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Context

Classification of breast tumors according to their immune Tumor MicroEnvironment

Analysis of soluble proteins produced and identified by immune cells
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Issue : Missing data and left-censored data
N =420 patients



Objective

Evaluate performance of clustering procedures using multiple imputation,
on datasets with missing and left-censored data



Objective

Evaluate performance of clustering procedures using multiple imputation,
on datasets with missing and left-censored data

Outline

e Simulation framework
* Clustering procedures using Ml

* Performances on simulations



Simulation framework



Experimental data

Assays pipeline

Standard curve fitting
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000000

Experimental data: Incomplete data =

Fluorescence
)

Missing data Left-censored data

751

lowest standard

50 1

254

Left-censoring

01 10 100

Estimated concentration is
lower than the lowest standard

- —EE—




Data simulation

Simulation of samples exact concentration

Assays pipeline

Curve fitting
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Data simulation

Simulation of samples exact concentration

Assays pipeline

Curve fitting
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Data simulation

Simulation of samples exact concentration
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Data simulation

Simulation of samples exact concentration

Assays pipeline

Curve fitting

C Ha g ~LogN(0,0.1)
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Data simulation

Simulation of samples exact concentration

Assays pipeline

Curve fitting
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Data simulation : 3 scenarios

o ] ® Cluster 1
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Outline

e Simulation framework
* Clustering procedures using Ml

* Performances on simulations



Clustering with multiple imputation

Ml
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Consensus clustering

Principle:
Combining multiple clustering results to reveal consistency.
Consensus clustering ] — éééé 5 é

Partition Generation Consensus function

Vega-Pons S. and Ruiz-Shulclopper J., International Journal of Pattern Recognition and Artificial intelligence, 2011



Consensus clustering

Principle:

Combining multiple clustering results to reveal consistency.

Consensus clustering = — EEE% > E
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Consensus clustering

Principle:
Combining multiple clustering results to reveal consistency.
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Clustering with mcomplete data using Ml
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Clustering with mcomplete data using Ml
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Clustering with mcomplete data using Ml
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Imputation of
missing and

o

left-censored
data

Exemple of proposed method
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Imputation of
missing and

o

left-censored
data

Stochastic simple imputation
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Imputation of
missing and

o

left-censored
data

Complete cases analysis
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e Simulation framework
* Clustering procedures using Ml

* Performances on simulations



How performance of clustering was evaluated

Cluster number

External validation criterion:
ARI

Number of concording pairs
Rl(Pl' Pref) =

Number of pairs

Adjusted Rand Index (ARI) 2(NggN 1 — NotNyo)

frequency of agreement over pairs, ARI(Py, Prer) = o S N+ N1x) + (Nog + Nag) (Voo £ NiD)
adjusted for the chance of grouping elements
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1000 simulations



Performances on complete data (all sceanrios)
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How performance of clustering was also evaluated

Cluster number A Cluster number

Adjusted Rand Index (ARI) A ARI

1000 simulations



Left-censored data & no missing data
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Left-censored data & no missing data

AC omplete Data

Scenario 3: poor performances with CritCF
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Left-censored data & no missing data

ARI — ARIComplete Data

Scenario 1 & 2 : same performances of all methods

Sc. 1 Sc. 2

lod.5.ch stdcurve.ch ssi.ch mi.MultiCons.ch mi.Bruckers.ch
0.025 -
ol mmp || || em | —=m =
-0.025
-0.050
-0.075 . . . : : : ; ; ; ;
Sc.1 Sc.2 Sc.1 Sc.2 Sc.1 Sc.2 Sc.1 Sc.2 Sc.1 Sc.2




Left-censored data & no missing data

ARI — ARIComplete Data

Scenario 3: best performances of standard curve imputation & Ml with Multicons
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Left-censored data & no missing data

Scenario 3: best performances of standard curve imputation & Ml with Multicons
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Missing data & no Left-censored data e Y
ARI — ARIComplete Data . .



Sc.3

Missing data & no Left-censored data
ARI — ARIComplete Data o ‘f
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Missing data & no Left-censored data
ARI — ARIComplete Data

Scenario 1: under-performance of CCA with MAR mechanism
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Missing data & no Left-censored data
ARI — ARIComplete Data

Scenario 2 & 3: Better performances under MAR than MCAR or MNAR
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Missing data & no Left-censored data
ARI — ARIComplete Data

Scenario 2 & 3: Better performances under MAR than MCAR or MNAR
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Missing data & no Left-censored data
ARI — ARIComplete Data

Scenario 2 & 3: Best performances with CCA & Ml with Multicons

0.0 1

-0.11

-0.24

0.0+

-0.14

-0.21

0.04

-0.11

-0.21

CCA.ch

ssi.ch

mi.MultiCons.ch

mi.Bruckers.ch

-+

ot

-~

=

Jedw

- -

-

-

=

Jew

-

-

Ssc.2  Sc.3

Sc.2 Sc.3

-

Sc.2 Sc.3

Jdeuwl

Sc.2  Sc.3

Sc. 2

Sc.3



Missing data & Left-censored data sc1  sc2  sc3
ARI — ARIComplete Data . : ;



Missing data & Left-censored data
ARI — ARIComplete Data
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Missing data & Left-censored data
ARI — ARIComplete Data

Scenario 2: Same performances of 2 LOD, Standard curve and MI
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Missing data & Left-censored data
ARI — ARIComplete Data

Scenario 2: Same performances of %; LOD, Standard curve and MI
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Missing data & Left-censored data
ARI — ARIComplete Data

Scenario 3: More variability in Ml performances compared to S|
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Missing data & Left-censored data se.3
ARI — ARIComplete Data | " i“"h.'.; X,

Scenario 3: More variability in Ml performances compared to SI
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Results

Left-censored data & no missing data
- CH >> CritfCF
- Ml with Multicons & standard curve >> other methods

No Left-censored data & missing data
- CH >> CritfCF (V missing mechanism)
- Ml with Multicons & CCA >> SSI, Bruckers consensus , Basagana consensus
- MAR >> MCAR & MNAR

Left-censored data & missing data
- CH >> CritfCF (V missing mechanism)
- Ml with Multicons & CCA >> SSI, Bruckers consensus , Basagana consensus
- % LOD & standard curve > Ml for censored data (more variability)
- MAR >> MCAR & MNAR

Recomanded method: Multicons
with imputation by standard curve for left censored data
and CH criterion for K selection



Conclusion & Discussion

Results extandable to any dataset with missing data

Understand group structure distortion by incomplete data
MAR distortion seems to cause less difficulty than MNAR and MCAR

Performances compared to likelihood based methods






RESUltS Sc. 1 Sc. 2 Sc. 3

Left-censored data & no missing data i
- CH >> CritfCF @
- Ml with Multicons & standard curve >> other methods 1

No Left-censored data & missing data
- Ml with Multicons & CCA >> SSI, Bruckers consensus , Basagana consensus
- CH >> CritfCF (V missing mechanism)
- MAR >> MCAR & MNAR

Left-censored data & missing data
Scenario 1: - same performances as on complete data for all methods

Scenario 2: - under-performance of SSI, and Bruckers and Basagana consensus as
compared to complete data (notably under MCAR and MINAR)
- No difference between % LOD, standard curve and Ml for censored data
- Better performances under MAR as compared to MCAR and MNAR

Scenario 3: - CH >> CritfCF (V missing mechanism)
- More variability in performances for Ml as compared to %2 LOD and standard curve
imputaiton
- Better performances under MAR as compared to MCAR and MNAR

Best methods: Multicons (with single imputaiton for censored data)



Results sc. 1 Sc.2

Left-censored data & no missing data

Scenarios 1 and 2: - Same performances over all methods
Scenario 3: - CH >> CritfCF
- Ml with Multicons & standard curve >> other methods

No Left-censored data & missing data
Scenario 1: - same performances as on complete data for all methods
except CCA under-performs when missing mechanism is MAR

Scenario 2: - under-performance of SSI, and Bruckers and Basagana consensus as
compared to complete data (notably under MCAR and MNAR)
- Better performances under MAR as compared to MCAR and MNAR

Scenario 3: - CH >> CritfCF (V¥ missing mechanism)
- Better performances under MAR as compared to MCAR and MNAR

Best methods: Ml with Multicons & CCA (V missing mechanism)



Left-censored data & no missing data
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