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Refractoriness to induction chemotherapy and relapse after
achievement of remission are the main obstacles to cure in acute
myeloid leukaemia (AML)1. After standard induction chemotherapy,
patients are assigned to different post-remission strategies on the
basis of cytogenetic and molecular abnormalities that broadly
define adverse, intermediate and favourable risk categories2,3.
However, some patients do not respond to induction therapy and
another subset will eventually relapse despite the lack of adverse risk
factors4. There is an urgent need for better biomarkers to identify
these high-risk patients before starting induction chemotherapy,
to enable testing of alternative induction strategies in clinical
trials5. The high rate of relapse in AML has been attributed to the
persistence of leukaemia stem cells (LSCs), which possess a number
of stem cell properties, including quiescence, that are linked to
therapy resistance6–10. Here, to develop predictive and/or prognostic
biomarkers related to stemness, we generated a list of genes that
are differentially expressed between 138 LSC+ and 89 LSC− cell
fractions from 78 AML patients validated by xenotransplantation.
To extract the core transcriptional components of stemness relevant
to clinical outcomes, we performed sparse regression analysis of
LSC gene expression against survival in a large training cohort,
generating a 17-gene LSC score (LSC17). The LSC17 score was
highly prognostic in five independent cohorts comprising patients
of diverse AML subtypes (n = 908) and contributed greatly to
accurate prediction of initial therapy resistance. Patients with
high LSC17 scores had poor outcomes with current treatments
including allogeneic stem cell transplantation. The LSC17 score
provides clinicians with a rapid and powerful tool to identify AML
patients who do not benefit from standard therapy and who should
be enrolled in trials evaluating novel upfront or post-remission
strategies.
To derive an LSC-based biomarker, 83 cell samples obtained from
78 AML patients (Extended Data Fig. 1a) were sorted into fractions based
on expression of CD34 and CD38, and LSC activity in each fraction
was assessed by xenotransplantation into NOD.Prkdcscid.Il2rgnull (NSG)
mice (Extended Data Fig. 1b). Consistent with previous reports, the
majority of CD34+ and a minority of CD34− fractions contained

LSCs11,12. However, LSCs were detected in fractions of all CD34/CD38
phenotypes (Extended Data Fig. 1c, d), underscoring the importance
of performing functional assays to define LSC activity.
Each of the functionally defined 138 LSC+ and 89 LSC− fractions
was subjected to gene expression (GE) analysis. By comparing GE
profiles of LSC+ and LSC− fractions, a list of differentially expressed
(DE) genes was obtained; 104 genes exhibited ≥2-fold expression level
differences (P <  0.01; Extended Data Fig. 1e and Extended Data Table 1).
We defined an LSC+ reference profile as the average expression l evels
of these 104 genes in the LSC+ fractions. There was a strong correlation between engraftment ability of individual cell fractions and
their GE similarity to the LSC+ reference profile, as well as to the
global GE profiles of normal haematopoietic stem cells (HSCs) and
multipotent progenitors (MPPs) from human umbilical cord blood13
(Fig. 1a, b). Conversely, GE similarity to the LSC+ reference profile
was anti-correlated with the global GE patterns of mature myeloid
cell types, including granulocytes and monocytes14 (Fig. 1b). These
findings suggest that the 104 genes most DE between LSC+ and LSC−
cell populations are associated with stem cell transcriptional programs
that are shared between LSC and normal HSCs/MPPs.
To extract the core transcriptional components of stemness that
relate to clinical outcomes across a broad spectrum of AML patient
subtypes, we interrogated a large data set of 495 patients (Gene
Expression Omnibus (GEO) accession GSE6891 (ref. 15)), in which 89
of the 104 DE LSC genes were captured. Expression of the 89 genes in
these unfractionated patient samples was variable and showed a similar
pattern of correlation to the LSC+ reference profile, as did the sorted
LSC+ and LSC− fractions (Fig. 1c), suggesting that LSC-associated GE
programs are detectable at the bulk cell level. We applied a statistical
regression algorithm based on the least absolute shrinkage and selection
operator (LASSO)16,17 to relate GE to patient survival in this training
cohort, using either the full list of 89 LSC genes or the subset of 43 genes
more highly expressed in LSC+ fractions. Analysis of the latter subset
yielded an optimal 17-gene signature (LSC17 score), which could be
calculated for each patient as the weighted sum of expression of the
17 genes (Fig. 1c). High LSC17 scores were strongly associated with
poor overall survival (OS) and event-free survival (EFS) (Extended
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Figure 1 | Analysis of LSC-specific GE identifies an optimal 17-gene
prognostic signature. a, GE patterns of the top 104 genes (columns) DE
between 138 LSC+ and 89 LSC− cell fractions (rows). Horizontal black and
white bars denote LSC+ and LSC− fractions, respectively. r =  correlation
coefficient between engraftment status and similarity to the LSC+
reference profile. b, Similarity of global GE of each cell fraction to that of
stem-cell-enriched cell populations (HSCs plus MPPs) and mature myeloid
cell populations (granulocytes, GRAN; monocytes, MONO) from human
umbilical cord blood. r = correlation coefficient between similarity to the
LSC+ reference profile and similarity to the cell types indicated. c, GE
patterns of 89/104 DE genes captured in the GSE6891 data set. The relative
ordering of the 89 genes is the same as in b (rotated counterclockwise 90°).
Vertical black and white bars denote samples with LSC17 scores above and
below the median, respectively. The 17 signature genes are depicted in the
magnified view on the right (regression coefficients in parentheses).

Data Fig. 1f). In addition, patients with high LSC17 scores had
significantly higher percentages of bone marrow blasts at diagnosis,
a higher incidence of the FLT3 internal tandem duplication mutation
(FLT3-ITD) and adverse cytogenetics, higher rates of relapse, and lower
response rates to standard induction chemotherapy, reflecting a link
between LSC-associated GE programs and clinical outcomes.
We evaluated the association of the LSC17 score with survival in
three independent AML cohorts (one from The Cancer Genome
Atlas (TCGA)18, two from GEO accession GSE12417 (ref. 19)). In
the TCGA AML cohort (n = 183), patients with a high LSC17 score
had significantly shorter OS than patients with a low score (Fig. 2a
and Extended Data Table 2; hazard ratio (HR) =  2.62; P <  0.001). This
survival d
 ifference was also found for the subset of cytogenetically
normal (CN)-AML patients (n =  83) (Extended Data Fig. 2a; median
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Figure 2 | LSC signature scores are associated with OS in multiple
independent AML cohorts across different GE measurement platforms.
a–d, Kaplan–Meier estimates of OS, according to LSC17 scores calculated
using microarray (a, b), RNA-seq (c), or NanoString (d) GE data sets.
e, Kaplan–Meier estimates of OS according to LSC17 score and whether
or not CR was achieved after initial therapy (no CR, dotted lines; CR,
solid lines). f, Kaplan–Meier estimates of OS, according to LSC3 scores
calculated using microarray GE data. For all panels, OS of patients with
scores above and below the median in each cohort are shown by red and
blue lines, respectively.

OS 10.4 versus 24.1 months; HR =  2.06; P = 0.006). Similar results
were observed in the two CN-AML cohorts from GSE12417 (cohort 1:
Fig. 2b, HR =  3.16, P < 0.001; cohort 2: Extended Data Fig. 2b,
HR =  2.66, P =  0.002; Extended Data Table 3). In GSE12417 cohort 1,
a high LSC17 score was associated with shorter OS regardless of
whether or not complete remission (CR) was achieved (Extended Data
Fig. 2c; CR: median OS 9.8 months versus not reached; HR =  3.20;
P < 0.001; no CR: median OS 2.0 versus 2.5 months; HR =  1.58;
P = 0.14). As in the training cohort, high LSC17 scores were significantly associated with adverse cytogenetic and molecular features,
failure to achieve CR, and shorter EFS and relapse-free survival (RFS)
(Extended Data Fig. 2d–g and Extended Data Tables 2, 3). When
applied to RNA-sequencing (RNA-seq) data for the TCGA cohort, the
LSC17 score remained highly associated with outcome (full cohort:
Fig. 2c, HR =  2.48, P < 0.001; CN-AML subset: Extended Data Fig. 2h,
HR =  2.38, P = 0.001), demonstrating robustness across technology
platforms. In multivariate survival analysis using Cox proportional
hazards (CPH) models, the LSC17 score retained significant prognostic
value in all tested cohorts independent of known predictors of outcome
including patient age, presenting white blood cell (WBC) count, cytogenetic risk group, type of AML (de novo versus secondary), and the
presence of FLT3-ITD and NPM1 mutations (Extended Data Table 4a).
Recent studies mapping the mutational landscape of AML have
identified additional recurrent mutations that carry independent
prognostic information20. Of our validation cohorts, extensive mutational profiling data was available only for the TCGA AML cohort. In
this data set, six mutations frequently found in AML occurred in at
least three patients and were also significantly associated with OS as
single factors in univariate survival analysis. However, in a multivariate
CPH model that included all six of these mutations as well as common
clinical parameters (age, WBC count, cytogenetic risk group), only
DNMT3A retained prognostic significance when the LSC17 score was
included in the model, whereas the LSC17 score remained a strong and
significant independent prognostic factor (Extended Data Table 5a).
Recently, a comprehensive genomic classification scheme was reported
and was shown to be more accurate for patient risk stratification than
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the European LeukaemiaNet risk group definitions3,21. When this new
scheme was applied to the TCGA AML cohort, inclusion of the LSC17
score in multivariate CPH models significantly improved the overall
strength of association of the model with patient OS (Extended Data
Table 5b, P < 0.001, likelihood ratio test), and the LSC17 score itself
remained statistically significant. Three of the fourteen subgroups in the
new genomic classification scheme are less well c haracterized (‘driver
mutations but not class-defining’, ‘no detected driver mutations’, and
‘meeting criteria for 2 or more subgroups’); patients in these groups
had similar survival. The LSC17 score was able to discriminate between
shorter and longer OS in the combined subset of patients falling into
these three subgroups, and thus refines this state-of-the-art g enomics
classification scheme (Extended Data Fig. 2i and Extended Data
Table 5c).
The LSC17 score displayed superior prognostic accuracy when tested
against other published LSC signatures derived from GE analysis of
cell populations defined phenotypically or by multidimensional mass
cytometry22,23, or generated based on epigenetic differences between
a small number of functionally tested cell populations24. These other
signatures, like our previously reported 42-gene LSC signature11,
are lists of DE genes generated by comparing cellular phenotypes or
functional states without further statistical analysis of the contribution of each gene to explaining patient outcome. When tested in three
independent cohorts (GSE12417 CN-AML cohorts 1 and 2, and TCGA
AML), these other signatures were prognostic in some cases as single
factors or when controlling for common clinical covariates. However,
when the LSC17 score was incorporated in multivariate analysis, they
were no longer significantly associated with survival, whereas the
LSC17 score remained highly prognostic (Extended Data Table 6).
To develop a clinically applicable GE-based diagnostic test, we turned
to the NanoString platform, which is reproducible, cost effective, and
has a rapid turnaround time of 24–48 h (ref. 25). We designed a custom
NanoString assay and generated GE data for 307 AML patients treated
at the Princess Margaret (PM) Cancer Centre. A high LSC17 score was
associated with known adverse prognostic features including older age,
high initial WBC count, and unfavourable cytogenetics (Extended Data
Table 7a). Consistent with our findings using microarray and RNA-seq
GE data, patients with high LSC17 scores had significantly shorter OS
than patients with low scores (Fig. 2d and Extended Data Table 7a;
HR =  2.73; P < 0.001); this was true regardless of whether or not remission was achieved after primary induction therapy (Fig. 2e; CR: median
OS 18.9 versus 90.3 months; HR =  2.18; P < 0.001; no CR: median
OS 10.5 versus 20.7 months; HR =  2.16; P = 0.02). Similarly, a high
LSC17 score was associated with shorter EFS and RFS (Extended Data
Fig. 2j–m). The association between a high LSC17 score and shorter OS
was also observed in the subset of patients with CN-AML (Extended
Data Fig. 2n; median OS 13.7 versus 65.7 months; HR =  2.64;
P < 0.001). Importantly, in multivariate survival analysis including
established risk factors, the LSC17 score retained independent prognostic value in both the full cohort as well as in the CN-AML subset
(Extended Data Table 4a). Together, these results demonstrate the
broad applicability and strong prognostic value of the LSC17 score on
the clinically serviceable NanoString platform.
Allogeneic stem cell transplantation (aSCT) has strong anti-
leukaemic effects; however, potential benefits can be offset by
considerable transplant-related mortality and thus the procedure is
generally reserved for patients with a higher risk of relapse on the
basis of a vailable risk features (for example, cytogenetics, assessment
of minimal residual disease)26. Inclusion of aSCT as a time-dependent
covariate in the PM AML cohort (univariate Mantel–Byar analysis;
Fig. 3a) did not demonstrate a significant impact of aSCT on OS for
either high- or low-score patients (high LSC17 score, P =  0.20; low
LSC17 score, P = 0.06). Furthermore, a high LSC17 score was associated
with shorter OS, irrespective of whether or not patients underwent
aSCT (aSCT: median OS 11.7 versus 28.4 months for high versus low
LSC17 score, respectively; HR =  2.14; P = 0.005; no aSCT: median OS
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Figure 3 | Impact of aSCT on patient outcome. a, Simon and Makuch
estimates of OS, according to LSC17 scores computed using NanoString
GE data and whether or not patients received aSCT, b, c, Time from CR1 to
first relapse (b) or death (c) as competing risks, as estimated by cumulative
incidence analysis, according to LSC17 scores calculated using NanoString
GE data. In all panels, red and blue lines show patients with scores above
and below the median in each set, respectively, while solid and dotted lines
denote patients who did and did not undergo aSCT, respectively.

14.7 versus 123.3 months; HR =  2.99; P < 0.001). The LSC17 score
retained prognostic value when adjusted for common clinical factors
in multivariate Andersen–Gill models (aSCT: HR =  2.00, P =  0.04; no
aSCT: HR =  2.63, P < 0.001). Similar results were observed in the subset
of CN-AML cases (Extended Data Fig. 2o), and in the analysis of EFS
and RFS (data not shown).
We also examined the cumulative incidence of the competing risks
of relapse and death from time of first CR (CR1) in patients who
did or did not undergo aSCT in the PM AML cohort. A high LSC17
score was associated with earlier relapse in the subset of patients who
did not undergo aSCT, in both univariate (Fig. 3b, sub-distribution
HR (SHR) = 1.92; Gray’s test P < 0.001; median time to relapse 9.31
versus 65.2 months) and Fine–Gray multivariate analysis (SHR =  1.85,
P = 0.003). aSCT reduced the risk of relapse, although small patient
numbers precluded seeing a statistically significant difference between
high- and low-score patients (SHR =  5.26; P = 0.09). However, the
reduction in relapse risk was offset by a significantly greater risk of
death in both high- and low-score groups compared to patients who
did not undergo aSCT (Fig. 3c; P < 0.001). Indeed, the risk of death
after aSCT versus risk of relapse without aSCT was very similar for
low-score patients. Thus, the LSC17 score will aid in defining which
patients should undergo aSCT.
The LSC17 score was initially trained using clinical data from the
GSE6891 data set, which included only a small group (n =  44/495,
9%) of CN-AML patients classified as low molecular risk (CN-LMR,
defined as the presence of NPM1 mutation and no FLT3-ITD); as such,
survival differences within this small patient subset might not have
been captured optimally by the statistical regression algorithm applied
to the entire cohort. We therefore retrained the 17 LSC signature genes
against OS for only the CN-LMR cases in GSE6891 and identified an
optimized, reweighted sub-signature in which only 3 of the 17 genes
contributed to the calculated score (LSC3). A high LSC3 score identified patients with poor outcome in an independent cohort of CN-LMR
patients (GEO accession GSE15434 (ref. 27)) (Fig. 2f and Extended
Data Table 7b; HR =  8.41; P < 0.001), and was strongly associated with
shorter survival in the subset of 29 CN-LMR cases in the PM cohort
analysed by NanoString methodology (Extended Data Fig. 2p; median
OS 39.2 months versus not reached, HR =  3.65, P =  0.05), retaining
independent prognostic value in multivariate analysis (Extended Data
Table 4b). These findings demonstrate the feasibility of optimizing the
LSC17 score for selected patient subsets.
We next tested the ability of the LSC17 score to predict therapy
resistance (defined as failure to achieve CR after initial induction)5,
as this remains one of the primary barriers to cure. In the PM AML
cohort, the LSC17 score as a single continuous variable was more
predictive of therapy resistance than cytogenetic risk (area under the
receiver operating characteristic curve (AUROC) = 0.78 versus 0.70). In
multivariate logistic regression models that also considered age, WBC
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Figure 4 | LSC17 score predicts therapy response. a, Receiver operating
characteristic (ROC) curves for prediction of initial therapy resistance,
using logistic regression models that include age, WBC count, cytogenetic
risk (Cyto), and de novo versus secondary AML (2° AML) as covariates,
with (maroon line) or without (blue line) LSC17 score. b, Significance
(chi-squared statistic) of each covariate for prediction of therapy resistance
in the multivariate model that includes LSC17 scores. df, degrees of
freedom. c–f, Kaplan–Meier estimates of OS (c, d) or EFS (e, f) for
patients with high (c, e) or low (d, f) LSC17 scores treated with standard
chemotherapy with (red lines) or without (blue lines) addition of GO.

count, cytogenetic risk and de novo versus secondary AML, inclusion
of the LSC17 score markedly improved predictive ability (Fig. 4a;
AUROC = 0.82 versus 0.73, increased sensitivity =  3.38%, increased
specificity = 9.20%), and LSC17 score was the most significant covariate
as measured by the Wald chi-squared statistic (Fig. 4b). Multivariate
models that included either cytogenetic risk or continuous LSC17 score
had comparable predictive value for therapy resistance (with LSC17:
AUROC = 0.79 versus 0.73, increased sensitivity =  2.10%, increased
specificity =  5.71%, P = 0.12). As the LSC17 score was trained to
associate with OS, we tested whether reweighting the 17 genes to predict
treatment response directly would result in even stronger predictive
ability, using a random 50:50 split of the PM cohort for training and
testing. Indeed, the retrained response score had better predictive value
as a single factor than the unadjusted LSC17 score (AUROC =  0.81
versus 0.78). These results demonstrate that the LSC17 score improves
the ability to predict therapy resistance in newly diagnosed AML
patients.

We also used a data set from the ALFA-0701 trial28,29 (Extended Data
Table 8a) to test the ability of the LSC17 score to predict response to
gemtuzumab ozogamicin (GO), a drug–antibody conjugate shown to
improve survival when added to standard induction chemotherapy.
A higher LSC17 score was associated with shorter OS irrespective of
treatment arm (Extended Data Fig. 2q; median OS 15.4 versus 46.2
months; HR =  2.45; P < 0.001). Notably, patients with low but not high
LSC17 scores benefited from addition of GO to standard chemotherapy,
with longer OS, EFS and RFS (OS: Fig. 4c, d, median not reached
versus 34.3 months, HR =  0.60, P =  0.11; EFS: Fig. 4e, f, median
35.4 versus 11.7 months, HR =  0.42, P =  0.001; RFS: Extended Data
Fig. 2r, s, median not reached versus 16.4 months, HR =  0.53, P =  0.03;
Extended Data Table 8b). These data suggest that the LSC17 score could
be used to facilitate more rational use of GO in patients most likely to
benefit, while sparing high-score patients who do not derive benefit
any potential toxicities.
Many cancer biomarkers rely on mutational profiling. However, the
high degree of molecular complexity in AML presents a considerable
challenge to clinical implementation of such approaches18,21,30. The
strong prognostic value of the LSC17 score across the spectrum of
AML genotypes suggests that perturbations caused by driver mutations
coalesce on alterations in stemness properties, and that the LSC17 score
is able to distil these downstream consequences. A high LSC17 score
probably reflects biological properties of LSCs that confer resistance to
standard AML therapy. The LSC17 NanoString assay will allow rapid
risk assessment at diagnosis, enabling recommendation of more intensified investigational therapies to be directed to high-score patients
predicted to have resistant disease, while sparing low-score patients
unnecessary added toxicity. Furthermore, our analysis of the ALFA0701 trial data demonstrates the utility of the LSC17 score as a tool for
patient selection, and can probably be extended to additional patient
cohorts treated with other experimental therapies as data becomes
available in future studies. Finally, the LSC3 score will allow evaluation
of the possible benefits of post-remission therapy or aSCT in CR1
for high-risk CN-LMR patients, or could be used in upfront therapy
decisions at centres where CN-LMR patients can be rapidly identified
by molecular diagnostics. Overall, incorporation of the LSC17 and
LSC3 scores into risk determination algorithms for newly diagnosed
AML patients will facilitate the development and clinical testing of
novel anti-leukaemia therapies in the ongoing effort to prevent relapse
and increase cure rates.
Online Content Methods, along with any additional Extended Data display items and
Source Data, are available in the online version of the paper; references unique to
these sections appear only in the online paper.
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Methods

Patient samples. All biological samples were collected with informed consent
according to procedures approved by the Research Ethics Board of the University
Health Network (UHN; REB# 01-0573-C) and viably frozen in the PM Leukaemia
Bank. No statistical methods were used to predetermine sample size. The investigators were not blinded to allocation during experiments and outcome assessment.
Xenotransplantation assays. Eighty-three clinical samples (81 peripheral blood
(PB), 1 bone marrow (BM), 1 peritoneal fluid) obtained from 78 patients were
stained with the following antibodies (all from BD, dilution 1:100, catalogue
number in parentheses): anti-CD3-FITC (349201), anti-CD34-APC (340441), antiCD38-PE (347687). Each sample was sorted on a FACSAria III (BD Biosciences)
into four fractions based on CD34/CD38 expression; a total of 227 fractions with
sufficient cell numbers were tested in xenotransplantation assays. The clinical
characteristics of these patients are provided in Extended Data Fig. 1a. Sixty-two
samples were diagnostic, 16 were obtained following relapse and 5 after unsuccessful
induction treatment. Paired diagnosis–relapse samples were included from
3 patients. Diagnosis samples from BM and PB of 1 patient were included. Two PB
relapse samples collected at different times from 1 patient were included.
Animal experiments were performed in accordance with institutional guidelines
approved by the UHN Animal Care Committee. Eight to 12-week-old female NSG
mice were sublethally irradiated (225 cGy) 24 h before intrafemoral injection of
sorted AML cell fractions. Mice were killed 12 weeks post-transplant and human
cell engraftment in the injected right femur was assessed by flow cytometry
using human-specific antibodies (all used at 1:100 dilution, all from BD unless
stated otherwise, catalogue number in parentheses): anti-CD3-FITC (349201),
anti-CD19-PE (349209), anti-CD33-PE-Cy5 (Beckman Coulter PNIM2647U),
anti-CD45-APC (340943), anti-CD38-PE-Cy7 (1:200, 335790) and anti-CD34APC-Cy7 (custom made by BD). AML grafts were defined as ≥0.1% human
CD45+CD3− cells, with ≥90% CD33 expression. Sorted fractions were defined as
LSC+ if transplanted cells generated an AML graft in 1 or more mice; the r emaining
fractions were defined as LSC−. All flow cytometric analysis was performed on
a BD LSR II.
GE profiling of cell fractions. RNA was extracted using Qiagen RNeasy mini kits
(catalogue 74106) and was subjected to GE analysis using Illumina HumanHT-12
v4 microarrays to investigate ~47,000 targets corresponding to ~30,000 genes. The
resultant fluorescence intensity profiles were subjected to variance stabilization
and robust spline normalization using the lumi 2.16.0 R package31. All data was
put into the log base-2 scale. Differential GE analysis was performed using the
limma 3.20.9 package32 in R. Specifically, Smyth’s moderated t-test was used with
Benjamini–Hochberg multiple testing correction to compare GE profiles of LSC+
versus LSC− fractions. Relative proportions of GE programs of stem/progenitor
and mature cell types purified from human umbilical cord blood (GEO accessions
GSE42414 (ref. 13) and GSE24759 (ref. 14)) composing AML GE profiles were
assessed using the Perturbation model33.
Signature training. For signature development, we used published GE profiles
of diagnostic samples obtained from 537 patients with de novo AML treated with
curative intent (GSE6891). Clinical annotations for 521 cases were provided by the
authors15. Of these, we removed 23 cases of myelodysplastic syndrome refractory
anaemia with excess blasts (MDS-RAEB), 2 cases due to missing WBC count data,
and 1 because there was no raw GE data available for download, leaving 495 cases
for analysis (Extended Data Fig. 1f). The GE data from this study were generated
using Affymetrix Human Genome (HG) U133 Plus 2.0 GeneChips. The probes
available on this array capture 89 of the 104 LSC associated genes (43 of the 48
enriched in LSC+ cell fractions) (Extended Data Table 1). Raw Affymetrix CEL
files were imported using the affy 1.42.3 R package34 and processed with the gcrma
2.36.0 package35 in R, using version 17 of the custom chip definition files (CDF) for
the HG-U133 Plus 2.0 platform from the University of Michigan36.
For each gene, the probeset with the highest average GE in the training data was
selected to represent that gene. To extract a core subset of genes from among the 43
that were more highly expressed in LSC+ cell fractions that best explained patient
outcomes in the training cohort, we used a linear regression technique based on
the LASSO algorithm as implemented in the glmnet 1.9-8 R package16,17, while
enabling leave-one-out cross-validation to fit a Cox regression model. A minimal
subset of 17 genes was selected whose weighted combined GE (LSC17 score) was
highly correlated to survival outcomes in the training cohort.
The LSC17 score is calculated for each patient as a linear combination of GE of
these 17 genes weighted by regression coefficients that were estimated from the
training data as follows: LSC17 score =  (DNMT3B ×  0.0874) + (ZBTB46 ×  −0.0347)
+ (NYNRIN ×  0.00865) + (ARHGAP22 ×  −0.0138) + (LAPTM4B ×  0.00582) +
(MMRN1 ×  0.0258) + (DPYSL3 ×  0.0284) + (KIAA0125 ×  0.0196) + (CDK6 × 
−0.0704) + (CPXM1 ×  −0.0258) + (SOCS2 ×  0.0271) + (SMIM24 ×  −0.0226) +
(EMP1 ×  0.0146) + (NGFRAP1 ×  0.0465) + (CD34 ×  0.0338) + (AKR1C3 × 
−0.0402) + (GPR56 × 0.0501). As above- and below-median scores in the training

cohort were associated with adverse and favourable cytogenetic risk, respectively, a
median threshold was used to discretize scores into high and low groups.
An optimized sub-signature was identified by applying the above described
regression procedure to CN-LMR cases from GSE6891 with OS >30 days (n =  44),
while restricting the analysis to the LSC17 genes. A new equation resulted for
computing CN-LMR patient-specific risk scores: LSC3 score =  (DPYSL3 ×  0.3)
+ (AKR1C3 ×  −0.0477) + (NYNRIN ×  0.194).
Similarly, a retrained treatment response score comprising 6 of the LSC17 genes
was derived by applying the above described regression workflow to a randomly
chosen half of the PM AML cohort: initial induction response score =  −6.58 +
(MMRN1 ×  0.0442) + (KIAA0125 ×  0.0814) + (CD34 ×  0.104) + (GPR56 ×  0.208)
+ (LAPTM4B ×  0.168) + (NYNRIN ×  0.121).
Signature testing: microarray data processing and analysis. The LSC17 score
was initially validated against three published clinically annotated AML cohorts
with available microarray GE data (one from TCGA18 and two from GSE12417
(ref. 19)), while the LSC3 score was tested on an independent CN-LMR subset
from GSE15434 (ref. 27). Treatment protocols and the criteria used for cytogenetic/
molecular risk classification for each cohort have been previously described18,19,27.
Raw Affymetrix CEL files (generated on the HG-U133 Plus 2.0 array) containing
GE data of a cohort of de novo AML patients of all cytogenetic risk groups18 along
with clinical data were downloaded from the TCGA AML data portal (n =  183;
Extended Data Table 2). Raw Affymetrix CEL files (generated on the HG-U133
A, B, and Plus 2.0 arrays) containing GE data for two independent cohorts of
CN-AML cases19 were downloaded (GSE12417) and clinical annotations were
provided by the authors. Of the 163 GE profiles in GSE12417 CN-AML cohort 1,
we removed 2 PB, 1 MDS-RAEB, and 4 other cases with missing clinical data,
leaving 156 for analysis (Extended Data Table 3a). For this cohort, the GE data
generated on the HG-U133 A and B arrays were merged. The same inclusion
criteria for analysis were applied to the 79-patient GSE12417 CN-AML cohort 2,
leading to the removal of 1 MDS, 5 PB, and 3 other cases due to missing clinical
data, leaving 70 for analysis (Extended Data Table 3b). A data set of 70 CN-LMR
HG-U133 Plus 2.0 array profiles was downloaded (GSE15434), with clinical data
provided by the authors27. In addition, clinical and HG-U133 Plus 2.0 microarray
GE data for AML patients treated in the ALFA-0701 trial were provided by the
authors28 (Extended Data Table 8a). All microarray data were normalized as
described for the training data set (GSE6891). Signature scores (LSC17 or LSC3)
were calculated for each patient in the validation cohorts using the linear equations
derived during signature training and a median threshold.
Signature testing: RNA-seq data processing and analysis. One-hundred and
sixty-nine patients in the TCGA AML cohort had both microarray and RNA-seq
GE data available. The Illumina GA-IIX RNA-seq profiles normalized to reads per
kilobase of transcript per million mapped reads (RPKM) were downloaded from
the TCGA AML data portal. A value of 1 was added to the RPKM values before
applying a log-transformation to the base-2 scale. For each gene, the entry with
the maximum mean GE in the data set was used for computing LSC17 scores.
NanoString assay design and GE profiling. We submitted the 17 Affymetrix
probeset identifiers associated with the LSC17 score (Extended Data Table 1),
along with reference genes chosen to cover a wide range of expression levels
in AML37, to NanoString Technologies25 for custom codeset creation. The 100
base pair (bp) NanoString probes were fabricated to overlap or be proximal to
the corresponding Affymetrix probe target regions. On each 12-lane NanoString
cartridge implementing this codeset design, a single lane was reserved for a control
composed of an equal parts mixture of 26 synthetic 100 bp DNA oligonucleotides designed to resemble the target transcripts (Integrated DNA Technologies,
1.8 pM per oligonucleotide), against which the GE across all cartridges was
normalized to m
 inimize inter-cartridge variability as done by others38,39. For each
of the remaining 11 lanes, 100 ng, 150 ng, or 250 ng of RNA per sample (5 μl) was
incubated with 20 μl of reporter probe and 5 μl of capture probe mix (supplied
by the manufacturer) at 65 °C for 16 to 24 h for hybridization on the nCounter
Prep Station (version 4.0.11.1). After hybridization, excess probes were washed
out using a 2-step magnetic bead-based purification strategy according to the
manufacturer’s protocol, and purified target/probe complexes were immobilized
on the NanoString cartridge for data collection. Transcript counts were determined
using the nCounter Digital Analyzer (version 2.1.2.3) at the high-resolution setting.
Specifically, digital images were processed with final barcode counts tabulated in
reporter code count (RCC) output files.
Signature testing: NanoString data processing and analysis. The NanoString
assay was performed using RNA from bulk mononuclear cells obtained from 307
banked diagnostic samples collected from patients treated at PM with curative
intent between 1999 and 2012 (Extended Data Table 7a). Patients were excluded if
they received any cytoreductive treatment other than hydroxyurea or died within
one month of starting therapy. RCC files containing raw transcript counts from
each cartridge were analysed using the nSolver analysis software (version 2.0.72)

© 2016 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

Letter RESEARCH
for quality control (QC) and normalization purposes using default settings for GE
analysis. Specifically, RCC files for each cartridge along with a reporter library file
containing codeset probe annotations were imported into nSolver. The software
was used to normalize the captured transcript counts to the geometric mean of the
reference genes included in our assay and the codeset’s internal positive controls,
and to check for imaging, binding, positive spike-in, and normalization quality. The
control lane of each cartridge was processed in the same manner as the RNA lanes
using the nSolver software without normalization to reference genes.
The output files from nSolver were read into R for further QC, normalization,
and data processing. An RNA input correction step was used to adjust the GE
counts of each cartridge to the reference amount of 100 ng RNA. The control lanes
for cartridges 1 to 3 were used as blank lanes to estimate per-probe background
noise. None of the signature or reference probes exhibited high background
counts (that is, <3 standard deviations (s.d.) above the geometric mean of the
codeset’s 8 internal negative control probes) and thus no background subtraction
was required. In lanes where RNA was present, all signature and reference probe
counts were well above 3 s.d. over background. The coefficient of variation (CV;
s.d. divided by mean GE) and maximum fold change (MFC; maximum divided by
minimum GE) were used to quantify GE variation. All reference probes had lower
CV and MFC values compared to signature probes and most codeset controls while
spanning a sufficiently large range of signature probe GE.
To batch-correct control oligonucleotide counts, multiplicative corrective
constants were computed and applied to each batch of control lanes according to
the oligonucleotide preparation schedule. Specifically, the oligonucleotide counts
of each batch of control lanes were scaled by a ratio of geometric means between
the oligonucleotide counts in each batch and that of all control lanes. We next used
the batch-corrected control lanes to minimize inter-cartridge technical variation in
RNA counts. The geometric mean of the corrected oligonucleotide counts in the
control lane of cartridge 5 (arbitrarily chosen) was divided by the same s ummary
value corresponding to each of the other cartridges to produce per-cartridge
scaling factors. The RNA and oligonucleotide counts of each cartridge were then
adjusted using these factors by means of multiplication, thereby minimizing batch
induced GE variation. A final round of normalization to the reference genes was
then performed by adjusting the GE counts in all 307 RNA lanes in the data set
using a ratio of geometric means between the reference GE counts in each cartridge
and that of all cartridges. The fully normalized GE counts were log2-transformed
after incrementing by 1. Signature scores (LSC17 or LSC3) were computed for each
patient using the scaled data.
PM cohort treatment details. All patients received induction chemotherapy
with a 3+7 backbone (daunorubicin 60 mg/m2 intravenously (i.v.) daily ×  3 d
+cytarabine (ara-C) 200 mg/m2 i.v. daily × 7 d. A minority of patients were
enrolled in clinical trials employing 3+7 with GO (n = 7) or midostaurin (n =  3).
Barring contraindications, patients achieving CR went on to receive two cycles of
consolidation chemotherapy with daunorubicin 45 mg/m2 i.v. on days 1–2 + ara-C
3 g/m2 every 12 h on days 1, 3, 5). Patients with core binding factor leukaemia
received one cycle of this consolidation followed by two cycles of ara-C (3 g/m2
every 12 h on days 1, 3, 5). For APL patients, induction and the first consolidation
cycle included all-trans retinoic acid (ATRA) 45 mg/m2 daily ×  28 d, daunorubicin
60 mg/m2 i.v. daily × 3 d and ara-C 100 mg/m2 i.v. daily × 7 d. The second consolidation cycle included ATRA × 28 d, daunorubicin 45 mg/m2 i.v. daily on days 1–3
and ara-C 1.5 g/m2 every 12 h on days 1, 3, 5. For patients ≥60 years of age with
WBC count <10, ara-C was omitted from induction and consolidation. For APL
patients with initial WBC count <10, maintenance therapy consisted of ATRA
45 mg/m2/d × 7 d on alternating weeks × 9 months. For all others, maintenance
involved 21 monthly cycles of 6-mercaptopurine 75 mg/m2/d daily for 21 d
and methotrexate 20 mg/m2/d once weekly; every other cycle included ATRA
45 mg/m2/d × 14 d. aSCT was performed in CR1 for high-risk patients, typically
those with secondary AML, adverse cytogenetics, or normal karyotype with poor
prognostic molecular features.
Statistical analysis. All statistical analyses were performed in R 3.1.0 (ref. 40). The
Spearman rank method of correlation was used unless specified otherwise. Various
two-tailed tests were used to evaluate the differences in baseline clinical characteristics between patients with high versus low LSC17 scores. OS was defined as
the time from AML diagnosis until death from any cause or last clinical follow-up.
EFS was defined as the time from AML diagnosis until an event (that is, induction
failure, relapse or death from any cause) or last follow-up. RFS was defined as
the time from CR1 until relapse or death (regardless of cause) or last clinical
follow-up41. Univariate survival analysis was performed using the Kaplan–Meier
and CPH models and a median threshold, with comparisons performed using
Mantel–Cox log-rank tests. For multivariate analyses, covariates for CPH models
included LSC17 or LSC3 score, as well as established risk factors (for example,
age and WBC count at diagnosis, de novo versus secondary AML, c ytogenetic
risk group, and NPM1 and FLT3-ITD mutational status). The intermediate

risk subgroup was used as a reference against which other risk subgroups were
compared, unless specified otherwise. Wald’s test was used to evaluate the
significance of HRs, while violation of the proportional hazards assumption was
detected by examining Schoenfeld residuals, and eliminated by setting offending
parameters as stratifying variables in the model as done by others18,19. Cumulative
incidence analysis of relapse and death as competing risks was assessed using Gray
(univariate) and Fine–Gray (multivariate) methods42,43, as implemented in the
cmprsk44 and riskRegression45 R packages in the EZR software46. The impact
of aSCT on OS, EFS and RFS, was assessed by encoding transplant as a time-
dependent covariate in uni- and multi-variate Mantel–Byar47 and Andersen–Gill48
models, respectively, where univariate results were visualized using Simon–
Makuch plots49. All survival analyses were performed using the survival 2.38-1 R
package50. In comparing the LSC17 score to other reported signatures, custom
CDFs were used to summarize microarray probe expression for each gene, unless
specified otherwise.
In analyses assessing prediction of treatment response, uni- and multi-variate
logistic regression models were used with the bootstrap-adjusted AUROC metric
to determine the ability of various parameters to predict initial induction response.
The rms 4.4-1 R package51 was used for logistic regression analysis, while the pROC
1.8 and PredictABEL 1.2-2 R packages were used for ROC curve analyses52,53.
Relative importance of individual covariates in multivariate logistic regression
models was estimated by examining the partial Wald Chi-squared statistic as
done by others5.
Data availability. All raw and normalized GE data that support the findings of
this study have been deposited in the GEO SuperSeries under accession number
GSE76009 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE76009).
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Extended Data Figure 1 | Overview of LSC signature training
and testing. a, Clinical characteristics of the 78 patients analysed by
xenotransplantation and microarray GE analysis. CMML, chronic
myelomonocytic leukaemia; t-AML, therapy-associated AML; CN,
cytogenetically normal. b, Schematic of the experimental protocol.
c, d, Summary of functionally defined LSC+ and LSC− fractions in each
phenotypic cell population as a whole (c) and for each patient (d). Red
and blue denote LSC+ and LSC−, respectively. In d, each row represents
fractions sorted from one patient sample. White boxes denote fractions

that were not included in the analysis due to insufficient cell numbers
for xenotransplantation and/or insufficient RNA. e, Strategy used to
identify and test the 17 LSC signature genes. f, Key clinical characteristics
of the GSE6891 signature training cohort. *P value calculated using the
Wilcoxon rank-sum test; †P value calculated using the Student’s t-test;
‡P value calculated using Pearson’s chi-squared test; §P value calculated
using log-rank test; ||P value calculated using Fisher’s exact test;
¶cytogenetic risk groups were defined as per GSE6891 investigators15.
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Extended Data Figure 2 | LSC17 and LSC3 scores are associated with
survival in multiple AML cohorts. a–n, q, Kaplan–Meier estimates of
OS, EFS or RFS according to LSC17 scores in various patient cohorts, as
indicated. In c, patients were also analysed according to whether or not CR
was achieved after initial treatment (no CR, dotted lines; CR, solid lines).
i, The subset of patients in the TCGA AML cohort with no clear genomic
classification as defined previously21. o, Simon and Makuch estimates of

OS, according to LSC17 scores and whether or not patients received aSCT
(no aSCT, dotted lines; aSCT, solid lines). p, Kaplan–Meier estimates of
OS of CN-LMR patients, according to LSC3 scores. In a–q, patients with
scores above and below the median in each cohort are shown by red and
blue lines, respectively. r, s, Kaplan–Meier estimates of RFS for patients
with high (r) or low (s) LSC17 scores treated with standard chemotherapy
with (red lines) or without (blue lines) addition of GO.
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Extended Data Table 1 | List of 104 DE LSC genes

*Illumina microarray probe IDs.
†Fold change LSC+ compared to LSC− GE profiles.
‡Student’s t-test P values for fold changes.
§Affymetrix microarray probeset IDs.
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Extended Data Table 2 | Clinical characteristics of the TCGA AML cohort

*P value calculated using the Wilcoxon rank-sum test.
†P value calculated using the Student’s t-test.
‡P value calculated using the Pearson’s chi-squared test.
§P value calculated using the log-rank test.
||P value calculated using the Fisher’s exact test.
¶Cytogenetic risk groups were defined by TCGA research network18.
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Extended Data Table 3 | Clinical characteristics of the GSE12417 CN-AML cohorts

*P value calculated using the Wilcoxon rank-sum test.
†P value calculated using the Student’s t-test.
‡P value calculated using the Pearson’s chi-squared test.
§P value calculated using the log-rank test.
||P value calculated using the Fisher’s exact test.
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Extended Data Table 4 | Multivariate survival analysis of LSC17 and LSC3 scores

t-AML, therapy-associated AML.
*Number of patients with full clinical annotation.
†95% confidence interval.
‡P value calculated using the Wald test.
§Age violated the proportional hazards assumption.
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Extended Data Table 5 | The LSC17 score refines genomic classifications

b, Genomic classes were compared to t(15;17) in CPH models. c, Genomic classes were compared to the no class-defining drivers category21 in CPH models. Patient scores above or below
the median score of the entire TCGA AML cohort were designated as high or low LSC17 score, respectively.
*Number of patients with full clinical annotation.
†95% confidence interval.
‡P value was calculated using the Wald test.
§Age violated the proportional hazards assumption.
||P value was calculated using the likelihood ratio test to assess model improvement by including LSC17.
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Extended Data Table 6 | The LSC17 score improves survival association compared to other LSC signatures

SDPC, surface-defined primitive cells22; IFPC, inferred functionally primitive cells22.
*Number of patients with full clinical annotation.
†95% confidence interval.
‡P value was calculated using the Wald test.
§Age violated the proportional hazards assumption.
||P value was calculated using the likelihood ratio test to assess model improvement by including LSC17.
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Extended Data Table 7 | Clinical characteristics of the PM AML and GSE15434 CN-LMR AML cohorts

*P value calculated using the Wilcoxon rank-sum test.
†P value calculated using the Student’s t-test.
‡P value calculated using the Pearson’s chi-squared test.
§P value calculated using the log-rank test.
||P value calculated using the Fisher’s exact test.
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Extended Data Table 8 | Clinical characteristics and multivariate survival analysis of the ALFA-0701 AML cohort

*P value calculated using the Wilcoxon rank-sum test.
†P value calculated using the Student’s t-test.
‡P value calculated using the Pearson’s chi-squared test.
§P value calculated using the log-rank test.
||P value calculated using the Fisher’s exact test.
¶Cytogenetic risk groups were defined by ALFA-0701 investigators28.
#Number of patients with full clinical annotation.
☆95% confidence interval.
**P value was calculated using the Wald test.

© 2016 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

