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Quantitative analysis of culture using millions of digitized books
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Abstract

We constructed a corpus of digitized texts containing about 4% of all books ever printed. Analysis
of this corpus enables us to investigate cultural trends quantitatively. We survey the vast terrain of’
*culturomics’, focusing on linguistic and cultural phenomena that were reflected in the English

language between 1800 and 2000, We show how this approach can provide insights about fields as
diverse as lexicography, the evolution of grammar, collective memory, the adoption of technology,
the pursuit of fame, censorship, and historical epidemiology. *Culturomics® extends the boundaries
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Data and Methods
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Selected Findings
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Selected Findings
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Try It Yourself at https://books.google.com/ngrams

Google Books Ngram Viewer

Graph these comma-separated phrases: [ accounting,bookkeeping l case-insensitive

between 1800 and 2000 from the corpus English B with smoothingof 3 [, LA
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(click on lineflabel for focus)
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Google Search Terms

Google

grippel

grippeimpfung 2018 nebenwirkungen
grippe

grippeimpfung

grippeschutzimpfung

grippewelle 2018 aktuell

grippewelle

grippe 2018

grippeimpfung 2018/19
grippeimpfung 2018

grippeimpfung schwangerschaft

Google-Suche Auf gut Gliick!

Weitere Informationen

Unangemessene Vervollstandigungen melden
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Original Paper
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LETTERS

Vol 457[19 February 2009|doi:10.1038 /nature 07634

Detecting influenza epidemics using search engine

query data

Jeremy Ginsberg', Matthew H. Mohebbi’, Rajan S. Patel’, Lynnette Brammer?, Mark S. Smolinski' & Larry Brilliant'

Seasonal influenza epidemics are a major public health concern,
causing tens of millions of respintwy illnesses and 250,000 to
500,000 deaths warldwide each year'. In additi l influ-
mlmmofmﬂnemvmntpmﬁwmd:mpmm
immunity exists and that d to-h trans-
mission could result in a pandemic with millions of fatalities®.
Early detection of disease activity, when followed by a rapid
mm.m“cemhmdmmwpﬂemk

il ’4. One way to imp early d ion is to monitor
buhh-oeehng behaviour in the form of queries to online search
engines, which are submitted by millions of users around the
world each day. Here we present a method of analysing large
nnnbendGoogkmn:h@erieshMmﬂmlihlllm
mapopuhum. Because the relative ﬁeqnmcydcemm queriesis
highly d with the p age of pk visits in whicha
patient p with influg like symp we can accurately
estimate the current level of weekly influenza activity in each
region of the United States, with a reporting lag of about one
day. This approach may make it possible to use search queries to
detect influenza epidemics in areas with a large population of web
search users.

Traditional surveillance systems, induding thase used by the US
Centers for Disease Controland Prevention (CDC) and the European
Influenza Surveillance Scheme (EISS), rely on both virological and
dlinical data, induding influenza-like illness (ILI) physican visits.
The CDCpublishes national and regional data from these surveillance
systems on a weekly basis, typically with a 1-2-week reporting lag.

In an attempt to provide faster detection, innovative surweillance
systems have been created to monitor indirect signaks of influenza
activity, such as call volume to telephone triage advice lines® and
over-the-counter drug sales®. About 90 million American adults are
believed to search online for information about specific diseases or
medical problems each year’, making web search queries a uniquely
valuable source of information about health trends. Previous
attempts at using online activity for influenza surveillince have
counted search queries submitted to a Swedish medical website (A.
Hulth, G. Rydevik and A. Linde, manuscript in preparation), visitors
to certain pages on a US health website”, and user clicks on a search
keyword advertisement in Canada®. A set of Yahoo search queries
containing the words flu’ or ‘influenza’ were found to correlate with
virological and montality surveillance data over multiple years™.

Our proposed system builds on this earlier work by using an auto-
mated method of discovering influenza-related search queries. By
processing hundreds of billions of individual searches from 5 years
of Google web search logs, oursystem generatesmore comprehensive
models for use in influenza surveillance, with regional and state-level
estimates of ILI activity inthe United States. Widespread global usage
of online search engines may eventually enable modek to be
developed in international settings.

Byaggregating historical logs of online web search queries submitted
between 2003 and 2008, we computed a time seriesofweekly counts for
50 million of the most common search queries in the United States.
Separate aggregate weekly counts were kept for every query in each
state. No information about the identity of any user wasretained. Each
time series was normalzed by dividing the count for each query ina
particular week by the total number of online search queries submitted
in that location during the week, resulting in a query fraction
(Supplementary Fig, 1).

We sought to develop a simple model that estimates the probabil-
itythat arandom physician visit in a particular region is related to an
ILL thisis equivalent tothe p ge of [LI-related physician visits.
A single explanatory variable wasused: the probability thata random
search query submitted from the same region is ILI-related, as deter-
mined by an automated method described below. We fit a linear
model using the log-odds ofan ILI physician visit and the log-odds
of an ILI-related search query: bogit(I(#)) = alogit(Q(#)) + & where
I(1) is the percentage of ILI physician visits, Q(#) is the ILI-related
query fractionat time ¢, ais the multiplicative coefficient, and £is the
error term. logit(p) is simply In(p/(1 — p)).

Publicly awailable historical data from the CDC's US Influenza
Sentinel Provider Surveillance Network (httpy/www.cdcgov/lw/
weekly) was used to help build our models For each of the nine
surveillance regions of the United States, the CDC reported the aver-
age percentage of all outpatient visits to sentinel providers that were
ILI-related on a weekly basis. No data were provided for weeks out-
side of the annual influenzaseason, and we excluded such dates from
model fitting, although our model was used to generate unvalidated
ILI estimates for these weeks.

We dslgncd an automaud mcdnd ofsdo:nng ILI-related search
queries, req ki ge about infly We mea-
sured how dﬁamly our model would fit the CDC ILI data in each
region if we used onlya single query as the explanatory variable, Q(1).
Each of the 50 million candidate queries in our database was sepa-
rately tested in this manner, to identify the search queries which
could most accurately model the CDC ILI visit percentage in each
region. Our approach rewarded queries that showed regional varia-
tions similar to the regional variations in CDC ILI data: the chance
that a random search query can fit the ILI percentage in all nine
regions is considerably less than the chance that a random search
query can fit a single location (Supplementary Fig. 2).

The automated query selection process produced alist of the high-
estscoring search queries, sorted by mean Z-transformed correlation
acrossthe nine regions. To decide which querieswould beindudedin
the I1LI-related query fraction, ((7), we considered different sets of n
top-scoring queries. We measured the performance of these models
based on the sumof the queries in each set, and picked n suchthatwe
obtained the best fit against out-of-sample ILI data across the nine

regions (Fig. 1).

TGoogie inc., 1600 Amoh thestm Parkway, Mauntain View, Caldorna 94043, USA_“Centers for D exse Controland Prevenion, 1600 Cliton Road, NE, Atlants, Geargia 30833, USA.

©2009 Macmilian Publishers Limitad. AH rights reserved
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Google Flu Study

Data available as of 4 February 2008

e

Data available as of 3 March 2008

ILI percentage

Week

Harnessing the collective intelligence of millions of users,
Google web search logs can provide one of the most timely,
broad-reaching influenza monitoring systems available

to d ay . Source: Ginsberg et al. (2009)
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“The final model was validated on
42 points per region of previously
untested data from 2007 to 2008,
which were excluded from all
previous steps. Estimates
generated for these 42 points
obtained a mean correlation of
0.97 (min: 0.92, max: 0.99, n: 9
regions) with the CDC-observed ILI
percentages.
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How to Forecast the Flu with Google Search Terms?

X Y

Date Location “coughing” ,soar throat® “cold” ILI
level
01.01.2019 Frankfurt 2321 3441 5513 0.020
01.01.2019 Berlin 1968 3201 4236 0.008

e 02012019 Frankfurt 2331 3446 5657 0.021

Y=1X) + &
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Response
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BIG DATA

The Parable of Google Flu:
Traps in Big Data Analysis

David Lazer,'** Ryan Kennedy,"** Gary King,* Alessandro Vespignani®**

Trends (GFT) made headlines

but not for a reason that Google
executives or the creators of the flu
tracking system would have hoped.
Nature reported that GFT was pre-
dicting more than double the pro-
portion of doctor visits for influ-
enza-like illness (ILI) than the Cen-
ters for Discase Control and Preven-
tion (CDC), which bases its esti-
mates on surveillance reports from
laboratories across the United States
(1, 2). This happened despite the fact
that GFT was built to predict CDC
reports. Given that GFT is often held
up as an exemplary usc of big data
(3, 4), what lessons can we draw
from this emror?

The problems we identify are
not limited to GFT. Research on
whether search or social media can
predict x has become common-
place (5-7) andis often put in sharp contrast
with traditional methods and hypotheses.
Although these studies have shown the
value of these data, we are far from a place
where they can supplant more traditional
methods or theories (8). We explore two
issues that contributed to GFT’s mistakes—
big data hubris and algorithm dynamics—
and offer lessons for moving forward in the
big data age.

In February 2013, Google Flu

Big Data Hubris
“Big data hubris” is the often implicit
assumption that big data arc a substitute

surement and construct validity and reli-
ability and dependencies among data (/2).
The core challenge is that most big data that
have received popular attention are not the
output of instruments designed to produce
valid and reliable data amenable for scien-
tific analysis.

The initial version of GFT was a par-
ticularly problematic marriage of big and
small data. Essentially, the methodology
was to find the best matches among 50 mil-
lion search terms to fit 1152 data points
(13). The odds of finding search terms that
match the propensity of the flubut are struc-

for, rather than a suppl t to, traditional
data collection and analysis. Elsewhere, we
have asserted that there are enormous scien-
tific possibilitics in big data (9-//). How-
ever, quantity of data does not mean that
one can ignore foundational issues of mea-

‘Lazer Labontory, Northeastern Uriversity, Boston, MA
02115, USA “Hanerd Kennedy School, Kanerd Universty,
Cambidge, MA 02138, USA. YinsSitute for Quanfittive Social
Science, Hanerd University, Cambridge, MA 02138, USA.

for the Modefing of Biological and Sod otechnical Systems,
Notheastem Univesity, Boston, MA 02115, USA. “Institue.
for SGentific Inexhange Foundation, Turin, Raly.
*Conreponding author. E-mail: d Laver e edu.

www.sciencemag.org SCIENCE VOL 343 14 MARCH 2014

turally lated, and so do not predict the
future, were quite high. GFT developers,
in fact, report weeding out scasonal search
terms lated to the flubut gly corre-
lated to the CDC data, such as those regard-
ing high school basketball (/3). This should
have been a warning that the big data were
overfitting the small number of cases—a
standard concern in data analysis. This ad
hoc method of throwing out peculiar scarch
terms failed when GFT completely missed
the nonscasonal 2009 influenza A-HIN1
pandemic (2, /4). In short, the initial ver-
sion of GFT was part flu detector, part
winter detector. GFT engineers updated

POLICYFORUM |

Large errors in flu prediction were largely
avoidable, which offers lessons for the use
of big data.

the algorithm in 2009, and this
model has run ever since, with a
few changes announced in October
2013 (10, 15).

Although not widely reported
until 2013, the new GFT has been
persistently overestimating flu
prevalence for a much longer time.
GFT also missed by a very large
margin in the 2011-2012 flu sea-
son and has missed high for 100 out
of 108 weeks starting with August
2011 (see the graph). These errors
are not randomly distributed. For
example, last week's errors predict
this week’s errors (temporal auto-
correlation), and the direction and
magnitude of error varies with the
time of year (scasonality). These
patterns mean that GFT overooks
considerable information that
could be extracted by traditional
statistical methods.

Even after GFT was updated in 2009,
the comparative value of the algorithm asa
stand-alone flu monitor is questionable. A
study in 2010 demonstrated that GFT accu-
racy was not much better than a fairly sim-
ple projection forward using already avail-
able (typically on a 2-week lag) CDC data
(4). The comparison has become even worse
since that time, with lagged models signifi-
cantly outperforming GF T (see the graph).
Even 3-week-old CDC data do a better job
of projecting current flu prevalence than
GFT [see supplementary materials (SM)].

Considering the large number of
approaches that provide inference on influ-
enza activity (/6—/9), does this mean that
the current version of GFT is not useful?
No, greater value can be obtained by com-
bining GFT with other near-real-time
health data (2, 20). For example, by com-
bining GFT and lagged CDC data, as well
as dynamically recalibrating GFT, we can
substantially improve on the performance
of GFT or the CDC alone (sce the chart).
This is no substitute for ongoing evaluati
and improvement, but, by incorporating this
information, GFT could have largely healed
itself and would have likely remained out of
the headlines.
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Traps in Big Data Analysis

Traps in Big Data Analysis

SR—

Algorithm
Dynamics

Not reliable orvalid Reliable but not valid Both reliable and valid
what helps against flu
what helps against flu
Mg what helps against stomach flu
b what helps protect the computer against power fluctuations
Google Search I'm Feeling Lucky
Learn more
Report inappropriate predictions
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TWO PARADIGMS:
STATISTICAL MODELING VS.
MACHINE LEARNING

Wirtschaftsinformatik, insb. Data Analytics | Prof. Dr. Oliver Mdiller 17



THE STATISTICAL MODELING PARADIGM 'L( PADERBORN

What is Statistics?

tion to Statistical Learning

Statistical Learning

revor Hastie and Robert Tibshirani

' l'l IS
,/ IATAATES, |
' L lll‘fffllil‘ll&‘s‘t},

‘,,llll 711 \ >
l

P o) 0:04/215 B £ Youlube ([

Source: https://lagunita.stanford.edu/courses/HumanitiesSciences/StatLearning/
Winter2016/about
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“Vast amounts of data are being generated in
many fields, and the statistician's job is to
make sense of it all: to extract important
patterns and trends, and to understand ““what
the data says™.” (Friedman et al., 2001)

‘A branch of mathematics dealing with the
collection, analysis, interpretation, and
presentation of masses of numerical
data” (Merriam-Webster)

18
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The Scientific Method: Hypothetico-deductive

Source: https://www.sciencebuddies.org
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THE STATISTICAL MODELING PARADIGM A TANCRECRS

Example: Lady Tasting Tea

Source: https://www.youtube.com/watch?v=Ilgs7d5saFFc
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THE MACHINE LEARNING PARADIGM

What is Machine Learning?

“The field of study that gives computers the
ability to learn without being explicitly
programmed.” (Samuel, 1959)

“*A computer program is said to learn from
experience E with respect to some class of
tasks T and performance measure P, if its
performance at tasks in T, as measured by P,
improves with experience E.” (Mitchell, 1997)

Wirtschaftsinformatik, insb. Data Analytics | Prof. Dr. Oliver Mdiller

Rules —»

Data —

Data —»

Answers ——»
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Classical
programming

— Answers

Machine
learning

— Rules

Source: Chollet (2018)
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The Data Science Lifecycle: Data-driven, Inductive, Iterative

Business
Understanding

Transform, Binning Feature
Temporal, Text, Image . .
Feature Selection Engmeenng

On-Premises vs Cloud
Data Source :
Database vs Files
. . Streaming vs Batch
Plpelme Low vs High Frequency
On-premises vs Cloud
=a\1dololaal=loldll Database vs Data Lake vs ..
Small vs Medium vs Big Data

Wrangling, Structured vs Unstructured
(S| IE IR Data Validation and Cleanup
Cleaning Visualization

Algorithms, Ensemble

Parameter Tuning Model Mode“ng Acquisition &

Retraining Training Understanding
Model management

Cross Validation Model
Model Reporting

Evaluation
A/B Testing ud

Deployment Customer
Acceptance

Scoring,

Performance

Intelligent
Applications monitoring, etc.

Source: https://docs.microsoft.com/en-us/azure/machine-learning/team-data-science-process/lifecycle
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Example: Supervised Machine Learning for Credit Risk Scoring

Historical Data

True

Red

accepted

True

Blue

rejected

False

Red

accepted

TAraining data have all values specified

Mining

Data mining

—

Model is deployed

New data item has class

value unknown
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¥ Newdataitem
x |y | z |dass Class: accepted,
30 |false| Red | ? Probability: 0.88

Source: Provost & Fawcett (2013)
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THE SM VS. ML WAY
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BANKRUPTCY PREDICTION

Governing Machine Learning in Governments
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BANKRUPTCY PREDICTION — THE SM WAY

Research Design

PADERBORN
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The 7umml of FINANCE

Ask a Question
1
Do Background
Research
(I)  Z=.012X; + 014X, + .033X3 + .006X, -+ .999X 5
where X; — Working capital/Total assets *
X, = Retained Earnings/Total assets
X3 = Earnings before interest and taxes/Total assets < S
X4 = Market value equity/Book value of total debt Hypothesus :
X5 = Sales/Total assets :
Z = Overall Index :
Annual : # E
Report 2013 » g
; o Experimental
' ¢
B § " Procedure Worlnng? resamch for
. ' ‘ new/future
G e
STATSTIDENDE question,
form new
hypothesis,
) exper-_nent
p(X som
log(— :/30+61X1+ -
1 —p(X) 5
- Results Align :
Results Align :
itk hesi Partially or Not atall ...
_+ +
' Communicate
Results
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BANKRUPTCY PREDICTION — THE SM WAY

Dataset: 62.000+ Annual Reports in XBRL from 2014
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BANKRUPTCY PREDICTION — THE SM WAY

Results of Logistic Regression

Dependent variable:

bankruptcy
Constant -4 .027**%* (0.036)
X1 -1.501*** (0.067)
X2 -0.00000 (0.00004)
X3 0.00001 (0.00005)
X4 -0.00000 (0.00000)
Observations 50,377
Log Likelihood -4,432.134
Akaike Inf. Crit. 8,874.268
Note: *p<0@.1; **p<0.05; ***p<0.01
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X; = Working capital/Total assets

X2 = Retained Earnings/Total assets

X3 = Earnings before interest and taxes/Total assets
X4 = Market value equity/Book value of total debt
X5 — Sales/Total assets
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Training and Test Sets

Dataset

!

Training set Test set

Source: James et al. (2013)
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Predictive Accuracy of Logistic Regression on Test Set
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BANKRUPTCY PREDICTION — THE ML WAY

Going Beyond Financial Ratios (i.e., reading 62.000 annual reports)
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The LEGO Growp — Aneusl Repert 2017

Independent Auditor’s Report

To the sharehclders of LEGO A/S

Opinion
11 our opinion, 1 Consoldated Financial Statements give 8
true and tar view of the Grours Srancial pastien at 31
December 2017 and of the results of the Grouo's cperations
nd cash flows for the fancial yoer 1 Jarusry to 3t
Decembar 2017 in accordance wih Intermatonal Fnancial
Reperting Standards 48 a00pted by e U and further
roauiremants in the Darveh Financial Statements Act

Mereover, i sur epinian, the Parert Conpany Financial
Statements gve a true and fak view of the Parent
Company's fisancial pastion st 31 December 2017 and of
the resuls of the Parent Company's cperations for the
frurcial year | Javwary 10 31 December 2017 I accordarce
with tha Danish Fnancial Statemants Act

We Pave aucted the Consalidsted Finacia Strements and
the Parent Company Financial Statements of LEGO A/S for
the fnancisl yoar | January - 35 December 2017, which
comprise Income Statement. Balance Sheet, Statement of
Changes in Equty and Notes 15 the fnancisl statements.
including summary of SInhieant accounting poscas, for
both the Group and the Parent Company, o8 wel a5
Statement of COMOAPEnSHE INCOMe And Cash fow
statement for the Group (“inancil statements”)

Basis o Opitien

We conducted our sudit in accordsnce with Intermational
Standards on AGUng (5543) ancC the ASATINAI require-
ments applcable in Dermark. Our responsiniities usder
hose SLINCAnS ANd FGUFOMAES are JUIther GHSCcrbed In
the Auditor's Responeibiitios for the Audit of the Financial
Statements section of our repaet. We are ndependent of
the Greup in accerdance with the intsrnascnal Ethics
Standards Bosed for Accosrtanty’ Code of Ethics for
Prefessional Accoustents IESSA Code) nd the addtienal
moquiremants appicable in Denmark, asd we have fulfiled
Out Gther ethcl responsitiliies in accordance with these
requiremants. Wo balieve that the audit evidonce we have
obtaned is suffciert and appropriate to provide a bass for
our epinion

Indapandent Astitar's Rapert

Slatermest or Mansgerment's Reviem
Managament is responsiie 10r Mansgement's Review.

Our apinion on the Snancial
Managaments Review, snd
of assurance conclusion theseon

erments does N0t cover
e 3 not expreas any form

In consection with cur audit of the finarcal statements, our
responsBiity 18 10 read Manageevents Aeview and, in doing o e
50 consider whather Mansgenents Roview i matorially 2
IncosSStart Wi the francial Statements of cur knowedge
obsaned during the asdt, o ctharwive appesrs o be
materially misstated.

Moreoves, 1t is cur responsibility 1o consicer whether
Management's Review provides the information required
under the Danish Financials Statements Act pSe——

Based O the work we have peefermed. in cur view, Man
agements Review is in accondance with the Consslidated

Firancal :aterents and the Pacert Company Finarcial

Statemects and has been prepared i accardance wath the
recuiremarts of the Darish Finascial Staterent Act Wo did
not identty any mataral misstitement n ManagemenTs
Fevivm

Menagements Responeibslity for te Frarcial Statements
Managsmant i responsibie 1or the preparation of Contol
dated Firancal Statements that give a true and far view in
sccerdarce wits nasnationsl Firancal Reportieg Stand:
1C3 85 a30p0d by the EU and Turher requirements in the
Danish Fnancial Statements Act and for the preparation of
Paent Compary Firancal Statements that ghve & rue and
falr viow in accardance wih the Danith Fnncisl State.
ments Act, and for such intenal control s Management
deter s is racessary 1o ensbie the prepasston of
finarcial statements that are free from material misstate-
ment, whether dus 0 fraud ee eror

1

11 propanng the fnancisl statements, Manageme
respansible for atcessing the Group's and the Parert
Company's abilty to continue 83 8 going concem, dsdcs-
ing. 48 appicable. matters related 10 geing concern and
uBNg Me going concern basis of SCOUNTING N Dreparng
the nancial statemaets unless Management either ntards
0 liquidate the Grosp or the Parent Company or 10 caase
oparatons, o has o realistic swmative but 10 do 50
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The Bag-Of-Words (BOW) Model

Lovem

BANKRUPTCY PREDICTION — THE ML WAY

Ipsum

"Neque porro quisquam est qui dolorem ipsum quia dolor sit amet, consectetur, adipisci velit
There is no one who loves pain itself, who seeks after it and wants to have it, simply because it is pain...

What is Lovem Ipsum)

Lorem Ipsum is simply dummy teéxt of the printing and typeseéeting
industry. Lorem Ipsum has been the industry's standard dummy text
ever since the 1500s, when an unknown printer took a galley of type
and scrambled it to make a type specimen book. It has survived not
only five centuries, but also the leap into electronic typesetting,
remaining essentialy unchanged. It was populariséd in the 19605 with
the release of Letraset sheets containing Lorem Ipsum passages, and
more recently with desktop publishing software ke Aldus PageMaker
including versions of Lorem Ipsum

variables
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W/)y do we use it}

s a long estabished fact that a reader will be distracted by the
readabie content of a page when looking at #s layout. The point of using
Lorem Ipsum is that t has a more.or-less normal distribution of letters
as opposed to using ‘Content here, content here’. making it look kke
readable Engish. Many desktop pubishing packages and web page
editors now use Lorem Ipsum 3s ther defaul model text, and a search
for orem psum’ will uncover many web sftes stll m their infancy
Various versions have evolved over the years, sometimes by accident
sometimes on purpose (injected humour and the kke)

observations

000000
000000
000000
000000

N

values
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BANKRUPTCY PREDICTION — THE ML WAY

The Bag-Of-Words (BOW) Model

« Treat every document as a unordered set of words

* Ignore word order, sentence structure, and punctuation

o Tidy data frame:
e Every document is an observation (row)
 Every word is a variable (column)

 The presence of a word in a document (aka. token) is represented by the cell values

variables
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BANKRUPTCY PREDICTION — THE ML WAY A TANCRECRS

The Bag-Of-Words (BOW) Model

X Y

O
O
Jysk Fragt 0

Y=fX)+¢&

Wirtschaftsinformatik, insb. Data Analytics | Prof. Dr. Oliver Mdiller 35



BANKRUPTCY PREDICTION — THE ML WAY A AR ORy

Tree-based Classification Algorithms
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Example: Loan Default

- —
& %

STUDENT
LOAN

W)
_ purAtt f,
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E :
xample: Loan Default Attributes atTtar:gﬁie
.
i ™
Name Balance Age Employed | Write-off
Mike $200,000 42 no yes
Mary $35,000 33 yes no
—»| Claudio $115,000 40 no no
Robert §29,000 23 yes yes
Dora $72,000 31 no no

Wirtschaftsinformatik, insb. Data Analytics | Prof. Dr. Oliver Mdiller

This is one row (example).
— Feature vector is: <Claudio,115000,40,n0>

Class label (value of Target attribute) is no

Source: Provost & Fawcett (2013)
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e
Y\

(lass: |
Not Write-off [ Balance ]1 lntezrlor nodes

(lass: Write-off

Example: Loan Default

<45

(lass:
Not Write-off

Source: Provost & Fawcett (2013)

Leaf node «-++--=-=-

(lass: Write-off
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The CART Algorithm: Top-down, Greedy Search

= Itis computationally infeasible to consider all possible sequences and combinations of splits.

= Instead, do recursive binary partitioning

= Top-down: Start with zero splits and successively partition the feature space into two
parts.

= Greedy: At each step, make the best possible split at that particular step (i.e., the split with
the highest information gain, i.e., reduction in entropy).

= Stop when some condition (e.g., minimal number of observations in one leaf) is met.

= Thatis, we consider all predictors X, . . .,X;, and all possible split points s for each of the

predictors, and then choose the predictor and split point with the highest information gain at
each step.

Source: Provost & Fawcett (2013)
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BANKRUPTCY PREDICTION — THE ML WAY
Bootstrap Aggregation (Bagging)

= A way to reduce overfitting of a machine
learning algorithm is to take many training sets
from the population, build a separate model on
each training set, and average the resulting sootstran
predictions. samples

Source: James et al. (2013)

Wirtschaftsinformatik, insb. Data Analytics | Prof. Dr. Oliver Mdiller

Classification
models

Predictions b

Final prediction

d

Training set
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BANKRUPTCY PREDICTION — THE ML WAY A fprmpiti

From Bagging to Random Forest

= Following the idea of bagging, we draw multiple random samples (bootstrap samples) from
the training data and create a decision tree on each sample
= Typically, 2/3 of the rows in the training set

= However, in Random Forests we allow only a random subset (m) of all the predictors (p) to
be used at each split of the decision tree
= Typically, m = SQRT(p)

= Why does this work?

= |n bagging, if there is one strong predictor, all the trees will use this predictor in the top split
- all of the trees will look quite similar to each other
- their predictions will be highly correlated
- only a little bit of variance will be removed

Source: James et al. (2013)
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A Random Forest has many Trees
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Predictive Accuracy of Random Forest with BOW on Test Set
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BANKRUPTCY PREDICTION — THE ML WAY A fprmpiti

Black Box

Wirtschaftsinformatik, insb. Data Analytics | Prof. Dr. Oliver Mdiller 46
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Next Steps

Include more text from annual reports (e.g., management review, management’s statement,
CSR)

Quantify the informativeness of different sections of annual reports

Use artificial neural networks to better capture syntax and semantics of text

Try to open the black box of machine learning algorithms

Wirtschaftsinformatik, insb. Data Analytics | Prof. Dr. Oliver Mdiller 47
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REFLECTIONS A INIVERSTTY

Similarities and Differences of Statistical Modeling and Machine Learning

Data y <— nature

+— X

= Both work with almost the same data structures

= ML wrangles messy data until it fits into rows and columns

= Methods ) .
= Both use regression and classification techniques V< igm;?{igegesgslgg o
= SM applies mainly additive linear models Cc%x mode%r

= ML uses on non-linear methods that work on high-dimensional data
= ML makes use of unsupervised techniques for data preparation

Process
= SMis theory/hypothesis-driven (no fishing for correlations!)

y — unknown

kix

= ML is mainly data-driven

Outputs
= SM: focus on causal explanations
= ML: focus on predictive accuracy (on unseen test data!)

decision trees
neural nets

Source: Breiman (2001)
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analytics for information
challenges, promises and

Abstract

This essay discusses Lhe use of big dala analytics (BDA) as a stralegy of enguiry
for advancing information systems (IS) research. In broad terms, we understand
BDA as the statistical modelling of large, diverse, and dynamic data sets of user-
generated content and digital traces. BDA, as a new paracigm for utilising big
data sources and advanced analytics, has already found its way into some social
sdence disciplines. Scciology andseconomics are two examples thal have
successtully hamessed BDA forscientific enquiry. Often, BDA draws on meth-
odologies and tools that are unfamiliar for some IS researchers (e.g., predictive
modeling, natural language processing). Following the phases of a typical
research process, this article is set out to dissect BDA's challenges and promises
for IS research, and illustrates them by means of an exemplary study about
predicting the helpfulness of 1.3 million online customer reviews. In order to
assist IS researchers in planning, executing, and interpreting their own studies,
and evaluating the studies of others, we propose an Initial set of guidelines for
conducting rigorous BDA studies in 1S.

European journal of Inforrmation Systerns advance online publication,

9 February 2016; doi- 10.1057/¢jis.2016.2

Keyweards: big data; analytics, data scurce; methadology; information systems research

Why worry about big data analytics (BDA)?
The proliferation of the web, social media, mobile devices, and sensor
netwarks, along with the falling costs for storage and computing resources,
has led to a near ublquitous and ever-Increasing digital record of computer-
| actions and ications - a record that has been termad ‘big
data’. Studies agree (e.g.,, Hilbert & Lépez, 2011; IDC, 2011, 2014) that the
volume of data being generated and stored today is growing exponentially
(Kitchin, 2014) - but, hig data is not just about volume (Constantiou &
Kallinikos, 2015; Yoo, 2015). Accompanying the increased size of data sets is
agrowing varicty of data sources and formats. In fact, IDC (2011) daims that
more than 80% of all digital content is unstructured and that two-third Is
generated by individuals, rather than enterprises. The velodty of data has
Increased too, resulting in reduced latency between the occurrence of a real-
world event and its mirroring digital footprint (vom Brocke ct al, 2014).

As volume, varicty, and velocity (Laney, 2001) increase, the veracity of
data Is drawn into question (Bendler e al, 2014). Unlike research data
collected with a specific research question in mind and measured using
validated instmiments, hig data often just ‘happens’. Private and govern.
ment organisations increasingly collect big data without a concrete purpose
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THE END
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