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This lecture shows a typical data science

pipeline and recaps data cleaning techniques.



Frame Problems

Literature review
Domain knowledge gaps
Survey/interview study

Community outreach

Deploy Models

Build data products
Communicate findings
Research user behaviors

Study social impact

What people typically think :
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Collect Data

Get data from infrastructure
Build data collection tools
Scrape data online
Annotate data
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Model Data

Extract features
Fit computational models
Validate hypotheses

Evaluate results

..'l

Preprocess Data

Impute missing data

Filter/transform data

Align multi-modal data

Check data quality

Explore Data

Visualize and plot data
Find patterns and trends
Formulate hypotheses

Build data exploration tools

The reality of the data science pipeling: ====x===:



This course uses existing scenarios and cases with well-defined

problems. However, in the real world, we need to define and frame the problems first.
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Figure sources are in the slides for the first lecture.



Collect Data This course assumes that someone has collected the data for you. In

reality, you may need to collect data using sensors, crowdsourcing, mobile apps, etc.

[ ] Data en informatie

> Researchers

< > C & data.amsterdam.nl

& prolific.co,

§ Gemeente

x Amsterdam

Populaire kaartlagen

Kadastrale
perceelsgrenzen

De Basisregistratie
kadaster (BRK) bevat
informatie over kadastrale
objecten (percelen en
appartementsrechten). De
kaartlaag kadastrale
perceelgrenzen toont de
kadastrale grenzen en de
grenzen van de gemeente

Amsterdam.

Vragen

Heeft u een vraag en kunt
u het antwoord niet vinden

Meetbouten -
Zakkingssnelheid

De registratie meetbouten
bevat de meetgegevens
van bouten in de
Amsterdamse panden. Het
doel van de meetbouten is
het monitoren van de
deformatie (zakkingen of
stijgingen). Dit wordt
inzichtelijk gemaakt op

deze kaartlaag.

Colofon

> Databeleid

Inloggen  Menu =

Toon alle kaartlagen

Parkeren - Fiscale
indelingen

De kaartlaag parkeren -
fiscaal geeft visueel
informatie over de fiscale
indeling in Amsterdam.
Krijg via de kaart inzicht in
waar er fiscaal parkeren en
waar er niet-fiscaal
parkeren van toepassing

is.

Volg ons

¥ f in O

GGD Amsterdam Data Portal

(P Prolific —

Set your study live to thousands of reliable
participants in minutes.

Get started

Testing your memory of
a crime scene

£7.50/hour
7 mins

500 places

Chicago
United States

Time taken: 8 mins

London
United Kingdom

Time taken: 10 mins

Washington

United States
N . .

Prolific Tool for Data Annotation

Smell PGH

How does your air smell right now?

1 Just fine!

2 Barely noticeable

I 3 Definitely noticeable

I 4 1ts getting pretty bad

I 5 About as bad as it gets!

Describe the smell or source of odor

e.g. industrial, woodsmoke, rotten-eggs

Any symptoms linked to the odor?

€.g. headache, sore throat, eye irritation

€.g. If you submit more than one report in the same ]
[ day

L

Smell Report

Mobile App Data Collection



https://data.amsterdam.nl/
https://www.prolific.co/
https://smellpgh.org/

Collect Data

There are also other sources for getting public datasets, such as

Hugging Face, Zenodo, Google Dataset Search, government websites, etc.

£ Hugging Face - The Al commu X +

@& huggingface.co,

2. Search models, datasets, users...

~ Hugging Face

Datasets 20,508

Filter by name

- glue
Preview - Upd 11 days ago 737k -+ © 99
openwebtext

Updated Nov 3, 2022 325k 35

- blimp
Preview - Updated 5 da 242k 20
imdb
Preview - U ed Nov 18, 2022 242k ’ 48

super_glue

Preview - Updated 11 days ago 229k » 50
red_caps

Preview « Updated 11 d. L 178k 22

HuggingFaceM4/cm4-synthetic-testing

Prev Updated Nov 22, 2022 171k 1
~ wikitext
® Preview « Up 167k 69
- textvqa
Updated Nov 18, 202

squad

Preview - Updated Nov 3, 2022 140k 44

¥ Add filters

Tl Sort: Most Downloads

Zenodo - Research. Shared. X+

@ & zenodo.org

Featured communities

©@ 6 % *» 0O

Communities

. [

Need help uploading? Contact us

- Transform to Open Science
v
TOPS Transform to OPen Science (TOPS) is a $40 million, 5-year mission, led by
) NASA's Science Mission Directorate’s Open-Source Science initiative. Within

the TOPS mission, NASA is designating 2023 as the Year Of Open Science, a
community initiative to spark change and inspire open science.

Curated by: nasatransformtoopen

Recent uploads

 Feiruan 3, 2023 (118.2) | Sofvare | Gpen ccess
Flowminder/FlowKit: 1.18.2

View

Jonathan Gray; maxalbert; James Harrison; Thingus; dependabot-support; Bhavin Panchal; Dan Williams; OwIHute;

flowstef; Guilherme Zagatti; Christopher J Brooks; The Gitter Badger
Fixed Fixed migrations being missing from the built FlowAuth docker images #5818

Uploaded on February 3,2023
35 more version(s) exist for this record

[ February 32023 (w0519 | Sotvre J open Access
Trixi.jl

View

Schlottke-Lakemper, Michael; ® Gassner, Gregor J.; ® Ranocha, Hendrik; ® Winters, Andrew R.; @ Chan, Jesse

Adaptive high-order numerical simulations of hyperbolic PDEs in Julia

Uploaded on February 3, 2023

@ Dataset Search X +

@ datasetsearch.research.google.com,

Google Q sustainability

v Last updated v Download format

v Topic Free

100+ datasets found

statista¥ pata sustainability as main
consideration in global...
statista.com

Updated Mar 4, 2022

Australian land-use and
sustainability data: 2013 to 2050
researchdata.edu.au

data.csiro.au

Updated Jul 31, 2020

Bloombers. £ vironmental, Social and

Governance Data
bloomberg.com

) text/vnd blp.di.std
Updated Mar 29, 2021

statista %

Sustainability reporting rate 2020,
by sector

statista.com

dollphine.com

Updated Jul 6, 2022

v Usage rights Saved datasets

n <

statista &

Data sustainability as main
consideration in global
organizations 2020, by country

Explore at: [zSEGRERSCN]

Dataset updated
Mar 4, 2022

Dataset authored and provided by
Statista

Time period covered

Aug 2020

Area covered

United States
Description

Germany is the country that leads in terms of
data sustainability as a key consideration of
data governance in organizations in 2020, as 66
percent of respondents from Germany
acknowledged that this is the case. Other
noteworthy countries that are mindful of data
sustainability, namely to ensure data production,
storage, and use are sustainable, are the United
States and the United Kingdom.

https://zenodo.orgf#carousel-featured-communities

Hugging Face Zenodo Google Dataset Search



https://huggingface.co/
https://zenodo.org/
https://datasetsearch.research.google.com/

This course will focus on pandas, which is a very handy Python library

for preprocessing structured data. We will cover the following techniques:

* Filter unwanted data » Scale column values

« Aggregate data (e.g., sum) * Resample time series data

* Group data based on a column * Roll time series data in a window
* Sort rows based on a column « Apply a transformation function
« Concatenate data frames * Use regular expressions

* Merge and join data frames * Drop rows or columns

« Quantize continuous values into bins * Treat missing values

10 minutes to pandas -- https://pandas.pydata.org/docs/user_guide/10min.html



https://pandas.pydata.org/docs/user_guide/10min.html

Filtering can reduce a set of data based on specitic criteria. For
example, the left table can be reduced to the right table using a population threshold.

population
Amsterdam
Rotterdam
Den Haa

D Utrechtg
Amsterdam 853,312 Uiloug False Amsterdam 853,312
Rotterdam 639,587 D[D["population"]>500000] Rotterdam 639,587
Den Haag 526,439 > Den Haag 526,439

Utrecht 344,384
Eindhoven 227,100
Tilburg 214,157

More about filtering data -- https://pandas.pydata.org/docs/user_guide/indexing.htm|



https://pandas.pydata.org/docs/user_guide/indexing.html

Aggregation reduces a set of data to a descriptive statistic. For

example, the left table is reduced to a single number by computing the mean value.

population

Amsterdam 853,312
Rotterdam 639,587 D["population"] .mean ()
Den Haag 526,439
Utrecht 344,384
Eindhoven 227,100
Tilburg 214,157

More about aggregation -- https://pandas.pydata.org/pandas-docs/stable/reference/frame.html#computations-descriptive-stats



https://pandas.pydata.org/pandas-docs/stable/reference/frame.html

Grouping divides a table into groups by column values, which can be

chained with data aggregation to produce descriptive statistics for each group.

province population city

Noord-Holland 853,312 Amsterdam

: 639,587 Rotterdam
D Zuid-Holland 574439 Den Haag
. . . Utrecht 344,384 Utrecht
city province population

province population

Amsterdam  Noord-Holland 853,312 Noord-Brabant  227.100 Eindhoven Noord-Holland 853,312
214,157 Tilburg
Rotterdam Zuid-Holland 639,587 Zuid-Holland

1,166,026
D.groupby ("province").sum{()
Utrecht Utrecht 344,384 i > Utrecht 344,384

Eindhoven Noord-Brabant 227,100

Den Haag Zuid-Holland 526,439

Tilburg Noord-Brabant 214,157

Noord-Brabant 441,257

More about grouping -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.groupby.html

10


https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.groupby.html

Sorting rearranges data based on values in a column, which can be

useful for inspection. For example, the right table is sorted by population.

D
Eindhoven 227,100 Tilburg 214,157
Den Haag 526,439 D.sort values (by=["population"]) Eindhoven 227,100
Tilburg 214,157 > Utrecht 344,384
Rotterdam 639,587 Den Haag 526,439
Amsterdam 853,312 Rotterdam 639,587
Utrecht 344,384 Amsterdam 853,312

More about sorting -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.sort_values.html



https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.sort_values.html

Concatenation combines multiple datasets that have the same

variables. For example, the two left tables can be concatenated into the right table.

A

city population

Amsterdam 853,312

Rotterdam 639,587 city population

Den Haag 526,439 Amsterdam 853,312

bandas. concat ([A, B]) Rotterdam 639,587

> Den Haag 526,439

Utrecht 344,384

city population Eindhoven 227,100

Utrecht 344,384 Tilburg 214,157
Eindhoven 227,100
Tilburg 214,157

More about concatenation -- https://pandas.pydata.org/docs/reference/api/pandas.concat.html



https://pandas.pydata.org/docs/reference/api/pandas.concat.html

Merging and joining is a common method (in relational databases) to

merge multiple data tables which have overlapping set of instances.

Figure source -- https://en.wikipedia.org/wiki/Join_(SQL)

* Inner join * Left (outer) join

» Outer join » Right (outer) join

13


https://en.wikipedia.org/wiki/Join_(SQL)

city population

A

Amsterdam 853,312
Rotterdam 639,587
Den Haag 526,439

Utrecht 344,384

Eindhoven 227,100

Tilburg 214,157
B

Amsterdam 42.4
Rotterdam 40.9
Den Haag 41.1

Utrecht 41.4

Eindhoven 43.8

Zwolle 40.9

Use “city” as the key to merge A and B

A.merge (B, how="inner",

on="city")

Inner join

>

city

Amsterdam
Rotterdam

Den Haag

Utrecht

Eindhoven

population

853,312
639,587
526,439
344,384
227,100

air_quality
42 4
40.9
41.1
414
43.8

More about merging -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.htm|



https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.html

city population

A

Amsterdam 853,312
Rotterdam 639,587
Den Haag 526,439

Utrecht 344,384

Eindhoven 227,100

Tilburg 214,157
B

Amsterdam 42.4
Rotterdam 40.9
Den Haag 41.1

Utrecht 41.4
Eindhoven 43.8
Zwolle 40.9

Use “city” as the key to merge A and B

A.merge (B, how="left",

on="city")

Left join

>

city
Amsterdam
Rotterdam
Den Haag
Utrecht
Eindhoven
Tilburg

population

853,312
639,587
526,439
344,384
227,100
214,157

air_quality
42.4
40.9
411
41.4
43.8
NaN

More about merging -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.htm|



https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.html

city population

A

Amsterdam 853,312
Rotterdam 639,587
Den Haag 526,439

Utrecht 344,384

Eindhoven 227,100

Tilburg 214,157
B

Amsterdam 42.4
Rotterdam 40.9
Den Haag 41.1

Utrecht 41.4

Eindhoven 43.8

Zwolle 40.9

Use “city” as the key to merge A and B

A.merge (B, how="right",

on="city")

Right join

>

city
Amsterdam
Rotterdam
Den Haag
Utrecht
Eindhoven

Zwolle

population

853,312
639,587
526,439
344,384
227,100
NaN

air_quality
42.4
40.9
411
41.4
43.8
40.9

More about merging -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.htm|



https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.html

A

city population

Amsterdam
Rotterdam
Den Haag

Utrecht

Eindhoven

Tilburg

853,312
639,587
526,439
344,384
227,100
214,157

B

air_quality
Amsterdam 42.4
Rotterdam 40.9
Den Haag 41.1
Utrecht 41.4
Eindhoven 43.8

Use “city” as the key to merge A and B

A.merge (B, how="outer", on="city")
>

* Quter join

city
Amsterdam
Rotterdam
Den Haag
Utrecht
Eindhoven
Tilburg

Zwolle

population

853,312
639,587
526,439
344,384
227,100
214,157
NaN

air_quality
42.4
40.9
411
41.4
43.8
NaN
40.9

More about merging -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.htm|



https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.merge.html

Quantization transforms a continuous set of values (e.g., integers)

into a discrete set (e.g., categories). For example, age is quantized to age range.

D
name age name age
: bin = [0,20,50,200] :

Jantje 8 I, = ["1—20","21—50","5l+"] JantJe 1_20

Piet 16 pandas.cut (D["age"], bin, labels=L) Piet 1-20
Maria 22 > Maria 21-50
Renske 34 Renske 21-50
Donald 65 Donald 51+

7
6

15
5
a

10
3 ’ _>
2

5
1
o
2000 2500 3000 3500 4000 4500 5000 o 2000 2500 2000 3500 2000 2500 5000

More about quantization -- https://pandas.pydata.org/docs/reference/api/pandas.cut.html



More%20about%20quantization%20--%20https:/pandas.pydata.org/docs/reference/api/pandas.cut.html

Scaling transforms variables to have another distribution, which puts

variables at the same scale and makes the data work better on many models.

population air_quality

1.5273 0.6039
» Z-score scaling (representing how many 0.6812 -0.3496
D standard deviations from the mean) . 0.2333 0.2225
853,312 42.4 -0.9516 1.4938
639,587 40.9 -1.0029 -1.4938
526,439 41.1 —]

227,100 43.8 ! 0.7021
214,157 39 1 *  Min-max scaling (making the value 0.6656 0.3830
range between 0 and 1) 0.4886 0.4255
(D-D.min()) / (D.max()-D.min()) g 0.2037 0.4894

0.0203 1

0 0

More about scaling data -- https://scikit-learn.org/stable/modules/preprocessing.html 19



https://scikit-learn.org/stable/modules/preprocessing.html

You can resample time series data (i.e., the data with time stamps) to

a different frequency (e.g., hourly) using different aggregation methods (e.g., mean).

timestamp v timestamp v

2016-10-31 07:30:00  52.60 2016-10-31 08:00:00  52.60
D. le ("60Min", label="right").
2016-10-31 08:30:00  48.30 resample (ToOMnT, tabelmiright) mean ) J | 2016-10-3109:00:00  46.25

2016-10-31 08:53:20 44.20 2016-10-31 10:00:00  31.10
2016-10-31 09:30:00  31.10

More information about the “resample” function -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.resample.html 20



https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.resample.html

You can use the rolling window operation to transform time series

data using different aggregation methods (e.g., sum).

timestamp
2016-10-31 08:00:00
2016-10-31 09:00:00
2016-10-31 10:00:00
2016-10-31 11:00:00
2016-10-31 12:00:00

D["v2"]=D["v1l"].rolling (window=3) .sum()

>

timestamp \

2016-10-31 08:00:00 NaN
2016-10-31 09:00:00 NaN

2016-10-31 10:00:00  129.95

2016-10-31 11:00:00  89.56
2016-10-31 12:00:00  71.95

More information about the “rolling” function -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.rolling.html

21


https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.rolling.html

You can apply a transformation to rows or columns in the data frame.

D
3.6
NaN
5.1

D

343
351

359
5
41
25

def £ (x):
if pd.isna(x): return None
else: return x<5
D["is calm"] = D["wind mph"].apply(f)

Very slow if you have a lot of rows!

.deg2rad (x))
.apply (f)

return
D["wind '

D["wind sine"] = np.sin(np.degZ2rad(D["wind deg"]))

@ Better to transform the entire column directly!

>

wind_mph is_calm

3.6 True
NaN None
5.1 False

wind_deg wind_sine

343 -0.292372
351 -0.156434
359 -0.017452
5 0.087156
41 0.656059
25 0.422618

More information about the “apply” function -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.apply.html

22


https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.apply.html

To extract data from text or match text patterns, you can use regular

expression, which is a language to specify search patterns.

D

This means matching

WACV_2023 WACV_2023 2023
WACV D["year"] = D["venue"].str.extract WACV NaN
2023NeurlPS 2023NeurlPS 2023
CVPR2022 CVPR2022 2022

More information about regular expressions -- https://docs.python.org/3/library/re.html



https://docs.python.org/3/library/re.html

We can drop data that we do not need, such as duplicate data

records or those that are irrelevant to our research question.

city population year
Amsterdam 853,312 2018
Rotterdam 639,587 2018
Den Haag 526,439 2018

city population  year

Amsterdam 853,312 2018
639,587 2018
526,439 2018
344,384 2018
227,100 2018

Rotterdam

Utrecht

0
1
2  Den Haag
3
4

Eindhoven

5 Amsterdam 862,965 2019
6 Utrecht 344,384 2018

pandas.drop (columns=["year"])

pandas.drop ([5, 6])

>

city population

Amsterdam 853,312
Rotterdam 639,587
Den Haag 526,439
city population
O Amsterdam 853,312
1 Rotterdam 639,587
2 Den Haag 526,439
3 Utrecht 344,384
4  Eindhoven 227,100

year
2018
2018
2018
2018
2018

More information on dropping data -- https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.drop.htm|

24


https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.drop.html

We can either drop the rows (i.e., the records/observations) or the

columns (i.e., the variables/attributes) that contain the missing values.

city
Amsterdam
Rotterdam
Den Haag
Utrecht
Eindhoven
Tilburg

population
853,312
639,587
526,439
344,384
227,100
214,157

air_quality
42.4
40.9
41.1
41.4
43.8

drop column

drop row

>

>

city population

Amsterdam 853,312
Rotterdam 639,587
Den Haag 526,439
Utrecht 344,384
Eindhoven 227,100
Tilburg 214,157
city population

Amsterdam 853,312
Rotterdam 639,587
Den Haag 526,439
Utrecht 344,384
Eindhoven 227,100

air_quality
42.4
40.9
41.1
41.4
43.8

More information on dropping data -- https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.dropna.html



https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.dropna.html

We can replace the missing values (i.e., imputation) with a constant,

mean, median, or the most frequent value along the same column.

city
Amsterdam
Rotterdam
Den Haag
Utrecht
Eindhoven
Tilburg

population
853,312
639,587
526,439
344,384
227,100
214,157

air_quality
42.4
40.9
41.1
41.4
43.8

constant
imputation

>

mean
imputation

>

city population air_quality
Amsterdam 853,312 42.4
Rotterdam 639,587 40.9
Den Haag 526,439 411
Utrecht 344,384 41.4
Eindhoven 227,100 43.8
Tilburg 214,157 -1
city population air_quality
Amsterdam 853,312 42.4
Rotterdam 639,587 40.9
Den Haag 526,439 411
Utrecht 344,384 41.4
Eindhoven 227,100 43.8
Tilburg 214,157 41.92

More information univariate imputation -- https://scikit-learn.org/stable/modules/impute.html#univariate-feature-imputation



https://scikit-learn.org/stable/modules/impute.html

We can model missing values, where y is the variable/column that

has the missing values, X means other variables, and F is a regression function.

population (X)  air_quality (y) city population (X)  air_quality (y)

Amsterdam 853,312 Amsterdam 853,312 42 .4
Rotterdam 639,587 40.9 Rotterdam 639,587 40.9
Den Haag 526,439 41.1 y=F&) > Den Haag 526,439 41.1
Utrecht 344,384 41.4 Utrecht 344,384 41.4
Eindhoven 227,100 43.8 Eindhoven 227,100 43.8
Tilburg 214,157 Tilburg 214,157 42.46

More information on multivariate imputation -- https://scikit-learn.org/stable/modules/impute.html#multivariate-feature-imputation



https://scikit-learn.org/stable/modules/impute.html

Different missing data may require different data cleaning methods.

Missing Not At Random is a big problem and cannot be solved simply with imputation.

MCAR
Missing Completely At Random:

* Missing data is a completely
random subset (no relations)
of the entire dataset.

Link to soﬁrcg’f’l

MAR

Missing at Random:
* Missing data is only related to
variables other than the one

having missing data.

~ Linkto source

MNAR

Missing Not At Random:
« Missing data is related to the
variable that has the missing

data. (e.g., sensitive questions)

Do you have any history of mental
iliness in your family? If yes, who in
your family?

O No
O Other:

https://aph-qualityhandbook.org/set-up-conduct/process-analyze-data/3-2-quantitative-research/3-2-2-data-analysis/handling-missing-data/

28


https://www.wisbar.org/NewsPublications/WisconsinLawyer/Pages/Article.aspx?Volume=90&Issue=2&ArticleID=25387
https://www.wsj.com/articles/a-placebo-for-pain-reliefeven-when-you-know-its-not-real-11579525202
https://aph-qualityhandbook.org/set-up-conduct/process-analyze-data/3-2-quantitative-research/3-2-2-data-analysis/handling-missing-data/

You really need to practice coding a lot to

know and internalize how these things work!

 Pandas exercises on GitHub

» Pandas exercises on Kaggle

e Pandas exercises on W3Schools

« Pandas exercises by UC Berkeley School of Information

« Pandas exercises on GeeksforGeeks

« Pandas exercises on w3resource

29


https://github.com/guipsamora/pandas_exercises
https://www.kaggle.com/code/icarofreire/pandas-24-useful-exercises-with-solutions
https://www.w3schools.com/python/pandas/pandas_exercises.asp
https://ischoolonline.berkeley.edu/blog/python-pandas-practice-problems/
https://www.geeksforgeeks.org/pandas-practice-excercises-questions-and-solutions/
https://www.w3resource.com/python-exercises/pandas/index.php

Explore Data Information visualization is a good way for both experts and

laypeople to explore data and gain insights.

L] How much fishiis landed? - Th X + v
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The Netherlands in numbers 2022

% The Netherlands in numbers 2022

Average distance from a museum is 4 km

. -
How much fish is landed?
We ek 0 n average'? could choose from an average of 3.5 Dutch museums within a travel distance of five kilometres. 1112021, 1 Simiuiit o fish brought into Distch fishery ports fram sea was 64315 million

= How much do we cycle per

In 2020, Dutch people lived at an average distance® of 4.0 kilometres from a museum.oThey

Noord-Holland had the most museums within this distance out of all the provinces, with an

average of 8.9. Within this province, residents of Amsterdam enjoyed the most choice with kilograms. That Is 17 percent more than n the previous year. Most of the fish, 91 percent,

landed frozen via trawlers, with the rest landed fresh by cutters. Blue whiting was the most

In 2020, the 12 to 17-year-olds cycled most frequently, either on bicycles or e-bikes. They also 23.7 museums within five kilometres, followed by Haarlem residents with 6.1 museums.

travelled the most kilometres: an average of 33 kilometres per person per week. The over-75s Zuid-Holland also offered relatively high choice with an average of 5.1 museums within five la.nded frozen fish at15.9 milllon kilograms, plalce the most tanded fresh fish at 17.6 million
preferred the bicycle least. They cycled an average of 14 kilometres per week, as many as 25 to kilometres. In that province, the highest number of museums within this distance was seen in kilograms.

34-year-olds. The Hague (13.4 museums) and in Leiden (9.7 museums).

Number of Dutch museums within a 5-km radius by road, 2020

Hoeveel fietsen we gemiddeld per week?

How much do we cycle per week on average? L
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Show datatable Trawlers landed 404.1 million kilograms of fish. These fishing vessels with funnel-shaped nets

concentrate on schools of fish swimming in deeper waters. In 2021, they mainly landed blue

The Netherlands in Numbers -- https://longreads.cbs.nl/the-netherlands-in-numbers-2022/ 30
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Explore Data You can use the Python seaborn library (based on matplotlib) to

quickly plot and explore structured data.

M seaborn: statistical data visual X +

@ seaborn.pydata.org,

@Seaborn Installing Gallery Tutorial APl Releases Citing FAQ

seaborn: statistical data visualization

_/—/—\ -
—
1
1955 E
R
r T
1958
PN ~fH
Seaborn is a Python data visualization library based on matplotlib. It provides a high-level
interface for drawing attractive and informative statistical graphics. Contents Features
Installin D Objects: API | Tutorial
For a brief introduction to the ideas behind the library, you can read the introductory notes or 9 m ) l .
- : i Galler « Relational plots: API | Tutorial
the paper. Visit the installation page to see how you can download the package and get y o .
L . ) o Distribution plots: API | Tutorial
started with it. You can browse the example gallery to see some of the things that you can do Tutorial . .
’ ¢ . e Categorical plots: API | Tutorial
with seaborn, and then check out the tutorials or API reference to find out how. API ; ;
« Regression plots: API | Tutorial
To see the code or report a bug, please visit the GitHub repository. General support questions Releases * Multi-plot grids: API | Tutorial
are most at home on stackoverflow, which has a dedicated channel for seaborn. Citing * Figure theming: API | Tutorial
FAQ e Color palettes: API | Tutorial

The Seaborn Library for Statistical Data Visualization -- https://seaborn.pydata.org/
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Explore Data

[ & Plotly Python Graphing Library X

& > C @& plotly.com/

|||I plotly | Graphing Libraries

¥ Quick Reference
Getting Started

Is Plotly Free?
Figure Reference
API| Reference

EN)]

GitHub

community.plotly.com

¥ Examples
Fundamentals
Basic Charts
Statistical Charts

Scientific Charts

Bie | i plotly

Acceler‘art‘ingi“él’-nergy
Trading Analytics

with Dash Enterprise
February 15, 4pm CET

+

You can use the Python Plotly library to build interactive visualizations.

Plotly Open Source Graphing Library for Python

Plotly's Python graphing library makes interactive, publication-quality graphs. Examples of how to make line plots, scatter plots, area charts,
bar charts, error bars, box plots, histograms, heatmaps, subplots, multiple-axes, polar charts, and bubble charts.
Plotly.py is free and open source and you can view the source, report issues or contribute on GitHub.

Deploy Python Al Dash apps on private Kubernetes clusters: Pricing | Demo | Overview | Al App Services

More Fundamentals
Fundamentals ”
=g g -
e &if'}, v ; 7=
I\
\ { 4 - R
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il <
I ik
The Figure Data Creating and Updating Displaying Figures Plotly Express Analytical Apps with
Structure Figures

Dash

Basic Charts

More Basic Charts »

(31.656K, 82.603)

Plotly Open Source Graphing Library for Python -- https://plotly.com/python/

G
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Explore Data You can use the Voyant Tools to explore text data.

&) Voyant Tools

voyant-tools.org

&, Voyant Tools

Trends EH Document Terms

EH Terms «$ Links ? O TermsBerry ?

@®rules | @ dm @ characters | @ character = @ adventure
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s < 8 a flaw LOVV w > Introduction 00030
E = 1YPS e 5 s P 1
EX § place tell Q) o I I I ('D H d & This content is written for the Dungeon Master. It contains
o ? z Jbl]]l\’n 28 O" task Calle master a complete Dungeons & 8 00025
N ]Onsters fnrge Dragons adventure, as well as descriptions for every et
C aracter ('-f‘ creature and magic item that ag’_
term  refers appears in the adventure. It also introduces the world of Eooozo—
Cave dC the Forgotten Realms, one °
5 places ag pi of the game’s most enduring settings, and it teaches you ®.0015
B it 2 how to run a D&D game. &
e ‘ g O rockse The Basic Rules contain the rules you need to adjudicate
2 adventul er situations that arise during 0.0010+
Il = o the adventure.
ns g é e Running the Adventure 0.0005
; aQ " presents Lost Mine of Phandelver is an adventure for four to five
= appendix >
g “PPenc 8 2 £ characters of 1st level.
actions i g s N P ’ 0.0000 - -~ T T ' ’ " 7 7 P—
=k % 1 2 3 4 5 6 7 8 9 10
g Document Segments (Introduction This content is written for the Du...)
Terms: . Reset Display
[EERVOWERS BB Documents  EH Phrases ? EENONOWN @ Bubblelines BB Correlations ?
This corpus has 1 document with 3,009 total words and 958 unique word forms. Created about 2 minutes ago. Document Left Term | Right
Vocabulary Density: 0.318 [£] ' Introdu... contains a complete Dungeons & Dragons  ad... , as well as descriptions for
. L ntrodu... item that appearsinthe  ad... . It also introduces the worl
Readability Index: 10.009 B | Introd fom that i d Il trod th Id
[# ' Introdu... situations that arise during the  ad... . Running the Adventure Lost Mine
Average Words Per Sentence: 17.7 : . . ;
£ Introdu... during the adventure. Running the  ad...  Lost Mine of Phandelver is
Most frequent words in the corpus: adventure (29); characters (28); dm (22); character (16); rules (15) [ Introdu... Mine of Phandelveris an  ad...  for four to five characters
29 context (e expand (e

items: (e
Voyant Tools , Stéfan Sinclair & Geoffrey Rockwell (® 2023) Privacy v. 2.6.2

Voyant Tools -- https://voyant-tools.org/
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This course will teach you techniques for modeling structured, text,

and image data through three modules from a practical point of view.

Inputs

Input
| love Hugging Face!

Text
Classification
Model

Image
Classification
Model

Output

-—

POSITIVE
NEUTRAL

NEGATIVE

Output

-

Egyptian cat

-

Tabby cat

Tiger cat

Source: https://huggingface.co/tasks

0.900

0.100

0.000

0.514

0.193

0.068

Node 1
# of positive : negative samples
=316:16.378

Is Lawrenceville north-south wind direction (current hour)
times Liberty H,S (previous 1 hour) >2.19?

l No Yes

(...)

v

Node 2
# of positive : negative samples
=261:363

Is Parkway east-west wind direction (current hour)
times Liberty H,S (current hour) >2.86?

lNo

Source: https

Yes

A 4

Node 3
# of positive : negative samples
=154:74

v
()

://smellpgh.org/
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Model Data One example of image classification is optical character recognition,

such as recognizing digits from hand-written images.

Olol O olo|o] ol ol allel o
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LeCun et al. 1998. Gradient-based learning applied to document recognition. |IEEE.



A more complicated image classification task is fine-grained

categorization, such as categorizing the types of birds.

Rufous Hummingbird Rock Pigeon Canada Goose

Retrieved from https://ebird.org
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Model Data One example of text classification is sentiment analysis, such as

identifying emotions from movie reviews.

I STAR WARS: THE LAST JEDI REVIEWS —

All Critics Top Critics All Audience

< page10of4([J

Matthew * "Star Wars" is not "Breaking Bad," and the July 27,2018
Rozsa same narrative tricks that worked for the latter feel jarringly out
Salon.com of place in the former.

Full Review | Original Score: 2/4

Legh Pickett ' What's most interesting to me about The December 26, 2017
Chicago Last Jedi is Luke's return as the mentor rather than the student,
Reader grappling with his failure in this new role, and later aspiring to be

the wise and patient teacher.
Full Review | Original Score: 3/4

Jake Wilson . While The Last Jedi may not receive top December 16, 2017

The Age. marks for originality, the eighth official entry in the Star Wars

(Australia) saga is still one of the most entertaining blockbusters of the
year...

Full Review | Original Score: 3.5/5

L’AQ Peter Rainer ‘ Fanatics will love it; for the rest of us, itsa  December 15,2017 @

Ch_rIStia” tolerably good time.

SCIer‘we Full Review | Original Score: B

Monitor

Matthew @ e devoted will no doubt be delighted; for  December 15, 2017
L'°k°"§ the rest, a resigned acceptance may be the safest path to

San Diego enjoyment.

Reader

Full Review | Original Score: 2/5

Retrieved from https://www.rottentomatoes.com/m/star wars the last jedi
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A more complex text classification task is annotating paragraphs,

such as categorizing the research aspect for each fragment in the paper abstract.

For successful infection, viruses must recognize their respective host
cells. Acommon mechanism of host recognition by viruses is to
utilize a portion of the host cell as a receptor. Bacteriophage Sf6,
which infects Shigella flexneri, uses lipopolysaccharide as a primary Background
receptor and then requires interaction with a secondary receptor, a
role that can be fulfilled by either outer membrane proteins (Omp) A
or C. Our previous work showed that specific residues in the loops of

O] [N ELIEICES R Clelels W TO better understand Sf6 interactions Pu rpose
Wil foraNele] A= lET I We determined the kinetics of these

interactions through the use of biolayer interferometry, an optical
biosensing technique that yields data similar to surface plasmon
resonance. Here, we successfully tethered whole Sf6 virions,

determined the binding constant of Sf6 to OmpA to be 36 nM.
Additionally, we showed that Sfé bound to five variant OmpAs and

the resulting kinetic parameters varied only slightly. Based on these
propose a model in which Sf6: Omp receptor recognition is

not solely based on kinetics, but likely also on the ability of an Omp to
induce a conformational change that results in productive infection.

All rights reserved. No reuse allowed without permission.

Method

Finding

Other

Retrieved from https://arxiv.org/abs/2005.02367
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Deploying models in the wild can enable further quantitative or

qualitative research with insights, such as the push notitfication study in Smell Pittsburgh.

Observation 1

Bad Smell
Unnotified

©®

Observation 2

Y ~ confounders

Y: number of pageviews

~0.5 0.0 0.5 1.0
treatment ~ confounders

Hsu, Y. C., et al. (2020). Smell Pittsburgh: Engaging Community Citizen Science for Air Quality. ACM TiiS.
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Another example is to study the behaviors of deployed systems to

understand its social impact. For example, face recognition systems for recognizing

gender did worst on darker-skin female images.

Gender Darker Darker Lighter Lighter Largest
Classifier Male Female Male Female Gap
=' Microsoft 94.0% 79.2% 100% 98.3% 20.8%
: .: FACE** 99.3% 65.5% 99.2% 94.0% 33.8%
B B N
imm 88.0% 65.3% 99.7% 92.9% 34.4%
B BN N

Retrieved from the Gender Shades project on 2018 -- http://gendershades.org
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Take-Away Messages

« The data science pipeline is not always linear. Be flexible and open-minded!

« Be aware of the step of framing problems. This course assumes that the problems are defined.
« Collecting data requires well-designed software/hardware infrastructure.

« Being familiar with pandas can speed up the data preprocessing step.

« Different types of missing data require different treatments.

« Besides using descriptive statistics, it is also a good idea to visualize and explore data.
 Different types of data need different modeling techniques. There is no “one solution for all”.

 Itis important to study user behaviors and investigate the social impact of deployed models.



Questions?




