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4% > What is “data science”?
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> Applied statistics and applied machine
learning, mostly in business

How STS can Improve Data Science 4 of 47 https://MominMalik.com/tufts2020.pdf



» (What is machine learning?)

> An instrumental use
g mmme | of correlations to
mimic the output of
a target process,
rather than

<+ k «———
] e L understand the
k‘ - J relationship between
decision trees .
neural nets inputs and outputs

Breiman, 2001. See also Jones, 2018.
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» My background
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- /OF SCIENCE

MARVARD UNIVERSITY

8 o Ber kman

The Berkman Center for Internet & Society
at Harvard University

> Carnegie Mellon University
School of Computer Science

> Data Science For Social Good

Summer Fellowship

> ) | > | BERKMAN KLEIN CENTER

FOR INTERNET & SOCIETY AT HARVARD UNIVERSITY
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“We check our e-mails
regularly, make mobile
phone calls... \We may
post blog entries
accessible to anyone, or
maintain friendships
through online social
networks. Each of these
transactions leaves
digital traces that can
be compiled into
comprehensive pictures
of both individual and
group behavior, with the
potential to transform
‘our understanding of
our lives, organizations,
and societies.”

- . » " 2 David L% et al. (2009). Computatlonalsomalscﬁ
B s Enc Flsher (Z0M). European detail map of ickr%er ocaﬂons https: mr/p/ajmélw



YOU KEEP ON USING THESE DATA

g ¢

| no! NOT THINK THEY MEAN WHAT YOU THINKTHEY MEAN
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> STS theme: Imagination

> Imagination “operates at an
intersubjective level, uniting
members of a social
community in shared
perceptions of futures that
should or should not be
realized.”

STS themes
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4l > STS theme: Instruments

“The incongruity of [the natural
object a specimen was
supposed to represent, and the
specimen] generated... a
peculiar need to perpetually
bring the object back to an initial
stage of examination, whereby
the experiment was constantly
stating its own discursive
authority in an attempt to do
away with the shortcomings of
a yet-imperfect

instrument.” (Szekely, 2011)

¥ Overarching
STS themes

Robert Hooke (1665). Micrographia: or some phyliological defcriptions of minute bodies made
by magnifying glasses. With observations and inquiries thereupon.
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“the performativity thesis is that
economics produces a body of
formal models and transportable
techniques that, when carried
out into the world by its
professionals and popularizers,
reformats and reorganizes the
phenomena the models purport
to describe...” (Healy, 2015)
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e > STS themes: Power, Co-construction
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¥ Biasin

geotagged
tweets

> Instruments, power

Hurricane Sandy, tweets vs. damage/deaths

/

Hoboken (fload, Rlger) ‘. ~Long Island City (flood)

fast Side (flood, power)

. /— JFK (delays)

Red Hook (flood)

Coney Island (flood, storm)

Long Beach (flood, storm)/

Shelton et al., 2014.
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Bay Park (sewage plant spill) j

/—Staten Island (50% of all Sandy-related deaths)

/——New Dorp/Oakwood (flood, storm)¥ Rockaway (flood, storm)

Breezy Point (fire, flood)
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¥ Biasin

geotagged
tweets

> What do instruments capture?

Geotagged tweets Population

Population density in 2010 US Census. Adapted from ‘Nighttime Population Distribution
Adapted from Eric Fischer (2009), Contiguous United States geotag map, https://flic.kr/p/ Wall Map' by Geography Division, U.S. Department of Commerce / Economics and
a7WMWS.

Statistics Administration / U.S. Census Bureau. Each square represents 1,000 people.
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> What do instruments capture?
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» Modeling population vs. users

> Users, and noise proportional to population:
Ui = aPi+¢€iP;
> Take a log transformation:
log U; = log o + log P; + €'
> Compare to a linear model:

log U; = Bo + P1log P; + €]
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e > Result: Not proportional

FOR INTERNET & SOCIETY

AT HARVARD UNIVERSITY

(Each dot is a Census block group)

Relationship between male population and total population Relationship between population and geotag users

(null case)
o _| .
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Ay @ —| | = = Lowesssmoother
. :
? Biasin . = © -
geotagged 8 © +
tweets © g
£ 3
8 ~ i ]
o
[ N
O — ’A’. - o ]
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0 2 4 6 8 10
log <population> log (population + 1)
This shows the model is good for capturing things Geotagged tweet users are clearly not proportional
that are proportional to population. to population.
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¥ Identifying other differences

> Spatial multivariate modeling of biases
Geotagged tweet users associated with:
- & Rural, poor, elderly, non-coastal
- 4 Asian, Hispanic, black

> ...but these are only the demographics we

can access. E.g., harassment of women on
Twitter likely discourages geotag use
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> Effects of this research?

> Almost 100 citations in 4 years, all being
used to say, “hey, we can't just use tweets to
study population”

> Exactly my goal!

> Many problems with the model, but
specifics don't matter as much, and basic
point will be robust
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» Power, co-construction

FACEBOOK (FB):: e Platforms: not
met . neutral utilities or
I wm s gE s

- environments

> Platform engineers
try to shape user

I—— behavior towards

desirable ends

Markets Insider, Business Insider (2018)
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el > “People you may know”

Q 1

Facebook uses its data on
the structure of social
relations to routinely

- suggest lists of ‘people

you may know' to users,

with the goal of

o - @Ncouraging users to add

e those people to their

" network...” (Healy, 2015)

ELZ -

Dann Abright, makeuseof.com
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e > DS research: Platform effects

> When we measure
behavior, what are we
really measuring? Social

Rating by date

structure/behavior, or D .M
the effects of platform | _ o
— design and governance? | Lia u&gﬁ -
& W 5 Usediscontinuities from =+~ # n
data artifacts to make
causal estimates Average Netflix movie ratings over time. Each point

averages 100,000 rating instances.
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el > Data artifacts and causal inference

> Regression Discontinuity (RD) Design or Interrupted
Time Series (ITS) estimate causality

o =~ N W ~ O
T T T

Fig. 2 from Imbens and Lemieux (2008): Potential and observed outcome regression functions.

> The difference between "before” and “after”
estimates the local average treatment effect
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e > Facebook’s “People you may know"”
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4l » Model the effects of PYMK

> Facebook links: +300 new > Triangles: +3.8 triangles
edges per day (~200%) per edge (~64%)

1,500

1,000
1

¥ Platform
effects on
Facebook

Daily added edges
Daily added edges
8
!

500
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> Effects of this research?

> My goal was to demonstrate social
construction in modeling terms

> Not sure if that was successful...

> Inspired (at least) two independent
quantitative research projects, following up
with the idea of platform effects
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in machine

learning
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~m > Imagination

FOR INTERNET & SOCIETY
AT HARVARD UNIVERSITY

Ebe New HJork Times Magazine

=

¥ "Prediction”
in machine
learning

WHAT WILL BECOME OF US

« HON T
CHANGING WHAT
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e > Prediction seems scary powerful

MIT
Technology

ReVIew Topics+ The Download Magazine Events

Intelligent Machines

Software Predicts Tomorrow’s
News by Analyzing Today’s and
Yesterday’s

Prototype software can give early warnings of disease or
violence outbreaks by spotting clues in news reports.

> “Prediction” by Tom Simonite  February 1,2013

in machine
learning

A method of using online information to

accurately predict the futurefeould transform

many industries.
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¥ "Prediction”
in machine
learning

¥ Predict... the future?

Mar 2010

Predicting the Future With Social Media

Sitaram Asur
Social Computing Lab
HP Labs
Palo Alto, California
Email: sitaram.asur@hp.com

Abstract—In recent years, social media has become ubiquitous
and important for social networking and content sharing. And
yet, the content that is generated from these websites remains
largely untapped. In this paper, we demonstrate how social media
content can be used to predict real-world outcomes. In particular,
we use the chatter from Twitter.com to forecast box-office
revenues for movies. We show that a simple model built from

Bernardo A. Huberman
Social Computing Lab
HP Labs
Palo Alto, California
Email: bernardo.huberman@hp.com

This paper reports on such a study. Specifically we consider
the task of predicting box-office revenues for movies using
the chatter from Twitter, one of the fastest growing social
networks in the Internet. Twitter !, a micro-blogging network,
has experienced a burst of popularity in recent months leading
to a huge user-base, consisting of several tens of millions of

Predicting the Future — Big Data, Machine Learning,

and Clinical Medicine
Ziad Obermeyer, M.D., and Ezekiel J. Emanuel, M.D., Ph.D.

1216

y now, it’s almost old news:

big data will transform med-
icine. It’s essential to remember,
however, that data by themselves
are useless. To be useful, data
must be analyzed, interpreted, and
acted on. Thus, it is algorithms —

not data sets — that will prove
transformative. We believe, there-
fore, that attention has to shift to
new statistical tools from the
field of machine learning that
will be critical for anyone practic-
ing medicine in the 21st century.

First, it's important to under-
stand what machine learning is
not. Most computer-based algo-
rithms in medicine are “expert
systems” — rule sets encoding
knowledge on a given topic, which
are applied to draw conclusions

N ENGL) MED 375;13 NEJM.ORG SEPTEMBER 29, 2016

The New England Journal of Medicine

Downloaded from nejm.org at Harvard Library on November 8, 2018. For personal use only. No other uses without permission.

SINCE 1828

L]
predict vern
pre-dict | \pri-dikt @\
predicted; predicting; predicts
Definition of predict

transitive verb

: to declare or indicatelin advancel

especially 'foretellbn the basis of observation, experience, or scientific reason

intransitive verb

: to make a prediction

Other Words from predict
Synonyms

Choose the Right Synonym

Copyright © 2016 Massachusetts Medical Society. Al rights reserved.
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> “Prediction” is not prediction!

> “It's not prediction at all! | have not found a
single paper predicting a future result. All of
them claim that a prediction could have
been made; i.e. they are post-hoc analysis
and, needless to say, negative results are
rare to find." -Gayo-Avello, "l Wanted to
Predict Elections with Twitter and all | got
was this Lousy Paper”, 2012
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el > “Prediction” is correlation
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4%l > Correlation is not causation

A "causal graphical model”:

Nobel
prizes

Science
funding

Do past patterns continue?
E.g., small European
countries?

(Missing from here:)

* (Nobel prizes supposedly
awarded on “merit,” does
that fit in? Where/How?)

* (What about prejudice?)
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> Non-causal
correlations can fit
the data really well!

> Google Flu Trends:
half flu detector, half
winter detector
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¥ Introduction

“Prediction”
in machine
learning

Conclusion

References

> Not obvious usage of “predict”

PREDICTING
THE
FUTURE

\n Introduction Lo the Theory of forecasting

Nicholas Rescher

How STS can Improve Data Science

88 m PREDICTING THE FUTURE

TABLE 6.1: A SURVEY OF PREDICTIVE APPROACHES

Predictive Linking Methodology
Approaches Mechanism Of Linkage
UNFORMALIZED/JUDGMENTAL
judgmental estimation expert informants informed judgment
FORMALIZED/INFERENTIAL
RUDIMENTARY (ELEMENTARY)
trend projection prevailing trends  projection of prevailing
trends
Ccurve fitting > geometric patterns  subsumption under an
established pattern
circumstantial comparability assimilation to an ana-
analogy groupings logous situation
SCIENTIFIC (SOPHISTICATEDY
indicator coordination causal correlations  statistical subsumption
into a correlation
law derivation accepted laws inference from accepted
(nomic) (deterministic laws
or statistical)
phenomenological formal models analogizing of actual
modeling (physical or (“real-world”™) pro-
(analogical) mathematical) cesses with presumably
isomorphic model
process
38 of 47 https://MominMalik.com/tufts2020.pdf
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» But has rhetorical power

PREDICTING
THE
FUTURE

\n Introduction Lo the Theory of forecasting

Nicholas Rescher

How STS can Improve Data Science

“In all times and places, decision
makers have looked to predictive
counselors of some sort—
putative experts, be they
religious or secular, to guide
them regarding the auguries of
the gods, the stars, or the
inexorable decrees of fate or of

nature.”
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¥ Leveraging inconsistencies

> The expectation of Mean Squared Error (MSE) can be
decomposed into three terms: the irreducible error, the
square of the amount by which a model misses the
“truth”, and the noisiness of the model

> Decreasing the noisiness of the model, if greater than the

amount by which it departs from the “truth”, can improve
prediction

> We can simulate a “toy” example of this

- The "truth” is a model we use to generate data. But when
making predictions, leaving out noisy causal inputs (“false”
models) can make better predictions than does using the “true”
model! (Shmueli, 2010)
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£4M > A ‘true’ model predicting worse

Error, over

Mean Squared (test) Error over 1,000 runs
thousands of\ ‘
simulations, of §- %

/3
a7

— True
— — Underspecified
<+ All-subset
- — - Stepwise

correlation- i

optimizing models ~ Error. over

h n 3 ,

that end up thousands of

leaving out noisy
(but still causal)
variables

simulations, of the
model that
generated the data,
fit back to the data

Density
0.010

0.005

¥ "Prediction”
in machine
learning

0.000

100 150 200

MSE
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» Dependencies also matter

> Machine learning uses cross-validation (splitting data, fitting a
model on the “training” set and reporting performance on
recovering the signal in held-out “test” set) to judge performance

> |f data points are not independent (e.g., in a time series,
observations will not depart too far from previous values; or in a
social network, people's outcomes are related to that of their

network neighbors), then splitting data into training and test may
not work

> Test error will be a better reflection of general performance than
training error, but can still vastly underestimate generalizability

> | demonstrate over 10,000 simulations from a multivariate
normal distribution, where dimensions have a correlation of 0.5
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«=#™ > Dependencies also matter

Distribution of error across simulations

o - Training error
Error rate in held- | —— Test set error
T / out data (what —— Out—of—sample (true) error
¥ machine learning
> i
2 i papers report)
wn 3 .
S« - Error rate in new data
A H (what happens when
o 0 models are deployed):
1 much worse!
¥ "Prediction” ' =|
in machine \\
learning o — A
| | | |
0 5 10 15
Mean Squared Error
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» Data science is powerful

> ...and currently wielded by existing structures
of power.

> Power comes not from correspondence to

“reality” or “truth,” but from a complex web of
interrelationships

> Find out what those relationships are, find
inconsistencies, articulate those consistencies
In quantitative ways
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