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Childhood Leukemia was universally fatal 100 years ago 

Gittins, Arch. Dis Child, 1933 

“The course of the disease is 

usually short. Of our cases, one 

lasted 19 weeks, two for 3 

months and the remainder 

under 2 months.” 

Pui et al, NEJM 2006 



But relapsed leukemia is still a leading cause of death 

CCG-1952, CCG-1953, CCG-1961 and CCG-1962. A total of

1961 children were included in this analysis (Figure 3). The

results demonstrated that patients who relapsed early had dismal

survival regardless of treatment era (5-year post-relapse survival:

19.3± 2.1 vs 23.4± 3.4%, P¼0.10). Similarly, there were no

statistically significant differences in survival between those

treated on early and late trials, for patients experiencing either

an intermediate (39.3± 3.3 vs 36.0± 4.8%, P¼0.49) or late

relapse (53.3± 4.3 vs 54.4± 9.2%, P¼0.66).

Univariate analyses (n¼1961) were conducted to study the

association of presenting clinical and laboratory features at

initial diagnosis, time to relapse and the site of relapse with

survival post relapse (Table 4). Significant associations were

found with site and timing of relapse, age at diagnosis, WBC at

diagnosis, lineage (B vsT), CNSstatus at diagnosis, race and NCI

risk; exceptions were trial era and sex. Multivariate analyses

stratified by timing of relapse and the site of relapse were

conducted on the subset of patients (n¼1391) with complete

data for all the variables (Table 5). Infants o 1 year of age at

diagnosis were excluded from the multivariate analyses, as they

cannot be classified by NCI risk group. Age at diagnosis, CNS

disease, sex, lineage and NCI risk group were significant

predictors of survival post relapse. Trial era, WBC at diagnosis

and race were not significant in predicting survival in the

multivariate analysis. Multivariate analyses stratified for time

to relapse, the site of relapse and age at diagnosis resulted in

the same significant predictors as before. Trial era, WBC at

diagnosis and race were not significant factors.

Discussion

Despite improved treatments and increasing dose intensity in

primary therapy for newly diagnosed patients with ALL, patients

Figure 2 Kaplan–Meier estimates of survival after relapse for patients
stratified by NCI risk group at diagnosis and timing of relapse. There
were significant differences in outcome for those SR vs HR patients
experiencing either an early (33.1± 3.6 vs 14.9± 2.1%, Po 0.0001),
intermediate (52.2± 3.7 vs 22.0± 3.9%, Po 0.0001) or late relapse
(59.6± 4.6 vs 39.5± 7.2%, Po 0.0001).

Figure 3 Kaplan–Meier estimates of survival after relapse for patients
stratified by treatment era and timing of relapse. There was no
difference in survival between early and late trials among patients who
experienced an early relapse (19.3± 2.1 vs 23.4± 3.4%, P¼0.10), or
intermediate relapse (39.3± 3.3 vs 36.0± 4.8%, P¼0.49) or late
relapses (53.3± 4.3 vs 54.4± 9.2%, P¼0.66).

Table 4 Univariate analyses of risk factors associated with survival
after relapse

Univariate analyses of survival post
relapse risk factors (N¼1961)

5-year survival rates
post relapse± s.e. (%)

P-value

Time to relapse
Early 21.0± 1.8 o 0.0001
Intermediate 37.9± 2.7
Late 53.1± 3.9

Relapse site
Isolated marrow 24.1± 2.1 o 0.0001
Concurrent marrow 39.4± 5.0
Isolated CNS 58.7± 3.2
Isolated testicular 58.0± 8.2
Other extramed± CNS 55.9± 9.9

Age group
o 1 year 19.8± 4.4 o 0.0001
1–9 years 45.0± 2.1
10+ years 18.2± 2.8

Trial era
Early 36.2± 1.9 0.66
Late 36.6± 3.1

Sex
Male 35.4± 2.2 0.51
Female 38.0± 2.5

Lineage
B 37.2± 2.1 o 0.0001
T 23.0± 4.0

CNS status at diagnosis
CNS-3 14.5± 4.5 o 0.0001
CNS-2 and CNS-1 37.7± 1.7

WBC
o 50 k 41.6± 2.0 o 0.0001
X 50 k 24.3± 2.6

Race
White 38.5± 2.0 0.02
Hispanic 30.5± 3.8
Black 30.1± 5.9
Other 38.1± 6.9

NCI risk
Standard 50.4± 2.4 o 0.0001
High 22.6± 2.1

Abbreviations: CNS, central nervous system; NCI, National Cancer
Institute; WBC, white blood cells.

Survival after relapse from childhood ALL
K Nguyen et al
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Leukemia

Nguyen et al, Leukemia, 2008 

• Over time, from 1988-2002 
studies addressing relapsed 
ALL have not improved 
outcomes  

Maude et al, NEJM, 2018 

• Even with new therapies, 
patients still fail 



Current Approach to Relapse Prediction in ALL* 

Feature Time to Data Details 

NCI/Rome Criteria At diagnosis Age and white blood cell 

count  

Cytogenetics 2 weeks Gross chromosomal 

changes by karyotype or 

FISH 

Early response to 

therapy 

1-2 months Response to prednisone 

window then by flow 

cytometry or PCR 

Together, these form a final risk assignment that guides future 

treatment decisions 

*simplified! 

Two Major Limitations to this Approach 

Delay in assigning 

risk 

Uninformative 

Prediction 



Paradigm: Relapse causing cells are present at diagnosis 

How can we find cells 

which will cause 

relapse early enough 

to do something 

about it?   

Mullighan et al., Science, 2008 
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Goal of our studies: What cells cause relapse?  

Treatment Assess MRD 

1, 2, 4 
weeks 

~80% 
Cure 

~20% 
Relapse 

7 – 10 
years 



A single cell approach to find relapse-causing cells 



Overcoming the Challenge Tumor Heterogeneity in Single-Cell 

Analyses 

Heterogeneous Mess! 

Prior knowledge 

Goal 



Turned to prior knowledge using 

mass cytometry to determine healthy 

B cell trajectory 

Bendall*, Davis*, Amir* et al., Cell, 2014 



Healthy and Malignant B-cells Share Same Phenotype Space 



Organizing Leukemia Heterogeneity with a Single-cell 

Developmental Classifier 



BCP ALL expands across the proB to preB transition 



Prognostic genetics do not greatly impact classification 



Developmental classification alone does NOT predict relapse 

Will relapse? 

No 

Yes 



Machine learning to uncover features 

associated with relapse 

Independent 

test set 

Extract diagnostic features in classified populations:  

-phenotypic proteins 

-basal signaling 

-induced signaling 
       N=54 

80% Samples 

90% Training 

10% Test 

Select tuning 

parameters 

Fit model 

Make prediction & 

record predictors 

Erase model 

: 

: 

: 

Cell features in diagnostic 

samples that are predictive of 

relapse 

10-fold cross-validation 

and feature selection 

20% Samples 

DDPR: Developmentally 

Dependent Predictor of 

Relapse 



DDPR Identifies 6 features at diagnosis associated with 

future relapse 



DDPR has excellent predictive performance 



DDPR adds to current risk prediction metrics 



What actually happens at relapse? 



Signaling is coordinated between rpS6, pCREB, and pSYK 



Destined 

For 

Survival? 

Good and Sarno, Nat Med, 2018 



Our machine learning approach overcomes the 

limitations of current risk models  

Delay in assigning 

risk 

Uninformative 

Prediction 

Determine risk at 

diagnosis 

Pinpoint cells 

responsible for 

relapse to inform 

treatment  



How Does this Approach Impact Cancer Care? Precision! 

Clinically…. 

• How to we move this 

towards clinical 

implementation to predict 

risk early? 

 

• How do these cells fit into 

the current framework of risk 

prediction? 

 

• Can we make these cells 

easier to identify? 

 

• How can we target them? 

 

 

Biologically… 

 

• What enables their 

resistance to 

chemotherapy? 

 

• What is their relationship 

with known high-risk 

somatic mutations?  
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