
 

 

Introduction 
 
There are now new opportunities to explore the 
dynamics of the multistage model of carcino-
genesis in prospective cohort studies through 
functional studies of transcriptomics (the analy-
sis of gene expression through mRNA and non-
coding microRNA in blood and tissue) [1, 2]. 
Indeed, functional studies of transcriptomics 
could be used to identify genes that are respon-
sible for the different stages of carcinogenesis 
through changes in their transcriptional output, 
In epidemiology such functional studies based 
on transcriptomics will operate with the underly-
ing assumption or general hypothesis that the 
carcinogenic process can be detected in periph-
eral  blood either due to communication from 
the cancer cells in the target tissue or simply as 
by-products of the intracellular process [3]. This 
view is gaining momentum both from in-vitro 
and in-vivo research, and the recent description 
of exosomes is just one confirmation [4]. The 
use of transcriptomics in tumour tissue is al-
ready well established. The application of tran-
scriptomics in prospective studies could be con-

sidered in parallel to proposed in-vitro post-
genome-wide association studies (GWAS) [5].  
 
So far, GWAS performed in large epidemiologi-
cal cohorts have identified more than 200, 
mostly new, common low-penetrance cancer-
risk loci (single nucleotide polymorphisms, 
SNPs), with predicted odds ratios of less than 2. 
Thus the hypothesis emerged that trait-
associated alleles exert their effects by influenc-
ing transcriptional output. Therefore it has been 
recommended that post-GWAS research focus 
on the functional characterisation of cancer-risk 
loci through in-vitro experiments. To comple-
ment this approach, we previously proposed to 
explore the potential of functional analyses of 
transcriptomics as part of systems epidemiology 
[6], through an extended globolomic design of 
the prospective study [7].  
 
The aim of this article is to explore the use of 
transcriptional outputs, applied to a prospective
-based design, to estimate the length of the 
different stages of carcinogenesis, and the re-
lated changes in the expression of genes that 
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play a role in human carcinogenesis, condition-
ally on exposure to carcinogens. This novel ana-
lytical strategy differs from current survival 
analyses of GWAS or gene-environment studies. 
Indeed, GWAS and gene-environment studies 
are used to estimate the relative risk of gene 
profiles based on the Cox model, which as-
sumes proportional hazard rates throughout a 
given follow-up time, outcomes with non-
parametric distribution, and no relationship to 
any biological model.  
 
Testable models of carcinogenesis 
 
There is no single model of carcinogenesis in 
basic research or epidemiology that can be 
tested directly in a prospective study design. 
Consequently, the analytical strategy commonly 
used for GWAS studies, i.e., a gene-specific or 
pathway analysis, and an agnostic search 
through all genes [8] taking into account the 
false discovery rate [9], could also be applied to 
the search for functional changes related to 
carcinogenesis. 
 
In basic research several models of carcino-
genesis have been proposed. Important con-
cepts include the hallmarks of cancer that cover 
important mutations or functional changes re-
lated to major areas of cell-cycle control [10]. 
However, although in basic research one can 
test single genes or pathways, there is no infor-
mation on time dependency, the number of nec-
essary mutations and functional changes, or 
their sequence, even if some functions could be 
assumed to occur at later stages in the carcino-
genic process. The driver and passenger muta-
tion hypothesis depends on the observation of a 
large amount of mutations in tumour tissue 
[11], which could be a consequence of some 
driver mutations, i.e., mutations necessary for 
the carcinogenic process, with other passenger 
mutations simply following along. However, so 
far no mutations have been classified as either 
driver or passenger mutations. Another model 
of carcinogenesis is the division of the carcino-
genic process into initiator effects, usually con-
sidered to be mutations, and promoter effects, 
which are related to later stages of carcinogene-
sis and are more functional in nature. 
 
In cancer epidemiology the estimation of the 
carcinogenic multistage model is more than 50 
years old and has at least five different variants 
[12]. The usefulness of these mathematical 

models is hampered by a lack of biological and 
observational data, which is needed to estimate 
the parameters in the model [13]. Currently, 
estimations are still based on non-identifiable 
solutions of the multistage model equations 
[14] by arbitrarily assigning a set value to one 
parameter in the mathematical model. Originally 
the multistage model was based on incidence 
figures for different cancer sites, and consisted 
of five or six stages [15]. Later work showed 
that a two-stage model could perform better 
[16]. The two-stage model assumes a first stage 
of mutations with clonal growth of tumour cells 
until the second stage occurs. However, the 
importance of estimating the last stage of car-
cinogenesis has been put forward [17]. 
 
For this reason, we proposed an exposure-
driven functional model for the analysis of the 
carcinogenic process and the multistage model 
of carcinogenesis in cancer epidemiology [18]. 
The assumption in our model is that exposure to 
carcinogens is the major driving force of the 
carcinogenic process, that cessation of expo-
sures could stop, or even reverse this process, 
and that the stages usually covers decades of 
human life. The different stages of carcinogene-
sis can be due to both mutations and functional 
changes in oncogenes or tumour suppressor 
genes. The hypothesis underlying the proposed 
post-GWAS functional research is that trait-
associated alleles exert their effects by influenc-
ing transcriptional output [5]. This corresponds 
to our hypothesis that different stages of car-
cinogenesis can be identified by measuring the 
expression of specific genes that are affected by 
exposure to carcinogens. Different exposures 
might also lead to variations in the metabolic 
pathways, and result in an exposure-specific 
multistage model. This has been shown for ex-
posures like radiation [19], viruses [20] or bac-
teria [21].  
 
Limitations and opportunities in the study de-
sign of a human model of carcinogenesis 
 
In order to understand and describe the car-
cinogenic process or the multistage model, the 
primary interest is to first estimate the func-
tional changes in single genes or pathways that 
are related to different stages of carcinogene-
sis, as well as the length of these stages. Given 
the nature of carcinogenesis, the epidemiologi-
cal design with the most potential would be a 
prospective study. 1) The prospective study de-
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sign is the only epidemiological study design 
that can take time dependency into account by 
looking at the carcinogenic process during dec-
ades of follow-up. 2) Biological material suitable 
for high quality gene expression analyses 
should be collected from peripheral blood be-
fore cancer diagnosis and at time of diagnosis 
as described for the globolomic design. One 
problem specific to functional analyses of tran-
scriptomicsare length of follow-up. Indeed, as 
high quality mRNA for whole genome expression 
analyses requires samples buffered for the ef-
fect of Rnase, most biobank material meeting 
this criterion would typically not be older than a 
decade (coinciding with the availability of the 
necessary commercial products), which is gen-
erally not sufficient for functional studies of can-
cer development. Repeated measurements 
would be necessary both for the –omics analy-
ses and for questionnaire information on life-
style factors. The transcriptome is changing 
over time and potentially mirroring the carcino-
genic process. It is obvious [22] that repeated 
sampling is most important. For practical pur-
poses the intervals would be of several years. 
The cumulation of the exposures could be 
based on repeated questionnaires or markers 
of long term exposures. 3) Prospectively col-
lected biological material should be analysed 
according to a nested case-control design within 
a cohort, as the classic case-control design is 
vulnerable to systematic errors in exposure 
measurements which will be impossible to com-
pensate through statistical techniques. In a 
cross-sectional study of lifestyle factors and 
gene expression, different batch effects during 
laboratory testing dominated the overall gene 
expression profiles and could seriously compro-
mised the results [23]. A closely matched case-
control study design that keeps the case-control 
pairs together throughout all laboratory analy-
ses will reduce batch effects since the major 
measure of the gene expression to be used in 
the statistical analyses will be the differences in 
gene expression between case and control 
within each pair. In this way, even if the cases-
control pairs are handled differently at some 
point during laboratory analyses due to different 
batches over time, the potential differences due 
to systematic errors between cases and con-
trols will remain small. 4) The prospective study 
design gives what is usually considered to be 
non-differential biased estimates of relative risk. 
While obtaining blood samples from cases is 
generally fairly easy, finding valid controls that 

represent the source population could be a ma-
jor problem. However, this problem can be elimi-
nated by using a nested case-control design in 
existing cohorts, as cases and controls will origi-
nate from the same population. 5) The use of 
buffered whole blood gives a mixture of mRNA 
from different subpopulations of peripheral 
blood cells. This mixture could confuse the tran-
scriptional profiles. There is some ongoing work 
trying to identify each cell subtype by unique 
expression patterns [24, 25]. While mRNA suit-
able for whole genome analysis is not detect-
able in plasma, microRNA can be extracted both 
from whole, buffered blood and from plasma or 
serum in standard biobank material. The poten-
tial differences between these two sources of 
microRNA are not well studied. 6) The proposed 
carcinogenic model should also take into ac-
count the potential of protective factors like 
dietary factors, but unfortunately these are not 
that well characterized. One such example 
would be high parity and decreased risk of 
breast cancer. 7) The statistical power of sam-
ple size necessary for the search of gene ex-
pression patterns related to the carcinogenesis 
in peripheral blood is still hard to calculate. As 
proposed by Potter the number of persons to be 
involved should be hundred of thousands or a 
million [26], in the same range as ongoing new 
biobank studies in England and Sweden. 
 
Functional anlyses and the multistage model 
 
Here below is a brief description of the func-
tional design and analytical challenges of tran-
scriptomics in a prospective study.  
 
Cancer cases should be identified through link-
ages to cancer registers, hospital systems or 
through feedback from study participants. Once 
identified, random controls from the cohort 
should be selected as per a nested case-control 
study design. Stored biological samples for each 
case-control pair should then be processed to-
gether through extraction, hybridisation and 
scanning, in order to reduce technical noise and 
batch effects. The researcher will then receive a 
quantitative measure of the gene expressions 
and the differences for each case-control pair 
either from micro-array or deep sequencing. 
Biological samples used for transcriptomics 
should be of high quality and collected accord-
ing to the specific analyses to be done. Most 
microRNA testing can be performed on good 
existing biobank material. The major limitation 



Transcriptional output in a prospective design  

 
 
110                                                                                             Int J Mol Epidemiol Genet 2012:3(2):107-114 

is the quality of mRNA in non-buffered samples 
of blood and tissue. Epidemiological studies in 
which blood samples were rapidly frozen in liq-
uid nitrogen could have high quality mRNA de-
pending on the actual procedures. The chal-
lenge will then be to find the most sensitive 
analyses of the differences in gene expression 
for all 25000 genes.  
 
This approach faces at least four major prob-
lems. 1) Time dependency should ideally be 
controlled through repeated measurements for 
all participants. This would allow previous sam-
ples taken from decades ago from cases at the 
time of diagnosis, to be compared to controls 
without the disease at the time of case diagno-
sis. Unfortunately, there are only a few prospec-
tive studies that can offer this possibility. A re-
stricted, but more realistic strategy would be to 
use time-dependent information from case-
control pairs with blood samples collected at 
different follow-up times or times prior to diag-
nosis (cases) or matching date  (controls) 
(Figure 1). For each case-control pair, the gene 
expression, and the differences in gene expres-
sion, for single genes can be estimated from 

stored blood samples at a given point of follow-
up, upper panel Figure 1. The distribution of the 
differences in gene expression during follow-up 
for genes differentially expressed by cases and 
controls could create an observed time distribu-
tion. This observed distribution would consist of 
both time before diagnosis, and a quantitative 
measure for each gene. This could be used to 
estimate the time distribution of the unknown 
last stage of carcinogenesis, lower panel Figure 
1. 2) In the model proposed here, exposures are 
considered to be the major driving force of the 
carcinogenic process. This implies that all analy-
ses of mutations or functional changes should 
be related to information on potential carcino-
gens, as in gene-environment studies. Since 
each exposure could have a specific gene ex-
pression profile, the overall gene expression 
profile in a given blood sample could be due to 
the unique mixture of lifestyle factors for that 
person. Finding genes differentially expressed 
by cases and controls due to a mutation or func-
tional change would be difficult with little, or no 
exposure information, as the overall gene ex-
pression profile would consist of many overlap-
ping exposure-related profiles, which could be 

Figure 1. Hypothetical gene expression levels (Illumina Hu-6 chip) and differences in expression between cases and 
controls for single genes taken from case-control pairs with different follow-up time, illustrating a potential distribu-
tion of time in years for the start of the last stage. 
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seen as a lack of controlling for confounders. 
Spontaneous or endogenous mutations due to 
the cellular processes would complicate the 
analyses. 3) An important issue is the distribu-
tion of gene expression over time for each sin-
gle gene (Figure 2). A new somatic mutation or 
functional change might be followed by a 
change in gene expression. An increased risk 
related to germ line mutations given as SNPs 
has been proposed to translate into a constant 
difference in gene expression over time [5] 
(upper panel Figure 2). A plausible assumption 
would be that changes in gene expression fol-
lowing a clonal growth model should yield an 
exponential, or maybe a sigmoid distribution 
during follow-up (middle panel Figure 2). The 
same pattern of constant differences could be 
the effect of an early stage of carcinogenesis 
(lower panel Figure 2). Estimation of functions 
describing the single gene expression pattern 
during follow-up would help to better under-
stand the mechanisms behind stage changes. 
Currently, the expression of any single gene has 
an unknown distribution over time. Neverthe-
less, the values observed could be used to esti-
mate the length of the last stage of carcino-
genesis using mathematical models. 4) The 
possibility that the strength of the gene expres-
sion signals related to mutations or functional 
changes in different stages of carcinogenesis 
could be weaker than those related to house-
keeping or other exposures raises some statisti-
cal problems. Another aspect of this problem is 
the lack of knowledge about when in carcino-

genesis one could expect to find traces of it in 
blood. Studies of the last stage could seem 
most promising. The use of standard statistical 
testing and false discovery rate, focusing on the 
lowest p-values or most significant associations, 
might remove the weaker signals related to car-
cinogenesis due to less significant p-values. 
Therefore, weaker associations between expo-
sures, gene expressions and disease should be 
held up against existing biological knowledge. 
The difficulty here lies in the fact that current 
biological knowledge has been obtained mostly 
from in-vitro experimental systems and not from 
in-vivo observations of humans, and with little 
knowledge about the effects of different expo-
sures.  
 
Challenges in mathematical modelling 
 
A new approach to the statistical analysis of 
prospective studies will be important to the goal 
of estimating the distribution of the length of 
the last stage of carcinogenesis, and identifying 
the genes involved. Observations should be left-
censored due to the short follow-up time in rela-
tion to the length of the carcinogenic process. 
The challenge will be to estimate the distribu-
tion of the length of the last stage as a latent 
variable conditionally on changes in exposures. 
The most realistic approach could be to start by 
defining the length of the last stage of carcino-
genesis as the time elapsed from diagnosis 
backwards until the change in gene expression, 
as changes that lead to invasive cancer may be 
relatively close in time to cancer diagnosis. The 
analytical challenge will be to separate changes 
in gene expression due to exposure to carcino-
gens, from gene expression signals related to 
the carcinogenic process caused conditionally 
on these same exposures. Of major importance 
is the possibility for cumulation exposures over 
time potentially by repeated collection of ques-
tionnaires and blood. 
 
For example, let us assume that an exposure A 
changes the gene expression of a single gene. 
For a given gene affected by exposure A, there 
are four exposure relationships possible in a 
matched, nested case-control study design: 
both cases and controls exposed, only cases 
exposed, only controls exposed, or neither 
cases nor controls exposed (Table 1). Gene ex-
pression is usually given as a quantitative, con-
tinuous variable. For simplicity it is divided into 
yes or no for cases and controls in Table 1. The 

Figure 2. Time-dependant gene expression during 
follow-up, showing potential distributions; somatic 
mutations or functional changes (upper panel), SNPs 
(middle panel) or early stage (lower panel). 
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differences in gene expression should be zero 
for exposed cases versus exposed controls. For 
exposed cases and unexposed controls, the 
difference should be positive if the mutation or 
functional change increases gene expression, 
and negative if it decreases expression. If the 
cases are not exposed and the controls are, the 
difference in gene expression would be in-
verted. And lastly, if both cases and controls are 
unexposed the difference should be zero. The 
result should be 0, +, -, 0 as a combination 
score, given that the follow-up time is shorter 
than the length of the last stage of carcinogene-
sis. If the follow-up time is longer than the last 
stage, the combination should be 0,0,0,0. For a 
gene related to carcinogenesis in cases condi-
tionally on exposure A, the pattern of differ-
ences in gene expression would be different. 
The gene should only be expressed in exposed 
cases, giving a combination of +, +, 0, 0. Knowl-
edge about the length of the last stage – poten-
tially dependent on the exposures – should im-
prove the sensitivity in detecting genes involved 
in the last. It is obvious that this analytical strat-
egy will depend on the quality of the exposure 
information. Different mathematical models 
[18] could be used for the search of relation-
ships like this under the hypothesis that the 
carcinogenesis is dependent on exposure to 
carcinogens and expressed through specific 
changes due to mutations or functional 
changes.  
 
The sensitivity of the matched nested case-
control design is highly dependent on the lack 
of batch effects and the use of the latest micro-
array technology. As an example, the Illumina 
Hu-6 chip has on average 60 replicates or re-
peated measurements of each gene. The distri-
bution of the differences in gene expression for 
100 random genes run for 150 case-control 

pairs is shown in Figure 3. The figure shows the 
mean gene expression (whole line) with 95% 
confidence intervals for the matched design 
(bold lines). For the non-matched case-control 
design the 95% confidence lines (broken lines) 
are much wider. The improved sensitivity of the 
matched design is obvious.  
 
This novel epidemiological approach has the 
possibility to provide further information on the 
functional changes that follow exposure to car-
cinogens, and offers the opportunity to advance 

Table 1. Differences in gene expression between cases and controls in a nested case-control design, 
one gene expressed only for exposure A, and one gene related to carcinogenesis in cases conditionally 
on exposure A. 
  Gene exposure Gene carcinogenesis 
  Exposure Exposure 
Cases yes yes no no yes yes no no 
level of gene expression a c e g i k m o 
Controls yes no yes no yes no yes no 
level of gene expression b d f h j l n p 
Differences in gene expression a-b c-d e-f g-h i-j k-l m-n o-p 
Null hypotheses +(-) 0 -(+) 0 +(-) +(-) 0 0 

 

Figure 3. The distribution of differences in gene ex-
pression with 95% confidence intervals for 100 ran-
dom genes measured in peripheral blood given for a 
matched and a non-matched case-control design, 
the mean difference in gene expression given as a 
whole line, 150 pairs from the Norwegian Women 
and Cancer postgenome cohort [3, 7] order by in-
creasing differences, (Illumina Hu6 micro-array). 
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our understanding of the carcinogenic process. 
It could give us pre-diagnostic tests that could 
be used in connection with other diagnostics 
like mammography. This would depend on com-
mon pathways for different exposures. 
 
Conclusion 
 
Several researchers have claimed that the cur-
rent views on the carcinogenic process are ap-
proaching paradigm instability [27-29]. The two 
different post-GWAS approaches of basic ge-
netic research and epidemiology could mutually 
improve the understanding of the mechanistic 
or functional aspects of multistage carcinogene-
sis.  
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