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'—Origins of Null Hypothesis Significance Testing (NHST)

Fisher (1925)

m Only reliant on Hp and the exact p-value

m p < .05 was proposed as usual threshold, though finally up to the
judgement of the experimenter

m Hp is only demonstrable when experiments rarely give statistically
significant results

= A single significant result is not conclusive until further investigation
or replication

Frederick Stegmiiller The shortcomings of p-values and the mu 21. November 2019 3/16



The shortcomings of p-values and the multiple testing bias

Origins of Null Hypothesis Significance Testing (NHST)

Neyman and Pearson

Introduced as a formal decision procedure motivated by industrial
quality problems

m Goal: minimize false negative rate /3 and thus maximize power 1 — (3
subject to an arbitrary bound « on false positive errors

Exact p-value is not used as measure of evidence, but to discard Hp if
a critical value is exceeded

Specific assumptions on H; have to be made to minimize 3, and an
appropriate « has to be chosen

Designed for repeated testing in the long run, not single experiments
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‘—Modern NHST

Modern NHST

m Hp usually predicts no effects, while H; is not defined quantitatively

m The p-value is computed and if p<.05 Hp is automatically rejected,
while H; is accepted and seen as scientific fact
m The exact p-value is then interpreted as a relative measure against Hy
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EThe logic of NHST

How to interpret p<.057

m Probability of the null

hypothesis given the data?
— P(Ho|D)

source: https://www.xkcd.com/882/
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EThe logic of NHST

How to interpret p<.057

m Probability of the data given
the hypothesis!
— P(D|Ho)

source: https://www.xkcd.com/882/
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EThe logic of NHST

Logical reasoning of rejecting Hp

1 If Hy is correct, D are highly
unlikely

2 D occured
= P(D|Hp) is highly unlikely, thus
we reject Hyg and accept H
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EThe logic of NHST

Logical reasoning of rejecting Hp

1 If a person is an American

1 If Hy is correct, D are highly (Ho), he is unlikely to be a
unlikely member of congress (D)
2 D occured 2 Trent Kelly is a member of
= P(D|Hp) is highly unlikely, thus congress
we reject Hyp and accept Hi = Trent Kelly is probably not an

American (H)
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EThe logic of NHST

Logical reasoning of rejecting Hp

1 If a person is an American

1 If Hy is correct, D are highly (Ho), he is unlikely to be a
unlikely member of congress (D)
2 D occured 2 Trent Kelly is a member of
= P(D|Hp) is highly unlikely, thus congress
we reject Hyp and accept Hi = Trent Kelly is probably not an

American (H)
m NHST only calculates probabilities concerning Hp, but gives no
information on the probability of H;
m Thus, if multiple Hys are possible, only vague, non-quantitative

statements can be made:
“The data suggests a significant difference between A and B”
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B —
NHST is not suitable for Big Data

m The formula for calculating test statistics depends on the size of the
sample (n). Specifically an increase in n leads to a larger test statistic,
which then leads to a decrease of the p-value

m Thus, an Hy expecting a mean of zero, and a large enough sample size
can lead to a rejection of Hy even with miniscule effect sizes
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EProl;:lems with NHST

Selective Reporting

m When testing a hypothesis multiple analytical options can result in
varying results. This can entice researcher to pick a specific result that
is significant, while disregarding other, nonsignificant results

m This can also lead to bias towards a specific hypothesis favored by the
researcher
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EProblems with NHST

Selective Reporting

Team _Analytic Approach Distribution  Odds Ratio H
10 Muitievel Regrassion and Lagistic Regression Linear ]
OLS Regression With Robust Standart Enors, Logletic Regression Linsar i
Spearman Cormalatian Lingar )
14 WLS Asgression Wih Clustarat Standard Emors Linsar et
Multis Linear Rsgression Linsar i
8 Linear Prababley Modal Linsar e 1
17 Bayssian Logistc Aegression Logistc et
15 Hisrarchical Log-Linear Modsling Logistc ]
18 Hisrarchical Bayes Modsl Logistc e
3 Logistic Regrssion Logistic H—
30 Clustered Rabust Binamal Logistc Ragressin Logistc —.—t
5 Mutievel Logistic Regression Using Beyesian Inferanca Logistc i
2 Mbed-Mogel Logitic Regression Logistc i
2 Linear Prababiley Modal, Logietic Regression Logistc —e—i
5 Ganeralized Linear Mixat Modss Logistc i
24 Mutievsl Logistic Ragression Logistc ——
2 Musd-Effects Logstic Regression Logistic i
32 Generallzed Linaar Modss for 3inary Data Logistic e
8 Nagatiee Binamiel Regrassion With a Log Link Logistic =
25 Muttivel Logistic Blnamial Regrassion Logistic ——i
9 Ganeralized Linear Wiac-EFcis Modsis With & Lai Link Logistic ——
7 Dirchist-Process Bayesian Clustsring Misc ¢
21 Tabit Regression Misc -
12 Zam-lnfated Folssan Regression Foissan ——
2 Hisrarchical Gensralizad Linear Modsling With Poisson Sampling Polssan ——
16 Hisrarchical Fosson Rapression Polssan ——
20 Crss-Classiied Wuttileve| Nagative Biromial Madsl Polssan e
13 Paisson Muttilval Modeling Polssan ——
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EProl;:lems with NHST

Publication bias

m Even a true Hy can, given enough tests, have significant results

m Combined with incentives to only report significant result and
disregard insignificant results, any Hy can be rejected in the long run
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‘—Multiple testing bias

Multiple testing bias

m Due to large data sets it is possible to test multiple related hypotheses
simultaneously

m Therefore the probability of at least one false positive result
(Family-Wise Error Rate) increases with k independent tests if Hp is
true increases: qioral = 1 — (1 — )X

plot  1-(1-0.05f 010100
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‘—Multiple testing bias

m This can be accounted for by, among others, the Bonferroni correction
for n tests: pg = <

m Such corrections, however, decrease the Type | error rate, but increase
the Type Il error rate
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Multiple testing bias

Multiple testing bias

m Alternative to corrections: False Discovery Rate (FDR)

Q= FP,erTP =%

m As in research settings the amount of true null effects is not known,
only the amount of scnificant and non-significant results, Q can be
considered a random variable

m Q cannot be controlled directly, thus define
FDR = E[Q|R > 0] - P(R > 0), which can be controled using « and /3

m The Family-Wise Error Rate can be defined as
FWER = P(FP>1)=1—- P(FP =0)

m If Hp is true in all tests, FDR = FWER, while FDR < FWER whith

some true H;
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How to do better?

How to do better?

m Change incentives to report all findings, not only significant ones (e.g.
pre-registration)

Publish raw data and analysis scripts

Don't use arbitrary thresholds to classify into significant (p=.049) and
non-significant (p=.051) findings, rather report p-values as continuous
values

m Focus on effect sizes and their uncertainty to form theories, not only
on p-values

m Put more importance on reproducing findings and meta-analyses than
on the significance of single experiments

m Teach alternative methods and approaches not just NHST
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