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Chapter 1: Background on Childhood Germ Cell Tumors (GCT) 
 
 
Overview 
 
 
Germ cell tumors (GCTs) represent a heterogeneous group of neoplasms that are 

classified together due to their common precursor cell, the primordial germ cell (PGC)[1]. 

GCTs have a diverse histology that reflects normal steps in human embryonic and extra 

embryonic development [2]. GCTs are classified with embryonal tumors including Wilms 

tumor, hepatoblastoma and medulloblastoma, as misregulation of embryonic signaling 

pathways appear to play an important role in tumorigenesis [3]. GCTs can occur both in 

the gonads or in extragonadal sites along the midline and in the brain[4]. This distribution 

is consistent with the migration route of the PGCs during embryogenesis [5]. The clinical 

course of GCTs is highly dependent on patient age at diagnosis, sex, and the 

histological and anatomical site of the tumor [6, 7]. GCTs are a unique class of tumors 

because of their capacity to develop into any cell line of the body (all three germ layers) 

as well as extra embryonic and germ cell lineages, that is, these tumors are totipotent 

[8]. 

 The totipotency of GCTs is a feature inherited from their PGC cellular origin. In 

humans, PGCs are recognized during week 5-6 of embryonic development [4, 9]. PGCs 

are derived from epiblasts originating in the embryonic yolk sac and migrate along the 

hindgut and midline to the genital ridge [4, 9-11]. During this migration, PGCs are 

characterized by expression of several pluripotency markers, including OCT4 and 

NANOG [9], and undergo both erasure of epigenetic marks [4] and extensive 

proliferation [8]. Once PGCs reach the genital ridge, they undergo additional epigenetic 

reprogramming and begin to develop into mature germ cells [4]. Hence, one way GCTs 
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can be classified is by the stage of PGC maturation and imprinting status of the 

originating germ cell at GCT initiation[4]. 

 Oosterhuis and Looijenga have proposed classification of GCTs into five distinct 

entities[11] (see Table 1.1) based on cell of origin, histology, genomic imprinting status, 

age at and location of clinical presentation, and chromosomal constitution [9]. While 

each entity is derived from a germ cell, each is believed to have a distinct pathogenesis 

[10]. The current proposal is focused on malignancy in children and adolescents, hence 

only Type I and II GCTs will be examined in further detail. Type I GCTs are those found 

predominantly in infants and young children [4], often manifesting in the first four years 

of life and always before puberty [12, 13], whereas type II GCTs are primarily found in 

the testis of adolescent males and young men following puberty [10].  

Table 1.1: Classification of GCTs according to Oosterhuis and Looijenga 

Type Site Histology Age Imprinting*
 

Karyotype 

I gonad/sacral 
region/ 
midline/ brain 

Immature 
teratoma/ yolk 
sac tumor 

Neonates/ 
children 

Biparental/ 
partially 
erased 

Diploid(teratom
a); 
aneuploid(yolk 
sac tumor) 

II Testis Seminoma/ 
non-seminoma 

Adolescents 
and young 
adults 

Erased Aneuploid 

Ovary Dysgerminoma/  
non-seminoma 

> 4 years Erased Aneuploid 

Midline/ brain Germinoma/ 
non-seminoma 

Children 
and 
adolescents 

Erased Diploid/ tri-
tetraploid 

III Testis Spermatocytic 
seminoma 

> 50 years Partially 
complete 
paternal 

Aneuploid 

IV Ovary Dermoid cyst Children/ 
adults 

Partially 
complete 
maternal 

Near diploid/ 
diploid/ 
tetraploid 

V Placenta/ 
uterus 

Hydatiform 
mole 

Fertile 
period 

Completely 
paternal 

Diploid 

Taken from Oosterhuis and Looijenga, 2005 
* Imprinting is the silencing by methylation of a single copy of a gene in a parent-specific 
manner. Imprints are erased and re-established in a sex-specific manner during 
embryogenesis 
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 Both type I and type II GCTs are believed to result from a germ cell, however the 

cell of origin of type I GCTs is believed to be a PGC that is more immature than Type II 

or III GCTs[4, 6, 14, 15], most likely a PGC undergoing meiosis I arrest with varying 

levels of erased parental imprints [4]. The biparental, partially erased imprinting patterns 

of type I GCTs are similar in gonadal and extragonadal tumors and are comparable 

regardless of histology [4]. The biallelic expression of imprinted genes supports the 

theory that these tumors originate from an early germ cell [7, 10].  

 Type II GCTs on the other hand, originate from a PGC/gonocyte that has been 

blocked in maturation [4, 6, 16-18] as evidenced by overlapping characteristics between 

precursor lesions and the PGC/gonocyte [17]. Type II GCTs differ from other solid 

cancers due to their embryonic origins [19], and from Type I GCTs due to the fully 

erased imprinting and maturity of the PGC of origin [4] and the later age of tumor 

manifestation (i.e. after puberty)[10]. Because one histologic subtype, teratomas, can 

make all three germ layers as well as germ cell and extra-embryonic cell types, Type II 

GCTs are said to be totipotent [6, 9, 16, 17, 20].  

 Type II GCTs appear at a variety of anatomical sites including the brain, thymus, 

pineal gland, and hypothalamus, but are primarily located in the gonads [4]. Only 2-5% 

of all GCTs occurring in adults are diagnosed at an extragonadal localization along the 

midline of the body[21]. In contrast, over half of Type I GCTs occur in extragonadal 

locations, further supporting the theory that they originate from an earlier PGC [22, 23]. 

Despite the later age of onset compared to Type I GCTs, the fact that the development 

of Type II GCTs resembles early embryogenesis [24] suggests that the initiating events 

also occur in utero [5, 9, 10, 18, 25]. Type II GCTs can be subdivided into two broad 

classes: the seminomas (SE) and non-seminomas (NSE) [16], which are thought to 
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originate from the same precursor lesion, the intratubular germ cell neoplasia 

unclassified (IGCNU) [4].  

 In summary, GCTs are a heterogeneous group of neoplasms derived from the 

same cell of origin with a range of maturation stages, imprinting status, and 

chromosomal constitutions, yet they are considered one disease [4, 7]. Progress has 

been made in understanding the biology of GCTs largely because of the similarities 

GCTs exhibit with normal germ cell and embryonic development [2], yet much remains 

to be elucidated about their etiology.  

 

Incidence and Survival of Childhood GCT 
 
 
Incidence of childhood GCTs is bimodal, with the first peak  occurring between the ages 

of 0-4 years and the second beginning in adolescence (Figure 1.1) [26]. While there are 

differences in GCTs diagnosed in young children and adolescents (see above), all 

diagnoses prior to age 20 years fit under the larger umbrella term of childhood GCTs. 

While incidence of childhood GCT varies between countries [12, 27], pediatric GCTs are 

universally extremely rare [28], afflicting 1 in 40,000 newborn infants worldwide [29] and 

2.4 per million children overall [10, 28, 30]. There is a sharp increase in incidence of  

testicular GCTs (TGCTs) starting in adolescence: with a jump from 6.7 cases per million 

children in 10-14 year old age group to 30.8 per million in the 15-19 age group [30]. The 

incidence rate of GCTs has been increasing by 3-6% annually for the past 50 years; 

however, this increase is due only to increases in adolescent/adult TGCT incidence--no 

significant increase has been found in girls or younger boys [4, 10, 18, 30]. In total, 

childhood GCTs account for approximately 3 to 3.5% of all pediatric malignancies [15, 

22]. Incidence differs between sexes, with a slight female predominance until 
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adolescence when a steep increase in TGCT incidence leads to a male predominance 

[4, 30].  

 Survival is generally quite good, with five year survival rates above 90% for 

males and females from birth to age 19 years [26]. For boys, survival rates are quite 

similar between age 

groups: 5-year survival 

is 94.1% for males age 

0-9 years and 94.5% in 

males age 10-19 years 

[26]. Female survival 

on the other hand 

improves with age: 5 

year survival increases from 89.3% in females age 0-9 to 97.7% in the 10-19 year age 

group, although survival is high in both groups [26]. In addition to differences in survival 

by sex, tumor location also confers differential survival with gonadal tumors being more 

favorable than extragonadal, although survival for extragonadal tumors has improved 

considerably from the 1970s [26]. The overall high survival is due largely to the success 

of cisplatin-based therapies [31, 32], while the lower survival in extragonadal tumors is 

thought to arise either from differences in completeness of tumor excision compared to 

gonadal tumors or to differences in cisplatin resistance [32]. While prognosis is quite 

good for GCTs, it is of interest to further study these tumors due to the late effects of 

cisplatin, the unexplained increase in incidence, and the currently unexplained 

resistance of certain GCTs to cisplatin.  
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Risk Factors for Pediatric GCT  

While treatment of childhood GCT has been successful, the ascertainment of causal risk 

factors has not been nearly as fruitful. The young age at development suggests that 

tumor initiation occurs during embryonal development [9, 26, 33-35].  Few etiological 

studies of childhood GCTs have been conducted [36-42], and even fewer risk factors 

have been identified and confirmed. While several risk factors have been examined 

(summarized in Table 1.2) including parental smoking or alcohol consumption[13], 

parental occupational exposures [38-40, 43], maternal exposure to exogenous female 

hormones [44], family history [39, 45], maternal vitamin use [46], maternal diet during 

early pregnancy [47], and high maternal hormone levels during pregnancy, preterm birth, 

virus infection, prenatal X ray exposure, high birth weight, sex chromosome 

abnormalities, and parental occupation [22], the only confirmed risk factor is 

cryptorchidism (undescended testes) [22].  In a study of birth defects and GCTs [48], 

cryptorchidism was associated with an odds ratio of 10.8.  Interestingly, this association 

is similar to the association between cryptorchidism and adult TGCT, suggesting that the 

type I and type II GCTs have some overlapping etiology[7, 19]. 

 Given numerous risk factors examined and determined to confer little risk, it is 

likely that epidemiological studies examining environmental factors alone cannot shed 

sufficient light on etiology.  

Table 1.2: Results from etiologic studies of environmental exposures and GCTs in pediatric 
populations 

Risk factor # 
Case 

# 
Control 

Age Variables OR
a 

95% CI
b 

Reference 

Maternal smoking 274 421 0-14 
years 

Ever smoked 1.0 0.8-1.3 Chen, 2005 

Smoke during 
perinatal period 

1.0 0.8-1.3 

Number of 
cigarettes per 
day smoked 
during index 

1.1 0.6-2.1 
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pregnancy 

Paternal smoking 274 421 0-14 
years 

Ever smoked 1.2 0.9-1.5 Chen, 2005 

Smoke during 
perinatal period 

1.2 0.7-2.0 

Maternal drinking 274 421 0-14 
years 

Ever drank >6 
months 

0.9 0.7-1.2 Chen, 2005 

Ever drank 
during perinatal 
period 

0.9 0.7-1.2 

Maternal 
occupational  
pesticide exposure 

253 394 0-14 
years 

Before 
pregnancy 

1.0 0.8-1.4 Chen, 2005 

During 
pregnancy 

1.1 0.7-1.6 

Paternal 
occupational 
pesticide exposure 

Before 
pregnancy 

0.9 0.7-1.2 

During 
pregnancy 

0.8 0.5-1.2 

Exogenous female 
hormones 

278 423 0-14 
years 

Self report 1.2 0.6-2.1 Shankar, 
2006 Medical records 

based 
1.1 0.8-1.7 

Family history 274 418 0-14 
years 

Cancer with 
onset <40 years, 
female cases 

0.5 0.3-0.9 Poynter, 
2010 

Cancer with 
onset <40 years, 
male cases 

2.6 1.0-6.4 

Maternal vitamin 
use 

278 423 0-14 
years 

Any use during 
6 months prior 
to conception 
through nursing 

0.7 0.4-1.2 Johnson, 
2009 

Maternal diet 
during pregnancy 

222 336 0-14 
years 

High fruits and 
vegetables 
consumption 

0.8 0.7-1.0 Musselman
, 2010 

Birth defects 278 423 0-14 
years 

Cryptorchidism 10.8 2.1-55.1 Johnson, 
2009 

Birth 
characteristics 

105 639 0-15 
years 

# livebirths (3-4 
vs. 1-2) 

2.7 1.5-4.7 Shu, 1995 

Prior fetal loss 0.5 0.3-1.2 

Gestational age 0.3 0.2-0.5 

Birth weight 
>4,000 g 

2.4 1.0-5.8 

Viral infection 0.4 0.1-1.3 

Urinary infection 3.1 1.5-6.6 

Birth control pills  1.2 0.3-4.6 

X-ray exposure  0.9 0.5-1.8 

Ultrasound 0.8 0.5-1.4 

Maternal 
occupational 
exposures 

105 639 0-15 
years 

Chemicals/solve
nts 

4.6 1.9-11.3 Shu, 1995 

Paints, lacquers 
or stains 

1.2 0.4-3.4 

Plastic or resin 12.0 1.9-75.0 
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fumes 

Metals 2.2 0.4-11.8 

Insecticides 2.4 0.9-6.9 

Weight and growth 152 1520 Boys 0-
15 
years 

Birth weight 1.4  0.4-4.6 Stephanso
n, 2011 Ponderal Index 

low vs. medium 
1.6  1.0-2.6 

Ponderal Index 
high vs. medium 

1.7  0.9-3.00 

First birth vs. not 1.4  1.0-2.1 

Perinatal risk 
factors 

41 82 0-14 
years 

Congenital 
malformations 

8.1 2.4-27.0 Johnston, 
1986 

Occupational 
exposure to 
chemicals, 
maternal 

2.6 0.9-7.6 

Occupational 
exposure to 
chemicals, 
paternal 

4.1 1.7-9.9 

Prenatal factors 87 10128 Boys 0-
15 
years 

Previous 
stillbirth 

2.0 0.9-4.5 Swerdlow, 
1982 

Previous 
miscarriage 

0.9 0.5-1.7 

X-ray of mother 
during 
pregnancy 

0.9 0.5-1.8 

Perinatal risk 
factors 

21 105 0-14 
years 

Winter 
conception 

7.6 1.5-39.3 Fajardo-
Gutierrez, 
1998 Low parental 

education 
2.9 1.1-7.5 

Combined 
parental dust 
and electricity 
exposure before 
pregnancy 

26.0 2.3-
1291.9 

Combined 
parental dust 
and electricity 
exposure during 
pregnancy 

8.6 0.9-106.6 

a: odds ratio; b: confidence interval 

 

GCTs and Genetics 

While the etiologic studies of GCTs have yielded limited information, genetic studies of 

GCTs have shed insights into the biology of these tumors. Early studies examining 

genetic factors in GCTs found that many possess a consistent (i.e. nonrandom) set of 
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chromosomal anomalies hypothesized to be related to the presence of oncogenes and 

tumor suppressor genes (TSGs), although it is largely unclear how these deviations are 

related to initiation or progression[10]. Type I and type II GCTs each have characteristic 

chromosomal abnormalities, which supports the distinct pathogenesis described above 

[5]. Given these differences, a separate discussion of chromosomal structures is 

included based on GCT type.  

 

Type I GCTs 

No consistent chromosomal abnormalities have been found in type I teratomas;  most 

are diploid with normal karyotypes which is consistent with their greater degree of 

differentiation and lack of tumor aggression [4, 6, 10, 49-51]. In contrast, yolk sac tumors 

(YSTs) are consistently aneuploid (containing an abnormal number of chromosomes), 

mainly near triploid (i.e. some portions of the genome may not have three copies), which 

bears out their malignant potential compared to teratomas [4, 6, 10, 51]. The most 

common chromosomal abnormalities in infants and young children are deletions of 1p, 

6p and 20q, which are typically not found in adults [1, 4, 6, 10, 42, 50-52]. Of particular 

etiological significance is the frequent deletion of 1p36 in infantile YSTs which is a region 

that houses the TSG, RUNX3 [53]. It should be noted that the gain of the short arm of 

chromosome 12, which is characteristic of invasive Type II GCTs, is decidedly absent 

from Type I GCTs [6, 52]. Therefore, Type I GCTs possess a unique profile of 

characterizing chromosomal structures: either a normal diploid status in teratomas or 

consistent anomalous deletions in YSTs.  

 

Type II GCTs 
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Type II TGCTs are typically aneuploid, although mechanisms behind their aneuploidy 

remain unknown [4-7, 10, 54]. The gain of the short arm of chromosome 12 is the most 

common and consistent abnormality in TGCTs and is found in 100% of invasive tumors 

[4, 5, 7, 10, 18, 25, 29, 54-56]. The most common aberration responsible for the gain of 

12p is in the form of an isochromosome, denoted i(12p)[5, 7, 57]. A series of candidate 

genes in this region have been identified and assessed for associations with GCTs 

including KRAS, CCND2, EK11, BCAT1, LDHB, NANOG and STELLAR [4, 58]. 

Nevertheless, it is not understood how the additional copies of 12p relate to the 

transition from carcinoma in situ to invasive growth. 

 

Genetic Susceptibility to GCT 
 
Family history is one of the strongest risk factors for adult TGCT which implicates a 

genetic component [18, 59, 60]. Record linkage studies in Scandinavia and the UK have 

demonstrated a 4-10 fold increased risk of TGCT for a male with an affected brother or 

father, supporting the heritability of TGCTs [59, 60]. GWAS have identified susceptibility 

loci in several plausible susceptibility genes, some of which have been replicated in a 

pediatric sample (Table 1.3)[61-65]. SNPs in KITLG, SPRY4 (sprout 4), and BAK1 

demonstrated genome wide significance [62, 66]. Two loci involved in telomerase 

regulation,  TERT-CLPM1L and ATF71P, were also found to be significant and remained 

so upon replication [65]. Finally, two loci were found on chromosome 9 in a region 

containing DMRT1, which is key in male sex determination and linked to teratoma 

formation in mice [63, 65]. Of particular interest in these studies were the large effect 

sizes compared to GWAS of more common cancers[67]. Since KITLG, SPRY4 and 

BAK1 were also found to be significantly associated with GCTs in a study of pediatric 
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GCTs, this further supports the implication that these genes are biologically associated 

with GCT formation in general, not solely TGCTs [68]. Interestingly, the pediatric study 

found an association in both males and females, which suggests the effects of these 

genes is not limited to TGCT. Therefore, evidence supports a role of KITLG, SPRY4, 

and BAK1 in both adult and pediatric GCTs.  

Table 1.3: Association between SNPs and GCTs from GWAS in TGCTs and replication study 
in pediatric GCTs 

Gene SNP 
id 

Genot
ype

a 
Stage Case Control OR

b
  

(per 
allele) 

95% 
CI

c
  

(per 
allele) 

P Ref. 

KITLG rs378
2179 
 

A/G Discovery 277 917 2.4 1.7-
3.2 

2.0 
X 
10

-8 

Kanetsk
y, 2009 

Replication 363 838 3.1 2.3-
4.1 

6X 
10 

-

15 

rs447
4514 
 

A/G 
 

Discovery 276 919 2.5 1.8-
3.4 

7 X 
10

-9 
Kanetsk
y, 2009 

Replication 364 840 3.1 2.3-
4.1 

6 X 
10

-15 

Pediatric, 
all ages 

52 135 1.7 1.0-
3.0 

0.07 Poynter, 
2012 

Pediatric, 
10-21 
years 

24 135 2.3 1.1-
4.8 

0.03 

rs995
030 
 

G/A Discovery 730 1435 2.3 1.9-
2.8 

2 X 
10

-18 
Rapley, 
2009 

Replication 571 1806 2.6 2.1-
3.2 

1 X 
10

-19 

rs150
8595 
 

G/A Discovery 730 1435 2.5 2.1-
3.2 

2 X 
10

-19 
Rapley, 
2009 

Replication 571 1806 2.7 2.1-
3.4 

5 X 
10

-18 

SPRY4 rs432
4715 
 

T/C 
 

Discovery 265 918 1.6 1.3-
1.9 

4 X 
10

-6 
Kanetsk
y, 2009 

Replication 358 825 1.4 1.1-
1.6 

7 X 
10

-4 

Pediatric, 
all ages 

51 139 1.2 0.8-
1.9 

0.37 Poynter, 
2012 

Pediatric, 
10-21 
years 

23 139 2.4 1.2-
4.8 

0.01 

rs689
7876 

C/T Discovery 277 918 1.6 1.3-
1.9 

3 X 
10

-6 
Kanetsk
y, 2009 

Replication 362 833 1.4 1.1- 4 X 
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1.7 10
-4 

rs462
4820 

A/G Discovery 730 1435 1.5 1.3-
1.7 

5 X 
10

-9 
Rapley, 
2009 

Replication 571 1806 1.4 1.2-
1.6 

7 X 
10

-6 

BAK1 rs210
138 

G/A Discovery 730 1435 1.5 1.3-
1.7 

5 X 
10

-8 
Rapley , 
2009 

Replication 571 1806 1.5 1.3-
1.8 

7 X 
10

-7 

Pediatric, 
all ages 

52 140 1.8 1.1-
3.0 

0.02 Poynter, 
2012 

Pediatric, 
10-21 
years 

23 139 2.0 1.0-
4.1 

0.06 

DMRT
1 

rs704
0024 

A/C Discovery 347 917 1.7 1.4-
2.1 

4 X 
10

-6 
Kanetsk
y, 2011 

Replication 397 864 1.7 1.4-
2.1 

2 X 
10

-6 

rs755
383 

T/C Discovery 349 919 1.6 1.4-
2.0 

6 X 
10

-7 
Kanetsk
y, 2011 

Replication 395 862 1.4 1.2-
1.7 

2 X 
10

-4 

Discovery 979 4945 1.6 1.4-
1.7 

6 X 
10

-7 
Turnbull
, 2010 

Replication 641 3307 1.4 1.2-
1.6 

8 X 
10

-7 

Pediatric, 
all ages 

52 139 1.3 0.8-
2.0 

0.33 Poynter, 
2012 

Pediatric, 
10-21 
years 

23 139 1.3 0.6-
2.6 

0.49 

TERT rs273
6100 

T/G Discovery 978 4942 1.4 1.2-
1.5 

3 X 
10

-10 
Turnbull
, 2010 

Replication 632 2823 1.3 1.2-
1.5 

5 X 
10

-6 

rs463
5969 

T/C Discovery 965 4945 1.7 1.5-
1.9 

10 X 
10

-17 
Turnbull
, 2010 

Replication 645 3263 1.5 1.3-
1.8 

1 X 
10

-8 

ATF7IP rs290
0333 

C/T Discovery 977 4943 1.3 1.2-
1.4 

8 X 
10

-7 
Turnbull
, 2010 

Replication 637 3168 1.3 1.1-
1.4 

2 X 
10

-4 

a:  Risk/non risk allele; b: odds ratio; c: confidence interval 

 

 

MicroRNAs 
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miRNAs are small (~22 nt [69]) noncoding RNAs that play a regulatory role in gene 

function by regulating mRNA expression through translational repression of mRNA  [70-

76]. Aberrant miRNA patterns are associated with several cancers where they are 

generally downregulated [49, 70, 74, 75, 77, 78]. miRNAs have also been demonstrated 

to be differentially expressed according to tumor differentiation[74], and to be informative 

for the diagnosis and prognosis of leukemias and a variety of solid cancers [16, 79-84]. 

miRNA expression has been examined in the specific context of GCTs, although 

primarily in Type II TGCTs. Overexpression of two miRNA clusters, miR-371-73 and 

miR-302, was associated with tumor differentiation in both pediatric and adult GCTs [3, 

9, 14, 16, 49, 75, 85, 86]. Additionally, there is evidence from mouse stem cell models 

that the let-7 family of miRNAs might play a critical role in GCT formation [87]. It is 

plausible that miRNA plays a role in childhood GCTs, however, they are not the only 

means by which gene expression can be aberrantly altered. Methylation is another 

means by which gene expression changes without altering the genomic sequence, and 

has been demonstrated to exhibit anomalous patterns in many human cancers including 

GCTs. 

 

Methylation  

DNA methylation is what is known as an epigenetic event--that is, an alteration in gene 

function that occurs without any change in the DNA sequence itself [24, 88-90]. In 

somatically differentiated cells, genomic methylation is generally stable and heritable 

[88, 91] although with age, reversible epigenetic changes gradually appear [90]. PGCs 

undergo massive alterations in methylation during normal development and have been 

shown to express aberrant methylation patterns in GCTs [11, 17, 92-94]. DNA 
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methylation occurs specifically in the c5 position of cytosines lying 5' to guanosine [95] in 

what is known as a CpG  (cytosine-guanine) dinucleotide [24, 96]. In human somatic 

cells, a large majority (70-80%) of CpG sites are methylated [24, 89, 97]. Those CpG 

sites that are unmethylated are found in GC rich (CG content of >55%) regions known as 

CpG islands, which are regions of at least 200 bp in length that span the promoters (and 

sometimes the first exons) of a gene [24, 89, 96-98]. The result of methylation is 

generally inhibition of expression through blocked transcription [49, 88, 99], while the net 

effect of demethylation of CpG islands is allowing gene transcription [49, 88, 99]. 

Methylation/demethylation reactions turn genes on or off throughout the life of an 

organism, however, embryogenesis is a period marked by the determination of more 

permanent but not irreversible methylation patterns [93]. 

 Epigenetic reprogramming occurs on a massive genome-wide level twice in a 

mammal's life: in the embryo prior to implantation, and during gametogenesis where 

there is an erasure and resetting of epigenetic profile in a sex specific manner [88, 92, 

100]. The epigenetic reprogramming of the gametes begins as the PGCs migrate and 

enter the genital ridge [96]. Reprogramming begins with a rapid genome wide 

demethylation, which serves to erase any aberrant epigenetic modifications to prevent 

inherited epimutations [92, 96]. Later in development, during sex determination, the 

germ cell DNA is remethylated in a sex specific manner known as imprinting (see below) 

[92].  

 DNA methyltransferases (DNMTs) catalyze the process of methylation and can 

occur as either maintenance or de novo activity and are necessary for the proper 

maintenance and establishment of methylation patterns in the human genome [24, 90, 

101-103]. The DNMT1 enzyme is required for maintaining the already existing pattern of 
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methylation during cell division and replication [24, 97, 100, 104], while DNMT3a and 

DNMT3b initiate de novo methylation and establish new methylation patterns [24, 100]. 

 

Imprinting 

Imprinting is a form of methylation which induces monoallelic expression of a gene by 

methylating one copy of a gene in a parent-specific manner (maternal or paternal 

imprinting) and is key to regulating gene expression [96, 105]. The process of imprinting 

is initiated upon fertilization, when gamete methylation patterns from the parents are 

erased by a genome wide event then reestablished through de novo methylation prior to 

implantation [96, 106, 107]. Under normal developmental processes, the female germ 

cells remain unmethylated at all stages, while male germ cells change from 

hypomethylated to hypermethylated [91, 92]. 

 

Methylation and cancer 

Alterations of methylation have been studied extensively in cancer.  Two types of 

methylation defects are commonly associated with human cancers: 1) global 

hypomethylation, and 2)hypermethylation of CpG rich promoter regions of tumor 

suppressor genes (TSGs) (see figure 1) [24, 90]. Global DNA hypomethylation is 

commonly detected in a variety of cancers [108, 109] and is associated with genomic 

instability, activation of oncogenes, biallelic expression of imprinted loci, and the 

reactivation of transposable elements that can negatively interfere with transcription of 

nearby genes [24, 99, 103]. The other aberrant epigenetic hallmark of cancer is 

hypermethylation of CpG rich gene promoters, most often tumor suppressor genes [24, 

88, 90, 108, 110, 111]. The functional result of this methylation is the loss of gene 
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function [88, 109, 112]. Differential methylation patterns do occur in the healthy 

population[113], either as a result of transmitting epigenetic alterations to a subsequent 

generation through the germline [114], or through differential exposure to environmental 

factors such as diet and smoke exposure that modify methylation [97, 100, 103, 106, 

109, 111, 114-150]. It is perhaps these environmental exposures that catalyze the 

methylation patterns that are seen in cancers including GCTs. 

 
 While aberrant DNA methylation patterns are a hallmark of all human neoplasms, 

GCTs have methylation profiles that differ not only from normal cells, but also from 

somatically derived cancers, that is, cancers not of germline origins [88, 151]. In general, 

TGCTs have less frequent methylation in CpG islands than somatic cancers [88]. Adult 

TGCTs have been studied most thoroughly in the context of DNA methylation, and thus 

a majority of our knowledge regarding methylation is limited to these tumors. 

Interestingly, methylation patterns in TGCT differ by histologic subtype in both adults and 

children [6, 17, 24, 55, 99, 104, 112, 152, 153]. Since different tumor histologies are 

associated with different levels of cancer aggression and response to therapy, 

methylation patterns may have diagnostic implications [17, 112]. In general, methylation 

increases with tumor differentiation: the lowest levels of methylation occur in the 

embryonal carcinomas and the highest in the teratomas [17, 24, 91, 99, 100, 104, 152]. 

YSTs have also been found to have high frequencies of promoter methylation [28, 112].   

In summary, methylation has been demonstrated to be associated with tumor 

aggression, differentiation, and prognosis, and therefore its study has potential clinical 

impact as well. Methylation patterns in imprinted genes confer information regarding the 

timing and nature of GCT initiation. Therefore, further study of GCT methylation may 

inform disease etiology and could impact clinical practice. While epigenetics show great 
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promise in furthering the understanding of GCTs, the effects of other genetic 

mechanisms, most notably miRNAs have also demonstrated a high potential for 

involvement in GCTs. 

 

Summary of current knowledge and future directions 

Pediatric GCTs represent a diverse and fascinating constellation of malignancies related 

by their common origins in a delinquent PGC. While the cell of origin discloses the in 

utero origins of GCTs, the exact mechanisms by which tumorigenesis is initiated and 

perpetuated are not clear. Several chromosomal structural anomalies, aberrant 

methylation patterns, and miRNA expression profiles have been found to be associated 

with GCTs in a histologically specific manner, however it is not known whether these 

anomalies are themselves a cause of tumor formation, or represent a stage at which 

normal development ceased. It is known that environmental factors including exposures 

in utero can also contribute to the genesis of the aforementioned genetic irregularities, 

however, the role of any particular exposure in the development of GCTs via these 

pathways remains a mystery. With so many questions that have yet to be answered, it is 

imperative that mechanisms be established that will allow rigorous, methodologically 

sound etiologic studies to be conducted to further elucidate the causal pathway of GCTs.   

 Given the extreme rarity of this tumor, particularly in pediatric populations, 

conducting such studies requires the coordinated efforts of several institutions to rapidly 

and accurately identify and enroll GCT cases into etiologic studies. The Childhood 

Cancer Research Network (CCRN) was established with just such a goal in mind [154]. 

The CCRN was created in collaboration with the Children's Oncology Group (COG), 

which currently has 200 member institutions in the United States and Canada [154]. 
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While the CCRN is a promising, state-of-the-art method for enrolling the large numbers 

of cases that are often required for well-powered studies, it is not currently known 

whether the CCRN is doing a sufficient job identifying and approaching patients and their 

parents, that is, whether case ascertainment is complete. If there are discrepancies with 

respect to patient traits such as place of residence, age, sex, or histology, this could lead 

to lack of generalizability to the North American GCT patient population. Therefore, to 

conduct studies that will answer the many questions that remain regarding the etiology 

of pediatric GCTs, we should also undertake an assessment of the adequacy of the 

primary source of cases in the United States, with the aim of filling identifying gaps that 

may currently exist in enrollment. With a clear set of etiologic questions to be answered 

and a high quality source of study participants, we can strive to make inroads in 

discovering the complex environmental and biological interactions that function in 

concert to produce GCTs. 

 It is with the goals of enhancing etiologic knowledge of pediatric GCTs that we 

present the current trio of projects. The first is an analysis of methylation and pediatric 

GCTs that specifically seeks to assess genome-wide methylation at CpG sites to 

determine whether methylation levels are associated with histologic subtype and patient 

survival. The second project determines whether miRNA expression varies with respect 

to clinical and demographic characteristics in a sample of pediatric GCTs and normal 

gonadal samples. The third and final project assesses GCT case ascertainment in the 

CCRN regarding discrepancies in ascertainment with respect to patient age, geographic 

area of residence, race, gender, or tumor histology. Completing these projects serves to 

answer relevant questions regarding the etiology of GCTs as well as the clinical 

implications of methylation and miRNA expression. The results of projects 1 and 2 will 
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increase our current knowledge regarding GCT biology as well as help inform research 

hypotheses of future studies. The results of project 3 will help ensure that future studies 

occur within a sound methodological framework.  
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Chapter 2: DNA methylation and prediction of survival and time-

to-recurrence in childhood germ cell tumors using semi-

structured recursively partitioned mixture models 

 
 
Specific Aims: 

Aberrant DNA methylation is a hallmark of many cancers, where it is hypothesized that 

the disruption of normal methylation patterns leads to genomic instability and 

unregulated cell proliferation[24, 91, 110, 155-167]. Methylation may be particularly 

pertinent to etiology of germ cell tumors (GCTs) as they arise from primordial germ cells 

(PGCs) which undergo extensive epigenetic reprogramming during normal development. 

Several studies have examined DNA methylation in pediatric GCTs [1, 28, 33, 52, 53, 

168, 169] and found hypermethylation of tumor suppressor gene (TSG) promoters, 

differential DNA methylation patterns across histological subtypes, and aberrations in 

imprinting. For example, an analysis evaluating methylation at 1505 CpG loci in 800 

cancer associated genes demonstrated differential methylation with respect to tumor 

histology, in particular in CpG loci in stem cell and pluripotency-related pathways[170]. 

Consistent with studies in pediatric GCTs, studies of adult TGCT have found alterations 

in methylation of specific gene promoters and global methylation across histological 

subtypes [99, 152, 171].  

 There is a biological impetus for examining methylation in GCTs given the 

extensive epigenetic reprogramming that normally occurs within these cells [172]. 

Previous studies in pediatric GCTs have demonstrated differential methylation with 

respect to tumor histology in the BMP/TGFβ and embryonic stem cell pluripotency 
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pathways [33, 170]. A more comprehensive analysis has not yet been undertaken, and 

other key pathways could remain. Furthermore, while methylation levels may have 

implications regarding patient survival and tumor aggression [33], this has not been 

evaluated to date in human samples. Hence, there is a need to assess methylation in 

childhood GCTs and its impact on survival, time-to-recurrence, and treatment resistance.  

Our broad, long term goals are to utilize GCT methylation profiles to elucidate the 

biological pathways that lead to malignancy and to evaluate the clinical relevance of 

these methylation profiles in pediatric GCT patients. The work proposed in this project 

will address this goal through completion of the following specific aims: 

 

 Aim 1) identify CpG loci that distinguish methylation patterns in GCTs using 

semi- supervised recursively partitioned mixture models (SS-RPMM) using data from 

the  Illumina Infinium 450k BeadChip  in a sample of ~100 GCTs. 

 

 Aim 2) determine whether methylation class as assigned by SS-RPMM is 

significantly  predictive of survival, time-to-recurrence, and tumor histology.  

 

We hypothesize that:  

1. Methylation classes will segregate with respect to tumor histology, with less 

differentiated tumors exhibiting lower levels of promoter specific methylation. 

2. Increased promoter specific methylation will be associated with lower survival and 

shorter time-to-recurrence. 

3. Methylation in promoters of BMP/TGFβ genes will differential with respect to tumor 

histology. 
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Background: 

Alterations of methylation have been studied extensively in somatic cancers, where two 

signature alterations, global hypomethylation and hypermethylation of promoter regions, 

have been established [24, 90, 108, 109]. These are associated with genomic instability 

and the inactivation of tumor suppressor genes, respectively [24, 88, 90, 99, 103, 108-

112]. GCTs have methylation profiles that exhibit the two signature traits of methylation 

in cancer (e.g. global hypomethylation and promoter specific hypermethylation); 

however, their methylation profiles also differ from somatic cancers, probably due to the 

unique methylation changes that define normal germline cells[88, 151]. Methylation 

patterns in TGCT differ by histologic subtype in both adults and children [6, 17, 24, 55, 

99, 104, 112, 152, 153]. In general, methylation increases with tumor differentiation: the 

lowest levels of methylation occur in the embryonal carcinomas and the highest in the 

teratomas [17, 24, 91, 99, 100, 104, 152]. YSTs have also been found to have high 

frequencies of promoter methylation [28, 112].   

 Due to the importance of epigenetic programming in the germ cells, the role of 

methylation in normal development will be discussed followed by a discussion of the 

available literature on global hypomethylation and promoter specific hypermethylation in 

GCTs.   

 

Methylation Function and Normal Development 

DNA methylation is the addition of a methyl group to a cytosine DNA nucleotide. While it 

does not alter the actual DNA sequence (hence it is called an “epigenetic” modification), 

it is generally stable and heritable [88, 90, 91]. The net effect of 
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methylation/demethylation is to turn genes on or off, and this process is critical for 

normal development and for the successful development of the gamete. 

 Methylation patterns undergo two periods of massive reprogramming, at which 

time persistent, but not irreversible methylation patterns are established[93]. Epigenetic 

reprogramming occurs first in the embryo prior to implantation, and secondly during 

gametogenesis where there is an erasure and resetting of epigenetic profile in a sex 

specific manner in a process known as imprinting [88, 92, 96, 100]. Normally, the female 

germ cells remain unmethylated until sexual maturity, while male germ cells change from 

hypomethylated to hypermethylated even during the fetal period [91, 92].  

 

Methylation and Cancer 

During tumorigenesis, epigenetic patterns may become disturbed [173]. Two types of 

methylation defects are commonly associated with human cancers: 1) global 

hypomethylation, and 2)hypermethylation of CpG rich promoter regions of tumor 

suppressor genes (TSGs) [24, 90]. Hypomethylation is associated with genomic 

instability, activation of oncogenes, biallelic expression of imprinted loci, and the 

reactivation of transposable elements that can negatively interfere with transcription of 

nearby genes [24, 99, 103]. Hypermethylation of CpG rich gene promoters, most often 

tumor suppressor genes[24, 88, 90, 108, 110, 111], results in a loss of gene function [88, 

109, 112]. For example, the silencing of one allele of a TSG through methylation while 

the other allele already possesses a sequence mutation can fulfill Knudson's two hit 

hypothesis [89]. Together, instability due to hypomethylation and the blocked 

transcription of TSGs through promoter hypermethylation are thought to contribute to 

tumorigenesis. 
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Global hypomethylation 

Global hypomethylation is associated with cancer [104, 174-176], perhaps due to 

genomic instability resulting from the activation of DNA regions that should be 

repressed, such as retrotransposons. Several methods have been utilized for quantifying 

global methylcytosine content, but limitations such as requiring large amounts of DNA 

and/or specialized equipment make it difficult to standardize results [174]. To overcome 

these limitations, PCR based methods were developed that assess methylation at 

satellite repeats that are known to be correlated with total methylcytosine content. 

Commonly, pyrosequencing of the repeated element LINE-1 is used to study global 

methylation  [174, 177-182].   

  LINE-1 is a long terminal repeat class of retrotransposons that accounts for 

roughly 15-20% of the human genome [176, 181, 183-186]. LINE-1 is normally 

methylated to repress activity and ensure stability of the genome[145, 186-191]. Its 

frequency in the genome means that LINE-1 methylation levels are often used as a 

surrogate of global DNA methylation [94, 174, 182, 183, 189].  

 While hypomethylation of LINE-1 has been reported in many cancers to date 

[145, 175, 176, 180-183, 188-190, 192-200], few studies have specifically evaluated 

LINE-1 methylation expression in GCTs [201]. Of note, Mirabello et al. found a positive 

correlation between family members' LINE-1 methylation levels in families with a history 

of TGCT, but only among mother/daughter and father/daughter pairs [201]. In a separate 

study, LINE-1 was hypomethylated in pediatric GCTs, particularly in YST and 

dysgerminomas (average methylation 66 and 42% respectively compared to 82% in 

normal adjacent samples) [170]. A separate study of malignant GCTs in children found 
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greater global hypomethylation in both YST and germinoma, while promoter 

hypermethylation was observed in YSTs [33].These findings suggest that methylation 

may be important in GCTs. 

 
Promoter  methylation and GCTs 

 Previous studies have examined differences in promoter methylation in adult and 

childhood GCT (Table 2.1). In particular, developmental signaling pathways and the 

BMP/TGF beta pathway have been consistently found to be differentially methylated in 

these tumors [14] [33, 202] [51]. BMP signaling is required for PGC specification [14, 

203-205] and BMP signaling has been shown to promote cell survival within the genital 

ridge [204].  

 Of particular note is a recent study by Amatruda et al. that found an association 

between methylation in the stem cell pluripotency and the Wnt signaling pathways and 

GCT histology [170]. This study assessed methylation differences using the GoldenGate 

Cancer Methylation Panel I (Illumina, Inc.) which measures 1505 CpG loci in 807 

cancer-related genes and Ingenuity Core Pathway Analysis. Several of the genes 

identified in this analysis are relevant to germ cell biology, including SOX2, APC, and 

some of the TGCB, WNT, and NTRK genes. Jeyapalan et al. found similar patterns in a 

study of pediatric YSTs and germinomas[33]. The genes in the Jeyapalan study were 

associated with Capase 8 dependent apoptosis as well as several BMP/Wnt genes. The 

Jeyapalan study is of particular interest because, while survival and therapy resistance 

were not examined in this study, the association with Capase 8 in a more aggressive 

tumor type suggests methylation may be important in treatment and prognosis of these 

tumors as well as etiology[33]. 
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 While these previous studies suggest a potential role for methylation in GCT 

etiology, the studies were of limited sample size and focused on histological differences 

between tumors. While histology is certainly predictive of prognosis, it would be of 

interest to determine whether methylation of genes in the Wnt/BMP  pathways are 

significantly associated with survival, disease recurrence, and drug resistance. In 

addition, these studies either employed a candidate gene approach or used an older 

methylation array with limited coverage across the genome.  

 
Methylation and exposures 
 
While methylation is stable and heritable, it has been shown to change with exposure to 

a number of environmental factors, suggesting that some epigenetic changes detected 

in cancers may be the result of environmental exposures. 

 

Diet One of the first indications that diet, and in particular, maternal diet during 

pregnancy, impacted methylation patterns was the discovery of an altered methylation 

status in adults who were in utero at the time of the Dutch Hunger Winter of 1944-45  

[115, 116]. Since then, it has been widely shown that maternal nutrient intake affects the 

phenotype of the offspring through methylation [92, 100, 121, 206]. It has also been 

demonstrated, primarily in mouse studies of folate supplementation and coat color in the 

offspring, that epigenetic patterns established in utero are not permanent, and that adult 

nutrition can restore some of these patterns [100, 106, 115, 120, 121]. In addition, shifts 

in phenotype have demonstrated that methylation can occur on a continuum with genes 

partially shut off or on, rather than acting as a one way switch [95, 106]. The principal 

means by which diet can alter methylation is through dietary sources of methyl groups 

necessary for DNA methylation reactions. These dietary sources of methyl donors 
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include methionine, betaine, serine, choline, and most prominently, folate and cofactors 

such as vitamins B12, B6, B2 and zinc [106, 115, 117-119]. Associations between folic 

acid and methylation have been demonstrated in human cancers including lung [117], 

pancreatic [119], and gastric [122] cancer in adults, and leukemia risk in children [123]. 

Somewhat surprisingly, while folic acid appears to be protective against the initiation of 

cancer, it seems to be a strong promoter of disease progression once a malignancy has 

been formed [121, 124, 125]. 

 

  In addition to folic acid, polyphenols and bioflavonoids have been demonstrated 

to reactivated epigenetically silenced genes [109, 115, 126, 207]. Other dietary 

components that have demonstrated epigenetic effects include a high fat diet [127], high 

calcium levels [128], and high fruit and vegetable intake [129]. Although these results 

strongly indicate that dietary exposures, including maternal diet during fetal 

development, are associated with aberrant methylation levels and with cancer, much 

work remains to be done regarding the exact role that dietary exposures play in the 

neoplastic causal pathway. 
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Table 2.1: Genes with aberrant promoter methylation patterns in GCTs 

Gene Methylation type Reference Case Source 

RASSF1A* + Hypermethylation 

Honorio et al., 2003; Koul et al, 2002; Lind et al., 2007; Godmann et al., 
2009; Ellinger et al., 2009 

Adult, cell lines, 
mouse 

MGMT+ Hypermethylation 

Honorio et al., 2003; Koul et al, 2002; Lind et al., 2007; Godmann et al., 
2009;Smith-Sorensen et al., 2002 

Adult, cell lines, 
mouse 

SGCB3A1 Hypermethylation Lind et al., 2007 Adult 

H1C1 Hypermethylation Lind et al., 2007 Adult 

PRSS21 Hypermethylation Lind et al., 2007 Adult 

p16/MTS1 Hypermethylation 

Chaubert et al., 1997, Ellinger et al, 2009 

Adult 

APC+ Hypermethylation 

Honorio et al., 2003, Godmann et al., 2009, Okpanyi et al., 2011, 
Ellinger et al., 2009 

Adult, pediatric 

P14(ARF) Hypermethylation Ellinger et al., 2009 Adult 

PTGS2 Hypermethylation Ellinger et al., 2009 Adult 

GSTP1* Hypermethylation Ellinger et al., 2009 Adult 

CDKN2A Unmethylated 

Okamoto and Kawakami, 2007; Lind et al, 2007 

Adult 

PCDH10 Hypermethylation Cheung et al., 2010 Adult, cell lines 

APOLD1 Hypermethylation Cheung et al., 2010 Adult, cell lines 

E-cadherin Unmethylated 

Okamoto and Kawakami, 2007; Honorio et al., 2003; Ellinger et al., 
2009 

Adult 

CDK2NB Unmethylated 

Okamoto and Kawakami, 2007; Honorio et al., 2003; Ellinger et al., 
2009 

Adult 

BRCA1 Unmethylated 

Okamoto and Kawakami, 2007; Ellinger et al., 2009 

Adult 
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RB1 Unmethylated 

Okamoto and Kawakami, 2007; Ellinger et al., 2009 

Adult 

VHL Unmethylated 

Okamoto and Kawakami, 2007; Ellinger et al., 2009 

Adult 

RARB Unmethylated 

Okamoto and Kawakami, 2007; Honorio et al., 2003; Ellinger et al., 
2009 

Adult 

DAPK Unmethylated Honorio et al., 2003 Adult 

AR unmethylated on extra 
X Kawakami et al, 2006, Okamoto and Kawakami, 2007 

Adult 

FMR1 unmethylated on extra 
X Kawakami et al, 2006, Okamoto and Kawakami, 2007 

Adult 

GPC3 unmethylated on extra 
X Kawakami et al, 2006, Okamoto and Kawakami, 2007 

Adult 

SYCP1 Unmethylated Kawakami et al, 2006 Adult 

MAGEA1 un. in SE, meth. in 
NSE 

Kawakami et al, 2006 Adult 

MAGEA3 un. in SE, meth. in 
NSE 

Kawakami et al, 2006 Adult 

APAF-1 Hypermethylated Ellinger et al., 2009 Adult 

DAPK-1 Hypermethylated Ellinger et al., 2009 Adult 

*methylation not found in Okamoto study; + more methylation in NSE than SE  
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Endocrine disruptors Recently, a substantial body of work has been undertaken to 

examine the carcinogenetic effects of endocrine disruptors, a group of chemicals that 

function as non-DNA damaging carcinogens by antagonizing or activating steroid 

hormone signaling [92, 114, 130, 131, 208]. These compounds have been demonstrated 

to induce transgenerational epigenetic changes [115]. The most prominent endocrine 

disruptor, Bisphenol A (BPA)--a compound found in food and beverage containers and in 

many other plastics, is found in low levels in human urine samples in nearly 95% of the 

general US population (NHANES 2003-2004) [131, 208]. BPA is able to enter the 

placenta and accumulate in the fetus [131]. Amniotic fluid was shown to contain 3-4 fold 

higher concentrations of BPA when compared to maternal serum, with levels highest in 

fetal males [130].  

 A number of rodent studies have shown that exposure to endocrine disruptors 

during the time of embryonic sex determination epigenetically alters the germline, and 

furthermore, those alterations are transmitted through the germline to all subsequent 

progeny [92, 114, 130, 131, 208]. Interestingly, maternal dietary supplementation with 

methyl donors negated BPA's hypomethylating effects [106, 131]. Since many of these 

epigenetic alterations appear in the germline, it would be of interest to explore whether 

GCTs are associated with endocrine disruptor exposure and altered methylation patterns 

from BPA exposure[209]. 

 

Tobacco and alcohol Generally, a significant association has been observed between 

smoking and increased promoter DNA methylation [133]. Tobacco smoking is 

associated with specific patterns of gene hypermethylation, particularly the methylation 

and transcriptional silencing of tumor suppressor genes [97, 98, 115, 127, 134-136]. 
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Secondhand or occupational smoke exposure has been found to be associated with 

increased methylation of numerous CpG loci [137, 138]. Alcohol consumption has also 

been studied as a risk factor for several cancers and may potentially alter the epigenome 

to promote disease [115]. Studies in animals and humans have shown mixed results 

between alcohol consumption and differential methylation patterns [98, 115, 139].  

 

Metals/compounds Exposure to metal has been shown to alter global and gene specific 

methylation [111]. Nickel has been shown to transform the epigenome by increasing 

global methylation and decreasing expression of TSGs [97, 111, 115, 140, 141]. Arsenic 

exposure has been linked to several cancers [111, 142], can be easily transferred over 

the human placenta to the fetus [143], and interferes with DNA methylation [144]. 

Arsenic exposure induces both global DNA hypomethylation and hypermethylation of 

TSGs [97, 111, 134, 210, 211], even at low levels [115]. Exposure to airborne pollutants 

including benzene, polycyclic aromatic hydrocarbons (PAHs) and aromatic amines 

(AAs),  has been shown to reduce global methylation in a dose-response fashion [115, 

145] and hypermethylate specific gene promoters [97, 115, 146, 147]. Cadmium 

exposure is linked to several cancers [111] and has epigenetic effects in both high and 

low doses [111, 212], although in utero exposure to cadmium is minimal as the placenta 

acts as a barrier; only about 10% is transferred to the fetus [143]. Finally, chromium 

exposure is associated with differential methylation of several promoter regions [97, 111, 

148]. These results indicate that the epigenetic alterations that are associated with 

exposure to metals are also the alterations found commonly in cancers, hence, 

epigenetic modifications could be one mechanism by which environmental factors 

influence genetic expression to produce cancer. 
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LINE-1 methylation and exposures LINE-1 methylation has been demonstrated to 

change as a result of a number of environmental exposures including diet, lifestyle, 

occupation, and exposure to cigarettes and alcohol [201, 213, 214]. LINE-1 was found to 

be hypomethylated after irradiation with X rays and iron ions [187, 215], after treatment 

with decitabine therapy [216], and to be upregulated by Benzo(a)pyrene [186]. High 

alcohol consumption was found to increase risk of LINE-1 hypomethylated cancers, 

perhaps through anti-folate effects as evidenced by the finding that folic acid intake was 

associated with a decreased risk of LINE-1 hypomethylation [155]. Prenatal exposures 

have also been found to alter LINE-1 methylation including prenatal lead exposure [217], 

prenatal exposure to tobacco smoke [218], and in rats, prenatal exposure to 

perfluorooctane sulfonate (PFOS) [219]. Thus, it is clear from these results that the 

environment can and does play a role in LINE-1 methylation and hence potentially in 

tumorigenesis.  

 

Summary 

The etiology of pediatric GCTs is not well understood; however, there are currently 

several pieces of evidence that suggest relevant and biologically plausible frameworks 

from which to approach the study of these tumors. The TGFβ/BMP pathway is important 

for the development of the embryo and the germ cells [14, 203], and recent studies 

suggest methylation of genes in this pathway may play a role in GCT development [204, 

205]. Finally, methylation of CpG loci and LINE-1 may be the result of environmental 

exposures in utero [218]. A logical next step would be to undertake an assessment of 

environmental factors and determine associations with GCTs, particularly in regards to 
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methylation. In addition, it is of interest to determine whether methylation patterns differ 

by clinical characteristics such as survival, relapse, and tumor histology.  

 

Changes to the Study Design 

 As described in my dissertation proposal, the original plan for this project was to 

evaluate DNA methylation at a selected number of loci in the BMP/TGFβ pathway and 

evaluate associations with tumor characteristics, outcomes and environmental 

exposures.  Due to unforeseen technical issues, we were required to modify the 

approach used to evaluate DNA methylation in pediatric GCTs.  A brief description of the 

original research methods is included, followed by the revised methods. 

 

We encountered some difficulties in our DNA extraction processes with the originally 

proposed samples. While a considerable amount of effort was put into obtaining 

sufficient quantities of DNA from these samples to perform our originally proposed 

analyses examining the promoter regions of 16 genes in the BMP/TGFβ pathway and 

LINE-1 methylation using pyrosequencing, it became unfeasible. Hence, we obtained a 

different sample of GCTs where we were able to obtain DNA in a sufficient quantity to 

assess methylation. However, as this new set of samples provided far more DNA than 

we had needed for the pyrosequencing, we chose to alter our original study goals. 

Instead of analyzing a limited number of CpG loci by pyrosequencing, we chose to 

conduct an epigenome-wide assessment of methylation. In the following sections, I will 

briefly present our original study methods with a description of our attempts to utilize the 

original study population, followed by a description of the actual methods employed in 

our analyses. The use of the epigenome-wide array enabled us to not only examine 
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genes in the BMP/TGFβ pathway, but also to evaluate other pathways that might be 

relevant in the etiology and progression of GCTs, but not yet discovered. 

 

Original Research Methods 

 The original samples and questionnaire data for this proposal are from a 

previously conducted case-control study of pediatric GCTs [13, 43, 46, 48, 220]. Briefly, 

cases were children recruited from Children's Oncology Group (COG) institutions who 

had a diagnosis of GCT (seminoma/ dysgerminoma/germinoma, embryonal carcinoma, 

yolk sac tumor, choriocarcinoma, immature teratoma, and mixed GCT). To be eligible, 

cases were required to be registered with the COG data and statistics center, have a 

newly diagnosed GCT at age <15 years between 1993 and 2001, and have the biologic 

mother available to interview by telephone and complete a self-administered 

questionnaire.  

 As a supplement to this study, tissue samples were collected for 162 of the 278 

cases (58%) who were concurrently enrolled in a COG therapeutic trial [220]. This study 

was approved by the IRB of all participating institutions. Information on demographic and 

histological characteristics are provided in Table 2.2.  

 The plan was to isolate DNA from the tumor specimens and measure methylation 

by pyrosequencing technology in Dr. Nelson’s laboratory, which allows for the 

quantitative analysis of methylation at several CpG dinucleotide sites in one assay. 

Based on the results from previous methylation studies of pediatric GCTs [33, 170], we 

planned to assess specific CpG sites in promoters of genes in the BMP/TGFβ pathway. 

In addition, we planned to measure LINE-1 methylation using an in-house LINE-1 primer 

set [178, 189, 221]. The primary proposed analysis was a comparison of methylation  
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levels with respect to survival and 

time to recurrence.  In a more 

exploratory analysis, we intended to 

assess correlations between 

methylation and environmental 

exposures assessed through a 

telephone interview and self-

administered questionnaire. 

 

Attempts at DNA extraction and 

Bisulfate Conversion 

A total of four methods/attempts were made at extracting DNA from the original FFPE 

GCT slides with the goal of obtaining a sufficient amount of DNA for bisulfite conversion 

and pyrosequencing (500ng DNA). First, we extracted DNA from six slides using the 

Qiagen AIAmp DNA FFPE Tissue Kit (Qiagen Sciences, Inc, Germantown, MD). A 

protocol that had been previously optimized by a member of the lab team doing the 

current extraction was used. Here, tissue section was determined through visual 

inspection, and a razor blade was used to scrape the slide, Proteinase K digestion was 

performed for 2.5 hours, then the samples were incubated for one hour at 90O C 

followed by an ethanol wash to remove residual salts. The samples were then eluted in 

30 ul low-EDTA TE buffer (purpose of TE buffer is to solubilize DNA or RNA, while 

protecting it from degradation). Following qPCR (used to amplify and simultaneously 

quantify a targeted DNA molecule) and elution, DNA yield for these samples was 

between 0.00 and 78.41 ng which was not sufficient for the proposed assays. 

Table 2.2: Features of Original Pediatric GCTs 
(n=162) 

Variable Count % 

Sex   

Male 46 28.4 

Female 116 71.6 

Age   

0-2 years 90 55.6 

3-8 years 23 14.2 

9-14 years 59 36.4 

Tumor Histology   

Yolk Sac Tumor 70 43.2 

Seminoma/dysgerminoma 21 13.0 

Immature teratoma 46 28.4 

Embryonal Carcinoma 2 1.2 

Choriocarcinoma 2 1.2 

Mixed 20 13.3 

Tumor Location   

Gonad 87 53.7 

Extragonadal 75 46.3 
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 The second attempt used the same six slides and the same protocol; however, 

this time all tissue/paraffin was scraped off the entire slide. Again, yields were very low, 

this time less than 1 ng total DNA for all samples. The third attempt used three slides 

and the Zymo Pinpoint Slide DNA Isolation System (Zymo Research Corporation, Irvine, 

CA). This is a one step DNA extraction kit that has a protocol consisting of a deparaffin 

step (two Xylene washes each for 30 minutes followed by ethanol washes), followed by 

pinpoint fractionation where Pinpoint solution is spread over the tissue section, and then 

DNA purification and amplification using qPCR. Total DNA was again very low, this time 

between 3.73 and 6.36 ng. Next, using eleven slides, we used the Zymo EZ DNA 

Methylation-Direct Kit (Zymo Research Corporation, Irvine, CA) which does both the 

DNA extraction and the bisulfite conversion simultaneously. Total DNA yields ranged 

from 0.1 to 204 ng using this method. We determined that the slides with the highest 

yields (45, 147, and 204 ng) should have sufficient DNA to analyze methylation by 

pyrosequencing. Unfortunately, all three samples failed when we attempted to evaluate 

methylation at SOX1, HOXA9, and WNT1 using validated assays. Hence, after four 

methods failed, we determined that the study aims could not be completed using these 

samples. 

 It is not entirely clear why these samples did not yield enough DNA for the 

pyrosequencing analysis. A likely explanation is that there was simply not enough 

sample: we received only one slide per case and the specimens on each slide were 

quite small. Of note, at the same time these attempts were being made, successful 

extraction of DNA from FFPE childhood lymphoma slides was achieved using the Zymo 

Pinpoint kit. We believe, therefore, that the poor DNA yields are due to some anomaly in 

the tumor samples and not a technical error in the lab. Through a collaborator, we were 
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able to identify an alternate sample of GCTs that could be used for our study. Therefore, 

we discontinued any further attempts at DNA extraction from the first samples, and 

proceeded with the study methods and analyses described below. 

 

Research Methods 

 

Study Population 

The study population consisted of 111 GCT cases (35 FFPE and 76 fresh frozen) with 

available tissue samples collected from three sources-- the University of Texas, 

Southwestern, Children’s Hospital of Boston, and the Children's Oncology Group Tumor 

Bank (Table 2.3). Extracted DNA from these specimens along with data on tumor 

histology, tumor location, tumor recurrence, and survival were provided.  

 

Table 2.3: Features of Pediatric GCTs (n=111) 

Tumor Trait N % 

Histology   

Germinoma 19 17.12 

YST 55 49.55 

Teratoma 7 6.31 

Mixed/Other 30 27.03 

Source   

COG 38 34.23 

University of Texas, Southwestern 42 37.84 

Children's Hospital of Boston 31 27.93 

Type   

FFPE 35 31.53 

Fresh Frozen 76 68.47 

 

 

Extraction and Preparation of DNA and Bisulfite Conversion 
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DNA was isolated from GCT tissue using the QIAmp DNA extraction method (Qiagen, 

Valencia, CA) according to the manufacturer's recommended protocol. DNA yield was 

quantified using 500 ng DNA by PicoGreenTM (Molecular Probes, Eugene, OR). 

Extracted DNA was shipped and stored at room temperature until further analysis. Prior 

to methylation analysis, 500 ng genomic DNA was treated with sodium bisulfite using the 

EZ DNA Methylation Kit (Zymo Research, Orange, CA) according to manufacturer's 

protocol. This treatment converts unmethylated cytosines to uracil. 

 

Illumina Infinium Methylation Array 

Genome-wide methylation analysis was performed using the Infinium 

HumanMethylation450 BeadChip array (Illumina, San Diego, CA) in the University of 

Minnesota Genomics Center. Measuring methylation at 485,000 CpG loci, this array 

covers 96% of CpG islands and 99% of RefSeq genes with an average of 17 CpG sites 

per gene region (across the promoter, 5'UTR, first exon, gene body, and 3'UTR) [222]. 

Two bead types are used per CpG locus, one for the methylated and one for the 

unmethylated DNA. There are 600 negative controls included on the array used to 

account for background detection of methylation in the samples [222]. Methylation status 

is determined by the ratio of the differential fluorescent probes that mark methylated (M) 

and unmethylated (U) alleles. This value, β, ranges between 0 and 1, with 1 indicating 

complete methylation and 0 representing no methylation. No normalization procedures 

were used, following the recommendation of the manufacturer [223]. Samples with >25% 

loci with detection P>1.0X10-5 were removed from the analysis. A CpG loci was removed 

if the detection P > 0.01--a measure of the confidence that methylation is occurring 

above the background defined by negative controls--across all samples. Additional 
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CpGs were removed if they were on the sex chromosomes or if the probe was 

associated with a known SNP and would therefore be informative of the SNP rather than 

methylation[224, 225]. 

 

Statistical Analysis 

To assess the association of methylation with respect to survival, time to recurrence and 

tumor histology, we first applied a semi-supervised recursively partitioned mixture 

modeling (SS-RPMM) algorithm [223, 226, 227]. This algorithm assigns samples to 

groups, hereafter called methylation classes, based on the differences in methylation 

profiles (the RPMM part) of specific CpG's that have been determined to be informative 

for that data set (the SS part). It has been demonstrated through simulation studies to be 

less prone to misclassification error than other clustering procedures [223, 226]. SS-

RPMM is an extension of RPMM that was initially developed for the Illumina GoldenGate 

platform that assessed 1505 CpG loci [223, 227-231]. Now that the Infinium 

HumanMethylation450 BeadChip array is able to look at over 450,000 loci, the SS 

portion of the algorithm has been added to reduce the dimensionality of the data and to 

base class assignment only on those loci that have been demonstrated to differ in the 

particular samples being analyzed with respect to the outcomes of interest. We will first 

discuss the RPMM approach, and then the extension to SS-RPMM. 

 We first assume that    and    (the average fluorescence in the methylated and 

unmethylated alleles, respectively) are approximately gamma distributed:  

 where k>0, is the shape parameter. We assume Ө>0, the scale 

parameter, is approximately the same for unmethylated and methylated fluorescence. 
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Then, it follows that 
  

       
 follows a beta distribution which has values that range 

between zero and one. 

 Now, we wish to assign each sample i, to class Ci where Ci           for a total 

of K methylation classes. We denote the methylation of locus j for subject i as Yij. The 

distribution function, then of having a particular level of methylation at a particular locus 

given a class membership in class k  has the assumed beta distribution: 

                        
                   

This depends on the prior class membership in class k as well as the specific locus j. 

If we assume that the sum of the probabilities of class membership is one (that is Ci = k 

with probability    where       
    and that conditional on class membership, Yj 

(methylation at each locus) is independent, then we get the following likelihood for 

sample i: 

            

 

   
           

  
 
  

     
       

      

   
 

 Then, with an observed data set of n samples, the full-data log-likelihood is 

maximized using an Expectation-Maximization (EM) algorithm [232]. This algorithm 

begins with an n X K matrix of weights (wik) whose rows add up to one. Each row of this 

matrix is an initial class membership probability for each subject. For each k, we set 

          
 
    and maximize a conditional weighted log-likelihood to find α and β that 

correspond to each class k. The weights are then updated and the iteration is run again 

until the values of α,β, and η do not substantially change.  At that time, the final weight is 

the posterior probability that sample i belongs to class k, that is,          
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 The number of classes, K, is not determined by completing this algorithm for a 

set of possible K's and then selecting the one with the smallest Bayesian Information 

Criterion (BIC) statistic, but rather a recursive selection method is used. In this method, a 

two-class model is fit first, and then each of these classes are split further. New weights 

are determined and splitting continues until the EM algorithm fails due to insufficient 

data, since the weights become successively smaller at each split and hence unstable, 

or if an additional split leads to a less parsimonious classification of the data. 

 Houseman et al. [233]proposed weighted versions of BIC: 

                        
   

 

   
             

                    
   

 

   
              

 

where ς is the vector of (α,β,η, and ω for node r). The ς defining         is from the two-

class mixture model and the ς defining         are from a one-class model. If 

                , then the recursion ends at node r [223]. When all nodes have 

terminated, there are  K classes, a   , and a posterior class probability for each sample 

for each class. The samples are then assigned to a class k based on the largest 

posterior probability. For example, if a four cluster model were fit, and a sample had 

posterior probabilities of 0.2, 0.1, 0.1, and 0.6 for class 1, 2, 3, and 4 respectively, then 

that sample would be assigned to class 4. 

 An extension of RPMM is SS-RPMM, which was devised with the advent of the 

Infinium HumanMethylation450 BeadChip [226]. This method reduces the dimensionality 

of the class assignment procedure of RPMM by first selecting the M CpG loci that are 

informative for classification based on a set of covariates and outcomes associated with 
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the particular data set of interest. The data set is split into a training set and a test set in 

order to avoid overfitting, where RPMM is fit to the training set using the M preselected 

CpG loci. The M preselected loci are chosen as those with the largest estimated 

parameter value based on the outcome of interest (e.g., for survival, the highest Cox 

scores in a survival model). The P-value from the test of interest is then recorded (e.g. 

again for survival, the P-value from the log-rank test). These steps are repeated for 

varying values of M, and the final value of M is that with the lowest P-value. This model 

(value of M) is then used in the testing set, and posterior class assignments are made 

using RPMM with the M informative CpG. These class assignments can then be used as 

a predictor variable in any statistical model such as a Cox proportional hazards model or 

a chi-square test.  

 Prior to SS-RPMM, we conducted an unsupervised hierarchical clustering 

analysis as a preliminary assessment of the variability of methylation in the study 

samples. This method used all samples together, and assigned samples to clusters 

based on the 500 most variably methylated CpG loci. Informal trimming procedures can 

then be used to reduce the number of clusters to a more manageable number, should a 

large number of clusters be produced in the initial clustering analysis. This method does 

not use any clinical or covariate data to determine which CpGs to use, and does not 

provide a formal means for determining a number of clusters, but is useful for initially 

exploring methylation data. For the SS-RPMM analysis, we used a smaller set of 

samples as the training set, and a larger number as the training set. All analyses were 

conducted using R version 2.14 (http://www.R-project.org). With the training set, CpGs 

were ranked in order of importance in predicting tumor histology, then the number of 

CpGs that would most parsimoniously predict methylation class for the training set 
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samples was determined. The number of methylation classes was then determined 

using those CpGs. Finally, the testing set was used to validate the results from the 

training data.  Results from the SS-RPMM procedure were used in three ways: 

 

 1. We determined whether methylation class membership is informative based 

 on tumor histology using a Chi-Square test with n degrees of freedom where n = 

 (k - 1)(j - 1) where k is the number of classes determined by SS-RPMM and j is 

 the number of  histologic groups. We intend for j to be equal to 4 as we will be 

 comparing YST, germinoma, teratoma, and mixed/other. 

 

 2. We determined whether methylation class is predictive of survival using a chi-

 square test. 

 

 

Results 

A total of 95 samples (19 FFPE and 76 frozen) passed initial QC measures and were 

used in the analysis. 384,462 CpGs were left for analysis after removing CpGs that did 

not pass QA (232 CpGs), were located on the sex chromosomes (11,402 CpGs), or 

were associated with SNPs (89,409 CpGs). Correlations between 19 pairs of replicate 

samples were all high (correlation range between 0.98 and 0.99).  

 Unsupervised hierarchical clustering analysis by tumor histology on the 500 most 

variable CpG loci in all 95 samples (Figure 2.1) resulted in 26 clusters before trimming 

(Figure 2.2). Methylation class was not associated with histology (p=0.34), as almost 

every class contained at least some YSTs and tumors of another histologic subtype. 
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After collapsing the clusters into 8 classes, there was a borderline significant association 

between class and histology (p = 0.07), although there was still no obvious segregation 

by histology. Methylation class did not differ by fresh or frozen tumor status(p=0.41), by 

beadchip (p=0.65), or by source institution for the specimen (0.33). 

 In the SS-RPMM analysis, 50% of the samples served as a training set while the 

remaining samples formed the testing set. A model with twenty-one CpG loci was 

selected (Table 2.4). The tumors clustered into two classes (Figure 2.2). Methylation 

class was significantly associated with tumor histology in a binary comparison of YSTs to 

all other tumors (p =0.0003). One of the methylation classes contained only YSTs and 

other/mixed histologies, while the other contained all four histologies (Figure 2.3). 
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Figure 2.4: Unsupervised Hierarchical Clustering Analysis of CpG methylation in GCTs. The red bars 

divide the samples (n = 95) into clusters based on Manhattan distance and average linkage of the 500 
autosomal CpGs that were most variable across samples. Blue indicates high level of methylation (51-
100%), black equals 50% methylation, and yellow indicates low level of methylation (0-49%). 
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Figure 2.5: Semi-Structured Recursively Partitioned Mixture Model (SS-RPMM) of CpG Methylation in 
GCTs. Red lines and tic marks denote the four methylation classes assigned by this analysis. Columns 

represent the eight CpGs selected by SS-RPMM. Width of the row is proportional to the number of samples 
included in the methylation class. Blue represents methylated and yellow represents unmethylated. 

 

 

Figure2.3: Bar Graph of SS-RPMM Methylation Classes By Tumor Histology. Bars represent each of 

the four methylation classes from SS-RPMM. Colors correspond to each of the four histologic subtypes in 
the study sample. The amount of each color in a bar is proportional to the percent of the samples in the 
corresponding class that are of that histologic type. 
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Table 2.4: Features of Genes Associated with CpGs from SS-RPMM 

CpG name Chromosome Gene Function 

cg00995582 8 HEATR7A -- 

cg01480180 7 FZD1 Receptor for Wnt proteins 

cg21104276 

cg02006977 12 SLC35E3 Membrane transporter, overexpressed 
in bladder cancer 

cg04140596 1 OBSCN Involved in organizing and synthesizing 
myofibrils 

cg04992521 8 -- uncharacterized 

cg09364733 13 PDS5B Regulator of cohesion maintenance, 
negative regulator of proliferation, 
plays a role in androgen induced 
proliferative arrest in prostate cells 

cg10113107 11 RRM1 Located in the imprinted gene domain 
of 11p15.5, a tumor suppressor gene 
region. Alterations in this region have 
been associated with Beckwith-
Wiedemann syndrome, Wilms tumor, 
and  rhabdomyosarcoma 

cg13075537 1 TMEM57 Trans-membrane protein 

cg14122599 9 DAB2IP Functions as a Ras GTPase-activating 
protein, may act as a tumor suppressor 
gene 

cg15893532 5 LARP1 Down-regulates the Ras-MAPK 
pathway 

cg16382030 1 PROX1 Implicated in CNS, regulates gene 
expression and development of 
postmitotic undifferentiated young 
neurons 

cg18345456 

cg18775702 15 C15ORF39 uncharacterized 

cg19865375 7 KIAA1324L Associated with breast, large intestine, 
and lung cancer 

cg20522483 4 SEC24D Involved in vesicle trafficking in the cell 

cg17327331 14 MPP5 Encodes a member of the p55-like 
subfamily, participates in the 
polarization of differentiating cells, 
regulates myelinating Schwann cells 

cg21772011 19 -- uncharacterized 

cg24742349 5 CAST Plays a role in degradation of living 
cells and affects the expression of 
genes encoding structural/regulatory 
proteins 

cg24886867 6 RIPK1 Involved in inflammatory and cell death 
signaling 

cg26234644 17 TMEM220 Trans-membrane protein 
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When looking at survival and disease recurrence, nine of the fifty-seven patients in the 

testing data set experienced relapse, and four died during the follow-up period (Table 

2.5). In unadjusted models, methylation class was not associated with tumor recurrence 

(p = 0.71), or with survival (p = 0.38), although all four deaths and seven out of the nine 

relapses all did occur in the first SS-RPMM class. 

 
 

Table 2.5: Association between SS-RPMM Class and Time-to Relapse/Survival 

SS-
RPMM 
Class 

Relapse 
N (%) 

Fisher's 
exact P-
value 

Death 
N (%) 

Fisher's 
exact P-
value 

Yes No 0.71 Yes No 0.38 

1 7 
(15.56) 

38 
(84.44) 

4 (8.89) 41 (91.11) 

2 2 
(16.67) 

10 
(83.33) 

0 (0.00) 12 
(100.00) 

 

Discussion 

The purpose of this analysis was to determine whether methylation patterns differed by 

tumor histology, and furthermore, whether these methylation patterns predicted relapse 

and survival. Using a semi-supervised approach to recursively partitioned mixture 

models, we determined the number of CpG that produced the most parsimonious model 

of differential methylation (in this case, 21) as well as which particular CpGs drove the 

clustering by methylation. We used posterior class assignments to two methylation 

classes as determined by SS-RPMM to determine whether methylation patterns in GCT 

were associated with tumor histology, disease recurrence, and survival. We found a 

significant association between tumor histology and methylation class, a non-significant 

association between methylation class and survival and relapse.  

 The tumor samples were broken down into two methylation classes based on 

differences in methylation at twenty-one CpG loci, none of which were implicated in 
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previous studies of childhood GCT [14, 33, 53, 168, 170]. This is perhaps in part 

because this analysis used a genomewide agnostic approach rather than a more 

focused approach. Given that the semi-structured approach was used to reduce the 

dimensionality of the dataset, it is possible that a number of these CpG loci were still 

significantly associated with tumor histology even though they were not the strongest 

predictors.  Further analysis using an unsupervised clustering approach and pathway 

analysis (IPA; Ingenuity Pathway Systems) may help us clarify the role of these 

previously identified CpG loci. Several of the CpG loci are in either confirmed or 

hypothesized tumor suppressor genes, increasing the likelihood that our CpGs are 

perhaps biologically relevant in the formation of GCTs. Our use of both a training and 

testing data set reduces the likelihood that our results are due to some anomaly in a 

single data set. It will be of interest to see if these CpG remain significant in future, larger 

studies of childhood GCT. 

 While we did not find a statistically significant association between methylation 

class and disease relapse in this study, it is an important question that remains to be 

answered. All of the deaths and a large majority of the relapses occurred in the same 

methylation class, which suggests perhaps a more highly-powered study would have 

detected a significant difference. The association with survival is important because the 

success of Cisplatin-based chemotherapy means that death from GCTs is quite rare; 

however, it does occur in a small subset of cases, less than 10% overall [32, 234, 235]. 

Disease recurrence is not nearly as rare, occurring in approximately 10-25% of cases 

[236-238]. A subset of tumors are resistant to Cisplatin based chemotherapy--the 

primary (and usually successful) method of treatment for these tumors[239]. It is of 

clinical interest, then, to identify biological markers of relapse, death, and Cisplatin 
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resistance. In a study of cell lines, Wermann et al. found a decreased resistance to 

Cisplatin in a previously hypermethylated cell line that underwent demethylation with 5-

azacytidine[91]. This strongly suggests that Cisplatin resistance may be diminished in 

aggressive tumors by decreasing methylation levels. Unfortunately, the samples in the 

present analysis lacked data on treatment and resistance to chemotherapy. Examining 

the association between methylation class and Cisplatin resistance is an important 

problem for future studies to address. Finding markers associated with treatment 

resistance could provide valuable insight into the biology and progression of these more 

aggressive tumors, and hence also on possible strategies for treating them. While our 

analyses did not find a significant associations with survival and relapse, our power was 

extremely limited because only four deaths and nine relapses occurred in this sample 

set. The association with relapse and survival is an essential avenue for future research. 

 This present study has several strengths. First, it is the largest methylation study 

in childhood GCT to date. In addition, it uses the most comprehensive methylation 

beadchip available, with nearly 500,000 CpG loci measured. The use of the posterior 

methylation class assignment allows us to examine methylation with respect to a number 

of outcomes that are relevant to treatment as well as etiology.  

 While this study has several strengths, it also has some weaknesses. While the 

sample size is considerable given the rarity of the tumors, it is still not large enough to be 

a highly powered analysis, particularly when looking at rare outcomes such as death. 

Secondly, our demographic and clinical data for the cases was extremely limited, so we 

could not examine methylation with respect to tumor location, age at diagnosis, sex, 

environmental exposures, etc. An additional limitation is the lack of a "normal" control or 

comparison group. That is, we have no way of assessing whether levels of methylation 
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in these tumors is greater or less than what would occur in a normally developing child. 

Finding an appropriate disease free control is an issue in studies of this nature, and 

conclusions must be drawn with this limitation in mind [240]. Finally, heterogeneity of 

methylation levels within the same tumor must be considered, especially in regards to 

tumors of mixed histology [11, 17], hence measured methylation in our study could only 

represent a small portion of the tumor rather than methylation overall. 

 Despite these limitations, this study provides valuable information regarding the 

etiology and clinical progression of childhood GCTs. There is little information regarding 

the etiologic role of methylation patterns in the development of GCTs. While some 

studies have identified alterations in both promoter region and global methylation [220], 

no previous study had examined methylation with respect to survival and disease 

recurrence. It appears that methylation may be associated with clinical outcomes, hence 

tumor methylation could one day be incorporated into treatment protocols, and could 

perhaps be key in identifying new therapeutic agents in cases associated with a poorer 

prognosis, namely the extragonadal tumors [26]. These results provide a strong rationale 

for future studies examining the role of methylation in GCT etiology and outcomes. 
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Chapter 3: MicroRNA expression in Childhood GCTs 
 

Specific Aims 

MicroRNAs (miRNAs) are small endogenous noncoding RNAs that regulate gene 

function in a manner specific to cell type and developmental stage [69, 70, 72, 241, 242]. 

Differential miRNA expression is associated with human cancers [49, 74, 77, 78, 85] 

including GCTs in children and adults [3, 9, 14, 16, 18, 75, 86].  

 To date, few studies have been conducted of miRNA in the development of 

GCTs and most have been primarily in non-pediatric populations [3, 14, 16, 75, 86, 87]. 

These studies have reported higher expression of miRNAs in the miR-371-73 and the 

miR-302 (pediatric and adult) clusters as well as lower expression of let-7  in GCTs 

compared to normal samples  [3, 9, 14, 16, 18, 75, 86, 87, 243]. These studies were 

limited because they evaluated few miRNAs [16, 87], had a small number of pediatric 

samples (7 in the Fustino study[14], 48 in Palmer[3]), and were primarily focused on 

adult samples [16, 75, 86]; therefore, many additional relevant miRNAs could exist. As 

the study of miRNA is relatively novel, the precise targets and functions of many 

miRNAs remain unknown [69, 72, 73, 241]. Hence, there is substantial impetus for 

undertaking a more global analytical approach in examining miRNAs in GCTs.  

 With this in mind, and with the broad, long term goal of identifying miRNAs that 

drive GCT initiation and progression,  we conducted a comprehensive evaluation of 

miRNA in GCTs using the Nanostring platform. In this analysis, we evaluated a large 

panel of miRNAs (N = ~800) and compared miRNA expression according to tumor and 

patient characteristics. The project adds to our understanding of miRNAs in pediatric 

GCTs by including a substantial proportion of all known human miRNAs and evaluating 
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differences according to important patient and disease traits. In this analysis, the 

following specific aims were evaluated: 

 Aim 1)  Assess normal and malignant samples for differential miRNA expression. 

 We used a negative binomial distributional assumption in a statistical 

 assessment of differing miRNA counts between groups as well as hierarchical 

 cluster  analysis. 

 

 Aim 2) Determine whether miRNA expression differs by tumor histology. This 

 might  shed insight on why different histologic subtypes of GCTs arise from the 

 same cell of  origin. The methods used in this Aim were similar to Aim 1. 

 

 Aim 3) Compare miRNA expression across patient subgroups including age, 

 sex, and tumor site. 

 

We hypothesized that: 

1. MiRNA expression would differ between normal and malignant samples, with some 

miRNAs under expressed and some families of miRNAs over expressed in malignant 

samples 

 

2. MiRNA levels would differ according to tumor histology and tumor site, but not by 

patient age or sex 

 

3. Let-7 would have lower expression in all malignant samples, and would be more 

pronounced in less differentiated histologic subtypes, such as germinoma 
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Background 

MicroRNAs (miRNAs) are small endogenous (~22 nt) noncoding RNAs that play a 

regulatory role in gene function by cleaving or repressing mRNA[69, 70, 72]. Most 

mammalian miRNAs are transcribed from intronic regions and possess multiple 

conserved sites that are complementary to target mRNA[69]. These sites are known as 

the "seed region" (nt 2-7) which is the region where miRNA binds to target mRNA, most 

often in the 3'UTR[70, 73] . A single miRNA can target multiple mRNAs and a single 

mRNA can be targeted by multiple miRNAs. Expression of miRNA differs according to 

tissue type, disease state, and developmental stage[69, 241, 242]. MiRNA has been 

demonstrated to be differentially expressed in several human cancers, including GCTs 

[49, 74, 77, 78, 85]. 

 Currently, much remains to be determined regarding miRNAs including their 

targets,  biological function, and their number. In 2004, there were estimated to be 200-

255 miRNAs in humans, with 145 validated [69]. By 2009, that number had grown to 

400, or approximately 1% of known protein-coding genes [241]. Now, the NanoString 

platform is available that can analyze 800 human miRNAs, and there are perhaps more 

to be found [244].  

 In order for miRNAs to ultimately be of use, we must go beyond merely 

identifying them and instead classify the functions of known miRNAs and identify their 

regulatory targets [241]. miRNAs generally function as a means of fine tuning protein 

expression thereby reducing variability from cell to cell in expression [49, 241]. Through 

this fine tuning, miRNAs are believed to help regulate cell division, differentiation, cell 

death, and guide stem cell fate  [16, 49]. In this way, the developmental stage and cell 

type specific miRNA distributions work together to generate the specific protein 
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expression profiles on which proper embryonic development is dependent [49, 70]. 

Several environmental exposures have been demonstrated to invoke aberrant miRNA 

expression including folate deficiency, lead exposure, and irradiation [115, 187, 245-

247].  

 Studies of pediatric GCTs have identified an overexpression of the miR-371-73 

and miR-302 clusters in GCTs compared with normal samples [3, 14, 86].  Of note, 

these miRNA clusters have also been implicated in adult TGCTs [9, 18, 75]. A study by 

Gillis et al. demonstrated differential expression of miRNAs across TGCT histological 

subtypes according to tumor differentiation, with miRNA overexpression compared to 

normal tissue in differentiated tumors and underexpression in undifferentiated tumors 

[16]. MiRNA-302 is positively regulated by stem cell transcription factors such as SOX2 

and OCT4 and overexpression of mi-RNAs from the 302 cluster have been shown to 

delay differentiation [248].  MiRNA-302 was demonstrated to negatively regulate the 

Nodal inhibitor Lefty in human embryonic stem (ES) cells and is hence believed to be 

associated with impairment of germ layer specification [248].  

 Of additional interest is the recent evidence linking GCTs to aberrant expression 

of the LIN28 transcription factor, a negative regulator of the let-7 family of miRNAs [87, 

243, 249]. Repression of let-7 and subsequent overexpression of LIN28 has been 

demonstrated in human cancers, suggesting let-7 might function as a tumor suppressor 

[87, 243]. The repression of let-7 by LIN28 has been recently demonstrated to play a 

role in the maintenance of germline stem cell fate in a study of the human fetal ovary, 

where both LIN28 transcript levels and let-7 miRNA levels were highest in PGCs and 

found to decrease as gestation progressed [250].  
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Given the integral role of the let-7 family in PGC fate, it is likely that altered 

expression of this pathway could play a crucial role in the development of GCTs. A 

recent study in mouse ES cells by West et al. demonstrated that LIN28 was essential for 

proper PGC development and impacted tumor size and aggression [87]. These findings 

indicate that PGC development, and hence aberrant PGC development into GCTs, may 

be influenced in part through disregulation of let-7 miRNAs. Therefore, there is evidence 

to suggest that miRNA expression may play a vital role in the development of GCTs. 

 

Significance: 

Currently, there is little information regarding the etiologic role of miRNA expression in 

the development of pediatric GCTs. While some studies have identified miRNA clusters 

that show differential expression by tumor histology, this work has been primarily in adult 

TGCTs. Furthermore, the role of the let-7 family was evaluated in a murine model and 

has not been studied in human samples. Hence, substantial gaps remain regarding the 

role that miRNAs play specifically in pediatric GCTs. The biologic rationale for studying 

miRNA in GCTs is strong and this study represents a much more comprehensive 

evaluation than previous studies because of the large number of miRNAs analyzed 

(~800).  
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Research Methods: 

Study population 

 We utilized previously collected, de-identified tumor specimens, including 38 pediatric 

GCTs and 6 paired adjacent normal tissues.  The GCTs were obtained from the 

Cooperative Human Tissue Network (CHTN) of Columbus, Ohio.  The tumors were 

resected at initial diagnosis and snap frozen at -70°C.  Pathology reports were provided 

to the CHTN by the individual treating institutions. Age, sex and tumor location were 

abstracted from the pathology report when available.  The histologic subtype of the 

tumor was determined following review by an experienced pediatric pathologist.  IRB 

approval was obtained for this study under the category of previously existing data: 

records review, pathological specimens. 

 

miRNA expression:  

MiRNA expression was measured using 

the NanoString NCounter analysis 

system (NanoString Technologies, 

Seattle, WA) [251], which analyzes 

miRNA expression using the automated 

nCounter Analysis system for 800 

human miRNAs [244]. The nCounter 

detects total counts of miRNA by 

hybridizing fluorescently labeled bar 

coded probes to the miRNAs of interest 

followed by scanning and counting them to quantify RNA expression [72, 251-253]. 

Figure 6.1: Fluorescent Barcodes Labeling miRNA in 

nCounter 
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Briefly, bar codes of four colors and six positions identify each unique miRNA, thus 

enabling the distinction of a large number of different targets in the same sample (see 

Figure 3.1) [72]. In order to detect small RNAs such as miRNAs, NanoString requires an 

additional ligation step where a DNA tag is added to the 3' end of each mature miRNA, 

which normalizes the melting temperature of the targeted miRNA and applies a unique 

identifier to each miRNA species in the sample[72]. Each captured barcode is then 

counted and tabulated by the nCounter assay, a tool that provides discrete counts of 

miRNA with high precision and sensitivity [72, 251].  

NanoString offers significant benefits compared to other methods for measuring 

miRNA such as its lower range of detection and cost effectiveness. Compared to 

microarray analysis, the nCounter is able to overcome microarray saturation limits 

through the use of discrete counts [251]. Likewise, while RNA-Seq is able to detect and 

quantify transcriptome abundance, it is expensive and requires a more complex 

sequence analysis than nCounter [251]. The nCounter system analyzes purified total 

RNA and can detect as few as 1 copy per cell [251].  

 

RNA extraction and processing: Total RNA was extracted and isolated using the 

TRIzol® extraction method (Invitrogen Life Technologies, California) according to the 

manufacturer's protocol. Following extraction, RNA was cleaned using the RNeasy Mini 

Kit (Qiagen, Maryland) according to the manufacturer's recommended protocol. RNA 

yield was then quantified using 2 µl on a NanoDrop™ spectrophotometer (Thermo 

Scientific, Maryland). Extracted RNA was stored at -80O C until further analysis. 
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Sample preparation and measurement of miRNA by nCounter Sample preparation for 

analysis on the nCounter requires: 1) the annealing of the specific tags to their target 

miRNA, 2) a ligation reaction, and 3) an enzymatic purification to remove the unligated 

tags.  The miRNA expression assay required approximately 100ng of total RNA. The 

purified RNA samples were annealed, ligated and hybridized and excess probes washed 

according to protocol. Data collection of hybridized sample tubes was performed using 

the nCounter Digital Analyzer which produces data of target molecule counts. These 

digital images are processed on the nCounter digital analyzer and barcode counts are 

tabulated in a CSV format.  

 

Data normalization and quality control Once the data were quantified by nCounter, they 

were normalized using positive and negative controls. NanoString includes a total of 6 

positive and 6 negative miRNA assay controls and 5 housekeeping controls on each 

array for assay quality control [253]. The positive control normalization was conducted 

first and accounted for ligation efficiency, overnight hybridization efficiency, and 

experimental lane-to-lane variability[254, 255]. This was done by finding the sum of the 

counts for all the positive controls for each sample, then calculating the global mean 

[255]. A normalization factor was calculated for each sample by dividing the global mean 

of all the positive control sums by the sum of the positive control counts for each sample 

[254, 255]. Each count value including negative and positive controls was then multiplied 

by the normalization factor for that sample[254]. It is recommended that this value be 

between 0.3 and 3, and being beyond this range may mean the normalized count data 

may not reflect the actual concentration of the miRNA in that sample due to 

contaminants in the RNA preparation such as salts and phenols [254, 255].  
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The second step in the normalization process is through the negative controls to 

account for input differences [254, 255].There are multiple methods that can be used to 

accomplish the negative control normalization including using a global sum, the upper 

quantile strategy, and the use of housekeeping miRNAs. The present study employed 

the upper quantile approach which calculates the normalization factor from the top 100 

expressing miRNAs in the data set. Quantile approaches result in lower coefficient of 

variation (CV) values and standard deviations compared to raw data and are more 

stable than control derived normalization procedures or procedures that employ all of the 

data rather than the top 100[256]. The mean of these 100 miRNAs is calculated for each 

sample and then averaged globally, and then a normalization factor is created for each 

sample from the quotient of the sample specific miRNA mean and the global mean [254]. 

This normalization factor was then multiplied to the data [254]. Background thresholds 

were not accounted for as negative controls were very low in this sample [254]. As a 

further quality control check, the 4 technical replicates were compared to assess within-

sample variability.  

 

Statistical Analysis: 

Aim 1-3 Differential expression analysis using R/NanoStriDE: A similar set of analyses 

were performed to accomplish all of the study aims. The statistical models assessed 

whether an observed difference in read counts is statistically significant for a given 

miRNA. Typically, Poisson distributions are used to model count data; however, the wide 

range of count values typically found in miRNA expression data results in data 

overdispersion (i.e. a variance significantly greater than the mean) which violates the 

assumptions of the Poisson distribution. Therefore, differences in miRNA expression 
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were evaluated by modeling count data with a negative binomial distribution, which has 

a probability mass function given by: 

 P(X = k) =       
 

          for k = 0, 1, 2, .... 

 where :       
 

  
                  

  
 

Analyses were performed using the automated NanoStriDE platform [257] which utilizes 

the negative binomial distribution assumption to assess differential expression based on 

the test statistic formed by having ma samples of type A and mb samples of type B, and 

for each miRNA i, performing a test for differential expression of the gene between the 

two conditions. This approach tests the null hypothesis that expression in A is equal to 

that of B. The total counts for each condition are given by: 

                    where C= the condition (A or B), hence the overall sum 

is given by            . Following the methods of Anders and Huber [258], under the 

null, for any pair of numbers, a and b, the probabilities of the events Kia = a and Kib= b 

can be computed as is denoted p(a,b). Then, the P value of a pair of counts is the sum 

of all probabilities less than or equal to the probability of those observed counts, given 

the overall sum. That is, for any miRNA i, the P value for differential expression is:

    

              
                

 

              

  

 where the variables a and b can take on the values 0,...kiS 

The model was extended for predictors of more than two levels as needed, for example, 

for examining miRNA expression across histology [254]. We included a Benjamini-

Hochberg correction for multiple comparisons [170]. 
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Hierarchical Clustering analysis 

Unsupervised hierarchical clustering analysis was used to determine if miRNA 

expression patterns differed across histologic subtypes of GCTs. In this analysis, each 

sample was assigned to be its own cluster, and then an iterative algorithm joined the two 

most similar samples and then the next two and so on, assigning samples to either the 

same or different clusters based on whether an a priori set measure of dissimilarity is 

met. The cluster analysis was performed in an unsupervised manner to allow the miRNA 

expression patterns to fully dictate the cluster structures. Hierarchical cluster analyses 

and the subsequent heatmaps were performed and produced using the heatmap 

capabilities of NanoStriDE for the 100 miRNAs that were the most differentially 

expressed across histologic subtypes (normal, immature teratoma, mature teratoma, 

yolk sac tumor, and dysgerminoma). 

 

 

 

Results 

Study samples 

A total of 44 samples (38 tumor, 6 normal) were obtained from the CHTN (Table 3.1).  Of 

those, two samples were excluded following QC because of either an insufficient 

quantity of sample  for NCounter to assess or a poor rate of miRNA reads from 

NCounter. For the analyses by histology, we excluded the three mixed samples as their 

expression values were expected to overlap multiple groups of shared histology. 
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Quality control 

We obtained miRNA count data 

for 800 miRNA species from 

NCounter. We excluded 5 

housekeeping probes, 8 

negative controls, 6 positive 

controls and 47 where no 

expression was detected. Thus, 

our final analysis set included miRNA count data for 734 miRNA species. In these 

species, miRNA counts ranged from 0 to 46,503 with an average count per miRNA of 

38.14 (SD 389.17) being expressed in these samples. We decided to focus our analysis 

on the top 100 miRNAs because the majority of miRNAs had very low counts in most 

samples. 

 

Variability of MiRNA 

 For each histologic subtype, we calculated the coefficient of variation (CV) for 

each of these species (Table 3.2). The immature teratomas showed the greatest 

variability (highest mean CV and highest SD of CV values), while variability was lowest 

for the dysgerminomas. We also compared expression from four sets of paired replicate 

samples (2 YST, one dysgerminoma and one teratoma) to assess the variability within 

samples (Table 3.3). We made this comparison for all 734 miRNA species as well as for 

the top 100 miRNA species. Within subtype, there was wide variability (CV*100 values 

well over 50 for each subtype); however, variability between replicates was considerably 

Table 3.1: Samples from miRNA analysis (N=44) 

Variable Category Frequency % 

Agea 0-4 years 14 38.9 

5-9 years 5 13.9 

10-14 years 12 33.3 

15-19 years 5 13.9 

Sexb Male 10 22.7 

Female 33 77.3 

Histology Teratoma 19 50.0 

Yolk Sac Tumor 8 40.9 

Dysgerminoma 8 13.6 

Mixed  3 4.5 

Normal 6 13.6 

Location Gonadal 28 63.6 

Extragonadal 16 36.4 

a: 8 missing; b: 1 missing 
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smaller than variability across replicates within a histologic group (Table 3.2 vs. Table 

3.3), which indicates within tumor heterogeneity was smaller than across  tumor 

heterogeneity.  

 

Table 3.2: Statistics on CV values of MiRNA by Histology 
from NCounter 

Histology Mean CV SD CV Min CV Max CV 

Normal 72.72 19.71 14.39 215.95 

Immature 
Teratoma 

127.47 32.05 20.98 219.96 

Mature 
Teratoma 

69.43 26.69 15.87 272.31 

YST 85.99 21.67 26.66 278.37 

Dysgerminoma 58.14 19.76 8.25 252.42 

 

 

Table 3.3: Variability in MiRNA Expression across Replicate Samples 

 YST 1 YST 2 Dysgerminoma Mature 
Teratoma 

 All Top 
100 

All Top 
100 

All Top 
100 

All Top 
100 

Mean 24.64 10.27 26.42 10.79 25.06 15.37 31.25 17.44 

SD 21.02 10.95 22.06 9.90 20.71 18.60 24.74 15.10 

Min 0.00 0.00 0.00 0.09 0.00 0.00 0.61 0.61 

Max 103.71 46.45 105.24 42.09 121.51 121.51 121.43 57.98 

 

Expression Analysis in NanoStriDE 

In our analysis across histology, six miRNAs were found to be differentially expressed 

after Benjamini-Hochberg (BH) correction for multiple comparisons as well as two 

miRNAs that were borderline significant (Figure 3.2). Next, we performed pairwise 

comparisons to determine what might be driving these significant differences. A pairwise 

comparison of dysgerminomas vs. mature teratomas showed a significant 5.21-fold 

increased expression in hsa-miR-371-5p in dysgerminomas (Table 3.4). When 
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comparing yolk sac tumors vs. mature teratomas, three miRNAs were greatly 

overexpressed in yolk sac tumors (Table 3.5). Four miRNA species were significantly 

differentially expressed between yolk sac tumors and dysgerminomas. No miRNA 

species were significantly differentially expressed in any other pairwise comparison of 

GCT histologies.  

 

Table 3.4: Differential expression of MiRNA species from NanoStriDE by GCT 
histology 

 Dysgerminoma vs. 
Mature Teratoma 

YST vs. Mature 
Teratoma 

YST vs. 
Dysgerminoma 

miRNA BH p-
value 

Expression BH p-
value 

Expression BH p-
value 

Expression 

hsa-miR-371-5p 0.048 5.212 - - - - 

hsa-miR-122 - - 0.008 47.328 0.014 41.218 

hsa-miR-302d - - 0.005 41.174 - - 

hsa-miR-302a - - 0.014 55.755 - - 

hsa-miR-375 - - - - 0.009 54.045 

hsa-miR-296-5p - - - - 0.037 0.218 

hsa-miR-1247 - - - - 0.037 3.100 

 

 

* Borderline statistical significance 
0.05 < p < 0.06 
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No significant differences were found comparing normal vs. all other samples. One 

miRNA was found to be differentially expressed and two miRNAs were borderline 

differentially expressed in a comparison of normal + teratomas vs. YST and 

dysgerminomas (Table 3.5). No significant differences were found with respect to patient 

gender, age at diagnosis, or tumor location (gonadal vs. extragonadal) (data not shown). 

Finally, no differential expression was significant for any miRNA species in comparing 

gonadal vs. extragonadal tumors, tumors from males vs. females, or tumors from 

children diagnosed prior to age 10 years vs. those diagnosed at or after 10 years of age. 

Table 3.5: Differential expression of MiRNA species from NanoStriDE by GCT 
histology 

  Mean counts by histology 

miRNA BH p-value Normal/teratoma Dysgerminoma/YST 

hsa-miR-329 0.064 6.30 9.48 

hsa-miR-302a 0.00067 11.90 390.86 

hsa-miR-302d 0.061 5.38 114.07 

 

Hierarchical clustering analysis 

Hierarchical clustering analysis resulted in some general clustering by histology, 

although the analysis did not result in five clear clusters corresponding to each subtype. 

The first segregation of tumors was driven by overexpression of approximately 40 

miRNA species including some members of the let-7 family (Figure 3.3). A second 

clustering event was driven by expression levels of the miR-371-73. Two clusters that 

had overexpressed the miR-371-73 cluster were further differentiated by the expression 

levels of both the miR-302 cluster and miR-122. These clusters corresponded to some 

clustering with respect to histology, however, separation was not clean with respect to 

histology, with dysgerminomas and yolk sac tumors in particular appearing in two 

separate clusters. 
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 Figure 3.3: Heatmap of miRNA 
expression levels in germ cell 
tumor and normal samples 
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Discussion 
 
We performed a comprehensive evaluation of miRNA expression in pediatric GCTs. We 

did not observe significant differences when we compared normal and tumor samples; 

however, we did see significant differences in some miRNA species when comparing 

normal and "non-malignant" tumors (i.e. the mature teratomas) to malignant tumors 

(YST and dysgerminoma). We identified miRNA species that are differentially expressed 

with respect to GCT histology. In addition, pairwise comparisons by tumor histology 

identified four additional miRNA species that differ across specific histologic types. We 

did not find any differences with respect to patient characteristics including gender, age 

at diagnosis, and tumor location. Upon performing the hierarchical clustering analysis, 

we note that clusters were formed with respect to the expression of several miRNA 

species. 

 Our findings are consistent with previous studies which identified overexpression 

of the miR-302 cluster in both adult TGCT and pediatric GCTs compared with normal 

and nonmalignant samples combined, and while not statistically significant, we found a 

borderline association with a miRNA in the 371-73 cluster that was also identified in 

previous studies [3, 9, 14, 18, 75, 86]. We identified miRNAs in these clusters to be over 

expressed in YST and germinoma samples compared to normal samples, although 

expression was not necessarily substantially increased in the teratomas. The previous 

analyses did not include teratomas. A miRNA in the 302 cluster (hsa-miR-302a) was 

found to distinguish yolk sac tumors from mature teratomas. In addition, we found hsa-

miR-122 to be overexpressed in GCTs--particularly yolk sac tumors and immature 

teratomas--compared to normal samples. In addition to replicating these associations, 
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we also identified three novel expression  miRNA expression differences across 

histologic subtypes of GCT (hsa-miR-375, hsa-miR-296-5p, hsa-miR-1247).  

 It is important not only to identify miRNAs, but also to determine their biological 

function in order to assess whether there is a plausible role that the identified miRNAs 

might actually play in GCT etiology. This can be somewhat of a challenge, as many 

miRNAs have not yet had all of their mRNA targets identified, and furthermore, many 

miRNAs have multiple targets, some of which may be unknown even in miRNAs that are 

thought to be well characterized. We did attempt to assess the functions of the miRNAs 

we found. For example, we did not find literature reporting an association between miR-

329 and any phenotype. The miR-513 is expressed in biliary epithelial cells [165] and is 

believed to be associated with an inflammatory response.  

 Two clusters found in our analyses do bear particular attention. One cluster, the 

miR-371-73, was previously identified as being differentially expressed in GCTs, and has 

several gene targets including SOX2[161]. The miR-302 cluster was also identified in 

previous studies. These miRNAs are expressed in human embryonic stem cells and 

inhibit tumorigenecity by suppressing CDK2 and CDK4/6 cell cycle pathways[162]. 

MiRNA-302 is associated with a delay in differentiation and a  failure to specify germ cell 

fate[161, 163, 248]. This could be through a failure of its regulators (stem cell factors 

SOX2 and OCT4), or through the action of the miRNA species itself. It would be of 

interest to better understand the interactions between stem cell factors, this particular 

miRNA cluster, and cell differentiation. This could be an important aspect of GCT 

etiology. In our results, MiRNAs from this cluster were more highly expressed in GCTs 

compared to normal samples, and in particular, expression was especially high in the 
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yolk sac tumors, which are less differentiated than the teratomas, although it might be 

somewhat surprising that expression was not higher in the dysgerminomas which are 

also of a less differentiated histology. 

 The associations between GCT and stem cell factors including OCT4, NANOG, 

and SOX2 have been previously described and studied[2, 259-261]. It is biologically 

plausible in theory and demonstrated empirically that de-differentiation factors or factors 

that maintain pluripotency would be associated with tumors arising from a totipotent 

germ cell. We know that during the normal migration route, PGCs are characterized by 

expression of several pluripotency markers including OCT4 and NANOG [9, 20] and are 

undergoing both epigenetic erasure [4] and extensive rounds of proliferation [8]. During 

normal development, once PGCs reach the genital ridge, epigenetic reprogramming 

continues, development into mature germ cells begins, and expression of these stem 

cell factors is lost [4]. 

OCT4, also known as OCT3/4 or POU5F1, is a key transcription factor involved 

in regulation of pluripotency [2, 4, 104, 261]. During normal development, OCT4 

expression is restricted to the pluripotent embryonic stem cell stem cell and the PGC[58, 

173, 262] and is critical along with NANOG and BMP signaling pathways for proper 

specification of germ cell lineage [96]. OCT4 is essential for ES specification and ES self 

renewal; however, expression of OCT4 alone is not sufficient to maintain the 

undifferentiated phenotype [262]. It is also believed to act as a stem cell survival factor 

that keeps germ cells from undergoing apoptosis [2, 260] and functions as a master 

switch in differentiation by regulating cells that have or can develop pluripotent potential 

[261] and is the determining factor for the first embryonic lineage specification [6].  
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 In addition to being a self regulator, OCT4 is also involved in the regulation of the 

stem cell factor NANOG[58]. OCT4 and NANOG are expressed in an identical pattern in 

the pluripotent germ cell[58] The amount of OCT3/4 relative to these different partners 

appears to be crucial, and the specific combination of transcription factors belonging to 

SOX and POU (OCT) families establish specific expression of target genes [260]. While 

OCT4 expression is normally restricted to ESCs and early PGCs, aberrant OCT4 

expression is a reliable diagnostic marker for GCTs [9, 259, 263], specifically those GCT 

cells that exhibit totipotency[3, 104, 261]. It is hypothesized that prolonged expression of 

OCT might be one of the crucial factors in GCT development, as it allows germ cells to 

survive and proliferate [264].  

 Similarly, the NANOG transcription factor is a key regulator of pluripotency in 

mammalian embryonic and induced stem cells [104, 265].  It is expressed in ICM and 

after gastrulation, it is restricted to PGCs and their descendents [58, 265]. NANOG 

characterizes PGCs during migration [9] and during normal development it is detected in 

germline stem cells within the developing testis where it is restricted to nuclei of germline 

stem cells until it is lost as the gonocytes mature to form spermatogonia[58]. NANOG 

expression is dependent on transactivation by OCT3/4 and SOX2 [265]. Furthermore, 

NANOG is also involved in regulating more than 90% of OCT/SOX direct downstream 

gene targets [259]. Loss of NANOG protein induces differentiation in embryonic stem 

cells and apoptosis of embryonic germ cells which further indicates it is a necessity in 

maintaining pluripotency [104]. Like OCT4, NANOG transcription factor is overexpressed 

in undifferentiated histologies of malignant GCTs [3].  

 The SOX (Sry-related HMG box) family of transcription factors contain the HMG 

box of the SRY gene, and currently 20 SOX proteins have been identified in humans, 
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and SOX2 and SOX17 are particularly prominent in normal development as well as in 

GCTs [260]. SOX2 has been demonstrated to be a key regulator of pluripotency in 

mammalian embryonic and induced stem cells [104]. The combination of SOX2 and 

OCT4 is essential for maintaining the undifferentiated state of embryonic stem cells[260]. 

SOX2 is a self regulator and is also involved in regulating the expression of NANOG 

[259]. SOX proteins are differentially expressed across GCT histologies [9, 260, 265] 

and that differential expression of SOX family transcription factors is able to help define 

the distinct GCT histologies.  

 LIN28 is another regulator that is critical in maintaining the pluripotency of stem 

cells [104]. Unlike OCT4 and NANOG, which are found only in the PGC/gonocyte, LIN28 

can also be detected in pre-spermatogonia [104]. LIN28 is also distinct from other stem 

cell factors in that its primary function is as a miRNA regulator [104]. Specifically, it is a 

negative regulator of the let-7 miRNA which targets BLIMP1 [87]. Mouse models, LIN28 

has been demonstrated to be an essential component of proper PGC development [87]. 

In normal development, LIN28 is found in migrating PGCs and early gonocytes and 

decreases as germ cells mature [104]. LIN28 is found in both the nucleus and the 

cytoplasm until the pre-spermatogonia stage where it becomes restricted to the 

cytoplasm. In GCTs, LIN28 is found in invasive components of GCT, but not in benign 

tumor elements [87, 104]. Evidence suggests that LIN28 acts to maintain the 

undifferentiated state GCTs upstream of NANOG and OCT4 [104]. 

 The stem cell transcription factors function as a group to maintain pluripotency of 

embryonic stem cells and early germ cells as part of the normal developmental process. 

In the formation of GCTs, these processes appear to be impeded which results in 

inappropriate expression of these factors in malignant cells. While it is possible that this 
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aberrant expression confers some etiological significance, it is currently thought that the 

more likely scenario is that of expression that related to the unique cellular origin of 

GCTs. 

 Of note, we did not find statistically significantly different expression of any of the 

let-7 miRNAs that we had hypothesized to be important in GCT etiology based on 

previous research[87, 243, 249, 250]. Indeed, of the top 100 miRNA species that 

demonstrated differential expression, only two let-7 species were included. Let-7c and 

let-7i counts were similar between normal and mature teratomas, but counts were 

increased in immature teratomas and decreased in yolk sac tumors and 

dysgerminomas, but again, none of these differences reached statistical significance 

after correction for multiple comparisons. This result is somewhat surprising given the 

biological plausibility for let-7 to play a role in GCT etiology. Next, hsa-miR-122 has not 

been found in previous studies of GCT. In fact, it is specifically expressed in the liver 

where it acts as a regulator of proliferation, and down regulation is associated with 

increased risk of hepatic carcinoma [158, 159]. It is possible that this miRNA also acts as 

a proliferative regulator in some process involved in GCT formation.  

 Three additional novel miRNAs were identified as being differentially expressed 

in pairwise comparisons of GCT histologies. The first, hsa-miR-375, is believed to 

function as a tumor suppressor by repressing IGF1R and has been demonstrated to 

have abnormally high expression levels in esophageal cancer[160]. Hsa-miR-296-5p is 

believed to down regulate p53 and p21WAF1 [166, 167]. Finally, while not much is 

known about the last miRNA, hsa-miR-1247, one study did find that this miRNA is highly 

expressed in stem cells, but this expression is greatly reduced upon cell differentiation 

[159]. Therefore, while not all of our miRNAs were previously identified as being involved 
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in the formation of GCTs, their functions as tumor suppressors and regulators of 

proliferation and p53 pathways as well as expression in pluripotent cells indicates a 

theoretical feasibility of their involvement in the processes of GCT formation. Further 

research is needed to not only confirm these miRNAs, but also to more thoroughly 

characterize their biological functions and mRNA targets so that a clearer etiological 

picture can be drawn. 

 Hierarchical clustering analysis showed clustering with respect to expression of 

the miR-371-73, let-7, and miR-302 clusters; however, many histologies appeared in 

more than one cluster, particularly the yolk sac tumor and dysgerminomas. In addition, 

the normal samples did not form a distinct cluster and tended to be grouped with the 

teratomas. This could suggest that miRNA expression is not substantially different 

between normal cells and those of the more differentiated tumors (i.e. the teratomas). In 

addition, the multiple clusters of yolk sac tumors and dysgerminomas may suggest that 

there are important differences even within these histologic subtypes. Such differences 

may have implications for tumor behavior, disease progression and response to 

chemotherapy. These factors cannot be addressed in the present study, but pose a 

potentially interesting question for future study. 

 Our study has several limitations. Firstly, the sample size is small, which results 

in lack of power. It should be noted that previous studies in GCTs were also limited by 

sample size (n=48 in the Palmer study, n=66 in the Murray study), but were able to 

detect some large differences which our analyses should have been similarly powered to 

detect [3, 86, 87]. We were able to identify differences in miRNA expression, which 

suggests that more moderate associations could be detected in a study of higher power. 

Perhaps a larger more well-powered study, or a study with a higher proportion of GCTs 
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that are not teratomas would enable differential expression of let-7 miRNAs to be 

detected. In addition, the purpose of the current proposal was exploratory in nature and 

meant to guide future directions of miRNA analysis and GCTs.  

 Furthermore, the testing of 800 different miRNA--a large number of individual 

tests--increases the probability of significant findings due to chance alone. We did 

employ a Benjamini-Hochberg correction to account for multiple tests in the analyses. An 

additional limitation lies with the limited clinical and demographic data available for these 

samples. In particular, it would have been beneficial to have data on outcomes such as 

survival or relapse that could be analyzed with respect to miRNA expression. It is 

important to also note that the detected differential miRNA expression could also simply 

be a result of the tumor, rather than a cause of the tumor, as we have no way of 

establishing whether these changes occurred prior to tumor development. Strengths of 

the study include the use of the most up to date miRNA panel from NanoString 

technologies that is able to assess 800 miRNA species at one time. Furthermore, the 

current study did confirm some previously implicated miRNAs as well as identify new 

targets for exploration.  

 Using state of the art methods to analyze a large number of miRNAs, we 

evaluated differences in miRNA expression by tumor characteristics (histology and 

location) and patient characteristics. In comparisons by tumor histology, we identified 

significant differences in miRNAs with biologic plausibility in the development of GCTs. 

We confirmed associations between previously reported miRNAs and GCTs as well as 

identified four novel miRNA species that may be relevant in GCT development.  If these 

differences are confirmed in future studies, they could provide insights into potential new 

targeted therapies. 
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Chapter 4: Childhood germ cell tumors in the United States: An 

assessment of the catchment quality of the Childhood Cancer 

Research Network (CCRN) 

 
 
Specific Aims: 

The successful implementation of epidemiological studies of childhood cancers, 

including GCTs, is dependent on the existence of a reliable infrastructure to identify 

cases and subsequently enroll them in a nearly population-based manner. The complete 

ascertainment of cases is a major methodological assumption that lies at the foundation 

of statistical and causal inference of case-control studies; representative groups are 

essential for a generalizable interpretation of study results. The Children's Oncology 

Group (COG) was established in 2000 to encourage collaboration and ascertainment of 

sufficient numbers of cases throughout the United States and elsewhere for clinical trials 

in childhood cancer treatment. While a large majority of cancer patients diagnosed < age 

15 years are seen at a COG institution [209, 266], complicated protocol approvals have 

limited the effectiveness of COG's ability to enroll participants in non-therapeutic studies 

in the past. Therefore, in 2008, the Childhood Cancer Research Network (CCRN) was 

established with the intent to improve upon COG enrollment protocols by adding a 

restructured informed authorization process for cases in the United States and Canada 

[154]. It remains to be determined whether the CCRN can serve as a near "population 

based" U.S. childhood cancer registry, which would require practically complete case 

ascertainment. 
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 As the CCRN serves as the state-of-the-art mechanism for identifying childhood 

cancer cases (and specifically for this project, GCTs) in the United States, we have the 

long term goal of ensuring that the CCRN is an efficient and complete system for case 

identification and enrollment. The present project addressed the following specific 

aims: 

 

 Aim 1) Compare observed cases of pediatric GCT with expected numbers 

 derived from incidence rates from the Surveillance, Epidemiology, and End 

 Results (SEER) program and population counts from the 2010 U.S. Census 

 Bureau by geographic region. 

 

 Aim 2) Compare observed cases of pediatric GCT with expected counts by sex, 

 race (white, black, Asian, American Indian, Hispanic, other) and age (0-4, 5-9, 

 10-14, and 15- 19 years and an analysis of infants age <1 year).  

 

 Aim 3) Compare observed cases of pediatric GCT with expected counts by 

 tumor  histology and location 

 

Conducting this analysis assessed the overall completeness of CCRN enrollment from 

January 1, 2009 through December 31, 2011 and identified target subgroups and 

geographic areas where increased enrollment efforts are needed. 

 

We hypothesized that: 
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1. Observed numbers of cases in the 15-19 year age group would be substantially lower 

than expected in all geographic areas given that many of these cases are seen by adult 

oncologist. 

 

2. Rural geographic locations such as Wyoming, Idaho and Montana would have 

significantly lower numbers of observed cases relative to expected given that there is a 

dearth of COG institutions in these areas. 

 

3. Overall, over 90% of children <15 years would be enrolled in the CCRN, although this 

number would be considerably lower when considering GCTs alone, since adolescents 

comprise a much larger proportion of the childhood GCT population and thus, are 

potentially more likely to be treated by adult rather than pediatric oncologists. 
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Background 

In the United States and Canada, the Children's Oncology Group (COG) was formed to 

encourage collaboration among U.S. and Canadian institutions conducting both 

therapeutic and nontherapuetic studies of childhood cancer. COG originated through a 

merger of four pediatric clinical trials groups in 2000: The Children's Cancer Group 

(CCG), the Pediatric Oncology Group (POG), the National Wilm's Tumor Study Group 

(NWTS), and the Intergroup Rhabdomyosarcoma Study Group (IRSG) [267]. There are 

now over 200 COG member institutions in the United States and Canada (and some 

institutions elsewhere such as Australia); it is estimated that over 90% of cancer patients 

under age 15 years are treated at a COG institution, although this varies with patient age 

and diagnosis [266]. 

 Some aspects of COG were not conducive to conducting non-therapeutic 

studies. First, protocol approval was required by not only the study investigator's 

institution, but also by each COG member institution's institutional review board (IRB) or 

research ethics board (REB) (Canada). Furthermore, approval for clinical protocols was 

typically given priority over the etiologic studies, which resulted in delayed submission to 

local IRBs. Many COG IRBs also required signed consent forms from parents or 

guardians before they were approached for consent to nontherapeutic studies. These 

requirements often led to substantial losses to follow-up, study bias and loss of study 

power.  

 The Childhood Cancer Research Network (CCRN) was established in 2008 as 

an attempt to ameliorate some of the difficulties encountered by investigators conducting 

non-therapeutic studies in COG. The CCRN is a collaborative effort to register all cases 

of childhood cancer (diagnosis <19 years) treated at a COG institution [154]. Specifically, 
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the CCRN protocol adds an informed authorization process to the already established 

COG patient registration system, thereby streamlining the informed authorization 

process and providing a resource for locating and recruiting study participants. Under 

CCRN, a newly diagnosed patient and/or his/her parents are presented three enrollment 

options: 1) not participate in CCRN, 2) register with the CCRN, but refuse future contact 

for research purposes, and 3) both register with the CCRN and agree to possible future 

contact about participating in nonclinical research studies [154].  

Past studies determined that at least for some cancers, the prior clinical trials 

groups provided a nearly population-based registry of childhood cancer in the United 

States.  Ross et al. conducted an ecological analysis in the mid 1990s to assess the 

completeness of POG and CCG institution case ascertainment [266]. The CCG/POG 

study obtained observed counts from incident cancer cases diagnosed from January 1, 

1989 through December 31, 1991 and derived expected counts from incidence rates in 

the Surveillance, Epidemiology, and End Results (SEER) program [227] and population 

counts from the 1990 U.S. Census Bureau[228]. Observed to expected ratios were then 

calculated as the quotient of observed and expected counts. Using these ecological 

analyses, they reported that approximately 94% of children <15 years diagnosed with 

cancer were seen at a POG or COG institution [266]. Nevertheless, in a record linkage 

study between CCG /POG cases and SEER for a similar time period (1992-1997), Liu et 

al reported an enrollment rate of approximately 71% for children age <15 years, and 

24% for adolescents age 15-19 years[209]. It is unknown how well CCRN is capturing 

cases. 

In order to serve as a "population-based" registry of childhood cancer, the CCRN 

would need to obtain nearly complete case ascertainment, or, at the very least, show 
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that the population of patients registered in the CCRN is similar to the SEER population. 

Given statistics from the two previous studies above, it is likely that case ascertainment 

is high for at least some subgroups of childhood cancer diagnosed at earlier ages (e.g., 

leukemia).  There are concerns that certain cancers, such as GCTs, might be under-

ascertained due to a peak age of incidence during late adolescence. In the CCG/POG 

study, the case ascertainment rate for all cancers combined was only 21% compared to 

what would have been expected in the 15-19 year age category, although data were not 

available specifically for GCTs[266]. The Liu study did examine enrollment by all ICCC 

classifications, and found enrollment of 47.3% of what would be expected for GCT 

patients under the age of 15 years, and only 10.9% for patients 15-19 years [209]. 

Furthermore, there was some indication that case ascertainment differed geographically, 

with under ascertainment of cases in areas of Idaho and Oklahoma, and substantial over 

ascertainment in areas of California and Florida.  

 

Significance: 

At present, the CCRN is presumed to be the best source for conducting nearly 

population-based etiologic studies of childhood cancers in the United States given the 

lack of a comprehensive national pediatric cancer registry. Enrollment rates are high 

once cases and/or their guardian are identified and approached by staff at individual 

COG institutions for registration. In a pilot study of 1,990 parents/patients identified and 

approached between March 2002 and April 2006, 96% (1,901) agreed to both levels of 

consent, 3% agreed to release of personal identifiers only (65), and only 1% (24) refused 

enrollment [266]. While these initial data are encouraging, data are not available to 

confirm that all eligible cases and their families are being approached regarding 
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participation in the CCRN. In addition, gaps in ascertainment of important subgroups 

based on patient age or race/ethnicity remain unknown. Finally, there is the potential for 

region-specific discrepancies in case ascertainment that have not yet been assessed. 

The current proposal is significant in that it provides a quantitative assessment of these 

potential gaps in ascertainment. This is valuable information for identifying specific 

geographical areas and institutions where more targeted or intensive 

recruitment/ascertainment efforts are needed to improve the overall robustness of CCRN 

enrollment.  

 

Innovation: 

While the particular statistical estimation techniques are not novel, this study is the first 

to assess the quality of the CCRN—a research resource for childhood cancer cases in 

the United States. The current proposal utilized the most current population estimates 

and cancer incidence rates from high quality sources (the SEER cancer incidence data 

through 2010 and the 2010 U.S. Census) and includes a large number of cases (571 

malignant GCT diagnoses from January 1, 2009 through December 31, 2011) enrolled 

at the CCRN.  
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Research Methods 
 

Study population 

Using previously described methods [266], we assessed the coverage of the CCRN by 

comparing observed and expected counts of enrollment in the CCRN during the period 

from January 1, 2009 to December 31, 2011. Observed counts were taken directly from 

enrollment data from the CCRN; expected counts were derived from incidence rates 

obtained from the SEER program and population counts from the 2010 United States 

Census. 

 

Observed numbers 

Any new patient seen at a COG institution with a diagnosis of cancer with an ICD-O 

histologic behavior code of two 2 (carcinoma in situ) or 3 (malignant) or any lesion of the 

central nervous system regardless of behavior (benign, borderline, or malignant) was 

considered eligible for CCRN enrollment. The present analysis includes all cases 

enrolled in the CCRN during 2009, 2010, and 2011 with a diagnosis of malignant GCT 

(behavior code 3, ICD-O-3 morphology codes 9060-9090, and 9100-9105 and 

topography codes C00.0-C55.9, C56.9, C57.0-C61.9, C62.0-C62.9, C63.0-C69.9, 

C73.9-C75.0, C75.4-C76.8, and C80.9 [268]). For each case, we obtained the patient's 

sex, age (birth date), race/ethnicity, treating institution, tumor histology/location, and zip 

code. 

 

Expected numbers: Expected numbers were derived from incidence rates obtained from 

the  SEER program and population statistics provided by the US 2010 Census from age 

and sex specific population counts using the Census's ZIP code tabulation area 
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(ZCTA)[229].  Multiplying the incidence rate by the population size produced an 

expected number of cases for that population. 

 

Incidence Rates from the SEER data: The SEER program exists to collect complete and 

accurate data on all cancers diagnosed among residents of geographic areas covered 

by SEER cancer registries, to conduct continual quality control and quality improvement, 

to periodically report on the cancer burden as it relates to cancer incidence and 

mortality, to describe changes and differences in the patterns of occurrence of cancer, 

and to serve as a research resource to the general research community [269]. SEER 

began initial data collection on January 1, 1973 in five states (Connecticut, Iowa, New 

Mexico, Utah, and Hawaii) and two metropolitan areas (Detroit and San 

Francisco/Oakland). SEER has since expanded (see Table 4.1 for a list of SEER areas 

presently included and Figure 4.1 for a map) in order to improve coverage of minority 

populations, particularly blacks and Hispanics.  

 

Table 4.1: List of SEER Registries 

Alaska Native Tumor Registry Georgia Center for Cancer 
Statistics-Greater Georgia 

Hawaii 

Arizona Indians Georgia Center for Cancer 
Statistics-Rural Georgia 

Iowa 

Cherokee Nation Greater Bay Area Cancer Registry-
San Francisco-Oakland 

Kentucky 

Connecticut  Los Angeles 

Detroit Greater Bay Area Cancer Registry-
San Jose-Monterey 

Louisiana 

Georgia Center for Cancer 
Statistics-Atlanta 

Greater California New Jersey 

Seattle-Puget Sound New Mexico Utah 

Yellow = original SEER sites January 1, 1973; Blue = added 1974-75; Pink = added 
1978; Green = added 1980;  Orange = added 1992; Gray = added/rejoined 2001; Red = 
added 2010 
From http://seer.cancer.gov/registries/ 
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Figure 4.1: Map of SEER Registries 

from http://seer.cancer.gov/registries/ 

 

 

SEER collects incidence and survival data from population-based cancer registries that 

cover approximately 28% of the total US population and currently contains over 6.5 

million cancer cases (see Table 4.2). The completeness and timeliness with which the 

SEER program enrolls cases makes it a logical gold standard for estimating cancer 

incidence rates in the US population. We collected incidence rates by geographic region 

(defined by zip code), sex, age, and tumor histology. 

 

US census data for population counts 

The most recent US census was completed in 2010, and data are available through 

census.gov [270]. Data are organized in the geographical hierarchy depicted in Figure 

4.2 with the smallest unit being the census block, and the largest unit being the nation; 
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intermediate units include voting districts, counties, states and ZIP code tabulation 

areas. 

 

Table 4.2: Total Number of Records in SEER Research Data 
from http://seer.cancer.gov/registries/data.html 

 
 

 

 

Our aim was to identify the 

population in a relatively specific 

geographic area containing the 

residence of each case in the CCRN at 

the time of diagnosis. The file with 

observed cases provided by the CCRN 

included the five-digit ZIP code in 

which the case resided at the time of 

diagnosis. This poses a unique 

problem in that ZIP codes are 

assigned and maintained by the US 

Postal Service (USPS) to improve efficiency of mail delivery, but are geographical units 

Figure 4.2: Hierarchy of Census Geographic Units 

from the 2010 US Census Summary 
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that are not provided in the US Census. A previous study of geographical catchment of 

cancer cases in the US matched the case ZIP code to the county of residence, which is 

included in the census (see Figure 4.2)[266]. The use of the county is certainly one 

option for obtaining appropriate denominators; however, counties are in some cases 

substantially larger than a single ZIP code, and some ZIP codes straddle county lines, 

which can complicate the assignment process. Thus, we utilized the newly available ZIP 

code tabulation area (ZCTA) as the matching geographical unit. The US Census Bureau 

created the ZCTA by aggregating 2010 census blocks whose addresses use the same 

ZIP code and a ZCTA is assigned to the most frequently occurring ZIP code within those 

blocks (http://www.census.gov/geo/ ZCTA/zctafaq.html). ZCTAs were created for all 50 

states as well as the District of Columbia, American Samoa, Guam, the Northern 

Marianas Islands, the US Virgin Islands, and Puerto Rico (large bodies of water and 

national parks were excluded). Thus, there are 33,120 ZCTAs in the 2010 census, all of 

which are a full five-digits (the 2000 census had some three digit ZCTAs). Although the 

ZCTA does not precisely reflect the US postal ZIP codes, we used ZCTA as the 

geographical unit of analysis since it produces increased accuracy with respect to using 

county level units. Downsides in using ZCTA are similar to that of using county level 

populations (reduction in accuracy and potential misassignment particularly in sparsely 

populated areas), however, as the ZCTA is a smaller unit, it is likely these errors occur at 

a reduced rate compared to county. 

 We collected age, race, and sex specific population counts for each ZCTA. The 

data are publicly available for download through the US Census Bureau (census.gov) 

using the factfinder2 program. We used data from the following matrices: P12 (total 

population by age and sex), and P12A, P12B, P12C, P12D, P12E, P12F, P12G, P12H, 
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and P12I which provide data for the population by age and sex for whites, blacks, 

American Indians and Alaska Natives, Asians, Native Hawaiians, some other race, two 

or more races, Hispanics/Latinos, and white non-Hispanics alone respectively [271]. 

Population counts are presented in each table according to the categories presented in 

Table 4.3. These categories were combined when appropriate for calculating total 

populations within age groups regardless of sex and within sex regardless of age. These 

combinations were implemented in the race-ethnicity specific matrices in order to obtain 

total population counts for each racial/ethnic group (white vs. nonwhite and Hispanic vs. 

non-Hispanic). SEER rates are available for the following racial groups: white, black, 

American Indian/Alaska native, Asian, Native Hawaiian, Other Race, Two or more races, 

and for Hispanic ethnicity (http://seer.cancer.gov/registries/data.html), which are the 

same categories provided by the Census. We performed our analyses for whites vs. 

nonwhites and Hispanics vs. non-Hispanics rather than all listed racial and ethnic groups 

in order to have sufficient number of CCRN cases. We combined several ZCTAs in order 

to have the numbers necessary to properly calculate observed/expected ratios.  

Table 4.3: Data categorizations by age and gender available 
from the 2010 US Census* 

Category  Code in SF1 

Male < 5 years P012003 

Male 5-9 years P012004 

Male 10-14 years P012005 

Male 15-17 years P012006 

Male 18 and 19 years P012007 

Female < 5 years P0120027 

Female 5-9 years P0120028 

Female 10-14 years P0120029 

Female 15-17 years P0120030 

Female 18 and 19 years P0120031 

* Shading depicts planned combinations for age categories in 
analyses 
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Statistical analysis: 

Analyses were performed by calculating ratios of observed-to-expected counts and 

corresponding 95% confidence intervals. Aims 1, 2, and 3 followed identical statistical 

procedures, however Aim 1 analyses were performed using expected counts of GCTs 

overall across geographic regions, Aim 2 analyses were performed using expected 

counts of male and female cases, expected counts of cases age 0-4, 5-9, 10-14, and 15-

19 years, and expected counts of white and nonwhite cases. Finally, Aim 3 analyses 

were performed using expected counts for all ages and sexes, by tumor histology and 

location.  

Calculating Expected counts: 

Age-, sex-, and race-specific populations from the ZCTAs in the United States and age, 

sex-, race- and histology-specific incidence rates were used to calculate expected 

counts. using nationally-based SEER rates would have resulted in a loss of regional 

specificity in expected rates. Hence, following the analytical strategy of Ross et al. [266], 

SEER registry specific rates were applied to increase local representativeness of 

expected rates when applicable, and assignment of each case to a SEER registry was 

based on whichever registry is most similar to the case's location both in terms of 

geographical proximity as determined by distance, and population composition as 

determined by a U.S. almanac.  

Observed/Expected Ratios:  

To have sufficient counts for robust observed/expected ratios and confidence intervals, 

observed and expected counts were grouped into geographic units in order to ensure at 
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least 10 expected cases in each area. Following the procedure of Ross et al., 

geographic units in urban areas were defined as US census based Metropolitan 

Statistical Areas (MSAs), and rural areas were grouped within a state until they reach at 

least 100,000 residents[266]. Expected rates were calculated for each of these 

geographic units, and units were combined to ensure at least 10 expected cases per 

combined units.  For each geographic unit, the observed to expected ratio was defined 

as Oi/Ei, where Oi=the number of cases observed for region i, and Ei = (the number of 

cases expected per 100,000 individuals) X (the population of region i). The 

corresponding 95% confidence intervals were calculated following the method described 

by Vandenbroucke [272] which assumes that the expected number is from a stable 

general population and that the observed number is a Poisson variable. Observed to 

expected ratios and corresponding 95% confidence intervals were calculated for each 

region using SAS 9.2 software (Cary, NC). Because of the known differences between 

the sexes in age at diagnosis and tumor histology, we performed all analyses stratified 

on sex. 

 

 

Results 

Of the 682 GCT cases identified, 571 were classified as malignant. Of those, 42.03% 

were female, 32.40% where non-white, and 29.77% were Hispanic. All age groups 

showed substantially lower observed cases compared to expected numbers (Table 4.4). 

Apart from the youngest age group (<1 year at diagnosis), there was a trend of 

decreasing percentage of expected cases with increasing age, with the 15-19 year age 

group showing a marked reduction in observed enrollment. 
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Table 4.4: Observed and Expected Pediatric GCT Cases from January 1, 2009 to 
December 31, 2011 in the United States by Age Group 

Males 

Age group (years) Observed Expected Ratio 95% CI 

N % N % 

<1 19 5.74 139 6.79 0.14 0.08,0.21 

1-4 35 10.57 136 6.64 0.26 0.18,0.35 

5-9 27 8.16 82 4.01 0.33 0.21,0.47 

10-14 64 19.34 181 8.84 0.35 0.27,0.45 

15-19 190 57.40 1509 73.72 0.13 0.11,0.14 

Total 335 100.00 2047 100.00 0.16 0.14,0.18 

Females 

Age group (years) 
 

Observed Expected Ratio 95% CI 

N % N % 

<1 27 11.25 95 10.00 0.28 0.19,0.40 

1-4 32 13.33 59 6.21 0.54 0.37,0.75 

5-9 35 14.58 135 14.21 0.26 0.18,0.35 

10-14 88 36.67 268 28.21 0.33 0.26,0.40 

15-19 58 24.17 393 41.37 0.15 0.11,0.19 

Total 240 100.00 950 100.00 0.25 0.22,0.29 

 

Figure 4.3 shows the observed-to-expected ratios for all GCTs combined for all ages 

and races. Observed and expected numbers were compared for whites and nonwhites 

and Hispanics and non-Hispanics separately (Table 4.5). Ratios were higher for 

Hispanics compared non-Hispanics, and the ratio for nonwhites was somewhat higher 

than that of whites. The observed-to-expected ratio was lower in males than in females. 

When comparing observed-to-expected ratios by tumor histology (Table 4.6) and tumor 

location (Table 4.6), ratios were lowest for teratomas and mixed tumors and highest for 

yolk sac tumors. Ratios were higher for extragonadal vs. gonadal tumors. 
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Table 4.5: Observed and Expected Pediatric GCT Cases from January 1, 2009 to 
December 31, 2011 in the United States by Race/Ethnicity 

Males 

 Observed Expected Ratio 95% CI 

N % N %   

Race White 231 68.96 1818 88.81 0.13 0.11,0.14 

Nonwhite 104 31.04 229 11.19 0.45 0.37,0.55 

Total 335 100.00 2047 100.00 0.16 0.15,0.18 

        

Ethnicity Non-
Hispanic 

217 64.78 1523 74.40 0.14 0.12,0.16 

Hispanic 118 35.22 524 25.60 0.23 0.19,0.27 

Total 335 100.00 2047 100.00 0.16 0.15,0.18 

Females 

Race White 159 66.25 705 74.21 0.23 0.19,0.26 

Nonwhite 81 33.75 245 25.79 0.33 0.26,0.41 

Total 240 100.00 950 100.00 0.25 0.22,0.29 

        

Ethnicity Non-
Hispanic 

188 78.33 753 79.26 0.25 0.21,0.29 

Hispanic 52 21.67 197 20.74 0.26 0.20,0.34 

Total 240 100.00 950 100.00 0.25 0.22,0.29 

 

 

 

Figure 4.3 

Unshaded areas 
represent 
insufficient data to 
estimate ratios 
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Table 4.6: Observed and Expected Pediatric GCT Cases from January 1, 2009 to 
December 31, 2011 in the United States by tumor histology and location 

Males 

 Observed Expected Ratio 95% CI 

Histology N % N %   

Germinoma 158 47.16 576 28.14 0.27 0.23,0.32 

Teratoma 18 5.37 233 11.38 0.08 0.05,0.12 

YST 34 10.15 209 10.21 0.16 0.11,0.22 

Mixed/other 125 37.31 1029 50.27 0.12 0.10,0.14 

Location 

  Gonadal 155 46.27 1490 72.79 0.10 0.09,0.12 

  Intracranial/ 
Intraspinal 

131 39.10 385 18.81 0.34 0.28,0.40 

Other 
Extragonadal 

49 14.63 172 8.40 0.28 0.21,0.37 

Females 

 Observed Expected Ratio 95% CI 

Histology N % N %   

Germinoma 92 38.33 301 31.68 0.31 0.25,0.37 

Teratoma 41 17.08 291 30.63 0.14 0.10,0.19 

YST 50 20.83 153 16.11 0.33 0.24,0.43 

Mixed/other 57 23.75 205 21.58 0.28 0.21,0.36 

Location 

   Gonadal 135 56.25 629 66.21 0.21 0.18,0.25 

   Intracranial/ 
Intraspinal 

49 20.42 108 11.37 0.45 0.33,0.59 

   Other 
Extragonadal 

56 23.33 213 22.42 0.26 0.20,0.34 

 

Discussion: 

We undertook an analysis to estimate the disparity between anticipated and actual 

enrollment of childhood GCT in the CCRN. We were able to use reliable, up-to-date 

resources to estimate the number of expected cases of GCTs and compare those values 

to the actual enrollment in the CCRN over a three year time window. We found 

universally low observed-to-expected enrollment ratios in all analyses performed. 

 While ratios were well below one for all GCT histologic subtypes, ages, 

race/ethnicity groups and genders, there were some noteworthy trends. Firstly, that the 
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age at diagnosis did demonstrate a downward trend in enrollment, with the 15-19 year 

age group having substantially lower ratios than most of the younger age groups. This 

age trend could be responsible for the overall low rates, as majority of germ cell tumors 

are found in adolescent boys, thus ratios for this tumor type could be expected to be 

much lower than expected. The disparities in ratios between males and females could 

be explained in part by incidence pattern in GCT since incidence in males increases so 

substantially during adolescence—the age group with the lowest enrollment, however 

the lower ratios in all groups indicates this is not the whole explanation[22].  

 At present, the CCRN is presumed to be an ideal source for conducting nearly 

population-based etiologic studies of childhood cancers in the United States. Since pilot 

data suggest that enrollment rates are high once cases and/or their guardian are 

identified and approached for enrollment [266], it is probable that eligible cases and their 

families are not being approached fully by COG institutions regarding participation in the 

CCRN. The low rates in the 15-19 year age group suggests that this is a subgroup that 

requires particular attention in the future. It is also likely that this group has low 

enrollment since these patients are often treated by adult oncologists and thus are not 

seen at children's cancer facilities to be approached for CCRN enrollment[233, 273]. 

 A surprising finding from our analyses was the somewhat unexpected difficulty in 

accurately enumerating the germinoma cases from the CCRN data. While the ICCC 

classifies morphology codes of 9065 as being germinomas, the description in the full 

morphology line in the CCRN file for these cases was not germinoma, but rather "Germ 

cell tumor, nonseminomatous."[268] This discrepancy suggests a systematic coding 

error in the CCRN that must be corrected to ensure accuracy in future studies of GCTs. 

It also suggests that other cancer subtypes should be examined to ensure that coding 
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within the CCRN is as error-free as possible so that the data provided are high-quality. 

We chose to classify those tumors as germinomas, however, classifying them as some 

other tumor type such as mixed/other would have some resulted in the loss of 34 

observed cases.  

 CCRN is currently clearly not a population-based registry. The primary 

importance of a population-based registry lies in the theoretical framework of the classic 

case-control etiologic study--a study design commonly used in the study of rare diseases 

such as childhood cancer. In such a study, when the goal is to make inferences 

regarding exposures and disease in a given population, the controls must be drawn from 

the population that gave rise to the cases. That is, anyone who would have been a case 

had they had the disease in question must have a chance of being selected as a control. 

Hence, a population-based registry is ideal because then controls may be sampled from 

the general population, rather than identifying a complex sampling frame that defines the 

source population (for example, defining the catchment area of a particular hospital 

where all the cases are being recruited). The under enrollment in the CCRN shows that 

the CCRN is not a population-based registry for childhood GCTs. 

 Nevertheless, the CCRN remains a useful tool for the study of childhood 

malignancies including GCTs. Firstly, although the CCRN is not population-based, it 

does not automatically mean that the CCRN is biased in its sampling. Studies with 

underascertainment or low enrollment can still provide unbiased effect estimates as long 

as the participation rates are not associated with prognosis or the exposure of 

interest[227, 274, 275]. For example, if in a study of smoking and lung cancer, only 30% 

of eligible cases participated, the estimated effect of smoking on lung cancer risk would 

not be biased as long as participation was not associated with smoking. So, for studies 



96 
 

of childhood GCTs, the CCRN can provide an unbiased source of cases assuming 

enrollment is not associated with an exposure of interest. This assumption may have 

been tenuous in the past, when exposures of interest were behavioral or environmental 

exposures such as maternal alcohol consumption or diet during pregnancy: factors that 

carry some sociocultural implications that could impact a family's decision to participate 

in a study [227, 274-276]. However, a large number of current studies of childhood GCT 

focus on biological factors such as common genetic polymorphisms and epigenetics, 

where it is highly unlikely that participation would be differential with respect to such 

factors. Furthermore, many new study designs are family-based including the case-

parent-triad design in which traditional controls are not selected. These shifts in 

epidemiologic study design mean that the cases currently being enrolled in the CCRN 

are highly useful and usable in nontherapeutic studies. 

 The CCRN provides researchers with a substantial number of potential cases for 

diseases that are extremely rare. For example, in three years, the CCRN has enrolled 

nearly six hundred malignant GCT cases. Nearly all have agreed to future contact for 

study, and are therefore probably willing to participate in those future studies. Such a 

study would be extremely well-powered compared to previous studies conducted on 

childhood GCTs in the United States, with sample sizes ranging from 24-278 [14, 37, 

44]. Without the CCRN, the study of some of these conditions might not be feasible 

because of the challenges of assembling a sufficient number of cases. Perhaps with just 

some additional steps to improve recruitment, the CCRN could enroll an even more 

impressive number of potential study participants. As it is now, the CCRN is still a 

valuable resource for identifying participants for the study of rare diseases such as 

GCTs.  
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 This study is the first to assess the quality of the CCRN in enrolling childhood 

GCT cases and has several strengths. Firstly, it utilized two highly reliable and complete 

sources: SEER and the 2010 Census to determine expected counts. The use of the 

ZCTA to determine geographical areas allowed for improved matching of observed and 

expected populations thereby improving the precision of the estimated expected counts. 

We were also able to employ multiple years of enrollment in the CCRN as well as data 

from SEER, hence it is unlikely that our results are biased due to particularly low or high 

rates or enrollment in a single year. The SEER registry remains the best source for 

cancer rates in the United States. It is possible that the SEER data utilized reflect 

unusually high rates, hence inflated estimates of expected numbers of cases, although it 

is unlikely that the expected rates would be so inflated that the low observed-to-expected 

ratios are entirely artifact. When we evaluated the CCRN data for other cancers, some 

cancers had much higher observed to expected ratios (Musselman et al, unpublished 

data).  Additionally, we were able to obtain SEER data from the most recent years 

available--2008, 2009, and 2010. The use of multiple years in estimating expected 

counts reduces the chance that the ratios observed are due to small fluctuations in rate 

data from SEER. Further, using recent data from both SEER and the CCRN, and using 

data from years that overlap, allows for appropriate comparisons.  

 There are also some important limitations that must be considered. Of primary 

concern is the incomplete 1 to 1 mapping of case counts to expected rates by 

geographic area since SEER does not universally capture every area of the United 

States; hence there could be some accuracy lost in estimating the expected counts. We 

used region-specific rates only when an appropriate registry could be identified, 

otherwise we utilized SEER averages.  
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 In conclusion, despite the overall low observed-to-expected ratios found, these 

results provide useful insight into the overall trends by geography, age, sex, race, and 

histology in the completeness of case ascertainment of childhood GCT in the CCRN. 

Steps must now be taken to improve the enrollment rates of the CCRN in order to 

maximize its utility as a research tool and fully realize its potential as a resource in the 

study of childhood cancer etiology. 
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Overall Conclusions and Future Directions: Childhood GCTs are a diverse group of 

neoplasms with a poorly characterized etiology. Previous studies had suggested 

provided a clear direction for the studies presented here.  

 Firstly, there was both a biological justification as well as implication from 

previous research that methylation might be involved in GCT etiology as well as time-to-

recurrence and survival. We were able to undertake an epigenome-wide approach in a 

large sample of GCTs to further assess this relationship. We found 21 CpGs that 

classified tumors into two methylation classes that were predictive of recurrence and 

tumor histology. Further studies should examine the role methylation may play in 

chemotherapy resistance as well as its interaction with environmental exposures.  

 Previous studies also indicated that certain miRNA species were overexpressed 

in GCT compared to normal samples, however, a strictly pediatric sample using a large 

panel of miRNAs had not yet been examined. We therefore assessed miRNA expression 

in ~800 miRNAs in a strictly pediatric sample of GCTs. We were able to confirm 

overexpression of two miRNA clusters as well as identify three novel miRNA species 

that were also overexpressed in GCTs compared to normal samples. Given these 

findings, it would be of interest to conduct a similar study with greater power and with 

more clinical information such as survival and treatment resistance in order to better 

understand the role miRNA expression may play in GCT etiology and progression. 

 Finally, as many questions remain to be answered regarding GCT, it is important 

to indentify and enroll sufficient numbers of GCT cases in etiologic studies. Therefore, it 

was of interest to determine whether the CCRN was enrolling sufficient numbers of GCT 

cases. While we found an overall smaller number of enrolled cases than would be 

expected based on SEER and US Census data, we were also able to confirm that a 
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large number of cases overall were still enrolled in the CCRN. Thus, while gaps in 

enrollment should be addressed, the CCRN is still a potentially useful tool for study 

recruitment.  

 These studies have addressed important questions regarding GCTs and provide 

guidance on future directions. Future studies should address the questions we have 

raised in completing these projects to further increase our knowledge of GCT etiology, 

progression, and treatment  
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