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Summary Background Many
epidemiological studies have tried
to associate the intake of certain
food products with a reduced risk
for certain diseases. Results of
these studies are often ambiguous,
conflicting, or show very large de-
viations of trends. Nevertheless, a
clear and often reproduced inverse
association is observed between to-
tal vegetable and fruit consump-
tion and cancer risk. Examples of
components that have been indi-
cated to have a potential protective
effect in food and vegetables in-
clude antioxidants, allium com-
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Dealing with variability in food production
chains: a tool to enhance the sensitivity of
epidemiological studies on phytochemicals

pounds and glucosinolates. Aim
The food production chain can
give a considerable variation in the
level of bioactive components in
the products that are consumed. In
this paper the effects of this vari-
ability in levels of phytochemicals
in food products on the sensitivity
of epidemiological studies are as-
sessed. Methods Information on the
effect of variation in different steps
of the food production chain of
Brassica vegetables on their glu-
cosinolate content is used to esti-
mate the distributions in the levels
in the final product that is con-
sumed. Monte Carlo simulations of
an epidemiological cohort study
with 30,000 people have been used
to assess the likelihood of finding
significant associations between
food product intake and reduced
cancer risk. Results By using the
Monte Carlo simulation approach,
it was shown that if information on
the way of preparation of the prod-
ucts by the consumer was quanti-
fied, the statistical power of the

study could at least be doubled.
The statistical power could be in-
creased by at least a factor of five if
all variation of the food production
chain could be accounted for. Con-
clusions Variability in the level of
protective components arising
from the complete food production
chain can be a major disturbing
factor in the identification of asso-
ciations between food intake and
reduced risk for cancer. Monte
Carlo simulation of the effect of the
food production chain on epidemi-
ological cohort studies has identi-
tied possible improvements in the
set up of such studies. The actual
effectiveness of food compounds
already identified as cancer-protec-
tive by current imprecise methods
is likely to be much greater than es-
timated at present.

Key words Monte Carlo
simulations - epidemiology - food
production chain - processing -
sensitivity - glucosinolates

Introduction

Many epidemiological studies have indicated the pro-
tective role of vegetable and fruit consumption for vari-
ous diseases. Epidemiological data considering the ef-
fect of vegetable and fruit intake on cancer risk have
been reviewed by several investigators [1-3].

Although there is clearly a positive trend in the pro-

tective role of vegetables and fruit for various cancers,
the outcomes of individual epidemiological studies
sometimes conflict. This is clearly illustrated in a review
by Steinmetz and Potter [2], showing statistically signif-
icant inverse associations for 15 of the 21 examined
case-control studies between one or more vegetable/
fruit categories and colon cancer. Four of the studies did
not show significant inverse associations for any veg-
etable/fruit category and in two studies statistical sig-
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nificance was not reported. Many sources of uncertainty
and variation can be responsible for these discrepancies.

Accurate assessment of dietary intake is of impor-
tance to investigate associations between vegetable/
fruit consumption and cancer incidence. Several meth-
ods are available to assess intake, but they all have their
specific measurement errors. Dietary assessment meth-
ods can be roughly divided into methods assessing cur-
rent diet, consisting of records and 24h recalls and
methods assessing habitual diet, consisting of dietary
history and food frequency questionnaires. The intake
data derived by these methods combined with analytic
data from food composition tables or from chemical
analysis, result in individual nutrient (and non-nutri-
ent) intakes. In addition to these methods, some bio-
logical indicators (biomarkers) of dietary exposure
have been developed.

Food composition tables are important tools for epi-
demiological studies on nutrients and non-nutrient
phytochemicals in relation with diseases. However, ac-
curate knowledge of the nutrient and non-nutrient in-
take of individuals and groups of people requires infor-
mation on the contents of prepared foods, in other
words prior to consumption. Unfortunately, dietary cal-
culations are frequently made on the basis of foods as
brought into the kitchen. Also, for many components of
potential interest for health protection (like flavonoids
and other polyphenols, lignans, carotenoids, glucosino-
lates, peptides, lactic acid bacteria) no or only limited
food composition data are available [4-6].

It is demonstrated that many steps in the food pro-
duction chain, like cultivation, storage, processing and
preparation of the vegetables (Figs.1 and 2), can have a
large impact on levels and thus intake of phytochemicals
[7]. This variation has been investigated for the group of
glucosinolates from Brassica vegetables but is likely to
occur for most classes of health-promoting phytochem-
icals. The potential health benefits of glucosinolates
have been reviewed extensively in [8]. Epidemiological
studies on Brassica vegetables are given in [3,9, 10].

Epidemiology often does not take into account the ef-
fects of food processing and preparation on glucosino-
late content, and thus of the consequences for potential
health-protection. It can be hypothesized that the high
variable levels of glucosinolate intake explain the incon-
sistent epidemiological findings. It is impossible to sys-
tematically gather information on all possible variations
in all steps of the production chain. Therefore, a predic-
tive modeling approach was developed to estimate the
effects of variation in conditions and processes on the
level of glucosinolates and breakdown products [7, 11,
12].
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Fig.1 Schematic representation of the food production chain of Brassica vegeta-
bles

|B3W/[00>
pejes

=
o
2
B
3
2
3
2
53

pauued
sse|b
|e3LU/U3zZ0y
ND/ysaly
beq
|eauw/|00d
ysaly
D ysaly

0.1 1 10 1000

Total GS pmol/100g FW

Br.Sprouts | | White cabbage | | Cauliflower |_

Fig.2 Distribution in the content of total glucosinolates of different Brassica
products (data from [11])
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Simulation strategy

The steps in the simulation experiments of the epidemi-
ological cohort studies are schematically represented in
Fig. 3. The hypothesis of the study is that whether an in-
dividual will develop cancer depends on his/her ab-
solute risk of cancer which depends in part on the intake
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Fig.3 Schematic representation of the applied strategy for the simulation of epi-
demiological cohort studies on the protective effect of foods on cancer incidence

of protective compounds from foods. The simulation
strategy as depicted in Fig. 3 will give information as to
whether or not the cohort study will give a significant
association between product intake and the risk on de-
veloping cancer.

Because of the availability of information of the dis-
tribution of the levels of glucosinolates and of some im-
portant effects of the food production chain, these com-
pounds have been taken as the protective compounds.

Three consumer groups were simulated with low
(0-200), medium (200-400) and high (400-1000 g/week)
Brassica vegetable intakes. In total 30,000 consumers
were simulated with a distribution in intakes as shown
in Fig. 4.

Distributions of the glucosinolate content in raw ma-
terials and of the effect of industrial processing, storage
and consumer processing were estimated from pub-
lished experimental data for Brassica vegetables [7, 11,
12]. The distributions were described by log-normal dis-
tributions:
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where x, p and © are continuous parameters. The distri-
butions were truncated (0<x = max), the parameters
used for the variation at the different steps of the pro-
duction chain are given in Table 1. The values for culti-
vation give a distribution in level in the raw material (in
pmole/100 g fresh weight).

The resulting variation in the glucosinolate content
in the products that are consumed were calculated by
multiplying each randomly picked level of raw material
with the randomly picked industrial and consumer pro-
cessing effect. The component intake was calculated by
multiplying the sampled product intake with the calcu-
lated (as described above) glucosinolate content in the
product.

To calculate the relative risk of each consumer, a rela-
tion was assumed between the intake of a health-pro-
moting component in the diet (glucosinolates in this
study) and the reduced risk for the development of can-
cer. This dose-response relation was described by the
equation:

—EF-I

RR=(1-MR)e ™ +MR &

in which RR is the relative risk for cancer development,
RM is the minimum risk, EF is the effectiveness of the
component and I is the intake of the component. To as-
sess the statistical power of epidemiological studies, dif-
ferent effectiveness factors (EF) for protecting against
cancer (EF=1-20) and a fixed minimum risk (MR
=0.2) were taken (Fig.5).

For each simulated consumer the relative risk was
transformed in an absolute risk value by multiplying the
RR by 0.01 (this value is estimated from the reported

Table 1 Distribution curves and parameters used for the three steps in the pro-
duction chain taken into account in the Monte Carlo simulations (u mean; o stan-
dard deviation)

\ Step in chain Type of distribution u o max.

0 ‘ ‘ ‘
0 200 400 600 800 1000 Cultivation Truncated log normal 100 100 1000
Brassica intake [g/week] Industrial processing  Truncated log normal 0.7 0.6 3
Domestic cooking Truncated log normal 0.5 0.4 1

Fig.4 Distribution of the 30,000 individuals in the three Brassica intake groups
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Fig.5 Relative Risk (RR) for developing cancer as a function of the glucosinolate
intake, as calculated with Eq. (2) for five different values of the Effectiveness Factor
(EF) as shown within the graph

cases of colon/rectal cancer in a recent cohort study
[10]).In order to simulate whether an individual will de-
velop cancer this calculated absolute risk was compared
with a ‘fate of life’ factor that was randomly picked from
a uniform distribution between 0 and 1. If this ‘fate of
life’ factor was lower than the absolute risk value the
consumer was marked as a cancer patient in the study.

All Monte Carlo simulations were performed using
Pallisade @RISK software as an add-in for Microsoft
Excel.

Simulation results and discussion

From the three product intake groups (0-200, 200-400,
400-1000 gram Brassica vegetables per week), the intake
of glucosinolates was calculated by taking into account
all the variation that could be due to three steps in the
production chain (cultivar, industrial processing and
domestic cooking). The resulting compound intake dis-
tributions are shown in Fig. 6. A considerable overlap in
compound intake levels can be seen between the groups,
owing to the large possible variation caused by the pro-
duction chain. In reality some of the variation caused by
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Fig.6 Calculated glucosinolate intake of the three Brassica intake groups
(#:0-200, l: 200-400, A: 400-1000 g Brassica/week)

cultivar differences will level out because a range of dif-
ferent cultivars will be consumed over the years that
these studies take. The type of products and the way of
domestic cooking, however, can be expected to be not so
variable for each individual and therefore the variation
caused by these steps will not level out. Because of the
fact that only three sources for variation resulting from
the food production chain were taken into account,
while the complete chain will consist of at least 6 steps

(Fig. 1) with each multiple sources of variation [7], the

real variation might in fact be underestimated by the ap-

proach taken here.

By using the compound distributions as shown in
Fig. 6 the risk of cancer of each individual was calcu-
lated. By the strategy described above this absolute risk
could be converted to the number of cancer patients in
the three product intake groups in the cohort.

This assessment was done for three scenarios:

A. The ideal situation, in which the production chain
causes no variation (median values of glucosinolate
content and processing effects were used, as given in
Table 1).

B. The ‘real’ situation, in which the three steps that are
considered in the production chain give the variation
as can be expected from experimental observations
(the whole distributions as given in Table 1 were
taken into account).

C. An ‘intermediate’ situation, in which the first two
steps of the production chain give the expected vari-
ation, but the domestic cooking effect is assumed to
be known for each individual, and therefore no addi-
tional variation is introduced by this step.

The resulting relative risks for the three product in-
take groups is given in Fig. 7 for a value of the effective-
ness factor (EF) of five. As can be seen in Fig.7A, the
health protecting effect of Brassica vegetables could be
very significantly assessed if it were the case that the
food production chain gave products with a constant
level of glucosinolates. For the ‘real’ situation, however,
in which the production chain gives an enormous vari-
ation in the levels of glucosinolates in products, no
health protective effect could be seen from the cohort
study (Fig.7B). So even though the glucosinolates pre-
sent in Brassica vegetables have quite a potent health
protective effect (see Fig. 5 for EF =5), this protective ef-
fect cannot be seen in a large cohort study where only
the product intake is assessed as an input parameter. If
the study design were to include information on the
cooking behavior of the individuals the unknown vari-
ation in the levels of glucosinolates in the consumed
products could be reduced. In this case the cohort study
would conclude a significant health protective effect
(p <0.05) of the consumption of Brassica vegetables on
the development of cancer (Fig.7C).

To establish the improvement in the statistical power
of cohort studies, the simulations were performed with
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Fig.7 The relative risk for cancer for the three Brassica intake groups as observed
in the simulated cohort studies with three different scenarios: A, B and C. See text
for explanation of the scenarios

values of EF between 1 and 20. The significance of the re-
sulting health protecting effect is shown in Fig.8, in
which the p-value between the relative risks of the high
and low consumption groups is plotted versus the EF
value. From this figure it can be concluded that the sta-
tistical power can be at least doubled by incorporating
information of cooking habits in the design of the study.
This can be seen in Fig. 8 by looking at the EF value for
which the study design gives a statistical significant dif-
ference in the relative risks. If the design were to allow
for assessment of all the possible variation of the food
production chain, the statistical power could be in-
creased by at least a factor of five.

In the design of epidemiological studies, the infor-
mation that can be gathered from the individual on their
cooking habits will be limited by practical constraints
like the number of questions in a questionnaire or diary
and the accuracy of individuals in describing their
habits. However, in combination with a predictive mod-
eling approach as described by Dekker etal. [7] and
Verkerk etal. [11], the quantification of cooking effects
on health parameters can be made in a computerized
way, using cooking time and the ratio of water to veg-
etable as inputs.

This simulation study clearly shows that, by improv-
ing the design of epidemiological studies, health protec-
tive compounds in foods can be identified with more
statistical power. In addition, a simulation approach as
presented here can also be used to establish the mini-
mum size of the cohort to be used in an epidemiological
study. Another important conclusion is that the under-
lying protective effect of certain compounds in foods
will be much larger than is shown in the present epi-
demiological studies that identified a significant protec-
tion by the intake of certain food product categories.
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Fig.8 Significance of the observed protective effect of Brassica vegetables on can-
cerincidence as a function of the Effectiveness Factor of glucosinolates for the three
study scenarios as explained in the text
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