ Normal Di stribution[g, c]]

o
Normal Di stri bution[0, 1]

Question. If X is standard normal, what is the density of X?2?

PDF[TransfornedDi stribution[Xz, X =~ Normal Di stribution[O, 1]], x]

-x/2

= X >0
V2 VX
0 True

Note that the function f(x) = x? is not monotonic, so Theorem 7.5 can
not be applied and a formal calculation needs to be done by hand!
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¥ Standard Normal Distribution

The cumulative distribution function of the standard normal distribution is
often denoted by &,

1 zZ
o(2) ;:E/_we /2 gt

In Mathematica, the cumulative distribution function is expressed through
the error function, defined as

erf(z) ::i et dt, erfc(z) =1 —erf(z).
VT Jo

Hence,
CDF[Normal Di stribution[0, 1], x]
1 X
— Erfc{f—}
2 V2
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Standard Normal Distribution
7.6. Example. The breaking strength of a syn-

fx(x)
thetic fabric is denoted X, and it is normally
distributed with mean u = 800N and stan-
dard deviation o = 12 N.
0.03}

A purchaser of the fabric requires the fabric
to have a strength of at least 772 N. A fabric
sample is randomly selected and tested. To 0.2}
find P[X > 772], we calculate

P[X <772] = P

X—pu < 772 — 800 0.01}
o 12

= P[Z < —2.33] [
= ¢(—2.33) = 0.01. 772 800

Hence the sample is 99% likely to pass inspection.
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Standard Normal Distribution

7.7. Example. Let X denote the amount of radiation that can be absorbed
by an individual before death ensues. Assume that X is normal with a
mean dosage of 500 roentgens and a standard deviation of 150 roentgens.
Above what dosage level will only 5% of those exposed survive?

Here we want to find xg such that P[X > xo] = 0.05. Standardizing,

PIX > x] = P

X — 500 > X0—500] —P[ZZ X0—500] L 0.05
150 150 150

From a suitable table, P[Z > 1.64] = 0.0505 and P[Z > 1.65] = 0.0495.
Interpolating, we take P[Z > 1.645] =~ 0.0500, so we have

xo — 500 roentgen

= 1.645 & = 746.75 tgen .
150 roentgen %0 roenteen
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Estimates on Variability
In general, the following estimates are often useful:

7.8. Theorem. Let X be normally distributed with parameters w and o.
Then

P[0 < X —pu < 0] =0.68
P[-20 < X — p < 20] =0.95
P[-30c < X — pu < 30] =0.997

Hence 68% of the values of a normal random variable lie within one
standard deviation of the mean, 95% lie within two standard deviations,
and 99.7% lie within three standard deviations. This rule of thumb will be
especially important in statistics, where the number of “extraordinary”
events needs to be judged.
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7.9. Example. Table of mean weights and heights of 12-month-old babies
from a Chinese infant care book.

BEERRAE
% H -2SD LAEOR +2SD
E (kg) 8.1 10.2 124
£ (cm) 70.7 76.1 81.5
T EMIRA
i H -2SD SREIE ¢ +2SD
A5 (kg) 7.4 9.5 11.6
HF (cm) 68.6 743 80.0

0-12 Months infant health and parenting guide
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The Chebyshev Inequality

Let ¢ > 0 be any real number. Then

—0o0

E[X?] = /Oo x2fx(x) dx > /I |>Cx21"x(x) dx

> 62/ fx (x) dx
x|>c
=c?-P[IX| > (]

More generally, for k € N\ {0},

[| | k] Pafnuty Lvovich Chebyshev (1821-1894)

PIX| 2 ] < = (71)

This is one version of Chebyshev’s inequality. The inequality also holds
for discrete random variables, with an analogous proof.


https://commons.wikimedia.org/w/index.php?title=File:Pafnuty_Lvovich_Chebyshev.jpg&oldid=270372963
https://commons.wikimedia.org/w/index.php?title=File:Pafnuty_Lvovich_Chebyshev.jpg&oldid=270372963
https://commons.wikimedia.org/w/index.php?title=File:Pafnuty_Lvovich_Chebyshev.jpg&oldid=270372963
https://commons.wikimedia.org/w/index.php?title=File:Pafnuty_Lvovich_Chebyshev.jpg&oldid=270372963
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Variability Estimate from Chebyshev's Inequality
If we replace X with X — p in (7.1) and set k =2 and c=m-o, m >0,
we obtain the estimate

PIIX — | > mo] < (7.2)

1
m2’
or, equivalently,

1
Pl[-mo < X —p<mo|>1—-—; (7.3)

m2
Comparing (7.2) with Theorem 7.8, we see that the estimates in the
theorem are tighter.

This is not surprising, as Chebyshev's rule is valid for any random variable
with finite second moment, while the previous theorem uses the specific
properties of the normal distribution.
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(Im-)Practical Application of Chebyshev's Inequality

7.10. Example. From an analysis of company records, a materials control
manager estimates that the mean and standard deviation of the “lead
time"” required in ordering a small valve are 8 days and 1.5 days,
respectively. She does not know the distribution of the lead time, but she
is willing to assume the estimates of the mean and standard deviation to
be absolutely correct.

The manager would like to determine a time interval such that the
probability is at least 8/9 that the order will be received during that time.

That is,
1 8

2y

so that k = 3 and u + ko = (8 = 4.5) days.

This interval may well be too large to be of any value to the manager, in
which case she may elect to learn more about the distribution of lead

times.
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Approximating the Binomial Distribution

Long before GauB discovered the normal dis-
tribution in 1801, it had been published 60
years earlier, in 1738. De Moivre had wanted
to approximate the shape of the binomial dis-
tribution, considering the behavior of 3600
coin tosses. In 1810, Laplace proved the gen-
eral result for 0 < p < 1.

Abraham De Moivre (1667-1754)

Pierre-
(1749-1827)

7.11. Theorem of De Moivre-Laplace. Denote by S, the number of
successes in a sequence of n i.i.d. Bernoulli trials with probability of
success 0 < p < 1. Then

n 1 b
lim Pa < _Sn=m b = 7/ e /2 dx.
n—00 np(l — p) V2m Ja


https://commons.wikimedia.org/w/index.php?title=File:Abraham_de_moivre.jpg&oldid=177400980
https://commons.wikimedia.org/w/index.php?title=File:Abraham_de_moivre.jpg&oldid=177400980
https://commons.wikimedia.org/w/index.php?title=File:Abraham_de_moivre.jpg&oldid=177400980
https://commons.wikimedia.org/w/index.php?title=File:Abraham_de_moivre.jpg&oldid=177400980
https://commons.wikimedia.org/w/index.php?title=File:Abraham_de_moivre.jpg&oldid=177400980
https://commons.wikimedia.org/w/index.php?title=File:Abraham_de_moivre.jpg&oldid=177400980
https://commons.wikimedia.org/w/index.php?title=File:Pierre-Simon-Laplace_(1749-1827).jpg&oldid=246786366
https://commons.wikimedia.org/w/index.php?title=File:Pierre-Simon-Laplace_(1749-1827).jpg&oldid=246786366
https://commons.wikimedia.org/w/index.php?title=File:Pierre-Simon-Laplace_(1749-1827).jpg&oldid=246786366
https://commons.wikimedia.org/w/index.php?title=File:Pierre-Simon-Laplace_(1749-1827).jpg&oldid=246786366
https://commons.wikimedia.org/w/index.php?title=File:Pierre-Simon-Laplace_(1749-1827).jpg&oldid=246786366
https://commons.wikimedia.org/w/index.php?title=File:Pierre-Simon-Laplace_(1749-1827).jpg&oldid=246786366

JOINT INSTITUTE
RARERBREE

!
he Normal Distribution Slide 188

Approximating the Binomial Distribution

Intuitively, for large n, the binomial distribution with parameters n and p
behaves as a normal distribution with mean w = np and variance
02 = npq. This is illustrated below for n =20 and p = 0.4:

P(X =x)

A /1

N

2 4 6 8 10 12 14 16 18 20

The height of the vertical bars represents the values of P[X = x| according
to the binomial distribution, while the density curve of the corresponding
normal distribution has been superimposed.
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Approximating the Binomial Distribution

We would like to use the normal distribution to approximate the
cumulative distribution function of the binomial distribution.

PX =x)

A H

10 11 12 13 14 15 16 17 18 19 20

Y

[N
N
w
FNg .
ok
o+
~
oo+
© +
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Approximating the Binomial Distribution

It is clear that for each y =0, ..., 20 the sum over all x < y corresponds to
the area of the bars to the left of y. Superimposing the normal distribution,
we see that we can approximate this sum by integrating to y + 1/2:

PX =x)

A

-

1 2 3 456 7 8 9 101112 13 14 15 16 17 18 19 20
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Approximation and the Half-Unit Correction

Hence, for y =0,...,n,

PIX <yl = i (Z) pP(1—p)" X~ o <Y+1/2_”P> _

x=0 np(l - P)

This additional term 1/2 is known as the half-unit correction for the
normal approximation to the cumulative binomial distribution function. It
is necessary because in practice we do not have the limit n — oo but rather
a finite value of n, which may not even be especially large.

This approximation is good if p is close to 1/2 and n > 10. Otherwise, we
require that

np>5 if p<1/2 or n(l—p)>5 if p>1/2.
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Approximating the Binomial Distribution

7.12. Example. In sampling from a production process that produces items
of which 20% are defective, a random sample of 100 items is selected each
hour of each production shift. The number of defectives in a sample is
denoted by X.

To find, say, P[X < 15] we might use the normal approximation as follows:

15-100-0.2

V/100-0.2-0.8
= ¢(—1.25) = 0.1056

PIX <15 ~ P [z < ] _ P[Z < —1.25]

The half-unit correction would instead give

15.5 — 20]
4

P[X < 15] ~ P {z < —0.130

15
The correct result is P[X < 15] = Y (12°)0.2¥0.8190—* = 0.1285.
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Lyapunov’'s Central Limit Theorem

Today there exist various “Central Limit Theorems” that
generalize the Theorem of De Moivre - Laplace. The fol-
lowing is due to Lyapnuov and was established a century
after Laplace’s work.

7.13. Central Limit Theorem. Let (X;) be a sequence of
independent, but not necessarily identical random vari-
ateand pikhaiouch Lyanur ables whose third moments exist and satisfy a certain
technical condition.

Let
Y,=X1+ -+ X,.

Then for any z € R,

n E[Yn] —X2/2
[w*[v] : ] 7L
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Experimental Error

Lyapunov's Central Limit theorem is at the core of the belief by
experimentalists that “random error” may be described by the normal
distribution. The idea is that any “random disturbance” of a measurement
is the sum of many inscrutable and random effects which individually
cannot be tracked. However, their sum will be well-described by the normal
distribution.

The French physicist Gabriel Lippman wrote to Henri Poincare:

Tout le monde y croit cependent, car les experimenteurs
s'imaginent que c'est un theorem de mathematiques, et les
mathematiciens que c'est un fait experimental.

“Everybody believes in the exponential law of errors: the experimenters,
because they think it can be proved by mathematics; and the
mathematicians, because they believe it has been established by
observation.”
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8. Multivariate Random Variables
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Elements of Probability Theory

8. Multivariate Random Variables
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Multivariate Random Variables

Often, a single random variable is not sufficient to describe a physical
problem. This may, for example, be the case when we are interested in the
effect of one random quantity on another. In such a case we consider two
(or more) random variables together.

Formally, we then define a “vector” of which each component is itself a
(“scalar”) random variable.

We call such a vector a random vector or a multi-variate random
variable or an n-dimensional random variable. The components can be
discrete or continuous random variables, and even mixtures of the two.

In this section we will for the most part focus on bivariate
(two-dimensional) random variables where either both components are
discrete or both components are continuous random variables.
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Multivariate Random Variables

Discrete Multivariate Random Variables

8.1. Definition. Let S be a sample space and (2 a countable subset of R".
A discrete multivariate random variable is a map

X:5- 0
together with a function fx: 2 — R with the properties that
(i) fx(x) >0 forall x = (x1,...,xn) € 2 and

(i) ¥ f&(x) =1
x€EN

The function fx is called the joint density function of the random
variable X.
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Discrete Multivariate Random Variables

We consider the multivariate random variable X to have n components,
ie.,

X =(X1,..., Xn).

We often write
fx(x1, ... xn) = fxpx, (X1, - - Xn)

The joint density function fx gives the probability that the tuple
(X1,...,X,) assumes a given value x € R”, i.e.,

fx(x1,...,xp) = P[X1 =x1 and X3 = xp and .. and X, = x,].

Given two random variables, we may write (X,Y') instead of (X3, X2) and
use similar notation for three or larger numbers of components.



Multivariate Random Variables

Discrete Bivariate Random Variables
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8.2. Example. Suppose we roll two six-sided dice, obtaining results (i, j)

withi,j=1,..., 6. Let us define

X =i+ j mod5,

Y =i—jmodb5.

Then we can find the values of the probability density function by
Cardano's rule. The number of outcomes leading to each event (X,Y) is

x/y|0 1 2 3 4
0|1 1411
111 2121
2 121112
3121112
4 11 21 21

so each number in the table must be divided by 36 to obtain the
corresponding probability. For example, P[X =1 and Y = 1] =1/18.
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Marginal Density

While each element of the table gives us

36 - P[X = xand Y = y], we can find the x/y|0 1 2 3 4
probability of the event X = x by adding up 0 |1 1411
all relevant probabilities: 1 1 21 2 1
2 2111 2

! 3 /21112

PIX=x]=> P[X=xandY =y] 21121021

y=0

For example,
PIX=0=(1+1+4+1+1)/36 =28/36.

This procedure can be justified by considering the corresponding en=vent
in the sample space.

By summing in this way, we can determine P[X = x] for all x. This is
called the marginal density for X.
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Marginal Density of a Discrete Random Variable

8.3. Definition. Let (X, fx) be a discrete multivariate random variable. We
define the marginal density f,, for X, k =1,...,n, by

fx, (xk) = Z (X1, ...\ Xn).

XLyeesXk—1: Xk 11+ Xn

8.4. Example.

x/y 0 1 2 3 4 | fx(x)
0 1 1 4 1 1 8/36
1 1 2 1 2 1 7/36
2 2 1 1 1 2 7/36
3 2 1 1 1 2 7/36
4 1 2 1 2 1 7/36

f(y) | 7/36 7/36 8/36 7/36 7/36 1
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Multivariate Random Variables

Independence of Random Variables
If (X, fx) is a discrete bivariate random variable, i.e., X = (X1, X2), we
say that X3 and X5 are independent if
P[Xl = X1 and X2 = X2] = P[X1 = X1] . P[X2 = X2].
In other words, if
fx (X1, x2) = fx,(x1) - £, (%2).
(The joint density is the product of the marginal densities.)

It is possible to generalize this in the obvious (but notationally
cumbersome) way to n-variate random variables.

We will mostly be interested in cases where X = (X1, ..., X,) and all the
components are independent, i.e.,

fx(x1, ..., xn) = fx,(x1) - - fx, (xn)-
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Independence of two Random Variables

8.5. Example.

x/y 0 1 2 3 4 | fx(x)
0 1 1 4 1 1 8/36
1 1 2 1 2 1 7/36
2 2 1 1 1 2 7/36
3 2 1 1 1 2 7/36
4 1 2 1 2 1 7/36

f(y) | 7/36 7/36 8/36 7/36 T7/36 1

The variables X and Y are not independent since, for example,
P[X=1andY =1]=1/18

but 2 5

and the two expressions are not equal.
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Conditional Density

Suppose that (X, fx) is a discrete bivariate random variable, i.e.,
X = (X1, X2), and that X3 is known to have taken on a certain value.

Then, applying elementary probability laws,

P[X1 = X1 and X2 = X2] _ fX1X2(X1,X2)

P[X1 = x1 | Xo = x] =
[X1 =1 | X2 = x] PIXz = x] fx, (x2)

We hence define the conditional density

fx1x (X1, x2)

fxipe (X1) 1= e 00) whenever fx,(x2) > 0,
2

where fx, is the marginal density of Xa.
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Multivariate Random Variables

Continuous Random Variables

8.6. Definition. Let S be a sample space. A continuous multivariate

random variable is a map
X:S—-R"

together with a function fx: R” — R with the properties that
(i) fx(x) >0 forall x =(xq,...,x,) € R" and
(i) Jro fx(x)dx = 1.

The function fx is called the joint density function of the random
variable X.
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Continuous Random Variables

The integral of fx is interpreted as the probability that X assumes values
in a given domain 2 C R",

PIX € 0] :/ i (x) dx.
9]
For example, if X = (X1, X2),
b rd
Pla< Xj; <band c <X, <d] :/ / fx,x, (X1, x2) dx1 dxo
a (o}

fora<b, c<d.
But of course non-rectangular domains can be considered as well.

We now make definitions for continuous random variables that are
completely analogous to those for the discrete case.
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Continuous Multivariate Random Variables
We define the marginal density of Xy, k =1,...,n, by

x, (xk) = /[R B fx(x)dxi...dxk—1dxks1 ... dx,.
We say that two continuous random variables are independent if

fx (x1, x2) = fx, (x1) - fx, (x2).

and we are often interested in the case where a full set of n components of
a multivariate random variable is independent:

fx(x1,...,xn) = fx;(x1) -~ fx, (xn).

The conditional density for continuous bivariate random variables is
similarly

fx,x (X1, x2)

h f; 0.
s (x2) whenever fx,(x2) >

leixz (Xl) =
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Multivariate Random Variables

Expectation

We define the expected value or expectation for X as the vector

E[X]
EX]=1
E[X:]
where E[X] is calculated using the marginal density of Xk, k=1,..., n,
E[Xi] =D xifx () = D xicfx (%)
Xk xeN

and
E[X] :/[kaka(Xk)ka :/[Rn xk fx (x) dx

for discrete and continuous random variables, respectively.
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Expectation for Discrete Bivariate Random Variables

8.7. Example.

x/y 0 1 2 3 4 | fx(x)
0 1 1 4 1 1 8/36
1 1 2 1 2 1 |7/36
2 2 1 1 1 2 |7/3
3 2 1 1 1 2 |7/36
4 1 2 1 2 1 |7/36

fv(y)|7/36 7/36 8/36 7/36 7/36 1
70
E[X] = Z x - fxy(x,y) ZX fx(x =%

(x,y)ER

EYl= ) y-f&y(xy)= Zy v (y

(x,y)en

) | JOINT INSTITUTE
) | RREBERFPL
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Expectation for Functions of Random Vectors
Suppose ¢: R" — R is a continuous function. Then

poX:S—=R

defines a scalar random variable. It is possible to prove that in this case,

ElpoX] = Y pl)f(). o ElpoX]= [ o(x)f(x)dx.
xenf

For ¢(xi, ..., Xxn) = xx we regain the definition of E[X].
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Expectation for the Sum of Two Random Variables

8.8. Remark. If (X,Y) is a discrete bivariate random variable and
o(x,y) =x+y, we have

EX+Y]= > (x+y) fxv(xy)

(x,y)EN

= > x-fxy(xy)+ D>y fxy(xy)
(x.y)en (x.y)en

= E[X] + E[Y].

This establishes the addition property of the expectation taht we
introduced earlier.

An analogous calculation may be used for continuous random variables.
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Variance and Covariance for Bivariate Random Variables
Let us calculate the variance of the sum of two random variables:
Var[X + Y] = E[((X +Y) — E[X +Y]) ]
E[((X — EIX]) + (Y — EIV]))’]
E[(X — E[X])? + (Y — E[Y])* + 2(X — E[X])(Y — E[Y])]
= Var[X] + Var[Y] + 2 E[(X — E[X])(Y — E[Y])] (8.1)

In general,
Var[X + Y] # Var[X] + Var[Y].

We define the covariance of (X,Y),
Cov[X, Y] = E[(X — ux)(Y — py)],
where we have used u to denote the expectations. Note that

Cov[X, Y] = Cov[Y, X] and Cov[X, X] = Var[X].
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The Covariance Matrix

For a multivariate random variable X we define the covariance matrix

Var[Xl] COV[Xl, X2] . COV[Xl, Xn]
Var[X] = COV[)fl, Xa]  Var[Xy)] :
: . Cov[Xn-1, Xn]
Cov[X1, Xn] L. Cov[Xn—1, Xn] Var[X»]

It is possible to prove (through tedious calculation) that
Var[CX] = C Var[X]CT

where C € Mat(n x n;R) is a constant n x n matrix with real coefficients.
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Covariance and Independence

Just as for the variance, a direct calculation yields
Cov[X, Y] = E[XY] — E[X] E[Y].

Furthermore, if two continuous random variables X and Y are independent,
then fxy(X,y) = fx(X)fy(y) and

Ewnszxw&ﬂxmwwy

= //[R2 xy - fx(x)fy(y) dx dy

= ([ sax) [y 501 av)

= E[X] E[Y]
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Covariance and Independence

An analogous calculation works for discrete random variables. We have
hence proved:

» If X and Y are independent, then Cov[X, Y] = 0.
However, the converse is not true:

» If Cov[X,Y] =0, then X and Y are not necessarily independent.

We note that we have also established that
Var[X + Y] = Var[X] + Var[Y]

if the random variables are independent.

The covariance is hence related to the independence of X and Y. However,
it is not a measure for dependence, since two dependent variables can still
have a vanishing covariance.

So we ask: what does the covariance actually measure?
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Standardizing Random Variables

We note that the covariance scales with X and Y/, i.e., if X and Y take on
numerically large values, then the covariance will be large, while if if X and
Y take on small values, the covariance will be small. Therefore, by itself it

does not serve very well as a measure of any fundamental properties of X
and Y.

The solution is to standardize the random variables,

5. X—Hx

(D4

is the standardized variable for X (assuming that both mean and variance
of X exist and ox # 0).

Recall that

E[X] =0, Var[X] = 1.
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The Pearson Correlation Coefficient

Instead of Cov[X, Y] we now consider

Cov[X, Y] = E[XY] — E[X] E[Y]
Cov[X, Y]
v/ Var[X] Var[Y]

The right-hand side is now scale-independent and
Kan Pearon (1857.1936) i 1912 unit-less (if X and Y have units).

This quotient is known as the Pearson coefficient of correlation of
(X,Y) and denoted
Cov[X,Y]

v/ Var[X]Var[Y]

pPXY ‘=


https://commons.wikimedia.org/w/index.php?title=File:Karl_Pearson,_1912.jpg&oldid=280418005
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Properties of the Correlation Coefficient

It can be shown that pxy has the following properties
(i) —1<pxy <1,

(i) |pxy|=1if and only if there exist numbers By, B1 € R, B1 # 0, such
that
Y =pBo+ p1X

almost surely.

The proof is best performed in a vector-space setting, which we omit here.

The above properties give us a clue as to how the correlation coefficient
might be interpreted: if it has modulus one, then X and Y are in a
deterministically linear relationship. Let us therefore start from that angle.
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Measuring Linearity of X and Y

Suppose that X and Y are related in a linear fashion, say

Y = Bo + B1X, (8.2)
with B1 # 0. Then

py = Bo + Bimx
and Var[Y] = B2 Var[X], so

oy = |Bilox.
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Measuring Linearity of X and Y

Using the standardized variables, we find that

Y —py
oy
~ Bo+ B1X — (Bo+ Bipx)
B |B1lox
_ B X —ux
Bl ox
B

|8

We conclude that X and Y are in a linear relationship if and only if the
standardized variables are either equal or the negative of each other.

Y =
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Multivariate Random Variables

Measuring Linearity of X and Y

We now know that X and Y are deterministically linearly related if and
only if

)~(+\7:0 or X-Y =0.

In order to measure in how far X and Y are not linearly related, it makes
sense to consider the standard deviation of X + Y and X — Y. If either of
these were zero, the relationship would be deterministically linear.

We calculate
Var[X + Y] = Var[X] + Var[Y] 4+ 2 Cov[X, Y] = 2 + 20xy,
Var[X — Y] = Var[X] + Var[Y] — 2 Cov[X, Y] = 2 — 20xy.

If either of these two variances is small, then X and Y are “nearly
proportional” and so X and Y are “nearly linearly” related.
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The Fisher Transformation

In order to capture both of these positive quantities
in a single manner, let us consider their quotient,

Var[X + Y] 1+ pxy € (0
Var[)~( — \7] 1-— PXY

If X and Y are linearly related, then this quotient will
be either very small or very large.

Ronald Fisher (1890-1962) in 1913

It is “mathematically nicer” to take the logarithm:

Varl X + Y]\ 1 L+pxy) _
n ( \M) =5 In <1—pxy> = Artanh(pxy) € R. (8.3)

This is known as the Fisher transformation of pxy.


https://commons.wikimedia.org/w/index.php?title=File:Youngronaldfisher2.JPG&oldid=310030428
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https://commons.wikimedia.org/w/index.php?title=File:Youngronaldfisher2.JPG&oldid=310030428

JOINT INSTITUTE
RARERBREE

!
Slide 224 &S

Multivariate Random Variables

Positive and Negative Correlation

e ~
pxXy = tanh(ln<w>>.
9x_y

> If pxy > 0, then Var[X + Y] > Var[X — \7]~ which implies that the
relationship between X and Y is closer to X =Y than to X = -Y.
Hence, if X is large, Y tends to be large also.

It follows that

We say that X and Y are positively correlated.

> If pxy < 0, then Var[X + Y] < Var[X — Y] and the situation is
reversed. If X is large, Y tends to be small.

We say that X and Y are negatively correlated.
Since X and Y are still random variables, a large value of X only indicates

a tendency for Y to be large/small but doesn't guarantee this. The closer
pxy is to 1, the more pronounced these effects are.
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The Bivariate Normal Distribution

8.9. Example. Suppose two random variables X and Y should each follow a
(marginal) normal distribution, but are not independent.

The most common model is the so-called bivariate normal distribution,
with density function

x— 2 . _ B 2
R R E )

where —1 < p < 1.

The marginal distributions can be shown to be normal, ux = E[X],
0% = Var[X] (and similarly for Y) and ¢ = pxy is indeed the correlation
coefficient of X and Y.

Furthermore, X and Y are independent if and only if o = 0.

This distribution will be discussed in detail in the assignments.
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9. The Weak Law of Large Numbers
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Elements of Probability Theory

9. The Weak Law of Large Numbers
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Elements of Probability Theory

9. The Weak Law of Large Numbers
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The Weak Law of Large Numbers

We can now give a more precise formulation of the heuristic Law of Large
Numbers 2.3.

9.1. Weak Law of Large Numbers. Let X1, X2, X3,... be a sequence of
i.i.d. random variables with mean p and variance ¢2. Then for any € > 0,

X Xn n—oo
pHM_M’zg] oo
n

The Weak Law of Large Numbers essentially states that for any ¢ the
likelihood of the average outcome of a sequence of i.i.d. random variables
deviating from the mean of the random variable by € or more converges to
zero as n — 0.
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The Weak Law of Large Numbers

The connection with the Law 2.3 is as follows: suppose A C S is an event.
Every time an experiment is performed, a Bernoulli random variable with
parameter p = P[A] counts whether A occurs or not. Then p = p = P[A]
is the mean of that random variable and

X1+ + Xn
n

is the total number of times that A occurs divided by the number n of
experiments performed. Then the weak law of large number states that

g

for any € > 0.

number of times A occurs

. . . - P[A]’ > s] 270
number of times experiment is performed
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The Weak Law of Large Numbers

Proof.
The proof is based on the Chebyshev inequality. We first note that using
the properties of the expectation and variance,

Xy 4ot X E[X ...+ E[X :
E[M—u]: [Xa] +--- +E] n]_E[M]:M_“:O
n n n

and
X1+ -+ X, Var[ X .o+ Var[X,
Var[ 1+ + _PL]: ar[ 1]+ + ar[ ]—Var[p,]
n n
n-o? o?
n? n
This implies
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The Weak Law of Large Numbers

The Weak Law of Large Numbers

Proof (continued).
Applying the Chebyshev inequality (7.1) with k =2 to X = M — W
we then have
21
K| > s] < ==
n

mm‘ Q

n

Xi+ -+ X,
'DH 1+ +Xn ’

which proves the theorem. O
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10. The Hypergeometric Distribution
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10. The Hypergeometric Distribution
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Drawing Balls from an Urn

The classical example of a sequence of non-independent trials involves
drawing colored balls from a box, traditionally called an urn.

Suppose that an urn contains a total of N balls, of which r are red balls
and N — r are black balls. We draw a sample of n balls from the urn. We
do not replace each ball after drawing it.

The random variable X describes the number of red balls in our sample.

If we were to replace each ball after drawing, X would follow a binomial
distribution. But now the probability of drawing a red ball depends on the
previous outcomes.
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The Hypergeometric Distribution

Drawing Balls from an Urn

Given the number of objects N, the sample size n and the number r of red
balls, we can apply Cardano's principle to calculate P[X = x].

We will assume that

r>n and N —r > n,
so that we could have 0 to n black or red balls in our sample.
Then

Plexactly x red balls out of n selected]

(# ways to select x out of r balls) . (# ways to select n — x out of N — r balls)
# ways to select n out of N balls

() (h—)
(%)
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The Hypergeometric Distribution

10.1. Definition. Let N,n,r € N\ {0}, r,n < N, and n < min{r, N — r}.
A random variable (X, fx) with

(10.1)

is said to have a hypergeometric distribution with parameters N, n and r.
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The Hypergeometric ldentity

The hypergeometric distribution takes its name from the hypergeometric

identity:
F) ()= ()

To understand this identity, note that

a+b

S (a ! b)xf = (14 )7 = (1 +x)°(1 £ x)°

IR

Jj=0
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The Hypergeometric ldentity

Using the definition of the binomial coefficients (1.3), we see that (%) =0
when i > x, so we may write

> (- ()9 (f)

r=0

where we have used the Cauchy product of infinite series. Comparing
term-by-term, (10.2) follows.

The hypergeometric identity is the main ingredient in showing that (10.1)
actually defines a density function.
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Non-independent Bernoulli Trials

Let us write
X=X +Xo+ -+ X,

where each X is a Bernoulli random variable representing a single draw.
Here “success” means drawing a red ball, yielding X = 1. If we draw a
black ball on the kth draw, then X, = 0.

We denote the probability of success by
pk = P[Xk = 1]

Of course, the X are not independent - the result of each draw (Xy)
influences the subsequent draws.

We therefore have to discuss the random vector (X1, X2, ..., Xp).
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The Bernoulli Trials are ldentical
To understand the distribution of the random vector (Xi, ..., X;), we

consider the sample space S: Suppose that we order the N balls in all
conceivable ways, obtaining N! permutations.

Effectively, we are drawing all balls out of the urn to obtain the sample
space S, but only consider the events that include the first n balls to
calculate the probabilities of our random vector.

The probability that X, = x, where x = 0 or 1, is then given by the
number of elements in the sample space that have x in the kth position.

Since the sample space consists of all possible permutations of the N
objects, we see that this probability does not depend on k. Therefore,

r

Pk=P1=N-

This shows that the Bernoulli trials are identical.
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Expectation and Variance

We can calculate
r
E[Xk]:0'(1—Pk)+1'Pk:Pk:P1:N
o)

E[X] = E[X1 +- - + Xa] = E[Xa] + -+ + E[X,] = nﬁ_

It is interesting to note that this expectation is the same as it would be if
we were replacing the balls after drawing, i.e., if the number of red balls
were determined by the binomial distribution.

In order to calculate the variance, we first generalize (8.1) to

Var[X] = Var[X1 + -+ - + Xp]

= Var[X1] + - -+ + Var[X,] + 22 Cov[X;, Xj].
i<j



I 2> | JOINT INSTITUTE
The Hypergeometric Distribution Slide 243 Bl & | K AR TR FRPL

Variance and Covariance

We need to calculate
COV[X,’, Xj] = E[X,’Xj] - E[X,’] E[Xj].
For this, we note that X;Xj is also a Bernoulli variable, since

XiX; = {1 if X; =1and X; =1,

0 otherwise.

Then
E[X,‘Xj] = pij == P[X,’ =1 and XJ' = 1].
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Variance and Covariance

As in the previous argument, the probability that X; = x and X; = y for
i #j and x,y € {0, 1} is given by the number of permutations among all
N! elements of the sample space that have x in the ith and y in the jth
position. Again it is clear that this number is independent of / and j, so

r—1
pij=pi2=P[Xi=1and X =1] = N T
Note that for i = j we have
Pii=P11=P[X1:1anXmzl]:ﬁ
Hence,
1 r(N=r)
Var[X/]=—(1—-— |, Cov[X; Xj]= —— . " —1)
arxl = (1- ) ol X = - Fv =)
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Approximating the Hypergeometric Distribution

n

Since there are (3) = n(n — 1)/2 pairs (i, j) with i < j, an easy calculation
(do it yourself!) now gives

rN—rN-—n
Var[X]—nN N N1

This expression is similar to that for the binomial distribution; if we were
replacing the balls after drawing, we would have

r B N—r

N’ =N

and since the variance of the binomial distribution is npg, we see that the
expression above differs by

p:

N —n
N—-1
In fact, the binomial distribution may be used to approximate the

hypergeometric distribution if the sampling fraction n/N is small (less
than 0.05).
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Approximating the Hypergeometric Distribution

10.2. Example. A production lot of 200 units has 8 defectives. A random
sample of 10 units is selected, and we want to find the probability that the
random sample will contain exactly one defective.

The true probability is
N—
()G _ Q)
N — (200
(n) ( 10)
We note that the sampling fraction is n/N = 10/200 = 0.05, so we can use
the binomial approximation.

Then p=r/N = 8/200 = 0.04 and

PIX =1] = —0.288.

PIX =1] ~ (110> (0.04)1(0.96)° = 0.277.
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11. Transformation of Random Variables
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11. Transformation of Random Variables
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Transformation of Variables

The following theorem allows us to perform transformations of random
variables and obtain the densities of the transformed variables.

11.1. Theorem. Let (X, fx) be a continuous multivariate random variable
and let ¢: R” — R" be a differentiable, bijective map with inverse ¢ 1.

Then Y = ¢ o X is a continuous multivariate random variable with density

f(y) = fx 0@ (y) - [det Do~ (y)],

1

L is the Jacobian of ¢~ 1.

where Do~

We will not prove this theorem, which is based on the substitution rule for
multivariable integrals.
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Transformation of Variables

We can use transformation of bivariate random variables to obtain densities
of sums and products of random variables, as the following example shows:

11.2. Lemma. Let ((X,Y), fxy) be a continuous bivariate random variable.
Let U = X/Y. Then the density fy of U is given by

fu(u) = /_0:0 fxy(uv,v)-|v|dv.

Proof.
Consider the transformation ¢: (X,Y) — (U, V) where

_(x/y
o(x,y) = ( y )

Then
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Transformation of Variables

Proof.
We calculate

Ox  Ox
Dw—l(u,v):<3u 3v>=(v )
5 5 01
S0
|det Do~ (u, v)| = |v|.
Then

fuv(u, v) = fxy(uv, v)|v|.

The marginal density fy is given by

fu(u) = /oo fuv(u,v)dv = /oo fxy(uv,v) - |v|dv.

—00 —00

JOINT INSTITUTE
RARERBREE
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The Chi Random Variable
Consider the following problem: a point z = (z1,...,z,) in R" is randomly
selected in such a way that every coordinate value z;, i =1,...,n, is

determined independently of the other coordinates by a random variable
Z;. Suppose that each Z; follows a standard normal distribution.

We are interested in the distribution function of the random variable

which describes the distance of the selected point from the origin. For
instance, while the expected value of each coordinate is E[Z;] = 0, we do
not know the expected distance from the origin, E[xn].

We say that x, is a chi random variable and that it follows a chi
distribution with n degrees of freedom.
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Transformation of Random Variables

The Chi Distribution

To find the density f,,, we consider the cumulative distribution function
Fy.,
Fxn(y) = Plxn < yl.

Clearly, Fy,(y) =0 for y <0. Fory >0,

Fy.(y) = Plxn <yl =P[5 < y’] =P [Z Z; < y?
k=1

:/ . fz,.z.(z1, ..., zn)dzy ... dz,
Zk:l 7 <y?
Note that the n independent standard normal variables Z7, ..., Z, have
joint density
1 72” 22/2
le___zn(zl,...,z,,): —F =€ k=1"k!",

(2m)n/2
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The Chi Distribution

We hence obtain

Fy.(y) = / (2m) "2 2% dz, .. dz,.
> #<y?
It becomes convenient to introduce polar coordinates (r, 61, ...,0,-1) with
r>00<6,1<2mrand0< 8y <mfork=1,...,n—2 as follows:
X1 = rcos B
Xo = rsin 61 cos 0>

x3 = rsin 6 sin 0, cos 63

Xp_1 = rsinBysinBy...sinB,_5cosb,_1

X, = rsinfysinfs...sinB,_o>sinf,_1.
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The Chi Distribution

The integral becomes

2
/ / / / 271_ n/2 r/2 n—1

..... n 1) drd01 d@n 2d9,, 1

where D(64, ..., 6,—1) is independent of r. Writing

27 /2 /2
C, = (2r) "/2/ / D61, ... 60 1)d61 ... d6n odB, 1
71'/2 —/2

3%
y)= C,,/ e /21y
0

we have
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We determine C, from

Slide 256 hell =¥
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1= lim Fy(y) C/ —f/2"1dr—cr<2>2"/21

y—00

where we have substituted p = r?/2 in the integral to obtain the gamma

function. It follows that

1 y
Fxo¥) = =it /o e "2 1yr.

e
and the density of x, is given by

2

fxn(Y) = F;CH(Y) = WY

for y >0 (and fy,(y) =0 for y < 0).

1 2
nley/2-

(11.1)
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The Chi-Squared Distribution

In statistics, we will be particularly interested in the chi-squared random
variable with n degrees of freedom,

n
=Y 22 (11.2)
i=1
where again Z1, ..., Z, are independent standard normal random variables.

Hence, a chi-squared random variable represents the sum of the squares of
independent standard normal variables.

We obtain the density of x2 by again considering the cumulative
distribution function: For y > 0,

F(y) = Plxa < ¥l = Pl=v/y < xn < VY]

1 VA
— —r*/2 n—1
(@) /21 /0 e r"~dr
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Transformation of Random Variables

The Chi-Squared Distribution

Differentiating and applying the chain rule, we have

= o 1 d vy —r2/2 n—1
800 = Fa) = Fayrtay /0 e 2 1y,
1
- - n/2—1_—y/2
ZEN M
Now if y < 0,

Fa(y) = Plx2 <yl < P[x3 < 0] =0,

so differentiation yields £,2(y) = 0 for y < 0.

The density f,2 is called a chi-squared distribution. We have already
remarked that it is a gamma distribution with § =2 and oo = n/2.
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The Sum of Independent Chi-Squared Variables

Suppose we have two independent chi-squared random variables with m
and n degrees of freedom, x2, and x2. Then we can write

m n
2 2 2 2
Xim = 2_X7, Xh=2_Y
i=1 j=1

where the X; and Y;, i=1,...,m, j=1,...,n, are independent standard
normal random variables. Now the sum

m n

2 . 2 2 2 2

Xm+n':Xm+Xn:ZXi+ZYi
i—1 =1

is clearly the sum of m + n squares of independent standard normal
random variables. Therefore, it also follows a chi-squared distribution, but
with m + n degrees of freedom.
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The Sum of Independent Chi-Squared Variables
We have the following general result:

11.3. Lemma. Let xgﬁ, o 'X'2yn be n independent random variables
following chi-squared distributions with 1, ..., y, degrees of freedom,
respectively. Then

n
2 . 2
Xo = 2 X5,
k=1

n
is a chi-squared random variable with oo = > 4 degrees of freedom.
k=1
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A Black Box System

Consider a “black box” unit A:

We don't care what the unit A does or what it looks like inside. We simply
assume that at time t = 0 the unit A is working. Then at any time t > 0,
either

» A is working or
> A has failed.

When A fails, it fails completely and can not be repaired.
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Reliability

Failure Density
The time when A fails is random; we describe it by the continuous random
variable T4. The density of T4 is called the

failure density fy.

The cumulative distribution function of T4 is denoted by Fa.

We note that

Pt <T < t+ At]

At—0 At
FA(t + Al‘) — FA(t)
At—0 At

(12.1)
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Reliability Function
In practice, one often works with the
reliability function Rp.

The reliability function gives the probability that A is working at time
t>0.

By our assumption, R4(0) =1 and
Ra(t) = 1 — P[component A fails before time t]

:1—/0th(s)ds
=1- FA(t).
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For practical purposes, an important quantity is the
hazard rate Q4.

defined by
(1) ! Pt<T<t+At|t<T]
= lim
ea At—0 At
(compare with (12.1)). We see that

. Pt <T<t+At]
oa(t) = Jfim, P[T > t]- At
_ fa(?)

Ra(t)

Question. The hazard rate is often directly observable in practice, while the
failure density f is not. Why is this so?
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Interpretation of the Hazard Rate

The hazard rate function p can be interpreted qualitatively as follows:

(i) If o is decreasing over an interval, then as time goes by a failure is
less likely to occur than it was earlier in the time interval. This
happens in situations in which defective systems tend to fail early. As
time goes by, the hazard rate for a well-made system decreases.

(ii) A steady hazard rate is expected over the useful life span of a
component. A failure tends to occur during this period due mainly to
random factors.

(iii) If g is increasing over an interval, then as time goes by a failure is
more likely to occur. This normally happens for systems that begin to
fail primarily due to wear.

A typical component may exhibit all these behaviors over its lifetime,
giving rise to a so-called bathtub curve.
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Interpretation of the Hazard Rate

Decreasing Constant Increasing
1 Failure Failure Failure
Rate Rate Rate

Observed Failure

k. Early
Rate

%"Infant

Q
]
1]
m -
9 | % Mortality" I I
=] *. Failure I |
— .
© *, | Constant (Random) |
L ‘. Failures

0.’ 1

*ee. |

The Bathtub Curve
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Finding the Reliability Function

Often one has information on p, but not of the failure density f or
reliability function R.

12.1. Theorem. Let X be a random variable with failure density f,
reliability function R and hazard rate p. Then

R(t)=e" INOLS

Proof.
Since R(x) =1 — F(x) we have R'(x) = —F'(x). Therefore,
_fx) _F) _ R
= Re) TR TR

R'(x) = —e(x)R(x).

Solving this equation with R(0) =1 (why?), we obtain the result. O
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12.2. Example. One hazard function in widespread use is the function

o(t) = aftP~, t>0, o, >0

» If B =1, the hazard rate is constant

» If B > 1, the hazard rate is increasing

» If B < 1, the hazard rate is decreasing
The reliability function is given by

R(t) = e~ Jo B dx _ gmat®
The failure density is given by
F(t) = o(t)R(t) = aptP e "

This density is called the Weibull density, named after W. Weibull who
introduced it in 1951.
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Weibull Distribution

12.3. Definition. A random variable (X, fx) is said to
have a Weibull distribution with parameters o and 8
if its density is given by

B—1 _,—axP
f(x)—{aﬁx e x>0 s

0, otherwise,

Waloddi Weibull (1887-1970)

12.4. Theorem. Let X be a Weibull random variable with parameters o and
B. The mean and variance of X are given by

w=o VPr(1+1/p)

and
o?=a Br(1+2/B) — .


https://sites.google.com/site/manutencaoclassemundial/disciplinas/08---26-10---sexta/rcm-reability-centered-maintenance/waloddi-weibull--historia
https://sites.google.com/site/manutencaoclassemundial/disciplinas/08---26-10---sexta/rcm-reability-centered-maintenance/waloddi-weibull--historia
https://sites.google.com/site/manutencaoclassemundial/disciplinas/08---26-10---sexta/rcm-reability-centered-maintenance/waloddi-weibull--historia
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12.5. Example. Consider a uniform failure density of

1 0<x<1,
0 otherwise.

fx(x) = {

Hence, failure is equally likely at any time between x =0 and x =1. In
Mathematica, the uniform distribution is implemented as follows:

PDF[Uni formDi stribution[{0, 1}], X]

1 0=<x=<1
{O True
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3% The Uniform Distribution

Question. Use the Mathematica commands SurvivalFunction and
HazardFunction to find the reliability function and the hazard rate for
the uniform distribution on [0, 1].
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Systems in Series and Parallel Configurations

Components in multiple-component systems can be installed in the system
in various ways. Many systems are arranged in “series” configuration, some
are in “parallel” and others are combinations of the two designs.

12.6. Definition.

(i) A system whose components are arranged in such a way that the
system fails whenever any of its components fail is called a series
system.

We may visualize the system configuration as follows:

B
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(i) A system whose components are arranged in such a way that the
system fails only if all of its components fail is called a parallel
system.

)
N\
[v9)
)
N
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(iii) A complex system is made up of combinations of series and parallel
systems.
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Reliability of Series and Parallel Systems

Assuming the components are independent of each other, the reliability of
a series system with k components is given by

k
Rseries(t) = P[no component fails before t] = ﬂ Ri(t),

i=1
where R; is the reliability of the ith component.

The reliability of a parallel system is given by

Rparaliel(t) = 1 — P[all components fail before t]
k
=1-[](1 - Ri(t)).
i=1

The reliability for a complex system may be calculated by iteratively finding
the reliabilities of the component subsystems.
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Samples and Data

Parameter Estimation

Interval Estimation

The Fisher Test

Neyman-Pearson Decision Theory

Null Hypothesis Significance Testing

Single Sample Tests for the Mean and Variance
Non-Parametric Single Sample Tests for the Median
Inferences on Proportions

Comparison of Two Variances

Comparison of Two Means

Non-Parametric Comparisons; Paired Tests and Correlation

Categorical Data
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13. Samples and Data
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Introduction to Statistics
13. Samples and Data
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Samples and Data

Populations and Random Variables

A population is a large (possibly infinite) collection of individuals, objects
or other instances which we want to describe probabilistically.

We assume that a population is described by a (scalar or multivariate)
random variable in the following sense:

For each member of the population, the random variable
takes on a given, deterministic, value.

The “randomness” of the random variable consists of the
randomness of selecting an individual from the population.

Mathematically, we denote by X = x the value of the random variable.
Selecting a given member of the population and measuring X gives one
instance of this random variable.

The probability density of X describes the likelihood of obtaining a value x
within a given range.
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Coin Flips

13.1. Example. Suppose we are flipping a coin with probability of heads p,
0 < p < 1. The population might be

all flips of this coin conducted in the future

while the random variable X might be

X — {1 coin turns heads up,

0 otherwise.

Hence X follows a Bernoulli distribution with parameter p.

Each individual flip of the coin would represent an independent and
identical copy of X.

We say that X describes the population, meaning that each member of the
population gives an identical copy of X. The population size is
indeterminate.
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Student Height

13.2. Example. Suppose we are interested in the body height of the
students of a certain university. Hence, our population might be described
as

all students who were enrolled in the university in 2020.
The random variable X would be
the height (in cm) of the population.

It may well be that X is described by a normal distribution with certain
mean and variance.

Each individual student would represent an independent and identical copy
of X. The population size is possibly large, but is a well-defined number.

Again, the student height X describes the population, meaning that each
student gives an identical copy of X.
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Probability Theory vs. Statistics

Given a population and a random variable, probability theory and statistics
are concerned with different questions:

Probability: The distribution of the random variable is fully
known. What inferences can be drawn from the known in-
formation?

Statistics: The probability distribution is not known, but per-
haps certain assumptions may be made. Data is gathered in
order to make inferences on the distribution, e.g., its shape,
expectation, variance etc.

In short: probability theory supposes one has complete knowledge of all
parameters of a distribution, while statistics attempts to gain information
on these parameters through experiments.
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Probability Theory vs. Statistics

13.3. Examples.

(i) When considering coin flips, probability theory might answer the

question: if p =1/2, what is the likelihood of obtaining more than 60
heads when performing 100 coin flips?

A statistical question would be: If one obtains more than 60 heads in
100 coin flips, what can be said about p? Is there evidence that the
coin is not fair? Can we give an interval [po, p1] C [0, 1] where we can
be 90% sure that p € [po, p1]?

Given a student population whose height follows a normal distribution
with mean p and variance o2, probability theory would allow the
calculation of the percentage of students whose height is above or
below some threshold.

Statistics would attempt to gain information on p and o2 by
measuring the height of a certain number of students.
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Random Sample (Mathematical Definition)

The remainder of this course is concerned with statistics, based on
methods and techniques of probability theory.

The basis of all statistical approaches is a random sample. The
mathematical definition is straightforward:

13.4. Definition. A random sample of size n from the distribution of X
is a collection of n independent random variables X1, ..., X,, each with
the same distribution as X.

We say that Xj, ..., X, are independent, identically distributed (i.i.d.)
random variables.

Each population member is an identical copy of X. A random sample
comprises an independent selection of these copies.
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Random Samples in Practice

Heuristically, a random sample is a subset of a population whose members
have been selected in such a way, that the selection of one member does
not influence the selection of any other member.

This means that each member of a random sample has been selected
completely at random from the entire population and there is no bias in
the selection.

For example, in obtaining a random sample of coin flips, one might just flip
the coin. This is straightforward.

But to obtain a random sample of students enrolled at a university, it is
not sufficient to just walk into a classroom for a course in, e.g.,
mathematics and measure the height of all students found there.

Question. Why is this?
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Sample Size

We will generally discuss a random sample of size n from a population.
How large should n be?

» The size n of a random sample should not be too small. However, a
large population does not imply the need for a large random sample.
In fact, given the need to make inferences to some specified degree of
accuracy,

the required minimum size of n is absolute,
independent of the population size

» However, n should not be too large relative to the population size:

If nis greater than 5% of the population,
special care must be taken.

We will suppose that our sample sizes are always smaller than 5% of
the population.
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Sample Sizes That Are Too Large

13.5. Example. Suppose that you are interested in a population of 100
students (e.g., all graduate students in a certain school). You wish to know
what the proportion of students with body height greater than 180 cm is.

Suppose that (unknown to you), 20 out of 100 students have this height or
greater. Suppose you take a sample of 50 students.

Then, using the hypergeometric distribution, we can calculate that there is
10% chance that the random sample includes 13 or more students with
this height. Your guess for the proportion of students is then

13/50 = 26%.

However, in the remaining population, only 7/50 = 14% actually have this
height. The large sample has not only yielded a result that is different from
the true proportion (that is to be expected in statistics), it has also
perturbed the distribution of the remaining population.
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The 1936 US Presidential Election

In 1936, Alfred Landon, Republican and governor of TheIit\(?rdI?;Digest
Kansas, was seeking to unseat the incumbent presi- )
dent of the United States, Franklin D. Roosevelt.

The magazine The Literary Digest, attempted to
predict the outcome of the election a month be-
fore by conducting one of the biggest polls ever:
Based on magazine subscription data, club member-
ship lists and telephone directories, it queried more ket g
than 10,000,000 individuals, sending them a mock %Civfi'f’?“’;’ze’ﬂ“ el
ballot.

It received 2.4 million responses and concluded that Landon would win,
57% — 43%.

However, it turned out that Roosevelt won, 62% — 38%. What had gone
wrong?

Literature: https://www.math.upenn.edu/~deturck/m170/wk4/lecture/casel.html


https://commons.wikimedia.org/w/index.php?title=File:LiteraryDigest-19210219.jpg&oldid=286417607
https://commons.wikimedia.org/w/index.php?title=File:LiteraryDigest-19210219.jpg&oldid=286417607
https://commons.wikimedia.org/w/index.php?title=File:LiteraryDigest-19210219.jpg&oldid=286417607
https://commons.wikimedia.org/w/index.php?title=File:LiteraryDigest-19210219.jpg&oldid=286417607
https://commons.wikimedia.org/w/index.php?title=File:LiteraryDigest-19210219.jpg&oldid=286417607
https://www.math.upenn.edu/~deturck/m170/wk4/lecture/case1.html
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Suppose that we have obtained data from a random sample of size
n = 100:

Data

(79, 141, 228, 3, 20, 14, 97, 194, 28, 56, 75, 37, 122, 27, 10,
67, 23, 20, 103, 11, 92, 99, 64, 6, 118, 136, 682, 4, 70, 11,
74, 40, 16, 114, 8, 149, 97, 7, 317, 346, 188, 149, 68, 150,
88, 87, 155, 50, 26, 143, 126, 98, 153, 238, 30, 53, 132, 260,
296, 25, 61, 87, 33, 51, 74, 111, 72, 178, 4, 67, 43, 229, 156,
117, 104, 27, 23, 23, 186, 524, 107, 160, 41, 50, 352, 8, 153,
142, 306, 320, 85, 44, 116, 39, 264, 360, 192, 142, 44, 29}

For most people this is just a “wall of numbers.” The first step in
statistical analysis is to understand and visualize the data. Fln this
section, we will use the above data for our examples.
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Percentiles and Quartiles
We can characterize data by using percentiles:

The xth percentile is defined as the value dy of the data such that x% of
the values of the data are less than or equal to dy.

For instance, the 95th percentile is the datum such that 95% of the data is
equal to or less than that value.

A special case are quartiles:

» 25% of the data are no greater than the first quartile q;,
» 50% are no greater than the second quartile g,

» 75% are no greater than the third quartile qs.

The second quartile is also known as the median of the data.
(You may compare with the notion of the median of a continuous
distribution, introduced previously).
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Percentile Growth Curves
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Calculating Quartiles

Suppose that our list of n data has been ordered from smallest to largest,
so that
x1 <xp < x3 < -0 < X

Then the median is given by

¢ = X(n+1)/2 if nis odd
%(Xn/z + Xp/241) if nis even

Furthermore, the first quartile is defined as
» the median of the smallest n/2 elements if n is even.

» the average of the median of the smallest (n — 1)/2 elements and the
median of the smallest (n+ 1)/2 elements of the list if n is odd.

To calculate the third quartile, replace “smallest” with “largest” in the
above definition.
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¥ Quartiles and Interquartile Range

Mathematica uses the definition of quartiles we have given here. Using the
sample data shown before,

Quartiles[Data]

{35, 87, @}

The median (second quartile) is a measure of location of the data.

The difference between the third and first quartile is called the
interquartile range,

IQR = g3 — q1,
and is a measure of dispersion of the data.

InterquartileRange[Data]

229
2
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Histograms

A histogram is a (usually) vertical bar graph
where each bar represents the (usually) the
proportion or number of data in a given range.

The bars should show a rough silhouette of
the underlying distribution’s density function.
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The histogram was first systematically introduced and analyzed by Karl

Pearson.

Given data in a certain range, the first step is to select the number of
categories, called bins, and correspondingly the width of each bin.

» Too few bins: The shape of the distribution can not be clearly
distinguished, important features will be “smoothed out.”

» Too many bins: Individual bars are not supported by sufficiently many
data points, spurious “features” may appear.



D | JOINT INSTITUTE
D | RREBEHRFPL

Slide 208
Number of Categories and Category Width

Samples and Data

The traditional number of bins k is due to Sturges, which he proposed in
1926:

k = [log,(n)] + 1, (13.1)

where the ceiling [ x| denotes the smallest integer greater than x € R.

Sturges's rule is popular because it is simple and was based on one of the
first serious analyses of this question. However, his derivation is flawed and
the rule results in overly smoothed histograms for large n. Hence, various
alternatives have been proposed.

We remark that the software Microsoft Excel uses the rule

k=[vn].

Instead of the number k of categories, we can also fix the bin width h.
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The Freedman-Diaconis Rule

Among the various improvements that have
been suggested, we will use the Freedman-
Diaconis rule for the bin width A, which was
presented in a publication in 1981.

The rule is designed to minimize the difference
David A. Froodman (1936-200).  Porsi W. Diaconis (1945-) between the actual density of the distribution
of the data and the height of the bars.

More precisely, if data of size n from the distribution of (X, fx) is gathered
on an interval I, then h should be chosen so that

§2(h) = E[/I|H(x) — Fe(x)P dx

is minimized, where H is the normalized height of the histogram bars.


https://commons.wikimedia.org/w/index.php?title=File:David_A_Freedman_(statistician)_1984.jpg&oldid=325114238
https://commons.wikimedia.org/w/index.php?title=File:David_A_Freedman_(statistician)_1984.jpg&oldid=325114238
https://commons.wikimedia.org/w/index.php?title=File:David_A_Freedman_(statistician)_1984.jpg&oldid=325114238
https://commons.wikimedia.org/w/index.php?title=File:David_A_Freedman_(statistician)_1984.jpg&oldid=325114238
https://commons.wikimedia.org/w/index.php?title=File:David_A_Freedman_(statistician)_1984.jpg&oldid=325114238
https://commons.wikimedia.org/w/index.php?title=File:Persi_Diaconis_2010.jpg&oldid=121638920
https://commons.wikimedia.org/w/index.php?title=File:Persi_Diaconis_2010.jpg&oldid=121638920
https://commons.wikimedia.org/w/index.php?title=File:Persi_Diaconis_2010.jpg&oldid=121638920
https://commons.wikimedia.org/w/index.php?title=File:Persi_Diaconis_2010.jpg&oldid=121638920
https://commons.wikimedia.org/w/index.php?title=File:Persi_Diaconis_2010.jpg&oldid=121638920
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The Freedman-Diaconis Rule

Analysis shows that this is realized if the bin width is

h L —
~— as n — 00.
Jn
According to Freedman and Diaconis, numerical calculations show that
he 2-IQR
=~

yields good results for the estimation of the true density fx from the
histogram.

Literature: Freedman, D., Diaconis, P. On the histogram as a density estimator: L;
theory. Z. Wahrscheinlichkeitstheorie verw. Gebiete 57, 453-476 (1981).
https://doi.org/10.1007 /BF01025868


https://www.math.upenn.edu/~deturck/m170/wk4/lecture/case1.html
https://www.math.upenn.edu/~deturck/m170/wk4/lecture/case1.html
https://www.math.upenn.edu/~deturck/m170/wk4/lecture/case1.html
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Determining the Bin Widths
The precision of the data {xi, ..., x,} is the smallest decimal place of the
values x;.

The sample range is given by

max. {xi} — Tm {xi}.
If the number of bins k has been determined (e.g., by Sturges's rule), then
the bin width is calculated as

max{x;} — min{x;}

h =
k

which should be rounded up to the precision of the data. If h is already at
the precision of the data, one smallest decimal unit should be added to h.

If the bin width has been determined (e.g., by the Freedman-Diaconis
rule), then nothing else needs to be done.



JOINT INSTITUTE
RARERBREE

Samples and Data Slide 302 k=

Binning the Data
Next, the actual bins need to be determined. ldeally, the bins should have
the properties that
» The bins represent the data range well and do not go too far beyond it.
» Each datum should fall into exactly one bin.
» The bins should have the same width (in our approach here).

To achieve this, the ideal way is to take the smallest datum, subtract
one-half of the smallest decimal of the data and then successively add
the bin width to obtain the bins.

Since the bin boundaries are now at a higher precision than the data, no
datum can lie on the boundary. The rounding up of the bin widths (if
determined as above) will ensure that the data range is covered.

In practice, however, one often chooses “nice” values as bin boundaries.
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¥ Histogram (Freedman-Diaconis Bin Widths)

In our example, we have 2\I/QR 49.34, which we round up to 50.
Count

i

25 —

20

15

10

0 Values

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700

Mathematica: Histogram[Data, "FreedmanDiaconis"]
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¥ Some Pitfalls
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» The documentation in Mathematica for the bin specification is

misleading. In fact, Mathematica will usually round the number of
bins and their boundaries to “nice” numbers, even if a specific rule is
given. This can be fixed by using the undocumented option

Histogram[Data, {"Raw", "FreedmanDiaconis"}].

Literature: User “Ajasja”, Problems specifying number of bins in Histogram, June
30, 2012, https://mathematica.stackexchange.com/a/7734

In extreme cases, the offset (location of the first bin boundary) can
have a significant effect on the shape of the histogram.

Literature: Akinshin, A. Misleading Histograms, October 20, 2020,
https://aakinshin.net/posts/misleading-histograms/


https://mathematica.stackexchange.com/a/7734
https://aakinshin.net/posts/misleading-histograms/
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¥ Histogram (Sturges's Rule Bin Number)

The data range is 682 — 3 = 679 and Sturges’s rule (based on 100 data)
gives k = 8. We calculate 679/8 = 84.88, which should be rounded up by
one to h = 85.

Count

:

0 100 200 300 400 500 600

Values

Mathematica: Histogram[Data, "Sturges"]
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¥ Histogram (Sturges's Rule Bin Number)

Using the "Raw" option gives the correct number of categories, but the
bin widths and the first bin boundary are calculated in some other fashion.

Count

50

40

30

20

]

0 : ! L L Values
0 100 200 300 400 500 600 700

Mathematica: Histogram[Data, {"Raw", "Sturges"}]
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Describing a Histogram

il

Symmetric, Positive skew, Negative skew,

unimodal unimodal unimodal
Symmetric, ‘ ) ‘ :
Bimodal Multimodal

no prominent mode
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Stem-and-Leaf Diagrams

A stem-and-leaf diagram is a rough way to get an
idea of the shape of the distribution of a random sam-
ple, while preserving some of its numeric information.
It consists of labeled rows of numbers, where the label
is called the stem and the other numbers are called
leaves. This idea was introduced by Tukey in bis fa-
mous book Exploratory Data Analysis in 1977.

To construct a stem-and-leaf diagram from a random
sample, follow these steps:

John W. Tukey (1915-2000)

(i) Choose a convenient number of leading decimal digits to serve as
stems,
(i) label the rows using the stems,
(iii) for each datum of the random sample, note down the digit following
the stem in the corresponding row,
(iv) turn the graph on its side to get an impression of its distribution.


http://1stmuse.com/the_term_software/
http://1stmuse.com/the_term_software/
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¥ Stem-and-Leaf Diagrams
We will continue to use the data of Slide 292.

The package StatisticalPlots includes a command for stem-and-leaf
plots:

Needs["StatisticalPlots "]

StemLeafPlot [Floor[Data, 10], IncludeEmptyStems -» True]

Stem | Leaves
0 | 000000011111222222222223333444445555566666777777888899999
1| 00011111223344444455555678899

2 | 223669

3 | 012456
4

5

6

2
8

Stem units: 100
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Box-and-Whisker Plots (Boxplots)

A boxplot is a representation of data that is useful for checking for
symmetry or skew and, in general, deviation of the data from that
expected of a normal distribution. Boxplots were also introduced by Tukey
in his 1977 book.

This is their general appearance:
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Construction of Boxplots

A boxplot is drawn on an abscissa scale of values corresponding to the
data. Often, the abscissa scale is not shown.

The central box has a center line, located at the median g, while the left
and right sides of the box are located at the first and third quartiles g; and
g3, respectively.

We define the inner fences f; and f> using the interquartile range as
follows:

3 3
flqu—EIQR, f3:q3+§IQR.

The “whiskers” (lines extending to the left and right of the box) end at the
adjacent values

ap = min{xx: xx > fi}, as = max{xx: xx < f3}.
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Construction of Boxplots

We define the outer fences
F1 = q1 —31IQR, F3 = g3 +3IQR.

Measurements xx that lie outside the inner fences but inside the outer
fences are called near outliers. Those outside the outer fences are known
as far outliers.

A boxplot generated from the example data of Slide 292 is shown below:
no > * fear for
- }— } o0 o o -

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700
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Interpreting Boxplots

If data is obtained from a normal distribution, one would expect to see
» a symmetric median line in the middle of the box;
» equally long whiskers;
» very few near outliers and no far outliers.

A rule of thumb states that:

Of 1000 random samples of a normally distributed popula-
tion, it can be expected that 7 will be outliers.
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Near and Far Outliers

Data points lying between the inner and outer fences are called near
outliers, those lying outside the outer fences are called far outliers.

Far outliers are unusual if (and only if!) an approximately bell-shaped
distribution of the random variable X of the population is expected. In this
case, their origin should be investigated.
» If the outlier seems to be the result of an error in measurement or
data collecting, it may be discarded from the data.
> If the outlier seems to be the result of a random measurement, it is
recommended that statistics are reported twice: with the outlier
included and without the outlier.
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Danger of Omitting Data

As an example of the dangers of discarding “outliers”, consider the
following case: a tam of researchers from TU Delft and Microsoft claimed
the discovery of so-called “Majorana particles” in 2018 and published their
results in Nature. In 2021, a retraction was issued:

[T]he data in two of the figures [...] had been unnecessarily
corrected for charge jumps (corrections that were not men-
tioned explicitly in the paper) [...] When the data are replot-
ted over the full parameter range, including ranges that were
not made available earlier, points are outside the 2-sigma er-
ror bars. We can therefore no longer claim the observation of
a quantized Majorana conductance, and wish to retract this
Letter.

Literature: Simonite, T. Microsoft-Led Team Retracts Disputed Quantum-Computing
Paper, WIRED Magazine, March 8, 2020,
https://www.wired.com/story/microsoft-retracts-disputed-quantum-computing-paper/


https://www.wired.com/story/microsoft-retracts-disputed-quantum-computing-paper/
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14. Parameter Estimation
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Introduction to Statistics

14. Parameter Estimation
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Statistics and Estimation
A random variable that is derived from a random sample X1,..., X, of a
population is said to be statistic. Examples include

» any of the sample quartiles g1, g2, gs,

» the sample maximum max{Xi, ..., Xy},

» the sample mean
_ 1
X=- Z Xi.
i=1
We would like to use a given sample statistic to estimate a population

parameter.

For example, the sample mean X can be used to estimate the population
mean W.

Any statistic that is used in such way is then called an estimator and the
value of the statistic a point estimate.
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Bias and Mean Square Error

We would like an estimator to have the following properties:
» The expected value of 8 should be equal to 6,
» 8 should have small variance for large sample sizes.

This motivates the following definition:

14.1. Definition. The difference
6 — E[6]

is called the bias of an estimator 8 for a population parameter 6. If
E[6] = 0, we say that 6 is unbiased.

The mean square error of 6 is defined as

MSE[6] := E[(6 — 6)?].
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Quality of Estimators
The mean square error measures the overall quality of an estimator. We
can write
MSE6] = E[(6 — E[6])] + (6 — E[6))”
= Var[0] + (bias)?.
Hence variance can be just as important as bias for an estimator. In

general, unbiased estimators are preferred but sometimes biased estimators
are used.



JOINT INSTITUTE
RARERBREE

‘
Parameter Estimation Slide 321 1
Simulation of 10 Estimates of 6

—_——— e ®eoeee P
0

Unbiased, small variance

e ee e e ® e P
0

Unbiased, large variance

— e @0 —e0 00— P
0

Biased, small variance

—_— @& & 0o 0 e o
0

Biased, large variance
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Sample Mean

14.2. Theorem. Let Xj, ..., X, be a random sample of size n from a
distribution with mean . The sample mean X is an unbiased estimator for

L.
Proof.

We simply insert the definition of the sample mean and use the properties
of the expectation:

E[X] = E[(X1 + - - - + Xa)/] :%E[Xl bt X0

= LEDa] o EG) = = A

14.3. Theorem. Let X be the sample mean of a random sample of size n
from a distribution with mean u and variance ¢2. Then

o2

Var[X] = E[(X — )] = Z-
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Sample Variance

Proof.
We simply insert the definition of the sample mean and use the properties
of the variance:

Var[X] = Var[(X1 + - - + X)) /n] = %Var[Xl + 4 X

2

g
= —. D

n

no?
2

= %(Var[Xl] + -+ Var[X,)]) = .

Thus X is both unbiased and has a variance that decreases with large n; it
is a “nice” estimator, since we can make the mean square error MSE[X] as
small as desired by taking n large enough.

14.4. Definition. The standard deviation of X is given by 1/Var[X] = o/+/n
and is called the standard error of the mean.
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Medieval Standard Units of Measurement



http://commons.wikimedia.org/wiki/File:Determination_of_the_rute_and_the_feet_in_Frankfurt.png
http://commons.wikimedia.org/wiki/File:Determination_of_the_rute_and_the_feet_in_Frankfurt.png
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Medieval Standard Units of Measurement

The picture on the previous slide is taken from the book “Geometrei. Von
kiinstlichem Feldmessen und Absehen”, published in Frankfurt at the
beginning of the 16" century. An edition from 1570 is available online at
http://books.google.de/books?id=80JSAAAAcAAI&pg=PA1l.

The book describes the recommended method for obtaining a
measurement of “1 foot” (although it doesn't actually use the term):

Sixteen men, small and large, as they freely leave the church one
after the other, are each to put in front of the other a shoe. This
same length is and shall be a right and proper measuring rood.
[..] Using a compass, this same measured rood is to be divided
and distinguished into sixteen equal parts and shall forthwith be
accepted and recognized as a right measuring rood for use in the
field.


http://books.google.de/books?id=80JSAAAAcAAJ&pg=PA1
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The Method of Moments

General problem: How to find an estimator for a parameter of a
distribution?

The method of moments was developed by Chebyshev and Pearson
towards the end of the 19" century.

It is based on the fact that, given a random sample Xi,..., X, of a
random variable X, for any integer k > 1,

— 1
E[XK] = - > XF
i=1

is an unbiased estimator for the kth moment of X. (The proof is
completely the same as for the sample mean.)

In other words, we have good estimators for the moments of a random
variable.
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The Method of Moments

The idea is now to express a parameter in terms of moments and then
simply insert the estimators for these moments to obtain an estimator for
the parameter.

Advantage: This is a simple method to obtain a basic estimator for a
parameter.

Disadvantage: The estimators may not be unbiased and may yield
non-sensical results in some cases.

For example, the variance of a random variable is Var[X] = E[X?] — E[X]?,
so we can set

—

— _—— 9 17 —
2=E[X?]-EX] ==> X7 -X
o [X?] — E[X] P

1< —
=-> (Xu—X)?
m=
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Estimator for the Variance

However, this estimator is not unbiased:

n

E LZI(Xk — X)2]

=E Z(Xku+nx)2]
k=1

e[S W 2K ) S Xk )l X
L k=1

k=1
_ E-i(Xk p)?—2(X - “)((i Xk> — np,> + n(p — X)z]
k=1

r n

— E[[S_ (X~ w)? — 2K — (X — ) + n( — X2,
k=1
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Sample Variance

Simplifying, we have

E[i(xk - X)Q] - E[i(Xk — ) — (X — M)Z}

k=1 k=1
= (3 B0~ )~ nELX 7)),
k=1
We now use that

E[(Xk — 1)°] = Var[X,] = 0%,
E[(X — 1)?] = Var[X] = 0?/n.
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Sample Variance
Then

E[i(Xk —X)2] = (kilo'2 — nf) = (n—1)o>

k=1

It follows that the estimator 02 obtained by the method of moments is
biased:

12 — n—1
E|=S Xk —X)?| = ——0?,
Y e-xp| =
k=1
therefore this estimator would tend to underestimate the true variance.

Instead, we will work with the unbiased sample variance

st LS (- X,

”_1k:1
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Method of Maximum Likelihood

Fisher developed the following approach to finding estimators. Initial ideas
go back to GauB who used similar approaches on certyain problems.

Given a set of observations xi, ... x, from a random variable X, with
parameter 8 one finds the value of 8 most likely to have produced these
observations. This value becomes the estimate 6.

In other words, we express the probability of obtaining x1,...x, as a
function of the parameter 8 and then determine the value of 8 that
maximizes this probability.
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Method of Maximum Likelihood

Let Xy be a random variable with parameter § and density fx, . Given a
random sample (X, ..., Xn) that yielded values (xi, ..., Xn) we define the
likelihood function L by

L(9) = ﬂ fx, (xi)-
i=1

If Xp is a discrete random variable, then L(8) is just the probability of
obtaining the observed measurements:

P[X1 = X1 and ... and X,, = X,,] = ” P[X,' = X,'] = ” fxe(X,')
i=1 i=1

If Xg is continuous, it represents the probability density.

We then maximize L(6). The location of the maximum is then chosen to
be the estimator 6.
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Estimating the Poisson Parameter

14.5. Example. Suppose it is known that X follows a Poisson distribution
with parameter k and we wish to estimate k.

The density for X is given by fi(x) = # x € N. Given a random

sample X1, ..., X, the likelihood function is
n kZXi
L(k) = ” f(xi) = e
i=1

To simplify our calculations, we take the logarithm:

InL(k) =—nk+Inkd xi—In]]x.

i=1

Maximizing In L(k) will also maximize L(k).
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Estimating the Poisson Parameter

We take the first derivative and set it equal to zero:

dn L(k) LA
BT AR P

so we find

k =x.
This is not unexpected, since p = k for the Poisson distribution and X is a
good estimator for w. In this case the maximum-likelihood estimator
coincides with the method-of-moments estimator.

This method can be generalized to finding estimators for multiple
parameters. In that case, the maximum of L(6,...,6;) is found with
respect to all j variables.
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Parameter Estimation

¥ Estimators with Mathematica

Both the method of moments and the method of maximum likelihood (as
well as other methods) are available. Using the data from the previous
section,

maxlike = FindDistributionParameters[Data,
ExponentialDistribution[B],

ParameterEstimator -> "MaximumLikelihood"]
{3->0.0087382}
mom = FindDistributionParameters[Data,

ExponentialDistribution[h],
ParameterEstimator -> "MethodOfMoments"]

(B 0.0087382}



!
Parameter Estimation Slide 336 m

¥ Estimators with Mathematica

Density
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15. Interval Estimation
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Introduction to Statistics

15. Interval Estimation
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Distribution of the Sample Mean
Wanted: More precise information on estimated parameters.

Our goal now is to gain more precise information on the value of an
estimated parameter. What we have obtained so far are point estimates,
but we do not yet know how close such an estimate is to the actual value
of the parameter.

Needed: the distribution of the sample statistic.
As a first example, let us consider the sample mean:

15.1. Theorem. Let X1,..., X, be a random sample of size n from a

normal distribution with mean p and variance o2.

Then X is normally distributed with mean y and variance o2 /n.
15.2. Remark. Even if the sample is taken from a non-normal distribution,

if nis “sufficiently large”, then the distribution of X will be close to normal
due to the Central Limit Theorem 7.13.
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Interval Estimation

15.3. Notation. We will often denote an interval of the form [x — ¢, x + €]
for x ¢ R, € > 0 by x & £. In fact, we define

y=x=te to mean yE€[x—¢ex+e]

We would like to make statements such as “based on the results of a
sample, we are 90% certain that the mean of a population lies in X + L."

Unfortunately, this precise statement is impossible! There is a subtle
point involved (which is often glossed over in textbooks) that will be
explored in an online module.

The following technique is known as interval estimation and the resulting
interval is called a confidence interval.
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Two-Sided Confidence Intervals

15.4. Definition. Let 0 < a < 1. A 100(1 — )% (two-sided) confidence
interval for a parameter 0 is an interval [L1, L,] such that

P[Ll S 0 S L2] =1-a. (15.1)

15.5. Remark. The equation (15.1) does not determine L1 and Ly uniquely;
we will nearly always require centered confidence intervals with

P[O < L1] = P[9 > L2] = a/2.
If the distribution of 8 is symmetric about 6, then
L1=6-1L, Ly=6+L,

where L is a sample statistic and the interval is centered on g, the point
estimate for 6.
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15.6. Remark. It is important to note that in (15.1), the population
parameter @ is not random, but that Ly and Ly are random. Hence, we
may say that [L1, L] is a random interval.

Given 8, a random sample has a probability of 1 — a of yielding sample
statistics L1 and Ly such that 6 € [Lq, L;].
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Interval Estimation for the Mean (Variance Known)

Suppose that we have a random sample of size n from a normal population

with unknown mean p and known variance o2.

A sample yields a point estimate X for u. We want to find L = L(a) such
that we can state with 100(1 — a)% confidence that p = X & L.

In particular, we would like to find a number L so that
PX-L<pu<X+Ll=1-a.

Note again that u is not random, but rather a fixed but unknown
parameter. However, the sample statistic X is random and so is L.

It is crucial that we know the distribution of X.
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The Point z,/,
Given o € [0, 1] we define z,/» € [0, 00) by

a/2 = P[Z > zyp) = /2 . (15.2)

1 /°°
— e
vV 27(' Zo /2
fz
A

a/2 /2

Y
N

—Zq/2 Zy/2
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Interval Estimation for the Mean (Variance Known)

Fix o € [0,1]. Then

X—pn—1L X—p+lL
o/v/n a/v/n

By Theorem 15.1 the sample mean is normally distributed with mean p
and variance a2/n. Thus,

1—a:P[X—L§u§X+L]:P[ <0<

X
o/
follows a standard normal distribution, and so
L
l—-a=P [Z - <0< i
a/f NG
L
=P|l—-——<Z< —
i of/n == o/ﬁi
L
:2P{0§Z§ ileP[ <Z< >
o/v/n o/v/n
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Confidence Interval for the Mean (Variance Known)

In this way we determine L as being the number such that

G/L\ﬁ§2<oo}:a/2.

This is equivalent to writing

P

or L =

L
N Vi
We have proved the following result:

15.7. Theorem. Let Xy, ..., X, be a random sample of size n from a
normal distribution with mean w and variance 0. A 100(1 — a)%
confidence interval on p is given by

Za/2-0'

X+
NG
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Confidence Interval for the Mean (Variance Known)

15.8. Example. An article in the Journal of Heat Transfer describes a
method of measuring the thermal conductivity of Armco iron. Using a
temperature of 100° F and a power input of 550 W, the following 10
measurements of thermal conductivity (in Btu /(hrft °F)) were obtained:

41.60 41.48 4234 4195 41.86
4218 41.72 4226 41.81 42.04

A point estimate of the mean thermal conductivity at 100° F and 550 W is

the sample mean,
X =41.92Btu /(hrft °F).

Suppose we know that the standard deviation of the thermal conductivity
under the given conditions is o = 0.10 Btu /(hrft °F). A 95% confidence
interval (oc = 0.05) on the mean is then given by

: 1.96-0.1
200259 _ 41904 + 196-01 _ [41.862,41.986].

Vn V10

X+
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One-Sided Confidence Intervals

15.9. Definition. Let 0 < o < 1. A 100(1 — )% upper confidence bound
for 8 is a number L such that

PO<L]=1-c.

A 100(1 — a)% lower confidence bound for 6 is a number L such that
P[L<L6]=1-q.

The corresponding intervals are called one-sided confidence intervals.

15.10. Theorem. Let Xi,..., X, be a random sample of size n from a
2

normal distribution with mean u and variance o°.
Zo - O
vn

Zo ' O

T

(i) A 100(1 — )% upper confidence bound on u is given by X +

(i) A 100(1 — )% lower confidence bound on w is given by X —
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¥ Interval Estimation
Mathematica has built-in functionality for two-sided confidence intervals:
Needs [" Hypot hesi sTesting "]

data: = {41.60, 41.48, 42.34, 41.95, 41. 86,
42.18, 41.72, 42.26, 41.81, 42. 04}

Mean [dat a]
41. 924

MeanCl [dat a, KnownVari ance - 0. 01, Confi denceLevel - 0.95]
{41.862, 41.986}

The value for z, /> may be found by inverting the cumulative distribution
function. For instance, for a = 0.05,

I nverseCDF[Normal Di stribution[0, 1], 0.975]
1. 95996

This is useful for finding one-sided confidence intervals.
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Joint Sampling of Mean and Variance

Our interest in the chi-squared distribution is not merely abstract, for
understanding the sum of squares of normally distributed random variables;
in fact, the main application lies in analyzing the distribution of the sample
variance. In the previous chapter, we were able to analyze the sample
mean, and also its distribution, under the assumption of known variance.

If the variance
o? = E[(X — )

is unknown, we must start all over again, and first learn more about the
sample variance

1 & -
§? = Y (Xk—X).
n—1 (X =X)
k=1
The problem essentially is that we are using the random sample X3, ..., X,

to obtain X and S? at the same time, i.e., we actually need to obtain the
joint distribution of X and S2.
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Joint Distribution of Sample Mean and Variance

The following theorem and the chi-squared distribu-
tion were discovered by Helmert in 1876 in the con-
text of statistics of geodesical measurements. It was
published in German textbooks.

However, his results were unknown to English statis-
ticians and the chi-squared distribution was re- _ :
discovered by Pearson in 1900. Fisher and GOSSEt s roser romer issssorn)
(see below) then found its application to statistics.

15.11. Theorem. Let Xi,..., X,, n > 2, be a random sample of size n
from a normal distribution with mean p and variance 2. Then

(i) The sample mean X is independent of the sample variance S2,
(i) X is normally distributed with mean p and variance o2 /n,
(ii) (n—1)S2/0? is chi-squared distributed with n — 1 degrees of freedom.


https://commons.wikimedia.org/w/index.php?title=File:F-R_Helmert_1.jpg&oldid=185816946
https://commons.wikimedia.org/w/index.php?title=File:F-R_Helmert_1.jpg&oldid=185816946
https://commons.wikimedia.org/w/index.php?title=File:F-R_Helmert_1.jpg&oldid=185816946

JOINT INSTITUTE
RARERBREE

Slide 352 e

Interval Estimation

The Helmert Transformation

The Helmert transformation is a very special kind of linear, orthogonal
map from a set of n > 2 i.i.d. normal random variables Xy, ..., X, to a
new set of random variables Yy, ..., Y,.

A sample of size n taken from a normal population X with mean u and
variance o2 is transformed as follows:

O
Yo = T(Xl X2)

Y; = %(Xl + X — 2X3) (15.3)
Yo = n(j_l)(X1+X2+---+Xn1—(n—1)Xn)
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The Helmert Transformation

In matrix notation,

1 1 1 1
vy v v v v X1
L -1 0 0
al=| % VI 0 X3
3} 1 1 1 . n1 X
" \/n(nfl) \/n(nfl) \/n(nfl) n(n—1) "

or Y = AX for short. It is easy to see that the rows of the matrix A are
orthonormal. Thus, A is an orthogonal matrix, A-1 = AT This
immediately implies |det A| = 1, since

1

det A =det AT =detA™! = A = (det A)2 =1
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The Helmert Transformation
Incidentally, the orthogonality of A also implies that if y = Ax, then

Zy, = (Ax, Ax) = (AT Ax, x) Zx (15.4)

We have assumed that the random variables X1, ..., X, are i.i.d., so their
joint distribution function is given by the product of the individual normal
distributions,

n

le...Xn(Xl, Ce an) = ]_[(27r) 1/2 e 2 2( i I‘L)
i=1

1 2 2
—57 ) (X —2pux+p?)
= (2m) "o e 202; o

7i x272 xj+n,
= @2m) 20" <Z uZ e )
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The Helmert Transformation

The Helmert transformation is linear, so its derivative (Jacobian) DA is
simply A. Using (15.4), |det A=1| = 1 and Theorem 11.1 on the
transformation of joint random variables, we obtain

v, (Y, ooy Yn)
= frvo(¥) = B X, (X)xza-1y - |det DA™ (y)|
——————
-1
fﬁ(iy,?ﬂuﬁywnﬁ)
= (27m) "2 "e =1

_L
_ (271-)_”/20._”6 2 (Zy +(y1— \/>/J*) )

= (2m) 207 1e it \f“)2ﬂ(27r)_1/20 =34
i=2
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The Helmert Transformation

We see that the marginal densities are given by

fr(y1) = (2m) 125 te a1 VR

(i) = (2m) V20 te w2, i=2...,n
and the joint density is the product of the marginal densities,

Yoo yn) = (1) - A (02) - - - v, (V)

In particular, the random variables Y1, ..., Y, are independent and
normally distributed.

The random variable Y7 is normally distributed with mean /nu and

variance o2, while Y, ...,Y, have mean 0 and variance ¢2.
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The Helmert Transformation

Proof of Theorem 15.11.
Using the Helmert transformation, we may write

— 1
X =-=Y.
‘\/ﬁ ].
Furthermore,
n e n
(n=1)?=> (X;i=XP*=>_ X7 - nX> ZY2
i=1 i=1
n
=5 v2
i=2

Since the Y; are all independent, it follows that X is independent of $2, so
we have proven the first sassertion of the theorem.
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The Helmert Transformation

Proof of Theorem 15.11 (continued).

. Y 1 -1/2 —1 _adw?
Since X = ;Y1 and (1) = (2m) Y20 te™ 27 | it follows from
Theorem 7.5 that

_ (Wix—y/mu)?
fr(x) = (2m) V20 e %t o/

so X is normally distributed with mean u and variance o2 /n.

Now

(n1)52/0% = ;;vz -y (%)

i—2 \O

is the sum of n — 1 squares of standard normal distributions Y;/o, so it
follows a chi-squared distribution with n — 1 degrees of freedom.

This completes the proof. O
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Independence of Sample Mean and Sample Variance

15.12. Remark. Theorem 15.11 essentially uses the fact that the i.i.d.
variables X, k =1,...,n, are normally distributed. In fact, the converse
result is true also:
Let X1,...,X,, n> 2, be i.i.d. random variables. Then if X and
S? are independent, the Xy, k=1, ..., n follow a normal
distribution.

This means that the independence of X and S? is a characteristic
property of the normal distribution. Furthermore, if in a given situation we
assume that X and S? are independently distributed we are essentially
assuming that the population is normally distributed.

We can use Theorem 15.11 to find a confidence interval for the variance
based on the sample variance S2.
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The Points X1-a/2 and Xa/2.y
Given a € [0,1] and «y > 0 we define X%—a/Z,’y' xi/m € [0, 00) by
X%—a/l’y o
/0 i (x) dx = /2 fo(x) dx = /2,

Xa/2,'y
f

a2 a/2

2 2
/\/17(1/2,}/ Xaj2,y
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Interval Estimation of Variability

From Theorem 15.11 we know that given a sample of size n from a normal
population, (n — 1)S2/0? follows a chi-squared distribution with n — 1
degrees of freedom. Thus

(n—1)S?
l—a=P X%fa/lnfl < T2 < Xi/znfl
_ 2 _ 2
_p (n2 1)S Co? < (;’ 1)S ]
Xo/2,n—1 X1-a/2,n—1

This gives us the following result:

15.13. Theorem. Let Xq,...,X,, n > 2, be a random sample of size n from
a normal distribution with mean g and variance 0. A 100(1 — @)%
confidence interval on ¢? is given by

[(n - 1)52/X;2x/2,n—1' (n - 1)52/X%—a/2,n—1]'
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Interval Estimation of Variability

Often, we are only interested in finding an upper or lower bound for the
variance.

15.14. Theorem. Let Xq, ..., Xp, n > 2, be a random sample of size n from

a normal distribution with mean y and variance 2. Then with
100(1 — a)% confidence,

62 < (n —1)82
Xl a,n—1
and [0, 7] is a 100(1 — a)% upper confidence interval for o
lfa n—1
Similarly, with 100(1 — )% confidence
—1)52
=15 5
Xan 1

and [(" 1S oo) is a 100(1 — )% lower confidence interval for o2.
an 1
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Interval Estimation of Variability

15.15. Example. A manufacturer of soft drink beverages is interested in the
uniformity of the machine used to fill cans. Specifically, it is desirable that
the standard deviation o of the filling process be less than 0.2 fluid ounces;
otherwise there will be a higher than allowable percentage of cans that are
underfilled. We will assume that fill volume is approximately normally
distributed. A random sample of 20 cans results in a sample variance of
s? = 0.0225 (fluid ounces)z. A 95% upper-confidence interval is given by

(n—1)S%  19-0.0225 (fluid ounces)’

= 0.0423 (fluid 2
X%.95,n—1 10117 (fluid ounces)

02 <

This corresponds to o < 0.21 fluid ounces with 95% confidence. This is
not sufficient to support the hypothesis that ¢ < 0.20 fluid ounces so
further investigation is necessary.
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¥ Interval Estimation of Variability

Mathematica has built-in functionality for two-sided confidence intervals

for the variance:

data: = {41.60, 41.48, 42. 34, 41. 95, 41. 86,
42.18, 41.72, 42.26, 41.81, 42. 04}

Vari anceCl [dat a, ConfidencelLevel ->.95]

{0. 0381879, 0.269013}

However, one-sided intervals need to be calculated by hand, using, for
example,
I nver seCDF[Chi SquareDi stri bution[19], 0.05]

10. 117
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Interval Estimation for the Mean (Variance unknown)
Recall that we have derived a formula for the confidence interval of the
mean of a normal distribution using the random variable

_X—p

~a/y/n

which was found to be normally distributed. The Central Limit Theorem

allowed us to extend this result (approximately) even to non-normal
distributions, but one central difficulty remained: o must be known!

V4

Our main goal is to derive a general formula for a confidence interval on
the mean when he value of ¢ is not known and must be estimated.

The difficulty lies in the fact that the distribution of

I

—u
S/+/n

is not known.
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The Student T-distribution

Gosset was a statistician and brewer who worked fur
the Guinness company in Dublin. He was interested
in developing new varieties of barley and became a
pioneer of many important statistical methods.

To prevent the leaking of trade secrets, Guinness
prohibited their staff from publishing findings that
mentioned beer, “Guinness” or the author's name.
Therefore, Gosset published his results under the pr—
pseudonym “A. Student.” Whinel Corions e o e et

15.16. Definition. Let Z be a standard normal variable and let xgy be an
independent chi-squared random variable with v degrees of freedom. The

random variable 7

X3/

is said to follow a T-distribution with -y degrees of freedom.

T, =


https://commons.wikimedia.org/w/index.php?title=File:William_Sealy_Gosset.jpg&oldid=242171466
https://commons.wikimedia.org/w/index.php?title=File:William_Sealy_Gosset.jpg&oldid=242171466
https://commons.wikimedia.org/w/index.php?title=File:William_Sealy_Gosset.jpg&oldid=242171466
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Density of the T-distribution

15.17. Theorem. The density of a T distribution with «y degrees of freedom
is given by

GRS A
0= Ny (15

Proof.
The distribution of x. was found in (11.1) to be

(V) = {2”/2) &

le=v*/2 y >0,
y < 0.

It follows from Theorem 7.5 that /X2 /v = Xy/,/7 has distribution

2w/zrry/2)(f)’) Tlewi2 y >0,

va/\ﬁ(y):{O y<0
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Density of the T-distribution

Proof (continued).
The density of the standard normal random variable Z is given by

1
f7(z) = Wor e 72,

By Theorem 11.2, the density fr of the quotient T = X/Y of two
independent random variables X and Y is given by
[ee]

()= [ ey vl dy.

—00

For T, = Z/(x~/+/7) it follows that

1 24 o L B
f = (£2+7)y?/2 =1y, dy.
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Density of the T-distribution

Proof (continued).

Substituting y = 1/2z/(t2 + 1), z = (t> + 7)y?/2, dz = (t> + ¥)y dy, we

obtain

fTW(t)

—1
1 2/ _1/°°_<2zv)”z
t “ d
\/ﬂzvﬂf(w/z)( R S Vs :
y+1

1 1 < v ) 2 /oo _y 2l 4
e %z dz
VAT (v/2) \ 2+ 0

L M+ 1)/2) (Hr) -
Y

AT T(1/2)
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T-distribution of the Sample Mean

15.18. Theorem. Let Xi,..., X, be a random sample from a normal
distribution with mean p and variance o2. The random variable

_X—p
= S/n

follows a T distribution with n — 1 degrees of freedom.

Tnfl

Proof.
We know that (X — u)/(o/+/n) is standard normal and (n —1)S%/0? is a
chi-squared random variable with n — 1 degrees of freedom. Therefore,
z _ (X-ple/yn) _X-p
VG J(n-1)82/e2)/(n—1) S/VP

follows a T distribution with n — 1 degrees of freedom. O
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Confidence Interval for the Mean (Variance Unknown)
Let 0 <a <1and+y>0. Wedefine ty/5, > 0 by

o0

/ fr () dt = /2, (15.5)
ta/2,'y

where fr_ is the density of the T-

distribution with n degrees of free-

dom. a2

—tap2,y tap2,y

15.19. Theorem. Let Xy, ..., Xpn be a random sample of size n from a
normal distribution with mean u and variance o2. Then a 100(1 — a)%
confidence interval on p is given by

X+ ta/z,n—ls/ﬁ
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Interval Estimation

Confidence Interval for the Mean (Variance Unknown)

15.20. Example. An article in the Journal of Testing and Evaluation
presents the following 20 measurements on residual flame time (in seconds)
of treated specimens of children’s nightwear:

985 9.93 975 9.77 9.67 987 9.67 994 985 09.75
983 992 974 999 988 995 995 993 9.92 9.89

We wish to find a 95% confidence interval on the mean residual flame
time. The sample mean and standard deviation are

X = 9.8525, s = 0.0965

We refer to the table for the T distribution with 20 — 1 = 19 degrees of
freedom and and a/2 = 0.025 to obtain tg02519 = 2.093. Hence we are
95% certain that

p = (9.8525 £ 0.0451) sec.
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16. The Fisher Test
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The Fisher Test

Hypotheses and Testing

In this section we will discuss the second major statistical method for
gaining information on a probability distribution: hypothesis testing. The
goal is to reject or fail to reject statements (hypotheses) based on
statistical data.
We will present three approaches:

(i) Fisher's null hypothesis testing,

(ii) Neyman—Pearson decision theory,

(iii) The amalgam of (i) and (ii) that is still used and sometimes taught
today, called Null Hypothesis Significance Testing.

In our initial discussion, a hypothesis will be a statement about a
population parameter, denoted 6.

The hypothesis will compare 6 to a null value, denoted 6.
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The Fisher Test

Fisher's Null Hypothesis Test

We consider a single hypothesis that compares a population parameter 6 to
a given null value 6q.

This hypothesis will be denoted by Hg and is called the null hypothesis.

Our goal is to find statistical evidence that allows us to reject the null
hypothesis.

The process of using statistical data to decide whether or not a hypothesis
should be rejected is called “performing a hypothesis test".

Null hypotheses take one of three forms:
> Hoi 0= 90

> H0:9§90
» Hy: 60> 6
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Fisher's Null Hypothesis Test

16.1. Example. We want to find evidence that a new car design has a mean
mileage greater than 26 mpg. Therefore, we set up the null hypothesis

Ho: p < 26. (16.1)
Our goal is to gather data that allows us to reject Hyp.

16.2. Remark. A hypothesis test is based on rejecting a hypothesis because
it is possible to gather statistical evidence that a certain claim is likely to
be false, while it is impossible for statistical evidence to directly prove that
a claim is true. This will become more clear soon.

Suppose that the hypothesis (16.1) is given. We then take a random
sample and calculate X. If the value of X is much greater than 26, there is
reason to believe that Hp is false.
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The P-Value for a One-Tailed Test

The test of a hypothesis of the form
H0:9§90 or HO:GZBO

is said to be a one-tailed test.

In our current example (16.1) we take a random sample of size n and find
the value X for the sample mean. We then find the probability of obtaining
the measured value of X or a larger result if 8 = 0y. This is said to be the
significance or P-value of the test.

Note that finding the probability that we obtain X or a greater result if
@ = 26 is an upper bound on the probability given u < 26:

P[X >x|pu <26 <P[X>x|u=26]
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The P-Value for a One-Tailed Test

This is illustrated in the sketch below. The sample mean X follows a
normal distribution with mean u. If w = pg, the probability of obtaining a
value of X at least equal to the measured X is indicated by the shaded
region.

fx
A

Ho: p < po

P —value

|t

Ho
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The P-Value for a One-Tailed Test

If w < wo, the probability will be smaller, since the density curve will be
shifted to the left.

Ho: p < o
upper bound
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The P-Value and Rejecting the Null Hypothesis

The P-value is therefore an upper bound of the probability of obtaining the
data if Hp is true. If D represents the statistical data,

P[D | Hp] < P-value
and we will reject Hp if this value is small.
We then say that we either
» fail to reject Hy or
» reject Hy at the [P-value] level of significance.

The P-value is also called the level of significance of the test.

The statistic on which the P-value is based is called the test statistic. In
our discussion so far, the test statistic has been the sample mean.
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A One-Tailed Test Based on the Normal Distribution

16.3. Example. Continuing from Example 16.1, we may assume that the
mileage of cars currently has a standard deviation of 5 miles per gallon and
that this will also be true for the new design. Furthermore, we suppose
that the gas mileage follows a normal distribution.

We take a sample of 36 cars and find their gas mileages. We decide to
base our rejection of Hy on the sample mean.

If w =26 and o = 5, the sample mean is normally distributed with u = 26
and standard deviation ¢/1/n =5/6.

Suppose that we find a sample mean X = 28.04 mpg.
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A One-Tailed Test Based on the Normal Distribution

We now calculate the P-value of the test, i.e., the probability of obtaining
this or a larger value of the sample mean if Hy were true.

P[X >28.04 | u <26,0 =5] < P[X >28.04|u=260=D5]
X —26 _ 28.04—26
>
5/6 —  5/6
= P[Z >2.45] =1 — P[Z < 2.45]
=1-0.9929 = 0.0071.

—P

This is the P-value of the test. Since it is very small, we decide to reject
the null hypothesis at the 0.7% level of significance.

We may say that there is evidence that the gas mileage of the cars of new
design is greater than 26 mpg.
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Two-Tailed Tests
If we are testing a hypothesis of the form
Ho: 6 =6

we say we are performing a two-tailed test. In this case, the P-value is
twice the value of a one-tailed test, since there is evidence that the null
hypothesis is false if the statistic differs from 6y significantly, regardless of
whether the statistic is greater or smaller.

fx
A

Ho: p = po

P —value

X

Ho



JOINT INSTITUTE

The Fisher Test Slide 385 D | RAREERPL

A Two-Tailed Test Based on the Normal Distribution

16.4. Example. The burning rate of a rocket propellant is being studied.
Specifications require that the mean burning rate must be 40 cm/s.
Furthermore, suppose that we know that the standard deviation of the
burning rate is approximately ¢ = 2cm/s. The experimenter decides to
base the test on a random sample of size n = 25. The null hypothesis is

Ho: p=40cm/s

If Hp is true, the sample mean is normally distributed with mean
po = 40cm/s and variance 02 /n; thus she will use the test statistic

_ X — po
o/v/n

which is standard normal if Hp is true.

Z
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The Z-Test

Twenty-five specimen are tested, and the sample mean burning rate
obtained is X = 41.25cm/s. The value of the test statistic is

X —po 412540

= oiin 2/\/% = 3.125.

V4

Then
P[Z >3.125 | Hy] =1 — P[Z < 3.125 | Hp] =1 — 0.9991 = 0.0009

Since this is a two-tailed test, the P-value is twice this number and she
decides to reject Hg at the 0.18% level of significance.

There is evidence that the burning rate is not 40cm/s.
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Fisher's Null Hypothesis Test

16.5. Remarks.

» Fisher originally recommended rejecting Hp if the P-value is less than
5%, i.e., P < 0.05. However, he later changed his mind and
advocated quoting the actual P-value and deciding whether or not to
reject Hp on a case-by-case basis.

» According to Fisher, this type of test should only be used if very little
is known about the parameter 8. The hypothesis test is just a first
step in investigating 6. Confidence intervals and other techniques give
far more information in practice.

» Fisher also observed that a single significant test should not be enough
to comprehensively reject Hy. Only multiple, independent significant
test should be enough to allow the conclusion that Hy is actually false.
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Does a small P-value provide evidence that Hj is false?

But there is also a more fundamental issue: what a researcher wants is,
given data D, the probability that Hp is true, i.e.,

P[Ho | DJ.

But the P-value is just the converse probability, i.e.,
PID | Ho].

It is easy to write down Bayes's theorem and see that

P[D | Ho] - P[Ho]

P[Ho | D] = P[D | Ho] - P[Ho] + P[D | =Ho] - P[-Hq]

Since P[-Ho] = 1 — P[Ho] we find that

P[D | Ho] - P[Ho]

PlHo | D] = P[D | Ho] - P[Ho] + P[D | =Ho(1 — P[Ho])




JOINT INSTITUTE

:
M
The Fisher Test Slide 389 RAREEREL

Is Hypothesis Testing logical?
Then if P[Ho] # 0 then

P[D | Ho] - P[Ho]
P[D | Ho] - P[Ho] + P[D | =Ho](1 — P[Ho])
1

= P[D|=Ho] 1—P[H,
1+ P[[DI|H0(])] P[I-[IO]O]

P[Ho | D] =

This shows the following:
» If P[Hp] is small, even a large P-value does not mean that Hy is likely
to be true.
» If P[Ho] is large, even a small P-value does not mean that Hy is likely
to be false.
Hence, it is possible that we have data which is very unlikely given Hp, but
that in fact Hp given the data is very likely (and vice-versa).

In short, classical hpyothesis testing does not take the probability of Hy
being true in the first place into account.
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Bayesian vs. Frequentist Statistics

This problem has given rise to Bayesian statistics which attempts to
assign a prior probability to Hy and deduce a posterior probability based
on experimental results. However, finding this prior probability is often
tricky. There are, broadly speaking, two groups of statisticians:
» Frequentists, who mainly ignore the problems mentioned here or
claim that they are not relevant in their specific research (for example,
because they consider P[Hp] to not be small in their experiments).

» Bayesians who claim to understand the logical inconsistencies and
intend to compensate for them via prior and posterior probability
distributions. While theoretically pure, this may be difficult to
implement in practice.

Of course, these are extreme characterizations. In practice, every
statistician knows Bayes’s theorem and will apply it as much as possible
and no statistician entirely rejects frequentist methods.
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Bayesian vs. Frequentist Statistics
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Bayesian vs. Frequentist Statistics
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Does a small P-value provide evidence that Hj is false?

A more serious example:

For young women of age 30 the incidence of live-born infants
with Down’s syndrome is 1/885, and the majority of pregnancies
are normal. Even if the two conditional probabilities of a correct
test result, given either an affected or a normal fetus, were 99.5
percent, the probability of an affected child, given a positive test
result, would be only 18 percent. [...]

Thus, if we substitute “The fetus is normal” for Hy, and “The
test result is positive (i.e. indicating Down's syndrome)” for D,
we have P[D | Ho] = 0.005, which means D is a significant
result, while P[Ho | D] = 0.82 (i.e., 1 —0.18).

Pauker, S. P., & Pauker, S. G. (1979). The amniocentesis decision: An explicit guide for parents. In C. J. Epstein, C. J. R.
Curry, S. Packman, S. Sherman, & B .D . Hall (Eds.), Birth defects: Original article series: Volume 15. Risk, communication,

and decision making in genetic counseling (pp. 289-324). New York: The National Foundation.
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Is Rejecting Hy Trivial?

Tukey and others have argued that a null hypothesis of the form

Ho: n = po is never true in practice; at some point in the decimal
expansion of the null value and the (unknown) true value, a difference will
occur with probability 1.

Therefore, testing to reject Hp is pointless: a significant result can always
be obtained if the sample size n is chosen large enough. Conversely, a
failure to reject Hy simply means that the sample size wasn't large enough.

Hence, if Hp is rejected, that does not show that Hy was false (by the
above argument this was obvious anyway) but only that the researcher was
clever enough to put together a test with enough power to detect this.

One solution for this problem is to avoid two-tailed tests entirely.
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17. Neyman-Pearson Decision Theory
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17. Neyman-Pearson Decision Theory



Neyman-Pearson Decision Theory

Neyman-Pearson Decision Theory

In Neyman-Pearson decision theory, we consider two
competing hypotheses, denoted Hy and Hj.

As before, we seek to reject Hp, in which case we
accept H.

We say that

» Hy is the null hypothesis,

» Hy is the research hypothesis or alternative
hypothesis.
The main difference to Fisher’s approach is that we
actually want to make a decision between two dis-
crete possibilities instead of just finding evidence for
or against Hp.
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Neyman-Pearson Decision Theory

Example of Neyman-Pearson Decision Theory

17.1. Example. Let us revisit Example 16.4. The mean burning rate for a
rocket propellant is supposed to be wo = 40cm/s. It is known that the
standard deviation is ¢ = 2cm/s. If the rocket propellant burns
significantly too fast or too slowly, it can not be used. An experimenter
sets out the two hypotheses

Ho: u =40, Hi: |p— 40 > 1.

If there is evidence that H; is true, the rocket propellant must be
discarded, otherwise it can be used.

The P-value in Fisher's test procedure represents a continuum of evidence
against Hg, while in the Neyman-Pearson approach we will define a sharp
cut-off point for our data. If the data lies beyond this cut-off point, Hp is
rejected and H; is accepted.
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Accepting Hypotheses

The statistical test will end with either

» failing to reject Hp, therefore accepting Hp or

» rejecting Hp, thereby accepting Hj.
If we accept Hp, we do not necessarily believe Hy to be true; we simply
decide to act as if it were true. The same is the case if we decide to accept
H1; we are not necessarily convinced that Hj is true, we merely decide to
assume that it is.

17.2. Example. In the situation described in Example 17.1,

» accepting Hyg means that we assume that the rocket propellant burns
at a mean rate of 40cm/s. It does not mean that we actually believe
that the value is precisely 40 and not 39.993, for instance.

» accepting Hi means that we assume that the rocket fuel burns at a
rate different by more than 1cm/s from the nominal rate. It does not
necessarily mean that we have evidence to support this, merely that
we will assume that it is the case.
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Type | and Type Il Errors
Given a choice between Hy and Hi, there are four possible outcomes of the
decision-making process:

(i) We reject Hp (and accept Hi) when Hj is true.

(i) We reject Ho (accept Hp) even though Hg is true (Type I error).
(iii) We fail to reject Hp even though H; is true (Type Il error).

(iv) We fail to reject Hy when Hp is true.

We will design a test to decide between rejecting or failing to reject Hp
based solely on the probability of committing Type | or Type Il errors,
which we want (of course) to keep as small as possible.



JOINT INSTITUTE
RARERBREE

!
Neyman-Pearson Decision Theory Slide 401 =&

Power, Type | & Type Il Error Probabilities
We define the probability of committing a Type | error,

a = P[Type | error] = P[reject Hy | Ho true]
= Placcept H1 | Ho true].

The probability of committing a Type Il error is denoted

B := P[Type Il error] = P|[fail to reject Ho | H1 true]
= Placcept Ho | Hy true].

Related to B is the power of the test, defined as

Power := 1 — B = Plreject Hy | Hy true]
= Placcept Hi | Hy true].
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a and the Critical Region

To set up the test, we select a test statistic and determine a critical
region for the test: if the value of the test statistic falls into the critical
region, then we reject Hy. Our critical region is determined by the desire to
keep a small, e.g., less than 5%.

Hence, we determine the critical region in such a way that if Hy is true,
then the probability of the test statistic's values falling into the critical
region is not more than a.

17.3. Example. In the situation described in Example 17.1, we may use X
as a test statistic. The experimenter tests a sample of n = 25 specimen.

If Ho is true, X will follow a normal distribution with mean u = 40 and
o//n=2/5 e,

_ X — o

" o/vm

follows a standard normal distribution.

Z



D | JOINT INSTITUTE
D | RREBEHRFPL

Neyman-Pearson Decision Theory Slide 403

a and the Critical Region

Hence, with a probability of 1 — «,
—Zy/2 <Z< Zo/2-
If Hp is true, then the probability that

X — wol
o/

is equal to a. Therefore, the critical region is determined by

> Za/2

(4
o

Y#Mo:l:za/zf (17.1)
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a and the Critical Region

Suppose the experimenter would like to limit o, the probability of
committing a Type | error if she rejects Hg, to 5%. This corresponds to
Zo)2 = 1.96 and inserting the values for g, o and n, we find with
probability 1 — «,

39.216 < X < 40.784.

Hence the critical region is determined by
|X — 40| > 0.784. (17.2)

If X falls into the range of values satisfying (17.2), the experimenter will
reject Hp, knowing that this decision will be wrong with a probability of at
most 5%.
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a and the Critical Region

17.4. Remarks.
(i) In this scheme, The decision whether to reject Hy or not is not driven
by the probability of Hy being true or not, but solely by the
probability of committing an error if Hy is falsely rejected.

(ii) Only Hg plays a role in the calculation of the critical region. H; does
not enter into the discussion at all.

(iii) Rejecting Ho (when the data falls into the critical region) does not
actually mean that there is proof that Hy is true; in the example
above, Hy can be rejected even if | X — 40| < 1.
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a and the Critical Region

If the experimenter in the previous example had wanted to reduce the
probability of making a wrong decision when rejecting Hp, she could have
set a higher bar for rejection: to achieve o = 1%, she would require

X — po
o/v/n
This would lead to a critical region of

|X — 40| > 1.03.

> 247 = 2.575.

If Hg were then rejected because the sample mean fell into the critical
region, the chance of this being in error would only be 1%. The trade-off is
that it becomes less likely that the data will allow rejection of Hy in the
first place.

In this context, it is important to note:

In order for the statistical procedure to be valid, the critical
region must be fixed before data are obtained.
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B and the Sample Size

The second type of error concerns failing to reject Hy even though Hj is
true. We calculate this probability in the case of

Ho: 1 = o, Hi: |p — mol > do

as follows. Suppose that the true value of the meanis u =pg+4, 6 > 0.
The test statistic o

_ X — ko

~ o/y/n

will then follow a normal distribution with unit variance and mean é,/n/o.
Supposing that o has been fixed, we will fail to reject Hy if

Z

—Za/2 <ZzZ< Zo/2-

or
o (e

o — Za/2% <X < W+ Zy0—=

NG
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lllustration of B

P(fail to reject Hp| p = o]

\

P(fail to reject Hp| p = pg + 6]

\
\
\
\

I
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Calculating B for the Normal Distribution

Neyman-Pearson Decision Theory

Using the density of the normal distribution, we then find

P[fail to reject Ho | p = po + 9]

Zo /2
1 2
_ 1 ~(t-8v/A/0)/2 4
= e t
7/
7.rfzo¢/2
1 Za/2_6\/E/a
_ —t2/2
- e /2 gt (17.3)
&
7T_ a/2_6\/E/a-
Zo¢/2_‘s\/ﬁ/‘7
~ ; / e /2 dt.
VT

—00
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Calculating B for the Normal Distribution

Let us suppose Hj is true, i.e., |u — po| > 8p. Then

B = PJfail to reject Hp | H1 true]
< Pifail to reject Ho | n = po + do]

and we have (to good approximation)

1 Za/276\/E/0'
B(r) < iz / e /2 dt.

Adapting the notation from (15.2), we use the number zg € R to indicate

—zg

]. —t2/2
= — dt.
P \/27r',/ y
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Calculating B for the Normal Distribution

Then the relationship between §, a, 8 and n with o known is given by
—28 R 245 — +/n/0
or

N~ (Zoc/2 + 25)202

5 (17.4)

In this way a desired (small) B can be attained by choosing an appropriate
sample size n.

Similarly to the convention used for a, the number 8 when quoted for a
Neyman-Pearson test usually refers to the upper bound of committing a
Type Il error.
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Designing an Experiment for Desired o and B

Neyman-Pearson Decision Theory

17.5. Example. Revisiting Example 17.1, the experimenter would like to
test the hypotheses

Ho: p = 40, Hi:|u— 40 > 1.

in such a way that o = 5% and B = 10%, i.e, if Hy is rejected, there is a
5% chance of this being in error, and if Hy is not rejected (H; is accepted)
there is a 10% chance of this being in error.

The critical region is set as before and the necessary sample size is
calculated from (17.4) using B = 0.10, @ = 0.05, 0 = 2cm/s and
d =1cm/s. Then

n~42,

so the sample size should be at least 42 to ensure § < 0.10.
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Power

Another way to think about B is in terms of power, defined as 1 — § and
formally given by

1 — B = Placcept Hy | H; true].

A given experiment is set up so that we either reject Hy or we don't.
Generally, we would like the probability of rejecting Hp if the alternative
hypothesis is true to be high, i.e., B to be small. Choosing a sufficiently
large sample size ensures that the data gathered is powerful enough to
actually reject Hgp, assuming Hj is true.

One says that an experiment has high power if rejection of Hy is likely,
assuming Hj is true.Generally speaking, a given test is more powerful than
another if it requires a smaller sample size to attain the same .
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Neyman-Pearson Decision Theory

Operating Characteristic (OC) Curves

In (17.3) we calculated the probability of failing to reject Hp as an integral.
In practice, it may be difficult to perform such a calculations for
non-normal distributions and evaluating the resulting integral may be
impractical. For this reason, it is possible to refer to so-called operating
characteristic curves, known also as OC curves.

A single OC curve plots the probability of failing to reject Hp in a
one-sided or two-sided test as a function of the parameter 6. A single such
curve represents a choice of test parameters a and n. Other parameters of
the distribution are also incorporated into the graph.
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Operating Characteristic (OC) Curves

The figure below shows an OC curve for a two-sided test of the null
hypothesis Hy: u = o performed at fixed level o and fixed sample size n.

P[fail to reject Hp]

1,
1-af

Ho
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Neyman-Pearson Decision Theory

Effect of & on an OC Curve
Note that
P[fail to reject Ho | p = po]l =1 — a,
since
Plreject Ho | u = po] = P[reject Ho | Ho true] = a,
by the construction of the test. For different values of «, the curves scale
correspondingly:
P[fail to reject Hp]

1
1—(11

1—(12

Ho
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Effect of the Sample Size on an OC Curve

The sample size affects an OC curve as shown below for n, > ny:

P[fail to reject Hp]

1
l1-a

Ho

A typical graph will show OC curves for various values of n. Furthermore,
for two-sided tests, only the right-hand half of the curve is shown to save
space.
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Using OC Curves to Relate Sample Sizes with g

17.6. Example. Continuing from Example 16.4, suppose that the analyst is
concerned about the probability of a Type Il error if the true mean burning
rate is u = 41cm/s. We may use the following operating characteristic
curve (specific to a = 0.05) to find B:
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Using OC Curves to Relate Sample Sizes with B

In this graph,
d o | — po| 41—40 1
T o 22

Since in our example n = 25 we can read off § = 0.30.

17.7. Example. In Examples 17.5 we used a formula to find the sample
size necessary to reject Hyp if Hj is actually true. We can also read the
result directly from the OC curve as follows:

We want to have 8 < 0.1 if
g Bkl _|n—40 1
o 2 -2
We see that the point (d, 8) = (0.5,0.1) is between the OC curves for

n =40 and n = 50 and that the curve remains below 0.1 for d > 1/2.
Thus the test should involve a sample size of about n = 45 or more.
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OC Curves for One-Tailed Tests

Given a one-sided null hypothesis of the form
Ho: 6 < 8, or Ho: 8 > 6q

an analogous calculation the probability of failing to reject Hy may be
performed, leading to an OC curve as shown below:

P[fail to reject Hp]

l‘ﬁ
Ho : p =< po

l1-a

Ho : = po

Ho
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Summary of Neyman-Pearson Decision Theory

(i

(i

) Select appropriate hypotheses Hy and Hp and a test statistic;
)
(iii) Use a and B to determine the appropriate the sample size;
)
)

Fix o and B for the test;

(iv) Use o and the sample size to determine the critical region;

(v) Obtain the sample statistic; if the test statistic falls into the critical
region, reject Hp at significance level o and accept H;. Otherwise,
accept Hp.
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Neyman-Pearson Decision Theory

Comparison of Fisher and Neyman-Pearson Tests

Superficially, Fisher's test of Hy and the Neyman-Pearson test are related
as follows:

If the P-value in Fisher's test is no greater than the value of a in
Neyman-Pearson’s decision process, then Hy is rejected and H
accepted. Otherwise, Hy is not rejected.

However, this ignores the different philosophies of the approaches: Fisher is
concerned about gathering evidence against Hp, without necessarily
coming to an outright rejection, while Neyman-Pearson desire a definite
decision for either Hy or Hp.
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Neyman-Pearson Decision Theory

Relationship to Confidence Intervals

We have seen in (17.1) that the two-tailed null hypothesis Hy: p = po is
rejected if

o
X +Zzyp—.
# Ko T Zq )2 NG
This is equivalent to
o
X £ zyo—F.
Ko 7£ a/2ﬁ
Hence, we have the following relationship to hypothesis tests:

» Neyman-Pearson: X lies in the critical region for a if and only if the
null value o does not lie in a 100(1 — a)% two-sided confidence
interval for .

» Fisher: Hp is rejected at significance level « if and only if the null
value g does not lie in a 100(1 — a)% two-sided confidence interval
for w.

This generalizes to one-sided tests and is also true for other (non-normal)
distributions.
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Interpretation of the Neyman-Pearson Decision

Suppose that you are performing a Neyman-Pearson test for a population
mean with

Ho: p < o, Hy:p > p

where pg < p1. The test has been designed so that a = 1%, B = 5%.

Finally, Hp is not rejected, i.e., Hp is accepted. Then

(1) There is at most a 5% chance that Hy is true.

(2) There is a 99% chance that Hg is true.

(3) There is a 95% chance of this conclusion being correct.
(4)

4) If Hy is in fact true, the chance of reaching this conclusion is at most

5%.
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18. Null Hypothesis Significance Testing
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Introduction to Statistics

18. Null Hypothesis Significance Testing
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Null Hypothesis Significance Testing

Modern textbooks with titles such as “Statistics for Engineers” and similar
do not explicitly teach either Fisher's Test procedure nor the
Neyman-Pearson decision-making process, but rather a mixture of both.
This is now often called Null Hypothesis Significance Testing (NHST)
and works as follows:

» Two hypotheses, Hy and H; are set up, but H; is always the logical
negation of Hy

» Then either a “hypothesis test” is performed, whereby a critical region
for given a is defined, the test statistic is evaluated and Hp is either
rejected or accepted.

» Alternatively (and more commonly), the test statistic is evaluated
immediately, a P-value is found, and Hy is either rejected or accepted
based on that value.

> In either case, there is no meaningful discussion of 8, since Hj is
exactly the negation of Hy.
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Criticism of NHST

» A small P-value does not guarantee that a large probability that Hy is
false. Fisher did not intend for a small P-value to lead to a clear
rejection of Hg, but only to serve as evidence against Hj if little else is
known.

» Rejecting Hy based on o = 0.05 or 0.01 or any other value is arbitrary.

» NHST is actually biased against failing to reject Hy. From a
Bayesian point of view, it is far too easy to reject Hyp because P[Hp]
does not enter into NHST.

» A two-sided test such as Hyp: 8 = 6y, Hy: 8 # 6y is meaningless.

» The power (and B) of the test is not properly defined, since H; is just
the alternative "not Hy" rather than referring to a distinct value 6;.
Occasionally, this 81 is then mentioned indirectly for purposes of
power calculations.



JOINT INSTITUTE
RARERBREE

!
Slide 420 158

Null Hypothesis Significance Testing

Publication Bias and NHST

NHST is currently the preferred technique for verifying statistical results.
In the current academic environment, research papers are only publishable
if the results are statistically significant. Editors of scientific journals will
usually not publish results where P = 0.23, for example.

This means that many interesting studies are not made available to the
scientific community because they are considered to be “failed
experiments”. However, that does not mean that they are not useful (even
if Ho is true) or that Hp actually is false (since the experiment may simply
not have had enough power).

At the same time, this tempts researchers to continue increasing the
sample sizes of a study or to do repeated studies until they get a result
that is statistically significant and can be published.
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A “Tea-Test”

Consider the following example, given by Fisher in 1935:

In England, tea is often drunk together with milk. Suppose a tea
expert claims to be able to tell whether the milk or the tea has
been poured into a cup first. He is put to the test and is to state
whether or not a given cup was produced by pouring milk first.
His results are

correct, correct, correct, correct, correct, incorrect.

Question. What is the P-value of this test?
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A “Tea-Test”

There are (at least) two interpretations of this example:

» The intention of the researcher, not just the raw experimental data,
may determine the P-value of a test.

» In a hypothesis test, the outcomes that do not occur are just as
important as the outcomes that do occur.

In particular, it is not considered to be good statistical practice to repeat
an experiment to reject a null hypothesis until it is successful. To be
probabilistically pure in the NHST sense, an experiment should be run
once, and if the null hypothesis is not rejected, it should not be repeated.
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Implications for Science

This causes problems of another nature - should an experiment that fails
due to insufficient power really never be repeated ever again? That appears
to be quite contrary to the nature of scientific inquiry.

Of course this is nonsense! In Fisher's approach, data may be obtained as
often as desired, a test repeated as often as necessary, since the proof only
serves as indirect evidence, not as a definitive rejection of the null
hypothesis. In Neyman-Pearson, there are two alternatives and in a given
situation, a decision is necessary. Therefore, data is gathered only once and
a decision is made in the concrete circumstances. The fact that the
alternative hypothesis is usually not just the negation of H; ensures that
the result is meaningful.

However, since most researchers use the NHST approach, there is a large
proportion of Type Il errors in unpublished papers and many studies that
would have led to good results that could not be obtained due to
insufficient power (e.g., small sample size) are abandoned forever.
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19. Single Sample Tests for the Mean and
Variance
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Introduction to Statistics

19. Single Sample Tests for the Mean and Variance
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Single Sample Tests for the Mean and Variance

Instances of Hypothesis Tests

In this section, we will introduce various test statistics that can be used for
either Fisher tests or Neyman-Pearson decision tests. In either case, the
emphasis is first on rejecting some null hypothesis at a certain significance
level, either directly in a Fisher test or by the test statistic being in a
certain critical region. We will also discuss OC curves, as used in
Neyman-Pearson tests for most of these tests.

We have already described how to perform tests for the mean based on the
normal distribution with known variance (sometimes called Z-tests) and
will not repeat these here.
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The T-Test

19.1. T-Test. Let Xi,..., X, be a random sample of size n from a normal
distribution and let X denote the sample mean, S? the sample variance.
Let u be the unknown population mean and wg a null value of that mean.
Then any test based on the statistic

T _ X — po

1=~~~
S/+/n

is called a T-test.

We reject at significance level o

Hop: K = Ko if |Tn—1| > ta/2,n—1v

HO: © < Ko if Tn—l > to,n—1,

HO: 12 > Ko if 7—n—l < _ta,n—l-

v

v

v



JOINT INSTITUTE
RARERBREE

|
Single Sample Tests for the Mean and Variance Slide 441 S

The T-Test

19.2. Example. The breaking strength of a textile fiber is a normally
distributed random variable. Specifications require that the mean breaking
strength should equal 150 psi. The manufacturer would like to detect any
significant departure from this value. Thus, he wishes to test

Ho: w = 150 psi Hy: |n — 150 psi| > 2.5 psi

A random sample of 15 fiber specimens is selected and their breaking
strengths determined. The statistic

_Y—Mo
T="5//m

will follow a Ty4-distribution. We specify o = 0.05, and find
t0.02514 = 2.145. Thus, the critical region is given by |t| > 2.145.
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The T-Test

The sample mean and variance are computed from the sample data as
X = 152.18 and s2 = 16.63. Therefore, the test statistic is

,_ X—po _ 15218 150

T s/yn J/1663/15

which does not fall into the critical region, so there is insufficient evidence
to reject Hp at the 5% level of significance.

2.07,

Note that the T-distribution may be used for )5(;\5‘30 when a sample is
obtained from a normal population. If a sample is obtained from a
non-normal population, care must be taken; for large to medium sample
sizes (n > 25) it can be shown that violating the normality assumption
does not significantly change o and . For small sample sizes, a T-test
cannot be used and an alternative (non-parametric) test must be

employed; such tests will be discussed later.
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OC Curves for the T-Test

The OC curves for T-test have a similar appearance to those for the
normal distribution. However, when calculating the probability of failing to
reject Ho if w = o+ 46, 8 > 0, as we did for the normal distribution, a
difficulty occurs. We obtain the quotient of a non-standardized (u # 0)
normal distribution with a chi-distribution. This leads to the concept of
non-central T -distributions, which we will not go into here.
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Single Sample Tests for the Mean and Variance

OC Curves for the T-Test

The OC curves for the T-distribution feature an abscissa whose scale is
given by
g lw—pol
o
where o is the unknown standard deviation of the random variable. We
are left with three options:
1. If available, we can use prior experiments to insert a rough estimate
for o.

2. We can express the difference § = |u — po| relative to o, e.g.,
prescribing d = § /0 < 1 for a small difference in the mean or
d =0/0 < 2 for a moderately large difference.

3. We substitute the sample standard deviation s for o.
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OC Curves for the T-Test
19.3. Example.

We return to Example 19.2. If the mean breaking strength of the fiber
differs from 150 psi by 2.5 psi or more, we would like to reject the null
hypothesis Hy: p = 150 psi with a probability of at least 0.9. Is the sample
size n = 15 adequate to assure that the test is this sensitive?

o If we use the previously obtained stan-

o nes dard deviation s = 1/16.63 = 4.08,
9 ' then
X luw—po| 25
£ . d= = = 0.61.
2, . s 4.08

The OC chart for n = 15, o = 0.05,
two-tailed, then gives f =~ 0.35. Thus

. %\\\&\ the test is not powerful enough, since
0 1 2
d

* 1-B=0.65<009.

o
N
0%
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The Chi-Squared Test

19.4. Chi-Squared Test. Let Xq,..., X, be a random sample of size n from
a normal distribution and let S? denote the sample variance. Let o2 be the
unknown population variance and o3 a null value of that variance. Then a
test for the variance based on the statistic

5 (n—1)S?
Xn—-1 = 2
90
is called a chi-squared test. We reject at significance level o

» Hyo: 0 =0y if x,2,_1 > Xi/z,,,,l or X%—l < nga/lnfl'
> Ho:o < oo if x5 1> X301,
» Ho: o0 > og if X%—l < X%fa,nfl'
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The Chi-Squared Test

It is important to be aware of the following difficulty:

» The T-distribution can be used in the presence of large sample sizes
for the distribution of the sample mean even if the underlying
distribution is non-normal.

> It is, however, not possible to approximate the x2 ; statistic in this
way if the distribution is non-normal, regardless of sample size!
Therefore, normality of the data must first be tested, and if the data
is non-normal, other methods must be used.
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19.5. Example. One random variable studied while designing the
front-wheel-drive half-shaft of a new model automobile is the displacement
(in millimeters) of the constant velocity (CV) joints. With the joint angle
fixed at 12°, 20 simulations were conducted, resulting in the following data:

6.2
4.6
4.1
1.4

1.9
4.2
3.7
2.6

44 49
11 13
25 37
15 3.9

35
4.8
4.2
3.2

For these data, X = 3.39 and s = 1.41. Engineers designing the
front-wheel-drive half-shaft claim that the standard deviation in the
displacement of the CV shaft is less than 1.5 mm. Do these data support

this contention?
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The Chi-Squared Test

We can translate the described situation into a Fisher test for Hy: o > 1.5,
which is equivalent to testing

Hg: o2 > 2.25.

We obtain x7_g 5,19 = 10.1. Hence the test will have a P-value of less
than 0.05 if
(n—1)s?

%

< 10.1.

The observed value of the test statistic is

19 - 1.412
2.25

= 16.79.

Since this value is greater than 10.1, there is no evidence to reject Hp at
the 5% level of significance.
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Single Sample Tests for the Mean and Variance

OC Curves for the Chi-Squared Test

The abscissa parameter for the OC curves for the two-tailed chi-squared

test is

A= —.
0

Note that the OC curves for the left- and right-tailed chi-squared
distributions are distinct!

19.6. Example. Returning to Example 19.5, the engineers concerned are
dissatisfied that Hp was not rejected. A second test (this time of
Neyman-Pearson type) is to be performed to establish that the standard
deviation is less than og = 1.5 mm.
1. If we want to preset a = 0.05, what is the critical region for the test
at a sample size n = 207
2. If n =20, what true value of o is necessary so that the test will have
a power of 1 — 5 =0.97
3. For a = 0.05, make a statement on the sample size necessary to
ensure that Hy is rejected with 90% probability if o = 1.35.
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OC Curves for the Chi-Squared Test
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Single Sample Tests for the Mean and Variance

OC Curves for Tests on the Variance

1. From the table for the x2, distribution we see that
Plx3_0.05,10 < 10.1] = 0.05, so the critical region for the variance is

—1)s2 2.25.10.1
(=1 101 o 22101

=1.20
0(2) 19

i.e., s < 1.09.

2. For n = 20, the line intersects the horizontal rule § = 0.1 at A = 0.6.
This means that

0 < 0.600=0.9
is necessary for Hy to be rejected 90% of the time.

3. The graph shows that a sample size significantly larger than n = 100
would be necessary.
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20. Non-Parametric Single Sample Tests for the
Median



JOINT INSTITUTE
RARERBREE

!
M
Non-Parametric Single Sample Tests for the Median Slide 454

Introduction to Statistics

20. Non-Parametric Single Sample Tests for the Median
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Non-Parametric Statistics
Previously: used methods based on normal distribution

Now: methods that work more generally, without any assumption on the
random variable X.

Two basic concepts:
» non-parametric statistics do not assume the dependence on any
parameter.

20.1. Example. The confidence interval for the mean derived previously has
the form

- S
or X+ ta/2,n—1

Eva o
X+ —,
2 /2 \/ﬁ

Vvn
which uses the parameters z, /> and o (or ty/2 n—1)-

In contrast, in the assignments we have studied a non-parametric
confidence interval for the median which does not use any parameter that
is not directly derived from the random sample.
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Non-Parametric Statistics

Two basic concepts:

» non-parametric statistics do not assume the dependence on any
parameter.

» distribution-free statistics do not assume that X follows any
particular distribution (such as the normal distribution).

Although different, both types of methods are loosely referred to as
non-parametric methods.
Generally, one uses

» the median or other location measure instead of the mean;

» the interquartile range or other dispersion measure instead of the
variance.
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Sign Test for the Median

The median of a random variable X is defined as the value M such that

1 1
P[X < M] + §P[X =M]= >
Of course, then also
1 1
P[X > M] + §P[X =M] = >

The sign test will have a null hypothesis of either the two-tailed or
one-tailed form

PHQZM:MO
PH()ZMSMQOI’HQZMZMO

and is usually implemented as a Fisher test.
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Sign Test for the Median
The idea is simple: Given a random sample Xj, ..., X, of size n from X,

each measurement has a 1/2 probability of being smaller than M and a
1/2 probability of being larger than M.

(We neglect for now the possibility of X, = M.)

If significantly less than one-half of the sample measurements is less than
or greater than My, this may be taken as evidence to reject Hy.

Given a sample Xy, ..., X,, define
Q+:#{Xk:xk_M0>0}v sz#{XkZXk—Mo<0}.

So Q4 is the number of “positive signs” and Q_ the number of “negative
signs.” We note that

k
P[Q_Sk!MZMo]ZZC);,,

x=0
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Sign Test for the Median

20.2. Sign Test. Let Xi,..., X, be a random sample of size n from an
arbitrary continuous distribution and let

Qi+ = #{Xk: Xk — My > 0}, Q- = #{Xk: Xx — My < 0}.
We reject at significance level o
> Ho: M < My if P[Q- < k| M = Mp] < e,
> Ho: M > My if P[Qy < k| M= M < e,

> Ho: M = My if Pmin(Q_,Q4) < k| M = My] < a/2.
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Sign Test for the Median

20.3. Example. A certain six-sided die is suspected of being unbalanced.
Based on past experience, it is suspected that the median is greater than
3.5. We decide to test the null hypothesis

Ho: M S 3.5.

The die is rolled 20 times, yielding the following results:

X,' X,'—Mo Sign X,' X,'—/\/Io Sign X,' X,'—Mo Sign

5 15 + 3 -0.5 — 4 0.5 +
1 -25 - 6 25 + 4 05 +
5 15 + 2 -1.5 — 4 0.5 +
4 0.5 + 3 -0.5 — 3 -0.5 —
4 0.5 + 5 15 + 3 -0.5 -
6 25 + 5 15 + 4 0.5 +
6 25 + 6 25 +
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Sign Test for the Median

We note that there are 6 negative signs,
QR_=6.

We then find that

P[Q-<6|M=35]= 220 Z <2O> = 0.0577.

This is the P-value of the test. It would be reasonable to decide not to
reject Hp, i.e., the results do not provide convincing evidence that Hy is
false.
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Assumptions, Limitations and Issues

Advantages:
» Very flexible, no assumptions on distribution of X.
» Magnitude of X; — Mg is not needed.

Disadvantages:

» Not very powerful.

Possible Issues:

» In some situations, especially when sampling from a discrete
distribution, it may happen that

Xi— My =0.

In such case, usual practice is to exclude the data from the
analysis.
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Wilcoxon Signed Rank Test

The power of the sign test can be increased by taking the
magnitude of X; — My into account.

In order to avoid using parameters, Wilxcoxon introduced
the notion of ranks: observations are ranked from small-
est to largest and instead of considering simply their sign,
one analyzes the signed rank.

Frank Wilcoxon (1892-1965)

Y


https://projecteuclid.org/download/pdf_1/euclid.ss/1009211808
https://projecteuclid.org/download/pdf_1/euclid.ss/1009211808
https://projecteuclid.org/download/pdf_1/euclid.ss/1009211808
https://projecteuclid.org/download/pdf_1/euclid.ss/1009211808
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Wilcoxon Signed Rank Test

>

The data in a sample of size n is ranked from smallest to largest
absolute difference to the null value of the median.

The observation where | X; — Mp| is smallest will be ranked first and
be assigned rank R; = 1, while the observation where |X; — M| is
largest will receive rank R; = n.

The signed rank is found by multiplying the rank with —1 if
Xi— My <0and +1if X; — Mg > 0.

The positive ranks as well as the negative ranks are summed
separately, yielding two statistics W, and W_.

Ties in ranks are assigned the average of their ranks.
The total sum of the ranks is always n(n+ 1)/2.

If M = My, we expect that the sum of the positive ranks is roughly
equal to the sum of the negative ranks.
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Symmetric Distributions

The analysis of ranks supposes that the data comes from a distribution
that is symmetric about its median. This assumption was not needed for
the sign test.

A random variable X is said to be symmetric about a € R if
X —a and — (X —a)

have the same distribution.

In terms of the density function fx this means that
fx(X — a) = fx(a — X)

(as can be verified by applying Theorem 7.5.)
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21. Inferences on Proportions
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Estimating Proportions

One of the (mathematically) simplest population parameters of general
interest is the proportion of members of a population with some trait.
Every member of the population is characterized as either having or not
having this trait. We describe this mathematically by defining the random
variable

X — {1 has trait,

0 does not have trait.

The proportion of the members of the population having the trait is

P= population size N =

# members wih trait Y
- X
i=1
where N is the population size and x; is the value of the variable X for the
ith member of the population. Hence the proportion is equal to the mean
of X.
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Estimating Proportions

It follows that if we take a random sample X1, ..., X, of X, the sample
mean
_ 1
p=X= - ZX"

is an (unbiased) estimator for p.

The random variable X follows a Bernoulli distribution with expectation
E[X] = p and variance Var[X] = p(1 — p). However, it is often more
convenient to use a normal distribution for confidence intervals and
hypothesis tests.

By the central limit theorem, p is approximately normally distributed with
mean p and variance p(1 — p)/n. Hence,

p—p
p(1—p)/n

is approximately standard-normally distributed.
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Inferences on Proportions

Estimating Proportions

It follows immediately that the following is a 100(1 — a)% confidence
interval for p:

P = zo/21/P(1 = p)/n
But the interval depends on the unknown parameter p, which we are

actually trying to estimate! One solution to the problem is to replace p by
p, i.e., to write

b\:t Za/2 b\(l - ﬁ)/n
But then the number z, /, is no longer accurate (when we replaced o by S
to obtain a confidence interval for the mean, we had to switch from z, 5
to ty /o).
However, we are approximating the binomial distribution in any case - we
might argue that if the sample size n is large enough to allow the central
limit theorem to hold, then the difference between z, /> and a corrected
value will be negligible. This is not a perfect solution, but a detailed
discussion would lead to far here.
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Estimating Proportions

21.1. Example. In 2017, the Institute of Sociology of the Shanghai
Academy of Social Sciences conducted a survey among residents of
Shanghai to ask their opinion about the municipal proposal to limit the
numbers of residents to 25 million by 2020 and keep that number stable
until 2040.

Among the 2079 residents surveyed, 48.5% indicated that this measure
would benefit Shanghai's development. Assuming that those questioned
constitute a random sample of Shanghai residents, a 99% confidence
interval for the proportion of residents with this opinion is given by

p =0.485 + 2.575\/0.485 -0.515/2079 = 0.485 £+ 0.028

Literature: https://archive.shine.cn/metro/society/
Pros-and-cons-of-limiting-citys-population/shdaily.shtml


https://archive.shine.cn/metro/society/Pros-and-cons-of-limiting-citys-population/shdaily.shtml
https://archive.shine.cn/metro/society/Pros-and-cons-of-limiting-citys-population/shdaily.shtml
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Choosing the Sample Size

As a practical matter, we are often able to choose (perhaps within
constraints) the sample size. We may want to be able to claim that “with
xx% probability, p differs from p by at most d.”

Given a 100(1 — )% confidence interval p = p £ z,/5+/P(1 — p)/n, we
know with 100(1 — a)% confidence that

d= Za/2 5(1 - b\)/n
Given d, this means that we should choose
_ 22/25(1 )
D —
to ensure that |p — p| < d with 100(1 — )% confidence. However, this
formula requires us to have an estimate p of p beforehand.
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Choosing the Sample Size

If no estimate for p is available, we can at least use that x(1 — x) < 1/4
for all x € R to deduce that )
%
4d?

will ensure |p — p| < d with 100(1 — )% confidence.

21.2. Example. How large a sample is needed to estimate the proportion of
members in a population with a certain trait to within 0.02 with 90%
confidence?

Since no prior estimate is available, we take

g5 1.6452

= 4d2 4002 1092

n
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Inferences on Proportions

Hypothesis Testing

21.3. Test for Proportion. Let X1, ..., X, be a random sample of (large)
size n from a Bernoulli distribution with parameter p and let p = X denote
the sample mean. Then any test based on the statistic

‘= po(1 — po)/n
is called a large-sample test for proportion.
We reject at significance level o

> Ho: p=po if |[Z] > z4)2,

> Ho: p< pgif Z> z,,

> Hy: p> po if Z < —2z,.
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Comparing Two Proportions
Two Populations:

» XU ~ Bernoulli(py),

» X ~ Bernoulli(p,).
Goal: make inferences on p; — po.

Suppose a random sample of size n; from population 1 and another
random sample of size ny from population 2 are given.

An unbiased estimator for p; — py is

o —

pr—poi=p—pp = X=X,

where Y(l) and Y(z) are the sample means of the respective random
samples.
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A Confidence Interval

We have the approximate distributions

<@ N(plypl(l_Pl)), <@ NN<p2,P2(1_P2))

nm n
We can infer that for large samples

o —

p1— p2 ~ N(Pl—Pz,

1-— 1-—
p1(1 — p1) L+ pa( Pz))
nm ny

This allows us to deduce the following 100(1 — a)% confidence interval for
pL— p2:

~ pi(l —p p2(1 — P
P1—P2i2a/2¢ 1 1)+ 2 2)
n np

which is valid for large sample sizes.
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Comparing Two Proportions

21.4. Test for Comparing Two Proportions. Suppose two random samples
of (large) sizes ny and np from two Bernoulli distributions with parameters
p1 and py are given. Denote by p; and p» the means of the two samples.

Let (p1 — p2)o be a null value for the difference p; — po. Then the test
based on the statistic

7 _ p1— P2 — (p1 — P2)o
\/31(151) | B1=2)

mn mn

is called a large-sample test for differences in proportions.

We reject at significance level o
> Ho: p1 — p2 = (p1 — p2)o if |Z] > 242,
» Ho: pr—p2 < (p1 — p2)o if Z > z,,
> Ho: p1 —p2 > (p1 — p2)o if Z < —z,.
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Pooled Estimator for the Proportion

Most commonly we test against the null value (p1 — p2)o =0, i.e.,
Ho: p1 = p2.

If Hg is true, the common proportion is
P = p1 = p2.

Then both p; and p; are estimators for p.
It turns out that the best course of action is to take the weighted average:

we define the pooled estimator for the proportion,

. mp1+mp
= 21.1
P ny —+ np ( )
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Inferences on Proportions

Pooled Test for Equality of Proportions

21.5. Pooled Test for Equality of Proportions. Suppose two samples of
(large) sizes ny and ny from two Bernoulli distributions with parameters p;
and po are given. Denote by p; and p» the means of the two samples. Let
p be the pooled estimator for the proportion. Then the test based on the

statistic R
P1—p2

o= (5+ %)

is called a pooled large-sample test for equality of proportions.

/ =

We reject at significance level o
> Ho: p1 = p2 if |Z| > z4)0,
> Ho: pr < p2if Z> z,,
> Ho: p1 > po if Z < —2z,.
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Pooled Proportions

21.6. Example. Many consumers think that automobiles built on Mondays
are more likely to have serious defects than those built on any other day of
the week. To support this theory, a random sample of 100 cars built on
Monday is selected and inspected. Of these, eight are found to have serious
defects. A random sample of 200 cars produced on other days reveals 12
with serious defects. Do these data support the stated contention?

We test
Ho: p1 < p2.

where p; denotes the proportion of cars with serious defects produced on
Mondays.

Estimates for p; and p; are

p1 = 8/100 = 0.08, p2 = 12/200 = 0.06.
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Pooled Proportions
The pooled estimate for the common population proportion is

~ 100 -0.08 + 200 - 0.06
B 100 + 200

= 20/300 = 0.066.

)

The observed value of the test statistic is
p1L— P2 B 0.08 — 0.06
\/,3(1 - (E+2%) \/0.066 10934 (ks + 745
From the standard normal table, we see that the probability of observing

this large or a larger value is 0.2546, so there is no evidence that Hy might
be false.

= 0.658.
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Comparing Two Variances

Two Normally-Distributed Populations:

> X(l) ~ N(IJ,LO'%),
> X@) ~ N(po, 03).

Goal: Develop a test to compare 02 and o3.

Taking samples of sizes n; and ny from the populations, we know that

(m-1)8% ., (m—-1)85
T ~ Xn—11 T ~ Xnp—1-

The difference of two chi-squared distributions is hard to analyze, so we
may be better off looking at the quotient:

o2
02 =03 if and only if —é =
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The F-Distribution

22.1. Definition. Let X2 and X3, be independent chi-squared random
variables with «y; and <y, degrees of freedom, respectively.

The random variable )
X'n/’Yl

F. =
Y172 X ,%2 /’y2

is said to follow an F-distribution with «y; and <y, degrees of freedom.

22.2. Remark. From the definition, it is clear that

1 1 1

P[F'YL'Yz<X]:P[

so the density functions of the F,, 5, and F,, ,,-distributions are related.
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Comparison of Two Variances

Density of the F-Distribution

Using Theorem 11.2 for the density of the quotient of two independent
variables we can calculate the density function explicitly:

22.3. Lemma. The density of a random variable following an F-distribution
with ;1 and -, degrees of freedom is given by

(x) = 412y 12/2 () X1/

P TNE) (ax o+ ) )2

fyme

for x > 0 and f, 4,(x) =0 for x < 0.
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Critical Points of the F-Distribution
For 0 < a < 1, we define the point fy , v, by P[Fy, v, > faryi ] = o

f,

Y172

A

Selected critical values f, ., 4, are tabulated. Since the F distribution has
two parameters <y; and <o, often only the values fy 1,4, and fo.05,,,4, are
listed for various values of y; and 5.
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Critical Points of the F-Distribution

From Remark 22.2 we see that

l-a= P[vaz > fl—a,'ymz]
=1- P[F'YL'Yz < fl—am,'h]
= P[me < 1/fl-amryz]
=1- P[F'yz,'n > 1/f17a,’Y1.'yQ]
!
=1- P[F'n,'n > fa,'yz,’n]

o)
1

S (22.1)
fa!’Y2v’YI

fl*a,’)’l,’h =

It follows that the values of the “right-tail” critical point fy 4, 4, are
sufficient to find corresponding “left-tail” points.
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The F-Distribution

22.4. Theorem. Let S? and S3 be sample variances based on independent
random samples of sizes n; and ny drawn from normal populations with
means @1 and wp and variances af and a%, respectively.

If 02 = 03, then the statistic

5%/53
follows an F-distribution with n; — 1 and n, — 1 degrees of freedom.
Proof.

We know that (n; — 1)5%2/0% and (ny — 1)S3/03 follow chi-squared
distributions with n; — 1 and ny — 1 degrees of freedom, respectively. Then

[(n —1)S3/0f]/(m —1) _ 0357
[(n2 —1)S3/03]/(m2 — 1) 0§55

Fnl—l,ng—l —

If 07 = 03, this reduces to 5%7/53. O
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The F-Test

22.5. F-Test. Let S? and S3 be sample variances based on independent
random samples of sizes n; and ny drawn from normal populations with
means u1 and up and variances o2 and o3, respectively. Then a test based
on the statistic

St
Fn1—1,n2—1 = ?%
is called an F-test.
We reject at significance level o
52
» Ho: 01 <oy if 52 > fa,m—1,m—1,
52
> HO: 01> 02 if =5 > fa,ng—l,nl—lv
51
52

. _ 2
» Ho: 01 =02 if 52 fa/2,n1—1,n2—1 or 52 > fa/2,n2—1,n1—1
1
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Remarks on the F-Test

22.6. Remarks.

>

We have used (22.1) and written the critical regions in terms of
right-tailed points; note the subscripts of the critical points carefully!

For the F-test to be applicable, it is essential that the populations are
normally distributed.

If possible, the sample sizes n; and ny should be equal.

It turns out that the F-test is not very powerful; B can be quite large.
In order to keep B small, one often tests at &« = 0.1 or & = 0.2 level of
significance.

When testing to see whether two population variances are equal for
the purposes of later applying other tests, such as a comparison of
their means, one hopes to not reject Hyp! In that case, the
probability of committing a (Type II) error is given by f and a small 8
is more important than a small c.
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Comparison of Two Variances

Comparing Two Variances - The F-Test

22.7. Example. Chemical etching is used to remove copper from printed
circuit boards. X1 and X, represent process yields in % when two different
concentrations are used. Suppose that we wish to test

Ho: 03 = 03.
Two samples of sizes ny = ny = 8 yield 512 = 4.02 and 522 = 3.89, and

2
s 4.02
- =-—=1.03.
s?  3.89
We see that fy.1.77 = 2.785. Since our test statistic is much smaller than
this value, the P-value of the (two-tailed) test is significantly greater than
2-0.1 = 20%. There is not enough evidence to reject Hp.
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OC Curves for the F-Test

For the case n; = ny = n there are OC curves plotting B against the

parameter
01

A=—.

02

22.8. Example. Continuing from Example 22.7, suppose that one of the
concentrations affected the variance of the yield so that one of the
variances was four times the other and we wished to detect this with
probability at least 0.80. What sample size should be used?

For this situation, a Neyman-Pearson test should be used:
2 2
o7 o
Hozafzag, Hi: max(é,é) >4
02 03

If one variance is four times the other, then A = 01 /0, = 2.
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OC Curves for the F-Test

1.00
2l =n, L
0.80 . ny<g
=}
=
Z 0.60
©
— 6 6
s /A A
= 0.40 8
3 [T AN
< [ 10 %
: 'll 1e Q
21 N2
0.20 .= A o
L
51 o\
101
0
0 0.40 0.80 1.00 1.40 1.80 2.20 2.60 3.00 3.40 3.80 4.00
A

From the OC chart, we see that a sample size of about 20 will be sufficient.



) | JOINT INSTITUTE
| RARER P

Comparison of Two Means Slide 495 I

23. Comparison of Two Means



JOINT INSTITUTE
RARERBREE

!
Comparison of Two Means Slide 496 W=

Introduction to Statistics

23. Comparison of Two Means
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Comparing Two Means

Two Normally-Distributed Populations:

> X(l) ~ N(IJ,LO'%),
> X@) ~ N(po, 03).

Goal: compare w1 and uo.

Three Basic Cases:

» 02 and o3 are known
» 02 and 03 are unknown but 0% = 03

» 02 and 03 are unknown and not necessarily equal

Also:

» paired comparisons

> non-parametric tests

JOINT INSTITUTE
RARERBREE
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A Point Estimator for the Difference of Means

We take random samples XY and X@ of sizes ny and ny from the
populations, we can find a point estimator for the difference of the two
means

—_—

M1 — Q2 1= [y — 2 = x® _x®

Since
XY Ny, 02 /ny), X® ~ N(ua, 03/m),

we see that X7 — X5 is normal with mean i — po and variance
o2/ +a3/ny, ie.,
XWX (1 — o)

1/0’%/”1 +o§/n2

is a standard normal random variable.
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Comparison of Two Means

Neyman-Pearson Test with Variances Known

We may use this result to obtain confidence intervals for the difference of
means and to conduct hypothesis tests.

23.1. Example. The plant manager at an orange juice canning facility is
interested in comparing the performance of two different production lines
in her plant. As line number 1 is relatively new, she suspects that its
output in number of cases per day is greater than the number of cases
produced by the older line 2.

She sets up the hypotheses
Ho: p1 < o, Hi: w1 > pp + 10cases.

She decides to use o = 5%. The test statistic is
X1 — Xo

\/o2/nm + 03/

and Hp will be rejected if this number is greater than zy g5 = 1.645.

/ =
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Neyman-Pearson Test with Variances Known

From experience with operating this type of equipment it is known that
0?2 =40 and 03 = 50.

Ten days of data are selected at random for each line, for which it is found
that x(1) = 824.9 cases per day and x(?) = 818.6 cases per day.

The value of the test statistic is then calculated to be
824.9 — 818.6

=2
/40/10 + 50,10

Since Z > 1.645 we reject Hy at a 5% level of significance. The alternative
hypothesis H; is accepted.

The plant manager concludes that the new production line produces 10
cases per day more than the older line (and may decide to replace more of
the older lines as a consequence).
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OC Curves for Variances Known

We can also use the OC curves for the normal distribution to find power
and sample size for a test. In that case, we use

_ k1 — po
\/a%—i-a%

with n = n; = ny (equal sample sizes).

d

If n1 # ny, the table is used with the equivalent sample size

. of—l—ag
) 2 :
oi/m + o5/
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OC Curves for Variances Known

23.2. Example. Continuing from Example 23.1, if H; is true, we want to
find the sample sizes (number of days) required to detect this difference
with a probability of 0.90.

1.00

o o
@ 0
o S

o
~
o

Probability of accepting Hy

We have d = 10/+/40 + 50 = 1.05 and using the chart for a = 0.05
(one-sided) we find n=ny = ny, = 9.
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Confidence Interval for the Difference of Means

23.3. Example. Using the data of Example 23.1, a 95% lower confidence
bound for the difference in mean production is

W1 — po = x1) _x(2) :I:za\/a%/nl —|—a§/n2
= 824.9 — 818.6 — 1.645,/40/10 + 50/10

=63-49
=24

We could use this interval to decide whether or not to reject Hp: p1 < u2
at the 5% level of significance: Since the lower bound is greater than zero,
Ho is rejected.
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Comparing Two Means - Equal Variances
Now suppose that the variances are equal but unknown,

02— 2 = 2.

Then L
(X1 = X2) — (p1 — p2)

L\ JoR(1/m +1/m)

is standard normal

Similarly to (21.1), we define the pooled estimator for the variance

o (m—1S}+(m—1)S

23.1
P ng—+ny—2 (3 )
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Comparing Two Means - Equal Variances

It is immediately clear that

(nl +np — 2)5?7 (n1 — 1)5% n (n2 — 1)5%

X2, = =
m—+ny—2 o2 o2 o2

follows a chi-squared distribution with n; + n, — 2 degrees of freedom.
Furthermore,
Thitn—2 = ‘
VX2 o/ (M + m = 2)
_ (X1 —X2) = (k1 — po)
V/S3(L/m +1/n2)

follows a T-distribution with n; 4+ ny — 2 degrees of freedom.
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Confidence Interval for the Difference of Means

We immediately obtain the following 100(1 — a)% confidence interval for
H1— K2,

(Yl — Y2) + ta/2'n1+n2_2\/5,2)(1/n1 + 1//72),
where ty /5 4 n,—2 is defined in (15.5).

23.4. Example. In a batch chemical process used for etching circuit boards,
two different catalysts are being compared to determine whether they
require different emersion times for removal of identical quantities of
photo-resistant material.

Twelve batches were run with catalyst 1, resulting in a sample mean
emersion time of X; = 24.6 minutes and a sample standard deviation of
s; = 0.85 minutes. Fifteen batches were run with catalyst 2, resulting in a
mean emersion time of Xo = 22.1 minutes and a standard deviation of

s» = 0.98 minutes.
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Confidence Interval for the Difference of Means

We will find a 95% confidence interval on the difference in means pq — u»
assuming that the variances of the two populations are equal. The pooled
estimate for the variance gives

2 (n —1)s? + (ny — 1)s2

= 0.8557
P ni+ny—2

so s, = 0.925. Since tg.025,25 = 2.060, we obtain

w1 — 42 = (2.5 £ 0.74) minutes
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Student's T-Test for Equal Variances

23.5. Student’s T-Test for Equal Variances. Suppose two random samples
of sizes ny and no from two normal distributions N(u1,02) and N(uo2, 0?)
are given.

Denote by Y(l) and 7(2) the means of the two samples and let 5,2, be the
pooled sample variance (23.1). Let (u1 — p2)o be a null value for the
difference w1 — w2. Then the test based on the statistic

(XM = X®) — (41— pa)o
\/S3(L/m +1/n2)

is called a Student’s (pooled) test for equality of means.

Tn1+n2—2 —

We reject at significance level o
> Ho: p1 — po = (p1 — 2)o if |Toy4m—2] > tay2,m4m—2,
> Ho:pr — w2 < (p1 — m2)o if Toyym—2 > taynm+m—2,
> Ho:py —p2 > (p1 — p2)o if Thypm—2 < —ta,m4m—2.
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Student’s T-Test for Equal Variances

23.6. Example. Two catalysts are being analyzed to determine how they
affect the mean yield of a chemical process. Specifically, catalyst 1 is
currently in use, but catalyst 2 is acceptable. Since catalyst 2 is cheaper, if
it does not change the process yield significantly, it should be adopted.

We decide to test the hypotheses
Ho: p2 > p1, Hi: po < pp — 3%.

From experience with this type of chemical process, the yield follows a
normal distribution and the variance of the yield is independent of the
catalyst used.

We therefore conduct a Student T-test with a = 5% and choose sample
sizes n1 = np» = 8. Then the critical value of the test statistic is
to.05,14 = 1.761.
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Student's T-Test for Equal Variances
Pilot data yields

X1 =93.75%, s? =3.80%%, X2 =91.73%, s5 =4.02%>.
Then sg = 3.96%2 and the test statistic is

X1 — X2 o
sp\/l/nl + 1/”2

Since this is greater than the critical value, we reject Hy and accept Hj.

2.03.

We conclude that catalyst 2 induces a significantly lower yield (by 3%)
than catalyst 1.
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OC Curves for Equal Variances

In the case of equal variances 02 = 03 = 0 and equal sample sizes

ny = np = n, we can use the usual OC curves for the T-test with

_ |1 — po

d
20

However, we must use the modified sample size n* = 2n — 1 when
reading the charts. As before, when ¢ is unknown, we must either use an
estimate or express the deviation in terms of o.

23.7. Example. In setting up the experiment of Example 23.6 it was desired
that the power should be at least 0.85. What sample size was required?

We use oo = 0.05 and the previously determined s, = 1.99 as an estimate
for the common standard deviation o.
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OC Curves for Equal Variances
Then d = §/(20) = 3/(2-1.99) = 0.75 and B = 1 — 0.85 = 0.15.

1.00
0.90
0.80
0.70
0.60
0.50
0.40

0.30 2

Probability of accepting Hp

A\} >
0.20 3 2 \2\2\ 2 \? S S
AT \\‘/ A =
- 2% (CALAREN
0.10 RS

—08 06-04-0.2 0 02 04 06 08 1.0 1.2 1.4 16 1.8 20 22 24 26 2.8 3.0 3.2
d

The chart gives n* = 15, so n = (n* + 1)/2 = 8 was sufficient.
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A Warning Regarding Pre-Testing
The previous discussion of Student’s T-test for comparison of means made
two assumptions:

» Both random variables follow normal distributions.

» Both random variables have equal variances ¢2.

Comparing the means of two populations is a very common procedure in
many applied sciences. In such cases, there is a temptation to

(i) Collect data.

(ii) Perform pre-tests on the data (e.g., test for equality of variances or
test for normality)

(iii) Then perform the comparison of means test depending on the result
of the pre-test.

This is not recommended!
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A Warning Regarding Pre-Testing

Performing such pre-tests and then conditionally on the results using some
other test on the same data will invalidate the P-value of the
comparison of means test.

It is fine to test for normality, equality of variances or other properties and
then to gather new data for a comparison of means test. But using
the same data creates serious problems.

Literature:

» Rasch, D., Kubinger, K. and Moder, K. The two-sample T test: Pre-testing its
assumptions does not pay off. Stat. Pap. 52 (2011).

» Rochon, J., Gondan, M. and Kieser, M. To test or not to test: Preliminary
assessment of normality when comparing two independent samples. BMC Med
Res Methodol 12, 81 (2012).

» Zimmerman, D. W. A note on preliminary tests of equality of variances. Br J
Math Stat Psychol. 57 (2004).


https://www.researchgate.net/publication/226351592_The_two-sample_t_test_Pre-testing_its_assumptions_does_not_pay_off/citation/download
https://www.researchgate.net/publication/226351592_The_two-sample_t_test_Pre-testing_its_assumptions_does_not_pay_off/citation/download
https://doi.org/10.1186/1471-2288-12-81
https://doi.org/10.1186/1471-2288-12-81
https://doi.org/10.1186/1471-2288-12-81
https://doi.org/10.1348/000711004849222
https://doi.org/10.1348/000711004849222
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Populations with Unequal Variances

We now consider the case of two normal populations with unequal
variances. Recall that

Y(l) - YQ) - (P«l - IL2)
\/a%/nl +a%/n2

follows a standard normal distribution.

Now if the variances of the populations are not equal and unknown to us,
we are faced with estimating the variance:

—
2 2 2 2
g1 | 92 51 53
(+ ) _s. 8
ny ny ny no

The main problem is that the distribution of the right-hand side is
unknown.
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The Welch-Satterthwaite Approximation

23.8. Welch-Satterthwaite Relation. Let X, ..., X() be k independent

normally distributed random variables with variances 0%, o ai.
Let 512, e ,s,f be sample variances based on samples of sizes ny, ..., ng
from the k populations, respectively. Let A1,..., Ak > 0 be positive real

numbers and define

_ (A1s? + - + Asp)?
< (Nis?)?

o i1

Then

_ >\1512 —1—)\2522 + .- —|—)\ks,f
K )\10% +>\20% +---+)\kai

follows approximately a chi-squared distribution with v degrees of
freedom.
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The Welch-Satterthwaite Approximation
We are interested in the case k =2, A\; = 1/n; and Ay = 1/ny. Then

(S2/m + S3/m)?
VT Gy, SHm (23.2)

m-—1 n—1

and
Si/m +S3/m

0?/n1 + 03/
follows approximately a chi-squared distribution with v degrees of freedom.
It is then easy to see that

(Yl - Y2) — (1 — p2)o
\V/ST/m +S3/m

follows a T-distribution with 7y degrees of freedom.

T, =
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Welch's T-Test for Unequal Variances

23.9. Welch's T-Test for Unequal Variances. Suppose two random samples
of sizes ny and ny from two normal distributions N(u1,0?) and N(u2, 03)
are given.

Denote by 7(1) and 7(2) the means of the two samples and let « given by
(23.2). Let (m1 — p2)o be a null value for the difference 1 — p2. Then the
test based on the statlstlc

X1 = X2) — (B1— p2)o

\/SE/m + S35/

is called a Welch’s (pooled) test for equality of means. \We reject at
significance level o

> Ho:py — w2 = (p1— p2)o if [Ty| > tayo,

» Ho: p1 — po < (1 — p2)o if Ty > tay,

> Ho:pyg —p2 > (p1 — p2)o if Ty < —tgq.

7, =
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Welch's T-Test for Unequal Variances

23.10. Remarks.
» In practice, we round <y down to the nearest integer.

» One disadvantage of unequal variances is that power calculations are
much more difficult. There are no simple OC curves for Welch's test.

» As remarked earlier, it is not a good idea to pre-test for equal
variances and then make a decision whether to use Student’s or
Welch's test. In fact, current recommendations are to always use
Welch'’s test. (This is different from what you find in most
textbooks. See, for example, the literature below.)

The reason is that Welch's test is only slightly less powerful that
Student'’s test even if the variances are equal. if they are unequal,
Student's test is very unreliable.

Literature: The blog article at http://daniellakens.blogspot.com/2015/01/
always-use-welchs-t-test-instead-of .html and the author's paper cited there.


http://daniellakens.blogspot.com/2015/01/always-use-welchs-t-test-instead-of.html
http://daniellakens.blogspot.com/2015/01/always-use-welchs-t-test-instead-of.html
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24. Non-Parametric Comparisons; Paired Tests
and Correlation
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Introduction to Statistics

24. Non-Parametric Comparisons; Paired Tests and Correlation
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Non-Parametric Comparison of Location

Problem: Two independent random variables X and Y are given. Nothing
is known about their distribution. Comparing means or even medians is
difficult.

Approach: Compare their locations by checking if

N~

P[X>Y]+%P[X:Y] =

If the above probability equals 1/2, a random observation of X will be
greater than or equal to a random observation of Y with probability
one-half, and of course the converse is also true.

Here we will assume that X and Y are continuous random variables, so
we may omit P[X =Y.
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The Wilcoxon Rank-Sum Test

The Wilcoxon rank-sum test is used to decide whether to reject the null
hypothesis

1 1
HO:P[X>Y]:§ or HO:P[X>Y]§§.

If both X and Y follow the same distribution, possibly with different
location parameter, this may be interpreted as a test comparing the
medians of X and Y.

Observations of X and Y are ranked from smallest to largest. For each
population, the ranks are summed independently. If P[X > Y] =1/2, then
the sum of ranks should be roughly the same for both populations.

To make calculations easier, it is sufficient to consider the sums of ranks of
the smaller sample (if sample sizes are different).
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The Wilcoxon Rank-Sum Test

24.1. Wilcoxon Rank-Sum Test. Let X and Y be two random samples
following some continuous distributions.

Let X1,...,Xmand Yq,...,Y,, m < n, be random samples from X and Y
and associate the rank R;, i = 1,..., m+ n, to the R;th smallest among
the m + n total observations. If ties in the rank occur, the mean of the
ranks is assigned to all equal values.

Then the test based on the statistic
W, := sum of the ranks of X1,..., Xpm.

is called the Wilcoxon rank-sum test.

We reject Hp: P[X > Y] =1/2 (and similarly the analogous one-sided
hypotheses) at significance level a if W), falls into the corresponding
critical region.
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The Wilcoxon Rank-Sum Test

The Wilcoxon rank-sum test is also called the Mann-Whitney U-test.
(Often, this refers to the equivalent test where all the ranks, not just those
of the smaller sample, are summed.)

For large values of m (m > 20), W,, is approximately normally distributed
with

mn(m+ n+ 1)

m(m+n+1)
' 12

E[Wm] = 5

Var[Wpy,] =

If there are many ties, the variance may be corrected by taking

mn(m+ n+ 1)
Var[Wm] - —t3+t
12— Y =5

groups

where the sum is taken over all groups of t ties. However, the best way to
deal with ties is still a topic of current research.
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Example: Midterm Exam Scores

24.2. Example. It has been suggested that the most highly motivated Jl
undergraduate students do at least as well, possibly even better, than
graduate students in my graduate-level mathematics courses. In the spring
term of 2018, there was a significant enrolment of undergraduate students
in W557 Methods of Applied Maths II. The results of the first midterm
exam are taken to serve as an indication of the possible truth of this
hypothesis.

The hypothesis to be tested is
Ho: P[Xundergrad > Xgrad] <1/2

where Xyndergrad and Xgraq are the exam scores of undergraduate and
graduate students enrolled in Vv557.

(The null hypothesis can be interpreted as “undergraduate students do not
do better than graduate students in the first midterm.”)
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The following data were recorded (points out of 20 maximum in the first

midterm exam):

Graduate 55 5.5 1275 18.75 19.25 11.25
11.5 11.5 1225 1425 9.25 14.5
13.25 825 16.75 105 6 15.25
6.5 12.5 10.5 8.75 115 17
275 13.25 19 16.5 11.5 1.75
Undergraduate | 185 12.25 3 15 19.75 11.25
11.75 19.25 1225 19.75 16.25 13
19.25 1.75
The quartiles are,
Graduate : 8.75, 11.5, 14.5;
Undergraduate : 11.75, 14, 19.25.
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Visualizing the Data

The double bar chart below visualizes these data:

Points in First Midterm

20 [—
=
-

15 4

10 A

]

No. of Students — T T T T { T T T T — No. of Students
5 4 3 2 1 0 0 1 2 3 4 5

B Graduate Students @ Undergraduate Students

Clearly, a non-parametric test is the best choice here.
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Ranking the Data

The data are arranged in order and ranked as follows:

Student Points  Rank Student Points  Rank Student Points  Rank

grad 1.75 1.5 grad 115 17.5  undergrad 15 31
undergrad 1.75 15 grad 115 17.5 grad 15.25 32
grad 2.75 3 grad 11.5 17.5 undergrad 16.25 33
undergrad 3 4 grad 11.5 17.5 grad 16.5 34
grad 55 55 undergrad  11.75 20 grad 16.75 35
grad 5.5 5.5 grad 12.25 22 grad 17 36
grad 6 7 undergrad  12.25 22 undergrad 18.5 37
grad 6.5 8 undergrad  12.25 22 grad 18.75 38
grad 8.25 9 grad 12,5 24 grad 19 39
grad 8.75 10 grad 12.75 25 grad 19.25 41
grad 9.25 10 undergrad 13 26 undergrad  19.25 41
grad 10.5 12.5 grad 13.25 275 undergrad 19.25 41
grad 10.5 12.5 grad 13.25 275 undergrad 19.75 435
grad 11.25 145 grad 14.25 29 undergrad  19.75 435

undergrad  11.25 145 grad 145 30
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Calculating the Test Statistic

The sum of the ranks of the undergraduate students (smaller sample size)
is

wig =15+441454204 22422 + 26
+314+33+37+41+41 44354435
= 380

Given the large sample sizes, we use a normal approximation for the test
statistic (most tables only include values for m, n < 20). We have

14(14 +30+1
E[Wi4] = ( +2 1) _ 315,
14-30(14 + 30 + 1)

Var W14 = 12 = 1575
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Performing the Fisher test

Therefore,
~ W, —315

V1575

follows a standard normal distribution if P[Xundergrad > Xgrad] = 1/2. The
value of our test statistic is

380 — 315
= ——— = 1.64.
V1575

Using the normal distribution table, we find a P-value of
P[Z > 1.64] = 0.0505.

There is possibly a small indication that undergraduate students might do
better than graduate students, but the evidence is far from conclusive.
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Discussion of the Wilcoxon Rank Tests

In the previous example we did not apply the correction for ties to the
variance of the normal distribution - why?

Had we done so, the variance would have been negative - not good!

Could we have used an exact table of critical values? No, because no such
table exist for m, n > 20. The Wilcoxon rank tests are combinatorial
tests and P-values become increasingly hard to calculate exactly as the
number of possible permutations of ranks increases with m and n.

For this reason, ties are problematic since they increase the number of
possible permutations. We have presented one way to deal with ties
(assigning the average rank) but this is not the only approach. This is the
subject of current research!

Literature: McGee, M. Case for omitting tied observations in the two-sample T-test
and the Wilcoxon-Mann-Whitney Test. PLoS One 13:7, 2018.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6057651/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6057651/
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Paired Tests

Problem: When comparing means (or, in general, the location) of two
populations extraneous factors may distort the results.

24.3. Example. Suppose we wish to study the efficacy of two different
drugs in fighting a disease, Drug A and Drug B. A simple approach would
be to treat 20 patients with Drug A and 20 patients with Drug B and then
compare the average degree of improvement.

However, it could be that (for example) the disease affects smokers more
severely than non-smokers.

If there are more smokers among the sample for Drug A than for Drug B,
this could cause the improvements measured for Drug A to be less evident
than for Drug B, even if overall Drug A were the better drug.



JOINT INSTITUTE
RARERBREE

;
Slide 534 k=

Non-Parametric Comparisons; Paired Tests and Correlation

Paired Tests

Instead, a better approach is to pair the samples: For every person with
certain characteristics (gender, age smoker/non-smoker, etc.) administered
with Drug A, a person with the same characteristics is administered Drug
B.

That means that the sample sizes must be equal in both populations and
every sample observation in one population is paired with a corresponding
observation in the other population.

Suppose we have two populations with random variables X and Y that we
wish to compare. We then define a new random variable

D=X-Y

and conduct all tests on D.
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Paired T-Tests
We note that
wp = E[D] = E[X = Y] = E[X] — E[Y] = ux — pny.
Therefore, the hypothesis (for example)
Ho: ux = pwy may be replaced with Ho: up = 0.

We will assume that X and Y follow a joint bivariate normal
distribution. Then it is not hard to see that D = X — Y follows a normal
distribution.

We then consider a paired random sample (X1, Y1), ..., (X, Ys) from both
populations yielding a sample D1, ..., D, with D; .= X; =Y, i=1,...,n.

We denote by D the sample mean and by 5% the sample variance of D.
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Paired T-Tests

Then _
Th1= D_uo
S3/n
follows a T-distribution with n — 1 degrees of freedom.
We may find confidence intervals for wp and conduct hypothesis tests as

we would for any normally distributed random variable. A T-test for D is
called a paired T -test for X and Y.
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Paired T-Tests
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24.4. Example. In a study of the effectiveness of physical exercise in
weight reduction, a group of 16 persons engaged in a prescribed program
of physical exercise for one month showed the following results :

Weight before (X) | 209 178 169 212 180 192 158 180
Weight after (Y) | 196 171 170 207 177 190 159 180
D=Y-X|-13 -7 41 -5 -3 2 41 0
Weight before (X) | 170 153 183 165 201 179 243 144
Weight after (Y) | 164 152 179 162 199 173 231 140
D=Y-X| 6 -1 -4 -3 -2 -6 -12 -4

We want to test at the 0.01 level of significance whether the exercise

program is effective.
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Paired T-Tests

We decide to test
Ho: up > 0.
From the n = 16 data we have D = —4.125 and s = 16.517. The test
statistic is L
D
sp/v/n

Since ty.01,15 = 2.602, we may reject Hp at the 0.01 level of significance.

T = = —4.00.

There is evidence that the physical exercise program leads to a loss of
weight.
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Non-Parametric Paired Test

Suppose the two independent random variables X and Y do not follow a
normal distribution. Then we would like to treat D = X — Y by the
Wilcoxon signed-rank test.

Historically, Wilcoxon proposed both the rank-sum test (for pooled
comparisons) and the signed-rank test (for paired comparisons) in a single
publication.

The signed-rank test requires a random variable to have a symmetric
distribution.

Recall that a random variable X is symmetric about a € R if
X—a and —(X—a)

have the same distribution.
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Properties of D = X —Y

Now let X and Y be two independent random variables that follow the
same distribution but differ only in their location, i.e., X' : =X —§ and Y
are independent and identically distributed.
Then
1
P[X—Y>6]:P[X—6—Y>O]:P[X’—Y>O]:§

so ¢ is the median of X — Y.

Furthermore,
D—-6=X-Y-6=X-Y

and
§—D=§+Y-X=Y-X

have the same distribution since Y and X' are i.i.d. random variables.

Therefore, D is symmetric about its median § and we can apply the
Wilcoxon signed rank test to test hypotheses about §.
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Paired vs. Pooled T-Tests

Let us take another look at the test statistics for a paired T-test. We note
that

_ 1
D=L Xi-Y)

1< 1<

—X-Y

and up = pwx — py. This suggests that the paired and pooled T-test may
actually be fairly similar.
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Paired vs. Pooled T-Tests

For our comparison, let us assume that we have two populations of
normally distributed random variables X and Y with equal variances o2.

We want to test
Ho: pux = py,

and take a paired sample of equal size n from (X,Y).

Then we could either perform a paired test or a pooled test — which is
more powerful? Let us compare the test statistics:

X-Y .
Toooled = o critical value = ta/2,2n-2
252/n
X-Y .
Tpaired = —F——, critical value = ta/2,n—1,
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Paired vs. Pooled T-Tests

We immediately note that
the pooled test has more degrees of freedom

and so rejecting Hg is easier - the test would be more powerful, if the test
statistics were equal.

But the test statistics differ:

» In the pooled test, the denominator contains
2 . ; 2
25,/n which estimates 20°/n.
> In the paired test, the denominator contains

S3/n which estimates 03 /n= 025.
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Paired vs. Pooled T-Tests

To discuss the two denominators, we will compare

202

; 2
¥ with o5
A direct calculation yields
025 = Var[D]
= Var[X - Y]

= Var[X] + Var[Y] — 2 Cov[X, Y]
o2  o? 0?2 Cov[X,Y]

=212 2T
n n M\ /Var[X]4/Var[Y]
=27 (1 pxy)

where pxv; is the correlation coefficient of X and Y.
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Correlation Coefficient of Sample Means

It is worth doing a quick calculation to verify that in our case (paired
samples)

Pxy = PXY-
Since the covariance is bilinear,
Cov[X,Y] = Cov[liX,-, Iy 1
ni= ni=

= 2 ZZCOV[X,, f

Iljl

= 2Zcov[x,,y]
i=1

where we have used that X; and Y; are independent for i # j.
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Correlation Coefficient of Sample Means
Then Cov[Xj,Yi] = Cov[X, Y], so

Cov[X,Y] = 1 Cov[X,Y].
n

and, therefore,

N Cov[X,Y]
XY \/Var[X]y/Var[Y]
- 1 Cov[X,Y]
V/Var[X]/ny/Var[Y]/n
Cov[X, Y]
= NarlX],NarlY]

= pXY-
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Paired vs. Pooled T-Tests
The upshot of all this is that

20°
o5 = — (1= pxv).

Therefore, if pxy > 0, the denominator of the paired statistic will be
smaller than that of the pooled statistic, leading to a larger value of the
statistic and a higher power of the test.

On the other hand, if pxy is zero (or even negative), then pairing is
intuitively unnecessary and in fact causes the test to lose power, since it is
easier to reject Ho when comparing with t, 22, > than with t,/5 1.

Pairing in the absence of positive correlation makes a test for
location less powerful.
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Estimating Correlation

Since correlation is important in deciding whether to use a paired or a
pooled T-test, let us briefly discuss the estimation of p.

Let us take a random sample of size n from (X, Y) as before. Then we
have the natural unbiased estimators

— 1 n _
w¢ﬂ:zi32]m—xf,
i=1

S (X - X)(i - V)

i=1

Cov[X,Y] =

The natural choice (method of moments!) for an estimator for the
correlation coefficient is then

R:=p= ' ' . (24.1)
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Correlation of Bivariate Normal Random Variables

Now let us suppose that (X, Y) follows a bivariate normal distribution, i.e.,
they have the joint density

x— 2 . _ B 2
ey (%, y) = 27ro-xo-yl\/m efz(ligz) [( a;X) 729( aix) (ya\;:v)Jr(yczY) }

with ux, py € R, ox, 0y > 0 and correlation coefficient o € (—1,1).

Under this assumption, we will introduce a hypothesis test and a
confidence interval for the correlation coefficient.

An important role is played by the Fisher transformation (8.3).
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Hypothesis Tests for the Correlation Coefficient

It can be shown that for large n the Fisher transformation of R,
1 1+R
5 In (1_,_?> = Artanh(R)

is approximately normally distributed with

1 1 1
k=3 In <11—§) = Artanh(p), 02 =

We can thus test Hy: ¢ = go, by using the test statistic

3 (o(8) (1)

Z = —
2 ].—Qo

1-R
= v/n — 3(Artanh(R) — Artanh(go))

) [ JOINT INSTITUTE
) | RREBERFPL

n—3

(24.2)
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Confidence Interval for the Correlation Coefficient

Furthermore, from (24.2) we can calculate a 100(1 — «)% confidence
interval for p, given explicitly by

1+ R—(1—R)e?%r/vn=3 14 R_—(1-— R)e2za/2/‘/”3]
1+ R+ (1— R)e?2/Vn=3" 1 L R4 (1 — R)e %%2/Vn=3 ]

or

tanh (Artanh(R) + \;:‘43) .
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Correlation as a Measure of Skill vs. Luck

24.5. Example. The article A Batting Average: Does It Represent
Ability or Luck? explores the suitability of a baseball player's “batting
average” (BA for short; the number of hits divided by the number of
at-bats) as a measure of skill.

The premise is the following:

» If a good BA is a matter of skill, a player's BA will have a consistent
value from one year to the next. We would expect the batting average
of a random player in one year to be linearly correlated to the BA in
the next year.

» If a good BA is a matter of luck, a player’s BA will vary from one year
to the next and the BA as a random variable in a given year will be
uncorrelated or even independent of the BA in another year.

We show the batting averages of all players with at least 100 at-bats in the
2002 and 2003 seasons on the next slide.


http://www-math.bgsu.edu/~albert/papers/paper_bavg.pdf
http://www-math.bgsu.edu/~albert/papers/paper_bavg.pdf
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The article proposes that the “strikeout rate” is a better measure of skill.


http://www-math.bgsu.edu/~albert/papers/paper_bavg.pdf
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Indeed, the corresponding scattergram (for the same players) seems to
exhibit a stronger linear dependence from one year to the next:
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A Batting Average: Does It Represent Ability or Luck?
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http://www-math.bgsu.edu/~albert/papers/paper_bavg.pdf

) | JOINT INSTITUTE
| RARER P

Categorical Data Slide 555 e

25. Categorical Data
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Introduction to Statistics

25. Categorical Data
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Categorical Data

Problem: Instead of assuming numerical values, data may fall into
categories. Such data is called categorical data.

25.1. Example. Mars Corporation’s M&Ms are produced in different colors:
red, green, blue, brown, yellow and orange. If we pick a random M&M, it
will randomly have one of these colors.

Approach: Each member of a population falls into one of k given
categories with probability p;, 0 < p; < 1,i=1,...,n, and

prtp2t---+pe=1

Our goal is to make inferences on the values of these p;.
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Categorical Data

Categorical Random Variables

We suppose that a random variable X is given, where X can take on the
values 1, ..., k with respective probabilities p; ..., px as above. We say
that X is a categorical random variable

A random sample of size n from X is collected and the results are
expressed as a random vector

(Xl,Xg,...,Xk) with X1+ Xo+ -+ Xg=n.

For example, a packet containing n = 14 M&M'’s will yield a random
vector (Xred, Xgreen, - - -+ Xorange)-

When k = 2, then the distribution governing the probability of an item
falling into category 1 (“success”) or category 2 (“failure”) is the binomial
distribution. For k > 2, we need to develop a new distribution.
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Multinomial Trials

25.2. Definition. A multinomial trial with parameters p1, ..., pk is a trial
that can result in exactly one of k possible outcomes. The probability that
outcome i will occur on a given trial is p;, for i =1,... k.

25.3. Remark. It is clear from the definition that 0 < p; <1,i=1,...,k,
and p; + -+ px = 1. To avoid unnecessary trivial cases, we assume
O<pi<l,i=1,... k.

For k =2, py = p and pp = g = 1 — p, we regain the classic Bernoulli trial.

A multinomial random variable now counts the number of times that
outcome i occurs when a fixed number of ni.i.d. multinomial trials is
performed. It therefore generalizes the binomial random variable.
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The Multinomial Distribution

25.4. Definition. A random vector ((X1, ..., Xk), fx;x,--x, ) with

and (joint) distribution function fx, x,...x, : 2 — R given by

n! X
— 1 Xk
Axuxa-xi (XL - Xk) = ——— PP

Xl- PR k
p1,---, Pk €(0,1), n€ N\ {0} is said to have a multinomial distribution
with parameters n and pq, ..., Pk

25.5. Remark. Of course, it would be sufficient to consider a k — 1
dimensional random variable, as one of the X; is wholly determined by the
others. (The case k = 3 is handled by a bivariate, the case k =2 by a
simple random variable.) For reasons of symmetry it is, however, worth
investing in the additional random variable.
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Expectation and Variance of the Multinomial Distribution

25.6. Theorem. Let ((X1, ..., Xk), fx;X,---x,) be a multinomial random
variable with parameters n and pq, ..., Pk.

(i) The (marginal) expectations of the individual random variables X; are
given by

E[X;]:np,-, i:].,...,k.
(i) Var[Xj] =npi(L—pi), i=1,..., k,
(iii) Cov[X;, Xj] = —npipj, 1 <i<j<k.

While results (i) and (ii) are easy to see, the proof of (iii) requires some
work. Since we won't need that result, it is left to you.
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The Pearson Statistic

Hypothesis testing and statistical analysis are based on the following result,
which we will not prove:

25.7. Theorem. Let ((X1,...,X«k), fx,;x,--X,) be a multinomial random
variable with parameters n and py, ..., px. For large n the Pearson
statistic
k 2
X. _ .
w (25.1)
P np;

i=1

follows an approximate chi-squared distribution with kK — 1 degrees of
freedom.



JOINT INSTITUTE
RARERBREE

Categorical Data Slide 563 &

The Pearson Statistic

A good way to memorize this statistic is to see that the X; are the
“observed” frequencies and np; = E[X;] are the “expected” frequencies.

Writing O; := X; and E; := E[X]], (25.1) becomes

y O E

i=1

—E)2

25.8. Remark. The number of degrees of freedom in Theorem 25.7 is equal
to the number of independent cells: given k cells and a total of n
multinomial trials, the number of results in the first k — 1 cells is random,
while the number of results in the final cell is completely determined by
these k — 1 results.

One could say that there are k — 1 independent cells, hence k — 1 degrees
of freedom.
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Cochran’s Rule

In the context of Theorem 25.7 we need to know how
large n needs to be for the chi-squared distribution to
be a good approximation to the true distribution of the
statistic (25.1).

Cochran’s Rule states that we should require

E[XI] = npf 2 1 for a” I - 11 LRI k, William G. Cochran (1909 — 1980)
E[Xi{]=np; >5 for80% of all i =1,...,k,
Especially if the p; are not approximately known beforehand, care needs to

be taken to ensure that the sample size n is sufficiently large so that these
criteria can apply.


https://magazine.amstat.org/blog/2016/09/22/sih-cochran/
https://magazine.amstat.org/blog/2016/09/22/sih-cochran/
https://magazine.amstat.org/blog/2016/09/22/sih-cochran/
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Fisher Test for Multinomial Distribution

We can then develop a statistical test for the hypothesis that a set of data
follows a given multinomial distribution: if data follows a given distribution,
the number of observed values in each category will be close to the
expected number and (25.1) will be small. Conversely, if (25.1) is large
and the observed data deviates from the expected data significantly, then
we have evidence that the data does not follow the presumed distribution.

This test will, by its nature, always be a Fisher test. Furthermore, it makes
no sense to use terms such as “two-sided” or “ones-sided” for the test,
since if some p; are larger than their null values, then some other p; will be
smaller than their null values.
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Test for Multinomial Distribution

25.9. Pearson’s Chi-squared Goodness-of-Fit Test. Let (X1, ..., Xk) be a
sample of size n from a categorical random variable with parameters

(p1, ..., pk) satisfying Cochran’s Rule Let (p1,, ..., pk,) be a vector of null
values. Then the test

HO:pi:pio: i=1,...,k,

based on the statistic

k 2
(Xi — npyy)
XI%—l = —

is called an chi-squared goodness-of-fit test.

We reject Hp at significance level o if X2 | > ng,k—l'
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Categorical Data

Multinomial Statistics

25.10. Example. A computer scientist has developed an algorithm for
generating pseudorandom integers over the interval 0-9. He codes the
algorithm and generates 1000 pseudorandom digits. The data is shown
below:

ilo 1 2 3 4 5 6 7 8 9| n
Oj | 94 93 112 101 104 95 100 99 94 108 || 1000
100 100 100 100 100 100 100 100 100 100 || 1000

We want to test whether these data conform to a discrete uniform
distribution on 2 ={0,1,2,...,9}.

Formally, we test

Ho: The data follow a multinomial distribution

. 1 1
with parameters (po, ..., po) = 0 '10)
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Categorical Data

Multinomial Statistics

The observed test statistic is

9 2 2 2

i — Ei 4-1 108 —1
Z(O = ) :(9 00) +...+M:3.72
i=0 !

100 100

This statistic follows a chi-squared distribution with 10 — 1 = 9 degrees of
freedom. Since X(2)_05'9 = 16.92, the P-value of the test is greater than 5%.
We decide not to reject Hy.

We conclude that there is no evidence that the generated numbers are not
random.
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Categorical Data

Goodness-of-Fit Test for a Discrete Distribution

The previous discussion centers on testing whether categorical data
conforms to a completely determined distribution, i.e., we compare
directly to a multinomial distribution. However, we can also use this
method to see whether data conforms to an arbitrary discrete or
continuous distribution.

Such a distribution will typically have one or more parameters, which we
also estimate from the given data. We also need to divide our data into
categories, so we can use our multinomial test. If we use our data to
estimate parameters of the distribution, the statistic

O; — E;)?
Z( - )

i=1

will follow a chi-squared distribution with kK — 1 — m degrees of freedom,
where m is the number of parameters that we estimate.
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Goodness-of-Fit Test for a Discrete Distribution

25.11. Example. It is claimed that the number of defects in printed circuit
boards follows a Poisson distribution with unknown parameter k. We want
to determine if there is evidence that this claim is false.

A random sample of n = 60 printed boards has been collected and the
following number of defects observed:

Number of  Observed
Defects X  Frequency

0 32
1 15
2 9
3 4

The parameter k (which is also the mean) of the assumed Poisson
distribution is unknown and must be estimated from the data.
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Goodness-of-Fit Test for a Discrete Distribution

From Example 14.5 we know that a maximum-likelihood estimator for k is
the sample mean,

k=X=—(32-0+15-1+9-2+4-3)=0.75.

1
60

In order to apply the multinomial distribution, we first calculate

~k%0

PIX = 0] = GT = 0.472
k1

PIX=1=° o = 0.354
~kg2

PIX =2 =° S = 0.133

PIX >3] =1- P[X = 0] - P[X = 1] — P[X = 2] = 0.041
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Goodness-of-Fit Test for a Discrete Distribution

We can therefore replace the distribution of X with that of a categorical
random variable with parameters

(o, p1, p2, p3) = (0.472,0.354,0.133,0.041).

We calculate the expected frequencies E; = np; as follows:

Number of Defects X Expected
(Category i) Frequency E;
0 60 - 0.472 = 28.32
1 60 - 0.354 = 21.24
2 60-0.133 =7.98
3 60 -0.041 = 2.46

We see that E3 < 5 and since we have only four categories, this means
that more than 1 in 5 categories have an expected frequency smaller than
5. Since Cochran’s Rule is not satisfied, we may not apply Pearson’s test.
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Goodness-of-Fit Test for a Discrete Distribution

The problem can be solved by combining the last two categories:

Category i Exp. Frequency E; Obs. Frequency O;

0 28.32 32
1 21.24 15
2 10.44 13

The test

Ho: the number of defects follows a Poisson distribution

with parameter k = 0.75
is then equivalent to the test

Ho: the number of defects follows a multinomial distribution
with parameters (0.472,0.354,0.174)
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Goodness-of-Fit Test for a Discrete Distribution

For N = 3 categories, the statistic

then follows a chi-squared distribution with N -1 - m=3-1-1=1

degree of freedom. Now

32 —28.32)2 N (15 — 21.24)? N (13 — 10.44)?
28.32 21.24 10.44

X? = ( =2.94,

and the critical value for o = 0.05 is X3 g5 ; = 3.84. Since the observation
does not lie in the critical region, we are unable to reject Hy at the 5%
level of significance.

We can also test whether data fits a continuous distribution. In that case,
the division of the data range into categories is essentially arbitrary, as
illustrated in the following example.
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Goodness-of-Fit Test for a Continuous Distribution

25.12. Example. Consider again the data on Slide 292. Based on a
histogram, we had concluded that the data most likely comes from an

exponentially-distributed random variable and estimated the parameter
on Slide 335.

Let us attempt to verify the exponential relationship. We test

Hp: the data follows an exponential distribution.

25.13. Remark. To perform a “clean” test, we should actually obtain new
data from the random variable. It is not good practice to eyeball the
distribution and then test the same data for that guessed distribution.
Effectively, the initial guess at the distribution represents an informal
hypothesis test. But for the purposes of this example, we ignore this issue.
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Categorical Data

Goodness-of-Fit Test for a Continuous Distribution

We first need to define intervals on the real axis (representing our
“categories”) and then find the expected and observed number of data in
each category.

A common practice in constructing the class frequency distribution used in
the chi-squared goodness-of-fit test is to choose the category boundaries so
that the expected frequencies E; = np; are equal for all categories. to use
this method, we want to choose the category boundaries ag, . .., ax for the
k categories so that all the probabilities

aj
pi=Plai1 < X <a]= / f(x)dx
a

i—1

are equal.
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Categorical Data
¥ Finding the Categories

We will (arbitrarily) decide to use k = 10 categories for our n = 100 data.
If they are of equal probability weight, the probability of falling into each

category is pj = 1/10, i =1,..., 10, and the expected number of data in

each category is

Ei=n-p; =10, i=1,...,10.

We have estimated

A~

B = 0.0087382.

Using Mathematica, the category boundaries are found to be

b[i_] := InverseCDF[ExponentialDistribution[B], ©0.1%1] /. mom;
Table[b[i], {i, 0, 10}]

(0., 12.0575, 25.5365, 40.8179, 58.4589,
79.3238, 104.86, 137.783, 184.184, 263.508, =}
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% Counting the Observations

BinCounts[Data, {Table[b[i], {i, 0, 10}]}]

(10, 8, 10, 9, 11, 11, 10, 13, 8, 10}

Category i Exp. Frequency E; Obs. Frequency O;

x < 12.0575 10 10
12.0575 < x < 25.5365 10 8
25.5365 < x < 40.8179 10 10
40.8179 < x < 58.4589 10 9
58.4589 < x < 79.3238 10 11
79.3238 < x < 104.860 10 11
104.860 < x < 137.783 10 10
137.783 < x < 184.184 10 13
184.184 < x < 263.508 10 8

263.508 < x 10 10
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Calculating the Significance of the Test

We calculate "
O; — E-)2
X2 — ( 1 1 — 2
s OB

i=1

and note that the statistic follows a chi-squared distribution with
y=k—1-m=10-1-1=38

degrees of freedom. We find a P-value of 98.1%:
1- N[CDF[ChiSquareDistribution[8], 2]]

0.981012

We do not reject Hy. There is no evidence that the data is not
exponentially distributed.
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Categorical Data

¥ Goodness-of-Fit Tests with Mathematica

The goodness-of-fit test is also implemented in Mathematica. However,
there is no control over the number of categories chosen; Mathematica will
always choose about 2n?/° categories and ignore Cochran’s rule.

In our current example,

PearsonChiSquareTest[Data, ExponentialDistribution[j],
{"FittedDistributionParameters", "DegreesOfFreedom",
"TestDataTable"}]

Statistic P-Value }

{{/3»0.0087382}, 11, -
Pearson x“ | 10.5 0.48605

We see that k = [2-100%/5] = 13 categories were used. The P-value is
different, but still large enough that Hp is not rejected.
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iﬁ Goodness-of-Fit Tests with Mathematica

When testing for a discrete distribution, this is still done, so the test will
not always be reliable.

RABRERFPIL

For instance, using the data from Example 25.11, we have
Needs [ "HypothesisTesting "] ;
data := Join[Table[O, {i, 1, 32}], Table[l, {i, 1, 15}],
Table[2, {i, 1, 9}], Table[3, {i, 1, 4}1];
PearsonChiSquareTest [data, PoissonDistribution[k],
{"FittedDistributionParameters", "DegreesOfFreedom",
"TestDataTable"}]

Statistic P-Value }

k0.7
{{ 2 0-75}0 91 brson 42 3.46021 0.177266

Mathematica uses k = [2-60%/5] = 11 categories even though the data
only occurs in four categories and Cochran’s Rule isn't satisfied.

The test statistic is the same as ours would have been, had we used all
four categories.
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Independence of Categorizations

The multinomial distribution and the Pearson statistic are also very useful
in another situation, best explained by an example:

25.14. Example. A researcher wants to study the relationship between
nightly hours of sleep and academic performance of students. A test group
of students fills out a questionnaire, giving their amount of sleep and their
current GPA score. The test group can then be divided as follows

{test group} = {< 6h sleep} U {6-9h sleep} U {> 9h sleep},
{test group} = {low GPA} U {average GPA} U {high GPA}

If academic performance and nightly sleep are not related to each other,
these categorizations will be independent, i.e., the likelihood of a student
falling into any of the GPA categories will not depend on which sleep
category the student is in.
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Contingency Tables

The data from the test group can be summarized in a contingency table
as follows:

‘ < 6h sleep 6-9h sleep > 9h sleep

low GPA ni1 nio ns
average GPA no1 no n3
high GPA n3i n3o n33

Every member of the test group will count as 1 member of a specific cell
(table entry) and the cells list the number of members with the
corresponding properties. For example,

n23 = number of students with average GPA

and more than 9 hours of nightly sleep.



Categorical Data

Slide 584 et

r x ¢ Contingency Tables; Marginal Sums

JOINT INSTITUTE
RARERBREE

In general, we will treat situations where the contingency table has r rows
and ¢ columns. We define the marginal row and column sums

c r
n;. :Zn;j, n.; :Zn,-j.
j=1 i=1

In our example,

< 6h sleep 6-9h sleep > 9h sleep

low GPA
average GPA
high GPA

n no ns
n1 no n3
ns3i n3z n33

ni.
no.
ns.

n.i n.n n.3
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Cell Probabilities and Independence

Suppose that

> pjj is the probability of falling into the cell of the ith row and the jth
column,

> p;. is the probability of falling anywhere in the ith row,
> p.j is the probability of falling anywhere in the jth column.

If the row and column categorizations are independent, then it should be
the case that

Ho:p,'j:p,'.p.j, i:].,...,r,j:].,...,C. (25.2)

We will therefore develop a test to determine whether there is statistical
evidence that (25.2) is false.
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Categorical Data

Estimating the Probabilities

In principle, given n total sample elements, the number of elements in each
of the r- ¢ cells follows a multinomial distribution with r-c — 1 independent
probabilities p;;. (Recall that the sum over all probabilities must equal 1,
so there are one fewer than r - ¢ independently selectable parameters.)

However, if we assume p;; = p;.p.;, then the multinomial distribution only
depends on the r — 1 + ¢ — 1 parameters p;. and p.;. We will exploit this
for our test.

Natural estimates for the row and column probabilities are
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Chi-Squared Test for Independence

Hence, if (25.2) is assumed, the expected number of elements in the
(7,j)th cell is
— n,-.n.j
E-' = Nn- [ = —
1 plj n

We can now compare the observed frequencies O;; in the (i, j)th cell to the
expected frequencies E;;. We will again use the Pearson statistic

X e =3y Qi B
i=1j=1
which follows a chi-squared distribution with
k—1l-m=rc—1—(r+c—-2)=rc—r—c+1=(r—1)(c—-1)

degrees of freedom. We reject Hp if the value of X(2r—1)(c—1) exceeds the
critical value of the corresponding chi-squared distribution.
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Testing for Independence

25.15. Example. A study performed in 2015 at the UM-SJTU Joint
Institute and the Sino-British College asked a total of 139 Chinese students
the following questions:

Question 1: “Who or what has had the most significant influence on the
ethical/moral values, attitudes, ideals, or approach to making ethical
judgments that you call upon when faced with a difficult situation?”

with possible answers
a) Religion b) Teachers c) Parents d) Friends e) Others
and

Question 2: "On a scale of 1-5 (one being the least and five being the
most), how likely do you think it is that you will be faced with ethical
issues or conflicts during your working life as an engineer?”
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Testing for Independence
The hypothesis to be tested is:

Hg: For Chinese students studying in international engineering programs,
the source of ethical/moral values is independent of the expectation of
encountering ethical issues or conflicts.

The following data were obtained:

Expectation

Source 1 2 3 4 5 Totals
Religion Qo1 632 T6.0 453 353 ni.. =20
Teachers 0o.1 032 56.0 053 0s.3 np. = 20
Parents loa To0 17172 15152 17152 n3. =57
Friends 0o.2 646 11ss T7.7 577 Ng. = 29

Others 0o.1 321 2309 235 635 ns. =13

Totals ni=1 no=22 n3=42 n,=37 n5=37 n=139
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Testing for Independence

The expected values in the preceding table have been calculated and
entered as small red figures. For example,
57 - 42
Ezyz=—— =172
37 139
We note immediately that many of the cells have an expected value
smaller than 5 and in fact there are cells with an expected value smaller
than 1. Therefore, Cochran's Rule is not satisfied.

When designing this survey, it was not possible to predict how many
stduents would fall into each cell. This is such a common problem, that
there has been recent literature to re-evaluate Cochran’s Rule:

Literature: Kroonenberg, P. M. and Verbeek, A. The Tale of Cochran’s Rule: My
Contingency Table has so Many Expected Values Smaller than 5, What Am | to
Do?, The American Statistician, 72:2 (2018)
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Testing for Independence

For the purposes of this example, we will consolidate our table as follows:

Expectation

Source 1-2 3 4 5 Totals
Religion 633 T6.0 453 353 n. =20
Teachers 033 56.0 953 05.3 ny. = 20
Parents 8o.4 17172 15152 17152 n3. = b7

Friends & Others 96.9 13127 Q112 11u2 ng. = 42

Totals no=23 n3=42 n4 =37 n5=37 n=139

Now only two cells have an expectation less than 5 and Cochran's rule is
satisfied. We find that
X3 = 8.594.

This corresponds to a P-value of close to 50%. We conclude that there is
no evidence that the source of ethical /moral guidance and the expectation
of encountering ethical conflicts in the future are not independent.
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Comparing Proportions
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Finally, we note that a very similar, though subtly different approach can
be taken when comparing multiple proportions. Suppose that we would like
to compare the proportions students with little, average or much nightly
sleep among the JI ECE, JI ME, SJTU EE and SJTU ME majors. We
choose to randomly select (based on student IDs) ny., my., n3. and na.

students, respectively, from each of these majors.

We obtain the following contingency table:

< 6h sleep 6—9h sleep > 9h sleep
JI ECE ni nio ns ni. (flxed)
JI ME no1 noo no3 no. (fixed)
SJTU EE n3i n3a ni33 ns. (flxed)
SJTU ME na1 Nao na3 na. (fixed)
n. n. n.3 n (fixed)
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Comparing Proportions

We again suppose that the number of objects in each cell is governed by
the multinomial distribution. However, since the row totals are now fixed,
only the number of objects in the first ¢ — 1 columns can be independently
chosen, so we have a total of r - (¢ — 1) independent cells.

It is useful to rewrite the above table in terms of proportions:

< 6h sleep 6—9h sleep > 9h sleep

JI ECE P11 P12 P13 P1. = 1 (flxed)

JIME p21 p22 p23 p2. = 1 (fixed)

SJTU EE P31 P32 P33 P3. = 1 (flxed)

SJTU ME Pa1 P Pa3 ps. = 1 (fixed)
We test

P11 = P21 = P31 = P41,
Ho: { p12 = p22 = p32 = pa,
P13 = P23 = P33 = P43.
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Comparing Proportions
Supposing that Hy is true, we have the common proportions
pj = Pp1j = P2j = P3j = P4j, Jj=12.3,

where p; is also equal to the proportion of all objects following into the jth
column. An estimate for p; is

n.; )
p =2, j=123. (25.3)
n
and p; also serves as an estimator for all of the p;j, i=1,...,4. If Hp is

true, the expected frequency in each cell is estimated by

~ ni.n.;
Eij=nipj=—+

and we can again apply the Pearson chi-squared test.
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Comparing Proportions

For the general case of r rows and ¢ columns, the test

Ho:plj:pzj:...:prj, j:]_,...,C.

is called a test for homogeneity. When using the Pearson statistic, note
that the degrees of freedom are

rlc=1)—(c=1)=(r—1)(c—1)
where r(c — 1) is the number of independent cells and ¢ — 1 is the number
of independent parameters p; that are estimated in (25.3).

We note that the tests for independence and for homogeneity appear
absolutely the same in practice. That is not very surprising, since the null
hypotheses are logically equivalent.
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Introduction to Linear Regression
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Introduction to Linear Regression

26. Simple Linear Regression |: Basic Model and Inferences

27. Simple Linear Regression Il: Predictions and Model Analysis
28. Multiple Linear Regression |: Basic Model

29. Multiple Linear Regression Il: Inferences on the Model

30. Multiple Linear Regression Ill: Finding the Right Model

31. ANOVA I: Basic Model

32. ANOVA Il: Homoscedasticity and Post-Tests
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26. Simple Linear Regression I:
Basic Model and Inferences
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Introduction to Linear Regression

26. Simple Linear Regression |: Basic Model and Inferences
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Simple Linear Regression |: Basic Model and Inferences

Linear Regression

Linear regression: modeling the dependency of two variables using a linear
approach.

The term was originally used in the sense of regression to the mean in
biology. It was observed that certain extreme values of biological features
in members of a population are not necessarily passed on to descendants,
but that the descendants’ values of these features return to being closer to
the mean.

In general, measurements of a random variable tend to regress (= return)
to the mean value of the variable. Another way of putting this is that in
repeated measurements, fluctuations one way or the other tend to cancel
each other out.

We will see that this is the basic idea behind the statistical analysis of the
dependency of two random variables (known as a model).
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Kahnemann's Example

I had the most satisfying Eureka experience of my ca-
reer while attempting to teach flight instructors that
praise is more effective than punishment for promot-
ing skill-learning.

When | had finished my enthusiastic speech, one of
the most seasoned instructors in the audience raised
his hand and made his own short speech |[..].

Kahneman, D. in 2004 (1913-)

He said, “On many occasions | have praised flight cadets for clean
execution of some aerobatic maneuver, and in general when they try it
again, they do worse. On the other hand, | have often screamed at cadets
for bad execution, and in general they do better the next time. So please
don't tell us that reinforcement works and punishment does not, because
the opposite is the case.”


ttps://commons.wikimedia.org/w/index.php?title=File:Daniel_KAHNEMAN.jpg&oldid=365742917
ttps://commons.wikimedia.org/w/index.php?title=File:Daniel_KAHNEMAN.jpg&oldid=365742917
ttps://commons.wikimedia.org/w/index.php?title=File:Daniel_KAHNEMAN.jpg&oldid=365742917
ttps://commons.wikimedia.org/w/index.php?title=File:Daniel_KAHNEMAN.jpg&oldid=365742917
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Kahnemann's Example

This was a joyous moment, in which | understood an important truth
about the world: because we tend to reward others when they do well and
punish them when they do badly, and because there is regression to the
mean, it is part of the human condition that we are statistically punished
for rewarding others and rewarded for punishing them.

| immediately arranged a demonstration in which each participant tossed
two coins at a target behind his back, without any feedback.

We measured the distances from the target and could see that those who
had done best the first time had mostly deteriorated on their second try,
and vice versa.

But I knew that this demonstration would not undo the effects of lifelong

exposure to a perverse contingency.

David Kahnemann received the 2002 Nobel Memorial Prize in Economic Sciences for his

work in behavioral economics and in the psychology of judgment and decision-making.
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Setting and Assumptions
We have:

» a dependent variable Y, which we will assume to be a random

variable following a normal distribution. Y is often called the
response variable.

» an independent variable X, which we can assume to either be a
non-random parameter or a random variable measured precisely,

without any error or uncertainty. X is often called the predictor
variable or regressor.

We want to describe the behavior of Y as a function of the values of X,
i.e.,, of Y | x. We will therefore assume that there exists a certain model.

For most of this discussion, we will take the point of view that x is not
random while Y is a random variable following a normal distribution.
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Simple Linear Regression Model
In this section, we assume that the mean py |, of Y | x is given by
Ky|x = Bo + B1x for some By, B1 € R. (26.1)

This is called a simple linear regression model with model parameters

Bo and B.

Another way of writing this model is
Y|x=8+Bix+E

where E[E] = 0.

Our goal is to find estimators

By = Eg = estimator for By, by = estimate for By,

By := B1 = estimator for B, by = estimate for By,
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Residuals

We assume that we have a random sample of size n of pairs (X, Y) or (if
we consider X to be a parameter and not a random variable) (x,Y | x).

For short, we write
Yi =Y | xi, i=1,...,n,

so that we have a random sample (x1, Y1), ..., (xn, Yn).

For each measurement y; there exists a number ¢;, called the residual,
such that

Yi = by + bixi + €;.
Our goal is to determine by and b; based on minimizing the residuals in a
certain way.
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Least-Squares Estimation

In 1805, Adrien Legendre published an approach for min-
imizing the residuals by letting

e12+e§+---+e,2,—>minimum. g 4

GauB published the same method (with a deeper analysis)
in 1809 but claimed he had been using it since 1795.
This set off a bitter priority dispute between Legendre
and GauB.

In a letter, GauB notes that previously Laplace had been using the approach

Adrien-Marie Legendre (1752-1833)

lel] + |e2| + -+ + |en] — minimum

under the condition that e +e;1 +---+ e, = 0.

GauB then extensively analyzed the least-squares method.


https://commons.wikimedia.org/wiki/File:Legendre_and_Fourier_(1820).jpg
https://commons.wikimedia.org/wiki/File:Legendre_and_Fourier_(1820).jpg
https://commons.wikimedia.org/wiki/File:Legendre_and_Fourier_(1820).jpg
https://commons.wikimedia.org/wiki/File:Legendre_and_Fourier_(1820).jpg
https://commons.wikimedia.org/wiki/File:Legendre_and_Fourier_(1820).jpg
https://commons.wikimedia.org/wiki/File:Legendre_and_Fourier_(1820).jpg
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Least Squares Estimation
Given a sample of size n, we define the error sum of squares

SSe=el+e+--+e2=> (vi— (bo+ bix))’.
i=1

Since we determine the estimators for By and B1 by minimizing this sum of
squares, by and by are called least-squares estimates.

Assuming that Y | x follows a normal distribution with variance o2

(independent of x) and mean by + by x, GauB proved that the least-squares
estimators have the smallest possible variance among all unbiased
estimators for by and b;.
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The Normal Equations

We consider SSg as a function of by and b; and find the minimum by
calculating the partial derivatives:

O SSg _ 1 _ '
dbo __2;()/1 bo b1X,),

O SSE u
dby = _2;(% — by — b].XI)XI

Setting the derivatives equal to zero, we obtain the so-called normal
equations

n n n n n
nbo+ b1y xi=> yi bod Xi+bY =) xi
i=1 i=1 i=1 i=1

i=1
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These are linear equations for by and b;, which may be easily solved:

1= n

n 5 2
an,-—( x,-)
i=1 i=1

1=

1 n

bo

1 n
;;yl'—bl : E;Xi-

, (26.2a)

(26.2b)

Although these formulas are straightforward for explicit calculations, it is

worth re-writing them a little.

We will use the usual notation

1 n
X =— X; and
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The Least Squares Estimates
Then it is easy to see that

n

n n n
D i —X)yi—Y) =Y xiyi—Vy Xi—X»_ yi+n-x-y
i-1 i-1 i—1

= I17(n§Xiyi - (ix,') (g”))

i=1

For short, we will write

Sxx - Z(XI - X)2 Syy = Z(yl - }/)2
i=1 i=1
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Practical Calculations

In practice, to simplify calculations using a calculator, we may use the
following relations:

Se=d (0P =32 L(2x)

i=1 i=1 i=1
n n 1,0 5

i=1 i i=1

Sxy :Z(Xi_x ZX:)/: *(in> <Zyi)
i=1 i=1 i=1

and
_ _ Sxy
bo =y - b1X, b1 = = SSE = Syy — b15Xy. (26.3)
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Main Example for Simple Linear Regression

26.1. Example. Since humidity influences evaporation, the solvent balance
of water-reducible paints during spray-out is affected by humidity. A
controlled study is conducted to examine the relationship between humidity
(X) and the extent of solvent evaporation (Y).

Knowledge of this relationship will be useful in that it will allow the painter
to adjust his or her spray gun setting to account for humidity.
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Main Example for Simple Linear Regression

The following data are obtained:

Observation
1

O ~NO Ol WN

9
10
11
12
13

X
35.3
27.7
30.8
58.8
61.4
71.3
74.4
76.7
70.7
57.5
46.4
28.9
28.1

y
11.0

111
12,5
8.4
9.3
8.7
6.4
8.5
7.8
9.1
8.2
12.2
11.9

Observation
14
15
16
17
18
19
20
21
22
23
24
25

X
39.1
46.8
48.5
59.3
70.0
70.0
74.4
72.1
58.1
44.6
33.4
28.6

y
9.6

10.9
9.6
10.1
8.1
6.8
8.9
1.7
8.5
8.9
10.4
111

D | JOINT INSTITUTE
D | RREBEHRFPL

Here x is the observed relative humidity (in %), y is the observed solvent

evaporation (in %).
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Main Example for Simple Linear Regression

We obtain
n n
n =25, > X =13129, > yi = 23570,
i=1 i=1
n n n
> xF=76193.7, > y?=2286.07, D xy =11802.2
i=1 i=1 i=1

Then, using the formulas (26.2), we have

b1 = By = —0.0795, bo = Bo = 13.6.
Hence the estimated regression equation is

fy|x = 13.6 — 0.0795x.

For example, the mean solvent evaporation at 50% relative humidity is
estimated to be 9.63%.
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¥ Linear Regression with Mathematica

We use the data from Example 26.1 to illustrate how linear regression is
implemented:

data := {{35.3, 11.0}, {27.7, 11.1}, {30.8, 12.5}, {58.8, 8.4},
{61.4, 9.3}, {71.3, 8.7}, {74.4, 6.4}, {76.7, 8.5},
{70.7, 7.8}, {57.5, 9.1}, {46.4, 8.2}, {28.9, 12.2},
{28.1, 11.9}, {39.1, 9.6}, {46.8, 10.9}, {48.5, 9.6},
{59.3, 10.1}, {70.0, 8.1}, {70.0, 6.8}, {74.4, 8.9},
{72.1, 7.7}, {58.1, 8.5}, {44.6, 8.9}, {33.4, 10.4},
{28.6, 11.1}};

model = LinearModelFit [data, x, x]

Fitted.Model‘ 13.6013 - 0.0794677 x ‘

Data is entered as a list of pairs (x;, y;) and the LinearModelFit
command takes as its arguments the data, the model (here: a linear model
in x) and the name of the variable (x).
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¥ Linear Regression with Mathematica
nmodel ["BestFit"]

13. 6013 - 0. 0794677 x
14,

12+

Solvent evaporation [%]

O I I I I |
0 20 40 60 80 100

Relative humidity [%]
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Model Assumptions and Random Samples

26.2. Model Assumption.

(i) For each value of x, the random variable Y | x follows a normal
distribution with variance o2 and mean Ky|x = Bo + B1x.

(i) The random variables Y | x; and Y | x» are independent if x; # xo.

A random sample of size n consists of n pairs (x;,Y;), i =1,...,n, where
the random variables Y; =Y | x; are i.i.d. normal with variance 0? and

mean Ly, = Po + Pixi.

26.3. Remark. We do not require that x; # x;. The random sample may
contain more than a single measurement of Y | x;. All the x; are treated in
the same way, e.g., when calculating X.
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Distribution of the Least Squares Estimators

26.4. Theorem. Given a random sample of Y | x of size n, the statistics
Bi — B Bo — Bo
and

)2 [ > x
o/+/ 2 (xi —X) o D N=3E

follow a standard normal distribution.

In particular, By and Bj are unbiased estimators.
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Distribution of the Least Squares Estimators
Proof.
We will prove the statement for the slope only. Since
n
Z(X,‘ — 7) =0
i=1
we may write
1 & - 1 <
Bi= o> (i -R(-V)= Y (x-x¥  (264)
XX =1 XX =1

Now Bj is a linear combination of the i.i.d. normally distributed Y;, so By
itself follows a normal distribution.

It remains to show that B; has mean B; and variance 02/ ¥ " (x; — X)2.
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Distribution of the Least Squares Estimators

Proof (continued).

E[B1] = E[i o “yi] = S - X Ev)

i=1 XX i=1 XX

_ Z (xi —X)(Bo + B1xi)

ﬁ (xi — x)?
i=1
Bo n > xi(xi —X)
= (- +h H——
i;(x,' — Y)2 i=1 i;(x,- — Y)2
=0 (S —

= B
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Distribution of Least Squares Estimators

Proof (continued).

Similarly,
n Xj — X n (X,'—Y)2
Var[B1] = Var{g S Y,-} = 2 TVar[Y,-]
2 n
o _

= — > (xi — x)2

(X 0g-xp) =

=1
Y (x—X)?

The proof of the corresponding statement for the estimator By is
completely analogous. O
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Least Squares Estimator for the Variance

The variance 02 of Y | x is assumed to be the same for all values of x. To
estimate it, we use the error sum of squares,

SSg 1 < ~
§%i= = = 2% (= i) (26.5)
i=1

It turns out that this estimator is unbiased for o2 and in fact

SSE
—2)§2/g% = ==
(n—2)5%/0* = =]
follows a chi-squared distribution with n — 2 degrees of freedom.
Furthermore, it can be shown that S? is independent of By and Bj.

(Analogously to the statement that the sample mean is independent of the
sample variance, which we proved using the Helmert transformation.)
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Inferences on the Slope and the Intercept

Therefore,

(B1—B1)/(0/VS) _ Bi—B
J(n=2)82/[02(n—2)]  S/V5xx

follows a T-distribution with n — 2 degrees of freedom.

The same is true for

(Bo—ﬁo)/(o‘VZX,%/vnsxx) _ Bo — Bo
J(n=2)82/[02(n=2)]  S\/Tx}/VnSux

It follows immediately that we have 100(1 — )% confidence intervals

S S\E X
B £ faj2,n—2"7= Bo + to/2n2—==—

nS,x

for B1 and By, respectively.
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Confidence Intervals for Slope and Intercept

26.5. Example. We return to Example 26.1 of solvent evaporation in spray
painting. Recall that we obtained the point estimate for the regression line

fly|x = 13.6 — 0.0795x.
Based on the previously calculated
n =25, > x = 131209, > yi = 23570,
Y x?=76193.7, Y y?=12286.07, > xy;=11802.2
we obtain
Sex = 7245.47, Syy = 63.89, Sy = —575.781
and

SSe = Sy, — b1Sx, = 18.13, s> =SSg /(n—2)=0.79
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% Confidence Intervals for Slope and Intercept
A 95% confidence interval for the slope of the regression line is given by

2.0687 - 0.888
by =+ t0.025.235/v/ Sxx = —0.0795 + e

= —0.0795 £ 0.0215

and a 95% confidence interval for the intercept is given by

bo & t0.025,2351/ 9 x?//nSxx = 13.6 £1.19

These confidence intervals can also be obtained with Mathematica:

nodel [" Par anet er Confi dencel nterval s", Confi denceLevel - 0.95]

{{12.41, 14.7927}, {-0.101047, -0.0578881}}
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Tests for Regression Parameters

Of course, we may also perform hypothesis tests (Fisher or
Neyman-Pearson) on the model parameters. For example, we may test

Ho: Bo = Bo and Ho: B1 = B}
for null values ,88 and BY of the intercept and slope, respectively.

An important special case is following:

We say that a regression is significant if there is statistical evidence that
the slope 81 # 0.
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Test for Significance of Regression

26.6. Test for Significance of Regression. Let (x;,Y | x;),i=1,...,nbea
random sample from Y | x. We reject

H():‘B]_ZO

at significance level o if the statistic

satisfies [T, 2| > tq /2 n—2-
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Significance of Regression

26.7. Example. We return to Example 26.1 of solvent evaporation in spray
painting. Recall that we obtained the point estimate for the regression line

fy|x = 13.6013 — 0.07947x.

We now test whether the regression is significant. from the previously
calculated data, we have

b

thy = ——
23 S/ /—SXX
We find that P[To3 < —7.62] < 51078,

= —7.61792.

Since this is a two-tailed test, P < 2-10~8 = 10~7.

Hence, we are able to reject Hy. There is no evidence that the regression is
not significant.
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¥ Tests for Regression Parameters

The key parameters for tests for Sy and 1 (vs. a null value of zero) may
also be extracted directly from Mathematica:
model["ParameterTable"]
Estimate Standard Error t-Statistic P-Value

1113.6013 0.575896 236177  1.2532x107"
x | =0.0794677 0.0104317 -761792 9.82817x1078
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Properties of the Estimator for the Mean

We now turn to the actual estimated mean, wy .. The least-squares
estimators give
By|x = Bo + Bix.

Since Bp and Bj are unbiased estimators for By and B it follows
immediately that iy, is unbiased for py|y.

We may write
ﬁY\X = BO+ BIXZV_ Bix + BlX:V—l— Bl(X—Y)_

Since Bj is a linear combination of the Y; (see (26.4)), this implies that
By|x is also a linear combination of the Y;. The Y; are assumed independent
and normally distributed, so we see that @y, follows a normal distribution.
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Distribution of the Estimated Mean

Since Cov[Y, B1] = 0 (see assighments),

Var[fly|x] = Var[Y + (x —X)Bi]

= Var[Y] + (x — X)? Var[Bi]
02  (x—Xx)%02

n S.x

In conclusion,
Ky |x — Ky|x
1 (x—x)2
9\ % + Sxx

follows a standard-normal distribution.
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Confidence Interval the Estimated Mean

Using our estimator for the variance as before, we see that

iI'Y|X — MHy|x
1 (x—x)2
S E + sxx

follows a T distribution with n — 2 degrees of freedom.
Based on this, we may make inferences on the value of the mean of Y | x.

For example, we obtain the following 100(1 — a)% confidence interval for
Ky |x:

(x—x?

. 1
Ky |x + ta/2,n—25 E + (266)
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27. Simple Linear Regression |l:
Predictions and Model Analysis
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Introduction to Linear Regression

27. Simple Linear Regression Il: Predictions and Model Analysis
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Inferences about a Single Predicted Value

We are interested in finding an “estimate” (guess) or a prediction for the
value of the random variable Y | x. Note the essential difference:

» An estimate is a statistical statement on the value of an unknown,
but fixed, population parameter.

» A prediction is a statistical statement on the value of an essentially
random quantity.

We define a 100(1 — a)% prediction interval [L1, L»] for a random variable
X by
P[L1§X§L2]:1—a

As a predictor Y | x for the value of Y | x we use the estimator for the
mean, i.e., we set _

Y{X:ﬁy|X:Bo+le.
In order to find a prediction interval, we need to analyze the distribution of

—

Y | x.
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Inferences about a Single Predicted Value

Recall that @y |, follows a normal distribution with mean py |, and variance
_%)2 . L .

(% + (Xsix)) o2. Furthermore, Y | x is normally distributed with mean

2

Ky|x and variance 0.

Hence Y | x — Y | x is normally distributed and, furthermore,

ElY | x =Y | x] = py|x — pyx =0,

vl Ty = (3 O o= (14 24 )

Thus, after standardizing and dividing by S/o we obtain the T,_, random

variable _
Y|x—-Y|x

X—X)2
Sy1+14 6

7—n—2 =
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Inferences about a Single Predicted Value

We thus obtain the following 100(1 — )% prediction interval for Y | x:

(x =x)?
SXX

The limits of the confidence interval (26.6) and the prediction interval
(27.1), plotted as functions of x, are commonly called confidence bands
and prediction bands for the regression.

Y| x

Simple Linear Regression II: Predictions and Model Analysis

—_— 1
Y‘Xita/2,n2s\/l+n+ (27.1)

— Regression Line
— Confidence Band
Predictioon Band
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¥ Confidence and Prediction Intervals

27.1. Example. Continuing with the data from Example 26.1, Mathematica
gives confidence bands (26.6) for the estimated mean as

conf = model ["MeanPredictionBands", ConfidenceLevel » 0.95]

{13.6013 -0.0794677 x- 2.06866 \/0.331656 -0.0114296 x+ 0.00010882 x? ,

13.6013 - 0.0794677 x+ 2.06866 \/0.331656 -0.0114296 x + 0.00010882 x? }

Prediction bands (27.1) are given by

pred = model ["SinglePredictionBands", ConfidenceLevel - 0.95]

{13.6013 -0.0794677 x - 2.06866 \/1.12011 -0.0114296 x + 0.00010882 x2 ,

13.6013 - 0.0794677x+ 2.06866 \/1.12011 -0.0114296 x+ 0.00010882 x2 }
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¥ Confidence and Prediction Intervals

Below, the prediction bands are shown in red, while the confidence bands
for the estimated mean are green:

Solvent evaporation [%]

14
12
10

SO N B O

0 20 40 60 80 100

Relative humidity [%]
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Analysis of the Model

Achievements so far:
» Inferences on model parameters By, f1.
> Inferences on estimated mean fy|.

» Prediction for Y | x.

But is our linear model actually appropriate?

Crucial Quantities:

» The total variation of the response variable,

n

SSt=S,,=> (Yi-Y)~

i=1

JOINT INSTITUTE
RARERBREE

We will also call this the Total Sum of Squares. It represents the

variation of Y regardless of any model.
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Analysis of the Model

Crucial Quantities:
» The Error Sum of Squares

n
2
SSe =Y (Yi— (bo + b1x))".
i=1
It represents the variation of Y that remains after we have applied the
model.
Y|x Y| x

L —— }H/‘/ | )/.)/f B
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¥ Coefficient of Determination

Of course,
SSg <SSt
and we define the the coefficient of determination
SSt —SSE
R? .= = _~-% 27.2
55, (27.2)

Sometimes, one reports R? - 100%.

The coefficient R? expresses the proportion of the total variation in Y
that is explained by the linear model.

27.2. Example. Continuing with the data from Example 26.1, we find R? as
follows:

model["RSquared"]

0.716164
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Connection to Correlation
Recall from (26.3) that

52
_ _ Xy
SSE = Syy ~ BiSxy = Syy — ¢,

so that
_ SSt—SSe  S3,
©SST SuSy,

The right-hand side is exactly the square of the estimator (24.1) for the
the correlation coefficient pxy .

R2

Since the correlation pxy measures the linearity of the relationship between
X and Y, this is not surprising.
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Connection to Significance of Regression

Using again (26.3), we can have a other look at the statistic that we had
used in the Test for Significance of Regression 26.6,

B1

\/ S?%/Sxx
. Sxy/sxx
a \/SSE/[ (n—2)5x]

\/1_7\/ (27.3)

and we can see that is expressible entirely using the coefficient R?.

Tn—2 =

Hence, R? alone includes enough information to conduct the test for
significance of regression.
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Connection of the T and F Distributions

JOINT INSTITUTE
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Recall that a T, distribution is the quotient of a standard normal
distribution and the square root of a chi-squared distribution with

degrees of freedom, divided by 7.
Then the square of T,

TOxXE X3y

1y

follows an F distribution with 1 and « degrees of freedom.

Therefore, we may also use the statistic

R2 SSt — SSe

Frae=(n=2 g = (=25,

to test for significance of regression.
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Simple Linear Regression II: Predictions and Model Analysis

F Test for Significance of Regression

27.3. Test for Significance of Regression. Let (x;,Y;), i=1,...,n be a
random sample from Y | x. We reject

H()Z ,31 =0
at significance level o if the statistic

R? SSt —SSg

= ()7 (27.4)

Fin—2=(n—-2)

satisfies F1 p—2 > fo.1.n—2.
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Simple Linear Regression II: Predictions and Model Analysis

3 ANOVA Table for Simple Linear Regression

27.4. Example. For the data of Example 26.1, we can obtain the Analysis
of Variance (ANOVA) table for the regression:

model ["ANOVATable"]
DF SS MS F-Statistic P-Value

X 1 45756 45.756 58.0328 9.82817 x1078
Error | 23 18.1344 0.788452
Total | 24 63.8904
Here
» “DF" stands for “degrees of freedom”
» “SS” stands for “sum of squares”
» “MS" stands for “mean square” and is SS/DF

» The F-Statistic is the value of F; ,_» in (27.4) and the P-value refers
to the Test 27.3.
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3 ANOVA Table for Simple Linear Regression

model ["ANOVATable"]

DF SS MS F-Statistic P-Value

X 1 45756 45756  58.0328 9.82817x1078
Error | 23 18.1344 0.788452
Total | 24 63.8904
We can read off
SSt = 63.8904; compare with S, in Example 26.5
SSg = 18.1344; compare with Example 26.5

F123 =58.0328 = T223; compare with the value for T3 obtained in
Example 26.7.

The P-value of the test for significance of regression is the same as for
the T-test in Example 26.7.

v

v

v

v
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Test for Correlation

Conversely, we can adapt the above discussion to perform a two-sided
Fisher test for a vanishing correlation in a bivariate normal distribution:

27.5. Test for Correlation. Let (X,Y) follow a bivariate normal distribution
with correlation coefficient p € (—1,1). Let R be the estimator (24.1) for
o. Then

Ho:0=0

is rejected at significance level a if

Rv/'n—2
v1— R2

> ta/2,n—2-
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Lack-of-Fit and Pure Error
Problem:

» R? measures how much of the total variation is explained by the linear
model.

» If R? is not large, then the model does not explain a significant
amount of the fluctuation of the measured values y;.

» In short, SSg is large.

Why could SSg be large?

> Either o2 is very large (pure error)

» or the model is wrong. (lack-of-fit error)

To tell which of the two predominates, we need to be able to take
repeated measurements of Y | x; for the same value of x;.
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Repeated Measurements

We can directly measure pure error (due to o2) if we have repeated
measurements available. That is, at one or more points x;, i = 1,..., k,
we have at least two observations on Y.

Let Yj; denote the jth observation of Y | x;, where j =1,..., n;.

The total number of observations is

k
n=mAmtotn=y n
i=1

Recall: Repeated measurements are treated just like any other
measurements in regression analysis.
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Internal Sum of Squares

Foreach i=1,..., k we can view Y1, Y, ..., Yi, as a random sample of
size n; of the random variable Y; =Y | x;.

An unbiased estimator for py|,; is the sample mean

n;
2
j=1

1
Y, ==~
n;

The statistic

measures the natural variability of Y | x; and is called an internal sum of
squares.
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Error Sum of Squares (Pure Error)

By summing over all internal sums of squares we obtain the error sum of
squares due to pure error,

k n;
SSe;pe := Z Z(YU - Vi)z (27.5)
i=1 j=1
k n; ) k 1 nj 2
=2 2 Yi- Z;(ZYU’)
i=1 j=1 i=1"" j=1

It is not difficult to see that
1 L1 g -
5 SSEpe=2 2 (YY)
i=1 % j=1

follows a chi-squared distribution with n — k degrees of freedom.
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Error Sum of Squares

Note that SSg;pe < SSE since

k n;
SSe =SS (¥ — (bo + bix))°

i=1j=1

and in general
nj

> (vi—2)°

Jj=1

is minimized if z =Y.
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Error Sum of Squares (Lack of Fit)

We therefore define the error sum of squares due to lack of fit by
SSe.if := SSE — SSE;pe -
Since SSg = SSE;pe + SSEif, it seems reasonable that
% SSeyif
might follow a chi-squared distribution with
(n—2)—(n—k)=k-2

degrees of freedom.

In fact, it can be shown that this is true and that SSg. is actually a sum
of squares.
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Testing for Lack of Fit

27.6. Test for Lack of Fit. Let xq, ..., xx be regressors and Y1, Yi2, ..., Yin,,
i=1,..., k, the measured responses at each of the regressors. Let SSg.pe
and SSg.¢ be the pure error and lack-of-fit sums of squares for a linear
regression model. Then

Ho: the linear regression model is appropriate

is rejected at significance level a if the test statistic

SSeuf /(k —2)

Fhoan k= o J(n— k)

satisfies Fr_2 n—k > fo,k—2,n—k-
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Testing for Lack of Fit

27.7. Example. Consider these data on X, the temperature, in degrees
centigrade, at which a chemical reaction is conducted, and Y, the
percentage yield obtained:

xi | 30 40 50 60 70

Yin | 137 155 185 17.7 15.0
Yo | 140 16.0 200 18.1 15.6
Y3 | 146 17.0 21.1 185 165

Here k =5, nqy,..., ns =3 and n = 15. For x; = 30 we have y; = 14.1
and the internal sum of squares

(13.7 — 14.1)> + (14.0 — 14.1)*> + (14.6 — 14.1)> = 0.42

In the same way we calculate the other four internal sums of squares and
obtain the pure error sum of squares

SSE;pe = 6.453.
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Testing for Lack of Fit

For our data we can calculate S,, = 66.6437, Sy, = 154 and b; = 0.051.
The total error sum of squares is given by

SSe =S5,, — b1Sx, = 58.583.
The lack-of-fit sum of squares is
SSE.if = SSE — SSE;pe =52.13.

The observed value of the statistic is

_ SSgyf/(k—2)  52.13/3
~ SSepe/(n—k)  6.453/10

Frk—2,n—k = F3,10 = 26.928.

Based on the F3 10 distribution, we can reject Hp with P < 0.05

(f0.05,3,10 = 3.708). There is evidence that a linear regression model is not
appropriate.
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Testing for Lack of Fit

It is clear from the graph below that the linear model is indeed not suitable:
24f
22}
20} :

18} ;

16/ ; :
14} )
12}

100
20 30 40 50 60 70 80

Temperature [°C]

Yield [%]




JOINT INSTITUTE
RARERBREE

;
Slide 660 e

Simple Linear Regression II: Predictions and Model Analysis

Residual Analysis

The residuals e;, i =1, ..., n give important information on the model:
» Are they consistent with the assumption of equal variance ¢2?
» Are they consistent with the assumption of a normal distribution?

» Does the linear model seem appropriate?

Plotting the residuals vs. the values of x; also shows potential gaps in the

data.

Never extrapolate the regression model beyond the range of the
regressors. Avoid leaving wide gaps in the range of the x;.



JOINT INSTITUTE
RARERBREE

M
Simple Linear Regression II: Predictions and Model Analysis Slide 661
¥ Residual Analysis

27.8. Example. Continuing with the data from Example 26.1, Mathematica
gives the residuals as follows
resi dual s = nodel ["FitResidual s"]
{0. 203884, -0.300071, 1.34628, -0.528625, 0.577991, 0.764721,
-1.28893, 0.993847, -0.182959, 0.0680671, -1.71402, 0.895291,

0.531716, -0.894139, 1.01776, -0.147142, 1.21111, 0. 0614135, -1.23859,
1.21107, -0.171704, -0.484252, -1.15707, -0.547105, -0.22855}

A boxplot does not yield strong evidence against the normality assumption:
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Residual Analysis

Slide 662 he

The residual plot does not show any obvious issues:
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The Anscombe Quartet

9,

L2 S

= 7.50,

» LS, =4.122 or 4127,
_ » R? =0.816,

Francis J. Anscombe (1918-2001) > ﬁY\x = 3.00 + 0.500x

><\
Il

v
“<\=

Finally, this example by Francis Anscombe illustrates why it is always
important to actually look at the data instead of relying on numerical
quantities. In the following four graphs, the data all have these same
statistics up to the precision given.

Literature: Anscombe, F. J. Graphs in Statistical Analysis. American Statistician. 27
(1): 17-21. (1973).


http://archives.news.yale.edu/v30.n9/story11.html
http://archives.news.yale.edu/v30.n9/story11.html
http://archives.news.yale.edu/v30.n9/story11.html
http://archives.news.yale.edu/v30.n9/story11.html
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Plot the data!
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28. Multiple Linear Regression |: Basic Model
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Introduction to Linear Regression

28. Multiple Linear Regression |: Basic Model
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More General Regression Models

Two Main Generalizations:

» The multilinear model with linear dependence on p € N parameters
X1, ..., Xp,

BY|xi,.xo = Bo+ B1xa + -+ Bpxp (28.1)

and

» The polynomial model with dependence on a polynomial of degree p
of a single parameter X,

fy(x = Bo + Bix + Box® + -+ + BpxP.
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The Polynomial Model

A random sample of size n, (x;,Y | x;), i=1,...
Yi ==Y | x; as usual.

Goal: Find by, ..., by such that for
yi = bo + bixi + -+ bpxf +ej,

the sum of squares error

n

SSe :Ze,-2 = (vi—(bo+ bixi + -
i=1

i=1

is minimized.
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, nis given. We write

i=1....n (28.2)

-+ bpxP))? (28.3)



JOINT INSTITUTE
RARERBREE

Slide 669 i

Multiple Linear Regression |: Basic Model

The Model Specification Matrix

To discuss the model
Yi =Y | xi = Bo+ Bixi + Bax? + -+ Bpxl + E;, (28.4)

it is convenient to adopt a matrix formalism. We define

Y1 1 X1 X12 . Xf ,80 E1
Y=|:] X=|: : . |, B=[:] E=]|":
Y, 1 x, X,% .. xP Bp E,
Then (28.4) can be written as
Y =XB+E. (28.5)

The matrix X is called the model specification matrix. We see from
(28.5) that the polynomial model is a linear regression model.
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Polynomial Regression
Defining

bg €1
B=b:= : and e=
b €n

(28.2) becomes
Y =Xb+e,

where b is chosen to minimize the error sum of squares
SSE = (Y — Xb,Y — Xb) = (Y — Xb)" (Y — Xb). (28.6)

Here AT denotes the transpose of a matrix A and (a, b) = ¥ "_; a;b; is the
usual scalar product of two vectors a, b € R".
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Minimizing the SSg
Using the norm ||a|| = \/(a, a), we write
SSg = (Y — Xb,Y — Xb)
= [[YI? = 2(Xb,Y) + || Xb]|*.
The minimum of the sum-of-squares error is found from
OSSg
Obo

Vb SSE - : - 0
O0SSe

Hence, we need to solve

—2V,(Xb,Y) + V,(Xb, Xb) = 0.

Slide 671 Ikl =¥
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Minimizing the SSg
We use that 5
(Xb,Y)=(b,XTY)=> b(X"Y)in1
i=0
to see 5
—(Xb,Y) = (X"Y)k41.
55, Xb.Y) = (XT¥ )i
and hence
d(XbY
an (XTY)
Vu(Xb,Y) = : = : — X'y,
20n | \(XTY )i

It is also not difficult to show that

V(Xb, Xb) = 2XT Xb.
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The Regression Coefficients
It follows that the stationary point is given by
X"™X)b=XTY.
Since the entries of X are numerical, X7 X will almost surely be invertible.
Then the regression coefficients are given by
b= (X"X)"XTy.

Of course, this formulation can also be used for simple linear regression;
this is just the case p = 1.

Since the values in X are numerical, practical calculations are best done
using a computer.
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A Polynomial Model

28.1. Example. A study is conducted to develop an equation by which the
unit cost of producing a new drug (Y') can be predicted based on the
number of units produced (X). The proposed model is

tyx = Bo + Bix + Box>.
The following data are available:

x| 5 5 10 10 15 15 20 20 25 25
y|140 125 70 50 21 18 62 49 132 146

We will use Mathematica for our calculations. We first enter the data as a
list of pairs:

data = {{5, 14}, {5, 12.5}, {10, 7.}, {10, 5.3}, {15, 2.1},
(15, 1.8}, {20, 6.2}, {20, 4.9}, {25, 13.2}, {25, 14.6}};
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3 A Polynomial Model

We construct the model specification matrix X and the response vector y:

y = Transpose[data] [[2]];

X = Transpose [Tabl e [Functi on[x, xk] /@
Transpose[data] [[1]], {k, 0, 2}]];

{MatrixForm[X], MatrixForm[y]}

[N

5
5
10
10
15
15
20
20
25
25

—
PR RPRRPRERRPRREPR

25
25
100
100
225
225
400
400
625
625

14
12.5
7
5

rOoPEDd

=
w

oSN ©N ok

i
»
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3 A Polynomial Model
Then b is given by

b = I nverse[Transpose[X]. X]. Transpose[X].Y;
Mat ri xFor m[b]

27.3
-3.313
0.111

Thus we obtain
fly|x = 27.3 —3.313 - x + 0.111 - x°.

The same result can also be found by using NonLinearModelFit:

nmodel = Nonl i near Model Fit [data, bg +bi X + by X" 2,
{bo, by, by}, xI;
nodel ["BestFit"]

27.3-3.313x +0.111x?
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3% A Polynomial Model

14]
12f

T

Unit cost

o N B~ O
— —

0 5 10 15 20 25 30

Number of units
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3 A Polynomial Model
We can also use LinearModelFit with a given model specification matrix
X (called a design matrix in Mathematica) and the response vector y:

nodel = LinearMdel Fit [{X Vy}];
nmodel ["BestFit"]

27.311-3.31312 +0.111 13
The output is a “pure function” with three arguments. To obtain the
desired expression, we need to insert the appropriate monomials:

Eval uat e [nodel ["BestFit"]] &[1, x, x?]

27.3-3.313x +0.111x?
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The Multilinear Model

In the mulilinear model, we assume that Y depends on several factors

X1y .- ,Xp,

Y | x=Bo+ Bix1+ Boxo + -+ + Bpxp + E.
We take a random sample (xi;, X0, . .., Xpi; Y | X1i, X2i, - - -, Xpi),
i=1,...,n writing Y; =Y | x1j, x2j, ..., Xpj as usual.

We select by, ..., bp such that for
yi = bo+ bixij + -+ bpxpi + €, i=1,...,n, (28.7)

the sum of squares error

n

SSe=Y_ 2= (yi— (bo+ buxai + -+ bpxpi)) (28.8)
i=1 i=1

is minimized.
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The Multilinear Model

In fact, the situation is identical to the polynomial model if the model
determination matrix X is replaced by

1 X111 --- Xpl
X=1:
1 Xin ... Xpn
We again have
Y =XB+E.
and estimate S by minimizing
SSE = (Y — Xb)" (Y — Xb). (28.9)

All following calculations remain unchanged and we obtain

b=(X"X)"'XTy.
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28.2. Example. An equation is to be developed from which we can predict
the gasoline mileage of an automobile based on its weight and temperature

at the time of operation. The model being estimated is
By|x = Bo + P1x1 + Baxe.

These data are available:

Car number 1 2 3 4 5 6 7 8

9

10

Weight in tons (x1) 1.35 1.90 1.70 1.80 1.30 2.05 1.60 1.80
Temp. in °F (x2) 920 30 80 40 35 45 50 60
Miles/Gallon (y) 17.9 16.5 16.4 16.8 18.8 155 175 16.4

1.85
65
15.9

1.40
30
18.3

We enter the data as follows:
rowdata : =

{{1.35, 1.90, 1.70, 1.80, 1.30, 2.05, 1.60, 1.80, 1.85, 1.40},

{90, 30, 80, 40, 35, 45, 50, 60, 65, 30},

{17.9, 16.5, 16.4, 16.8, 18.8, 15.5, 17.5, 16.4, 15.9, 18.3}}
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# A Multilinear Model

We construct the specification matrix and response vector before obtaining
the model parameters:

X = Transpose[{Table[l, {i, 1, Length[rowdata[[1]]]}],
rowdata[[1]], rowdata[[2]1]1}];

y =rowdata[[3]];

{Matri xForm[X], MatrixForm[y]}

1 1.35 90 17.9
1 1.9 30 16.5
1 1.7 80 16. 4
1 1.8 40 16.8
{ 1 1.3 35 18.8 }
1 2.05 45| |15.5
1 1.6 50 17.5
1 1.8 60 16. 4
1 1.85 65 15.9
1 1.4 30 18.3
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# A Multilinear Model

b =Inverse[Transpose[X]. X]. Transpose[X].y; Matri xForm[b]

24.7489
-4.15933
-0. 014895

We could also have used LinearModelFit based on the model
specification matrix,

nodel = LinearMdel Fit [{X Vy}1;
Eval uat e[nodel ["BestFit"]1] &[1, X1, X2]

24,7489 - 4. 15933 x1 - 0. 014895 x>

or entered the data directly in the form of a list of triples (x1, x2, y),

data = Transpose[{ai, az, Y}I;
nmodel = Linear Model Fit [data, {X1, X2}, {X1, X2}1;
nodel ["BestFit"]

24.7489 - 4. 15933 x; - 0. 014895 x,
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¥ A Multilinear Model

The model gives a regression plane:

Temperature [°F]
80
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Error Analysis: Total Variation

Let us now analyze the sources of variation in our models. The total

variation is given by
n

SSr=> (Yi—Y)?

i=1
It is convenient to express this in matrix notation: we define the n x n
matrix

) 11 ... 1
P:=—1:": :
n
11 ... 1
Then it is easy to see that
Y
PY =
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Error Analysis: The P Projection

This allows us to write
S5t =((1, = P)Y,(1, - P)Y)
where 1, is the n x n unit matrix. We further remark that
P2 =P and PT =P (28.10)

A matrix with the properties (28.10) is said to be an orthogonal
projection. We can easily check that (28.10) implies

(1,—P)?=1,-P, and (1,-P) =1,-P.
Then
SSt = (Y, (1,— P)" (1, - P)Y) = (Y, (1, — P)Y) (28.11)

Such an expression is called a quadratic formin Y.
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The Hat Matrix

Recall that our both the polynomial and the multilinear models were based
on writing the n responses in the form

Y=Xb+e

where e is the least-squares vector of residuals and Y = (Y1,...,Y;,)" is
the vector of the responses.

LIRS,
The vector Y| x

Y .= Xb
./

then represents the predicted val- ./l/'/r
ues of the responses, i.e., the "
points Y; lying on the regression
curve at x;.
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The Hat Matrix
Since b= (X" X)"1XTY we may write
Y = HY, H:=X(XTX)"1XT,

where the n X n matrix H is called the hat matrix. |t associates to each
measured response Y; the predicted response Y.

Like P, the hat matrix is an orthogonal projection: we can check that
HX = X, H" = H, H?> = H.

Therefore, so is 1, — H and we have

(1,-H)X=0, (1,-H)"=1,-H,
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Error Analysis: Sum of Squares Error

We may therefore write the error sum of squares as

(Y — Xb,Y — Xb)

(Ln = H)Y, (L, — H)Y)
(Y

(Y

(1, = H)' (1, = H)Y)
(1, — H)Y).

We may therefore write out a sums of squares decomposition very easily:
SSt =(Y,(1,— P)Y)
=Y, (1,— H)Y)+(Y,(H-P)Y).

=SSg =:SSgr
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Fundamental Sum-of-Squares Decomposition

We hence have the decomposition
SS+ = SSg + SSEe (28.13)

where
(i) SST represents the total variation of the response variable Y,

(i) SSr (called the regression sum of squares) represents the variation
of the response predicted by the regression model and

(iii) SSE represents the deviation of the response from the model.
Analogously to (27.2), the coefficient of multiple determination,

~ SSg

R?=—""
SSt

gives the proportion of the response variation in Y explained by the model.
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Fundamental Sum-of-Squares Error Decomposition
28.3. Remark. It can be shown that
SSk=(Y,(H-P)Y)={((H-P)Y,(H-P)Y).

Then the equation

SSt = SSgr +SSe (28.14)
may be expressed as
S -V =Y (V- VP + Y- V)
i=1 i=1 i=1

with Y = Xb. Proving this inequality using only elementary algebraic
manipulations is a daunting task.
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Fundamental Sum-of-Squares Error Decomposition

Z(yellow lengths)? = Z(green lengths)? + Z(red lengths)?

Y
I

| x

A

\J
x
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29. Multiple Linear Regression Il:
Inferences on the Model
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Introduction to Linear Regression

29. Multiple Linear Regression Il: Inferences on the Model
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Distribution of the Sum of Squares Error

Model assumptions:

> Y | x follows a normal distribution with variance o and mean given
by the model.

» Y | x is independent of Y | x’ for x # x'.
(Here x may be a vector of several different factors or a single factor.)

Goal: Find the distribution of the error sum of squares
SSe = (Y, (1, — H)Y)
where Y = (Y1, ...,Y,) is the response vector and
H:= X(XT"Xx)71xT

is the hat matrix. Here X is the (p + 1) x n model specification matrix.
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Traceof 1, — H

We first need a basic result from linear algebra:

29.1. Lemma. Let P: R" — R" be a projection, i.e., P2 = P. Then the
eigenvalues of P may only have values of 0 or 1.

Proof.
Suppose that Pv = Av for some v € R”, v #£ 0, and A € R. Then

Av = Pv=P?v=P(Pv)=P(v)=XPv)=X\v

soA=MX2 jie, A=0o0r \=1. OJ
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Traceof 1, — H

Recall that the trace of a square n x n matrix A = (aj;) is defined as

trA = i aj.
i=1
We will use the properties
tr(A+ B) =trA+tr B, tr(AB) = tr(BA)
for square n X n matrices A, B. Furthermore,
tr A = sum of the eigenvalues of A.
We have
tr H = tr(X(XTX)7IXT) = tr(( X" X)71XT X)
=tr(lpt1) =p+ 1

so
tr(l,—H)=trl,—trH=n—p-1
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Eigenvalues of 1,, — H

Since 1, — H is a projection, the sum of its eigenvalues is also equal to the
number of eigenvalues that equal 1.

Hence, n — p — 1 eigenvalues of 1, — H are equal to 1 and p+1
eigenvalues equal 0.

Since 1, — H is symmetric, we can apply the spectral theorem of linear
algebra: there exists a matrix U (whose columns are eigenvectors of
1, — H) such that

ut=u'

and

uT(1, - HU = (ﬂ”—f’—l 0) = Dp_p1 (29.1)
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Distribution of the Sum of Squares Error

Recall that in our model the response vector satisfies

Y =XB+E

where E follows a normal distribution with mean 0 and variance o2.

Since 1, — H is an orthogonal projection and (1, — H)X = 0 (see (28.12))
and we find

(1, — H)Y, (1L, — H)Y)

{
= ((1n — H)(XB + E). (1, — H)(XB + E))
(1, — H)E, (1, — H)E)

{
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Distribution of the Sum of Squares Error

Since each E; follows an independent normal distribution with mean zero

2

and variance o<, we have

SSE E E
— =(—=(0,—H)|=))=(Z (1,—H)Z
= (- (5)) =@ 0.-H2)
where Z = (Zy,...,Z,)" is a vector of i.i.d. standard normal random
variables.

We now use the diagonalization (29.1),

SSe

5 =(ZUDs p1UT2) = (UTZ,D, 51U 2)

n—p—1

= > (UT2)

Since each Z; follows an independent standard normal distribution, so does
each component of UT Z. We conclude that SSg follows a chi-squared
distribution with n — p — 1 degrees of freedom.
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Distribution of the Sum of Squares Error
We can apply analogous arguments to SSg and SSt. In summary, we have

29.2. Theorem.

(i) SSE /o? follows a chi-squared distribution with n — p — 1 degrees of
freedom.

(i) If B=(Bo,0,...,0), then SSg /o? follows a chi-squared distribution
with p degrees of freedom.

Furthermore, SSg and SSg are independent random variables.
29.3. Corollary. The estimator

SSE

§%2.= =
n—p—1

is unbiased for o2.
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Practical Calculations

29.4. Lemma. The regression sum of squares can be expressed as

SSk = (b, XTY) — ,11(2 Y,->2
i=1

In particular, in the case of the multilinear model,
n P n 1 n 2
SSk=bo Y Yi+> bi> x¥i— ;(ZY,') ,
i=1 j=1 i=1 i=1

and in the polynomial model,

n

n P ) n
SSgr = bOZYi +ijZX,!Yi - %(Zyl)z
i—1 =1 =1 i—1
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Estimated Variance and Correlation Coefficient

29.5. Example. In Example 28.2 we obtained the regression equation
By |x e = 24.75 — 4.16x; — 0.015x,.

for the mean gas mileage of cars as a function of weight x; and motor
temperature xo. We now want to find R? for our model.

It is convenient to write
T 1 2
SSr= (B, XTY) — = (3_v)".

We first calculate

2 Vi 170.00 ;
XTy = | Exiyi | = | 282.405 |, ny — 2000.46.
> XY 8887.00 i—1
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Estimated Variance and Coefficient of Determination

These values give us

n

SST = gy? _ ,17(; y,->2 — 10.46,

170.00 24.75
170.002
SSr :< 282405 |, —4.16 >— o = 10.32.
8887.00 —0.015
Hence, 10.32
2 _ Y92
= 1046 0.9866.

We also note that SSg = SSt — SSg = 10.46 — 10.32 = 0.14 and the
estimated variance is

SSE 0.14
~2 2
’ s n—p—1 10—-2-1 0.0
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¥ Estimated Variance and Coefficient of Determination

We can extract the estimated variance and R? directly from the model:

nmodel = Li near Mbdel Fit [data, {Xxi1, X2}, {X1, X2}1;
nodel ["Esti mat edVari ance" ]

0. 02005
nodel ["RSquar ed" ]
0. 986582
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F-Test for Significance of Regression

Since SSr measures the variability associated with the model and SSg
measures “random variation”, we will find the regression significant if SSg
is much larger than SSg. The basis for the test is Theorem 29.2.

29.6. F-Test for Significance of Regression. Let xi, ..., Xp be the predictor
variables in a multilinear model (28.1) for Y. Then

Ho: Br=B>=---=Bp =0,
is rejected at significance level a if the test statistic

SSr/p SSr /p
R — 29 2
N CEr VI 292

satisfies Fp n—p—1 > fo,p,n—p—1-
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Significance of Regression
We remark that
n—p—1SSR/SSt n—p-—1 SSr /SST

Fonp_1= =

pn—p-l p  SSg/SSt p  (SST—SSr)/SST
n—p—1 R?
N p 1-R?

so the value of R? alone can be used to test for significance of regression.

29.7. Example. In Example 29.5, we obtained R? = 0.986. Since n = 10
and p = 2 the value of the test statistic for significance of regression is
n—p—-1 R? 70.986

p 1-R2 20014

The 95% point of the F; 7-distribution is 4.74, so we can reject Hy with
P < 0.05. There is evidence that the regression is significant.
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Expectation for Random Vectors
Goal: Derive distribution of the estimators b for the model parameters .

Recall: Let Y = (Y1,..., Y,,)T be a random vector. Then

E[v1]
ElY]=| :
E[Y2]

For random vectors Y, Z and a constant m X n matrix C:
(i) E[C]=C,

(i) E[CY] = CE[Y],

(i) E[Y + Z] = E[Y] + E[Z].
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Expectation of the Least-Squares Estimators

We can calculate directly that the expectation of the response vector is
E[Y] = E[XB + E] = E[XB] + E[E] = XB.
Then

E[b] = E[(XTX)'XTY] = (XTX) IXT E[Y]
= (X"TX)"IX"XB
= B.

It follows that E = b is an unbiased estimator for B.
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Variance for Random Vectors
Recall: Let Y =(Y1,..., Y,,)T be a random vector. Then

Var[Y1] Cov[Y1, Y9] e Cov[Y1, Ya]

Var[Y] = Cov[Y1, Y9] Var[Y]
: ' Cov[Yn_1, Y]

Cov[Y1, Ya] L. Cov|[Yn-1, Ya] Var[Ys]

and
Var[CY] = C Var[Y]CT,

where C is a constant m x n matrix.
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Variance of the Least-Squares Estimators

In our case, a random sample (x1, Y1), ..., (xn, Yn) is given where the Y; are
independent and all Y; have the same variance o2,

Therefore,
Var[Y] = 0°1,.

We then have

Var[b] = Var[(XT X)"1XTY]
= (XTX)IXT Var[Y](XTX)1xT)T
_ JZ(XTX)—IXT((XTX)—le)T
=o?(XTX)™?
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Variance of the Least-Squares Estimators

Let us write

EOO * “ e e *
* 511 ’ - *
(XTX)™ = g
*
* *  Epp

where the starred values are uninteresting for us.

Hence,
Var[Bj] = ¢ji0?, i=0,...,p

Note that the estimators By, ..., B, are not independent of each other,
but we will not investigate their covariance here.
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Distribution of the Least-Squares Estimators
Since
b=(X"X)"'X"Y

and the components of Y follow normal distributions, each b; is a linear
combination of independent normal distributions. Hence, each b; must
itself follow a normal distribution.

We have therefore proved the following result:

29.8. Theorem. The random vector b follows a normal distribution with
mean B and variance-covariance matrix o2(X7 X)~L.

It is also possible to prove:

29.9. Theorem. The statistic (n — p — 1)S?/0? = SSg /o2 is independent
of b.
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Confidence Intervals for the Model Parameters

Multiple Linear Regression Il: Inferences on the Model

The variables

Z — M, J — 01 . ’py
o\/&jj
are standard normal. Thus, for j =0, ..., P,

Jin—p-1)82/02/(n—p-1) SV

follows a T-distribution with n — p — 1 degrees of freedom.

We immediately obtain the following 100(1 — a)% confidence intervals for
the model parameters:

ﬁj = bjita/2,n—p—15\/§jjv j=0,..., p.
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¥ Confidence Intervals for the Model Parameters

Multiple Linear Regression Il: Inferences on the Model

29.10. Example. Continuing from Example 29.5, we have s2 = 0.02005, so

the variance-covariance matrix is
Mat ri xFor m[0. 02005 I nver se[Transpose [X]. X]1]

0.121719 -0. 060669 -0.000344635
-0. 060669 0.0348589 0.0000434344

-0. 000344635 0.0000434344 5.17872x10°

We can also obtain the matrix directly from the model:
Mat ri xFor m[nodel [" Covari anceMatri x"1]1]

0.121719 -0. 0606689 -0.000344635
-0.0606689 0.0348589 0.0000434344

-0. 000344635 0.0000434344 5.17871x10°
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¥ Confidence Intervals for the Model Parameters

Reading off from the diagonal, we find the estimated variances of the
estimators:

Var[Bo] = s%¢00 = 0.1217,

Var[Bi] = %11 = 0.03485,

Var[Bs] = s%¢5 = 5.178 - 107°.
We hence have the following 95% confidence intervals:

Bo = by + t0.025,71/ Szfoo = 2475+ 2.365v0.1217

= 24.75+0.825
B1 = b1 % to.025,71/5%611 = —4.16 = 2.365v/0.03485
=416+ 0.44

B2 = by + to.025,71/ 5222 = —0.15 4+ 2.365v/5.178 - 10~°
= —0.15 + 0.0054
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Multiple Linear Regression Il: Inferences on the Model

Mathematica can directly give the confidence intervals and the standard
deviations of the estimators (the square roots of the diagonal elements of
the variance-covariance matrix).

model [ "ParameterConfidenceIntervalTable"]

Estimate Standard Error Confidence Interval
1 | 24.7489 0.348882 {23.9239, 25.5738})
x1 | -4.15933 0.186705 {-4.60082, -3.71785)
x2 | -0.014895 0.00227568 {-0.0202761, -0.00951389}
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Confidence Intervals for the Estimated Mean

Let us write
1 1
X10
X0 = X or X0 =
Xp0 xP

depending on whether we are considering a multilinear or a polynomial
model. Of course, any combination of the two may be considered
analogously.

Our goal is to make inferences on the estimated mean at xp. We write
~ Ty\—1yT
IJ'Y‘XO = XO = Xp (X X) X'Y

We see that [Ly|, is a linear combination of the independent and normally
distributed Y; and therefore follows a normal distribution.
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Confidence Intervals for the Estimated Mean

Furthermore,

and
Var[fly|x] = Var[x{ b] = x{ Var[b]xo = o°xg (X X) !x

It follows that N
I'l'Y|X0 - .U‘Y‘Xo

ov/xg (XTX)"1xg

is standard normal and, after dividing by \/(n —p—1)S%/02/\/n—p—1
that

i‘l\’Y|X0 - ,U’Y‘X()

Sy/xg (XTX)1xg

follows a T distribution with n — p — 1 degrees of freedom.

(29.4)
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Confidence Intervals for the Estimated Mean

We thus have the following 100(1 — a)% confidence interval for wy|y,:

KRy|xg = ﬁY|x0 + ta/2,nfp715 XJ(XTX)_lxﬂ

29.11. Example. Following on from Example 29.5, the estimate for the
average gasoline mileage for a car weighing 1.5 tons being operated at
70° Fis

fy|1570 = 24.75 — 4.16 - 1.5 — 0.14807 - 70 = 17.47.

We want to find a 95% confidence interval for this mean. The vector xg is
given by
1
xo=1|15
70
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Prediction Intervals
Then

fy|15,70 = 17.47 £2.365 - Sy/xJ (XTX)~1xg = 17.47 £ 0.16.

This agrees with Mathematica’s built-in functionality:
nmodel [" MeanPredi cti onBands"] /. {X;1 » 1.5, X » 70}

{17. 3105, 17.6239}

As in the previous section, we can obtain a similar 100(1 — )% prediction
interval for the value of Y | xig, . .., Xp0,

Y | X0 = Byjag % taj2.n-p-15/1+ 5§ (XTX)x0.

We omit the (completely analogous) details.
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Hypothesis Testing on the Model Parameters

Based on the T-distributions of (29.3) and (29.4) we can of course
perform tests on the model parameters B and the predicted mean fLy|.

Since such tests should be routine by now, we omit the details. However, a
special case is of interest:

29.12. T-Test for Model Sufficiency. Suppose that a regression model
using the parameters f, ..., Bp is fitted to Y. Then for any j =0,...,p

Ho: ,BJ =0
is rejected at significance level a if the test statistic

bj

Top1= .
P TS VE;

satisfies [Th_p_1| > ta/2,n—p-1-
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T-Test for the Model Parameters

If we are able to reject Hp, there is evidence that the predictor is needed
for the model.

If we fail to reject Hy, there is no evidence that the predictor is needed and
we may proceed to fit a model without this predictor.

29.13. Example. Suppose we are given the data

x 5 75 10 125 15 175 20

y 1 22 49 53 82 107 13.2

We would like to find a quadratic model for the data:

Data = {{5, 1}, {7.5, 2.2}, {10, 4.9}, {12.5, 5.3},

{15, 8.2}, {17.5, 10.7}, {20, 13.2 }};
nodel = Nonli near Model Fit [Data, bg + by X + by, x*2 {bg, by, b2}, X1;
nodel ["BestFit"]

~1.03571 + 0. 312857 x + 0. 02 x?
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T-Test for the Model Parameters

The data and the model curve is plotted below.

Y | X

12
10

N B~ OO

Y
x
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T-Test for the Model Parameters

We can find confidence intervals for all model parameters:

model ["ParameterConfidenceIntervalTable",
Confidencelevel - 0.975]

Estimate Standard Error Confidence Interval

by | -1.03571 1.3838 {-5.87265, 3.80122}
by | 0.312857 0.244475 {-0.541682, 1.1674}
b, | 0.02 0.00963554  {-0.0136801, 0.0536801}

Based on these 95% confidence intervals, we can not reject Hp: ; = 0 for
any j = 0,1,2. This means that there is no evidence that any single B; is
non-zero.

However, not all coefficients will be zero. The regression is clearly
significant (as can be seen by conducting a test for significance of
regression; see Example 29.7).
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T-Test for the Model Parameters

We can eliminate any one of the there predictors simply be deleting the
corresponding column from the model specification matrix X. This yields
the alternative models

Y |x
12
10
. fly|x = —3.66071 + 0.812857x,
] fly|x = 0.136315x + 0.0265909x°,
. fly|x = 0.67285 + 0.0321498x°.
2

Y
>
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General Test for Model Sufficiency

It is of course not clear which of these three models is best; this is a
question we will return at a later point.

The T-test 29.12 can be used to determine whether a single predictor may
be eliminated from the model. It is often practical, however, to compare a
general subset of predictors with a full model of p + 1 predictor variables,

IJ’Y|X1 ..... Xp = ﬁo + ﬁlxl + T + ﬁpxp- (295)

After possibly renumbering the variables we compare with a reduced
model of m+ 1 < p+ 1 predictor variables

K |xt, . im = Bo + Bixi + - + BmXm. (29.6)

.....

We define the sums of squares errors for the two models by

SSE.full = sum of squares error SSg for full model,

SSE:reduced = sum of squares error SSg for reduced model.
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Partial F-Test for Model Sufficiency

We will base our test on the principle that there is evidence that the full
model is needed if SSE.ful < SSE:reduced-

29.14. Partial F-Test for Model Sufficiency. Let xp, ..., x, be possible
predictor variables for Y and (29.5) and (29.6) the full and reduced
models, respectively. Then

Ho: the reduced model is sufficient

is rejected at significance level a if the test statistic

n—p-— 1 SSE;reduced - SSE;fU”

Formn—p_1=
prmiTp p—m SSE:full

(29.7)

satisfies Fp_m n—p—1 > fa,p—mn—p—1-
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Partial F-Test for Model Sufficiency

29.15. Example. In the context of Example 29.13 we can compare the
linear and quadratic models

By xqull = —1.03571 + 0.312857x + 0.02x7, SSg.qun = 1.21857,
By xreduced = —3.66071 + 0.812857x, SSE.reduced = 2.53107.

Here, n=7,p=2 m=1, so

n—p-— 1 SSE;reduced - SSE;fU“

prm,nfpfl = = 4.30832.

p—m SSE:full

The critical point 05,14 = 7.71, so we can not reject Hy at the 5% level
of significance. There is no evidence that the full model is needed.
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Partial F-Test for Model Sufficiency

29.16. Example. Continuing with Example 29.13 we can also compare the
general quadratic model with a square monomial model:

Ly x:funl = —1.03571 4 0.312857x + 0.02x°, SSE.fun = 1.21857,
Dy |x-reduced = 0.0346414x7, SSE.reduced = 1.83967.

Here, n=7, p=2, m=20, so

n — p — 1 SSE;reduced — SSE;full

Fomnp =
pmmn=p p—m SSE:full

= 1.01939.

The critical point f 0524 = 6.94, so we can not reject Hy at the 5% level
of significance. There is no evidence that the full model is needed.

Comparing the sum of squares errors with the previous example, we can
furthermore conclude that a square monomial model gives a better fit than
the linear model.
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Partial F-Test for Model Sufficiency

The graph below shows the quadratic and the square monomial models.

Y | X

12
10

N B~ OO
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T-Test and Partial F-Test for Single Predictors

While the T-test can be used to determine whether a single predictor is
necessary for a given model, the F-test can be applied to an arbitrary
subset of predictors.

The question arises whether there is a difference between the two tests
when considering a single predictor, i.e., whether the F-test applied to a
single variable (as in Example 29.15) always yields the same result as the
T-test.

It is possible to prove that, indeed, the T-test for a single variable is
equivalent to a partial F-Test when applied to a reduced model lacking
only that single variable.
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Interpretations of the Partial F-Test

Furthermore, since SSt = SSg + SSg, the test statistic (29.7) can be
re-written as

n—p-— 1 SSE;reduced - SSE;fU”

Formn—p_1=
p=m.n=p p—m SSEful
n—p-— 1 SSR;fuII - SSR;reduced
p—m SSE ful

This shows that the F-test for significance of regression based on the
statistic (29.2),
n—p—1SSg

p  SSE
may be regarded as a partial F-test where the reduced model contains no
regressors.

Fp,n—p—l =

Moreover, the partial F-test can be formulated in terms of the
determination coefficients R? for the full and reduced models.
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30. Multiple Linear Regression IlI:
Finding the Right Model
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Introduction to Linear Regression

30. Multiple Linear Regression Ill: Finding the Right Model
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Qualitative Predictors

Problem: Include categorical predictors in a regression: brand, type,
gender, etc.

Suppose our data if of two different "types”, Type A and Type B.
We introduce a parameter (indicator variable)

X — 1, predictor is of type A,
o, predictor is of type B.

This indicator variable can be included in regression models, as shown in
the following example.
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Example: Indicator Variable for the Intercept

30.1. Example. Consider the previously discussed Example 26.1:
Response: solvent evaporation in spray paint Y

Predictors:
» Humidity x;

» Brand of spray paint x;

Assumption/Model: humidity has the same systematic effect, but the paint
may be generally more resistant depending on the brand:

By |xxe = Bo + Bix1 + Baxe.

where
{1, brand A used,
X =

0, brand B used.
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Example: Indicator Variable for the Intercept
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Brand A used (x2) x1 y | Brand Bused (x2) x1 y
1 353 11.2 0 39.1 6.7
1 296 11.0 0 46.8 7.7
1 31.0 126 0 485 6.8
1 58.0 8.3 0 593 7.0
1 62.0 10.1 0 70.0 5.2
1 721 9.6 0 70.0 4.0
1 740 6.1 0 744 57
1 770 87 0 721 49
1 71.1 8.1 0 58.1 5.5
1 57.0 9.0 0 446 6.1
1 46.4 8.2 0 334 75
1 29.6 13.0 0 28.6 8.0
1 28.0 11.7

x1 is the observed relative humidity (in %), and y is the observed solvent

evaporation (in %).
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Example: Indicator Variable for the Intercept

huni dity = {35.3, 29.6, 31.0, 58.0, 62.0, 72.1, 74.0, 77.0, 71.1, 57.0, 46.4, 29.6
28.0, 39.1, 46.8, 48.5, 59.3, 70.0, 70.0, 74.4, 72.1, 58.1, 44.6, 33.4, 28.6};
n =Lengthlhunidity];
X =Transpose[{Table[1, {i, n}], hunmidity, Join[Table[l, {i, 13}], Table[0, {i, 12}1]1}1;
Mat ri xFor m[X]
(1353 1)
129.6
31.
58.
62.
72.1
74.
77.
71.1
57.
46. 4
29.6
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Example: Indicator Variable for the Intercept

From
Mat ri xFor m[I nverse[Transpose [X]. X]]

0. 488429 -0.00753783 -0.0993029

-0.00753783 0.00014026 0.000297154

-0.0993029 0.000297154 0. 160886

y = {11.2, 11.0, 12.6, 8.3, 10.1, 9.6, 6.1, 8.7, 8.1, 9.0,
8.2, 13.0, 11.7, 6.7, 7.7, 6.8, 7.0, 5.2, 4.0, 5.7, 4.
5.5, 6.1, 7.5, 8.0};

b = I nverse[Transpose[X]. X]. Transpose [X].V;

Mat ri xFor m[b]

10. 398
-0.0770288
3. 39386

9,

we obtain the regression parameters

bp = 10.3979, b; = —0.0770, b, = 3.3938.
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Example: Indicator Variable for the Intercept

The estimated model is
Ay|x,x = 10.3979 — 0.770x; + 3.3938x;

so when paint A is used, the model is

Ay|x,1 = 13.7917 — 0.770xq,
while the model for paint B is

Ay|x,0 = 10.3979 — 0.770x;.
We could check as usual whether there is evidence to reject

Ho: B2 =10,

i.e., whether the brand of paint truly matters.
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Example: Indicator Variable for the Intercept

Brand A ® Brand B

14
12}
10}

Evaporation [%]

oSO N B~ O
L e L L

20 30 40 50 60 70 80
Humidity [%]
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Motivation for Indicator Variables
Why are we doing this?

We could also simply do two separate regressions, one for each brand of
paint.

Advantages:

» Greater overall sample size gives more degrees of freedom, so
confidence intervals are tighter and hypothesis tests are more powerful.

» The brand may be considered as one predictor among many possible
predictors, both continuous variables and qualitative variables. It
allows for a systematic model selection by comparing full and reduced
models.
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Indicator Variables for Several Predictors

We can use several indicator variables if there is more than one category or
type.

For example, in order to test three brands of paint, we employ a model
Y |x1,50,x53 = ﬁO + ﬁlxl + ,32X2 + ,83X3

where
(0,0) type A used,

(x2,x3) = { (1,0) type B used,
(0,1) type C used.

The number of possibilities for a qualitative variable are called levels. To
model £ levels, we need £ — 1 indicator variables.
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Indicator Variables for Slope and Intercept

In our example we have assumed that the slope of the regression line will
be identical. If we do not suppose this to be the case, we can use our
indicator variables to also contribute to the slope. In the case of one
indicator variable xo with two levels we use

By |xi e = Bo+ Bixi + Baxa + Baxaxa.
If xo = 1, the model is
Ky |x,1 = Bo + B2 + (B1 + B3)xa,
while for x, = 0, the model becomes
By|x.0 = Bo + Bixi.

To test for equality of slopes, we test Hy: B3 = 0.
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The Model Selection Problem

Problem: Select the “right” model:

» In polynomial regression, the degree of the polynomial must be
decided upon;

» In multiple linear regression, the simplest model through use of the
smallest number of predictors must be found.

The basic problem is to find a model that gives a “good fit."
Naive approach: Maximize R?.

Extreme result:
» In a multilinear model, include every possible predictor.
» In a polynomial model, let p = n — 1 and interpolate the data.

Clearly, this is nonsense. But why?
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Model Selection

We don’t create a model for it’'s own sake, but because we want to
use it!

For example, a confidence interval for pwy|y, is given by

Iy|xo = By|x £ taj2,n—p-151/Xg (XTX)"1xo

SSe
n—p—1

where

s =

By increasing p, we
» decrease SSg and
» decrease n — p — 1.

The second effect is bad for t,/2 ,—p—1 but can be catastrophic for s2.

If p is too large, the model becomes useless.
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Model Selection Algorithms

Therefore, we want to increase p only until a further decrease of SSg is
outweighed by the decrease on n — p — 1.

More generally, we want to achieve a small SSg using the smallest possible
number of predictors.

One approach is to use a model selection algorithm. A subset of possible
models is compared until an “optimal” model is obtained.

We now look at three typical algorithms:
Forward Selection: Variables are added to the model one at a time until the

addition of another variable does not significantly improve the model. That
is, variables are added until we are unable to reject the reduced model.
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Forward Selection Method

30.2. Example. Assume that we have available three possible predictor
variables X1, X2 and X3. Suppose that our final model via forward
selection contains only the variables X3 and X7 and that they entered the
model in the order stated. These are the steps taken:

1. The three single-variable models
Ky = Bo+ Bix1,  Kype = Bo+ B2xe, Ky = Bo + B3xs

are fitted. The value of R? is found for each.

The one with the highest R? is chosen and compared to the reduced
model wy = Bg. In this case it is the third model and we test

Hoi /33:0.

We find that Hp is rejected. Our model now includes X3.
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Forward Selection Method

2. The two two-variable models

Byl = Bo+ Bixi + B3xs, Ry = Bo+ Baxa + B3xs
are fitted. The value of R? is found for each.

The one with the highest R? is chosen and compared to the reduced
model py |y, = Bo + B3xs.

In this case it is the first model and we test
Hoi ﬁl =0.

We find that Hp is rejected. Our model now includes x;.
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Forward Selection Method
3. The three-variable model
Ky x0xs = Bo + Bix1 + Baxa + Baxz
is fitted and we test
Hy: B> = 0.

In this example, we find that Hp can not be rejected. The final mode
is hence

Ky |xsq = Bo + Bix1 + Baxs
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Backward Elimination Procedure

Backward Elimination: One begins with a model that includes all the
predictor variables and deletes them one at a time from the model until the
reduced model is rejected.

30.3. Example. Assume that we have three potential predictor variables
and that via backward elimination we obtain a reduced model containing
only the variable X5. Assume that the variables X; and X3 are deleted in
this order. These are the steps taken:

1. The full model
KLY |xixexs = Bo + Bix1 + faxa + B3x3

is fitted. The value of R? is found.
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Backward Elimination Procedure
2. The three two-variable models

By |xix = Bo+ Bix1 + Baxa,
By |x,xs = Bo + Bix1 + B3xs,
By |xxs = Bo + Baxa + Baxs

are fitted. The value of R? is found for each. The model with the
largest R? is chosen (here: Ky|x,x;) and compared with the full

model. We test
H()Z ﬁl =0.

and are unable to reject Hy. We hence delete X; from the model.
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Backward Elimination Procedure
3. The two one-variable models

By |x, = Bo + Bax2, Ky|xs = Bo + B3xs

are fitted. The value of R? is found for each. The model with the
largest R? is chosen (here: y|x,) and compared with the full model.
We test

Hoi /33:0.

and are unable to reject Hy. We hence delete x3 from the model.
4. We finally fit uy = Bo and test

Hoi ﬁQZO.

and are able to reject Hy. We hence keep x» and obtain the model
By |x, = Bo + Baxe.
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Stepwise Method

Stepwise Method: In forward selection, once a variable enters the model it
stays. However, it is possible for one or more variables entering at a later
stage to render a previously selected variable unimportant.

To detect this, each time a new variable enters in stepwise regression, all
the variables in the previous model are checked for continued importance
and possibly eliminated.

Hence, the stepwise method can be regarded as a combination of forwards
election and backward elimination.

30.4. Example. In a multiple linear regression model, variables X3 and X3
are closely related, with variable X; being the best single predictor.
Suppose that the final model contains the two variables X, and X3, with
variable X5 entering on the second stage. The steps in the stepwise
regression are as follows:
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Stepwise Method
1. The three single-variable models

By = Bo+ Bix1,  Ryp, = Bo+ B2xe, Ry = Bo + B3xs

are fitted. The value of R? is found for each. The one with the
highest R? is chosen and compared to the reduced model py = Bo. In
this case it is the first model and we test

HOZ /31:0

In this example, we find that Hp is rejected. Our model now includes
X1.
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Stepwise Method
2. The two two-variable models

Byxaxe = Bo+ Bixi + Baxa,  Hy|x,xs = Bo + Bix1 + B3xs

are fitted. The value of R? is found for each. The one with the
highest R? is chosen and compared to the reduced model
Ky|x, = Bo + B3x1. In this case it is the first model; we test

Hoi /32:0.

and find that Hp is rejected. We also check to see if X; is still needed,
i.e., we test the model py|y, , for

HOZ ﬁl =0.
and reject Hg. Thus X3 alone is insufficient and our model now is

BY|xixe = Bo+ Bix1 + Baxo.
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Stepwise Method
3. The three-variable model

KLY |xixexs = Bo + Bix1 + faxa + B3x3

is fitted; we test

Hy: B3 = 0.

and reject Hy. We now test whether X5 is still needed,
Ho: B> = 0.

and reject Hy. We also test whether Xj is still needed,
Hy: B1 =0.

and fail to reject Hp. Thus we eliminate X7 and obtain the final model

By xxs = Bo + Baxa + Baxs
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Never do this!
The above methods are commonly used, especially in Data Mining.
However, the approach is actually terrible:

» We are performing many Fisher tests. Even disregarding all the

problems with this type of test, the P-values are not accurate.

If we reject each hypothesis for P < pg and perform N independent
tests, then the chance of having “falsely” (by our definition) rejected
at least one of the Hy a mistake is

(1 - po)"

For large N, this can become quite large.

» But our tests are not independent in the first place - in fact, they are
all performed on the same data set.
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Never do this!

» We are determining which tests to do based on data, rather than
getting data based on pre-determined tests.

» The tests are biased to yield R? which is “too good” - the models are
too well-fitted to the data, where the data itself may contain spurious
features that disappear when new data is collected.

» The confidence intervals obtained from the data are too small. Also,
often the final model is used as if it alone had been tested on the
data, ignoring that previously lots of other models were discarded.

These and other issues are described in the web page cited below, where
references to publications are also given.

Nowadays, there exist more sophisticated and improved approaches for
model selection.

Literature:

https://www.stata.com /support/faqs/statistics/stepwise-regression-problems/


https://www.stata.com/support/faqs/statistics/stepwise-regression-problems/
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Overfitting

One of the main dangers when selecting a model is that the chosen model
may fit the provided data too well. This means that the model takes into
account fluctuations in values that are actually just the result of random
scattering (due to o2 rather than a fundamental part of the model.

When the model is then used to describe new data, it turns out that the
random fluctuations that it models are different and the model no longer
gives an accurate description of the new data.

This is known as overfitting the data.
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The Prediction Sum of Squares

There are various approaches to prevent overfitting. A basic idea is to test
how well a model describes the existing data when the data points that it
estimates are omitted.

A simple method is to calculate the prediction sum of squares (PRESS)
for a model. This is done as follows:

Given a model Y | x and a sample of size n, we calculate y;, i =1,...,n,
by omitting Y; from the response data and fitting the model based on the
remaining n — 1 data points.

We then calculate the PRESS statistic
PRESS = (yi — 7).
i=1

A small PRESS indicates that the model has not been fitted in a way that
depends on extreme values of the responses.
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The Prediction Sum of Squares

————— Full model

Model with y4 removed

Y| x

Y
X



JOINT INSTITUTE
RARERBREE

:
M
Multiple Linear Regression IlI: Finding the Right Model Slide 764

Concluding Remarks

Regression is today one of the most important tools of data science.
Creating models and making inferences in fields such as machine learning,
image recognition, behavior prediction and many other fields rely
essentially on some type of regression.

However, finding the right model is hard. The last 50 years have seen
many new and interesting approaches arise as old methods became subject
to more intense scrutiny and were discarded.

No more than an introduction to the most basic concepts and methods is
given here. We have not touched upon many issues of real practical
interest, such as correlation between predictors and sophisticated
techniques for model selection and comparison.

Nevertheless, hopefully this introduction has stimulated your interest in
further investigations. Many specialized courses await!
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31. ANOVA I: Basic Model
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Introduction to Linear Regression

31. ANOVA I: Basic Model
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Comparison of Multiple Means

Goal: Compare the means of multiple (k > 2) populations, i.e., perform a
Fisher test for

Ho: pr =2 = = pk

Assumption: The k populations follow normal distributions with equal
variance o2,
Problem: Generalize the two-population T test
X1 —X>
V/S3(1/m +1/m)

Tn1+n272 —
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Comparison of Two Means

Review: k = 2 populations, sample sizes equal, n; = n, = n.

The test statistic for the Student T-Test 23.5 is

X1 — X2

1/25,23/n P

Ton—o =

Square the statistic:

It is easy to generalize

i=1

s2=

Slide 768

S$? 4 52

2

if samples of equal size are taken from k populations.

D | JOINT INSTITUTE
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(31.1)
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Sampling the Sample Mean

How to generalize X1 — X2 to k populations?
Suppose that
K1 = M2 = = bk =1 [

Then the k populations all follow the same distribution, N(u, 0?).
Statistically, they are the same population.

Taking samples of equal sizes n; = ny = ... = ng =: n, the collection of

sample means
X1, X2, ..., Xk

is a random sample of size k from the distribution of

X ~ N(w,o?/n)
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Sampling the Sample Mean

The variance of the sample mean,
Var[X] = o5 = o2/,

is estimated by the sample variance

k - VA 2
S22 _ 1 Z (Xi — X1+k+Xk) (31.2)

We note that
(k—1)- 5”2 B nS"?

o2/n o2

follows a chi-squared distribution with kK — 1 degrees of freedom.
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Sample Variance of the Sample Mean

For kK = 2, this becomes

= = \2 - = \2
X+ X - X1+ X
2 1 2 1 2
= X{ - —= Xy — - "=
1o (R )+ (- %)

(X=X (Xe-Xa)
B 2 2

v w2
E(Xl - X2) .

Hence, we can write (31.1) as an F-distributed random variable,

ﬂ(yl — Y2)2 n5'2

and both $ and 5[2, are now easy to generalize to k > 2.
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Analysis of Variance
Testing Hyp: p1 = - -+ = g is known as performing an

Analysis of Variance (ANOVA)

Interpretation 1:

comparison of means ~~ comparison of variances

Interpretation 2:

observed difference in X1, ..., Xx = variation due to different means

+ variation due to o2

or
SSt = SSr + SSk .
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Analysis of Variance

Problem: what if nq, ..., nt are different?

» Sample sizes equal: balanced ANOVA,
» Sample sizes unequal: unbalanced ANOVA.

Approach:
> Ignore previous motivation using 5,2, and S’ for now.

» Instead, "model-based” point of view, inspired by regression analysis.

31.1. Remark. The field of ANOVA has a lot of specialized terminology,
which varies depending on the actual application. We will ignore this
completely and only concentrate on the fundamental problem of comparing
means of different populations.
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Model and Notation

> k populations, Y | i =Y; ~ N(uj,0?),i=1,... k.
» Sample sizes n;, i =1, ..., k, in total
N=n 4+ -+ ng.
observations.

v

Y;j is the jth response (measurement) for the ith population.

» Sample total and mean of the jth population
n
d - T
Ti-:ZYij Y,'.:—I.
, n;
j=1
» Overall total and mean
k
- T.
T.=) T, Y. =5

i=1
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Population Responses Total Mean
1 Yii Y2 Vi3 Yin, T Y
2 Yar Yo Yo Yon, Ta. Yo.
k Yir Y2 Y3 Yene Tk Yk
Overall T. Y.

31.2. Model Assumption. We assume that the Y}; are independent,

normally distributed random variables with mean w; and variance o

(independent of i and j).

2
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Model
We may suppose that
Yij = ui+ Ejj,

and define the pooled population mean

L
K= N;”iﬂi-

(Note that we are pooling unknown, true means, not sample means.)

Difference between the pooled mean and the individual population mean:
Qi = Wi — W

Thus we can express our model as

Yi=upn+oi+Ej

= overall mean + deviation from overall mean + random variation
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Analogy to Linear Regression

The null hypothesis
Ho: w1 = po =+ = g,
can then be expressed as
HUZOtl:OlQ:---:OCk:O. (31.4)
By formulating the model as
Yi=wp+oi+Ej

and expressing the null hypothesis in the form (31.4), we are preparing to
apply regression techniques to the problem. (Compare with testing for
significance of regression.)
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Estimators for the Model and Error Sum of Squares

Unbiased Estimators:

Then

~<
<\
Q
|
<
+
S
X

A+a, —i—e,J.

where the ¢;; are the residuals.

We define the error sum of squares,

k nj k nj
SSE = Z Z e,-2j = Z Z(Y’J - V,’.)z. (31.5)

i=1j=1 i=1 j=1
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Fundamental Model Decomposition
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The overall variation of the data is given by the total sum of squares,

SST = i i(yu — 7)2

i=1j=1

Direct calculation:

k n;
SSt = Z Z(V, -Y.+ Y,‘j — 7;.)2

i=1j=1
k n; o k n;
=S S Vi-Y2+> S (v
i=1j=1 i=1j=1
k n;
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A Sum-of-Squares |dentity

Since
n; . n; .
Z(YU — Y,‘.) = ZY’J — n;Y,-. =0
j=1 Jj=1
we see that
k n; - k o o k nj o
DS V=Y. => mi(Yi =Y. +D D> (Y- Vi)
i=1j=1 i=1 i=1j=1
SST SSTr SSE

In this sum-of-squares identity,
» The total sum of squares SSt is a measure of the total variability of
the data,
» The treatment sum of squares SSt1, measures the variability due to
different treatments (populations),
» The error sum of squares SSg measures the variability due to
random fluctuation.
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The Error Sum of Squares
The sample variance in each population is given by

1

5-2: ,"—7,'.2 i=1,..., k. .
: n,-—l.Z(Y Yi), i=1,....k (31.6)
j=1
We know that the i =1, ..., k,
i —1)8?
%, I:].,.. ,k
o

follow independent chi-squared distributions with n; — 1 degrees of
freedom. By (31.5) we have

k
SSe =S (n — 1)S2.

i=1

We conclude that
SSE

o2
follows a chi-squared distribution with N — k degrees of freedom.
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The Error Mean Square
We define the error mean square

SSe
T N—k

MSEg

which is analogous to S? in linear regression. Since

MSe  SSe
(N-kK)— =%

follows a chi-squared distribution with N — k degrees of freedom, we see
that
E[MSg] = o2,

so the error mean square is an unbiased estimator for the variance.
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The Treatment Mean Square

We define the treatment mean square by

My = 2T SS —in-(v —Y.)?
Tr-—k_ly Tr—i:l i\ -

The treatment mean square is generally analogous to $? in (31.2) and
SSg in linear regression. However, here we have different sample sizes and
so we can not directly transfer the argument for S’ to find its distribution.
Instead, we will analyze SSt, by hand.

31.3. Lemma. If a; = --- = a, = 0, then

SSt (k—1)MSg
- 2

02 o

follows a chi-squared distribution with k — 1 degrees of freedom.
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The Treatment Mean Square

Proof.
We define
1 & —
:,-TZE’J’ E. 7ZZEU
Ij=1 i=1j=1
Then, supposing a1 = --- = a, =0,
**ZZYU ZZN+O‘I+EU /J'+E--
i=1j=1 i=1j=1
and
1 1

n;
= Z U*;ZIL“‘a/‘i‘Eu) u+ Ej.
£ st
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The Treatment Mean Square
Proof (continued).
We thus have

k k
SSt, = Z n,-(V,-. - ?)2 = Z n,-(p, —l—E,‘. —u— E)z
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The Treatment Mean Square

Proof (continued).
To proceed further, we adapt the Helmert transformation (15.3). Note
that the random variables \/n; - E., i = 1,..., k, follow normal

distributions with mean 0 and variance o

We set

Slide 786

\/’Tl'
\/E.
\/@.

ny ng ng
Z N N N
Z> * * *
Z3 = * * *
Zi * * *
=:A

JOINT INSTITUTE

7 | RRBWEBBRPT

E;.

Eo.

Es.

Ex.

where the matrix A is taken so that A=1 = AT by choosing the rows below

the first to be orthonormal.
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The Treatment Mean Square

Proof (continued).
Then the same arguments as in Slides 353 - 357 show that the variables
Z1, ..., Zx are i.i.d. normal random variables with mean 0 and variance o?.

Furthermore,

SST = Zn, —Ib(_k E,-.)2

5
i Z-y

=1 i=2

n;
Z
so

SSTr
0-2

follows a chi-squared distribution with n — 1 degrees of freedom. O
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The ANOVA F-Test

It can be shown that SSg and SSt, are independent - we omit the proof.
Then we obtain the following result:

31.4. Theorem. If Hy: aty = ap = --- = ax = 0 is true, the quotient
I\/ISTr
Frin—k = 31.7
LNk = e (31.7)

follows an F-distribution with k — 1 and N — k degrees of freedom.

For computing these statistics by hand, we note that

ssT_ZZW—; SSt=2 - (31.8)

i=1j=1 i=1

and SSE = SST — SSTr.
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The ANOVA F-Test

If the variation due to different treatments (given by MSt,) is much larger
than the the variation due to random fluctuations (given by MSg), we will
decide that there is evidence of different means.

31.5. ANOVA F-Test. Suppose Y3, ..., Yk are normally distributed random
variables with common variance 0. Suppose that samples of size

ni, ..., ng are taken from each population and N = ny + -+ + nk. Then
we reject

Ho: py=po == pk
in favor of

Hi: pj # pj for at least one pair (i,j), 1 <i<j<k

at significance level « if the test statistic

MS r
Fr—1,n—k = MSTE (31.9)

satisfies Fx—1 N—k > fa k=1 N—k-
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ANOVA Table

When performing an ANOVA test, one usually enters the statistics in an
ANOVA table, which looks as follows:

Source of Deg. of  Sum of
Variation  Freedom Squares Mean Square F-value

MS+,
Treatment k—1 SS, MS, MSSTE
Error N — k SSe MSg
Total N—-1 SSt

From the F-value and the degrees of freedom, the significance of the test
for equality of means can be deduced - this significance level is also
sometimes output by the computer program.
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31.6. Example. A study is designed to investigate the sulfur content of the
five major coal seams in a certain geographical region. Core samples are
taken at randomly selected points within each seam, and the measured
response is the percentage of sulfur in each core sample. We want to
detect any differences that might exist in the mean sulfur content for these

five seams.

The following sulphur contents are obtained from samples in the five
different coal seams:

Seam i Observed Sulphur Content Yj; Total T;. Mean V,—_
1 1.51 1.92 1.08 2.04 2.14 1.76 1.17 11.62 1.66
2 1.69 0.64 0.90 1.41 1.01 0.84 1.28 1.59 9.36 1.17
3 1.56 1.22 1.32 1.39 1.33 1.54 1.04 2.25 1.49 13.14 1.46
4 1.30 0.75 1.26 0.69 0.62 0.90 1.20 0.32 7.04 0.88
5 0.73 0.80 0.90 1.24 0.82 0.72 0.57 1.18 0.54 1.30 8.8 0.88
49.96 1.189
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# ANOVA

Mathematica has built-in ANOVA functionality. We enter the data in rows:

x1 = {1.51, 1.92, 1.08, 2.04, 2.14, 1.76, 1.17};

X2 = {1.69, 0.64, 0.9, 1.41, 1.01, 0.84, 1.28, 1.59};

X3 = {1.56, 1.22, 1.32, 1.39, 1.33, 1.54, 1.04, 2.25, 1.49};

Xq = {1.3, 0.75, 1.26, 0.69, 0.62, 0.9, 1.2, 0.32};

xs = {0.73, 0.8, 0.9, 1.24, 0.82, 0.72, 0.57, 1.18, 0.54, 1.3},

nii _1:=Length[x;]

The analysis of variance requires our data to be in the form of pairs
(population, response):

Dat a = Transpose [
{Flatten[Tabl e[Table[i, {j, 1, n[i]1}], {i, 1, 5}1]1, Flatten[Table[x;, {i, 1, 5}]11}]

({1, 1.513}, {1, 1.92}, {1, 1.08}, (1, 2.04}, (1, 2.14), {1, 1.76}, {1, 1.17},
(2, 1.69), {2, 0.64}, {2, 0.9}, (2, 1.41}, (2, 1.01}, {2, 0.84}, {2, 1.28},
(2, 1.59), {3, 1.56}, {3, 1.22}, {3, 1.32), {3, 1.39), {3, 1.33}, {3, 1.54},
(3, 1.04), {3, 2.25}, {3, 1.49}, {4, 1.3}, (4, 0.75)}, {4, 1.26}, {4, 0.69},
(4, 0.62}, {4, 0.9), (4, 1.2}, {4, 0.32), {5, 0.73}, {5, 0.8}, {5, 0.9},

(5, 1.24}, {5, 0.82}, {5, 0.72}, (5, 0.57}, (5, 1.18}, (5, 0.54}, {5, 1.3}}
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# ANOVA

The generated ANOVA table lists the degrees of freedom (DF), sums of
squares, mean squares, F-ratio and additionally the P-value of the F-test.
The treatments are denoted “Models,” and the treatment means are
denoted “cell means.”

ANOVA[Dat a]
DF Sunt Sq MeanSq FRati o PVal ue
{ANO\/A . Model 4 3.93539 0. 983848 8. 09481 0. 0000856622
Error 37 4. 497 0.121541 '

Tot al 41 8. 43239

Al 1.18952
Mbdel [1]  1.66
Model [2]  1.17

Cel IVeans = el (3] 1.46 }
Model [4]  0.88
Mbdel [5]  0.88

We also obtain the means Y. from “CellMeans—Model[i]” and Y.. as
“CellMeans—Al11."
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Remarks on the ANOVA F-Test

The result of the F-test in the above example is thus that the mean
sulphur contents differ between the seams; Hy is rejected with a P-value of
less than 0.0001. We conclude there is evidence that some seams have a
higher sulphur content than others.

To determine specifically which seams have a higher sulphur content
requires pairwise comparisons of means, i.e., we need to compare seam
1 to seam 2, seam 1 to seam 3, seam 2 to seam 3 etc. We will discuss this
in the following section.

Due to the construction of the F-test it is absolutely essential that all
populations have equal variance. In the next section, we present a test
suited for testing equality of variances among several populations.

On the other hand, the ANOVA F-test is not very sensitive to departures
from normality, i.e., if the variables Yj; are not strictly normally distributed,
the result of the F-test is still reliable, even though the P-value is then
only approximate. This assumes that the sample size is reasonably large.
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32. ANOVA II: Homoscedasticity and Post-Tests
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Introduction to Linear Regression

32. ANOVA Il: Homoscedasticity and Post-Tests
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Bartlett's Test for Equality of Variances

We wish to test
Ho: af:---:ai,
Recall from (31.6) that

k 2
e =3

i=1

i.e., MSE represents a pooled variance.

We define

k

Q:=(N—k)InMSg—> (n;—1)InS7.
i=1


https://www.findagrave.com/memorial/118588122/maurice-stevenson-bartlett
https://www.findagrave.com/memorial/118588122/maurice-stevenson-bartlett
https://www.findagrave.com/memorial/118588122/maurice-stevenson-bartlett
https://www.findagrave.com/memorial/118588122/maurice-stevenson-bartlett
https://www.findagrave.com/memorial/118588122/maurice-stevenson-bartlett
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Bartlett's Test for Equality of Variances

The statistic Q is constructed from a so-called likelihood-ratio test. It is
based on the likelihood of obtaining the sample values if Hy is true
compared with the likelihood of obtaining these values if an alternative
hypothesis H; is true. The ratio of these likelihoods (or its logarithm) is
used to derive a P-value.

Bartlett introduced the correction factor

1 ko1 1
h=14—— (S ——— = ),
+3(k—1)<zn,—1 N—k)

With this factor, the Bartlett statistic

B=—
h

follows approximately a chi-squared distribution with k — 1 degrees of
freedom. (The exact distribution of B is not known.)
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Bartlett's Test for Equality of Variances

32.1. Bartlett's Test. Suppose Y1, ..., Yk are normally distributed random
variables. Suppose that samples of size ny, ..., ng are taken from each
population and N = n; + - - - + ng. Then we reject

Hojg%:...:gi
in favor of

Hi: a,-2 %+ ch2 for at least one pair (7,j), 1 <i<j<k

at significance level « if the test statistic

B= - (32.1)

satisfies B > x?x’kfl.
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¥ Bartlett's Test for Equality of Variances

32.2. Example. Continuing from Example 31.6, we first extract the
relevant data from the ANOVA table:

T = ANOVA[Dat a, Cel | Means -> Fal se]

DF Sunf Sq MeanSq FRati o PVal ue
Model 4 3.93539 0.983848 8. 09481 0. 0000856622
A~ Error 37 4. 497 0. 121541

Tot al 41 8.43239
TI[2110[11]
{{4, 3.93539, 0.983848, 8.09481, 0.0000856622}, {37, 4.497, 0.121541}, {41, 8.43239}}
TI[2111[21]
Tabl eHeadi ngs —» {{Moddel, Error, Total }, {DF, SunCfSq, MeanSq, FRati o, PVal ue}}
{{¥r, SSr, M5, F, P}, {¥e, SSg, MBe}, {¥rot, SSrot}} = T[[2]1]1[[1]]
{{4, 3.93539, 0.983848, 8.09481, 0.0000856622}, {37, 4.497, 0.121541}, {41, 8.43239}}

The variances are given by
Vari ance /@ {X1, X2, X3, Xa, X5}

{0.175233, 0.143543, 0.1146, 0.122543, 0.0740222}
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¥ Bartlett's Test for Equality of Variances

We find the statistics necessary for Bartlett's test:

K=y +1;
k

Q= ye Log [M5g] —Z (n[i1-1) Log[Variance[x;]]
i=1

1.51593
1 k 1 1
h=14+ > — - —|; Nrh1
3(k-1) (Anlil1-1 ¥
1. 05512
B:Q/h

1.43673
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¥ Bartlett's Test for Equality of Variances

The P-value of the test is given by
1 - CDF[Chi Squar eDi stribution[k -1], B]
0.837786

so we do not reject Hp. There is no evidence that any of the variances
differ.

Mathematica also has built-in tests for equality of variances:

VarianceEquivalenceTest[{Xi, X2, X3, X4, X5},
{"TestDataTable", "Bartlett"}]

Statistic P-Value

Bartlett | 1.44911 0.835617

The statistic is slightly different from the one we obtained by hand; since
the test is not documented in Mathematica, we are unable to explain this.
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Pairwise Comparisons

Assuming we have established the equality of variances and obtained an
ANOVA table showing a significant difference in the k treatment means,
we want to investigate further. In particular, we would like to know which
particular treatment means differ and which are statistically similar.

The canonical strategy is to then perform pairwise tests, i.e., for all
i,j=1,..., k we test

Ho: pi = u;, Hi: i # wj.

The total number of tests we need to perform is

K\ k(k-1)
2]~ 2

We will discuss the consequences of performing so many tests later.
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Fischer's Least Significant Difference Test

To test for equality of two treatment means p; and u; by the pooled
T-Test 23.5, we would use the statistic

Tn,-+nj—2 =

where 5,2, is the pooled variance obtained from the two treatment samples.

In our situation, however, we can do much better. We have an "pooled
estimate” for the variance that uses all data points, not just those of the
ith and jth treatment, namely 02 = MSg. Hence,

V,‘. — Yj.
e (5+3)

nj

Tn—k =

follows a T-distribution with N — k degrees of freedom.
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Fischer's Least Significant Difference Test

32.3. Fisher's Least Significant Difference Test. Suppose that Y.,
i=1,..., k, are the populations means in an ANOVA that yielded a
significant F-test. Then for each /,j =1,..., k we reject

Ho: wi = p; in favor of Hi:pi # pj

at significance level « if

— — 1 1
Yi =Yl > Tij = tajpn-k - \J MSe ( + )
n;i n;

Here 7j; is called the least significant difference (LSD).
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Controlling Error Rates

When we perform Fisher LSD tests for all possible combinations of means,
we need to be aware of the implications for the Type | error probability.
Suppose we conduct m tests, each at significance level a. Then the
probability of committing at least one Type | error is

o' := PJat least one Type | error]
=1 — P[no Type | error]
=1-(1-a)".

if the test are independent. We say that
» « is the comparisonwise error rate,
» o is the overall or experimentwise error rate.

The experimentwise error rate can become quite large: If we perform
m = 10 tests at a comparisonwise error rate of a = 5%, we obtain an
experimentwise error rate of o’ ~ 40%, an unacceptably high value!
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Bonferroni's inequality

Even if the tests are not independent, it can be shown that

o <m-a.

This inequality is known as Bonferroni’s inequality.

32.4. Bonferroni's Test. A Fisher LSD Test of kK means
performed at a comparisonwise error rate of

a/

k(k —1)/2

o =

is said to be a Bonferroni test with controlled experi-
mentwise error rate o'

Caro Emio Bonferoni (1892-1960) The least significant differences 7;; are sometimes called
Bonferroni critical points.


https://commons.wikimedia.org/w/index.php?title=File:Carlo_Emilio_Bonferroni.jpg&oldid=287671071
https://commons.wikimedia.org/w/index.php?title=File:Carlo_Emilio_Bonferroni.jpg&oldid=287671071
https://commons.wikimedia.org/w/index.php?title=File:Carlo_Emilio_Bonferroni.jpg&oldid=287671071
https://commons.wikimedia.org/w/index.php?title=File:Carlo_Emilio_Bonferroni.jpg&oldid=287671071
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¥ Bonferroni Tests

32.5. Example. Continuing from Example 32.2, we use Mathematica to
perform Bonferroni T tests on our data at an experimentwise significance

level of o' = 0.05.
ANOVA[Dat a, Post Tests -» Bonferroni, SignificanceLevel -» 0.05]

DF Sunf Sq MeanSq FRati o Pval ue
{ANO\/A . Model 4 3. 93539 0.983848 8. 09481 0. 0000856622
Error 37 4. 497 0.121541 '
Tot al 41 8. 43239
Al 1.18952
Model [1] 1. 66
Model [2] 1.17
CelINeans = \hjel (3] 1.46
Mbdel [4] 0.88
Model [5] 0.88

Post Tests » {Mbdel - Bonferroni {{1, 4}, {3, 4}, {1, 5}, {3, 5}}}}
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¥ Bonferroni Tests

The results of the pairwise comparisons are that there is statistical
evidence that the mean sulphur contents in seams 1 and 3 are different
from those of both seams 4 and 5. There is no evidence that the sulphur
content in seam 2 is different from that of any of the other seams.

If we raise o to 0.10, we obtain the following results:

ANOVA[Dat a, Post Tests -» {Bonferroni }, Cell Means - Fal se,
Si gni fi canceLevel - 0.10]

DF Suntx Sq MeanSq FRati o PVal ue
{ANO\/A . Model 4 3.93539 0.983848 8. 09481 0. 0000856622
Error 37 4. 497 0.121541 '

Tot al 41 8.43239

Post Tests - {Mbdel - Bonferroni {{1, 2}, {1, 4}, {3, 4}, {1, 5}, {3, 5}}}}

At 10% significance we find evidence that the mean sulphur contents of
seams 1 and 2 differ.
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ANOVA II: Homoscedasticity and Post-Tests

¥ Bonferroni Tests

On the other hand, at & = 0.01, no significant difference between seams 3

and 4 is found:
ANOVA[Dat a, Post Tests -» {Bonferroni }, SignificanceLevel » 0.01]

DF SuntX Sq MeanSq FRati o PVal ue
{ANO\/A . Model 4 3. 93539 0. 983848 8. 09481 0. 0000856622
Error 37 4., 497 0.121541 '
Tot al 41 8. 43239
All 1.18952
Model [1] 1.66
Model [2] 1.17
Cel | Means - Model (3] 1 46 ,
Model [4] 0.88
Mbdel [5] 0.88

Post Tests - {Mbdel - Bonferroni {{1, 4}, {1, 5}, {3, 5}}}}

This is the case even though there is a significant difference between seams
3 and 5 and Y4 = Y5.. Can you explain this?
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ANOVA II: Homoscedasticity and Post-Tests

¥ Bonferroni Tests

Let us verify Mathematica's calculations:

Mathematica has performed a total of (§) = %* = 10 pairwise

comparisons, each at a fixed level of a. If we desire an experimentwise
error of o’ = 0.01, we need to select a comparisonwise error

0.01
— 22 0.001
*~ 70

The corresponding critical point t, /2 y—k is given by

t = InverseCDF[StudentTDistribution[ye],
1-a/2]/.a-0.01/10

3.57367

The Bonferroni critical points are found from

1 1
tli_, j_1:=t 'VSE[ — + — )
\/ nilongl
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¥ Bonferroni Tests

We then obtain a table of Bonferroni critical points as follows:
Tabl eFor m[Tabl e[Round[c[i, j], 0.001], {j, 1, k}, {i, 1, j}1,
Tabl eHeadi ngs -» {{"1", "2", "3", "4", "5"},
¢, "2, "3, "4t "5"13]
2 3 4 5
666
645 0.623
628 0. 605 0. 587
645 0.623 0. 605 0. 623
614 0.591 0.572 0.591 0. 557

aAwWN R
ecoceoor

Since 1.46 — 0.88 = 0.58 we see that, indeed, the sulphur contents of
seams 3 and 5 differ while those of 3 and 4 do not.
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ANOVA II: Homoscedasticity and Post-Tests

Bonferroni Tests
At an experimentwise error of 1%, we have concluded that

There is evidence that the sulphur contents in seams 3 and 5, 1
and 5 as well as in 1 and 4 are significantly different.

This statement has a 1% chance of being in error.

When performing Bonferroni pairwise comparisons, you should respect the
following:

» Either choose which pairwise comparisons you wish to do before you
obtain the experimental data or test all possible (é) comparisons. It is
forbidden to select which means to compare after you have obtained
the data. (Why?)

> |t is best to first perform an ANOVA F-test to see if there are any
significant differences. The pairwise Bonferroni tests are then said to
be protected Bonferroni tests.

Bonferroni tests are among the most conservative tests for individual
comparisons. We will now discuss a different approach.
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Studentized Ranges

We first introduce the concept of the studentized sample range: if
X1, ..., Xk is a random sample of size k from a normal distribution with

variance o2, we define the studentized range as
R max{ X1, ..., Xk} — min{Xq, ..., Xk}
k= .
6
where 62 is an estimator for o2. For example, one could take the usual

sample standard deviation,

6=5=.,—)> (Xi—-X)

In general, a statistic is said to be studentized if it is divided by an
estimate for the appropriate standard deviation.
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Least Significant Studentized Ranges
The probability distribution of Ry can be calculated. We are interested
primarily in the critical values ry o, defined by

PRk > rk~.al = .

The critical values are called the upper quantiles of the least significant
studentized ranges. Here k is the sample size, 0 < o < 1 and «y is the
degree of freedom of 6.

It turns out that the r4 o, do not depend on the mean p or the true value

of 02, nor do they depend on the precise estimator &2.

However, they do depend on the degrees of freedom 7y of &!

A useful table of values for the studentized ranges may be found at Prof.
Tetsuhisa Miwa's website:

Statistical Tables: http://www?2.accsnet.ne.jp/~miwa/probcalc/index.html


http://www2.accsnet.ne.jp/~miwa/probcalc/index.html
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Studentized Ranges for ANOVA Population Means
Suppose that the null hypothesis Hyp: u1 = o = - -+ = ug is true and that
the sample sizes are equal, nj =n, i =1,..., k. Then the obtained sample

means Y. constitute a sample of size k from the random variable X.

Since X has variance given by 02/n, we can estimate it by MSg /n and
consider the studentized range

max{Vl., A ,Vk.} — min{Vl., S ,Vk.}

\/MSE /n

With probability 1 — «, all means will satisfy

{V,’. — VJ’ < e, N—k,a\/ MSEg /n (32.2)

where ri o n—k are the upper quantiles of the least significant studentized
ranges. Based on this, we reject Ho: p; = u; for any i, if the inequality
(32.2) is violated.

Rk =
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Tukey's Honestly Significant Difference (HSD) Test

We can further extend this method to unequal sample sizes by replacing n
with the harmonic mean

1 1(1 1) . 2
— ==+ & n*=—7=.
i n; + nj

32.6. Tukey's Honestly Significant Difference Test. Suppose that Y.,
i=1,..., k, are the populations means in an ANOVA that yielded a
significant F-test. Then for each /,j =1, ..., k we reject

Ho: pi = u;

at an experimentwise error rate o’ if

_ MS 1 1
|Y,‘. — YJ'.| > rk'N_k'a/\l b ( + )
2 n; I'IJ'
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ANOVA |I: Homoscedasticity and Post-Tests

¥ Tukey's HSD Test

32.7. Example. Continuing with the data of Example 32.5, we now
compare means using Tukey's test with an experimentwise error of
a’ = 0.01. We need the least significant studentized range

I’5,37,0_01 = 496

We find the critical differences via

Mee (1 1
rLi L, j_1:=4.96 —( — + — ]
2 \n[i] n[j]
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'
¥ Tukey's HSD Test
We have

Tabl eFor m[Tabl e [Tabl e[Round[r [i,j1, 0.0011, {i, 1, j}1, ., 1, k}1,
Tabl eHeadi ngs -» {{"1", "2", "3", '4", "5"}3,
i, 2t "3, "4", "5"}13}]
2 3 4 5
654
633 0.611
616 0.594 0.576
633 0.611 0.594 0.611
603 0.58 0. 562 0.58 0. 547

a b wnN R
cooocor

Comparing with
Y, =088, Y5 =088 Yo=117, Y3 =146, Y =166,

we find that there are significant differences between the means 1 < 4 and
1+ 5 as well as 3 <> 5 but not 3 + 4.
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¥ Tukey's HSD Test

This agrees with Mathematica's result:

ANOVA[Dat a, Post Tests - Tukey, Cel | Means - Fal se,
Si gni fi canceLevel - 0.01]

DF Sunmf Sq MeanSq FRati o
Model 4 3. 93539 0.983848 8. 09481
{ANO\/A ~ Error 37 4. 497 0.121541

Tot al 41 8. 43239

Post Tests » {Mbdel » Tukey ({1, 4}, (1, 5}, {3, 5}}}}

Slide 820 &
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PVal ue
0. 0000856622
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Other Post-ANOVA Comparison Tests

The tests by Fisher (modified according to Bonferroni) and Tukey
represent the basic types of comparison tests: usually, one considers either
a T-test or a test based on the studentized range. Such test are called
post-tests or post hoc tests. There are many refinements, named after
Dunnet, Sheffé and others. Here, we will only give one example.

Suppose that all treatment sample sizes are equal ny = --- = ng =: n.
Then the Tukey (or Bonferroni) critical points will be the same for all
i,j=1,...,k, sowe denote it by 7. We will reject Hp: u; = u; if

‘V,’. —VJ’.’ >T

independent of i, j. In particular, if we order our sample means from
smallest to largest, it does not matter whether Y';. and Y. are adjacent or
far from each other in this list; only the difference in size counts.
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Duncan’s New Multiple Range Test

Suppose we are comparing means of six populations and
take samples of equal sizes, obtaining the following means
Yii=1,...,6

¥ Yo ¥ Ve ¥ Y.
Suppose that |Ys. — Y1.| = |Ys. — Y5.|. We test Deria . ot (Lot 200
Ho: p1 = us and Ho: us = pe.

Given equal sample sizes, Tukey's test would yield identical critical points
for both tests.

However, it might seem more plausible that wg > w5 than that ws > w1.
Thus, it should perhaps be made more difficult to reject Hy: w1 = us than
to reject Hp: us = we. This is the idea pursued by Duncan's test, which
assigns adjusted critical values based on the proximity of the means.


https://www.jhsph.edu/departments/biostatistics/about-us/history/david-duncan.html
https://www.jhsph.edu/departments/biostatistics/about-us/history/david-duncan.html
https://www.jhsph.edu/departments/biostatistics/about-us/history/david-duncan.html
https://www.jhsph.edu/departments/biostatistics/about-us/history/david-duncan.html
https://www.jhsph.edu/departments/biostatistics/about-us/history/david-duncan.html
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Duncan’s New Multiple Range Test

Duncan’s test modifies Tukey's test as follows: instead of conducting
pairwise comparisons, we compare groups of means at once. For this
reason it is said to be a multiple range test.

For each group, we calculate the critical point in essentially the same way
as for Tukey's test, but we use a modification of the least significant range
r,,a,N—ka' and choose p according to the number p of means in the group,
not according to the number k of means in total (as Tukey's test does).

If we find no significant difference between the largest and the smallest
element of a group, we conclude that there is no difference in means
between any of the group elements. This reasoning assumes equal sample
sizes, since then the critical points will depend only on the number of
elements in the group.

The critical values for Duncan's test may be found at Prof. Tetsuhisa
Miwa's website:

Statistical Tables: http://www?2.accsnet.ne.jp/~miwa/probcalc/index.html


http://www2.accsnet.ne.jp/~miwa/probcalc/index.html
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32.8. Example. Suppose we have the following data:

We find

and

) | JOINT INSTITUTE
) | RREBERFPL

Population i

Response Y;;

1 0.30 0.64 068 053 0.78 0.84
2 069 1.08 130 1.11 0.51 0.96
3 096 093 102 119 0.89 1.33
4 121 096 1.02 117 1.28 1.36
5 170 116 0095 118 156 1.07
6 152 1.34 158 141 139 1.46
Y1 =0.63, Y2 =0.94, Y3. = 1.05,
Y4 =117, Ys. =1.27, Ye. = 1.45.

MSg = 0.0450.
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Duncan’s New Multiple Range Test

We have k = 6 populations with n = 6 measurements each, so N = 36 and
N — k = 30. The least significant ranges for &« = 0.01 and 30 degrees of
freedom are given by

330,001 = 3.889, r330.0.01 = 4.056, "4 30001 = 4.168,
rfl),30,0.01 = 4.250, ré'30'0_01 = 4.314.

The critical differences are given by d, = r} 501307/ MSE /1, i.e.,
d» = 0.337, d3=0.351, dy=0361, d5=0.368 dg=0.373.

For simplicity, we have already arranged the sample means in increasing
order. We first consider the group of all six means. The difference between
the smallest and the largest is

Y6. —Y1. =1.45-0.63 =0.82 > dg = 0.373

so we conclude that there is a significant difference among the means.



JOINT INSTITUTE

!
M
ANOVA II: Homoscedasticity and Post-Tests Slide 826 RABRERFPIL

Duncan’s New Multiple Range Test

Next, we consider two groups of five means,
Ys. —Y1. =127 —0.63 = 0.64 > ds = 0.368,
Ye6. — Y2 = 1.45—0.94 = 0.51 > ds = 0.368,

so there significant differences in these groups also. We next test groups of
four means,

Y4 —Y1. =1.17—-0.63 =0.64 > ds = 0.361,
Y6. — Y3 =1.45—1.05=0.40 > ds = 0.361,
Ys. — Yo =127 —0.94 = 0.33 % ds = 0.361.

We stop testing those groups were there are no significant differences
among the means. This leaves

Ye. — Y4 =145 —-1.17 =0.28 # d» = 0.337,
Y3 —Y1. =1.05-0.63=042> d; = 0.337,
Y, — Y1 =1.05—-094=0.11 ¥ d, = 0.337.
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Duncan’s New Multiple Range Test

We summarize by underlining those groups of means that are not
significantly different:

71. 72. 73. 74. 75. 76-

We conclude: there is evidence that w1 is significantly smaller that
W3, Wa, s and we. Furthermore, wy and w3 are significantly smaller than
We. There is no significant difference between any other means.

Note that populations that are underlined more than once, i.e., belonging
to more than one group of significantly different means, represent Type Il
errors; a significant difference from one or two groups was not detected.

Note that we performed far fewer than 6 - 5/2 = 15 tests and that our test
were more liberal than in Tukey's procedure. For example, we found a
significant difference between @i and w3 only because we used a critical
difference stemming from a least significant range for n = 3 instead of
n=~0.
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3% Duncan’s New Multiple Range Test

Mathematica agrees with our results:
ANOVA[Dat a, Post Tests -» Duncan, SignificanceLevel -» 0.01]

DF SunmOf Sq MeanSq FRati o Pval ue
{ANO\/A . Model 5 2.42527 0. 485053 10. 7947 5. 26828 x 10’6’
Error 30 1. 34803 0. 0449344
Tot al 35 3.7733
Al | 1.085
Mbdel [1] 0. 628333
Model [2] 0. 941667
Cel | Means — Mbdel [3] 1.05333 ,
Model [4] 1. 16667
Model [5] 1.27
Mbdel [6] 1.45

Post Tests - {Mbdel - Duncan {{1, 3}, {1, 4}, {1, 5}, {1, 6}, {2, 6}, {3, 6}}}}
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% Duncan’'s New Multiple Range Test

Tukey's test does not find a difference between p3 and any other means:
ANOVA[Dat a, Post Tests -» Tukey, SignificancelLevel - 0.01]

DF
Model 5
Error 30
Tot al 35

{ANO\/A >

All
Model [
Model [
Cel | Means —» Model |
Model [
Model [
Model [

1
2
3
4
5
6

PVal ue
5.26828 x 1078

FRati o
10. 7947

Sunf Sq
2.42527
1. 34803
3.7733

MeanSq
0. 485053
0. 0449344

085

. 628333
. 941667
. 05333 ,
. 16667
27

45

PP PPOOR

Post Tests - {Mbdel - Tukey ({1, 4}, {1, 5}, {1, 6}, (2, 6}}}}
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3% Duncan’s New Multiple Range Test

Mathematica agrees with our results:
ANOVA[Dat a, Post Tests -» Duncan, SignificanceLevel -» 0.01]

DF SunmOf Sq MeanSq FRati o Pval ue
{ANO\/A . Model 5 2.42527 0. 485053 10. 7947 5. 26828 x 10’6’
Error 30 1. 34803 0. 0449344
Tot al 35 3.7733
Al | 1.085
Mbdel [1] 0. 628333
Model [2] 0. 941667
Cel | Means — Mbdel [3] 1.05333 ,
Model [4] 1. 16667
Model [5] 1.27
Mbdel [6] 1.45

Post Tests - {Mbdel - Duncan {{1, 3}, {1, 4}, {1, 5}, {1, 6}, {2, 6}, {3, 6}}}}
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% Duncan’'s New Multiple Range Test

Tukey's test does not find a difference between p3 and any other means:
ANOVA[Dat a, Post Tests -» Tukey, SignificancelLevel - 0.01]

DF
Model 5
Error 30
Tot al 35

{ANO\/A >

All
Model [
Model [
Cel | Means —» Model |
Model [
Model [
Model [

1
2
3
4
5
6

PVal ue
5.26828 x 1078

FRati o
10. 7947

Sunf Sq
2.42527
1. 34803
3.7733

MeanSq
0. 485053
0. 0449344

085

. 628333
. 941667
. 05333 ,
. 16667
27

45

PP PPOOR

Post Tests - {Mbdel - Tukey ({1, 4}, {1, 5}, {1, 6}, (2, 6}}}}
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Conclusion

The preceding pairwise tests should have shown that, in statistics, there is
always more than one way to analyze a problem and it is sometimes a
matter of opinion, personal preference, context, external circumstances or
even dispute which procedure should be used.

Furthermore, while performing a single hypothesis test may be
straightforward, on reflection it becomes clear that practical situations
often call for several tests to be performed. In such cases, a detailed
testing plan is necessary to preserve the significance (pardon the pun!) of
the calculated P-values.

In future courses, you will perhaps have the opportunity to learn more
about the many topics that we have only inadequately introduced. Even if
not, hopefully your understanding of the basic questions in statistics will
allow you to approach questions of data science, experimental design, and
testing and general statistical procedures with curiosity and an informed
skepticism.
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