Analysis of Co-aggregation of Cancer Based on Registry Data
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Abstract

Objective. Conduct an exploratory analysis of co-aggregation of cancers using
registry-based data. Methods. We utilized sibships from over 18,000 families who
had been recruited to the NCI-sponsored multi-institutional Cancer Genetics
Network. The analysis evaluates co-aggregation at the individual- and family-level
and adjusts for ascertainment. Results. We found statistically significant familial co-
aggregation of lung cancer with pancreatic (p<0.0001), prostate (p < 0.001), and
colorectal cancers (p=0.003). In addition, we found significant familial co-
aggregation of pancreatic and colorectal cancers (p=0.022), and co-aggregation of
hematopoietic and (non-ovarian) gynecologic cancers (p=0.01). Conclusion. This
anaysisidentified novel associations between lung cancer and several other Gl and
GU cancers.
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I ntroduction

The Cancer Genetics Network (CGN) is a multi-institutional consortium that
was developed by the National Cancer Institute as a resource for epidemiological and
trandational research into the genetic basis of cancer susceptibility. Since 1999, over
18,000 individuals (probands) have consented to participate in the Core Registry, and
complete family and medical history has been collected on each participant and resides
in aCore Registry. This Core database is maintained and updated regularly both to
retain contact and communication with CGN participants to invite them to participate in
trandlational research (such as cancer screening and psychosocial research) studies, and
to provide a resource for hypothesis-generating database studies of the genetic basis of
cancer. One natural study that can be readily performed utilizing such registry data
that includes family cancer history is an analysis of co-aggregation of disease in
individuals and families. Such an identification of cancers that co-aggregate can be
useful for understanding the etiology of disease. In addition, this knowledge can lead to
amore focused screening for earlier detection of disease, often resulting in improved
survival.

There have been many reports in the literature on evidence of cancers that
aggregate in families. Reviews of the literature on familial aggregation of breast,
ovarian and colorectal cancers are given in Hoffman et a. [1], Berchuck [2], and
Bonaiti-Pellié [3] respectively. Narod [4] reported that prostate cancer also aggregates
within families. More recent literature has reported on familial aggregation of
pancreatic [5], hematopoietic [6], and lung cancers [7]. Co-aggregation of pairs of
distinct cancers has also been reported in the literature: colorectal cancer is known to
co-aggregate with breast and ovarian cancers [8-10], and severa studies have shown
that breast and ovarian cancers cluster within families and within individuals [11,12],
primarily due to mutationsin BRCA1/2 [13]. Studies have aso suggested that breast
and ovarian cancers each co-aggregate with other gynecologic cancers, but none of
these results was statistically significant [10,14].

Studies of co-aggregation of multiple less prevalent cancers require alarge
database of family medical history of disease such as the Cancer Genetics Network has



developed. This paper isareport of the experience and results of an analysis of the
CGN Core Registry that was undertaken to explore for novel evidence of cancers that

co-aggregate at the individual- and family-level.

Materials and M ethods

Study Population

The Cancer Genetics Network is a multi-site NCI-sponsored research
consortium that recruits participants at each of eight clinical sites. Recruitment is
population-based at some institutions (11,628 families) and is based on clinic-,
physician- or self-referral at others (6,253 families). Once a proband is recruited,
information is collected on all cancer diagnoses of the proband's first, second and third
degree relatives. The disease statuses of the probands are confirmed, but those of their
family members are not. Anton-Culver et a. [15] gives a detailed description of the

CGN Registry, and of the specific ascertainment schemes that were utilized.

For the purpose of this analysis, disease sites were combined into categories as
in DeVitaet al. [16]: breast (female cases only), ovarian, prostate, colorectal, non-
ovarian gynecologic, pancreatic, hematopoietic (primarily bone marrow) and lung.
Gynecologic cancers consist mainly of cervical and uterine/endometrial cancers. Males
were included in the single disease analyses of non-gender-specific cancers and
analyses involving prostate cancer. Similarly, women were excluded from any analysis
involving prostate cancer. The CGN participants analyzed in this paper consist of over
65,000 siblings (including all probands) who were recruited prior to January 2003.

Statistical M ethods

For the analysis of multiple cancers, it is necessary to choose a method that
appropriately captures the association between diseases and adequately adjusts for
ascertainment. Thus, it would not be appropriate to use simple odds-ratio calculations
to identify cancers that cluster in families because this approach does not adjust for the
co-aggregation of both diseases when assessing the degree of aggregation of each



disease individually. For example, a ssimple odds ratio approach is not able to address
whether ovarian cancer aggregates in families above and beyond its co-aggregation
with breast cancer.

Hudson et al. [17] proposed a family predictive model that provides a method to
adjust for all possible relationships between two diseases within families and within
individuals. In addition, this method appropriately adjusts for the fact that some
families are not population-based. The family predictive model specifies the log-odds
of disease as alinear function of the number of relatives with disease. Familial
aggregation is tested by assessing the departure of the regression coefficient from zero.
This model can be extended to include individual covariates and pair-level predictors.
This model is not generally applicable to varying family sizes[18,19], and thus we
restricted the analyses to sibships consisting of between two and five members. Only
sibships were used in order to ensure approximate environment and age matching. For
the analysis of aggregation of the female- (male-) specific cancers only sisterhoods
(brotherhoods) were used. The model for aggregation of lung cancer included a
covariate indicating whether the proband had ever smoked.

The analysis of multiple distinct cancers (say, A and B) that co-aggregate in
families used the multivariate family predictive model of Hudson et a. [17]. The
simplest form of the model specifies the log-odds of disease A as a linear function of an
individual's disease A status, the number of their siblings with disease A, and the
number of their siblings with disease B. For example, the log-odds of lung cancer for an
individual isalinear function of hig/her colorectal cancer status, the number of siblings
with lung cancer, and the number of siblings with colorectal cancer. The coefficients of
the model used for this analysis capture: (i) co-aggregation of colorectal and lung
cancers within individuals, (ii) aggregation of lung cancer within families; (iii)
aggregation of colorectal cancer in families; and (iv) co-aggregation of colorectal and

lung cancers within families.

Logistic regression underlies the family predictive model. Let yi; denote the
disease k (k=A,B) status of the jth individual, s.-j denote the number of their siblings
with disease k, and px denote the probability of disease k conditional on all other cancer



outcomesin the family. Then, the simplest multivariate family predictive model
implies the following logistic regression equations for the conditional log-odds of each
disease:

logit[pa()] apn+dysj+0asajt O S

logit[ps()] agtdya+ G Seit GESA - (1)
The parameters in this model have conditional interpretations: aa (ag) is the log-odds
of disease A (B) given no other disease A (B) in the family, dis the log-odds ratio for
co-aggregation of diseases A and B within individuals, gag is the log-odds ratio for co-
aggregation of diseases A and B between family members, and ga (gg) is the log-odds
ratio for aggregation of disease A (B). We note that the estimates of both levels of co-
aggregation derived from the model are not useful because this basic application of the
family predictive model treats the diseases as exchangeable with respect to co-
aggregation. For example, at the individual (as well as family) level, the increase in the
risk of lung cancer associated with having colorectal cancer is assumed to be of the
same magnitude as the increase in the risk of colorectal cancer associated with having
lung cancer. Although this simplifying assumption may not be valid for all diseases,
especidly in the case of uncommon diseases, the data are typically too sparse for a
more complex model. Although the parameter estimates from these analyses may not
be appropriate for prediction, they do form the basis for valid tests of association and
thus we will focus only on the statistical inference about the co-aggregation of cancers
that is provided by these methods.

The CGN Registry includes families recruited due to a personal or family
history of cancer. To account for this ascertainment, we treated the proband's disease
status as fixed by design. Thus probands enter our logistic regression models only as
covariates and not as outcomes; they contribute to the number of relatives with disease.

The machinery of generalized estimating equations (GEES) [20] is used to

adjust for the correlation among family members. A two-sided significance level of



0.05 was used in al tests. The p-values are reported without adjustment for multiple
comparisons as thisis viewed as an exploratory analysis.

Results

There were 12,263 families used in this analysis. There were 1,159 colorectal
cancers, 450 lung cancers, 185 hematopoietic cancers, and 149 pancreatic cancers. For
female cancers, our analysis was based on 9,749 sisterhoods containing 5,972 cases of
breast cancer, 677 of ovarian cancer and 571 cases of non-ovarian gynecologic cancer.
For prostate cancer, the analysis was based on 8,072 brotherhoods with 3,264 cases of

prostate cancer.

Familial Co-aggregation of Individual Cancers

Evauation of familial aggregation of asingle disease is driven by the number of
families with two or more cases of disease. Table 1 gives the distribution of the
number of cancers within sibships as well as the results of the family predictive models
for each cancer individually. Our results confirmed the results published in earlier
papers reporting familial aggregation of breast cancer [1], ovarian cancer [2], colorectal
cancer [3], prostate cancer [4], pancreatic cancer [5], hematopoietic cancer [6], and lung
cancer [7].

Familial Co-aggregation of Distinct Cancers

In considering familial co-aggregation of two distinct cancers within families
and within individuals, the number of families and individuals with at |east one case of
each disease drives co-aggregation. Table 2 gives the number of individuals with two
(or more) cancers in a pair-wise fashion as well as the p-values from the multivariate
family predictive models assessing co-aggregation of cancers. These results for co-
aggregation at the family-level are given in Table 3. Cancer sites that were too rare and
those which have aready been reported as co-aggregating are not listed in these tables
but results are available from the authors. Note that these models are different from
those in Table 1 in which only one cancer was considered at atime.



Our results confirmed those published in earlier papers reporting co-
aggregation of breast and ovarian cancers[11,12,14], and co-aggregation of colorectal
and prostate cancers[5]. In addition, we identified novel associations. We found that
lung cancer co-aggregates with pancreatic cancer (p<0.0001), prostate cancer
(p<0.001), and colorectal cancer (p=0.003). Other novel results include the finding that
hematopoi etic and non-ovarian gynecologic cancers cluster together at the family-level
(p=0.011). Also, pancresatic cancer co-aggregates in families with colorectal cancer
(p=0.022). At the individual-level, both hematopoietic and lung cancers co-aggregate
negatively with breast cancer (p=0.027 and p=0.030, respectively).

Discussion

The analysis of the CGN Registry provided interesting results on cancer sites,
such as lung cancer, for which the hereditary form of the disease is believed to be quite
rare in the general population[21], and hematopoietic cancer, for which the location of
the responsible gene or genesis unknown[22,23]. It would be useful to try to further
study the genetic and/or environmental factors responsible for the familial clustering of
these cancers.

There are severa limitations to studying disease aggregation using data
collected in afamily registry such asthe CGN. First, there are issues with misreporting
of disease history. The disease statuses of probands were confirmed by the CGN sites,
but not that of their family members. We note that reporting errors can occur both
because many deep organ cancers are not accurately recalled by the proband, and also
metastatic sites are sometimes reported as primary cancer sites[24,25].  Second,
information on the behavioral history (such as smoking history) of relatives was not
recorded, so we were only able to adjust for the proband’ s smoking status. This
information would have been useful for the analysis of smoking related cancers such as
lung cancer. In absence of this, the proband’ s smoking status must be viewed as
surrogate information. Third, our analyses assumed that all families were sampled
because of the disease status of the proband. In actuality, the ascertainment was more
complex. For example, some probands referred themselves to the Network. It is nhot



known why these probands chose to participate; it may be due to afamily (not
personal) history of cancer. In this case afamilial association may be induced solely
from the ascertainment scheme, and should be appropriately included in the analysis.
Our current research focuses on evaluating familial aggregation studies with such
complex ascertainment schemes. Lastly, evaluation of co-aggregation of cancers
within individuals is complicated by competing risks[26], that is, an individual may die
of lung cancer before devel oping another cancer. Thisis especially problematic when
dealing with cancers with high mortality rates, such as ovarian, lung, pancreatic and
hematopoietic cancers[27]. This would tend to diminish the evidence of aggregation.
One approach to decrease the effects of competing risksisto adjust for age. This would
also adjust for individuals who never had cancer before study participation including
those who died before devel oping disease. Our current research also focuses on

devel oping methods of applying the family predictive model to account for the ages at
disease onset and censoring.

Despite these limitations, our analysis revealed severa interesting disease
clusterings, which could be useful in guiding future research into the genes and
environmental factors associated with cancer susceptibility. The CGN resource of
carefully collected family history of cancer and consent for future contact for research
studies in these diseases should be viewed as a rich source available to the scientific
community for cancer genetics research. Further information on thisresourceis
available on the web [28,29].



Table 1. Aggregation of individual cancers

Cancer

Cases per sibship  No. of sibships (%)

p-value

Hematopoietic 0

Lung

Pancreatic

Prostate*

Colorectal

Breast*

Ovarian*

Gynecol ogic*
(non-ovarian)

1
2
3 or more
0
1
2
3 or more
0

or more

or more

or more

or more

P O W NPEF O WDNPEFP O WNDNPEPOWDMNPEPROWNDNLPE

2
3 or more

12,082 (98.5)
177 (1.4)
4(0.0)
0(0.0)
11,849 (96.6)
381 (3.1)

30 (0.2)
0(0.0)
12,116 (98.8)
145 (1.2)
2(0.0)
0(0.0)

5,505 (68.2)
2,006 (24.9)
456 (5.7)
105 (1.3)
11,179 (91.2)
1,014 (8.3)
66 (0.5)
4(0.0)

4,871 (50.0)
3,911 (40.0)
853 (8.8)
114 (1.2)
9,093 (93.3)
636 (6.5)
19(0.2)
1(0.0)

9,212 (94.5)
506 (5.2)

28 (0.3)
3(0.0)

0.003

<0.0001

0.104

<0.0001

<0.0001

<0.0001

0.023

<0.0001

* Single-sex sibships only.
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Table 2. Co-aggregation of two different cancers within an individual

#individuals
with both
Cancers
(p-value) Lung* Pancreaticc GYN** Prostate*** Breast** Ovarian** Colorectal*
Hematopoietic* L 0 ° 14 9 3 .
P (p=0.76) t (p=0.011) (p=0.09) (p=0.027) (p=0.83) (p=0.77)
Lunat 2 7 23 35 8 20
9 (p=0.38) (p=0.34) (p=0.05) (p=0.030) (p=0.37) (p=0.78)
- 2 1 2 1 1
Pancreaict - ' t t (013t (p=099)
Gynecologic** - - - 150 31 !
y g (p=0.41) (p<0.0001) (p=0.08)
ok 100
Prostate* - - - - (=0.65)
s ] 151 104
Breast - - - (p<0.0001) (p=0.56)
1 * x 12
Ovarian - - - - - - (p=0.54)

*39,572 individuals
** 27 334 females
**xx 22 300 males

T GEEs cannot be performed — cancers are too rare
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Table 3. Co-aggregation of multiple cancers within a sibship

% families
with at least
one of each
disease
(p-value) Lung Pancreatic GYN* Prostate Breast Ovarian Colorectal
Hematopoietic 0.1% 0.0% 0.1% 0.9% 0.4% 0.1% 0.2%
(p=0.8)) t (p=0.01) (p=0.67) (p=0.48) (p=0.87) (p=0.84)
Lung - 0.1% 0.2% 2.4% 1.3% 0.3% 0.5%
(p<0.0001) (p=0.50) (p<0.001) (p=0.51) (p=0.44) (p=0.003)
Pancreatic - - 0.1% 0.5% 0.2% 0.0% 0.1%
T T (p=0.14) t (p=0.022)
Gynecologic* - - - - 3.7% 0.6% 0.9%
(p=0.21) (p=0.86) (p=0.002)
Prostate - - - - - -- 4.2%
(p=0.004)
Breast - - - - - 3.8% 2.5%
(p=0.034) (p<0.001)
Ovarian - - 0.5%
(0.11)

* Non-ovarian.

T GEEs cannot be performed — cancers are too rare

12
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