Basic ideas of hypothesis testing

Null hypothesis rejected

R(eject) R(eject)
— >

For comments please email: M. Messer, michael. messer@tuwien.ac.at



All examples are fictitious. All data are simulated and the graphics were
created with the statistical program package R.

The materials are protected by copyright and are only provided for personal
use for studies at TU Vienna. Further use is not permitted. In particular, it is
not permitted to distribute the materials or make them publicly available (e.g.
in social networks, on learning platforms, etc.).

Samtliche Beispiele sind frei erfunden. Alle Daten sind simuliert und die
Grafiken wurden mit statistischen Programmpaket R erstellt.

Die Materialien sind urheberrechtlich geschiitzt und diirfen ausschliefilich fiir
den Eigengebrauch im Rahmen des Studiums an der TU Wien genutzt
werden. Eine weitere Nutzung ist nicht gestattet. Insbesondere ist es nicht
gestattet, die Materialien zu verbreiten oder 6ffentlich zugdnglich zu machen
(etwa im Rahmen sozialer Netzwerke, Lernplattformen etc.).
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Reminder

@ How is the mean distributed under normal distribution?
@ Let Xj,..., X, be independent and identically distributed (i.i.d.) random
variables and X; ~ N(u, 0?)
@ For the mean it holds X = % > Xi~N(u, 0%/n)
e X is also normally distributed
o X has expectation 1y = p (equal to the expectation of X))
e X has standard deviation o5 = o/ v/ (decrease of factor 1/ /1)
Interpretation: the typical deviation of the mean from its expectation is
o/ Vn
e Standardization: 2=~ ~ N(0,1)
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Overview

We differentiate:

Probability theory
(Stochastics)

Theory of randomness

and

Statistics

Description of data —»
(using stochastic models)

Previous lecture: Short excursion to descriptive Statistics
How do data look like? How can they be summarized?

Today: inferentiell Statistics (Modelling)
How did the data occur?
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Reminder:
@ Runtimes of an algorithm implemented by n4 = 121 students

o Additionally implemented from np = 16 students that took a certain

programming course

runtimes
5 006 B (n=16)
Z 0.04
& 0.02
g o.
0.00 ﬁ‘

0 10 20 30 40 650 60 70

time [seconds]

@ Distributions shifted against each other — the course seems to have a

positive effect...
@ In the following consider only group B (one-sample situation)
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o Distributions shifted against each other — the course seems to have a
positive effect...

@ ...the lecturer is happy!

o A skeptic colleague claims: “the course is useless. The 16 students were
just over average beforehand!” And further he claims:
”The course was held by the lecturer a couple of times before. If all
participants that have ever taken the course had implemented this
algorithm, then the mean runtime would have been py = 30.”
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@ Problem: Assertion about a huge unknown population
e However, a subset known: the sample
@ Main questions:
How ’compatible” are the with the assertion?
e To do:
Quantification of the ‘discrepancy’ of the data and the assertion
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Assertion:
"If all participants that have ever taken the course, had implemented this

algorithm, then the mean runtime would have been py = 30.”

runtimes
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> B (n=16)
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e Main questions: time [seconds]

How ’compatible’ are the with the assertion?

e Todo:
e ’Quantification of the discrepancy’ between
o For example through the difference d = X —
e Line of thought: |d| large <+ data hardly compatible with the assertion
e Question: What does ‘large” mean? So far we do not have a notion for "size’!

— need the concept of the statistical model!

and assertion
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@ Main questions: How ‘compatible” are the with the assertion?
@ Idea of the statistical model:

Interpret the data x4, ..., x, as realizations
of random variables Xy, ..., X,
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@ Upside: Notion of 'size” through probability statements
o Observe: almost all lie in the left tail of the blue distribution

o Interpretation: Assume that the data indeed derived from independent
drawings of the blue distribution, then something unlike has happened. (++
incompatibility of data and assertion)

e Gain: In the context of the model, we can quantify the discrepancy via
probability statements (‘notion of size”)

o — Hypothesis test: the procedure is as follows...
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(The data xy, ..., x, are assumed to be realizations of i.i.d. normal-distributed RVs,
with unknown expectation p € R, but known variance 02 =121)

null hypothesis: Hy : = 30
(Describes the assertion: the claimed expectation is py = 30)
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model assumption: Xy, ..., X, ii.d. RVs, with X; ~ N(i,112) and p € R (here nn = 16)
(The data xy, ..., x, are assumed to be realizations of i.i.d. normal-distributed RVs,
with unknown expectation p € R, but known variance 02 =121)

null hypothesis: Hy : = 30
(Describes the assertion: the claimed expectation is py = 30)

test statistic: for the evaluation of the data (measures discrepancy). Here z-statistic

X—Ho 16.5—30 ~ 49 Distribution of Z under Ho : p =30

-
Z
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Theoretical distribution of the test statistic if Hy is true *
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= 0—/\/ﬁ ~ (0’1) -6 -4 -2 0 2 4 6

p-value: quantifies the discrepancy (judge z according to the distribution of Z)

p =Py (12l > |z)) 91077
Probability to make an observation which is at least as extreme as in the data, if H
holds true
Decision: Reject the null hypothesis (reason: p is small)
We say: the observed discrepancy was significant (p < 107°)

Interpretation: the p-value is negligible. If the null hypothesis holds true, then
something unlikely has happened. In that sense, the data are barely compatible
with the null hypothesis.
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Model assumption: X, ..., X, i.i.d. RVs, with X; ~ N(,112) and p € R (n = 16)
(The data are realizations of i.i.d. normal-distributed RVs, with unknown expectation
1 € R, but known variance o> = 121) runtimes
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@ Why are the assumptions reasonable?

e Normal distribution: the data are distributed approximately bell-shaped

e Knowledge of the standard deviation o: Actually, this assumption is
nonsense — why should we know something about the variance, when we do
not know the expectation? Here assumed to be known for simplicity. Next
lecture: replace o by estimate s — yields ¢-test

e Independence: We do not have a reason to assume that the observed
individuals have too much in common.

o In general: A modelis always a simplification. The description of the
‘reality” through a theoretical construct (‘'model’) is basically always "wrong’.
A complicated model (which is possibly not appropriately understood) is
often useless. Models should be chosen as "simple” objects.

o George Box: “All models are wrong’ (but some are useful)
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The test statistic should accomplish two things:
1. It should measure the discrepancy between the data and the null hypothesis Hy

X — Ko
o/ Vn

Otherwise the procedure was nonsense.

Z =

2. It should be chosen such that its distribution was known under H,
7 _ X~ Ho Ho
o/v/n

Otherwise we can not judge the discrepancy in 1.

N(0,1)
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@ The abbreviation ' o inZ & N(0, 1) means that the left hand side is distributed
according to the right hand side, if the null hypothesis holds true, short: “under
Hy'

@ z measures the discrepancy of X from py in the units o/ v/, i.e., according to the
variability of X. Under Hy, the "typical’ deviation is one unit. In the data we
observed |z| ~ 4.9 units. This is untypically large!

@ If on the other hand H does not hold true, i.e., if the X; have an expectation p;,
with w; # , then Z is not distributed according to N(0, 1), as we did not center
correctly
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hypothesis holds true.

Distribution of Z under Hy : p =30

@ Index Hy again means : if the null hypothesis holds true’

@ p-value 'small’ «+ If H holds true, then something unlikely has occurred <+
incompatibility of the the and the assertion.

@ The choice of ‘small’ / ‘unlikely” is to be fixed by the statistician in advance(!).
This is done by the choice of the significance level o € (0,1). Often & = 5%

@ Decision rule:

e p < « + incompatible enough > reject null hypothesis
e p > o +» not incompatible <+ do not reject the null hypothesis
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@ Significance level « € (0,1)
@ p-Wert: P =Py, (IZ] > Iz])

@ Decision rule:

e p < x < z € R > reject Hy +> say: "the discrepancy was significant’
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@ Decrease of « «+ smaller rejection area R, i.e., more 'strict’ with rejecting
@ popular choices: & = 5%, 1%, 0.1%.
@ Here: Reject Hy on the 5% level, but not on the 0.1% level

@ Important: The level o has to be chosen in advance! It is self-delusive to increase
o in order to reject!
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A skeptic colleague claims: “the course is useless. The 16 students were just
over average beforehand!” And further he claims:

“The course was held by the lecturer a couple of times before. If all

participants that have ever taken the course had implemented this algorithm,
then the mean runtime would have been py = 30.”

runtimes Null hypothesis rejected
R(eject) R(eject)
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p =Py (Z| > Iz]) = 9 - 10

What is our opinion on that? (Apart from the fact, that we might find the
delicate statement inappropriate from an interpersonal level)
@ The data are not at all compatible with the assertion
o If the colleague is right, then a discrepancy which is at least as extreme as
in the observed data, will occur in less than one of 1 million cases (as
p~9-1077 <107°°)
@ — The data give us good reason to doubt the assertion!
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We cannot say that, because we just make probability statements about the data,
in fact under the theoretical assumption that the null hypothesis holds true.

We cannot say anything about the huge unknown population / the null
hypothesis!

Rejecting the null hypothesis does not mean that its wrong or probably wrong!
Throughout the course we will stay in the realm of the so-called frequentists approach of statistics, where the
unknown parameters (like ) are treated as non-random. In contrast, the Bayesian statisticians will want to make

probability statements about the parameter as in their world parameters are modeled as random variables.
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@ Let g4 be the x-quantile of N(0,1),i.e., P(Y < g«) = a for Y ~ N(0,1)
o Differentiation between two-sided and one-sided tests
o two-sided: null hypothesis Hy : p = py (— alternative Hy : p # p)
R = (_oorqoc/Z] ) [q]—(x/Z/oo)
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Extreme values if z speak against the null hypothesis
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@ Let g4 be the x-quantile of N(0,1),i.e., P(Y < g«) = a for Y ~ N(0,1)
o Differentiation between two-sided and one-sided tests
o two-sided: null hypothesis Hy : p = py (— alternative Hy : p # p)
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p =Py, (IZ] > Iz[)
Extreme values if z speak against the null hypothesis
o left-sided: null hypothese Hy : i > iy (— alternative Hu : pu < p)
R= (7001 q ol
p =Py (Z <2)
Small values of z speak against the null hypothesis
o right sided: null hypothesis Hy : u < o (— alternative Ha : 1 > o)
R= [qlffx/ OO)
p =Py (Z > 2z)
Large values of z speak against the null hypothesis
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@ In our example we could also have tested left-sided, because we knew in

advance that the mean of the observed runtimes was smaller than the
assertion, and we wanted to detect this fact of being "faster’.
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Two-sided and one-sided testing

runtimes Null hypothesis NOT rejected
0.06 R
2 Ho X z
jox & " .
oY -
1 LU ]
0.00 I T T T T 1 I T T T T T 1
0 10 20 30 40 50 60 70 -6 -4 -2 0 2 4 6

time [seconds]

@ In our example we could also have tested left-sided, because we knew in
advance that the mean of the observed runtimes was smaller than the
assertion, and we wanted to detect this fact of being "faster’.

o However, we preferably formulate hypothesis before we observe the data.

@ And it might have happened that the mean observed runtime was slower
(larger) than the assertion. This would then have suggested a ‘negative
effect’, which would not been detected with a left-sided test.
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@ In our example we could also have tested left-sided, because we knew in
advance that the mean of the observed runtimes was smaller than the
assertion, and we wanted to detect this fact of being "faster’.

o However, we preferably formulate hypothesis before we observe the data.

@ And it might have happened that the mean observed runtime was slower
(larger) than the assertion. This would then have suggested a ‘negative
effect’, which would not been detected with a left-sided test.

@ Thus, depending on the context we need to decide of whether to perform
a one- or two-sided test. (Rule of thumb: two-sided)
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Errors and test power

Null hypothesis || rejected (with prob) | not rejected (with prob)

holds true a-error (= «) =1—-u)
does not hold true || (test power =1 — f3) 3-error (= P)
If Ho holds NOT true If Hp holds NOT true

Ho rightly rejected, test power 1-

a-error: Hy is rejected although Hj holds true

The probability to commit the c-error is given through the choice of the
significance level o, as by construction Py, (Z € R) = o

@ [-error: Hy is not rejected although Hy does not hold true
@ The probability 3 to commit the 3-error depends on the concrete alternative
@ Test power 1 — f3 is the probability to reject Hy, if Hy does not hold true

The question of whether we commit these errors can never be answered in practice,
because hypotheses are theoretical assumptions



Thank you!



