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Tables vs. plots

Data analysis and visualization

When you present the data use both:

Plots

the best solution, very natural and easy to interpretation
(but also prone for miss-interpretation)

Tables

harder to interpret in short time, but higher information content

* Raw data
for the sake of completeness if you can add them

* The scripts
for the sake of reproducibility if you can add them

* The text
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Tables vs. plots Data analysis and visualization

Some proofs:

03% of human communication is non-verbal

People remember:

80% of what they see
and
20% what they read

Albert Mahrabian (1971) ,Silent Messages”

using visuals will make a presentation 43% more persuasive

Vogel, D. R., Dickson, G. W., & Lehman, J. A. (1986). Persuasion and the
role of visual presentation support: The UM/3M study.



Tables vs. plots Data analysis and visualization

Tables

1) Use clean template

2) Make it interactive if possible (html)



Tables vs. plots Data analysis and visualization

Tables (for print)

State Date Item Price Qty Amount

CA 28-May Tent 199 2 398
WA 16-May Headlamp 39.99 2 79.98
WA 19-May Sleeping Bag 38.5 1 58.3
WA 13-May Headlamp 39.99 1 39.99
CA b-May Tent 199 3 297
OR 21-May Backpack 98.77 1 98.77
OR 5-May Backpack 98.77 1 98.77
CA 1-May Bike rack 415.75 2 831.5
CA 3-May Backpack 180.5 1 180.5
CA 4-May Bike rack 415.75 1 415.75
CA 12-May Backpack 220.3 1 220.3
CA 4-May Headlamp 39.99 4|  159.96



Tables

Data analysis and visualization

Method | Protein dataset Method |Peptide dataset
BEMSD U Oultliers EMSD U Outliers
Avg pl 0.874| 096 53 Avg pl  |0.454 50.6 1571
Bjellgvist 0.034| 0044 47 Bjellgvist |0.660 161.5 1583
Dawson 0. 044 0.945 56 Dawson 0435 52.0 1432
OTA Select 0. Gd5 1.032 58 DTASelect |0.55 i1 1714
EMBOSS 0.955 1.056 G EMBOSS |0.325 1.5 172
Grimsley 0. %63 0.6 G Grimsley |0.616 131.4 1550
IPC prote 0. 9366 0874 46 IPC pelpli|0.251 0 232
i) de
Lehninger 0. 368 097 59 Lehnimger |0.262 2.5 236
M ozald 0.97 1.024 56 MNozali [0.602 124.3 1366
Patrickios 0.7 2,302 227 Paltrickios |1 0098 FTH 1 2730
plPredict 1.013 1.048 56 plPredict |1.024 403.6 2720
plE 1.024 1.013 S8 plE 1.881 41597 33158
ProMoST 1.03 0.966 32 Pro®MoST [1.239 B734 2649
Rodwell 1.032 0.963 58 Bodwell [0.502 T84 1350
Sillero 1. 05 1.059 063 Sillero  |0.428 50.3 1223
Solomon 1. 056 0.97F SH Solomon |0.255 0.9 235
Thurlkill 1. 050 1.032 &l Thurllkill [0.481 69.7 1361
Tosel and 2.392 0934 32 Toselamd |0.425 4491 300
Wikipedia 0.96 0.955 a3 Wikipedia |0 421 a4t 1467




Tables

Data analysis and visualization

Method |Protein dataset Method |Peptide dataset

REMSD U Dutliers REMSD %o Dutliers
IPC prote 0.B74 0 46 IPC pepl 0.251 0 234
ir de
Toseland 0.934 14.9 52 Solomon 0.255 0.9 235
Bjellgvist (0. 04 17.7 47 Lehninger 0.262 2.5 236
Divwson 0,945 17.8 56 EMBOSS 0.325 18.5 372
Wikipedia 0.955 20.5 1a) Wikipedia 0.421 4749 1467
Rodwell 0.963 22.8 58 Toseland 0.425 441 OO0
ProbMoST FRE 216 ad Sillero 0428 50.3 12423
Grimsley (0. GGE 24 2 G Dawson 04315 52.9 1432
Solomon 0.97 24.8 58 Thurlkill 0481 Be.7 1361
Lehnimnger 0.97 25 59 Rodwell 0.502 T8 .4 1359
Pl 1.013 K1 SE DTASelect 0.550 L | 1714
Mozalki 1024 41,4 56 Mozalki 0602 124 .14 1368
Thurdkill 1.03 43 4 B61 Grimsley 0616 131 .4 1550
DTASelect 1.032 441 SE Biellgvist 0.GES 161.5 1583
plPredict 1. 028 ath 4 56 plPredict 1.024 203 6 2720
EMBOSS 1.056 ad.4 i ProbMoST 1.24% B73.4 2640
Sillero 1.059 a4, 4 B3 plE 1.881 415497 3358
Palrickios LA 3201.8 L Palrickios 1005 > 2730
Avg pl 0.96 22.1 53 Avg pl 0.454 506 1571




Tables

Data analysis and visualization

Method |Protein dataset Method |Peptide dataset

REMSD U Dutliers REMSD %o Dutliers
1L probe ) L 46 IPC pepli 0.2531 L 234
ir de
Toseland 0.934 14.9 52 Solomon 0.255 0.9 235
Bjellgvist (0. 04 17.7 47 Lehninger 0.262 2.5 236
Divwson RS ) 178 56 EMBOSS 0325 18.5 372
Wikipedia 0. 455 2005 1a) Wikipedia 0411 4749 1467
Rodwell 0.963 248 o Toseland 04225 441 LhLlhlh
ProbMoST FRE 216 ad Sillero a2l a4 12423
Grimsley (0. GGE 24 2 G Dawson 04315 52.9 1432
Solomon RS 24 B aH Thurlkill 0.apl BO.Y 1361
Lehnimnger LR ) ot Rodwell .ol TH .2 14549
Pl 1.014 1. o DTASelect . 3o L | 1714
Mozalki 1. 024 41,4 56 Mozalki 0602 124 .14 1368
Thurdkill 1.0 44 4 B61 Grimsley 0616 141 .4 15530
DTASelect 1042 441 aH Biellgvist 0.GES 161.5 1583
plPredict 1. (u2H ath 4 56 plPredict 1.04 203 6 arpti |
EMBOSS 1.056 ad.4 i ProbMoST 1.24% Hd4 2640
Sillero 1.5 a4, 4 B3 plE 1.HE1 415497 456
Palrickios LA 2018 L Palrickios 1 L > 2730
Avg pld 0,56 221 a4 Avg pl 454 50.6 15371

Sort (decide how, use html if possible)




Tables Data analysis and visualization

Method |FProtein dataset Method |Peptide dataset
RMSD %o Outliers RMSD %o Outliers

IPC protein| 0.B74 0 46| |IPC peptide | 0,251 0 232
Toseland 0.934 14.9 52| |Solomon 0.255 0.9 235
Bjellgvist 0,944 17.7 47| |Lehninger 0.262 2.5 236
R 0.945 17.8 56| |[EMBOSS 0.325 18.5 372
Wiki pedia 0.955 20.5 55| |Wikipedia 0.421 47 1467
Rodwaell 0963 228 58| |Toseland 0,425 441 0900
ProMoST 0.966 23.6 52| |Sillero 0. 428 50.3 1223
Grimsley 0. 968 24 2 60| |Dawson 0.435 52.9 1432
Solomon 0.97 24 .8 58| [Thurlkill 0.481 69.7 1361
Lehnimger 0.97 25 50| |Rodwell 0. 502 TE.4 1359
plE 1.013 B 58| |DTASelect 0.550 U1 1714
Mozaki 1.024 41.3 56| |MNozaki 0602 124.3 1368
Thurdkill 1.03 43 4 61| |Grimsley 0.616| 131.4 1550
DTASelect 1.032 441 58| |Bjellgvist 0.660( 161.5 1583
plPredict 1.048 4 4 56| |plPredict 1.024) 49316 2720
EMBOSS 1.056 52.3 60| |ProMoST 1.230] B71.4 2649
Sillero 1.059 53.2 63| [plR 1.881 41597 3358
Palrickios 2392 32018 227 |Patrickios 1.O0E | 54791 2739
Avg pl D06 221 53 [ [Avg pl 0.454| 596 1571




Tables Data analysis and visualization

Method |FProtein dataset Method |Peptide dataset
RMSD %o Outliers RMSD %o Outliers

IPC protein| 0.B74 L 46| |IPC peptide | 0,251 L 242
Toseland RE N 14t 52| |Solomon 02553 L.t 245
Bjellgvist 0,944 17.7 47| |Lehninger 0. 262 2.5 236
R IREE 327 176 56| |[EMBOSS LI 16 .5 372
Wiki pedia RS bl 0.5 55| |Wikipedia il 47 1467
Rodwaell 0963 24 H 58| |Toseland U4l 441 LrLh)
ProMoST 0.966 23.6 52| |Sillero L 2LE ol 1424
Grimsley 0. 968 24 2 60| |Dawson 0.435 52.9 1432
Solomon LR 24 H 58| |Thurlkill L. 4H] 6O.7 1361
Lehnimger IRiE 23 59| [Rodwell L, i TH.4 1354
plH 1.014 A 58| |DTASelect L. 3o U1 1714
Mozaki 1.00vid 41.4 56| |Nozaki 0. 602 1243 1368
Thurdkill 1.4 414 61| |Grimsley 0.616| 131.4 1530
DTASelect 1.0 441 58| |Bjellgvist 0.660( 161.5 154
plPredict 1.0k 4 4 56| |plPredict 1.024) 49316 2020
EMBOSS 1.056 ad.4 60| |ProMoST 1240 HS4.4 2649
Sillero 1.0549 a3 B3| |plR 1. HE1 | 41547 3358
Palrickios 2.4 4201 B 227 |Patrickios 1. UE | 521 2744
Avg pld .56 4.1 a4 |Avg pl L. a5 50.6 1571

Bold & Align, the same font (size, type, consider using monotype font for
better alignment)

Optimal width of columns and vertical and horizontal alignment, avoid blank
spaces



Tables Data analysis and visualization

Method |Frotein dataset Method |Peptide dataset
RMSD %o Outliers RMSD %o Outliers

IPC protein| 0874 0.0 46| [IPC peptide| 0.251 0.0 232
Toseland 0.934 14.9 52| [Solomon 0.255 0.9 235
Bjellgwist 0.944 17.7 47| |Lehninger 0.262 2.5 236
Lraw son 0.945 17.8 56| [EMBOSS 0.325 18.5 372
Wikipedia 0.955 20.5 55| |Wikipedia 0.421 474 1467
Rodwell 0.963 228 58| [Toseland 0.425 441 OO0
ProMoST 0.966 2316 52| |Sillero (0. 428 50.3 1223
Grimsley 0.968 24 2 60| |Dawson 0.435 52.9 1432
Solomon 0.970 24 B 58| |Thurlkill 0.481 69.7 1361
Lehnimger 0.970 25.0 59| |Rodwell 0. 502 8.4 1359
618 21 1.013 38.0 58| [DTASelect 0.550 a1 1714
Mozaki 1.024 41 .3 56 [Mozaki 0.602( 124.3 1368
Thurkill 1.030 431 .4 61| |Grmsley 0.616| 131.4 1550
DTASelect 1.032 441 58| |Bjellgvist 0.669| 161.5 1583
plPredict 1.048 4.4 56| |plPredict 1.024| 493.6 2720
EMBOSS 1.056 52.3 69| |ProMoST 1.239| B73i4 2649
Sillero 1.059 53.2 63| |plR 1.881|4159.7 3358
Patrickios 23923201 .8 227 |Patrickios 1.998 | 54791 2739
Avg pl 0060 221 51| |Avg pl 0.454| 59.6| 1571

Use the same decimal point (do not round at different levels)



Tables Data analysis and visualization

Protein dataset Peptide dataset
Method onsp] % Jouttiers| | ethod 1oNien] % [outliers
IPC protein| 0874 0.0 46| |IPC peptide| 0.251 0.0 232
Toseland 0.934 14.9 52| |Solomon 0.255 0.9 235
Bjellgvist 0.944 17.7 47| |Lehninger (.262 2.5 236
Drvwson 0.945 17.8 86| |[EMBOSS 0.325 18.5 372
Wiki pedia 0.955 20.5 55| |Wikipedia 0.421 47 .9 1467
Rodwell 0.963 22.8 58| |Toselamd 0.425 491 L
ProMoST 0.966 23.6 52| |Sillero 0.428 50.3 1223
Grimsley 0.968 242 60| | Dawson 0.4315 52.9 1432
Solomon 0.970 24 B S8 |Thurlkill 0.481 6.7 1361
Lehninger 0.970 25.0 59| |Rodwell 0. 502 7B .4 1359
plE 1.013 38.0 58| |DTASelect 0.550 99.1 1714
Mozalki 1.024 41.3 56| |Nozaki 0.602) 124.3 1368
Thudkill 1.030 431 .4 61| |[Grmsley 0.616( 131.4 1550
DTASelect 1.032 44 1 58| |Bjellgvist 0.669| 161.5 1583
plPredict 1.048 49 4 56| |plPredict 1.024| 493.6 2720
EMBOSS 1.056 52.3 69| |ProMoST 1.239| B73.4 2649
Sillero 1.059 53.2 63| |plR 1.881(4159.7 3358
Patrickios 2392|3201 .8 227\ |Patrickios 1.998| 54791 2739
Avg pl 0o60| 221 53| |Avg pl 0.454| 59.6| 1571

Less is more (hide some of the borders and make them ticker)



Tables Data analysis and visualization

Prolein dalasel Peplide dalasel
M ethod EMSD 4 Outliers Method EMSD 4 Outliers
IPC protein 0874 0.0 46 IPC peptide  0.251 0.0 232
Toseland 0.934 14.9 52 Solomon 0.255 0.9 235
Biellgvist 0,044 17.7 47 Lehninager 0.262 2.5 236
Dawson 0.045 17.8 56 EMBOSS 0.325 18.5 372
Wikipedia 0.955 20.5 55 Wikipedia 0.421 479 1467
Rodwell 0.963 22.8 58 Toseland 0.425 491 GO0
ProMoST 0.966 23.6 52 Sillero 0.428 50.3 1223
Grimsley 0.968 242 &0 Dawson 0.435 52.9 1432
Solomon 0.970 248 5B Thurlkill 0.481 607 1361
Lehninger 0.970 25.0 50 Rodwell 0.502 T84 1359
plR 1.013 18.0 58 DTASelect 0.550 99.1 1714
Mozaki 1.024 41.3 56 Mozaki 0.602 124.3 1368
Thurlkill 1.030 4314 61 Grimsley 0.616 111.4 1550
DTASelect 1.032 441 58 Bijellgvist 0.660 161.5 1583
plPredict 1.048 49.4 56 plPredict 1.024 493.6 2720
EMBOSS 1.056 52.3 6O ProMoST 1.239 B73.4 2649
Sillero 1.059 53.2 63 plR 1.B81 41597 3358
Patrickios 2.392 3201.8 227 Patrickios 1.998 54791 2739
Avg pl* 0.960 22.1 53 Avg pl 0.454 59.6 1571

Less is more

avoid as many blank space as possible, correct the width of columns



Tables Data analysis and visualization

Prolein dalasel Peplide dalasel
Method RMSD %o Outliers Method REMSD % Outliers
IPC protein 0874 0.0 46 IPC peptide  0.251 0.0 232
Toseland 0.934 14.9 52 Solomon 0.255 0.9 235
Biellgvist 0,044 17.7 47 Lehninager 0.262 2.5 236
Dawson 0.045 17.8 56 EMBOSS 0.325 18.5 372
Wikipedia 0.955 20.5 55 Wikipedia 0.421 479 1467
Rodwell 0.963 22.8 58 Toseland 0.425 491 GO0
ProMoST 0.966 23.6 52 Sillero 0.428 50.3 1223
Grimsley 0.968 242 &0 Dawson 0.435 52.9 1432
Solomon 0.970 248 5B Thurlkill 0.481 607 1361
Lehninger 0.970 25.0 50 Rodwell 0.502 T84 1359
plR 1.013 18.0 58 DTASelect 0.550 99.1 1714
Mozaki 1.024 41.3 56 Mozaki 0.602 124.3 1368
Thurlkill 1.030 434 61 Grimsley 0.616 131.4 1550
DTASelect 1.032 441 58 Bijellgvist 0.660 161.5 1583
plPredict 1.048 49.4 56 plPredict 1.024 493.6 2720
EMBOSS 1.056 52.3 6O ProMoST 1.239 B73.4 2649
Sillero 1.059 53.2 63 plR 1.B81 41597 3358
Patrickios 2.392 3201.8 227 Patrickios 1.998 547091 2739
Avg pl* 0.960 22.1 53 Avg pl 0.454 59.6 1571

Each table should be single script
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Data analysis and visualization

Wskaznik zatrudnienia uczacych sie i absolwentow
683 675 67.0 647 |

526 521 553 HB3 @ absolwenci

4 B uczniowie

/—_— i studenci

A

Nkw. Wkw. Mkw. Tkw. ITkw. Nkw. Mkw. Tkw. Ikw.
2007 2008 2009

Wykres 7. Wskaznik zatrudnienia oraz stopa bezrobocia
wedlug grup wieku i poziomu wyksztalcenia w 2011 r.

B Stopa bezrobocia M Wskaznik zatmidnienia B Stopa bezrobocia B Wskaznik zatrudnicnia
W %% - may
15.6 W % PaBL:
A
81.0 v o
610 ¥~
410 ¥~
21,0 1
1.0 - .
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15-24 25-34 35-44 45-34 55-64 65 lar grmazjalne *
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wiece]

* Icznie z wyksztalceniem podstawomasan nienkonczonym

ibez wyksztalcenia szkolnego
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column 1 name,column 2 name, column 3 name ‘
first row data 1,first row data 2,first row data 3

second row data 1,second row data 2,second row data 3 CSV



Data formats Data analysis and visualization

CsV

column 1 name,column 2 name, column 3 name ‘
first row data 1,first row data 2,first row data 3

second row data 1,second row data 2,second row data 3 CSV

printable ASCII or Unicode characters.



Data formats Data analysis and visualization

CSV

column 1 name,column 2 name, column 3 name ‘

first row data 1,first row data 2,first row data 3

second row data 1,second row data 2,second row data 3 (:s;\,
it

printable or characters.

Other popular delimiters include the tab (\t), colon (:) and semi-
colon (;) characters. Properly parsing a CSV file requires us to

know which delimiter is being used.



Data formats Data analysis and visualization
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column 1 name,column 2 name, column 3 name ‘
first row data 1,first row data 2,first row data 3
second row data 1,second row data 2,second row data 3 CSV
it
printable or characters.

Other popular delimiters include the tab (\t), colon () and semi-
colon (;) characters. Properly parsing a CSV file requires us to
know which delimiter is being used.

CSV files are very easy to work with programmatically. Any
language that supports text file input and string manipulation
(like Python) can work with CSV files directly.



Data formats Data analysis and visualization
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column 1 name,column 2 name, column 3 name ‘
first row data 1,first row data 2,first row data 3
second row data 1,second row data 2,second row data 3 CSV
it
printable or characters.

Other popular delimiters include the tab (\t), colon () and semi-
colon (;) characters. Properly parsing a CSV file requires us to
know which delimiter is being used.

CSV files are very easy to work with programmatically. Any
language that supports text file input and string manipulation
(like Python) can work with CSV files directly.

Nice to work with unix commands like: head, tail, split, cat, etc.



Data formats Data analysis and visualization

CSV

name, department, birthday month

John Smith, Accounting, November Eg
Erica Meyers, IT,March CSV

Here's code to read it:

Python

import csv

with open{'employee_birthday.txt') as csv_file:
csv_reader = csv.reader(csv_file, delimiter="',6")

line_count = @
for row in csv_reader:

if line_count == ©:
print{f'Column names are {", ".join(row)}')
line_count += 1
else:
print(f'\t{row[8]} works in the {row[1]} department, and was born
line_count += 1

print(f'Processed {line_count} lines.')

https://realpython.com/python-csv/



Data formats Data analysis and visualization

CsV

name, department, birthday month
John Smith, Accounting, November A
Erica Meyers, IT,March

Here's code to read it: CSV
Python W,

import csv

with open('employee birthday.txt') as csv_file:
csv_reader = csv.reader(csv_file, delimiter=',6 ")
line_count = @
for row in csv_reader:
if line_count ==

print(f'Column names are {", ".join(row)}")
line_count += 1
else:
print(f'\t{row[@]} works in the {row[1]} department, and was born
line _count += 1

print(f'Processed {line count} lines.')

Column names are name, department, birthday month
John Smith works in the Accounting department, and was born in November.
Erica Meyers works in the IT department, and was born in March.

ssed 3 lines.

= L

Proc

D

https://realpython.com/python-csv/



Data formats Data analysis and visualization

SV

Import csv

Import pandas

https://realpython.com/python-csv/



Data formats Data analysis and visualization

SV

Import csv

Import pandas
df = pandas.read _csv('hrdata.csv')
print(df)

e o - Con Yoy ©5 T T

Mame Hire Date Sdlary Sick [-.1__1' : emalning
i '-:l"\-l'\-'- Bl s E=Ta 141 b= ."."".'lf _'I_ e T T I ] -
iz] dafnam Lvnapma el 3 a4 1 S | i 1k
1 John Cleese B86/01/1% 65000.0

y T _ e aA oy S § T y i

¥ - i I= =" = vll= » I=

2 Eric Idle @5/12/714 45008.0 1@

2 =P s lal=1= 4 JiC l F4 TEVERESE I g
] TT'| Iy :I:.-”T': l_ <L s e

- PR P v e —— - -

TIaTH = T Fala i, l _1 sIaTaTs I .,

4 erry Gilliam @8/12/1 48000 .0 .

.....

3 —~r - d I= = T - - ‘=1 5 wll= »
ichael Pali B5/23/13 66000.0

https://realpython.com/python-csv/



Data formats Data analysis and visualization

1

"firstName": "John",

"lastName": "Smith",

"isAlive": true,

“age": 27,

"address": {
"streetAddress”: "21 2nd Street”,
“"city": "New York",
“"state": "NY",
"postalCode”: "10621-3186"

}l

"phoneNumbers"”: [

{
“"type": "home",
"number": "212 555-1234"
}l
1

"type": "office",
"number": "646 555-4567"

"type": "mobile",
"number”: "123 456-7890"
1
]l
"children": [],
"spouse”: null

b



Data formats Data analysis and visualization

import json

person = "{"name": "Bob", "languages": ["English"™, "Fench"]}'
person_dict = json.loads(person)

# OQutput: {'name': 'Bob', 'languages': ['English', 'Fench']}

print( person_dict)

# Output: ['English', 'French']
print(person_dict['languages'])



Data formats Data analysis and visualization

import json

person = "{"name": "Bob", "languages": ["English"™, "Fench"]}'
person_dict = json.loads(person)

# OQutput: {'name': 'Bob', 'languages': ['English', 'Fench']}

print( person_dict)

# Output: ['English', 'French']
print(person_dict['languages'])

import json

person_dict = {'name': 'Bob’,
‘age': 12,

"children': None

}

person_json = json.dumps(person_dict)

# Output: {"name": "Bob", "age": 12, "children": null}

print(person_json)



Data formats Data analysis and visualization

Python JSON Equivalent
dict object

list , tuple array

str string

int |, float , int number

True true

False false

None null

MUST be in UTF-8

https://www.programiz.com/python-programming/json



Data formats Data analysis and visualization

% python test_serialization_speed.py

Encoding: 1088068 x {'m': 'asdsasdgwgw', 't': 3}

[ json] 1.12385 seconds for 100808 runs. avg: ©.011239ms
[simplejson] ©.44356 seconds for 100880 runs. avg: ©.004436ms
[ cjson] 0.89593 seconds Tor 10BEEQ runs. avg: 2.R200959ms

Encoding: 1ee@e x {'m': [['®", 1, '2', 3, '4', 5, "'6&', ¥, '8', 9, "16', 11, "12', 13,

[ json] 7.76628 seconds for 10080 runs. avg: ©.776628ms
[simplejson] ©.51179 seconds for 10080 runs. avg: ©.051179ms
[ cjson] 0.44362 seconds for 10880 runs. avg: ©.044362ms

Decoding: 108008 x {"m": "asdsasdgwow", "t": 3}

[ json] 3.32861 seconds for 100808 runs. avg: ©.0833286ms
[simplejson] ©.37164 seconds for 100880 runs. avg: ©.003716ms
[ cjson] 0.83893 seconds Tor 100880 runs. avg: ©.R200389ms

Decoding: 16080 x {"m": [["@", 1, "2", 3, "4", 5, "6", 7, "8", 9, "1@", 11, "12", 13,

[ json] 37.26270 seconds for 18808 runs. avg: 3.726270ms
[simplejson] ©.56643 seconds for 10080 runs. avg: ©.056643ms
[ cjson] ©.33007 seconds Tor 10888 runs. avg: ©.033007ms

JSON libraries in python:

simplejson, ujson, cjson, ...

https://stackoverflow.com/questions/712791/what-are-the-
differences-between-json-and-simplejson-python-modules
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<COompany=
<department= n,
<zemployea:=
<name=John Doe</name:>

<job=5Software Analyst</job> .- company

<salary>2000</salary> ...---"""—-ﬁh""""""-—-.._
<lemployee> n,. department n,,: department
<gmployee= T I

<name>Jane Fletcher=/namea= n,: employee n,,. employee n,: employee

<job=Designer</job=

<salary>=2500</salary> n;name ngjob ngsalary n.name ngjob  n,salary

<lemployee> // E | \ 3
</department= - - o Boe n.: 'Softwarg Analyst’ n '2000' n,.: "Jane Fletcher' n,, ‘Designer' n,_: "2500
<department> : : : ’ )

<employee>

<femployesas=
</department=

</company>
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<COmpany=
<department= Ny
<gmployae>
<name=>John Doe</name:= M.. COMpany

<job=Software Analyst</job=
<salary=2000=/salary> _,_...---"""""——Fﬁ-"""""---...__

<lemployee> n department n,.: department
<gmployee> ___..‘--"'""H"""""---..___ I
<name=Jane Fletcher</name:= n employee n, : employee n,. employee
<job=Designer</job>
<salary=>2500</salary=> n,nafme ngjob n:salary nname njob N, salary
<femployes= |

</depantment>

<gdepariment=
<gmployee>
<femployea=

<fdepartment=

</company> xml.etree.ElementTree

n.: 'John Doe’ n_: "Software Analyst’ n_ '2000" n_,:'Jane Fleicher n, ‘Designer n,: 2500

xml.dom.minidom

etree.XMLParser() [from Ixml)
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<COmpany=
<department= Ny
<gmployae>
<name=>John Doe</name:= M.. COMpany

<job=Software Analyst</job=
<salary=2000=/salary> __...-—-'-"ﬁ"—--.__

<lemployee> n,: department n,.: department
<gmployee> __,_....---""""'ﬁ""""'---....___ I
<name=Jane Fletcher</namea> n,: employee n,: employee n,: employee
<job=Designer</job>
<salary=>2500</salary=> n,nafme ngjob n:salary nname njob N, salary
<femployes= |

</depantment>
<department=
<gmployea:>
<femployee=
<fdepartment=
</company>

n.: 'John Doe’ n_: "Software Analyst’ n_ '2000" n_,:'Jane Fleicher n, ‘Designer n,: 2500

XML is not known for being short and sweet

Human-readable, although ...
you can get lost in-between all the tags in-front of your eyes



Data formats

Data analysis and visualization

Properties| ¢Sy | JSON [Parquet| fivro
CoLumnhar ~ 12 4 )\(/
CompressoblLe Vv v v

* *
Sptittoble | WV v vV | VY
Readable \V / v X X
Complex dota 4 V4
structure X b
Schema
evoLution X X \/ \/

@Iu minousMmen.com

Parquet (Apache) — column based format

Avro (Hadoop) — row based format
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C++ Conversion Times For Popular Serialization Formats

B Sernalization

05 e Deserialization

0.4 -

Seconds (s)
=
(¥ 3]
i

=
P
i

0.1 1

0.0 -

csv json protobuf toml xmil yaml|
Serialization Format

https://blog.mbedded.ninja/programming/serialization-
formats/a-comparison-of-serialization-formats/
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File Size (MiB, 10k records) | File Size (MiB, 100k records)

csv 0.41 4.2
json 0.81 8.2
xml 1.50 15
yaml 0.80 8.1

https://blog.mbedded.ninja/programming/serialization-
formats/a-comparison-of-serialization-formats/
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Box plot

malignant = df[df['diagnosis']=="M']['area_mean’]
benign = df[df['diagnosis']|=='B']['area_mean’]

fig = plt.figure()
ax = fig.add_subplot(111)

ax.boxplot([malignant,benign], labels=['M', 'B"])

Data analysis and visualization
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Box plot
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Thank you for your time
and
See you at the next lecture

Any other
guestions & comments

l.kozlowski@mimuw.edu.pl
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