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GitHub, Inc. [US] | https://github.com/szilard/teach-data-science-msc-analytics-ceu

szilard / teach-data-science-msc-analytics-ceu



GitHub, Inc. [US] | https://github.com/szilard/teach-data-science-msc-analytics-ceu

[ szilard / teach-data-science-msc-analytics-ceu

Sample projects from students:

¢ Laszlo Sallo: insurance risk prediction also in Kaggle competition

¢ Oliver Kocsis: classification of body postures

Wearable Computing: Classification of Body
Postures and Movements (PUC-Rio) Data Set

Oliver Kocsis
February 23, 2016
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L] szilard / teach-data-science-msc-analytics-ceu

Sample projects from students:

¢ Laszlo Sallo: insurance risk prediction also in Kaggle competition

¢ Oliver Kocsis: classification of body postures

Sensor 1

Wearable Computing: Classification of Body
Postures and Movements (PUC-Rio) Data Set

Oliver Kocsis
February 23, 2016

UCI iz

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Wearable Computing: Classification of Body Postures
Download: Data Folder, Data Set Description
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' The R Project for Statistical
R Computing

- adatok beolvasasa

- adatok manipulacioja
- adatvizualizacié (abrak) opéen source
- statisztikai modellezés

- modellek felhasznalasa

™

data <- read.csv("dataset-har-PUC-Rio-ugulino.csv", sep = ";"
setDT (data)

colnames(data)[4] <- "height"

data[, gender := as.factor(gender))]

data[, age := as.integer(age)]



Sensor 1 Waist

boxplot.sensor(sensor_1, NULL)
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Sensor 2 Left Thigh

boxplot.sensor(sensor_2, NULL)
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scatterplot3d(data$x2, data$y2, data$z2, main="Sensor 2")

data$z2
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~#® Big Data Borat W Follow

PN @BigDataBorat

4

In Data Science, 80% of time spent prepare
data, 20% of time spent complain about need
for prepare data.

4 Reply T3 Retweet W Favorite ®®® More
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gbm <- h2o.gbm(model id = "gbm", x = d x idxs, y = d y idxs,
training frame = dx train, validation frame = dx valid,
ntrees = 300, max_depth = 110, nbins = 60, learn rate = 0.5,
stopping rounds = 5, stopping tolerance = le-3, seed = seed)



Source: Hastie etal, ESL 2ed
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Algorithm 10.1 AdaBoost.M1.

1. Initialize the observation weights w; = 1/N, i =1,2,..., N.
2. For m =1 to M:

(a) Fit a classifier G, (z) to the training data using weights w;.
(b) Compute
Sity Wil (v: # G ()
27];\;1 Wi |
(¢c) Compute o, = log((1 — err,,)/erry,).
(d) Set w; + w; - explon, - I(y; # Gm(x;))], 1=1,2,...,N.

err,, =

3. Output G(x) = sign [Z%Zl o (x)]

Source: Hastie etal, ESL 2ed



gbm <- h2o.gbm(model id = "gbm", x = d x idxs, y = d y idxs,
training frame = dx train, validation frame = dx valid,
ntrees = 300, max_depth = 110, nbins = 60, learn rate = 0.5,
stopping rounds = 5, stopping tolerance = le-3, seed = seed)

Confusion Matrix: vertical: actual; across: predicted
sitting sittingdown standing standingup walking

sitting 12697 & 0 7 0
sittingdown 3 2751 17 35 22
standing 0 2 11779 8 39
standingup 6 62 27 2939 36
walking 1 14 27 7 10925



deeplearning <- h2o.deeplearning(model id = "deeplearning", x = d _x idxs, y = d_y idxs,
training frame = dx train, validation frame = dx valid,
activation = "Tanh", hidden = c(200,200), epochs = 30,
stopping _rounds = 5, stopping tolerance = le-3, seed = seed)



T = 6(0gm + 01 X), m=1,..., M,
Tw=Box+P+Z, k=1,...,K,
fu(X) =gu(T), k=1,..., K,

FIGURE 11.2. Schematic of a single hidden layer, feed-forward neural network.
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Neural Network - 10 Units, No Weight Decay
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Neural Network - 10 Units, No Weight Decay

Training Error: 0.100
TestError:  0.259 ::
Bayes Error:  0.210 - -

Neural Network - 10 Units, Weight Decay=0.02

Training Error: 0.160 :
Test Error: 0.223 :
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What are the top academic backgrounds of data scientists?

Rank % of people Field Rank % of people Field

1 12.86% Computer Science 1 14.74% Physics

2 12.49% Business Administration/ Management 2 14.46% Computer Science

3 10.98% Statistics 3 10.83 Mathematics

4 10.20% Mathematics 4 8.24% Statistics

5 8.54% Physics 5 4.77% Electrical Engineering
6 5.25% Machine Learning/ Data Science 6 4.08% Biology

7 4.50% Electrical Engineering 7 4.06% Machine Learning/Data Science
8 421% Economics & Finance 8 3.25% Computer Engineering
9 2.85% Computer Engineering 9 3.09% Neuroscience

10 2.48% Biology 10 2.74% Economics & Finance

https://www.stitchdata.com/resources/reports/the-state-of-data-science/ (2015)
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1992- ELTE fizikus

1996-98 Monte Carlo szim., Kosterlitz-Thouless
1999- pénzugyi alkalmazasok

2001-05 CIB Bank kockazatkezelés

2004 PhD

2006- Kalifornia, data science

2016-17 CEU, UCLA (1-1 kurzus)
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Soft skills:

- curiosity

- creativity

- skepticism

- ask good questions
- communication



Data Scientist: The
Sexiest Job of the
21st Century

By 2018, the US alone could face a shortage of 140,000 to 190,000 people
with deep analytical skills - McKinsey, 2011



Data Science

w u rs e ra S ‘ 1 | t |
Launch Your Career in Data Science. A nine-course introduction to data science, developed
and taught by leading professors.

"IMMERSIE

12-WEEK FULL-TIME CAREER ACCELERATOR IN LOS ANGELES

« Y

'MS in Business Analytics : CEU
v
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UCLA College

Master of Applied Statistics
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Budapest Data Science Meetup
Budapest Big Data Meetup

Big Data, Budapest

Budapest Users of R Network
Budapest Bl Meetup

Budapest Analytics Rockstars
Hungarian Natural Language Processing Meetup
Budapest Network Science Community
Future of Data: Budapest

Budapest dataSTREAM Meetup Series
Budapest Data Visualization Meetup

Budapest Database Meetup

Budapest Data Science
Meetup

Budapest, Hungary

2,915

G Zoltan C. T. and 5 others
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How I got 3rd place in The Ultimate
Student Hunt

The Ultimate Student Hunt was a week-long machine learning competition
hosted by AnalyticsVidhya, in which I came solo 3rd place. Here’s a blog post

going in-depth into my solution and thought process.

Step 1: Identify the problem

The moment the competition started, the first thing I did was click download
on the data. As it was downloading, I had a quick look through the problem



Osszefoglalé:

1. Adattudomany: példak, 1 projekt roviden
(eszkozok, szukséges tudas)
2. Miert fizikusok?

3. Par karriertanacs



