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1) KEIEHLA Introducation to big data

2) #iERlI=E A Data Science Fundamentals
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®Data Scientists spend 80% of their time preparing data

How time is spent in data science o
organising data
Wh 0%
19%
Collecting

data sets

O Preparing data
@ Complaining ahout the need to prepare data

Source: CrowdFlower 2016
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Global Information Storage Capacity

in optimally compressed bytes

2007 ANALOG

1986 1993

ANALOG :

2.6 exabytes -

’ _ DIGITAL
DIGITAL — 1| STORAGE
0.02 exabytes |

|

|

v

2002:
“beginning
of the digital age”

50%
% digital:
1% 3% 25% 94 %

Source: Hilbert, M., & Lopez, P. (2011). The World's Technological Capacity to Store, Communicate, and
Compute Information. Science, 332(6025), 60 —65. http://www.martinhilbert.net/WorldinfoCapacity.html

19 exabytes

- Paper, film, audiotape and vinyl: 6%
- Analogvideotapes (VHS, etc): 94 % ANALOG
- Portable media, flash drives: 2% DIGITAL G

- Portable hard disks: 2.4 %
- CDs and minidisks:6.8%

- Computer serversand mainframes:8.9 %

- Digitaltape:11.8 %

- DVD/Blu-ray: 22.8 % ‘

-PCharddisks:44.5%
123 billion gigabytes

- Others: < 1 % (incl. chip cards, memory cards, floppy disks,
mobile phones, PDAs, cameras/camcorders, videogames)

DIGITAL
280 exabytes
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ol ez
Jupyter notebook jupyter BITHIA
SEEE :V ANACONDA Nes TR py X4

(base) anvy@mac622265 ~ % pwd

/Users/anvy

(base) anvy@mac622265 ~ % cd "OneDrive - ITU/teaching/ids/idsp-python/lectures/lecture@7"
o (base) anvy@mac622265 lectured7 % python myscript.py
o Jupyter lecturel1_numpy Last Checkpaint: 16 hours ago  (autosaved) p Logout The sum of 5 and 3 is 8

(base) anvy@mac622265 lectured7 %

File Edit View Insert Cell Kernel Widgets Help Trusted \ Python 3 (ipykernel) O

Creating numpy arrays

There are a number of ways to initialize new numpy arrays, for example from

«+ a Python list or tuples . O . mysc ript.py
« using functions that are dedicated to generating numpy arrays, such as arange, linspace, etc.
* reading data from files
4 myscript.py X + v

From lists IX = . .
y —
mysum = X + y

print(f"The sum of {x} and {y} is {mysum}")

For example, to create new vector and matrix arrays from Python lists we can use the numpy.array function.

I [ 02

=W N ==

a vector: the argument to the array function is a Python list

1 #
2 v = np.array([1,2,3,4])
3y

In [ ]: 1 type(v)

a matrix: the argument to the array function is a nested Python list

1 #
2 M = np.array([[1, 2], [3, 411)
3 M

The vector has 1 dimension, the matrix has 2. We learn this with numpy.ndim .

In [ }: 1 np.ndim(v), np.ndim(M) |
I ] Line1, Column1 P 2023 Tab Size: 4 Python 'l_

N ARYREEEE: Sublime Text, VScode

The v and M objects are both of the type ndarray that the numpy module provides.




Python 4&#& IDE (integrated development environments)

File Edit View Run Kemel Tabs

g L] t c
# > notebooks > transit-zurich
Last Modified
2 minutes:

2 hours ago

routes json

2 hours ago

stops.json 2 hours ago

Cell Tools  Commands

Tabs

Settings
= transit.ipynb

B + X

In [941:

Help

x

o> = cC Python3 O
We plot the number of passengers at the Rosengartenstrasse stop.

Code v

load = df[df.stopNameShort=='ROSE ] .passengerLoadStop
sns.distplot(load, kde=False)
plt.axvline(load.median())
ple.title('Passenger Load at Rosengartenstra
plt.xlabel('Nunber of passengers');plt.ylabel

op')

Frequency');

Passenger Load at stop

n

Frequency
¥ ¥ & 8 8

2 ©
Number of passengers

Compare the median load at this stop with the medians of all stops.

sns.distplot (df. groupby (' stopNameshort ')
passengerLoadStop.median(), kde=False)

plt.axvline(load.median())

plt.title('Passenger load medians across all stops');

plt.xlabel('Median passenger load')

plt.ylabel(*Frequency’);

Passenger load medians across all stops

120 1

Dl routesjson %

stopNumber: 2104
stopNameshort: "ROSE"

jupyter
S’

stopName: "Zirich, Rosengartenstrasse .
» geonetry 2 keys
passenger.csv X
Delimiter: [ _; v
stopSequerstopld | stopNameShort stopName =
s 2104 ROSE Zirich, Rosengartenstral
6 564 BUCH Zirich, Bucheggplatz
7 2017 RADI Zirich, Radiostudio
8 498 BIRD Zorich, Birchdorf
] 1705 NEUA Zorich, Neuatfotemn
10 1000 GLAU Zirich, Glaubtenstrasse
" 767 EINF Zirich, Einfangstrasse |,

Visual Studio Code

File Edit Selection View Go Debug

XPLORER

4 OPEN EDITORS
x
4 HELLO

hello.p

hello

&

¥ master*

Python 3.7.3 64-bit

QDoA0 & python| B hello.py

E T D¢
[Users/test-user/plot_example.py

O  App.py

¢ €

& a c

[Usersftest-user

template.py  plot.examplepy  plugin.py
@ App.py
@ template.py
@ plot_example.py
Plot final terrain model
@ plugin.py
IPythonConsole
@ _init
- SpyderPlugi.
@ update_font
@ apply_plugin_settin. 7 TTVETRET
@ toggle_view
- SpyderPlugi.
get plugin_ttle
get_plugin_icon
get focus_widget
closing_plugin
refresh_plugin
get_plugin_actions
register_plugin it
- Public API (f. axd = pit.subplot
i axt.set_facecolor( ' #395
il get clients bar: x1.bar(theta, radii, width=width, bottom=0.8)
[ get focus_client
] get_current_client
i get_current shellwi

Type Value
o
Plot a terrain nodel and a polar plot side by s Array of stri2s ndarray object of numpy module

DataFrane Column names: Col1, Col2

/Users/Docunents/spyde
str
y

test_dont_use. py

s np
matplotlib.pyplot as pit

Array of uint32 (10, 10)
matplotlib.colors
mpl_toolkits.mplotdd # Needed st 5 ['abcd’, 745, 2,23, 'efgh’, 70.2]

float 1 6.46567886443

tuple 5 (‘abcd", 745, 2.23, ‘efgh’, 70.2)

pLt.style.use(*dark_background')
tinylist  Ust 2 123, ‘efh']

generate_polar_plot(): ; 5 i il i

er. n example pol Variable explorer Help Files Online help Profiler Code Analysis
20 @ x "I © © aa ;%
. Linspace (0.9, 2 = np.pi, n_slices, endpoin
10+ np. random. rand (n_siice
np.pi / 4 * np.random. rand(

Lt.subplots(fi

radius, plot_bar in zip(radii, bars):
plot_bar. set_facecolor(plt.cm.viridis(radius / 10
plot_bar.set_alpha(8.5

SPYDER

set_current_client_.
set_working direct.
[@ update_working_dir
. Plots IPython cansole

<, LSPPython; restarting @ conda: base Python3.7.4,  Line1,Coll  ASCIl

Terminal Help hello.py - hello - Visual Studio Code

hello.py x

hello.f

TERMINAL

PS C:\Users> python

Python 3.7.3 (v3.7.3:ef4ec6ed12, Mar 25 2019, 22:22:05) [MSC v.1916 64 b
it (AMD64)] on win32
Type "help", "copyright",
>>> print("Hello World")
Hello World

>>> ||

"credits" or "license" for more information.

Ln2,Col1 Spaces:4 UTF-8 CRLF Python @ A
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