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interregional phase difference across trials event-related phase encoding
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THE SCIENCE OF
SURVIVINGTHEZOMBIEAPOCALYPSE

THE ZOMBIEDISORDER

CONSCIOUSNESS DEFICIT HYPOACTIVITY DISORDER

Conscousness Deficit Hypoactivity Disorder (CODHD): The loss of rational,
voluntary and conscious behavior replaced by delusionalimpulsive
aggression stimulus-driven attention, the inability 1o coordinate motor
knguistic behaviors and an insatiable appetite for human flesh.

SCANSOF THE ZOMBIEBRAIN

& ZOMBIE B HUMAN
The scans show significant brain tissue
Through detailed scans, the exact loss in the zombie. The gray area shows

brain areas that have been destroyed what & human brain would look like.

in the zombie can be reconstructed.  'he prolile of damage corroborates
the behavioral obsarvalions of zombies
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Rave reviews

Yryryryryr Five Stars
By rks1125 on February 6, 2015

Format: Hardcover Verified Purchase

As described
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SCIENTIFIC

AMERICAN. SUBSCRIBE

g Observations

Scientists: Advertise Your Failures!

They’re a part of every career, and being upfront about them can help put things in
perspective

By Elizabeth Landau on September 25, 2017

Most academics are not so vocal about the setbacks they’ve faced, but
Voytek’s story has gained traction. Online discussion boards about
graduate admissions have invoked Voytek’s name to show that it’s
possible to enter a Ph.D. program—he went to the University of
California, Berkeley—with a subpar transcript. One even asks: “Is the

neuroscientist Bradley Voytek a real or fictional person?”



Data Science!
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Why Data Science?



Harvard

Business
Review

Data Scientist: The Sexiest
Job of the 21st Century

by Thomas H. Davenport and D.J. Patil

OOOOOOOOOOOOOOOOOOOOO
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Ptolemalc modagel

Ordering: Moon, Mercury,Venus, Sun, Mars, Jupiter;
Saturn, Fixed Stars

UC San Diego

Source:Wikipedia



Ptolemalc modagel

Ordering: Moon, Mercury,Venus, Sun, Mars, Jupiter;
Saturn, Fixed Stars

Ptolemy did not invent or work out this order.

UC San Diego

Source:Wikipedia



Ptolemalc modagel

»  Ordering: Moon, Mercury,Venus, sun, Mars, Juprter,
Saturn, Fixed Stars

*  Ptolemy did not invent or work out this order.
» |t comes from the ancient “Seven Heavens' religious

cosmology common to the major kEurasian religious
traditions.

UC San Diego

Source:Wikipedia



Ptolemalc moagel

[hat Is, Ptolemy begins with observations.
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The Scientific Methodad
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Ptolemalc moagel

« Accurate

* Predictive
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Ptolemalc moagel

He buillds a model given social and political constraints.

UC San Diego




The Scientific Methodad

social and
political
constraints?!?
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Source: Vox



S0 what Is the point of modeling!

Prediction
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Source: Box GEF JAm Stat Assoc, 1976

Moaeling

2.3 Parsimony

Since all models are wrong the scientist cannot obtain
a “‘correct’”’ one by excessive elaboration. On the contrary
following William of Occam he should seek an economical
description of natural phenomena. Just as the ability to
devise simple but evocative models is the signature of the
great scientist so overelaboration and overparameteriza-
tion 1s often the mark of mediocrity.

2.4 Worrying Selectively

Since all models are wrong the scientist must be alert to
what 1s importantly wrong. It is nappropriate to be con-
cerned about mice when there are tigers abroad.

UC San Diego




Moaeling

» All models are wrong.

UC San Diego

Source: Box GEF JAm Stat Assoc, 1976



Swimming pool drownings

140 drownings

120 drownings

100 drownings

80 drownings

1999

1999

Number of people who drowned by falling into a pool

2000

E—— 2 films
\'

2000

2001

2001

correlates with
Films Nicolas Cage appeared in

2002 2003 2004 2005 2006 2007 2008 2009
6 films

4 films
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-®- Nicholas Cage - Swimming pool drownings

tylervigen.com



Moaeling

» All models are wrong.

« Some models are useful.

UC San Diego

Source: Box GEF JAm Stat Assoc, 1976



S0 what Is the point of modeling!

Prediction
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S0 what Is the point of modeling!

Prediction

Classification
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S0 what Is the point of modeling!

Prediction
Classification

Knowledge discovery
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S0 what Is the point of modeling!

Prediction
Classification

Knowledge discovery

DOING USEFUL SHIT
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What is Data Science?




Rigor and Inturtion

In today's pattern recognition class my professor talked about PCA, eigenvectors & eigenvalues.

| got the mathematics of it. If I'm asked to find eigenvalues etc. I'll do it correctly like a machine. But
| didn't understand it. | didn't get the purpose of it. | didn't get the feel of it. | strongly believe in

you do not really understand something unless you can explain it to your grandmother -- Albert
Einstein

Well, | can't explain these concepts to a layman or grandma.

1. Why PCA, eigenvectors & eigenvalues? What was the need for these concepts?

2. How would you explain these to a layman?

UC San Diego
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Bradley Voytek, Ph.D.
voytek@uber.com

@bradleyvoytek
http://uber.com
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Parametrization?

Ihe previous plot has sparse data: just lat/long and time

UC San Diego




Parametrization?

Ihe previous plot has sparse data: just lat/long and time

-rom that you can get first-order calculated metrics
velocity, acceleration, etc.

UC San Diego




Parametrization?

Ihe previous plot has sparse data: just lat/long and time

-rom that you can get first-order calculated metrics
velocity, acceleration, etc.

But how can you turn such relatively sparse data into
actionable business decisions (KPIs)?

UC San Diego




Crty dynamics
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Spatiotemporal dynamics

0.031 m SF: Mission 0.03r m SF: Financial District
M SF: Financial District B NYC: Financial District
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Spatiotemporal dynamics

* Looking at dynamics over time allows you to correlate
neighborhoods within and between cities.

» Can identify “types” of neighborhoods: those with peak
weekend and late night demands are more “party”-like
whereas M-F peaks are more ‘“business” regions.

UC San Diego

Source:Voytek, Uber, Inc.
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The Human Side of Data Science



* Quantifying name
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Source: babynamewizard.com

Nlames over time
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Nlames over time

Baby Name > |Jessica © Both O Boys O Girls
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Nlames over time

] © Both O Boys O Girls W, 000
girls m-mmn
Current rank:

Babies named 'AIDEN' per million babies. per million births
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Name "toxicrty”

Percent of babies named Adolf, Adolph, Hilary or Hillary over time
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Source: https://www.thecut.com/201 3/0 | /hillary-most-poisoned-baby-name-in-us-history.htmi



Source: McWhorter |, TED-Ed 2013
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Verp regularization

Table 1| The 177 irregular verbs studied

Frequency

Verbs

Regularization (%)

Half-life (yr)

10-1-1
10-2-10-"1
10-3-10-2

10-4-10-3

10-5-10-4

10-6-10-5

be, have
come, do, find, get, give, go, know, say, see, take, think
begin, break, bring, buy, choose, draw, drink, drive, eat, fall,
fight, forget, grow, hang, help, hold, leave, let, lie, lose,
reach, rise, run, seek, set, shake, sit, sleep, speak, stand,
teach, throw, understand, walk, win, work, write
arise, bake, bear, beat, bind, bite, blow, bow, burn, burst,
carve, chew, climb, cling, creep, dare, dig, drag, flee, float,
flow, fly, fold, freeze, grind, leap, lend, lock, melt, reckon,
ride, rush, shape, shine, shoot, shrink, sigh, sing, sink, slide,
slip, smoke, spin, spring, starve, steal, step, stretch, strike,
stroke, suck, swallow, swear, sweep, swim, swing, tear,
wake, wash, weave, weep, weigh, wind, yell, yield
bark, bellow, bid, blend, braid, brew, cleave, cringe, crow,
dive, drip, fare, fret, glide, gnaw, grip, heave, knead, low,
milk, mourn, mow, prescribe, redden, reek, row, scrape,
seethe, shear, shed, shove, slay, slit, smite, sow, span,
spurn, sting, stink, strew, stride, swell, tread, uproot, wade,
warp, wax, wield, wring, writhe
bide, chide, delve, flay, hew, rue, shrive, slink, snip, spew,
sup, wreak

0
0
10

43

72

o1

38,800
14,400
5,400

2,000

700

300

177 Old English irregular verbs were compiled for this study. These are arranged according to frequency bin, and in alphabetical order within each bin. Also shown is the percentage of verbs in each
bin that have regularized. The half-life is shown in years. Verbs that have regularized are indicated in red. As we move down the list, an increasingly large fraction of the verbs are red; the frequency-
dependent regularization of irregular verbs becomes immediately apparent.

Source: Lieberman et al., Nature 2007/

UC San Diego




Culturomics

Fig. 1. Culturomicanaly- A
ses study millions of books
at once. (A) Top row: Au-
thors have been writing
for millennia; ~129 mil-
lion book editions have

mf:fbgihﬁnﬁgzg 129 million books .~ M
(upper left). Second row: published

Libraries and publishing — — 0.0 : ' :
¥ & 1800 1850 1900 1950 2000
Year

@
-

le=4
0

- slavery

) 3

B
Frequency
o

O

- the Great War
- World Warl
2 b — World War ll

Frequency

houses provide books to

Google for scanning (mid-

dle left). Over 15 million 15 milion books [ —

books have been dingEd. scanned {7;3

Third row: Each book is

associated with metadata. ‘

Five million books are cho- o’

sen for computational anal- $

ysis (bottom left). Bottom 5 million books

row: A culturomic time line analyzed ER—— \/\’

shows the frequency of ?Nord %pple.

“apple” in English books 0 '

over time (1800-2000). = 1800 1850 ; 1<_r;14 1939 2000
(B) Usage frequency of e

“slavery”. The Civil War (1861—1865) and the civil rights movement (1955—1968) are highlighted in red. The number in the upper left (1e-4 = 107*) is the unit
of frequency. (€) Usage frequency over time for “the Great War” (blue), “World War |” (green), and “World War I1” (red).

UC San Diego

Source: Michel et al., Science 201 |



Culturomics

A le=7 B 1e-5
2.5 I T T T 2.5 r T L]
- Marc Chagall (English) = Tpouxui (Trotsky)
- Marc Chagall (German) - 3uHosses (Zinoviev)
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>
215 -
)
=
05 | ¥
i 0.0 = m
1900 1933 1945 1975 2000 1900 1985 2000

UC San Diego

Source: Michel et al., Science 201 |



Cognitive Data Science!



So what is Cognitive Science?



What i1s Cognitive Science!

[ he study of intelligences.
Natural and artificial.

UC San Diego




What Is “cognition™

Communication +
Computation +
Reasoning/inference +
Memory +
Planning/decision making +

UC San Diego




What has cognition?



—Humans?
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Babies!
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VWhat about non-human primates!

g &\ R
SENORGEEAOM -:»A‘&a. I.:"
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Other mammals?
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Octopuses!!?

Life Story - Life Story

8[8[C! One\ . - : v ' sl8[C One

UC San Diego

Source: Finn et al., Curr Biol 2009



Slime molds!?
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Slime molds!?

B fc Mould
:| network
!
. Actual
D Tokyo
network
g NLould grown on
light “terrain” |

UC San Diego

Source: Tero et al., Science 2010



Linking Cognitive Science,
Neuroscience, and Data Science



Oscillations!



Oscillations!

Brainwaves!



Oscillations!
Brainwaves!

Rhythms of the Brain!



Circadian rhythms

Waking activity
SCN firing

pr—
pra—

Younger adults

-

Temperature
(D’
Cortisol
<£’

-
-

Melatonin
Plasma glucose

-

Older adults

ey
Py

UC San Diego

Source: Hood & Amir, | Clin Invest 2017



A B

interregional phase difference across trials event-related phase encoding

At = tencoding onset = Istimulus onset

R1 R2 D1 D2 9

) timepoint-by-timepoint §

oo (D)D)=
5 stlm‘ulus

@ A << events

PFC theta phase

o S cB (@) O | T O - At shifted events
At shift C D
phase/amplitude coupling interregional encoding-triggered
phase/amplitude coupling
g .
.?;1
N c o |
COh o P ]\’_1 E el(¢gi[n]—¢9j[n]) E timepoint-by-timepoint = _
l,] gl )
n=l - 0 n
theta phase -250 ms encodlr:g onset 250 ms

Source: Voytek et al., Nature Neurosci 2015



WARNING!
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clectrocorticograpny
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Oscillations In Parkinson’s disease

DBS ON
4 Lr—,——] 4 b
30s 17 min 30s 4 min 30s Peak # 1 2 3 4 5 6

\0 L J Sharpness 29 198 194 267 110 253 uV
Pre DBS Post
stimulation Stimulation stimulation 200
400- 50 g
N ™ g
N
= - L
> - E
O
o 2 S £ 100 2
S =200 ) = 3
o 2 — e =
i E = 9 50 <L
L
G ™ >
o 5
- 0
10- 0 000 005 010 015 020 025 030 035 0.40
Time (s)
Frequency
for phase(Hz)
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Source: Cole et dl,, | Neurosci 2017



