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Take-home message

m Imputation: should take into account the final analysis purpose
m Clustering: no imputation is needed in the model-based context

m Mixture models: flexible enough for accurate multiple imputation

MixtComp software

Clustering/imputation for mixed data
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Outline

Classifications(s): overview
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Today's data (1/2)

Today, it is easy to collect many features, so it favors
m data variety and/or mixed
m data missing

m data uncertainty (or interval data)

Mixed, missing, uncertain
Observed individuals x© € X

? 0.5 ?
0.3 0.1 green
0.3 0.6 {red,green}
0.9 [0.25 0.45] red

1 { 4

continuous  continuous categorical

NwWww o

1

integer




5/58

And also

Ranking data

Directional data

Ordinal data

Functional data

Graphical data

Dough resistance

200

600

400

Today's data (2/2)
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Kneading time (s)




Supervised classification (1/3)

m Data: learning dataset D = (x9,2)

n individuals: x = (xq, . . ., x») = (x%,x") belonging to a space X
Observed individuals x©

Missing individuals x

Partition in K groups Gi, ..., Gk: z= (z1,-..,2n), zi = (Zi1, - - -, Zik)’

xi € Gk & zip=lppy

m Aim: estimation of an allocation rule r from D

r: X — {l,...,K}
X0, —  r(x9).

6/58



7 /58

Supervised classification (2/3)

Mixed, missing, uncertain

Individuals x© | Partition z < Group
? 0.5 red 5 0 1 0 <« G
0.3 0.1 green 3 1 0 0 <« Gy
0.3 0.6 {red,green} 3 1 0 0 < Gy
0.9 [0.25 0.45] red ? 0 0 1 <« G3
4 { { {
continuous  continuous  categorical integer




Supervised classification (3/3)
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Semi-supervised classification (1/3)

m Data: learning dataset D = (x©, z°)

n individuals: x = (x1, .. ., x,) = (x°,x") belonging to a space X
Observed individuals x©

Missing individuals xM

Partition: z = (z1,...,2,) = (2%,2
Observed partition z°

Missing partition zM

")

m Aim: estimation of an allocation rule r from D

r: X — {l,...,K}
xp o r(xQ)-

m ldea: x is cheaper than z so H#zM > #ZO
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Semi-supervised classification (2/3)

Mixed, missing, uncertain

continuous  continuous  categorical

integer

Individuals x© | Partition z° & Group
? 0.5 red 5 o 7 ? & Gpor G
0.3 0.1 green 3 1 0 0 & Gy
0.3 0.6 {red,green} 3 ? 7 ? & 77
0.9 [0.25 0.45] red ? 00 1 o Gs
1 1 1 1
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Semi-supervised classification (3/3)
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Unsupervised classification (1/3)

m Data: learning dataset D = xo, s029 =10
m Aim: estimation of the partition z and the number of groups K

m Also known as: clustering
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Unsupervised classification (2/3)

Mixed, missing, uncertain

continuous  continuous  categorical

integer

Individuals x© | Partition z° < Group
? 0.5 red 5 7?7 ? = m
0.3 0.1 green 3 ? 7 ? & 77
0.3 0.6 {red,green} 3 ? 7 ? & 77
0.9 [0.25 0.45] red ? ? 7 ? & m
{ { { {
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Unsupervised classification (3/3)
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Traditional solutions (1/3)

Two main frameworks
m Generative models
= Model p(x, z)
m Thus direct model for p(x) = >, p(x, z)
m Easy to take into account some missing z and x
m Predictive models

u Model p(z|x) or sometimes 1(p(;|x)>1/2} or also ranking on p(z|x)
m Avoid asumptions on p(x), thus avoids associated error model
m difficult to take into account some missing z and x
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Traditional solutions (2/3)

No mixed, missing or uncertain data:

m Supervised classification®
m Generative models: linear/quadratic discriminant analysis
m Predictive models: logistic regression, support vector machines (SVM), k nearest
neighbourhood, classification trees. ..
m Semi-supervised classification?
m Generative models: mixture models

m Predictive models: low density separation (transductive SVM), graph-based methods. . .

m Unsupervised classification®

m Generative models: k-means like criteria, hierarchical clustering, mixture models
m Predictive models: -

1Govaert et al., Data Analysis, Chap.6, 2009
2Chapelle et al., Semi-supervised learning, 2006

3Govaert et al., Data Analysis, Chap.7-9, 2009
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Traditional solutions (3/3)

But more complex with mixed, missing or uncertain data. ..

= Missing/uncertain data: multiple imputation is possible but it should ideally take
into account the classification purpose at hand

m Mixed data: some heuristic methods with recoding

How to marry the classification aim with mixed, missing or uncertain data?
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Outline

Mixture model solution
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Density estimation (1/2)

Data: learning dataset D = x©, so z0 = ()
Aim: estimation of the distribution p(x)
Extension easy to: D = (x9,29) with zC # (

Useful for: data imputation and multi-purpose classification!
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ion (2/2)

ity estimation

Dens
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The mixture model answer in {0),semi,un} classification

m Rigorous definition of a group:
x1 € Gy <& xp is a realization of X1 ~ p,(x1)
m Mixture formulation:

Xijzy=1 ~ Pxlx1)
Z; ~ MUltK(l,ﬂ'l,...,ﬂ'K)

T

= Joint and marginal (or mixture) distributions:

K
(X1,Z1)  ~ ] lmepe(xa)l
k=1

K
Xi o~ p(xi) = mkpy(x1)
k=1

o
= Maximum a posteriori (MAP): with t(x0) = p(Zy, = 1]x0) = %ﬁf;)
1

rf) = arg,_max  1(xF)
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The mixture model answer for imputation

Straightforward also, for instance by the mode
£M = arg max p(x|x©)
xM

Other possibilities, depending on the data type: mean, etc.

Distribution p(xM|x©)

It allows also to perform a specific multiple imputation!




The mixture model answer in density estimation

m Mixture models: extremely flexible family of distributions

Densite

m Mixture of mixture models: flexibility for groups also
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Parametric mixture model

m Parametric assumption:
Pk (x1) = p(x1; exk)
thus

K
p(x1) = p(x1;0) = Y mep(x1; o)
k=1

m Mixture parameter:
0 = (7, &) with a = (a1, ..., k)
= Model: it includes both the family p(-; ax) and the number of groups K
m = {p(x1;0) : 6 € ©}
The number of free continuous parameters is given by

v = dim(©)
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Mixed data: conditional independence everywhere

The aim is to combine continuous, categorical and integer data

cont _cat _int
X1:(X1 y X1 5 X1 )

The proposed solution is to mixed all types by inter conditional independence

cont cont) cat cat) mt int)

p(x1; o) = p(x{ X p(xf x p(x]

In addition, for symmetry between types, intra conditional independence for each type
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Continuous: Gaussian mixture model
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Categorical: latent class model

m categorical variables: d variables with m; modalities each, x{ € {0,1}™ and

le:h =1 <& variablej of x; takes modality h

m Intra conditional independence:
d m th
jhy x!
PO ) = [T T (e

j=1h=1

and ) )
o =p(X" =1|Z; =1)

with e = (od';j=1,...,d;h=1,...,mj)
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Integer: Poisson mixture model

B integer variables: d variables x{ eN

m Intra conditional independence:

4 (od V4 .
p(x"; ) = H (o;)l e %
j=1 %
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Outline

Estimation
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Sampling assumptions

m True distribution:
D ~ p(D)

m Model distribution:
j.i.d.
(xi,zi) "~ p(x1,21;0)
m Gap between both, but flexibiliy:

0* = in KL(p,
arg min KL(p, po)

where
KL(p,pg) = Ep/[In p(D’) — In p(D'; 0)]
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Observed-data log-likelihood estimation of 6

m Principle: MLE

0= £(6; D
are 25 (61 )

with observed log-likelihood
£(0; D) =Inp(D;0) = In/ Z p(x,z; 0)dx
XM ZM

m Consistency: we have
é a.s. o+

m Algorithm: SEM
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SEM algorithm

= Initialisation: 6(0)
m lteration nb g:

m E-step: compute conditional probabilities p(xM,zM|’D;0(q))
s S-step: draw (xM(@ z2M(@) from p(x™, z2M|D; 6(9))
m M-step: maximize o) — arg maxg In p(xo, 29, xM(q),zM(q); 0)

m Stopping rule: iteration number

Properties
simplicity because of conditional independence

classical M steps

u
u

m avoids local maxima

m the mean of the sequence (0(‘7)) approximates 6
u

the variance of the sequence (6(%)) gives confidence intervals
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SE algorithm

A SE algorithm estimates then (x, zM)

m lteration nb g:
m E-step: compute conditional probabilities p(xM, zM|D; é)
m S-step: draw (xM(@), 29 from p(x™, zM|D; )

m Stopping rule: iteration number

Properties
m simplicity because of conditional independence
m the mean/mode of the sequence (xM(9), zM(4)) estimates (x

m confidence intervals are also derived

MM)




Estimating K

m Density estimation purpose:

nb param.

BIC = Inp(x©, 2%; 6) — >

In(n)

m Clustering purpose:

ICL = Inp(x©, 29, 2. ) —

BIC . 60 . 32 8
ICL . 100
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What about the process that causes missing data?

Biometrika (1976), 63, 3, pp. 581-92 581
Printed in Great Britain

Inference and missing data

By DONALD B. RUBIN
Educational Testing Service, Princeton, New Jersey

SUMMARY

‘When making sampling distribution inferences about the parameter of the data, 6, it is
appropriate to ignore the process that causes missing data if the missing data are ‘missing
at random’ and the observed data are ‘observed at random’, but these inferences are
generally conditional on the observed pattern of missing data. When making direct-
likelihood or Bayesian inferences about 6, it is appropriate to ignore the process that causes
missing data if the missing data are missing at random and the parameter of the missing data
process is ‘distinet” from 8. These conditions are the weakest general conditions under which
ignoring the process that causes missing data always leads to correct inferences.

Some key words: Bayesian inference; Incomplete data; Likelihood inference; Missing at random;
Missing data; Missing values; Observed at random; Sampling distribution inference.



Outline

Clustering with MixtComp

26 /58



Prostate cancer data* (1/2)

m Individuals: 506 patients with prostatic cancer grouped on clinical criteria into
two Stages 3 and 4 of the disease

m Variables: d = 12 pre-trial variates were measured on each patient, composed by
eight continuous variables (age, weight, systolic blood pressure, diastolic blood
pressure, serum haemoglobin, size of primary tumour, index of tumour stage and
histolic grade, serum prostatic acid phosphatase) and four categorical variables
with various numbers of levels (performance rating, cardiovascular disease history,
electrocardiogram code, bone metastases)

= Some missing data: 62 missing values (= 1%)

N, 4Byar DP, Green SB (1980): Bulletin Cancer, Paris 67:477-488



Prostate cancer data (2/2)

Coariate Abbreviation Number of Levels
(if categorical

Age Age

Weight Wi

Performance rating PF 4

Cardiovascular disease history X 1

Systolic Blood pressure SBP

Diastolic blood pressure DBP

Flectrocardiogram code IKG 7

Serum haemoglobin G

Size of primary tumour §

[ndex of tumour stage and histolic grede 3G
Serum prostatic ecid phosphatese AP
Bone metastases BM )
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Aim

We forget the classes (Stages of the desease) for performing clustering

Questions
® How many clusters?

m Which partition?

Visually not so easy. ..

Continuous data Categorical data

2nd axis PCA
2nd axis MCA

2 [ o 25 2 15

20 o 1 05
1st axis PCA 1st axis MCA
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Create an account in MixtComp

https: //modal-research.lille.inria.fr/BigStat/

Login

biernacki

Forgot Fassword?

See documentation at https://modal.lille.inria.fr/wikimodal /doku.php?id=mixtcomp
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Variable descriptor file: descriptor.csv

Fichier Edition Affichage Insertion Format Qutils Données Fenétre Aide
‘BUsHeex YR Xeceo-c e by HOEEQO,
2 T bxV¥ LM e D-BA-

i
A v A& = [
[ ] " ] [ C [ [i] [ 3 [ F [ 4 [ H [ | [ ) [ K [ L [ M
WL clss_ age Wt PF HX SBP. DBP EKG HG sz SG AP BM
aussian_sk Gaussian_sk Categorical pk Categorical pk Gaussian_ sk Gaussian_sk Categorical pik Gaussian sk Gaussian_sk Gaussian sk Gaussian_sik Categorice




Syntax/allowed missing data

allowed missing value types for each model

Categorical_pjk Gaussian_sjk Poisson_k LatentClass
7 (completely missing) X X X X
{a,b,c} (finite number of values authorized) X X
[ : b] (bounded interval)
[inf : b| (semi-bounded interval)

|@ : +inf| (semi-bounded interval)
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Data file: data.csv

Fichier Edition Affichage Insertion Format Outils Données Fenétre Aide

BBl FREER YE KR S - @%by #

P @Ed [adal 10 6 /S| = B % %t M e= 4
Al v K= = |z,:\ass
B | c[Dp[E[ F[ 6 [H[ 1] s kK] L [M] N

e Wt PF HX SBP DBP EKG HG SZ  SG AP BM
|2 [ 75 76 1 1 15 9 5 13814142 810986 1
[z 54116 1 1 13 7 4 14664807 ?  1.9459 1
[a]? 69102 1 2 14 8 513417321 910986 1
[5 75 94 2 2 14 7 2178 2 821972 1
[ 62 67 99 1 1 17 10 1 1345831 81.6094 1
(7P 71 98 1 1 19 10 1 15131623 1117918 1
[8 ] 75100 1 1 14 10 2 13036056  92.0794 1
[9 ] 73114 1 2 17 11 5 12617321 917918 1
[0 60 110 1 1 12 8 1 146 2 1019459 1
(1] 78107 1 2 13 8 6 13045826  61.3863 1
[12 ]2 7789 1 1 15 8 115617321 817918 1
[ ]2 74105 1 2 18 14 1 13624495  81.3863 1
[ 74107 1 1 14 9 6 14424495 910986 1
[15 ]2 55 112 1 2 18 9 5139 2 923026 1
[ 6 [? 73 88 1 1 19 10 5 1203873 1017918 1
72 87 81 2 2 17 12 3 13417321 913863 1
[18]? 64 90 1 1 14 8 1 16224495 919459 1
|1 ]2 79104 1 1 13 8 2 15022361  81.6094 1
2 |7 62 90 1 2 13 8 2 14414142 919450 1
S T = A P P P r
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Number of clusters file: param.ini

IF.:mer Edition Format Affichage 7 I

nbCluster = 4
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Input file: *.zip

descriptor.csv

+
data.csv

+
param.ini

NameYouWant.zip




Learn!

7 %

Learn

( )
\_J P

Tutorial Browse_ (100MB max ) NameYouWant zip m
H: -
Title Status Creation Begin End Downloads
Tutorial N B3 162015112555 16 juin 2015112555 Xnput
essaiki [ Conpieed B 6jun 2015114434 16]uin 2015 11:44:34

16 juin 2015 11:14:36

A input| 2output| 2Log
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Output zip file

Outils de dossier compressé

Extraction

Accueil  Partage  Affichage |

iEE

Extraire
tout

Imputation Leam
ADT_mas Slides_blemnacki taphe |~

output_KZ output K
Extraire vers
1 4 » CePC » Downloads » output job_183.ip

B Bureau A [ Nom Type
Emplacements récents .
[ togt Document tete
1 Téléchargements
%3 Droph R output.RData R Waorkspace
ropbox
& OneDrive

@ Groupe résidentiel

v ¢ | Rechercher dans: output job.. O

Teille compressée  Protégé pa...
1Ke Non
22Ke Non

Taille




Output R format

strategy
nbTrialInInit
nbBurnInTter
nbTter
nbGibbsBurnInIter
nbGibbsIter

mixture
nbCluster
nbFrecParaneters
InObservedLikelihood
InseniCompletedL ikelihood
Inconpletedtikelihood
BIC
L
runTime
nbSanple
warnlog

variable
data

class
completed

<- imputed classes
stat
categoricall

<- o posteriori distribution of class for each individual (= p(z_i / x_i})

completed
stat
categorical2, etc ...
paran
:_class
stat !!! <- model proportions and quantiles
log
categoricall
stat
log
categorical2, etc ...

Note that the =_class variable contains all the information pertaining to the latent classes

« resjuariableidatagsanplesconpletad contains the imputation for the class, Z;
« ressvariablesdatagsample3stat contains the estimated a posteriori probabilities, £ ;.
= res$variableSparam$z_class$stat contains the proportions.
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Two strategies in competition

m Strategy “mice® + MixtComp”: MixtComp on the dataset completed by mice

> data.imp=mice(data)
> data.comp.mice=complete(data.imp)

m Strategy “full MixtComp”: MixtComp on the observed (no completed) dataset

10 /58 5http://cran4r-prc:>ject4c:>rg/we|;:/package5/mice/micepdf



Choosing K with the ICL criterion

-12400 -12300
I
-12250

IcL
-12500
IcL
-12450 -12350
I

-12600

-12550

mice + MixtComp full MixtComp
K=7 K=2

. may lose some cluster information when imputation before clustering
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Partition quality with K =2

Strategy mice + MixtComp  full MixtComp
% misclassified 12.8 8.1

To be compared also to missing data removal:
m 475 patients with non-missing data
m MixtComp for clustering

m possibility to consider continuous, categorical or mixed data

Strategy continuous only  categorical only  mixed cont/cat

% misclassified 9.46 47.16 8.63

m risk of information lost when removing missing data lines/columns

m avoid to complete missing data (imputation depends on the purpose)
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And for supervised classification?

Use now the predict functionality of MixtComp

descriptor.csv
+
data.csv
+
output.RData
(from previous learn. ..)

NameYouWant.zip

Then same output format as the learn functionality of MixtComp
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Outline

Imputation with MixtComp
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Cancer dataset with more missing data

Add artificially ~ 30% missing data with a MCAR design
Then compare two strategies of imputation:

m Strategy “mice”: dataset completed by mice

> data.imp=mice(data)
> data.comp.mice=complete(data.imp)

m Strategy “full MixtComp”: MixtComp on the observed (no completed) dataset




Output multiple imputation by MixtComp

> res§variablefdata$EKGScompleted] [5]]
11

> zes$variable$data$EKGSstat[[1]]
(4331

s
remn
1
rrsn
11 0.41
[r411
s
[es1
1] 0.29
el
s
> res$variableSdacaSige§completedfe] [
[1] 70.62032 [11 0.15
> res$variableSdata$hgeSstac([1]]
rn rren
e 2
rezn rren
1] 70.62032 11 0.07
rsn rrio1l
[1] 58.24255 s
(4530 [rin
1] 83.86463 1] 0.0s
cont. cat.
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Imputation accuracy

m Continuous variables: mean of absolute difference between x and X

var. mice MixtComp (K =2) MixtComp (K = 4)
Age 8.907143 5.546571 5.526861

Wt 13.51656 9.779485 9.731182
SBP 2.103226 1.788152 1.795820
DBP 1.317568 1.165201 1.169672

HG 21.67568 14.83514 14.51291

SZ 1.714899 1.160546 1.158105

SG 1.979866 1.386841 1.416053

AP 1.359299 1.027513 1.009126
Global mean 6.5718 4.5862 4.5400

m Categorical variable: mean of the proportion of difference between x and X

var. mice MixtComp (K =2) MixtComp (K = 4)
PF 0.1904762 0.0952381 0.0952381

HX 0.4121622 0.4391892 0.4121622
EKG 0.7564103 0.6858974 0.7179487

BM 0.1081081 0.1486486 0.1216216
Global mean 0.3668 0.3422 0.3367




Outline

@ Conclusion
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Conclusion

m Clustering: work directly on observed (not imputed) data
m Imputation: possible since flexibility of mixture models for density estimation

m MixtComp: clustering and/or imputation for mixed data

m Now: continuous, categorical, integer
m Next: ordinal, ranks, functional, directional
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