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Cell Proliferation

Cell Differentiation



Differentiation blockade

Proliferation + 

Apoptosis  -

In AMLs…

Not one AML type but multiple AML subtypes

with different prognosis



Cytological Abnormalities

FAB Classification: M0 to M7 

M3 : promyelocytes + Auer rods
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AML prognostic evaluation

Fragments length

Flow Cytometry

AML prognostic evaluation

at diagnosis…

Sequencing



HOW EFFICIENT ARE WE

TO DIAGNOSE AMLS WITH

FAVORABLE-RISK CYTOGENETICS 

USING GEX PROFILING ?USING GEX PROFILING ?



The issue…

� Most reported studies used AML samples
containing at least 60% of leukemic blasts for 
class prediction analyses… usually > 80% blasts

� Definition of acute leukemia: Blasts > 20%

� How do classifiers behave with everyday « real 
life »  samples :

�� WithWith lowlow blast contents: 20% to 60% ?blast contents: 20% to 60% ?

�� WithWith poorpoor qualityquality control control criteriacriteria ??

…can we use microarrays in the clinics for real 
patients not only for publications !?



AMLs with

Favorable-risk cytogenetics

� APLs

� Reciprocal balanced translocation t(15;17)

� Fusion gene PML-RARA

� CBFA-AMLs� CBFA-AMLs

� Reciprocal balanced translocation t(8;21)

� Fusion gene RUNX1-RUNX1T1 / AML1-ETO

� CBFB-AMLs

� Inversion inv(16) or translocation t(16;16)

� Fusion gene CBFB-MYH11



Class Prediction Analysis

� APLs vs. CBFA-AMLs vs. CBFB-AMLs vs. NK-AMLs 

Angers & Reims University Hospitals 

� APLs (n=40 samples from 20 patients) 

� CBFA-AMLs (n=27 samples from 11 patients)

� CBFB-AMLs  (n=40 from 24 patients)� CBFB-AMLs  (n=40 from 24 patients)

� NK-AMLs  (n=58 samples from 31 patients)

� Normal Bone Marrows (N=18 samples from 9 patients)

Total: 95 patients – 183 samples

� Data from GEO (Affymetrix)

� Verhaak et al - Haematologica 2009



Gene Expression: Human HT-12 v3

� Targets > 27K annotated genes, with > 48K probes. 

� 50-base probe to-target complementarity and average 

15-fold feature redundancy

� Starting material: 25 - 200 ng total RNA



Methods

� Genome Studio 2010.1 - Gene Expression Module 1.6.0

� Processing of the signal (Probe Level Analysis)

� Invariant Set Normalization

� ArrayMiner 5.3.3 (Optimal Design - Belgium)

� Class prediction analysis based on Grouping Genetic AlgorithmsClass prediction analysis based on Grouping Genetic Algorithms

� Log-transformed data

� Filter of the data

� Threshold maximum: 50,000

� Fold change > 1.50

� Absolute change > 150

� Omics Explorer 2.1 (Qlucore - Sweden)

� 3-D dynamic PCA



BUILDING OF THE CLASSIFIERS

TRAINING SET (BLASTS > 60%)

APLs 20 samples from 14 patients 

CBFA-AMLs 12 samples from 6 patientsCBFA-AMLs 12 samples from 6 patients

CBFB-AMLs  11 from 10 patients

NK-AMLs  29 samples from 28 patients

Normal BM 18 samples (9 healthy donors + 9 pools)

Training Set: 58+9 patients – 90 samples



How many markers per class ? 

With the Training Set samples, 

the best fitness of the model 

was achievedwas achieved

with 14 markers per class

Error rate, 0%



Median confidence level

of sample assignment per class 
from 1 to 100 markers per class



14-markers classifiers
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14-markers classifiers

Normal Bone Marrows
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CBFA-AMLs

CBFB-AMLs

APLs

NK-AMLs



CLASS PREDICTION ANALYSIS ON 

LOW LEUKEMIC BLAST LOAD

SAMPLES - TEST SET #1 

SamplesSamples withwith a a lowlow blast blast loadload: 5 : 5 -- 59%59%

AtAt diagnosisdiagnosis or or atat relapse relapse -- N=22 N=22 samplessamplesAtAt diagnosisdiagnosis or or atat relapse relapse -- N=22 N=22 samplessamples

SamplesSamples withwith highhigh blast blast loadload but but diluteddiluted atat 50% 50% 

and 75% and 75% in in a pool of 9 normal a pool of 9 normal bonebone marrowmarrow

samplessamples -- N=57 N=57 samplessamples

Start Start withwith 80 80 -- 100% blasts 100% blasts �������� 20 20 -- 25% blasts 25% blasts 



Class Prediction - Results

LowLow Blast Blast LoadLoad –– APLAPLss

ErrorError Rate 0% Rate 0% -- LowerLower limitlimit: 7% blasts: 7% blasts



Class Prediction - Results

LowLow Blast Blast LoadLoad –– CBFACBFA--AMLsAMLs

ErrorError Rate 0% Rate 0% -- LowerLower limitlimit: 15% blasts: 15% blasts



Class Prediction - Results

LowLow Blast Blast LoadLoad –– CBFBCBFB--AMLsAMLs

ErrorError Rate 4% Rate 4% -- LowerLower limitlimit: 10% blasts: 10% blasts



Class Prediction - Results

LowLow Blast Blast LoadLoad –– NKNK--AMLsAMLs

ErrorError Rate 3% Rate 3% -- LowerLower limitlimit: 19% blasts: 19% blasts



3D-PCA 

Test Set-1
Low blast load

Samples

14-markers 

per classifiers

N=4 groups

56 markers



CLASS PREDICTION ANALYSIS ON 

POOR QUALITY SAMPLES -

TEST SET #1 

Samples with aSamples with a RIN < 7.0 (RNARIN < 7.0 (RNA degradationdegradation) ) -- N=2N=2

Samples with a low amount of labeled cRNA Samples with a low amount of labeled cRNA -- N=7N=7

from 51 from 51 ngng to 593 to 593 ngng (should be 750 (should be 750 ngng))

Samples with low RIN and lowSamples with low RIN and low cRNA cRNA -- N=1N=1

Samples with poor QC and low blast load Samples with poor QC and low blast load -- N=5N=5



Error rate, 0%



3D-PCA 

Poor QC

Samples

14-markers 

classifiers





3D-PCA  

Atypical AMLs

14-markers

classifiers

APLs

CBFA-AMLs

CBFB-AMLsCBFB-AMLs

NK-AMLs

Normals

APLs

CBFA-AMLs

Atypical AMLs



0,97

0,98

0,99

1

Class prediction accuracy

Test set #1 

0,91

0,92

0,93

0,94

0,95

0,96

0,97

CBFA-AMLs CBFB-AMLs APLs NK-AMLs

Sensitivity

Specificity

PPV 

NPV 



How do these 14-markers 

classifiers behave with

independent samples processed

with Affymetrix GeneChips ?

APLs n= 25 samples APLs n= 25 samples 

CBFA-AMLs n= 34 samples 

CBFB-AMLs  n= 34 samples 

NK-AMLs  n= 152 samples 

Test Set #2:   245 independant samples

Verhaak et al study (GEO access # GSE6891)
Affymetrix Human Genome U133 Plus 2.0 GeneChips



Illumina and Affymetrix probes

� Illumina  HT-12 BeadChips

� 56 probes (14 probes per class, n=4 classes)

� Affymetrix  U133 A Plus 2.0 GeneChip� Affymetrix  U133 A Plus 2.0 GeneChip

� Corresponding to 103 probesets

� Post-filtering, n=86 probesets

� Two markers not present on Affymetrix GC

� Hs.191591 and LOC440030



3D-PCA 

Test Set-2
Affymetrix

14-markers 

per classifiers

N=4 groupsN=4 groups

86 markers



Unsupervised Analysis

Hierarchical clustering 

Test Set #2

CBFBCBFB--AMLsAMLs

+ 6 NK-AMLs

NKNK--AMLsAMLs

+ 1 CBFB-AML

CBFACBFA--AMLsAMLs

+ 1 NK-AML

APLsAPLs

+ 1 NK-AML



Class Prediction – APLs

Test Set #2

APLs CBFA

AMLs

CBFB

AMLs

NK-AMLs

15 misclassified NK-AMLs

1 misclassified CBFB-AML

1 misclassified APL



Class Prediction – CBFA-AMLs

Test Set #2

APLs NK-AMLsCBFA

AMLs

CBFB

AMLs
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Class prediction accuracy

Test set #2 



Conclusions
� Good sensitivities, specificities, NPV and PPV even below 

20% of blasts.

� Can detect APLs of CBF-AMLs with normal karyotypes or 
karyotype failures on both Illumina and Affymetrix 
microarrays

� Poor quality samples / RNAs can be efficiently managed in 
class prediction analyses.class prediction analyses.
� Down to less than a tenth of the required amount of labeled 

cRNA for hybridization can still be fine !

� NK-AMLs is an heterogeneous group of AMLs, in which 
HOX A and B genes are most of the time deregulated.

� CBFB-AMLs with a low MYH11 expression level can be 
misclassified. Not recommended to use a single-marker 
classifier.

� EVI1 expression in APLs could significantly modify the APL 
specific signature.



The expression level for multiple genes in AML can be used as 

Prognostic markers or Minimal Residual Disease markers

BAALC, ERG, EVI1, FLT3, MN1, PRAME, RHAMM, WT1…



AML prognostic evaluation

Fragments length

Flow Cytometry

AML prognostic evaluation

at diagnosis…

Sequencing

Gene Expression Microarrays





EXTRAS & MAKING-OF 

TO TO NORMALIZENORMALIZE OR NOT ?OR NOT ?



Impact of Normalization

On the 14-markers classifiers

Class Markers



Impact of Normalization

Extra misclassified APL



EXTRAS & MAKING-OF 

DILUTION DILUTION SERIESSERIES



Dilution Series



EXTRAS & MAKING-OF 1

REPRODUCIBILITY



Reproducibility

� Replicates (n=39 stripes)

� With different total RNA extraction kits
� Duplicates RNEasy Mini kits QIAGEN (n=15 samples)

� Triplicates QIAGEN + Mirvana kits AMBION (n=3 samples)

� Duplicates on different HT-12 BeadChips

� With different RNA extractions� With different RNA extractions

� With different batches of Illumina Total Prep Kits

� At different time points 

� Performed by two different persons

� Acute Promyelocytic Leukemias – CHU Angers
� APLs or M3-variants AMLs, n = 17 patients � 37 stripes

� NB4 cell line (n=2)



APLs - Sample Clustering

RAW DATA

No Filtering

No Normalization



EXTRAS & MAKING-OF

GENE OR PROBE GENE OR PROBE LEVELLEVEL ANALYSES ?ANALYSES ?



Confidence level

of the class assignement 

for each sample



Difference in confidence level of the class assignement for each sample

Probe level – Gene level confidence

+ Probe+ Probe + Gene+ Gene

+ Probe + Probe+ Gene + Gene



Probe or Gene Level Analysis

Probe Level Analysis with 14 Markers

MisclassifiedMisclassified samplessamples: CBFB: CBFB--AML AML n=1n=1 -- NKNK--AML AML n=1n=1 in Training Set in Training Set --11



Gene Level Analysis with 14 Markers

Probe or Gene Level Analysis

MisclassifiedMisclassified samplessamples: CBFB: CBFB--AML AML n=3 n=3 -- NKNK--AML AML n=1n=1 in Training Setin Training Set--11



Conclusions

� Impact of the normalization used - if any - is low in 

the 20 to 100% blast content range.

� One additional misclassified APL sample with 7% blasts.

� Two =/= markers identified in two classes Invariant Rank 

versus No normalization for the top-14 class markers.versus No normalization for the top-14 class markers.

� Reproducibility is high

� Up to one year between replicates.

� Even when changing total RNA extraction kit…

� Probe level > Gene Level for class prediction analysis 

� Useful to better characterize AMLs…?
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Join us on GenOMining LinkedIn Group… 

IF YOU WANT TO TALK ABOUT 

GENOMICS

Join us on GenOMining LinkedIn Group… 

Just contact me by email: 

Phguardiol@aol.com


