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Early-life exposures are believed to influence the incidence of pediatric acute lymphoblastic 

leukemia (ALL). Archived neonatal blood spots (NBS), collected within the first days of life, offer 

a means to investigate small molecules that reflect early-life exposures. Using untargeted 

metabolomics, we compared abundances of small-molecule features in extracts of NBS punches 

from 332 children that later developed ALL and 324 healthy controls. Subjects were stratified by 

early (1–5 y) and late (6–14 y) diagnosis. Mutually-exclusive sets of metabolic features - 

representing putative lipids and fatty acids -were associated with ALL, including 9 and 19 

metabolites in the early- and late-diagnosis groups, respectively. In the late-diagnosis group, a 

prominent cluster of features with apparent 18:2 fatty-acid chains suggested that newborn 

exposure to the essential nutrient, linoleic acid, increased ALL risk. Interestingly, abundances of 

these putative 18:2 lipids were greater in infants who were fed formula rather than breast milk 

(colostrum) and increased with the mother’s pre-pregnancy body mass index. These results 

suggest possible etiologic roles of newborn nutrition in late-diagnosis ALL.

Keywords
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1. Introduction

Acute lymphoblastic leukemia (ALL) is the most common form of childhood cancer in the 

U.S. and other developed countries[1,2] with national incidence rates between <20 and 60 

cases per million children per year[3]. In a recent review of the etiology of childhood ALL, 

Greaves[4] summarized compelling evidence that the most common subtype of this disease, 

B cell precursor ALL (BCP-ALL), is caused by two distinct events. First, a pre-leukemic 

clone is initiated in utero by fusion-gene formation in approximately 1% of newborns. Then, 

about 1% of those children with pre-leukemic clones progress to overt leukemia, with a peak 

of incidence occurring at two to five years of age. Greaves concluded that the latency period 

(extending to ~15 years of age) for transition to BCP-ALL pointed to secondary genetic 

changes, notably those caused by early-life exposures to commensal microbes, infections 

and diet. Therefore, objective measures of early-life exposures and their biological imprints 

could point the way to discovering causes of ALL, at least in children diagnosed after one 

year of age[4,5].

Because microbiota, infections, diet and other potential environmental risk factors generate 

molecules that circulate in blood, a promising avenue for discovering causes of ALL 

involves comparisons of metabolomes between ALL cases and controls in prediagnostic 

blood[6]. Archived neonatal blood spots (NBS, also known as Guthrie cards), which are 

collected from virtually all live births in the U.S. to test for metabolic defects, offer avenues 

for detecting exposures that occur near birth. Since 1982 the State of California has archived 

unused NBS at -20°C for epidemiological investigations[7].

We recently developed an untargeted metabolomics method with NBS via liquid 

chromatography high-resolution mass spectrometry (LC-HRMS)[8]. Here we report results 

from analyses of 656 archived NBS from ALL cases, diagnosed after one year of age, and 
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matched controls who participated in the California Childhood Leukemia Study (CCLS)[9]. 

Because the age at diagnosis has been shown to affect the strength of associations with 

several ALL risk factors[10–12], we stratified case-control pairs by early diagnosis (1–5 

years) coinciding with peak incidence, and late diagnosis (6–14 years)[4,13]. Data were 

filtered and normalized, focusing on 869 abundant features that were detected in most NBS.

2. Materials and Methods

2.1. Neonatal blood spots.

The CCLS is a case–control study conducted between 1995 and 2015 to identify risk factors 

for childhood leukemia. Incident cases of childhood leukemia, diagnosed up to 14 years of 

age, were ascertained across California, generally within 72 hours of diagnosis[9]. Archived 

NBS for CCLS participants were obtained from the California biobank program 

(Sacramento, CA). We used 4.7-mm punches (equivalent to ~8 μL of whole blood) from 656 

NBS collected between 1985 and 2005, with ALL cases and controls matched by date of 

birth, sex, ethnicity (one or both parents being Hispanic) and maternal race. Information on 

socio-demographic characteristics was obtained from parent interviews. Summary statistics 

are available in Supplementary Table 1, available as Supplementary Materials. An additional 

set of blank punches was obtained from adjacent portions of the same Guthrie cards.

2.2. Metabolomic analysis.

A total of 656 NBS punches were analyzed (Supplementary Table 1). Briefly, samples were 

extracted with water and assayed for potassium[8] (batch 1) or hemoglobin[14] (batches 2–

4) to adjust for blood volume (see Supplementary Figure 1). Then, acetonitrile was added to 

precipitate proteins and extracts were analyzed by LC-HRMS[8]. Data processing was 

performed in the R statistical programming environment using methods described 

elsewhere[15]. Detection of sample outliers, beyond a proportional expansion value of 1.2 

for Hotelling’s ellipse (PC1 and PC2), resulted in removal of two cases and 10 controls. Of 

the 61,945 features detected in NBS and blank punches, filtering features by blank samples 

left 25,261, excluding features with more than 20% missing values left 1,606, and excluding 

features with intraclass correlation coefficients less than 0.2 left 869 features to be examined 

for their associations with ALL. Missing values were imputed abundances based on k-

nearest neighbor imputation using k=5. Features were annotated by comparing masses, 

isotope patterns, and MSMS fragmentation spectra[16,17], and confirmed (when possible) 

with authentic standards. Annotation confidence was evaluated with criteria reported by 

Schymanski et al. [18] (Table 1).

2.3. Feature selection.

Feature selection was performed separately for early- and late-diagnosis of ALL. Peak areas 

were log transformed and normalized with the Bioconductor R package ‘scone’ [15,19,20], 

which implemented and evaluated different scaling and regression-based-normalization 

methods for removing unwanted variation while preserving differences in case status. The 

normalization scheme selected by ‘scone’ used DESeq scaling and accounted for the 

following unwanted sources of variation: NBS age, blood volume, run order, and batch.
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To capture different types of associations between metabolites and ALL, features were 

selected using a combination of methods based on multivariate linear regression, regularized 

logistic regression and random forest[21]. First, the following linear regression model was 

used for a given logged and scaled feature Y in the ith subject:

Y i = β0 + β1Xi, caco + β2Xi, NBS age + β3Xi, sex + β4Xi, ethnicity + β5Xi, blood volume
+ β6Xi, run order + β7Xi, batch + ϵi,

[1]

where: caco denotes the binary case-control status, NBS age, sex, and ethnicity are matching 

variables, blood volume represents the volume of blood in the NBS punch, and run order and 

batch adjust for technical variation. Features were ranked by their nominal unadjusted p-

values for the case-control coefficient (β1), and the case/control fold change was estimated 

as exp(β1). Second, a regularized logistic regression (lasso)[22,23] model was fit to 

normalized feature abundances over 500 bootstrapped datasets, with caco as the outcome 

variable and the following independent variables: normalized logged intensities for all 869 

features and matching variables (NBS age, sex and ethnicity). The percentage of time that 

each feature was selected by lasso across the bootstrap iterations was used to rank the 

association with ALL. Features that were ranked in the top 5% for both linear regression p-

value and lasso were joined with those of high importance from random forest (separated by 

more than a 20% increase in importance) to include possible non-linear associations with 

ALL[24–26]. After removing selected features with poor peak morphology, ion suppression, 

as well as minor isotopes and electrospray adducts, the ensemble of variable selection 

methods was repeated iteratively until a final set of 28 features was selected, 9 for early 

diagnosis and 19 for late diagnosis. Correlations between normalized abundances of the 

selected features were displayed with agglomerative hierarchical clustering using complete 

linkage and Spearman correlation (‘hclust’ function in R). Apparent clusters from 

hierarchical clustering were validated with the partitioning around medoids (PAM) method 

(k=2, …, 6 ‘pam’ function in R) also using Spearman correlations. Associations between 

selected features and covariates were visualized using scatter plots with loess smoothing.

2.4. Evaluation of covariates.

To investigate factors that could potentially confound relationships between predictive 

features and ALL status, the continuous covariates breastfeeding duration (weeks), 

birthweight (g) and mother’s BMI (kg/m2; prenatal) were evaluated because breastfeeding, 

maternal diet, gestational diabetes, and birthweight have been suggested as risk factors for 

ALL[27,28]. Confounding by household income (income, binary, with a cut point of 

$60,000) was also considered because the number of cases with low income (n=185) was 

higher than that of controls (n=126) (Supplementary Table 1). To investigate possible 

confounders and relative strengths of associations with ALL, a random forest model was 

used to rank all selected features and covariates by their importance in predicting 

ALL[29,30].

A case-case analysis of features predictive of t(12;21) was investigated in the early diagnosis 

group where 44 of the 214 cases (21%) had this cytogenetic abnormality (Supplementary 
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Table 1). Additional stratification of the early or late diagnosis group was performed to 

investigate potential confounding by the pre-B cell phenotype [cases with t(12;21) 

translocations, hyperdiploidy and T-cell phenotypes].

3. Results

3.1. Features associated with ALL.

Table 1 lists all features, identified by accurate mass (m/z value), that were selected for 

associations with either early diagnosis (n=9) or late diagnosis (n=19) of ALL. Effect sizes 

were modest, with case/control fold changes ranging from 0.94 to 1.11 for early diagnosis 

and from 0.89 to 1.22 for late diagnosis. Based on annotations (Table 1 and Supplementary 

Table 2), features that discriminated ALL cases from controls were lipids and unsaturated 

fatty acids.

3.2. Correlations of features.

Heat maps were used to visualize clusters of features associated with ALL in the early- and 

late-diagnosis groups (Figures 1A and 1B, respectively). Results for PAM clustering were 

consistent (Supplementary Figure 2). For the early-diagnosis group two clusters were 

observed (C1 and C2 in Figure 1 and Table 1). Cluster C1 contained 8 features, all of which 

were more abundant in cases than controls (Table 1); three of these features were putatively 

annotated as glycerophospholipids (604.3610, 766.5589, and 884.6004). Only feature 

363.3263 (putative tetracosadienoic acid) in cluster C2 was present at lower levels in cases.

There were three clusters in the late-diagnosis group (C3 – C5 in Figure 1B and Table 1). All 

features in clusters C3 and C4 were more abundant in cases while all of those in C5 were 

less abundant in cases. Annotations in clusters C3 and C4 included linolenic acid 

(277.2170), linoleic acid (279.7627) and several putative glycerophospholipids (476.2778, 

500.2782, 530.3234, 578.3458, 760.5126, 824.5793 and 844.6069). Many putative 

metabolites in cluster C3 contained 18:2 fatty acid chains, including unequivocally identified 

linoleic acid. Thus, we speculate that unknown metabolites 377.1419 and 965.7627 may also 

contain 18:2 moieties. Cluster C4 contained two putative metabolites with arachidonic acid 

side chains (20:4). The putative annotations in cluster C5 included sphingolipids (789.6123 

and 564.5344), and a metabolite of conjugated linoleic acid (hexadecadienoic acid, 

251.2011).

3.3. Correlations with covariates.

Random forest variable-importance plots, shown in Figure 2, indicate that mother’s BMI, 
birthweight and breastfeeding duration ranked more highly for classifying ALL cases than 

income for both early- and late-diagnosis, but were ranked lower than all metabolomic 

features. This suggests that predictive metabolites were more discriminating for case status 

than any of the tested covariates and that selection of the predictive metabolites was not 

unduly influenced by these covariates. Nonetheless, the heat maps in Figure 1 show that 

breastfeeding duration and mother’s BMI were consistently correlated with six features in 

cluster C3, including those with known or putative 18:2 fatty acid moieties. Interestingly, the 

directions of these correlations were reversed for all six features, i.e., negative correlations 
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with breastfeeding duration and positive correlations with mother’s BMI. Scatter plots with 

loess smoothing further elucidated these relationships, as shown in Figure 3.

3.4. Stratified analyses.

ALL cases at early-diagnosis had a higher percentage of t(12;21) translocations (46/205 = 

21%) than those at late-diagnosis (6/106 = 5%) (Supplementary Table 1). To assess the 

associations between t(12;21) and the 9 features predictive of early diagnosis, the variable 

selection method was repeated by comparing cases with and without t(12;21). This resulted 

in 13 features predictive of t(12;21) (Supplementary Table 3). Only feature 604.3620 

[LysoPC(20:3)] overlapped with those in Table 1 for the early-diagnosis group.

Removing cases with T-cell leukemia (19 in total, 8 from the early group and 11 from the 

late group) from the analysis did not change the results.

Removing cases with ‘early pre-B’ cell phenotypes [those with t(12;21) translocations, 

hyperdiploidy, and T-cell phenotypes] from the late-diagnosis group resulted in 63 cases 

with ‘other B-cell’ phenotypes (Supplementary Table 1). Comparing these to controls 

(n=117) slightly improved effect sizes as determined by Model 1 for 17 out of 19 

metabolites predictive of late diagnosis (0.1–6.3%). This increase was not observed when 

evaluated in the early-diagnosis group.

4. Discussion

Because ALL risks had previously been shown to be affected by age at diagnosis[10–13], we 

stratified cases by early (1–5 years) and late diagnosis (6–14 years) and, indeed, discovered 

mutually-exclusive sets of predictive metabolomic features (Table 1). These 28 metabolites 

were mainly putative lipids (Table 1), some of which have been found to be perturbed in 

diagnostic blood for a number of malignancies [31,32] including childhood and adult acute 

leukemias [33,34]. Our study is unique in that the findings are based on pre-diagnostic blood 

collected at birth.

Almost all of the putative glycerophospholipids predictive of ALL, including PCs and 

LysoPCs, were more abundant in cases than controls (Table 1). This finding is consistent 

with reports that PCs and LysoPCs are overexpressed in some cancers [35,36] and can 

influence both cell proliferation and apoptosis[37,38]. Also, choline modulation has been 

shown to be a source of PCs and LysoPCs in diagnostic blood from AML cases compared to 

controls and other tumors[39]. At the cellular level, LysoPCs have been reported to be more 

abundant in CCRF-CEM leukemia cells after drug treatment due to increased oxidative 

stress[40]. Interestingly, a putative oxidized PC [PC(18:0/20:4(OH), 884.6004] that was 

more abundant in early ALL cases (Table 1) represents a class of biomarkers of oxidative 

stress[41,42].

Nine metabolites were predictors of early-ALL diagnosis and all but of one were more 

abundant in cases than controls (Table 1). The eight positively-associated features were 

correlated (cluster C1 of Figure 1A), and those with putative annotations were products of 

glycerophospholipid metabolism. The other feature, 363.3263 (putative tetracosadienoic 
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acid, (cluster C2 of Figure 1A), was less abundant in cases than controls and was positively 

correlated with breastfeeding duration (Table S3).

In the late-diagnosis group, 19 metabolomic features discriminated ALL cases from 

controls, including a putative ceramide (564.5344) and sphingomyelin [SM(d16:1/20:0), 

789.6123)], which were less abundant in cases (Table 1) and were correlated with each other 

(C5, Figure 1B). This could reflect the effects of acid ceramidase, which catalyzes ceramide 

breakdown and has been shown to be overexpressed in AML[43], and of altered 

sphingolipid metabolism that has been implicated with cancer progression[44].

We find it interesting that two essential fatty acids, linoleic acid (18:2n6, 279.2329) and 

linolenic acid (277.2169), were more abundant in late-diagnosis cases (Table 1), suggesting 

that maternal and/or newborn nutrition were involved in the early-life etiology of ALL. This 

conjecture is supported by correlations of putative features in cluster C3, including several 

with 18:2 fatty acid chains, with mother’s BMI and with breastfeeding duration. As shown 

by the scatter plots in Figure 3, abundances of the features in cluster C3 increased with 

mother’s BMI, reinforcing a previous finding that newborns’ levels of linoleic acid were 

positively correlated with the mothers’ BMI[45]. The negative correlations between 

breastfeeding duration and the same putative 18:2 features in cluster C3 (Figure 1), are 

informative because NBS were typically obtained between 24 and 48 hours post-delivery 

after infants had received multiple feedings of either breastmilk (colostrum) or formula. 

Since levels of linoleic and linolenic acid have been shown to be lower in colostrum than 

formula,[46–48] post-delivery breast feeding arguably led to reduced abundances of these 

18:2 and 18:3 fatty acids in NBS and also served as sentinels of breastfeeding duration, 

which has been shown to reduce risks of ALL in the CCLS and other studies[12,28,49,50]. 

Conversely, breastfeeding duration was positively correlated with putative hexadecadienoic 

acid (16:2n6, 251.2011), a metabolite of conjugated linoleic acid that has been shown to be 

anti-carcinogenic [51,52] and is more abundant in colostrum than formula[46,53]. The gut 

microbiome, including Bifidobacterium and Lactobacillus, is involved in the conversion of 

linoleic acid to conjugated linoleic acid[54].

It is worth mentioning that Shu et al. [55] observed a lower odds ratio for the association of 

breastfeeding with ‘pre-B ALL’ than ‘early pre-B ALL’ phenotypes. Since ‘early pre-B 

ALL’ includes B cell cases with t(12;21) translocations and hyperdiploidy, we may be 

observing a similar effect because removal of t(12;21), hyperdiploidy, and T-cell ALL cases 

from the late diagnosis group led to modest increases in the effect sizes of the same 

metabolites. Scatter plots (Figure 3) also show that the relationships between feature 

abundances and breastfeeding duration occurred predominately in the first 26 weeks (< 6 

months). Thus, the correlations between metabolites selected for ALL in the late-diagnosis 

group and breastfeeding duration may be driven by a specific phenotype consistent with the 

findings of Shu et al.

Because most of the predictive metabolites of late-diagnosis ALL were positively correlated 

(Figure 1B), they may represent a single underlying pathway or network. The predominant 

pathways associated with late diagnosis had case/control fold changes greater than one 

(Table 1) and were related to parent (linoleic and linolenic) fatty acids, while the 
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corresponding conjugated linoleic acid metabolite (putative hexadecadienoic acid) had a fold 

change less than one. Higher fold changes were also observed for structural lipids, including 

putative PC, LysoPC and LysoPE species that contained linoleic (18:2n6) and arachidonic 

acid (20:4n6) side chains. Fatty acids, including linoleic acid (n-6) are converted by 

desaturases to long-chain PUFAs including arachidonic acid[56]. Increased arachidonic acid 

levels can result in increased eicosanoid production (e.g., prostaglandins), which can 

influence cancer progression, possibly through an immune response[57,58]. These findings 

suggest that early nutritional intake in the form of fatty acid consumption is associated with 

ALL and may involve the downstream biosynthetic machinery including desaturase/elongase 

enzymes and/or eicosanoid synthesis.

We recognize that this discovery study is limited to a single sample of ALL cases and 

matched controls and will require validation in independent cohorts. Annotations of the lipid 

features predictive of ALL in our study were limited by the LC-HRMS platform used for 

untargeted metabolomics, and by online databases that are particularly lacking in negative 

mode data, especially with acetic acid as an additive. Because of this, only linoleic acid and 

linolenic acid were unambiguously identified based on comparisons with reference 

standards. We encourage future studies to employ methods that can discriminate fatty acid 

isomers (e.g., gas chromatography–mass spectrometry).

In summary, fetal metabolomics of NBS revealed putative lipid modifications associated 

with childhood leukemia that differed between early and late diagnosis of ALL, notably 

lipids containing 18:2 moieties derived from dietary linoleic acid that were more abundant in 

late-diagnosis cases than controls. Interestingly, these same putative lipids were negatively 

correlated with breastfeeding duration, thus supporting epidemiological findings that 

breastfeeding is protective for ALL. This work should encourage efforts to elucidate systems 

biology that links lipidomic pathways with early-life nutrition and the associated ALL risks.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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phosphatidylserine

PUFA
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t(12;21) translocation
also known as ETV6–RUNX1 and TEL-AML1
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Highlights

• Metabolites from archived neonatal blood spots revealed distinct ALL 

phenotypes.

• Putative phosphatidylcholines and sphingolipids were associated with 

pediatric ALL.

• Associations of ALL with linoleic and linolenic acids suggest roles for early 

nutrition.
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Figure 1. 
Agglomerative hierarchical clustering using complete linkage and Spearman correlation 

(‘hclust’ function in R). Clusters of features predictive of (A) early diagnosis and (B) late 

diagnosis of ALL, with distinct clusters labeled C1-C6. Metabolites containing 18:2, 18:3 or 

20:4 fatty acid chains are highlighted in red.
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Figure 2. 
Random Forest variable importance plots for (A) early diagnosis and (B) late diagnosis of 

ALL. BF duration, breastfeeding duration.
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Figure 3. 
Scatter plots with loess smoothing of feature abundances from cluster C3 that were 

correlated with breastfeeding (BF) duration (weeks) and mother’s pre-pregnancy body mass 

index (BMI, kg/m2).
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Table 1.

Annotation of metabolites associated with early diagnosis and late diagnosis of ALL.

Accurate mass (m/z)
a

Name
b

CL
c Chemical class Fold change

d
p-value

e
Cluster

f

Early diagnosis (1–5 years)

363.3263 Tetracosadienoic acid 4 Unsaturated fatty acid 0.94 0.0027 1

431.3151 Unknown 5 1.12 0.0063 2

570.3401 Unknown 5 1.09 0.0072 2

604.3610 LysoPC(20:3) 4 Glycerophospholipid 1.07 0.0489 2

638.2760 Unknown 5 1.08 0.0034 2

696.3573 Unknown 5 1.07 0.0177 2

766.5589 PS(16:0/16:0) 4 Glycerophospholipid 1.08 0.0037 2

775.2985 Unknown 5 1.09 0.0164 2

884.6004 PC(18:0/20:4 (OH)) 3 Oxidized glycerophospholipid 1.09 0.0210 2

Late diagnosis (6–14 years)

251.2011 Hexadecadienoic acid 4 Unsaturated fatty acid 0.89 0.0097 5

277.2170
Linolenic acid

g 1 Unsaturated fatty acid 1.22 0.0016 3

279.2329 Linoleic acid 1 Unsaturated fatty acid 1.14 0.0092 3

377.1419 Unknown 5 1.20 0.0102 3

387.3264 C26H44O2 4 1.07 0.0548 4

449.3629 Unknown 5 0.91 0.0530 5

476.2778 LysoPE(18:2) 2 Glycerophospholipid 1.18 0.0032 3

500.2782 LysoPE(20:4) 2 Glycerophospholipid 1.07 0.0222 4

530.3234 Unknown PE 5 Glycerophospholipid 1.14 0.0161 4

552.2956 Unknown 5 0.91 0.0441 5

564.5344 C36H71NO3 4 Sphingolipid 0.90 0.0390 5

578.3458 LysoPC (18:2) 2 Glycerophospholipid 1.22 0.0064 3

592.3238 Unknown 5 0.91 0.0391 5

760.5126 PS(16:0/18:1) 3 Glycerophospholipid 1.08 0.0387 4

789.6123 SM(d16:1/20:0) 3 Sphingolipid 0.95 0.0497 5

824.5793 PC(P16:0/20:4) 4 Glycerophospholipid 1.07 0.0519 4

844.6069 PC(18:0/18:2) 3 Glycerophospholipid 1.10 0.0154 3

897.6298 Unknown 5 0.93 0.0381 5

965.7626 C64H102O6 4 1.16 0.0464 3

a
Feature identifier given by accurate mass (m/z).

b
Common names as used in the Human Metabolome Database (HMDB): lysophosphatidylcholine, LysoPC; phosphaditylcholine, PC; 

lysophosphatidylethanolamine, LysoPE; phosphatidylserine, PS; sphingomyelin, SM.

c
Confidence level of annotation consistent with the scheme of Schymanski et al [18] (1=highest, 5=lowest confidence).

d
Case/control fold change of feature abundances.

e
Nominal p-value for the case-control coefficient (β1) from Model 1.
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f
Correlation cluster (Figure 1)

g
It was not possible to distinguish between alpha- and gamma- isomers.
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