














disease subsets (34, 52). An assay with viability as the read-out may
underestimate the efficacy of drugs with noncytotoxic mechanisms
of action. We focused on complete remission to initial cytotoxic
induction therapy in patients treated with 7 + 3 chemotherapy;
those refractory to other approaches may have different profiles.
Similarly, we determined refractory status on the basis of response
after receipt of a single cycle of 7 + 3, while many such Ref pa-
tients achieve a CR only after a second cycle of induction (53).
Unfortunately, subsequent responses were not available for eval-
uation in this dataset. Patients were treated at US academic
medical centers according to local standards of care. While vari-
ations in 7 + 3 chemotherapy dosing exist and may have
differential benefit in particular AML subgroups, information

regarding potentially predictive factors from these patients would
typically not be available to the prescribing physician at the time of
initial treatment. Certainly, the 72% overall CR rate suggests
these patients received high-quality induction therapy. We also
allowed inclusion of patients treated with adjunctive therapy in
addition to 7 + 3, as CR rates for such combinations have not been
demonstrated to be statistically superior (54). Complete remission
is only a surrogate for OS, and while we dichotomized remission
responses here, we understand that remissions associated with
incomplete count recovery may have a different prognosis (55, 56)
and that reductions in disease burden can be quantified with
higher sensitivity (57, 58). The training dataset of refractory cases
used to establish the RG4 classifier was small, and the result may
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Fig. 6. Drug sensitivity landscape of refractory AML. (A) Schematic illustration of study design. A total of 103 pretreatment samples from newly diagnosed
cases of AML that had either a CR (n = 74) or refractory (Ref) response (n = 29) upon induction chemotherapy were used in this study. The freshly isolated
mononuclear cells of AML patients were exposed to seven-point drug dilution treatment against 122 small-molecule inhibitors. The drug sensitivity of these
patient-isolated cells was examined. (B) Box plot illustrates treatment response of samples from FLT3-ITD and FLT3 wild-type (WT) AML patients against
quizartinib (AC220), a drug known to improve the OS of FLT3-ITD–mutated AML patients. The receiver operating characteristic (ROC) curve indicates the
significance of the quizartinib effect on FLT3-ITD patient samples. (C) Box plot illustrates treatment response between CR, Ref1, Ref2, and Ref3 patient
samples against GW-2580 (P value: ANOVA between four groups) and venetoclax (P value: ANOVA between refractory subgroups). (D) Box plot illustrates
treatment response between CR and refractory (Ref) or CR, Ref1, Ref2, and Ref3 patient samples against flavopiridol. ROC curves indicate the significance of
the flavopiridol effect on patient samples. (E) Box plot illustrates treatment response of patient samples with an adverse or favorable ELN classification
against flavopiridol. The ROC curve indicates the significance of the flavopiridol effect on samples from patients with an adverse or favorable ELN classifi-
cation. (F) Top 100 differentially expressed genes of AML patient samples based on their sensitivity to flavopiridol (all with an adjusted P < 0.02). Sample level
expression values are mean-centered log2 counts per million with trimmed mean of M values (TMM) normalization. Sensitivity to flavopiridol was defined
based on the top 25% AUC and bottom 25% AUC. The resistant group has an AUC ≥ 164.6 (26 patients composed of 25 CR and 1 Ref patients) with a
significant binomial test (P = 0.0015). The sensitive group has an AUC ≤ 100.88 (26 patients composed of 16 CR and 10 Ref patients) with no significant
binomial test (P = 0.615).
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not be applicable to those treated with induction therapies other
than 7 + 3. While the results presented here are informative and,
in principle, point to the potential of personalized therapy for
refractory AML, their applicability to the clinical setting must
await clinical trials to establish the safety and efficacy of such
approaches (20, 47, 59–64). The biological heterogeneity
described here explains the limited efficacy of current therapeutic
approaches to treat refractory AML and the suboptimal ability of
pretreatment disease biology, clinical factors, and gene expression-
based signatures to correctly identify, on an individual patient
level, the likelihood of achieving complete remission after con-
ventional cytotoxic induction therapy.

Materials and Methods
Patient Cohort Selection. Our cohort was selected from the Beat AML dataset
(20) based on the following criteria. Adult patients (age > 21 y) with samples
coded as being from the specimen group “initial acute leukemia diagnosis”
with a diagnosis of “AML and related precursor neoplasms” at the time of
specimen collection were included. Patients with a PML-RARA fusion, t(15;17)
karyotype, and/or a diagnosis of acute promyelocytic leukemia were excluded.
Only patients treated with 7 + 3 (cytarabine and an anthracycline) with a
documented response to induction therapy were eligible. Only patients with
analysis of RNA sequencing from a preinduction therapy sample were eligible.

Patient Sample Normalization. The statistical analyses were performed using
R, version 3.5.0 (65). Raw counts of RNA-sequencing data from pretreatment
samples from 154 patients were obtained from the Beat AML working group
(20). Only genes expressed at >1 counts per million in at least 10 samples
were carried forward, and the count matrix was normalized using limma
voom quantile normalization (66).

Differential Gene Expression Analysis of Refractory Versus Complete
Responders. The normalized data were used for differential expression
analysis by the “lmFit” and “eBayes” functions in limma comparing the CR
and refractory groups. There were 49 significant genes with an FDR <
0.05 and 139 significant genes with an FDR < 0.1. The top 100 genes were
selected for the heat map. For differential expression analysis between re-
fractory subgroups and the CR group, the numbers of significant genes are
1, 0, 1,839 (FDR < 0.05) and 12, 0, 3,140 (FDR < 0.1) for the Ref1, Ref2, and
Ref3 clusters, respectively.

Sample Clustering of Refractory AML Patients. Samples were clustered using
ConsensusClusterPlus, v1.42.026 (34) at k = 2–10 and using the top 1,500 genes
based on median absolute deviation. These genes were then log2-transformed
and median-centered, and ConsensusClusterPlus was run for k = 2–10 with
80% resampling for 1,000 iterations of a hierarchical clustering based on
Pearson correlation distance. The optimal number of clusters was chosen based
on the consensus CDF and the relative change in area under the CDF curve.
When there were three clusters, the CDF reached its approximate maximum,
while there was no appreciable increase when clustering number increased.

Survival Analysis. Survival analysis was performed using the R “survival” and
“survminer” packages. Kaplan–Meier survival curves were plotted for
groups of interest with the log-rank test P value. Median OS in each group
was also calculated for comparison.

Refractory Group Gene Signature Modeling. Differential gene expression
analysis within three refractory subgroups was conducted using the same
method as the comparison between CR and Ref patients. Genes were selected
by choosing an FDR < 0.05 and an absolute value of logFC > 1. The genes
were annotated using the Ensembl database, and those within a protein-
coding transcript type remained in the list. The LASSO was used for further
variable reduction with cross-validation. Four genes (GUSB, ALDH3B1,
AMOT, and RAB32) remained to fit an SVM for classification with a Gaussian
kernel. All of the count values were log2-transformed.

Enrichment Analysis. GSEAs were conducted using preranked GSEA (67) and
the MSigDB, v6.2. The input data for the preranked GSEA are the t-statistics
from the differential gene expression analysis for all genes after filtering
(18,514 genes). The Entrez gene IDs were transformed to gene symbols, and
duplications were removed. Two gene set databases were used for the
analysis: c2.cp.v6.2.symbols.gmt (cp) and c2.cgp.v6.2.symbols.gmt (cgp).

Drug Sensitivity Analysis. AUC data for 122 small-molecule inhibitors were
obtained from the Beat AMLworking group (20). Inhibitors and patients with
more than 50% of missingness were removed from the analysis, leaving
105 inhibitors and 103 patients. A t test was used to test for significant mean
differences between samples from the CR group and refractory groups.
Single-factor ANOVA was used to test for significant mean differences be-
tween the CR group and refractory subgroups, and Dunnett’s post hoc test
and pairwise t test were used to calculate P values.

Clinical Information. For clinical information, we compared the distribution of
age, gender, race, ELN risk stratification, and molecular alterations between
two groups. Different statistical tests were applied based on the types of
variables (categorical/continuous) and the number of observations in each
category (t test, Fisher exact test, and χ2 test).

Data Availability. Genomic datasets used for this study had previously been
deposited in the database of Genotypes and Phenotypes (dbGaP) and Ge-
nomic Data Commons (20). The dbGaP study ID is 30641 and the accession ID
is phs001657.v1.p1. TCGA data were downloaded using the Genomic Data
Commons (GDC) Data Portal.
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