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Common Cases

I Faulty sensors

I Unanswered survey questions

I Data corruption

I Other examples?
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Why do we care?

np.mean(data) −→ NaN



Why do we care?

np.mean(data) −→ NaN

Tip 1

numpy.ma is very useful for representing missing data:
x = np.array([1, 2, 3, -1, 5])

mx = ma.masked array(x, mask=[0, 0, 0, 1, 0])

mx.mean() X
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Missing Completely At Random
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Types of Missing Data - MAR
Missing At Random



Types of Missing Data - NMAR
Not Missing At Random



A Few More Tips

Tip 2

If you have missing data, domain knowledge is your friend.



A Few More Tips

Tip 3

If you don’t know what kind of missing data you have, assume that
it is MAR.



A Few More Tips

Tip 4

If the presence of missing data is important, don’t throw that
information away!



MissForest
R Package (Stekhoven and Bühlmann, 2012)
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MissForest
R Package (Stekhoven and Bühlmann, 2012)
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Data Wig
Python Library

Product Type Description Picture Size Colour

SD Card Best SD Card ever ... 128MB Black

Half Life 3 Coming SoonTM 30GB NA

Dress Fantastic summer dress ... M ?

Shoe ... in size 11 ... ? Blue



Mathematica
LearnDistribution[] + SynthesizeMissingValues[]

iris = ExampleData[{"MachineLearning", "FisherIris"},
"Data"][[All,1, {1, 3}]];
ld = LearnDistribution[iris];
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Mathematica
LearnDistribution[] + SynthesizeMissingValues[]

iris = ExampleData[{"MachineLearning", "FisherIris"},
"Data"][[All,1, {1, 3}]];
ld = LearnDistribution[iris];

SynthesizeMissingValues[ld, {5.5, Missing[]}] −→
{5.5, 1.83949}



Mathematica
LearnDistribution[] + SynthesizeMissingValues[]



Mathematica
LearnDistribution[] + SynthesizeMissingValues[]



Multiple Imputation

Tip 5

If you need some idea of the uncertainty in your imputation do
Multiple Imputation.



Multiple Imputation
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Multiple Imputation
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Automatic Imputation
My research

π 0 1 ? 1 NaN 0.1
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Work supervised by Prof. Zoubin Ghahramani and Dr. Christian
Steinruecken.



What I didn’t get to talk about

I Imputation for time-series. (I’d use GPs.)

I Specifics of density imputation using EM (Ghahramani and
Jordan, 1996)

I Specifics of regression imputation, especially
MissForest (Stekhoven and Bühlmann, 2012)

I Specifics of automatic imputation

I Cutting edge techniques using deep learning – GAIN. (Yoon
et al., 2018)

I Probabilistic Deep Learning (Gal and Ghahramani, 2016)
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Types of Missing Data

0

7

14 MCAR

0

20

40

R
M
S
E MAR

10 20 30 40 50

0

50

100

% Missing

NMAR

MissForest GMM Mean Imputation


	Practice
	Packages
	Tips  Tricks

	Future Work  Extra Reading

