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Y Let's start with an example!

amazon
We tell five people on . ~— . to rate job Max Musterman®
applications of people applying as data scientist, — = ?
on a scale from 1 to 5. lﬁ
What could be potential problems? — e
Tell us on menti.com -
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Y Possible Issues
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Y Where does your data come from?

US-Military in WW2:

, We need more armour in the
areas that were hit most*

Data came from planes that returned from missions

=P Survivorship Bias m
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https://en.wikipedia.org/wiki/Survivorship_bias
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Y What is your data not showing?

It depends on the negative examples!

=P Negative Set Bias (in section 3.2)
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https://people.csail.mit.edu/torralba/publications/datasets_cvpr11.pdf

Y Other types of biases

« Selection bias (e.g. camera angle)
ImageNet cars

« Bias in reality
e.g. searching for ,3 black teenagers”
vs. ,,3 white teenagers”
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products to preference
show of the user
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https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf

7% TECHNISCHE
“G7/~\ UNIVERSITAT
9/~ DARMSTADT

Y How much data do you need?

0.90

Depends on... - [

— 64

. Model-type P

Number of parameters = 7

Al

« Number of features

070

About 10 times more samples than 68

parameters is a good place to start. 060, P E— e

num-training-samples / num-model-parameters
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https://medium.com/@malay.haldar/how-much-training-data-do-you-need-da8ec091e956
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Y More data is almost always better

.85 4
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Y Value of a Dataset

...but only if the bias matches the test data!

SUNO9 market | LabelMe market | PASCAL market | ImageNet market | Caltech101 market
1 SUNO9 is worth 1 SUNO9 0.91 LabelMe 0.72 pascal 0.41 ImageNet 0 Caltech
1 LabelMe is worth 0.41 SUNO9 I LabelMe 0.26 pascal 0.31 ImageNet 0 Caltech
I pascal is worth 0.29 SUNO9 0.50 LabelMe | pascal 0.88 ImageNet 0 Caltech
I ImageNet is worth 0.17 SUNO9 0.24 LabelMe 0.40 pascal I ImageNet 0 Caltech
1 Caltech101 is worth 0.18 SUNO9 0.23 LabelMe 0 pascal 0.28 ImageNet 1 Caltech
Basket of Currencies 0.41 SUNO9 0.58 LabelMe 0.48 pascal 0.58 ImageNet 0.20 Caltech

=P [Vleasuring Dataset’s Value (in section 4)
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https://people.csail.mit.edu/torralba/publications/datasets_cvpr11.pdf

7% TECHNISCHE
“G7/~\ UNIVERSITAT
9/~ DARMSTADT

Y How do you get good data?

 (Contains: context, action & outcome
« Avoid feedback loops

 C(Collected in interactions that users care about

- Best: implicit actions on real usage (avoiding interrater reliability issues)

« Test on other data as well! (cross dataset generalization) 5
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(Y Possible Issues

wrong data
©.9. people who are 18

yo and. have 25 years of
working experience“
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[Y How do you get clean data?

Let us introduce you to 3 examples:

Unit Tests

Data Linting for Data HoloClean

...for automatic

...for simple errors. '
P ...for complex cleaning.

constraints.

—

,level of aggression*
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[Y How do you get clean data?

Data Linting Data Linting

detects potential (simple) errors:

1. miscodings of data 2. outliers 3. packaging errors
e.g.:

unnormalized

features duplicates

- WS
e.g. wide ranges ) e.g. duplicate 10

values

_» The Data Linter
(paper by Hynes et al.)
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[Y How do you get clean data?

06

Data Linting

Frequency of

Data Lints

04

02

Across

600 Kaggle
Data Sets

proportion of datasets with lint

=> The Data Linter

(paper by Hynes et al.)
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[Y How do you get clean data?

Unit Tests for Data

tests potential constraints in incrementally growing datasets:

Unit Tests
1. completeness 2. consistency 3. statistics for Data

e.g.:

hasStandardDeviation

Check if standard deviation
matches expected value

Automating Large-Scale
=>

Data Quality Verification
(paper by Schelter et al.)
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http://www.vldb.org/pvldb/vol11/p1781-schelter.pdf

[Y How do you get clean data?

Unit Tests for Data

5

6 checks += Check(Level.Error) Unit Tests

7 .isComplete(“custcmerId", "title",

8 "impressionStart", "impressionEnd", for Data

9 "deviceType", "priority")

10 .isUnique("customerId", "countryResidence",

11 "deviceType", "title")

12 .hasCountDistinct ("title", _ <= numTitles)

13 .hasHistogramValues ("deviceType",

14 _.ratio("phone”™) <= maxExpectedPhoneRatio) -

i, = Automatlng Larq.e.-Sc.aIe
: Data Quality Verification

+ Constraint Suggestion + Anomaly Detection (paper by Schelter et al.)
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HoloClean

automatically cleans online data, combining:

1. integrety constraints 2. statistics 3. External data

HoloClean

e.g. l.'ecognizing

€.g. repairij
Zip < city Pairing

Misscodings

outliers like typos

HoloClean: Holistic Data Repairs

=P ith Probabilistic Inference
(paper by Rekatsinas et al.)
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Visualize your Data
e e.g. by using Facets

2 Find mistakes in your Data

« €.g. by using a Data Linter

Automatically clean your Data
« €.g. by using HoloClean
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https://pair-code.github.io/facets/
https://github.com/brain-research/data-linter
https://github.com/HoloClean/holoclean
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&h Take-Aways | Summary

Watch out for Good data should contain
. biases! 4 . context, action & outcome!

If possible, test Don‘t just use your data,
2 . on other data! 5 . look for fixable errors!

Get In online learning systems:
3 . enough data! 6 . test your data continually!
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[Y How do you get clean data?

Data Linting

Data Linting *“

Historgram of ’

# of Lints 100

per DataSet :
Across E 60
600 Kaggle 5 .
Data Sets

20

=> The Data Linter
10 (paper by Hynes et al.)

=

2 4 6 8
number of lint detectors triggered
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