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Science Is ultimately about measurement and modeling
In the last session we asked what makes a model “good".

In this session, we turn to the question of what makes a
measurement “‘good’’?



Measurement vs reality

Rarely can we directly observe the underlying
structure of the world - we must use measurement to do so

Observable
Measurement

Unobservable
Reality



Let's say a person presents to their physician
with symptoms of COVID-19:
dry cough, fever, and fatigue




Reality

The person Is erther
infected with SARS-

CoV-2, or not
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https://en.wikipedia.org/wiki/File:SARS-CoV-2_49534865371.jpg
https://www.fda.gov/media/134922/download

“all measurement Is befuddled by error” (McNemar, |946)

There are two types of error:

Systematic error (or bias):
attributable to some particular causal factor

Example: differences in viral detection depending on the particular
primers that are used for the test

Random error (or noise):
error due to any of a large possible number of unknown sources
- often Gaussian (cf. central limit theorem)

Systematic error can (often) be eliminated - random error usually

cannot
§)



Reliability vs.Validity

* Validity:
*Does the measurement measure the concept that we
think it measures!

]
ark

Inside the coronavirus testing failure:
Alarm and dismay among the scientists
who sought to help

On Feb. 8, when lab technicians for New York City’s health department ran the
test on samples that contained the virus, they saw on their computer screens a
logarithmic curve sloping upward, indicating the virus was present. The
problem was, they saw something similar when they ran the test on distilled
water that contained no trace of the virus.

The Washington Post
Democracy Dies in Darkness
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https://www-washingtonpost-com.stanford.idm.oclc.org/investigations/2020/04/03/coronavirus-cdc-test-kits-public-health-labs/?arc404=true



https://www.technologyreview.com/2020/03/05/905484/why-the-cdc-botched-its-coronavirus-testing/
https://www-washingtonpost-com.stanford.idm.oclc.org/investigations/2020/04/03/coronavirus-cdc-test-kits-public-health-labs/?arc404=true

Reliability vs.Validity

* Reliabilrty:
* How precisely does the measurement quantify the thing
that it measures!
* A measurement may be unreliable for several reasons
* The underlying process could be fundamentally noisy
*c.g. Reaction time measurements
* [he measurement procedure could be flawed

*e.g.'guess my height”



Quantifying reliability: The data as a model of rtself

T a measurement Is reliable, then we should be able to use part of
the data to accurately predict the values of the rest of the data

Example: Barratt Impulsiveness Scale (BIS-1 1)

DIRECTIONS: People differ in the ways they act and think in different situations. This is a test
to measure some of the ways in which you act and think. Read each statement and put an X on
the appropriate circle on the right side of this page. Do not spend too much time on any
statement. Answer quickly and honestly.

@ @ ©) @
Rarely/Never Occasionally Often Almost Always/Always
I plan tasks carefully.

I do things without thinking.
I make-up my mind quickly.

I am happy-go-lucky.

I don’t “pay attention.”

I have “racing” thoughts.

I plan trips well ahead of time.

I am self controlled.

Ol 0| Q| AN | | W N —

I concentrate easily.

10 Isave regularly.
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11 I“squirm” at plays or lectures.




SRO project: Acquisition structure

Inrtial test Retest

Amazon MTurk Amazon MTurk

242 175 157
—_— - —P QC
invited started completed

111 days (range = 60-228 days)
N = 522 N =150

1 week/subject 1 week/subject
July - September 2016 Nov 2016 - March 2017
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BIS11 Overall - Retest score
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BIS11 Overall - Original

r=0.83
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Classical test theory: the “true score”

Let's say we want to know the relationship between two
psychological traits:

impulsiveness
Defined as acting without attention to long-term
ooals or potential consequences

impatience
Defined as a tendency to choose smaller immediate
rewards over larger long-term rewards

Under classical test theory,
we assume that each person has an (unobservable) true score
for each of these trarts

Any measurement will be a noisy reflection of this true score

12



Modern test theory: Path diagrams

A graphical description of the relationships between

observed and latent variables

- any observed variable reflects one or more latent

BIS

UPPS-P

“"Manifest variables”
(measured)

impulsiveness

\

“constructs” along with error

Kirby

impatience

Bickel

“Latent variables”
(unobservable)
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Reliability

2 2

L 2
Oobserved — Otrue T Oerror

assumptions:

- observed measurement Is only related to a single “true”
latent variable

- error Is uncorrelated with true value

Reliability refers to the proportion of variance in the
measurement that is attributable to the true score:

2 2
Dy = Utrue L O-true
- 2 o 2 2
OY Otrue T Oerror

That Is, how precisely does our measure reflect the underlying
reality versus error variance!? 14



Attenuation

The true correlation between estimates Is attenuated by
the geometric mean of their reliabilities

(3,6 : true scores

A

estimates: B =B+¢€5 0 =0+ e
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Implications of attenuation

Puzzlingly High Correlations
in fMRI Studies of Emotion,

Personality, and Social

Cognition'

Edward Vul,! Christine Harris,” Piotr Winkielman,”? & Harold Pashler®

"Massachussetts Institute of Technology and *University of California, San Diego

'This article was formerly known as “Voodoo Correlations in Social

Neuroscience.”

Thus, the reliabilities of two measures provide an upper
bound on the possible correlation that can be observed between

the two measures (Nunnally, 1970)

3

PERSPECTIVES ON PSYCHOLOGICAL SCIENCE
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(number of significant correlations reported)
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Example of “puzzlingly high correlations”

www.elsevier.com/locate/ynimg
Neurolmage 28 (2005) 848 — 858

Emotion and attention interactions in social cognition: Brain regions
involved in processing anger prosody

David Sander,®®' Didier Grandjean,*' Gilles Pourtois,” Sophie Schwartz,”
Mohamed L. Seghier,> Klaus R. Scherer,* and Patrik Vuilleumier®?

BIS:
behavioral
iInhibrtion
scale (from
BIS/BAS)

BIS scores

55

50 F

45}

40

35t

30+

D. Sander et al. / Neurolmage 28 (2005) 848—858

25 |

20 +

15

-14

o

y=376+89"x

-12 -10 08 -06 04 02 00 02 04 06 08 10 12 14 16

fMRI responses in PFC during attention to anger

(r=0.87, P <0.001).
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What is the reliability of BlS?

BIS-BAS - =T

blue dots: estimates from literature
black violin: bootstrapped distribution of reliability estimates from
Enkavi et al., 2019
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Author, Year Task Interval (days) Healthy Subjects ICCs

ICC [95% CI]

Not thresholded on ICC

What is the reliability
of ™MRI activation

signals!

Ances, 2011.2 Visual checkerboard 16 c 6 1 |
Ances, 2011.1 Visual checkerboard 16 h 10 1 | H —i
Atri, 2011 Episodic memory (face-name pairs) 84 c 12 2 H |
Baumgartner, 2017 Visual stimulation 21 h 8 2 I - |
Bennett, 2013 Episodic recognition 183 h 14 1 + |
Blokland, 2017.2 N-back working memory 113 h 58 30 g —=—
Brandt, 2013 Implicit memory encoding 35 h 15 11 | - |
Bunford, 2017 Emotional interference 84 h 23 4 : |
Caceres, 2009.2 Auditory target detection 90 h 10 2 - :'
Caceres, 2009.1 N-back working memory 90 h 10 10 + {
Cannon, 2018 Emotion processing 1 h 8 24 I n 1
Chase, 2015 Reward 7 h 37 4 I —— e
Clement, 2009.2 Episodic memory 42 c 10 32 + |
Clement, 2009.1 Episodic memory 42 h 10 32 - |
Estevez, 2014 Robot-assisted motion 24 h 17 10 : -
Fleissbach, 2010.3 Reward (adapted MID) 8 h 25 11 - |
Fleissbach, 2010.2 Reward (box guessing) 8 h 25 11 }l : = i
Fleissbach, 2010.1 Reward (number guessing) 8 h 25 1" | — - {
Fournier, 2014.2 Emotional dynamic faces 180 c 17 16 I - i
Fournier, 2014.1 Emotional dynamic faces 180 h 16 8 + |
Friedman, 2008 Motor 1 h 5 12 0
Haller, 2018.2 Emotional face gender labeling 75 h 25 16 I T
Heckendorf, 2019 Priming and face processing 35 h 41 30 e
Holiga, 2018.6 Emotional face matching 14 h 30 4 { o |
Holiga, 2018.5 Episodic memory 14 h 30 6 P —a—
Holiga, 2018.4 Go/nogo 14 h 30 1 i |
Holiga, 2018.3 Monetary incentive delay 14 h 30 3 : ———
Holiga, 2018.2 N-back working memory 14 h 30 3 | + - |
Holiga, 2018.1 Theory of mind 14 h 30 3 P e
Johnstone, 2005 Faces 28 h 15 6 H |
Kimberley, 2007 Continuous motor 21 h 14 4 I : |
Kimberley, 2008 Visual motor 14 c 9 6 "
Kong, 2007 Electroacupuncture stimulation 12 h 8 60 + |
Lee, 2010.5 Complex button pressing (left hand) 16 h 18 8 | n |
Lee, 2010.4 Complex button pressing (right hand) 16 h 18 8 I = |
Lee, 2010.3 Mixed-pace button pressing (left hand) 16 h 18 16 I : |
Lee, 2010.2 Mixed-pace button pressing (right hand) 16 h 18 16 : e
Lee, 2010.1 Paced button pressing (left hand) 16 h 18 8 ;} |
Lipp, 2014 Emotion-provacation 23 h 15 32 | . i
Lois, 2018.3 Emotional face matching 47 h 46 4 e
Lois, 2018.2 Emotional face passive viewing 47 h 46 4 D
Lois, 2018.1 Scene passive viewing 47 h 46 4 H ———
Manoach, 2001.2 Numerical working memory 67 c 7 6 + |
Manoach, 2001.1 Numerical working memory 95 h 7 6 5
Mohnke, 2014 Theory of mind 15 h 25 6 : f—=
Nettekoven, 2018.2 Picture naming 27 h 16 6 ; + I'
Nettekoven, 2018.1 Picture naming 4 h 16 6 I - 1
Nord, 2017.3 Emotion identification 14 h 29 21 = |
Nord, 2017.2 Emotion matching 14 h 29 21 I + - |
Nord, 2017.1 Gender classification 14 h 29 21 e
Plichta, 2012.3 Emotional face matching 15 h 25 2 i |
Plichta, 2012.2 Monetary reward anticipation 15 h 25 2 : e |
Plichta, 2012.1 N-back working memory 15 h 25 5 '.; = |
Plichta, 2014 Emotional face matching 14 h 25 11 = |
Putcha, 2011.2 Episodic memory (face-name pairs) 36 c 9 16 T |
Putcha, 2011.1 Episodic memory (face-name pairs) 36 h 18 16 : Y |
Raemaekers, 2007 Prosaccade / antisaccade 7 h 12 7 } . |
Rath, 2016.2 Motor 1 h 17 1 :
Rath, 2016.1 Sensory 1 h 17 1 i
Sauder, 2013 Emotional face matching 90 h 27 18 = {
Sayer, 2016 Food image viewing 1 c 28 10 | 4 |
Schacht, 2011 Alcohol cue reactiw'g/ 14 h 10 6 = |
Schlagenhauf, 2008 Monetary incentive delay 28 h 10 2 | ; |
Schunck, 2008 Aversive nerve stimulations 10 h 14 5 | T |
Schuster, 2017 Landmark / spatial attention 7 h 20 12 | + |
Sheu, 2012.2 Multisource interference 88 h 26 6 s} = i
Sheu, 2012.1 Stroo| 88 h 26 6 V]
Sousa, 2014 Breath holding 7 h 9 27 ol
Taylor, 2009 Painful vs neutral stimuli 14 h 6 12 :
vanDenBulk, 2013.2 Emotional face attention 180 h 18 13 = |
vanDenBulk, 2013.1 Emotional face attention 90 h 18 26 = |
Wei, 2004 Verbal working memory 57 h 8 27 + i
Weiss, 2013 Motor 16 h 10 4 | L |
Wende, 2017 Lateralization / visuospatial decision 18 h 16 14 } |
Zanto, 2014.3 Delayed recognition 30 c 13 6 ;: |
Zanto, 2014.2 Delayed recognition 60 c 13 1 = |
Zanto, 2014.1 N-back working memory 60 c 13 4 | H |
RE Model for Subgroup (Q = 98.28, df = 76, p = 0.04; I> = 31.6%) : <>
}\'hresg(%ged onlce Classification | i 410 h 8 9 E
ron, assification learning g  ———
Blokland, 2017.1 N-back working memory 113 h 58 16 H —a—
Erk, 2013 Episodic recall (face-profession) 14 h 20 1 : ————
Haller, 2018.1 Emotional face gender labeling 75 h 25 10 : ———
Keren, 2018.3 Child-friendly MID 1008 h 16 65 :
Keren, 20182 Child-friendly MID 549 h 16 9 : I|:._'_||
Keren, 2018.1 Child-friendly MID 90 h 18 28 : ]
Lim, 2007 Working memory 44 h 19 10 : |
Quiton, 2014.2 Heat pain 15 h 14 35 7 | |
Quiton, 2014.1 Motor 15 h 14 4 P |
LS, cors S o s 1 ¥ % .
ehrum-Osinsky, exual picture perception
White, 2016 dot-proge peteep 65 h 39 6 ———

RE Model for Subgroup (Q = 10.9'1, df =12, p = 0.54; 2= 17.9%)

Elliott et al., 2020

ICC

0.5

0.125[-0.764, 0.850
0.609 [-0.033, 0.895
0.670[0.156, 0.898
0.351[-0.470, 0.846
0.197 [-0.373, 0.659
0.6840.517, 0.801
-0.024 (-0.530, 0.494
0.037 [-0.381, 0.443
0.389 [-0.319, 0.818
0.407 [-0.299, 0.825
0.290 [-0.521, 0.826
0.284 [-0.045, 0.556
0.387 [-0.320, 0.818
0.352 [-0.357, 0.803
0.660 [ 0.263, 0.866
0.136 [-0.274, 0.504
0.286 [-0.123, 0.612
0.290[-0.119, 0.615
0.312[-0.218, 0.700
0.187 [-0.340, 0.625
0.754 [-0.383, 0.983
0.234[-0.177, 0.576
0.172[-0.143, 0.455
0.366 [ 0.006, 0.641
0.448 [ 0.104, 0.696
0.040 [-0.325, 0.395
0.580[0.278, 0.778
0.171 [-0.202, 0.500
0.483]0.149, 0.718
0.152[-0.391, 0.616
0.365 [-0.205, 0.750
0.714 1 0.094, 0.935
0.209 [-0.581, 0.797
0.275 [-0.220, 0.658
-0.015 [-0.478, 0.455
0.249 [-0.247, 0.641
0.624[0.221, 0.845
0.518]0.067, 0.793
-0.043 (-0.543, 0.480
0.076 [-0.219, 0.359
0.3970.121, 0.617,
0.505]0.252, 0.694
0.196 [-0.653, 0.827
0.600 [-0.279, 0.932
0.782[0.561, 0.900
0.364 [-0.160, 0.729
0.362 [-0.162, 0.727
0.018[-0.351, 0.382
0.210[-0.169, 0.535
0.415]0.057, 0.678
0.071(-0.334, 0.453
0.591[0.255, 0.799
0.387 [-0.010, 0.678
0.366 [-0.034, 0.665
0.468 [-0.284, 0.864
0.623 [ 0.220, 0.844
0.146 [-0.467, 0.664
0.84010.603, 0.941
0.850 [ 0.624, 0.945
0.330 [-0.058, 0.631
0.170[-0.217, 0.511
0.601 [-0.046, 0.893
0.502 [-0.187, 0.860
0.369 [-0.201, 0.752
0.250[-0.217, 0.623
0.44210.065, 0.708
0.483[0.118,0.733
0.704 [ 0.075, 0.932
0.866 [ 0.182, 0.985
0.421(-0.057, 0.742
0.406 [-0.075, 0.734
0.446 [-0.377, 0.876
0.483 [-0.211, 0.853
0.496 [ 0.001, 0.796
0.562 ] 0.016, 0.850
0.510[-0.057, 0.828
0.351[-0.248, 0.756

0.397 [0.330, 0.460]

0.919[0.610, 0.986
0.733]0.585, 0.833
0.730[ 0.425, 0.886
0.730[0.470, 0.873
0.821]0.549, 0.936
0.84310.597, 0.944
0.801[0.533, 0.923
0.599[0.198, 0.828
0.64210.169, 0.875
0.64110.167, 0.874
0.667 [ 0.152, 0.898
0.545[0.329, 0.707

0.687 [ 0.474, 0.824
0.705 [0.628, 0.768]

ICC Range
Excellent (>0.75)
Good (0.6-0.75)
Fair (0.4-0.6)
Poor (<0.4)



Correcting for attenuation

't 1Is common In some subfields to correct for
attenuation:

PB,0
VP3Po

Sometimes used to correct for differences in reliability in
measures for SEM/factor analysis

PB,0 =

Should be used carefully...
it can correct for unreliability, but doesnt necessarily approximate
underlying “truth™ (Boorsoom & Mellenberg, 2002)
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Another view: Reliability as the “noise celling’” for explained variance

The reliability provides a cap on the amount of
“explainable variance”

—
o “The IT bar represents the
- Spearman-Brown corrected
"= consistency of the [T RDM
@ for split-halves over the IT
= units, establishing a noise-
D imrted upper bound.”
e
RS, =
-+ Y c
L <
3 E
8’ X D
+ =
Image Object Catelgor}(
generalization  generalization generalization

Yamins et al., 2014, PNAS 2!
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What I1s a Model!

Data Slice 2 = F(data_slice_I)

Data Slice 2 = Fparams(data_slice_1)

Data Slice 2 = Fparams(data_slice_1) + Noise



IT neural representation

Animals
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Tables

Object mean reponse

0 ' 50 100 150
IT Neurons



Data Slice 2 = Fparams(data_slice_1)

Behavioral patterns
IT neural representation . ”

S , _ animal
g Boats 1 . » '._ : “ B ‘ -:‘: 1- “boat”
O  carsil gt ' 2B SN } - o b - .
s I PR | | decoding R “car”
g e 18 data_slice_| = neural data
- Fruits s ' ' L 1
'&J_J‘ Planes .
'8 Tables
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behavioral data
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Data Slice 2 = Fparams(data_slice_1)

. Neurons
The stimulus

Animals
Gorilla Image 42 of size 0.813 Gorilla Image 52 of size 1.485 |
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[IPYNB: Finding some interesting neurons]



Reliability

[T Unit 105

Neural Response

o o™ C o o

this Is a face-selective unit — selectivity Is high for face images at low
and medium levels of variability, but not high variability images

... this is not surprising, since the faces at high variability are at quite
welrd angles



[T Unit 10

10}
=
[
e
: \
s 05}
:
g 00}
2
-0.5 Il |
e o o oo o

Responses for Variation VO images

perhaps this is a “round’ object selective unit? :)



Reliabilrty

the “round object” detector (IT unit 10) i1s much more reliable at variation the
the putative face unit (IT unit 105) ... (error bars = SEM of trial-average value)

Responses for neuron 105 Variation VO images

08 |

06 |

04}

0.2 |

Neural Responses

00|

v““(@\e o O 0% o (o @

Responses for neuron 10 Variation VO images

10}

05|

Neural Responses

00}

pt\«"‘\" o O (@B o (¥ o

... which would be true

05

04

03}

Neural Responses

0.0

10}

0.8 f

06 |

0.2

Neural Responses

02

01

Responses for neuron 105 Variation V3 images

» 2 %03\5 & 0‘6\(’ @(_es ?&\\9 Q\'a“e" @‘,\es

04}

Responses for neuron 10 Variation V3 images

W\@B\e %03\9 % 0‘6\6 ?aces ?&\‘5 ?\a‘\e" (a"\%

Neural Responses

Neural Responses

0.08

0.06 -

0.04

0.02

0.00

08 |

Responses for neuron 105 Variation V6 images

P‘\\

. «\3\5 $°'56 (}“’ 0\3\(" ? 3('6" ?&\‘ﬁ ?\6‘\6" < 3v\e$

Responses for neuron 10 Variation V6 images

it the interpretation was real.



Reliability

Building up a pair-wise reliability analysis tool:

|) Look at the trial-averaged data on a per-object per-variation (“per
condrtion™) basis

2) Look at pairs of trials — esp. scatter between trials

3) Make a matrix of pairwise pearson correlation



Correlation

[T feature space

Dim 1 T"; = vector of neural responses to stimulus i

A . - ;
I'j = vector of neural responses to stimulus j

stimulus i

J=sf 5 Dim 2
=X '’ \&
Fruits Oy Faces
Dim 3 )

stimulus j



Correlation

[T feature space

Dim 1 T"; = vector of neural responses to stimulus i
A : . .
g, Chairs T4 = vector of neural responses to stimulus j
-
@ )
stimulus i
-, 5 Dim 2
7\ ._,,\/ 3/
: "‘E'O"'
S y
Faces pearson’s r(r;,7;)
Dim 3 )
stimulus j

——cov(r;,75)

N \/vlar(fr'i) -var(r;)

Ey[rir;] — Exlri]Ex[r;] E[r?] - Exlr)’

expectations over neurons




Correlation

Making matrices like these:

trials of neuron 105

10

20

Between-trial correlations for varlevel V3

NG T Rl -

0 10 20 30 40 50 0.90
3 T = T = T a T I B .
1 [ | wl
- B oy .
O LI
: Ifa b da
|
i - :
L = LTl 1060
| . l o o
- -
4045
O
- mi
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= 2 0.30
e

o il

o

i -L:|F' u: 015
Il [ | a -
! r?g ! !ﬂll‘l.

trials of neuron 105

0.00



ADDITIONAL NOTES ON RELIABILITY

[IPYNB: Simple Reliability Analysis]



func get splithalf:



Split-Half Reliability

func get splithalf:
for various splits of trials:



Split-Half Reliability

func get splithalf:
for various splits of trials:

ml = mean of first half of trials
m2 = mean of second half of trials



Split-Half Reliability

func get splithalf:
for various splits of trials:

ml = mean of first half of trials
m2 = mean of second half of trials

c = pearson(ml, m2)



Split-Half Reliability

func get splithalf:
for various splits of trials:

ml = mean of first half of trials
m2 = mean of second half of trials

c = pearson(ml, m2)

return average of c¢’'s



[IPYNB:  Split-Half Reliability]



Reliability

num_splits ~ 10 * num_trials i1s good enough to get
reasonable estimate for reliability:

Neuron 10 varlevel V6 reliability Neuron 10 varlevel V6 reliability
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error bars = SEM of reliability estimate



The Prophecy Formula

for normally distributed independent measure, correlation
between averages of two length-k samples s:

2
O

0% 4+ a?/k

P =

oT = true variability of data

a = error std for | sample

pr = corr(Xyg /k, X, /k)



The Prophecy Formula

2

Pk = T
07+ a?/k




The Prophecy Formula

_ kep
14+ (k—1)p

spearman-brown(p, k)

P = correlation for some number of trials

k = multiple of original number of trials for which you
want to estimate correlation



[IPYNB: Spearman-Brown]



Reliabilrty

Mean correlation
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Reliabilrty

Mean correlation

Spearman-brown estimates are pretty good ...

Reliability curve for neuron 105 Reliability curves for neuron 10 Reliability curves for neuron 60
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... 50 neural noise (In these whitened signals) must be pretty gaussian



Bootstrapping

The split-half reliability calculation relies on sampling without
replacement

func get splithalf:

for various splits of trials: .
non-overlapping

trials

ml = mean of first half of trials*:7
m2 = mean of second half of trials

Cc = pearson(ml, m2)
return average of c¢’s
In theory, this could be a problem, especially for small sample-sized

datasets — hard to get a good estimate of what larger sample might be
like.



Bootstrapping

Alternative: "boostrapping’ — create synthetic trials by resampling with
replacement

func get bootstrap sample (data by trial):
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replacement

func get bootstrap sample (data by trial):
do num trials times:



Bootstrapping

Alternative: "boostrapping’ — create synthetic trials by resampling with
replacement

func get bootstrap sample (data by trial):
do num trials times:
for each stimulus:
randomly select trial to pick value from

average over these “internal samples”



Bootstrapping

Alternative: "boostrapping’ — create synthetic trials by resampling with
replacement

func get bootstrap sample (data by trial):
do num trials times:
for each stimulus:
randomly select trial to pick value from

average over these “internal samples”

do num iter times:
call get bootstrap sample



Bootstrapping

Alternative: "boostrapping’ — create synthetic trials by resampling with
replacement

func get bootstrap sample (data by trial):
do num trials times:
for each stimulus:
randomly select trial to pick value from

average over these “internal samples”

do num iter times:
call get bootstrap sample

compute mean over correlations between
bootstrap samples



Bootstrapping

Alternative: ‘boos A G s

http://statweb.stanford.edu/~ckirby/brad/

e ampling with

replacement |

func get_ H
do num A
for e
Lanc ~ More images
average Bradley Efron < 3"

American statistician

dO num_l't Bradley Efron is an American statistician. Efron has been president of the
American Statistical Association and of the Institute of Mathematical

call g€ statistics. Wikipedia

Born: May 24, 1938 (age 79), Saint Paul, MN

Field: Statistics
compute n N

Awards: National Medal of Science for Mathematics and Computer

bOOtStraE Science, MORE
Education: Stanford University (1964), Stanford University (1962),
California Institute of Technology (1960)

Academic advisor: Herbert Solomon



Bootstrapping

Alternative: "boostrapping’ — create synthetic trials by resampling with
replacement

func get bootstrap sample (data by trial):
do num trials times:
for each stimulus:
randomly select trial to pick value from

average over these “internal samples”

do num iter times:
call get bootstrap sample

compute mean over correlations between
bootstrap samples

Actually, debatable whether better est. of true reliability at given (large)
number of trials than split-half + Spearman-Brown . ..



[IPYNB: Bootstrapping]|



