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ABSTRACT: Acute lymphoblastic leukemia (ALL) is the most common childhood cancer and the leading cause of cancer-related death in children and
adolescents. Minimal residual disease (MRD) is a strong, independent prognostic factor. The objective of this study was to identify molecular signatures
distinguishing patients with positive MRD from those with negative MRD in different subtypes of ALL, and to identify molecular networks and biological
pathways deregulated in response to positive MRD at day 46. We compared gene expression levels between patients with positive MRD and negative MRD
in each subtype to identify differentially expressed genes. Hierarchical clustering was applied to determine their functional relationships. We identified
subtype-specific gene signatures distinguishing patients with positive MRD from those with negative MRD. We identified the genes involved in cell cycle,
apoptosis, transport, and DNA repair. We also identified molecular networks and biological pathways dysregulated in response to positive MRD, including

Granzyme B, B-cell receptor, and PI3K signaling pathways.
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Introduction

B-precursor acute lymphoblastic leukemia (ALL) is a heteroge-
neous disease with several subtypes that differ markedly in cel-
lular and molecular characteristics.»? Approximately 10%-20%
of patients do not respond well to the current treatment proto-
cols.> Attempts to improve survival rate with hematopoietic
stem-cell transplantation have improved outcome for some®
but not all subtypes, suggesting that intensification of existing
treatment strategies is unlikely to improve the cure rate. There-
fore, there is an urgent need to identify biomarkers to assess
treatment response and guide treatment protocols.

End of induction minimal residual disease (MRD) is a pow-
erful predictor of overall treatment response and is now routinely
used to determine treatment intensity in contemporary treat-
ment centers.”? MRD after induction therapy is a very strong,
independent prognostic factor for ALL even after adjusting for
other clinical or biologic features.®? A study from the Children’s
Oncology Group revealed that having positive MRD at 0.01% is
strongly associated with a lower 5-year event-free survival.® The
effect is more pronounced in the higher risk patients.® Further-
more, even low-level MRD (0.001%—0.01%) at the end of induc-

tion has been associated with increased risk of relapse.’

Because ALL is a heterogeneous disease entity involving
many subtypes, understanding the molecular mechanisms
underpinning MRD for each subtype could allow better risk
estimation in children treated for ALL and have profound
impacts on future clinical management strategies. Therefore,
the challenge is to comprehensively identify all genetic altera-
tions driving leukemogenesis and MRD to guide risk stratifi-
cation and targeted therapies.

Advances in microarray technology have identified
molecular signatures for classification of subtypes of ALL
and improved outcome prediction.b>1020 Several stud-
ies have attempted to predict MRD in ALL,?*%> but the
results are inconsistent and have not been reproducible. To
date, no study has shown whether positive MRD and nega-
tive MRD patients can be stratified in different subtypes of
childhood ALL to guide treatment. With the cure rate of
childhood ALL approaching 90% and varying clinical out-
comes in different subtypes, further improvement in the
treatment outcome and quality of life will require discovery
of subtype-specific prognostic markers for patient stratifica-
tion to guide treatment. The objectives of this exploratory
study were twofold: 1) to determine whether gene expression
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levels significantly differ between positive MRD and negative
MRD patients in different subtypes of ALL and to identify
a signature of functionally related genes distinguishing the
two patient groups, and 2) to identify molecular networks
and biological pathways that are dysregulated in response to
positive MRD. Our working hypotheses were the following:
1) molecular perturbation in patients with positive MRD
differs from those with negative MRDj; and 2) genes dysreg-
ulated in response to positive MRD are functionally related
and affect entire molecular networks and biological pathways,
which in turn affect the severity of the disease. We have tested
these hypotheses by analyzing gene expression data on patients
diagnosed with positive and negative MRD in five subtypes of
childhood ALL.

Materials and Methods

Gene expression data. We used publicly available gene
expression data generated using RNA derived from leukemic
blast samples obtained from pediatric patients with ALL. Gene
expression data was downloaded from NCBI's Gene Expres-
sion Omnibus (GEO) database (http:/www.ncbi.nlm.nih.
gov/gds/) under accession number GSE33315. Gene expres-
sion profiling was performed using Affymetrix U133A arrays.
'The details about the samples have been described by the data
originators.?® Briefly, the dataset consisted of gene expression
data from 484 B-ALL samples. Out of 484 ALL samples, 189
contained information about the MRD status at days 19 and
46. 'The remainder of the samples did not contain information
on MRD and thus were not used. The 189 samples were clas-
sified as hyperdiploid, TCF-PBXI1, ETV6-RUNXI, 11q23
(MLL) rearrangement, BCR-ABL1I, hypodiploid, and B-ALL
without detectable recurrent molecular abnormalities (others).
The distribution of the samples according to MRD status by
subtype is provided in Table 1. Unfortunately, the information
on other clinical variables (gender, age, white blood cell counts
at diagnosis, ethnicity, treatment protocol, response to treat-
ment, and the level of MRD) and the details of the karyotypes
in hyperdiploid and hypodiploid cases were not available. The
samples from patients with BCR-A4BL1 were excluded from the
study because of a known prognosis and a different treatment
approach. Patients with TCF3-PBXI were excluded due to a
very small sample size. This left 165 samples used in the analy-
sis: 35 with positive day 46 MRD and 130 with negative MRD
(Table 1). Gene expression data were normalized to log 2.

Data analysis. Because B-ALL is a heterogeneous dis-
ease entity and both gene expression and treatment outcomes

1920 e elected to

have been shown to be subtype-specific,
use a subclass mapping analysis strategy treating each sub-
type as a different disease entity. Under this approach, total
gene expression data was partitioned according to individual
subtypes of B-ALL. Within each B-ALL subtype, the data
was further partitioned into two patient groups, the patient
group with positive day 46 MRD and the group with negative

MRD. Analysis was then performed within each subtype. We

did not use ANOVA to adjust for different subtypes since the
sample sizes were too small in some subtypes to avoid sam-
pling errors.

To obtain a more robust analysis of gene expression data,
we used a combination of different analysis strategies. First,
we used supervised analysis comparing gene expression levels
between positive MRD and negative MRD patients for each
subtype of B-ALL to determine whether gene expression lev-
els significantly differed between the two groups and to iden-
tify a signature of genes distinguishing the two patient groups.
A rtest was used to identify significantly differentially
expressed genes. We used the false discovery rate (FDR) to
correct for multiple hypothesis testing.?” A P-value of less than
0.005 was used as the threshold for selecting significantly dif-
ferentially expressed genes. Due to the small sample sizes, we
did not divide the data into test and validation sets to identify
genes that are predictive of MRD. Instead, we used an out-
of-sample (leave-one-out) validation procedure, which has
been shown to be effective when samples sizes are small.?8

'The differences in gene expression levels between patient
groups are important in stratifying patients, but they alone are
insufficient to explain the dynamics of the molecular mecha-
nisms underpinning MRD. Our next step was to determine
whether genes deregulated in response to positive day 46
MRD are functionally related and are involved in the same
biological processes and cellular components. To achieve this
goal, we used the gene ontology (GO) information to iden-
tify functionally related genes among the genes differentially
expressed between the two patient groups.?’ We considered all
three GO categories: molecular function, biological process,
and cellular component. Molecular function defines what a
gene product does at the biochemical level without specitying
where or when the event actually occurs. Biological process
describes the contribution of the gene product to the biologi-
cal objective. Cellular component refers to where in the cell a
gene product functions.

Next, for each subtype, we performed unsupervised
analysis using gene expression data on differentially expressed

Table 1. Distribution of samples according to ALL subtypes. Due to
small sample sizes, BCR-ABL1 and TCF-PBX1 samples were not
used in the analysis.

B-ALL SUBTYPES POSITIVE MRD NEGATIVE MRD TOTAL

Hyperdiploid 7 37 44
t(12;21)(ETV6-RUNX1) 7 44 51
MLL (11923) 6 5 11
rearrangement

Hypodipoloid 4 11 15
Others 1 33 44
t(9;22)(BCR-ABL1) 11 2 13
t(1;19)(TCF-PBX1) 1 10 11
Total 47 142 189
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genes with P-values less than 0.005. The goal of this
analysis was to determine whether the identified genes are
co-expressed and have similar patterns of expression profiles.
It has been shown that co-expression is correlated with func-
tional relationships, though this does not necessarily imply a
causal relationship among transcript levels.*° Importantly,
co-expression of genes of known function with novel genes may
provide leads to the functions of novel genes.>® We computed
the Pearson correlation coeflicient for each pair of genes as a
distance measure to assess the similarity and dissimilarity in
patterns of gene expression profiles between pairs of genes. The
genes were then ordered into clusters using hierarchical clus-
tering via the complete linkage method. Again, because of the
heterogeneity of the disease, the analyses were performed for
each subtype of B-ALL. Prior to clustering, all the data were
normalized, standardized, and centered.’® Supervised and
unsupervised analyses were performed using the GenePattern
software package.’!

Finally, we performed network and pathway analysis and
visualization using the Ingenuity Pathway Analysis (IPA)
System (Ingenuity Systems, www.ingenuity.com). The goal
was to determine whether the genes dysregulated in response
to positive MRD interact in gene regulatory networks and
biological pathways. A set of differently expressed genes from
each subtype with P-value less than 0.002 was used for this
analysis. We chose this lower threshold to reduce the number
of genes and to increase the reliability of identified gene net-
works and biological pathways by focusing on the set of genes
with good evidence of discriminating between positive MRD
and negative MRD patients. The Human Genome Organi-
zation (HUGO) gene identifiers/symbols were mapped onto
the networks and biological pathways using the network and
pathway design modules as implemented in IPA, and the
probability score was computed and used as an indicator of
the likelihood for correctly assigning the genes to the net-
works. Using a 99% confidence interval, Z-scores of =3 are
considered significant, although in this study we used much
more stringent levels. Validation of predicted pathways and
identification of other downstream target genes were achieved
through the literature and database mining module imple-
mented in the Ingenuity System. This module allows identifi-
cation of other functionally related genes.

Results

Differences in gene expression between patient groups.
We performed subclass mapping, as explained in the Methods
section, by comparing gene expression levels between positive
day 46 MRD and negative MRD patients within each subtype
of B-ALL. We identified five subtype-specific signatures total-
ing 691 highly significantly (P < 0.005) differentially expressed
genes, which distinguished positive MRD from negative
MRD patients at FDR <1%. This confirmed our hypothesis
that molecular perturbations significantly differ between the
two patient groups. The number of significantly differentially

expressed genes identified in hyperdiploid, ETV6-RUNXI,
MLL rearrangement, hypodiploid, and other subtypes was
93, 82, 87, 140, and 289, respectively. Among the significantly
differentially expressed genes identified were BCL2, BECNI,
CBFB, IKZF1, PAX5, SH2B3, and TOX, which have been
implicated in ALL.21%17 A complete list of all the 691 genes
along with their estimates of P-values classified by subtype
is presented in Supplementary Table 1. Interestingly, none
of the 691 highly significantly differentially expressed genes
from the analysis of each subtype was overlapping between
all subtypes. This observation, along with the small sample
size for some subtypes, spurred our confidence not to perform
comparisons between subtypes.

One of the critical needs in a clinical setting is the
identification of prognostic markers for risk stratification of
positive and negative MRD patients to guide treatment. To
identify gene signatures predictive of MRD in each subtype,
we evaluated the P-values of sets of genes with discrimina-
tive power (P < 107) identified after performing an out-
of-sample (leave-one-out) validation procedure, as explained
in the Methods section. For each subtype, we selected the top
10 most highly significantly differentially expressed genes as
assessed by the P-value (P < 107*) after correcting for mul-
tiple hypothesis testing (FDR <1%). The results showing
sets of the most highly significantly differentially expressed
genes that are predictive of positive MRD for each subtype
are shown in Table 2. Analysis involving the hyperdiploid
subtype revealed the genes CMMDI0, DHX29, CAMK2G,
NRF1,LOC100132832, PMS2P1, WISP1, CANX, ALPL, and
EMP1 (P <8.0x107*). For the MLL rearrangement subtype,
we identified a signature consisting of the genes BHLHEA40,
BIRC5, C20RF27, C70RF25, CC2D1A, CD8A, CDK16,
CES2, and CHAT (P < 2.0 x 10™*). The same analysis for
the ETV6-RUNX1 subtype produced the genes FAM2044,
ICOS, RYBP, CLIP3, ZHX2, BMPSA, MPL, MYHII,
TCL6, and SLC746 (P < 8.0 x 107*). Analysis involving
the hypodiploid subtype identified a gene signature consist-
ing of the genes ANKRD40, ATF7IP, ATG4B, C150RF63,
CEPT1, DNAJC13, DOCK2, FAM48A4, FTO, and GUCY1A43
(P < 2.0 x 107%). Analysis involving the “other” subtype pro-
duced a signature consisting of the genes CTDSPL, FGF17,
HIST1H2AB, ILS, ITGB3, KDM3A, MYL6, NPDCI,
STSESIA3, and TSPYL2 (P < 2.0 x 107%).

As expected, we observed significant variability in
expression levels between B-ALL subtypes. The variability
and differences in the number of genes exhibiting significant
differences can be partially explained by the genetic heteroge-
neity and the small sample sizes. The significant differences
in gene expression levels between positive MRD and nega-
tive MRD patients suggest that gene expression signatures
could potentially be used to stratify the two patient groups
in each subtype of B-ALL. The lack of overlapping in sig-
nificantly differentially expressed genes across the subtypes
indicates that, for patients with positive day 46 MRD, no
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Table 2. List of highly significantly differentially expressed genes
with predictive power as assessed by the estimated P-value in each

subtype of childhood ALL.

GENE NAME Chr. POSITION P-VALUE
Hyperdiploid subtype
COMMD10 5q023.1 2.0x 10~
DHX29 5q11.2 2.0x 10~
CAMK2G 10g22 2.0x 10~
NRF1 7932 2.0x 10~
LOC100132832 7911.23 4.0x 10
PMS2P1 79221 4.0x10™4
WISP1 8q24.22 4.0x10™4
CANX 5935 6.0x 104
ALPL 1p36.12 6.0x 104
EMP1 12p12.3 8.0x 10
MLL rearrangement subtype
BHLHE40 3p26 2.0x10*
BIRC5 17925.3 2.0x10*
C20orf27 20p13 2.0x10*
C7orf25 7p14.1 2.0x10*
CC2D1A 19p13.12 2.0x 10~
CD8A 2p12 2.0x 10
CDK10 16924.3 2.0x 10~
CDK16 Xp11 2.0x 10~
CES2 169221 2.0x 10~
CHAT 10911.2 2.0x 10~
Other subtypes
CTDSPL 3p21.3 2.0x 10
FGF17 8p21.3 2.0x 10
HIST1H2AB 6p22.1 2.0x 10
IL8 4q13-921 2.0x 10~
ITGB3 17921.32 2.0x 10~
KDMS3A 2p11.2 2.0x 10~
MYL6 12q13.13 2.0x10*
NPDC1 9q34.3 2.0x10*
ST8SIA3 18g21.31 2.0x10*
TSPYL2 Xp11 2.0x10*
ETV6-RUNX1 subtype
FAM204A 10926.12 2.0x 10~
ICOS 2q33 2.0x 10~
RYBP 3p14.2 4.0x104
CLIP3 19913.12 6.0x 10~
ZHX2 8q24.13 6.0x 10~
BMPS8A 1p35-p32 6.0 x 10~
MPL 1p34 6.0x 104
MYH11 16p13.11 6.0 x 104
TCL6 14g32.1 6.0x 104
SLC7A6 169221 8.0x 10~
(Continued)

Table 2. (Continued)

GENE NAME Chr. POSITION P-VALUE
Hypoploid subtype

ANKRD40 17921.33 2.0x 10~
ATF7IP 12p13.1 2.0x10*
ATG4B 2q37.3 2.0x10*
C150rf63 15914 2.0x10*
CEPT1 1p13 2.0x10*
DNAJC13 3g22.1 2.0x 10
DOCK2 5q35.1 2.0x 10
FAMA48A 13913 2.0x 10
FTO 16q12.2 2.0x 10~
GUCY1A3 4931.3-933 2.0x 10~

single molecular signature could predict response to treatment
across subtypes of B-ALL and that molecular stratification of
patients in response to treatment should be subtype-specific.
Overall, the results suggest that gene expression profiling
could become a clinically relevant tool for treatment stratifica-
tion for B-ALL patients.

Functional analysis and patterns of gene expression
profiles for the two patient groups. Another import aspect
of this investigation was the quantification of the functional
relationship of the identified gene signatures in each subtype
of ALL. Genes with similar patterns of expression and those
with similar functions are likely to be regulated via the same
mechanisms.3? In fact, genes with strongly correlated mRNA
expression profiles and those with similar functional annota-
tion are likely to be bound by common transcription factors.
Using this knowledge, along with the understanding that gene
expression profiles exhibited subtype-specific expression, we
performed functional analysis using clustering and GO infor-
mation for each subtype.

GO analysis revealed functionally related up- and down-
regulated genes with multiple overlapping functions. Func-
tionally related genes dysregulated in response to positive
MRD were predominantly associated with DNA recombina-
tion and repair, chromosome organization, apoptosis, tran-
scription factors, and cell cycle (Fig. 1A and B, indicating
up- and downregulated, respectively). The pattern of the
results suggests impaired apoptosis, impaired cell prolifera-
tion, and impaired DNA damage repair in ALL samples with
suboptimal response to induction chemotherapy.

The results showing patterns of expression profiles for
both positive and negative MRD patients for the 93 gene sig-
natures in the hyperdiploid and the 82 gene signatures in the
ETV6-RUNX1 subtypes are presented in Figure 2A and B,
respectively. The patterns of expression profiles for the 87 gene
signatures representing the MLL rearrangement, the 140 gene
signatures representing the hypodiploid, and the 289 gene

signatures representing the others subtypes are presented in
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Figure 3A-C, respectively. Additional information on gene
names/symbols represented in the heat maps in Figures 1 and
2 is provided in Supplementary Table 1. Remarkably, in all
the five subtypes, including those without recurrent molecular
abnormalities (herein defined as “others”), we identified func-
tionally related up- and downregulated genes with similar
patterns of expression profiles. However, there was significant
heterogeneity in patterns of gene expression profiles within
subtypes. The analysis in the two patient groups across all the
subtypes revealed significant heterogeneity and inconsistencies
in the patterns of expression profiles (results not presented).
Many factors could explain these heterogeneity and incon-
sistencies. B-ALL is a heterogeneous disease entity and gene
expression can be subtype-specific; therefore, such an outcome
should be expected. Other factors such as age and ethnicity,
both of which were not accounted for in the analysis, could
contribute to the observed patterns in gene expression profiles,
although sampling errors cannot be ruled out given the small
sample sizes. Our recent study on childhood ALL involving
race and ethnicity revealed that gene expression varies among
and differs across patient populations.33

Network and pathway analysis. The second objective
of this investigation was to identify molecular networks and
biological pathways that are dysregulated in response to posi-
tive MRD. Our working hypothesis was that genes dysreg-
ulated in response to positive MRD affect entire molecular
networks and biological pathways, which in turn affect the
severity of the disease. To address this hypothesis, we mapped
270 highly significantly (P-value <0.002) differentially
expressed genes onto the networks and canonical pathways
using the network and pathway prediction modules built into

A DNA recombination and repair,
Unknown chromosome organization

Apoptosis
Others
Transcription
factors
Cell cycle, mitosis

Transport
B DNA recombination and repair,
Unkngwn chromosome organization

Others Apoptosis

Transcription
factors

Transport

Cell cycle, mitosis

Figure 1. Pie charts showing distribution of the biological processes
in which the identified significantly differentially expressed genes
are involved as assessed by GO analysis. (A) A set of genes that
are upregulated in patients with positive MRD at day 46. (B) Genes
downregulated in patients with positive MRD at day 46.

IPA. This analysis produced many molecular networks. We
selected the top five networks with the highest scores (ranging
from 35 to 72) and merged them into one large network using
the build, design, and merge modules as implemented in
IPA. In the networks, the genes are represented by the nodes
and functional relationships by vertices. The genes are color-
coded, with each color representing a subtype. The results of
network analysis are presented in Figure 4. Network analysis
revealed genes with multiple overlapping functions, includ-
ing genes involved in cell morphology, cellular function and
maintenance, developmental disorder, hematological disease,
cell cycle and embryonic development, cancer, dermatological
diseases, cellular movement, cell-to-cell signaling and interac-
tion, hematological system development/function, and skel-
etal/muscular system development/function. In addition, we
also identified the upstream regulator genes RB1, CDKN2A4,
E2F4, TP53, and HIF1A. These genes are tumor suppressor
genes and are known to be associated with poor prognosis of
B-ALL.33 Specifically, the genes 7P53, RB1, and CDKN2A4
have been implicated in hypodiploid ALL, which has a poor
outcome.*® The complete list of the 270 genes used in the net-
work analysis, their predicted scores for correctly assigning
them to the appropriate molecular networks, and information
on the molecular functions in which the genes are involved are
presented in Supplementary Table 2 provided as supplemen-
tary data to this report.

To gain more insights into the broader biological context
in which the identified genes operate, we performed pathway
analysis and visualization using IPA. A log P < 1.2 was used
as an indication of significance for the identified pathway. We
identified many novel biological pathways. The most highly
significant pathways that were found to be deregulated in
response to positive MRD are presented in Figure 5. Among
the highly significant pathways identified were the renal cell
carcinoma signaling, granzyme B signaling, role of osteoblast,
osteoclasts, and chrondrocytes in arthritis, the TCA cycle II,
thrombopoietin signaling, rank signaling in osteoclasts, virus
entry endocytic pathways, PI3K signaling in B lymphocytes,
and the eNOS signaling (Fig. 5).These results confirmed our
hypothesis that genes deregulated in response to positive
MRD are functionally related and interact with one another
in biological pathways. Interestingly, many of the identified
pathways including granzyme B signaling,3”3® B-cell receptor
39,40

signaling, thrombopoietin signaling,*! and PI3K signal-
ing in B lymphocytes*>** have been associated with hemato-

logic malignancies.

Discussion

'The prognostic value of end of induction MRD in childhood
ALL has been firmly established by several groups world-
wide.”” However, to date, no literature reports have shown
whether molecular perturbation between patients with positive
and negative MRD at post induction (day 46) differs in dif-
ferent subtypes of ALL and whether stratification of patients
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MRD positive

MRD negative

Hyperdiploid

B
MRD positive

MRD negative

ETV6-RUNX1

Figure 2. Pattern of gene expression profiles for the significantly differentially expressed genes distinguishing ALL patients with positive MRD at day

46 from patients with negative MRD. (A) Hyperdiploid: Represents a signature of 93 significantly differentially expressed genes, of which 41 genes are
upregulated in positive MRD and 46 genes downregulated. (B) ETV6-RUNX1: Represents a signature of 82 significantly differentially expressed genes, of
which 22 genes are upregulated in positive MRD and 60 genes downregulated. The red color indicates upregulation and blue color downregulation.

by MRD using transcription profiling could lead to measur-
able changes in therapeutic decision making. In this study, we
addressed this knowledge gap by comparing gene expression
levels between pediatric patients with positive day 46 MRD
and negative MRD in different subtypes of B-ALL. Our
analysis revealed molecular signatures unique to each subtype
of childhood B-ALL. The clinical significance of these find-
ings lies in the fact that, because MRD is a strong, indepen-
dent prognostic factor,”” the identified molecular signatures
predictive of positive MRD in different subtypes of B-ALL
could serve as prognostic markers for stratifying patients and
guiding treatment protocols. This is the first study to identify
molecular signatures predictive of MRD that are unique to
each subtype of childhood B-ALL.

Intriguingly, the results found in this study are consistent
with the recent findings based on a randomized clinical trial
(UKALL2003).** Of note is the fact that, because persistence
of MRD in the bone marrow is a key early prognostic indica-
tor and is strongly associated with event-free survival,* dis-
covery of clinically actionable biomarkers that stratify patients
could guide post-remission therapy.** Indeed, early response
to treatment that can be monitored by MRD is the most pre-
dictive marker for the risk of ALL relapse. Although we did
not investigate how many of the patients with positive day 46
MRD eventually relapse in this study because of the lack of
such information in the data used, a recent study demonstrated

that MRD-based treatment is adequate for relapse-prone
childhood ALL with an intrachromosomal amplification of
chromosome 21.# Because early response to treatment assessed
by MRD testing provides a precise and objective measurement
of drug sensitivity of leukemia cells and the efficacy of treat-
ment as well as host pharmacogenomics and immune surveil-
lance,”*”
development of novel therapeutics. The PI3K signaling in the
B-lymphocyte pathway discovered in this study is associated

with the natural killer (NK) cells involved in cancer control.*”

the identified biomarkers could serve as targets for the

The NK cell genotype and phenotype at diagnosis of ALL has
been recently shown to correlate with post-induction residue
disease,*” which was the main focus of this study. This sug-
gests that the PI3K signaling in the B-lymphocyte pathway
could be a potential therapeutic target.

In this study, we have used whole genome transcription
profiling. In a clinical environment, the use of such profiling
may be a daunting task. However, as demonstrated in this
study, one could identify the signature of prognostic mark-
ers. In a clinical setting, MRD could then be monitored by
assessing the expression of the identified signature of bio-
markers using real-time quantitative polymerase chain reac-
tion (RQ-PCR) to identify patients at high risk and to guide
treatment.*® A recent study demonstrated convincingly that
post-induction MRD investigated in this study could be
monitored successfully using RQ-PCR in a clinical setting.*
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Figure 3. Pattern of gene expression profiles for the significantly differentially expressed genes distinguishing ALL patients with positive MRD at

day 46 MRD from patients with negative MRD. (A) MLL rearrangement: Represents a signature of 87 significantly differentially expressed genes, all
downregulated in positive MRD. (B) Hypodiploid: Represents a signature of 140 significantly differentially expressed genes, of which 36 genes are
upregulated in positive MRD and 104 genes downregulated. (C) Others: Represents a signature of 287 significantly differentially expressed genes, of
which 130 genes are upregulated in positive MRD and 159 genes downregulated. The red color indicates upregulation and blue color downregulation.

In a clinical setting, most ALL induction treatments last representation of end of induction MRD, which guides the
4-6 weeks,*! and MRD is measured at day 19 and day 46. intensification of treatment in current practice.*** The clinical
In this study, we used day 46 as the checkpoint for assessing significance lies in the fact that the molecular signatures
MRD because this was the only information available in the deregulated in response to positive MRD at day 46 could be
dataset used. But most importantly, MRD at day 46 is a good predictive of relapse,* thus accelerating the planning of salvage
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Figure 4. Molecular networks for the top 270 highly significantly (P < 0.002) differentially expressed genes of different subtypes of ALL. Genes are
represented by the nodes, and functional relationships by vertices/edges. Genes from each subtypes are color-coded as follows: red — hyperdiploid
(15 genes), pink — ETV6-RUNXT (4 genes), green — MLL rearrangement (22 genes), blue — hypodiploid (14 genes) and purple — others (58 genes), as

depicted in the key below the figure.

therapy and/or hematopoietic stem-cell transplantation. In
the scientific literature, many studies have demonstrated the
prognostic significance of MRD levels in pediatric B-ALL.?-%
The novel feature of our study is that it identifies subtype-
specific molecular signatures distinguishing positive MRD
from negative IMRD patients, not previously reported.
With the heterogeneity inherent is childhood ALL, further
improvement in the treatment outcome may depend on the
discovery of subtype-specific prognostic markers and targets
for the development of novel therapeutics.

Functional analysis produced genes involved in cell cycle
and apoptosis. This is a significant finding, given that in all
subtypes of B-ALL the treatment agents used for induction
therapy affect cell proliferation and apoptosis. This difference
in patterns of expression profiles between positive MRD and
negative MRD patients could be indicative of resistance to
treatment. The identification of genes involved in DNA dam-
age and repair was expected since chemotherapy agents induce
some form of DNA damage, the mechanism that likely acti-
vates the repair mechanisms. These results are consistent with
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bars indicate the pathway. The straight yellow line indicates the threshold
for assessing significant association as measured by the log P value.

earlier reports.?> The clinical significance of these find-
ings is that discovery of DNA repair and apoptosis pathways
and understanding the mechanisms of action could lead to
development of novel and less toxic therapeutics.

Although the study shows appreciable differences in
gene expression levels and patterns of gene expression profiles
between MRD positive and MRD negative patients, limita-
tions of the study must be acknowledged, the chief among
them being the small sample size, which has the propensity to
cause sampling errors. For this reason, and because it is very
clear from previous studies that gene expression is subtype-

2425 e restricted our analysis to within-subtype

specific,
comparisons, treating each subtype as separate disease entity.
It is worth noting that, due to the small sample size, we did
not include all the subtypes. Notable also is the fact that our
study did not consider other factors such as age, white blood
cell count, obesity, and ethnicity, all of which could influence
end of induction MRD and clinical outcomes, a weakness
that we readily acknowledge. Information on these variables
was not available in the dataset used in this study. In light of
the acknowledged prognostic significance of age and white

t,°2 and more recently obesity,* these variables

blood cell coun
should be considered in future studies. In addition, treatment
results of ALL may depend not only on biological factors but
also on ethnicity.> These factors also should be considered in
future studies.

In conclusion, this study revealed significant differ-
ences in gene expression levels between positive MRD and
negative MRD patients at day 46 and identified subtype-
specific molecular signatures. The study demonstrated that
transcription profiling could be used to stratify patients on
the basis of MRD. Because of the sample size per subtype
used in this study, we view this study as exploratory and
recommend that future studies should include larger sample
sizes where it is possible to reliably identify subtype-specific

predictive prognostic markers and assess their potential bio-
logical impact on clinical outcomes in all subtypes of pedi-

atric B-ALL.
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