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Abstract  In this book, the role of many different proteins, pathways, or genetic 
events in affecting the function of leukemic cells, as well as their suitability for thera-
peutic modulation, is discussed. However, since acute myeloid leukemia (AML) is 
a very heterogeneous disease, it will be necessary to match the characteristics of 
individual patients to the selection of the right targeted agent in order to maximize 
efficacy. In this chapter, we discuss how the application of the numerous molecular 
profiling arrays that are now available can be utilized to provide the answer to this 
dilemma. The development of methods to combine data from multiple arrays, termed 
“integromics” will enable a more sophisticated application of “omic” data that will 
facilitate the selection of combinations of targeted agents on an individualized basis.
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2.1 � Introduction

A central theme developed in the prior chapter is that acute myeloid leukemia 
(AML) is a heterogeneous disease with myriad changes occurring at multiple dif-
ferent levels that combine to determine the biology of the leukemic cell. In the 
chapters that follow, each author will discuss how a single gene (e.g., AKT, P53), or 
pathway (e.g., Ras/RAF/MEK/ERK), or genetic modification (e.g., methylation) af-
fects AML cell biology and how that individual event might be targeted to improve 
therapy. The heterogeneous nature of AML suggests that each of these potential 
targets will be therapeutically efficacious, but in only a fraction of cases of AML. If 
we as a scientific community are successful at discovering the key points of attack 
and actually develop functional therapies for each of these, how will we determine 
when to use which? Furthermore, redundancy in pathways and mechanisms within 
a cell may require that targeted therapies be used in combination to achieve efficacy. 
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Given the complexity of AML, how will we determine which agents to use in com-
bination? In which cases? By what schedule and in what order? There is a very high 
risk that promising agents will be discarded as therapeutic failures as a result of 
faulty study design and the barriers erected by regulatory and proprietary interests. 
A drug may lack efficacy as single agent, but be of great benefit when used in com-
bination with other chemotherapeutic agents. Current regulation makes it difficult 
to combine two non-approved agents that are currently in phase I–II evaluation into 
a single trial, and pharmaceutical companies are highly reluctant to pair a develop-
mental molecule with one from another company. Consequently, combination trials 
of unapproved agents are nearly impossible to conduct. A second problem is that 
the typical phase I–II trial typically treats about 15 patients. If the frequency of the 
population that is susceptible to a given agent is low, then there is a high chance 
that no patients in a trial of that small size will have the characteristic (for event 
frequencies of 3, 5, 8, and 10 %, then 63, 46, 29, and 21 % of trials of n = 15 would 
have no patients with that characteristic). The activity of a highly efficacious agent 
can easily be missed if the correct patients do not make it onto the right trial. The 
successful translation of the discoveries discussed in the rest of this book into effec-
tive therapy that improves the outcome of AML is therefore critically dependent on 
having the ability to match patients on an individualized basis to the correct therapy.

In this chapter, we discuss how the various “omics” (Weinstein 2002) might be 
used to provide this missing information, to enable us to match patients to thera-
py, and to rationally combine different targeted therapies (Barretina et  al. 2012) 
from a broad menu into a restricted list for an individual patient. High-throughput 
array-based technologies have been developed that enable the global characteriza-
tion of multiple characteristics of a cell, enabling the collection of historically un-
precedented amount of information. For virtually every aspect of a cell in which 
abnormalities could arise, an array now exists for its evaluation. The basic dogma of 
biology formerly was DNA → RNA → protein, with mutations leading to changes 
in the sequence or expression level of mRNA, resulting in quantitative or qualitative 
changes in protein function. But in light of the effects of epigenetics and noncoding 
RNAs on gene expression, this view is now overly simplistic.

2.2 � Types of Alterations That Can Affect Leukemia 
Biology and Methods Available to Evaluate Them 
(Table 2.1)

2.2.1 � Nucleic Acids

Mutations are theoretically the most stable form of change. A gene is mutated or not, 
and once a mutation develops, it should be passed on to all progeny. The location in 
a regulatory region can lead to over- or under-expression of the mRNA. Likewise, 
copy number abnormalities can lead to overexpression of an unmutated, oncogen-
ic gene. A mutation in the coding region can result in a stop codon, or frameshift 
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mutation, resulting in loss or gain of function, or result in an amino acid change that 
changes the function and regulation of the protein. Translocations can result in novel 
proteins with oncogenic function. Additional complexity can result from mutations 
in epigenetic regulators or affecting transcription factors, and by changes in splicing, 
for which the causative changes may not be known. Each of these can be determined 
using the currently available technologies, with each base pair analyzed in whole 
genome sequencing, or just known coding regions assayed in whole exome sequenc-
ing, while sequencing of those genes that are actually transcribed can be performed 
by RNA-seq (also called whole transcriptome shotgun sequencing). In addition to 
detecting mutations, the relative frequency of the detected fragments provides copy 
number data as well. With prices rapidly decreasing, it may soon be feasible, from 
a technical and economic standpoint, to sequence each individual patient’s tumor as 
the standard of care. However, among the important caveats is that the interpreta-
tion of such massive sequencing data remains challenging. For every “actionable” 
or “driver” mutation with a currently known prognostic and potentially therapeutic 
implication in AML, such as ones affecting FLT3, there may be many more non-
synonymous differences from the reference genome or patient’s germ line sequence 
that could be oncogenic in unknown ways, “passenger” mutations due to genomic 
instability frequently present in tumors, or single-nucleotide polymorphisms (SNPs). 
Furthermore, sequencing is subject to technical and sampling variation. Two recent 
studies demonstrated that there is clonal heterogeneity within both solid tumors 
(Gerlinger et  al. 2012) and myelodysplastic syndrome (MDS) and AML (Walter 
et al. 2012), suggesting that deep sequencing of multiple sites or samples may be 
necessary to fully recognize the spectrum of mutations within a patient.

The genome can be altered in ways that affect gene transcription without muta-
tion. SNPs can regulate the level of expression of a gene, or the function of the 
resulting protein (e.g., SNP309 in MDM2, Pichiorri et al. 2010; Phillips et al. 2010). 

Table 2.1   Currently available arrays that can be utilized in an integromics approach
Analyte Assay What is measured
DNA Whole genome sequencing Mutations

Exon sequencing
Methylation DNA methylation

Histone Methylation
Acetylation

RNA Gene expression profiling (GEP) Expression
Noncoding RNA profiling Expression

Protein Reverse phase protein array (RPPA) Expression, activation status
Proteomics Expression, activation status
Single-cell network profiling Adaptability

Cytokines and chemokines Multiplex kits Expression
Metabolites Metabalomics Concentration of chemical 

substrates
Lipids Lipidomics Concentration of lipid moi-

eties in the cell
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Arrays exist that can measure 250,000–600,000 to over a million SNPs. Likewise, 
DNA can be methylated, and methylation arrays have been developed to assess 
the status of methylation across the genome. The interaction of DNA with histones 
can also regulate the availability of the gene to transcription through histone meth-
ylation (Butler et  al. 2012), acetylation, phosphorylation, and sumoylation. The 
first two can be assessed by genome-wide location analyses using chromatin im-
munoprecipitation linked to cDNA arrays or to high-throughput sequencing (Miao 
and Natarajan 2005) although there are not commercial kits for this readily avail-
able. Noncoding RNAs, also known as microRNAs (miRNAs), are small strands 
of RNAs that can bind to DNA to regulate transcription or to mRNA to regulate 
translation and mRNA longevity. They are subject to mutation, and variation in 
their levels has been associated with many malignancies (Garzon et al. 2009; Calin 
et al. 2004; Calin et al. 2005; Calin et al. 2007; Lee et al. 2012; Taby et al. 2009; 
Valastyan et al. 2011). They might also function in complex networks with pseudo-
genes to regulate protein levels (Salmena et al. 2011). Mutations in ncRNA can be 
detected by whole genome sequencing, and expression levels can be readily ascer-
tained via the many commercially available miRNA arrays. This technology is in 
rapid flux as the number of ncRNA covered is rapidly increasing. Measurement of 
global gene expression at the mRNA level has become commonplace with two plat-
forms, Affymetrix and Illumina, currently used widely. Gene expression profiling 
(GEP) is often thought of as a “detector” of causal changes, in which the changes in 
gene expression are themselves causative of a phenotype. However, the “unbiased,” 
genome-wide nature of GEP makes it good as a “reflector” of causal changes, in 
which the changes in gene expression are a downstream readout of changes, such 
as the activity of a signaling pathway, that are ultimately causative of a phenotype. 
The changes in gene expression may contribute to the phenotype, but that is not 
necessarily understood, nor does it need to be, when GEP is used as a detector. This 
“molecular pattern recognition” has a lot of clinical potential, and is in fact the way 
in which GEP is finally being Food and Drug Administration (FDA)-approved for 
clinical use, in breast cancer and myeloma. While many insights into cancer biology 
have emerged from GEP studies, these results are somewhat hampered by a lack of 
reproducibility from one dataset to the next (Xu et al. 2008; Michiels et al. 2005) 
and by the lack of correlation between mRNA expression and protein expression 
(Gygi et al. 1999; Griffin et al. 2002; Washburn et al. 2003; Greenbaum et al. 2003; 
Jansen et al. 2002; Kern et al. 2003).

2.2.2 � Stroma, Chemokines, and Cytokines

External influences from chemokines and cytokines as well as from interaction 
with stroma can influence gene expression and protein activation. Multiplex kits 
are available to measure from 20 to 75 different chemokines and cytokines at once 
from very small quantities of plasma. In an analysis of the expression of 27 cyto-
kines and chemokines in the serum from AML and MDS patients, we demonstrated 
that both of these diseases are characterized by recurrent patterns of expression, 
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and surprisingly, these carried prognostic significance (Kornblau et  al. 2010a). 
We have recently generated a reverse phase protein array (RPPA; see below) us-
ing mesenchymal stromal cells (MSC) derived from AML patients to define the 
characteristics of the stroma and determine how this correlates with characteristics 
of the AML blast.

2.2.3 � Protein

Proteins are the predominant effectors of most genes (ribosomes, tRNA, etc., aside), 
and the net effect of mutations, DNA methylation, histone modifications, ncRNA 
and external influences, determines the level of expression of individual proteins. 
But since protein activity is regulated by post-translational modifications, it is not 
only sufficient to ascertain the protein expression level, but also the activation state 
must be known as well. The potential for splice variants and posttranslational modi-
fications, including phosphorylation, glycosylation, ubiquitination, cleavage, etc., 
raise the number of different members of the proteome from the 20,000–40,000 
known genes into more than a million potential variants. This complexity has made 
proteomics the least developed of the array technologies even though it is likely 
the most critical. Traditional proteomics involves two-dimensional (2-D) gel elec-
trophoresis based on charge and mass, followed by tandem mass spectrometry (so-
called 2D-MALDI-TOF). While the entire proteome can be analyzed, this technol-
ogy is currently expensive, and impractical for individualized patient analysis as 
the amount of starting material required is high and the throughput low. There are 
alternatives to mass spectrometry-based proteomics.

2.2.4 � Proteomics Methodologies

One approach, in commercial development (SOMA, Colorado), uses DNA-based 
aptamers, selected for their ability to specifically bind to conformed protein, with 
a tag that allows for quantitative detection (Gold et  al. 2010). While phospho-
specific aptamers could theoretically be developed, thus far the company has only 
developed aptamers to measure total protein levels. A second related approach, 
known as proximity ligation, uses two antibodies with overlapping tags that bind 
to each other enabling amplification to permit detection, in an enzyme-linked im-
munosorbent assay (ELISA)-like approach (Fredriksson et  al. 2002). The other 
methodology uses an antibody-based proteomic approach. Two types of these ex-
ist. In forward phase protein arrays (FPPA), “capture” antibodies can be printed 
on an array in known positions, and these then bind proteins of interest which are 
then sandwiched by the binding of a second antibody with some form of detec-
tion capability. The difficulty of finding two structurally nonoverlapping, highly 
specific antibodies for each target have prevented this from generalized use. In 
the second type of antibody array, called RPPA, the protein from hundreds of 
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patients are printed on the array and each slide is probed with a single highly 
validated antibody. Since only one antibody is utilized at a time, with proper vali-
dation, nonspecific binding can be minimized. The drawback of this technology 
is that samples must be batched to be printed at once, making this methodology 
impractical for real-time individual patient analysis. A second shortcoming is that 
it does not give data on all proteins and isoforms (e.g., it is biased as opposed to 
GEP that are unbiased for all potential open reading frames), and furthermore, 
only those targets with a validated antibody can be probed. On the plus side, the 
methodology is sample sparing, requiring only 50,000 cells to test about 150 dif-
ferent antibodies. Our laboratory has optimized the technology to do this in hema-
tological malignancies and has generated arrays for AML, MDS, acute lympho-
blastic leukemia (ALL) and with AML and MDS CD34+ and CD34+CD38− stem 
cell-enriched fractions, and recently with AML patient-derived MSC (Kornblau 
et al. 2009c; Tibes et al. 2006; Neeley et al. 2012; Quintas-Cardama et al. 2012; 
Kornblau et al. 2011a; Ruvolo et al. 2011a; Ruvolo et al. 2011b; Starkova et al. 
2011; Kornblau et  al. 2011b; Ravandi et  al. 2011; Levin et  al. 2010; Kornblau 
et al. 2010b; Kornblau et al. 2010c; Tsao et al. 2010; Ma et al. 2010a; Carter et al. 
2010; Neeley et al. 2009; Poland et al. 2009; Pemmaraju et al. 2009; Lee et al. 
2012; Minden et al. 2009; Kadia et al. 2009; Carter et al. 2009; Kornblau et al. 
2009a; Kornblau et  al. 2009b; Kornblau et al. 2013). Newer technologies like 
CyTOF (Bendall et al. 2011) offer higher throughput and individual cell analysis 
with a flow cytometry-like output, but the number of validated antibodies is cur-
rently limited. This technology will likely eventually be able to provide real-time 
throughput that RPPA cannot provide.

2.2.5 � Metabolomics

Additional technologies to enable detailed profiling of the relative concentration of 
metabolic pathway components, including lipids, are also emerging. Ascertaining 
the levels of these would provide another level of validation that the changes ob-
served at different levels are culminating in the expected changes. The unanticipated 
discovery that the excess 2-OH-glutarate resulting from isocitrate dehydrogenase 
(IDH) mutations (Lu et al. 2012) results in alteration of methylation highlights that 
the cell-wide consequences of a mutation extend beyond the canonical pathway that 
a gene is “contained” in.

2.2.6 � Assessing Dynamic Change

A final consideration is expression in the setting of perturbation. The dynamic re-
sponse of the cells to stress, such as chemotherapy, or apoptotic inducers, etc., 
can be a key to whether a cell is responsive or resistant. The dynamic adaptation 
of leukemic cells has been shown to relate to sensitivity. For example, changes 
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in cholesterol synthesis and uptake correlate with sensitivity to ara-c and anthra-
cyclines, (Banker et al. 2004) and blockade of this adaptation was shown to im-
prove chemosensitivity in a clinical trial (Kornblau et al. 2007). Methods to assess 
adaptability are complex and still in development. The effect of perturbation with 
exogenous ligands to cell surface receptors, apoptosis inducers, chemotherapeutic 
agents on the expression and activation of various pathways, and the effect of this 
on cell viability has been measured using multiparameter flow cytometry as devel-
oped by The Nolan Lab (Krutzik et al. 2004; Irish et al. 2004). Identifying the key 
parameters to perturb and the critical outcomes to measure remains a daunting task. 
The development of this technology for common use is currently being pursued 
by Nodality Inc. In collaboration with Nodality, our group has conducted research 
aimed at the identification of certain stimulation-readout nodes (Kornblau et  al. 
2011a; Rosen et al. 2010; Cesano et al. 2009; Kornblau et al. 2009b). We also ob-
served that the expression of cells with responsiveness in the Stat6 pathway in sub-
fractions at diagnosis is predictive of relapse (Kornblau et al. 2011a). With further 
development, omics approaches for dynamic adaptability hold additional promise 
for improved identification of key targets on an individualized basis.

2.3 � Integromics

The goal, once the information from each of these arrays has been performed, is 
to integrate information from many levels into a single dataset reflecting what is 
happening in a particular patient’s leukemic cells. This process has been named “in-
tegromics” (Fig. 2.1). Once the integrated dataset is generated, then the effects of the 
different changes on a particular pathway can be determined. Expression of compo-
nents of a pathway might be affected by different processes that combine to result 
in a “net” effect on a downstream effector that determines activity. For example, 
a cell might have an activating rat sarcoma (RAS) mutation, which would lead to 
expectation that the downstream pathway would be active, but lack mitogen ex-
tracellular signal-regulated kinase (MEK) and extracellular signal-regulated kinase 
(ERK) activity due to the combined action of histone acetylation preventing MEK 
expression, gene methylation preventing ERK expression, and the overexpression 
of ncRNA resulting in negligible expression of an ERK target. Conversely, small 
effects at many levels might combine to lead to highly significant overexpression 
of ERK protein and cross-activation by a kinase with ERK phosphorylation activ-
ity other than MEK. In the first case, detecting a RAS mutation might lead us to 
consider use of a RAS, MEK, or ERK inhibitor, but such a patient would be un-
likely to benefit as all the components downstream of the RAS mutation are already 
under-expressed. Conversely, in the second example, an ERK inhibitor might be 
therapeutically highly effective, but simply searching for RAS mutations would not 
have selected this patient for such a trial. So the multilevel information that can be 
gained from an integromic approach will be key to applying omics to the direction 
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of targeted therapy. The integration of datasets is not a trivial computational matter, 
and there are many technical considerations that must be addressed if this is to be 
successfully accomplished.

2.3.1 � Binary Outcomes Versus Quantitative Measurements

Regardless of the material that is being measured (DNA, RNA, protein miRNA, 
etc.), there are certain statistical analytic challenges that must be met. The first 
is a determination of whether detection is adequate or whether relative quantity 
is needed. In the case of mutations, simply detecting the presence or absence of 
an event provides one level of answer, but given the heterogeneity of tumor tis-
sues, it may be important to also quantify what percentage of a tumor carries the 
mutation. For most other analytes, such as mRNA, miRNA, methylation events, 

Fig. 2.1   Integromics. The goal is to understand how much function there is of a given protein 
( gene1) and what factors regulate that. The assays that can currently go into an integromics analy-
sis and the level they measure are shown at the left side. The combined effects of DNA methyla-
tion, Histone modifications, SNPs and non-coding RNA can have direct effects on the transcription 
of the gene in question. Likewise they can affect the level of expression of other gene(s) that 
modulate the expression of gene 1 and thereby have an indirect effect. This sets the rheostat for 
how much gene 1 mRNA is produced. Non-coding RNAs can also modulate gene 1 mRNA fate, 
affecting translation along with other cell characteristics that affect the rate of translation to set the 
rheostat for how much total protein exists. Post translational modification, which is regulated by 
direct or indirect effects of internal and external factors can affect the activation state of protein 1 
thereby setting the rheostat for protein 1 function
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protein quantity, etc., relative quantification of the level of expression is required. 
While the complete absence of expression of a given analyte would provide im-
portant information, for many of them it is the relative change in expression level 
that will determine the functional consequences, and it must be remembered that 
small coordinated changes in a pathway can be cumulatively important, even if 
the changes in individual genes do not rise to the level of statistical significance. 
GEP typically uses a cutoff of threefold expression differences between two 
samples to define a significant difference. While such cutoffs have the potential 
to provide higher signal-to-noise ratios, they introduce the potential to miss im-
portant changes. Consider the interaction of the pro- and antiapoptotic proteins 
Bcl2 and Bax, where the relative concentration of each is thought to regulate the 
apoptosis rheostat. A twofold increase in one accompanied by a twofold decrease 
in the other would have both being listed as not significantly different, although 
the relative ratio change would be 4:1 and would likely have a functional conse-
quence. Similarly, if both increased by fourfold, they would be included in the list 
of significantly different proteins, yet the ratio of each to the other would remain 
unchanged, and there might be no functional consequences despite a large change 
in expression.

One approach to generating a more systematic network-based approach to the 
analysis of GEP data is to evaluate multiple genes simultaneously in sets or signa-
tures linked to some biological feature, such as a signaling pathway. Many gene 
sets have been prepared in collections that are available online for application to 
gene expression data, such as Gene Ontology (GO), (Ma et al. 2009) the Mo-
lecular Signatures Database (MSigDB), (Subramanian et al. 2005) and the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) (Ogata et al. 1999). One frequently 
used approach, so-called gene set enrichment analysis (GSEA), (Gerlinger et al. 
2012) has the advantage of not being dependent on the identification of differen-
tially expressed genes (DEGs), according to some arbitrary threshold (fold change, 
statistical test, etc.). GSEA determines whether the overall expression of a set of 
genes associated with a particular biological feature differs significantly between 
two groups of samples, i.e., whether the feature is enriched, even if few or even 
none of the differences in individual genes meets the threshold of a DEG. Gene 
set analysis can also be based on DEGs, using the hypergeometric distribution 
test to determine the significance of enrichment (Subramanian et al. 2005), as in 
the popular proprietary application Ingenuity Pathway Analysis. While some ca-
veats exist, gene set analysis has been a major advance in the analysis of gene 
expression data; investigators can now do more than stare at a heat map or list of 
DEGs and hope for inspiration. However, experience shows that gene set analysis 
typically only “explains” a small proportion of the differences in gene expression 
between two groups of samples. Gene set analysis does not eliminate the need for 
thoughtful interpretation and validation of gene expression data. GSEA serves as a 
paradigm for how a more integrated analysis can improve the strength of the data 
emerging from array approaches.
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2.3.2 � Defining the “Normal” Comparator

For each analyte with a quantitative expression measurement, the first question is 
whether expression is changed from normal. However, defining what is normal is 
complicated. What is the “normal” comparator for an AML blast, is this a CD33+ 
cell? A CD34+ cell? A CD34+ CD38− cell? Normal hematopoietic stem cell (HSC) 
and leukemia stem cell (LSC) tend to be CD90−/CD123+/CD117−/HLA-DR− and 
also express CLL-1, CD44, CD47, and CD96 (Chan and Huntley 2008; Roboz and 
Guzman 2009; Blair et al. 1998; Blair and Sutherland 2000; Jordan et al. 2000). The 
restriction of LSC to this phenotype is controversial as some studies have demon-
strated LIC with specific molecular abnormalities (del 5q) (Tehranchi et al. 2010) 
in this pool while other have found persistence of cells harboring specific muta-
tions (NPM1) in the CD34− fractions (Taussig et al. 2010). Ideally, a study of nor-
mal HSC might use CD34+ CD38− cells, but these cannot be obtained in sufficient 
numbers even for RPPA. Normal HSC are much rarer than LSC, and it was not 
possible to purchase sufficient normal CD34+ cells to isolate 2 × 105 normal HSC 
from available. If normal CD34+ cells are 5 % of normal bone marrow and normal 
HSC comprise 1:10,000 marrow cells, then there would be 1 HSC per 500 CD34+. 
Assuming a 50 % recovery, this would require 1000 CD34+ cells to recover a single 
HSC or that we start with 2 × 108 CD34+ cells (= 20 vials × $750/vial = $15,000/sam-
ple), enough to engraft a 50 kg patient to recover 2 × 105 cells. If the normal HSC 
frequency is 1:100,000, then multiply this by 10. For our protein work, we have 
therefore used a CD34+ cell from a normal bone marrow as our standard comparator 
(we have successfully used CD34+ cells from AllCells for our RPPA work). We also 
evaluated granulocyte colony-stimulating factor (G-CSF)-primed peripheral blood 
derived CD34+ cells by RPPA. As expected, the expression of many proteins was 
markedly different upon G-CSF stimulation. We have demonstrated that protein 
expression is markedly different between bulk leukemia cells, CD34+ cells, or cells 
from the stem cell-enriched CD34+ CD38− fraction (Kornblau et al. 2013). If the 
cell that gives rise to resistance comes predominantly from one compartment, then 
the biology of that compartment needs to be targeted, and it is important to know 
what is normal for the non-leukemic counterpart from that compartment.

2.3.3 � Effect of Sample Source

AML samples can come from the blood or the marrow. Does expression change by 
the origin of the sample? For DNA and epigenetic events, location should not af-
fect the readout, but for quantitative analytes, this could be changed. In our RPPA 
analyses, we did not observe a statistically significant difference in expression be-
tween blood and marrow samples for 85 % of proteins measured, and for most of 
these, the fold change was less than 20 %, so, therefore, of uncertain functional 
consequence. However, real differences could have been missed due to dilution of 
“marrow” samples with blood as our research collection sample is the last aspirate 
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added on at the end of a diagnostic study. If resistance arises from cells in particu-
lar environments, such as adjacent to stroma, or in areas of hypoxia, then the key 
feature may be present in only a small fraction of cells, and it may be important to 
isolate specific subsets of cells and to maintain those cells in the native condition 
until the labile fraction can be isolated and stabilized.

2.3.4 � Use of Statistical Versus Biologically Functional 
Thresholds

Another crucial question, that is very difficult to answer, is what is the correlation 
between the difference in expression and a biologically functional difference? What 
level correlates to a functional difference? Is this a level that reaches statistical sig-
nificance by standard methods, or is it a level that is much greater than the thresh-
old for statistical significance? Rigorous testing of each change that appears sig-
nificantly different by an array to determine the actual functional difference, using 
other methods for altering level (e.g., siRNA, knock in, knock out), would be costly 
and time consuming. The level that gives a survival difference on a Kaplan–Meier 
survival plot may be unrelated to the level that can be pharmacologically modified.

2.4 � Issues in Applying Integromics to Patient Care

Despite these obvious potentially confounding issues (and in ignorance of the non-
obvious ones), the integromic dataset has the potential to guide the intelligent se-
lection of targeted therapies. Let us consider how having this knowledge might be 
applied in different circumstances.

2.4.1 � Data for Individual Proteins

For an agent targeting one molecule, the first question is whether that molecule is 
expressed in that patient’s leukemic cells. As mutations are recognized and studied, 
we collectively develop a catalog of the functional consequences of that mutation. 
Is it activating? Does it eliminate kinase activity, etc.? For non-mutational events, 
quantity is relevant to therapeutic targeting. Intuitively, a target that is not expressed 
would not be expected to respond to an agent that inhibits its function. However, 
if dynamic studies show that the target is significantly upregulated as a defensive 
adaptation in response to exposure to a therapeutic agent, then even a target with 
low expression at baseline may be targetable. Both the individual arrays and the 
integromic approach, especially if dynamic measures are included, can therefore 
suggest if an individual marker is a candidate.



38 S. M. Kornblau

2.4.2 � Data from Multiple Proteins

A stronger level of evidence that a pathway is a good target would come from evi-
dence that components up and down a pathway are altered in the same direction. 
Observing high levels of phospho-RAF, phospho-MEK, phospho-ERK, and phos-
phorylated ERK targets in a case, with or without RAS mutation, would suggest that 
this pathway was relevant to the biology of that leukemic cell and a good target. We 
can envision having heat maps of pathway activation as opposed to heat maps of 
individual components, showing which pathways are most heavily utilized. Use of 
available databases such as Ingenuity or Cytoscape can aid in development of lists 
of genes or proteins that have known canonical associations. However, neither is 
currently very useful for the incorporation of data on protein activation states. It is 
important to recognize the novel consequences of oncogenic changes as well, such 
as the noncanonical activation of one pathway by mutated kinases in another path-
way, or the previously mentioned effect of IDH mutations on methylation. The abil-
ity to build networks from integromic data will permit the recognition of these novel 
consequences by differential mapping of actual networks onto canonical pathways. 
We are attempting to build the technology to do this with RPPA data and have used 
this to recognize new connections in favorable prognosis core binding factor leuke-
mias (York et al. 2012). Novel connections are likely to be prime targets for thera-
peutic intervention as the consequences of their blockade are likely to only occur in 
neoplastic cells and not in the normal cells that lack these connections.

2.4.3 � Data from Multiple Different Analytes

It will also be important to be able to recognize when more subtle changes at dif-
ferent levels, or changes in multiple components of one level, combine to result 
in biologically relevant changes in a target. Understanding the consequences of 
ncRNA expression can be mind-boggling as individual ncRNAs affect many genes 
and many ncRNA can affect the same gene. Recently, a “ceRNA hypothesis” has 
been proposed as a major regulator of gene expression and hence protein levels 
(Salmena et al. 2011). Furthermore, a given target is subject to direct modulation 
by one ncRNA and indirect modulation by others that act on the other modulators 
of that gene. Sensing the integrated effect of all the ncRNA on a given target may 
therefore be more important than measurement of an individual ncRNA. Partial 
methylation or histone acetylation in combination with the effects of ncRNAs adds 
another layer of complexity. Detecting when the regulation of a target is arising 
solely from one layer, or as the integrated effect of multiple levels, can suggest 
which modulator to target, or whether a combinatorial approach is required. Pro-
tein-based analysis can provide the answer on where the rheostat is “set,” but each 
layer must be assessed to determine which hand is controlling the knob.
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2.4.4 � How to Test Rationally

Testing this will require the development of catalogs of ncRNA that can affect a 
gene and the development of computational methods that can correlate data from 
the actual levels of all the ncRNA relevant to a given gene with actual mRNA ex-
pression and protein level. Likewise, having highly accurate and detailed maps of 
network interactions of all the proteins that regulate expression of a target must ex-
ist before a computational prediction of how epigenetic changes at all the relevant 
sites combine to affect mRNA and protein levels. Ideally, these predictions would 
then be validated in controlled systems and the results from those used as feedback 
on the computational predictions. This can practically be done in cell lines for some 
interactomes using high-throughput testing systems capable of measuring the con-
sequences of individual and combinatorial multigene modulations. However, in the 
forthcoming era of individualized medicine, it will not be possible to validate each 
individual prediction for each patient. It will therefore be necessary to extrapolate 
from generalized knowledge to individual patients.

2.4.5 � If It Is Low, Can You Elevate?

The ability to restore expression of a missing gene depends on what mechanism is 
decreasing expression. Since repression could arise from histone acetylation, his-
tone methylation, gene methylation, or blockade by ncRNA, or by protein-medi-
ated repression, identifying which is the responsible event and the in vitro testing 
of whether use of an agent to reverse this has the desired result. Posttranslational 
modulation of wild-type p53 by the MDM2 modulating agent Nutlin and KST185 
(discussed later in this book) is a good example of this.

2.4.6 � If It Is High, Can You Successfully Suppress?

Similarly, omics could identify the mechanism by which a protein is overexpressed 
or activated and suggest where to target. Additionally, specific ncRNA could be 
used therapeutically to repress a gene directly, or through the repression on proteins 
than enhance expression (Ma et al. 2010b). This could be tested in vitro to verify 
that the modulation produces the desired effect or to identify unexpected conse-
quences in other pathways.

�Conclusion

In summary, the ever-growing list of available arrays has the potential to provide an 
overwhelming amount of data for each patient who can reveal the workings of their 
leukemia cells at a level and degree of detail that was unimaginable until recently. 
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Combined with the rapidly expanding list of targeted agents designed to interfere 
with the expression or function of these genes and proteins, this presents the theo-
retical opportunity to match targets to patients in real time and in a manner that 
dramatically improves response and outcome. Achieving this requires the develop-
ment of integromic computational capabilities to enable us as physicians to see the 
relevant from among a torrential flood of data. Or, as once stated by Mao Zedong, 
“There is great chaos under heaven—the situation is excellent.”

Acknowledgments  Thanks to Dr. Richard Eric Davis for critical reading and suggestions.
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