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Abstract
Consumers intending to eat healthily should consult available information on the energy, salt, sugar and saturated fat content of foods. Some consumers,
however, do this more than others do. The objective of this research was to identify distinct subgroups within the group of consumers who intend to eat
healthily, segmented according to the timing and frequency of their use of information about energy, salt, sugar and saturated fat. Furthermore, we analysed
whether consulting this information actually led to healthier food choices. Data on use of specific nutritional information in a computerised task in which
participants made multiple dichotomous food choices (e.g. high-fat v. low-fat cheese) were recorded from 240 participants using process tracing software.
Participants could view nutritional information by hovering the mouse over specific areas of the screen. We found three clusters of participants based on
use of information about energy, salt, sugar and saturated fat: low, medium and high information users. There was a between-clusters difference in how
often the healthy option was chosen (88·95 % with high information v. 67·17 % with low information usage). Presence in the medium and high information
clusters was partially predicted by perceived self-efficacy in making healthy choices. It appears that some consumers are very confident of their ability to
make healthy choices, which is a reason for making less use of nutritional information prior to making food choices and may result in unhealthy choices.
Our findings improve understanding of the conditions needed to develop effective interventions targeted at health-conscious consumers.
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In the last decades, it has become overwhelmingly clear that
regular intake of foods high in energy and with added salt,
sugar and saturated fat are among the key risk factors for
developing overweight, metabolic disorders and related dis-
eases(1). Often, food high in one or more of these four attri-
butes is an industrial, highly processed product and such
food can be considered troublesome from social, cultural, eco-
nomic, political and environmental points of view, as outlined
in a recent commentary(2). Because of this, consumers should
be encouraged to consult on-pack information about the nutri-
ent and energy content of foods(3). Consumers are being urged
to choose foods with a better nutritional composition through

front-of-pack nutrition claims (e.g. ‘low sugar’), public health
campaigns (e.g. increasing consumer awareness of salt intake)
and food reformulations affecting back-of-pack nutritional
information (e.g. lowering saturated fat levels and/or energy
of processed foods)(4,5).
There has been an abundance of studies investigating the

effects of incorporating nutritional information into food
packaging on the food choices of various populations(6–8)

and there is a growing body of evidence that not all ways of
presenting nutritional information to the consumer have simi-
larly desirable effects on food choices. For instance, simplified,
front-of-pack, single-nutrient claims, particularly ‘low-fat’,
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could be hindering the general public from making healthier
choices, as research has shown that it could lead to underesti-
mation of total energy(9). In most of these studies towards the
relationship between nutrition information and behaviour, the
available nutrition information itself is manipulated between
the groups that are studied, rather than measured and com-
pared within a particular group(10).
Multiple studies have already shown that there is consider-

able heterogeneity in how certain predictors (e.g. taste percep-
tions, ingredient awareness, presentation of nutritional
information) affect how health-conscious consumers assess
the healthiness of foods(11–14). There have been few studies,
however, focusing on how nutritional information, regardless
of how it is presented, is used by consumers who intend to
eat healthily and how it affects the healthiness of food choices.
Individuals who have a strong intention to eat healthy foods
are of great interest to public health researchers because they
are motivated to eat healthily, which is a hard-to-convey pre-
requisite for true healthy eating behaviour, according to cur-
rent health psychological theory(15). It is only in the later
stages of the process – as modelled by current theories – of
translating intentions into behaviour that there appears to be
a problem, with the intended healthy behaviour failing to
emerge(16).
Our main research objective, therefore, was to understand

better the heterogeneity of this group, what their characteristics
are, and whether they can be grouped in certain subgroups
showing similar patterns concerning the consideration of nutri-
tion information. We aimed to use this information to uncover
demographic and psychosocial predictors of membership of
the use-of-nutritional-information subgroups. These insights
will help to optimally develop innovative, evidence-based, pol-
icies and interventions that will enhance people’s ability to
make healthy food choices(17).
Building on our broad theoretical psychological model of

the determinants of inadvertent unhealthy substitutive food
choices from our earlier study(18), the aim of the present
study was to provide concrete suggestions about how nutri-
tional behaviour can be improved through differentiating
between consumers who intend to eat healthily on the basis
of how they use nutritional information usage and psycho-
social characteristics. This required a robust, careful assess-
ment of use of nutritional information, as it has been
suggested that simply distinguishing between ‘users’ and
‘non-users’ of nutritional information is too simplistic to
yield any meaningful conclusions(19).
We based our examination of psychosocial variables that

could differ between consumers on the health action process
approach (HAPA) model, a social–cognitive model that
describes the key stages and cognitions involved in acting on
an intention(20). In earlier studies(18,21,22) this model provided
an interesting framework of psychosocial variables that par-
tially explained differences in food choice behaviour. The
HAPA model combines insights from several theories to
explain how people can become aware of their personal health
and develop an intention to change it, and the dynamic pro-
cess that follows the development of such an intention.
According to the HAPA model, people can develop the

intention to become healthier (motivation) and subsequently
act on these intentions (volition). In the volition phase, one
can distinguish between two groups of individuals: those
who have not yet translated their intentions into action, and
those that have. The model is useful for investigating the prob-
lem at hand because it splits the process of behavioural change
into several stages.
In our research, we assume that consumers who have the

intention to eat healthily recognise the risk of unhealthy
food consumption. As such, they should understand the
expected outcomes of changing behaviour, and are capable
of exercising control of their actions(23). Moreover, we assume
that there are factors other than motivation and intention at
play in the complex behaviours relating to food choice.
Earlier studies have shown that nutritional literacy(24,25),
potentially exposure to food retailers(26) and taste prefer-
ences(9,27) have a profound influence on food choice behav-
iour and hence health. We chose to focus on nutritional
literacy as it has emerged as a key component in the promotion
and maintenance of healthy dietary practices. Although nutri-
tional literacy is sometimes considered part of food liter-
acy(28,29), we focus on nutritional literacy defined as the
capacity to obtain, process, and understand nutritional infor-
mation and the skills needed to make appropriate nutritional
decisions(30). Food literacy is often defined more broadly
and embraces components including food safety and food
waste practices.
Given these considerations and the objective of our study,

we posed the following research question:
Are there distinct subgroups within the group of consumers

who intend to eat healthily, segmented by the time and fre-
quency of their use of information about the energy, salt,
sugar and saturated fat content of foods and, if so, what are
the demographic, psychosocial, nutritional literacy and taste
preference variables that differentiate between them?
Given that there has been evidence that using nutritional

information has a positive effect on healthy choices in the gen-
eral population, we hypothesised that a cluster of consumers
who intend to eat healthily, who can be segmented on high
usage of nutrition information, will make significantly more
healthy food choices (hypothesis 1).
On the basis of the HAPA model, we hypothesised that

there are differences in the levels of intention, action planning
and/or self-efficacy between clusters of consumers who
intend to eat healthily, related to their use of nutritional infor-
mation. We predicted that the segment of consumers who
made more use of nutritional information would also display
a greater intention to eat healthily, engage in more planning
and consider themselves to be more capable of making appro-
priate food choices (i.e. report greater self-efficacy) than seg-
ments with lower use of nutritional information (hypothesis 2).
To increase the explanatory power of our model we broa-

dened its scope and included two additional predictors that
were, on theoretical grounds, of potential relevance. We there-
fore posited that there would be differences between the nutri-
tional literacy scores and/or taste preferences of clusters of
consumers who intend to eat healthily, related to their use
of nutritional information (hypothesis 3).
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Method

Study design and participants

We conducted an online process tracing study and survey as
part of an earlier study(18). In this study, Dutch-speaking con-
sumers who intended to eat healthily were asked to fill in an
online questionnaire on their psychosocial and demographic
characteristics, intention to eat healthily and their food choice
behaviour in July 2016. Participants were recruited through an
online panel (http://academicresearchpanel.com/). A random
subset of members of this panel was invited to participate in
the study by email. The introductory email included a link to
a page that outlined the broad purpose of the study and infor-
mation about inclusion criteria (i.e. >17 years of age, intending
to eat healthily in the coming period, and use of a computer
with a mouse (not a touchscreen device)). Informed consent
was acquired by prompting participants to tick boxes behind
four statements, to indicate that they understood the purpose
of the study, had been informed of the inclusion criteria,
understood that the data collected would not be linked to per-
sonal information and that they were free to drop out at any
time without giving a reason. A total of 240 participants com-
plied with the inclusion criteria, provided informed consent
and completed all the questions and tasks in the online
research. The mean age of participants was 51·65 (SD 13·72)
years and their mean BMI was 25·42 (SD 4·03) kg/m2; 148
(61·7 %) were female.

Measurement of variables

As detailed in our earlier work(18), we developed an online
questionnaire in Dutch that included variables designed to
measure all the HAPA model constructs: intention, self-
efficacy, action planning and coping planning. Responses to
items were given using a seven-point scale ranging from com-
pletely disagree (1) to completely agree (7). The intention to eat
healthily construct was measured by translating and adapting
items from Schwarzer & Renner(31), e.g. ‘I intend to eat health-
ful foods over the next months’. The self-efficacy construct
was also measured with items adapted from Schwarzer &
Renner(31), e.g. ‘I can manage to stick to healthful food even
if I have limited time’. Action planning and coping planning
were measured by translating and combining items used in a
variety of HAPA related studies(32–34), e.g. ‘I have a detailed
plan how to respond when someone offers me an unhealthy
snack’. Furthermore, we asked participants about their demo-
graphic status and included items on psychosocial factors.
Nutritional literacy was one of the important constructs in

this study(35,36). As introduced, nutritional literacy is defined
as the capacity to obtain, process, and understand nutritional
information and the skills needed to make appropriate nutri-
tional decisions Several nutritional literacy scales have been
developed and reviewed recently(24,29,37) and the Nutritional
Literacy Scale (NLS) has been praised by dietitians and con-
firmed suitable in multiple studies(30,35,36,38). The NLS consists
of a sequence of statements in which a part of a sentence is left
blank (e.g. ‘Calcium is ____ for bone health’. Participants are
presented with four options (e.g. ‘essential’, ‘osteoporosis’,

‘expensive’, ‘prescription’) and asked to pick the one that
best completes the statement. We used the NLS as guidance
in the development of our questionnaire in which we trans-
lated and adapted (e.g. changing ounces to grams) the original
items to fit the Dutch situation. Six of the original twenty-eight
items were not included because of a poor fit to the nutritional
literacy construct as defined in this study (e.g. questions about
the price of healthy foods and weed-control techniques used in
production of organic foods).

Measurement of food choices and use of nutritional
information

Drawing on a 2007 computer-based experiment on food
choices(39), we used an open-source programme to quantify
food choice behaviour (MouselabWEB 1.00 beta(40)). Like
another computer-based experiment using pictures of canteen
lunches(41), we investigated what nutritional information was
used to make choices. As in our earlier work(18), we prompted
participants to choose between nine different pairs of common
food products that are found in supermarkets. Participants
were shown the name and picture of each product and had
the option of viewing eight additional attributes in a matrix
format, similar to that used for food labels. Participants
were asked which of the two products they would purchase
assuming that the price of both was acceptable to them and
were instructed not to base their decisions on taste (see Fig. 1).
At the beginning of each choice, all pieces of nutrition infor-

mation on product attributes were not visible to the participant
(i.e. energy, fat content, protein content, etc.). The picture and
the name of the product were visible. Participants could make
information visible by opening a cell by moving the cursor
over it; the cell closed when the cursor was moved away.
The MouselabWEB software tracked both the frequency
with which these cells were opened and the time for which
they remained open and stored it on the university server on
which the online questionnaire was hosted.
The matrix consisted of two columns, each representing one

food product. Each column displayed the name of the prod-
uct, an image of it, and eight nutritional attributes (ingredient
declaration, energy content, total carbohydrate content, sugar
content, total fat content, saturated fat content, protein content
and salt content). The position of the foods in the columns
(left/right) was randomised across choice trials and partici-
pants. The row in which the closed attributes appeared was
also counterbalanced, but remained linked to the appropriate
column. Participants read detailed instructions about how to
use MouselabWEB and conducted a guided practice trial
before starting the food choice task(41).
We included the data in our analysis on nutrition informa-

tion considered only when participants opened a cell for
more than 100 ms. We expected acquisitions <100 ms not
to be read and comprehended by the participants, based on
eye-fixation literature(42). Such data points were the result of
involuntary or accidental openings when scrolling over the
page. Additionally, like our earlier research(18), we excluded
the choices that participants made for products that they
were allergic to, or had a medical condition prohibiting
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consumption. These choices were not counted towards their
score of healthy choices made.
The nine food choices were picked from the website of the

Dutch Centre for Nutrition(43) (see Table 1). This institute uses
the so-called Wheel of Five (Dutch: De Schijf van Vijf), a food
products–healthy choices information graphic, to give straight-
forward nutrition advice. The institute’s website provides food
choice recommendations. The nine choices that we used were
all listed on the website as examples of what foods can be eas-
ily substituted with a similar product. In Table 1, we included
the rationale behind why the two choices differ in terms of
healthiness.
After making their initial food choices participants were

again asked to choose between the nine pairs of products pre-
sented earlier, this time on the basis of taste. This time they did

not have the option of viewing nutritional information. The
aim was to get participants to choose again, solely on the
basis of their perception of the anticipated taste. We coded
taste preferences as ‘1’ when the unhealthy option was
selected, ‘2’ when no preference was indicated and ‘3’ when
a preference for the healthy option was indicated. The
recorded values per choice were aggregated into a continuous
variable ranging from a general taste preference for the
unhealthy option (9), to a general taste preference for the
healthy option (27).

Ethical approval

The Open University’s ethical review committee reviewed the
research proposal. The scope of the research, the informed

Fig. 1. Screenshot of a choice matrix provided in MouselabWEB, as also used in our earlier research(18).
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consent procedure, the contents of the questionnaire and the
possible physical and psychological impact on participants
were assessed and approved (reference: U2016/03880/FRO).

Statistical analyses

All analyses were conducted using SPSS Statistics software ver-
sion 22 (IBM). Participants who did not complete all proce-
dures were excluded from the analyses.

Cluster formation. In order to generate groups of consumers
based on their nutritional information usage, a cluster analysis
was conducted. The variables used for classification included
the total frequency and total time of energy, salt, sugar and
saturated fat considered. We decided to focus on these four
variables, as foods high in these nutrients are generally
considered to be unhealthy and thus a risk factor for public
health. These variables were standardised into z-scores. The
analysis was conducted in two steps, using a combination of
hierarchical and non-hierarchical clustering approaches, as
commonly used in studying food choices(44). This approach
allows us to form clusters with high internal and external
homogeneities(45).
Since hierarchical cluster analyses are sensitive to outliers,

univariate outliers on the overall intention to eat healthily
score (>1·5 interquartile range; n 3) and multivariate outliers
on the combined time and frequency of the four nutrition
information summary scores (Mahalanobis distance >26·23,
P < 0·001, n 7) were removed from the dataset. This resulted
in a total sample of 230 participants for the hierarchical cluster
analysis. This cluster analysis was conducted using Ward’s
method based on squared Euclidian distances. As such, in
every step of the clustering process, two clusters are merged
such that the squared Euclidean distance between each
respondent and the centre of the cluster to which s/he belongs
is minimised. The extracted initial cluster centres were saved
and used as non-random starting points in an iterative
k-means clustering procedure(46). The agglomeration schedule

was calculated, and the inverse scree plots of Ward total
within-group sums of squared errors of successive cluster
solutions were constructed to determine the optimum num-
bers of clusters (=3).
To examine the stability of the cluster solutions, we used a

double-split cross-validation procedure(47,48). Following this
procedure, the sample was randomly split into halves (subsam-
ples A and B) and the two-step cluster procedure was applied
to each half. After that, the participants of subsample A were
assigned to new clusters using an iterative k-means cluster pro-
cedure based on the cluster centres of subsample B and vice
versa. The new cluster solutions were then compared for
agreement using Cohen’s κ, to check if the two different
approaches resulted in similar clustering solutions. There was
very high similarity (κ> 0·972). The cluster centres from sub-
sample A had a slightly higher similarity; hence they were used
create the definitive cluster solution in the combined dataset.

Differences between clusters. Separate one-way ANOVA
were conducted for each variable to determine whether
there were differences between clusters. Significant
differences were subjected to post hoc analysis using the
Bonferroni or Games–Howell test, depending on the results
of a test of homogeneity of variances. A Spearman’s
rank-order correlation analysis was used to assess cluster
differences in percentage of healthy food choices.

Multinomial logistic regression. Before carrying out the
multinomial logistic regression, we ruled out multicollinearity
problems by calculating the variance inflation factor
(=1·926). The assumption of proportional odds was met, as
assessed by a full likelihood ratio test comparing the fit of
the proportional odds model with a model with varying
location parameters (χ2(136) = 73·839; P= 1·000). The
statistical power of the multinomial logistic regression was
assessed based on a binary logistic regression model, because
multinomial logistic regression is, in essence, a series of

Table 1. The eighteen comparable food products (nine dichotomous choices) presented to participants, as presented earlier in Van Buul et al.(18)

Choice Unhealthy choice* Healthy choice* Rationale

1 Gouda cheese 48+† Gouda cheese 30+† Cheeses that have the ‘48+’ indication have a higher saturated fat

content compared with cheeses with the ‘30+’ indication

2 Coconut oil Olive oil Olive oil has less saturated fat than coconut oil

3 Spelt bread (refined) Whole-wheat bread Bread made from refined flour (regardless of species of wheat used)

contains less fibre

4 Canned string beans (with

added salt)

Frozen string beans Salt and sometimes also sugar are often added to vegetables in cans,

not to frozen vegetables

5 Culinary pork loin (injected with

water and additives)

Pork loin There is a link between eating processed meat and a higher risk of

stroke, type 2 diabetes and colon cancer

6 Calvé peanut butter 100 % Peanut butter Calvé peanut butter contains more salt, sugar and saturated fats

7 Santa Maria Extra Fine

Selection Thai Red Curry

Original Spices by Jonnie Boer

Thai Red Curry

The Santa Maria spice mix has added salt, while the Original Spices

by Jonnie Boer does not

8 Salted full-cream butter Liquid baking fat (from

vegetable oils)

In comparison, there are more saturated fats in hard fats

9 Feta 45+ Goat cheese 45+ The feta cheese contains more salt than the alternatively presented

goat cheese

* Participants saw Dutch names and a picture without information between parentheses.

† The numbers indicate the fat content of the cheese, based on the percentage of milk fat solids – a common way of indicating cheese differences in the Netherlands.

5

journals.cambridge.org/jns
ht

tp
s:

//
do

i.o
rg

/1
0.

10
17

/jn
s.

20
19

.1
3 

Pu
bl

is
he

d 
on

lin
e 

by
 C

am
br

id
ge

 U
ni

ve
rs

ity
 P

re
ss

https://doi.org/10.1017/jns.2019.13


binary logistic regressions. The combined membership of the
two smallest clusters (1 and 3; n 136) was well above the
recommended minimum for empirical validity, namely ten
participants per independent variable (seventy, in our study)(49).
The deviance goodness-of-fit test indicated that the model

was a good fit to the observed data (χ2(428) = 437·825; P =
0·361), as did the Pearson goodness-of-fit test (χ2(428) =
447·107; P= 0·253). These results should be treated with
some caution, however, as there were a very large number
of covariate patterns (230) and 66·7 % of cells had a frequency
of zero. A better method of assessing model fit is to compare
the fit of the full model with that of an intercept-only model.
The difference between these two models with respect to the
−2 log likelihood has a χ2 distribution with df equal to the dif-
ference in the number of parameters.

Results

Three clusters were formed based on patterns in use of infor-
mation about energy, salt, sugar and saturated fat. Table 2 pre-
sents the clusters and the mean values of the variables that
were used for cluster formation. We have named the clusters
according to the level of use of nutritional information
(high, medium, and low).

Differences between clusters

In line with our overall research question, we compared demo-
graphic, psychosocial and other relevant variables in the three
clusters. As can be seen in Table 3, the low information users
made less healthy choices than those from the other two clus-
ters. A Spearman’s test revealed a strong positive correlation
between cluster allocation (high v. low) and healthy choices (rs-
(220) = 0·451; P < 0·005). The high information users were
older than the other clusters.
Interestingly, the three clusters also significantly differed on

usage of information on carbohydrates, protein, ingredient
declaration and total fat content – all other available informa-
tion they could consult. Apparently, within our studied health-
conscious consumers, there was a high variability in the
quantity of information considered, but not what information

that was considered. In all instances, the medium information
users used significantly less information than the high infor-
mation users and more information than the low information
users.
We observed no univariate differences between clusters with

respect to intention to eat healthily, action planning, coping
planning and self-efficacy measures (all P > 0·05). There
were marginal cluster differences (P < 0·10) in intention to
eat healthily, action planning and coping planning; the low
information users appeared to score slightly lower on these
psychosocial variables than the other two groups.
Partially in line with our third hypothesis, there was a cluster

difference in taste preferences, with high information users
showing a higher general taste preference for the healthy
options. Unfortunately, we could not confirm the existence
of a cluster difference in nutritional literacy scores, although
once again there was a marginal difference (P < 0·10), with
low information users appearing to score slightly lower on a
nutritional literacy test than the other two groups.
Furthermore, in line with expectations, we observed a clus-

ter difference in perceptions of the importance of nutritional
attributes to the healthiness of food. In general, the high infor-
mation users perceived information about energy content,
total sugar content, total fat content, total saturated fat content
and salt content to be more important to the making of
healthy choices than the low information users.

Multinomial logistic regression

Although an ANOVA did not reveal cluster differences in the
psychosocial variables (all P> 0·05), there were some apparent
differences at a descriptive level. We wanted to understand
how psychosocial variables contributed to cluster allocation
and hence their relationship with use of information about
the four nutritional ‘evils’, so we performed a multinomial
logistics regression with intention to eat healthily, action plan-
ning, coping planning and self-efficacy as covariates and infor-
mation use as the dependent variable. Because there were
cluster differences in age, taste preferences and NLS score
we included these variables in our model. Table 4 displays
the results of the multinomial logistic regression.

Table 2. Differences between clusters on usage of energy, salt, sugar and saturated fat information considered (both total time and frequency)

(Mean values and standard deviations)

Cluster 1: high

information users

(n 82)

Cluster 2: medium

information users

(n 86)

Cluster 3: low

information users

(n 540) Total (n 222)

Mean SD Mean SD Mean SD Mean SD F (df = 2)

Total frequency energy 30·59a 5·60 23·13b 5·56 8·93c 5·22 22·43 9·97 254·28***
Total time energy (s) 27·14a 6·17 17·51b 5·24 6·20c 3·82 18·32 9·64 254·42***
Total frequency salt 30·01a 5·63 20·34b 4·89 8·70c 5·54 21·08 9·77 261·14***
Total time salt (s) 25·27a 6·11 13·86b 4·15 5·77c 4·39 16·11 9·17 260·41***
Total frequency sugar 28·15a 4·91 21·24b 4·50 7·54c 4·25 20·46 9·16 329·42***
Total time sugar (s) 23·46a 6·39 14·23b 4·22 5·09c 3·57 15·42 8·69 222·69***
Total frequency saturated fat 30·39a 5·25 22·23b 5·34 8·26c 4·38 21·85 9·90 307·98***
Total time saturated fat (s) 28·23a 7·15 17·89b 4·99 6·07c 4·27 18·83 10·27 244·14***
a,b,c Mean values within a row with unlike superscript letters were significantly different (P < 0·05; Bonferroni or Games–Howell post hoc test).

*** P < 0·001.
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Table 3. Demographic information, other nutrition information usage and psychosocial variables per cluster

(Mean values and standard deviations; percentages)

Cluster 1: high

information users

Cluster 2: medium

information users

Cluster 3: low

information users Total

Mean SD Mean SD Mean SD Mean SD F/χ2 (df = 2)

Food choice behaviour

Healthy choices (%) 88·95a 12·27 84·2a 15·39 67·17b 18·32 81·81 17·33 35·48***
Demographics

Age (years) 54·96a 12·68 48·93b 13·81 49·72b 13·62 51·35 13·58 4·81**
BMI (kg/m2) 26·10 4·50 25·32 3·79 24·85 3·86 25·49 4·09 1·67
Female (%) 56·1 67·4 63·0 62·2 2·32

Nutrition information

Total frequency carbohydrates 28·91a 5·22 21·13b 5·50 8·54c 5·92 20·94 9·55 222·99***
Total time carbohydrates (s) 27·23a 9·52 15·74b 5·95 6·16c 5·15 17·65 11·00 139·49***
Total frequency protein 27·93a 5·60 21·28b 5·96 7·89c 4·58 20·48 9·47 216·22***
Total time protein (s) 24·85a 6·82 16·77b 9·24 5·14c 3·71 16·93 10·51 117·90***
Total frequency ingredients 32·24a 8·08 24·70b 7·37 10·52c 7·11 24·04 11·26 134·23***
Total time ingredients (s) 49·48a 28·26 29·47b 15·20 12·82c 12·38 32·81 24·97 53·70***
Total frequency total fat 28·68a 5·27 21·08b 6·00 8·26c 5·40 20·77 9·62 216·98***
Total time total fat (s) 27·02a 7·44 15·85b 5·60 6·76c 6·48 17·76 10·26 162·04***

Psychosocial

Intention to eat healthily 5·64 0·85 5·66 0·81 5·37 0·88 5·58 0·85 2·33†
Action planning 4·05 1·55 4·03 1·49 3·51 1·64 3·91 1·56 2·45†
Coping planning 4·12 1·54 3·92 1·54 3·49 1·72 3·89 1·60 2·54†
Self-efficacy 5·18 1·06 5·19 1·06 5·25 1·07 5·20 1·06 0·80

Other

Score on NLS 18·93 2·04 18·76 2·19 18·04 2·89 18·64 2·34 2·55†
Taste preference 20·49a 2·35 19·57b 2·56 19·09b 2·53 19·79 2·53 5·74**
Physical activity 4·32 2·09 4·16 2·05 4·25 2·01 4·24 2·05 0·12
Allergic (%) 14·6 12·8 14·8 14·0 0·16
On diet (%) 28·0 31·4 25·9 28·8 5·81
Tertiary education (%) 74·3 77·7 78·4 76·7 11·98

Perceived importance of attributes

Ingredients 4·11 0·72 4·06 0·80 3·85 1·05 4·03 0·85 1·62
Energy 3·90a 0·88 3·65a,b 0·98 3·46b 1·19 3·70 1·01 3·28*
Carbohydrates 3·71 0·94 3·74 0·80 3·41 1·09 3·65 0·93 2·45†
Total sugar 4·37a,b 0·73 4·47a 0·68 4·06b 0·92 4·33 0·78 4·95**
Total fat 4·04a 0·92 3·94a,b 0·87 3·59b 1·14 3·89 0·97 3·66*
Saturated fat 4·37a 0·76 4·22a 0·69 3·61b 1·12 4·13 0·89 14·02***
Protein 3·70 0·87 3·69 0·87 3·35 1·01 3·61 0·91 2·85†
Salt 4·45a 0·71 4·29a 0·73 3·87b 0·93 4·25 0·81 9·32***

NLS, Nutrition Literacy Scale.
a,b,c Mean values within a row with unlike superscript letters were significantly different (P < 0·05; Bonferroni or Games–Howell post hoc test).

* P < 0·05, ** P < 0·01, *** P < 0·001.
† P < 0·1.

Table 4. Effect of age, intention to eat healthily, action planning, coping planning, self-efficacy, score on Nutrition Literacy Scale (NLS) and taste

preferences on cluster allocation†
(Odds ratios and 95 % Wald confidence intervals)

Cluster Variable OR 95 % Wald CI B P

High information users Age 1·030 1·001, 1·060 0·030 0·041*
Intention to eat healthily 1·889 1·008, 3·540 0·636 0·047*
Action planning 1·044 0·699, 1·559 0·043 0·833
Coping planning 1·388 0·928, 2·076 0·328 0·111
Self-efficacy 0·404 0·233, 0·700 −0·907 0·001**
Score on NLS 1·139 0·967, 1·343 0·130 0·120
Taste preference 1·263 1·079, 1·479 0·234 0·004**

Medium information users Age 0·996 0·971, 1·022 −0·004 0·774
Intention to eat healthily 1·880 1·030, 3·430 0·631 0·040*
Action planning 1·196 0·813, 1·760 0·179 0·363
Coping planning 1·100 0·757, 1·599 0·095 0·618
Self-efficacy 0·475 0·280, 0·803 −0·745 0·005**
Score on NLS 1·119 0·955, 1·312 0·113 0·164
Taste preference 1·079 0·932, 1·250 0·076 0·309

* P < 0·05, ** P < 0·01.
† All values are using the low information users as the reference cluster.
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In this model, both intention to eat healthily and self-
efficacy predicted cluster allocation, which was not apparent
from the initial ANOVA (Table 3). Once again, age and
taste preference predicted cluster allocation when comparing
high information users with low information users. Older peo-
ple and those who prefer healthier products purely on taste
grounds made more use of nutritional information.
The fact that both intention to eat healthily and self-efficacy

predicted cluster allocation in this regression model is remark-
able. Based on the OR of these two variables, a relatively low
intention to eat healthily combined with a relatively high self-
efficacy predicts allocation to the low information user cluster.
This particular cluster of consumers is less committed to eat-
ing healthily than the others in our sample (who had all
declared an intention to eat healthily), yet simultaneously is
more confident of their ability to make healthy choices.

Discussion

As explained in the introduction, we set out to investigate pos-
sible behavioural, demographic and psychosocial differences
between clusters of consumers who intend to eat healthily
and have been segmented according to the time they spent
looking at information about the energy, salt, sugar and satu-
rated fat content and the frequency with which they consulted
such information when making food choices. As expected, our
sample of consumers who intended to eat healthily proved to
be a heterogeneous group, amongst which there were large dif-
ferences in use of nutritional information and subsequent food
choice behaviour. Between clusters, we observed a 21·78 per-
centage point difference (88·95 % minus 67·17 %) in how
often the healthy option was chosen out of two substitutable
food products. With an estimated 200 food decisions
daily(50), over forty-three choices could have resulted in the
healthy option if only for cluster allocation.
There were cluster differences in age and taste preferences.

Whilst it is possible that the older group may have revisited the
cells displaying nutritional information more frequently due to
worse memory, it should be noted that the difference in mean
age was relatively small (about 6 years; see Table 3). The only
cluster to make fewer healthy choices was the low information
users. The finding that high information users had a stronger
taste preference for the healthy products than low information
users may reflect a form of reverse causality. There is evidence
that knowing the healthiness of a product influences percep-
tions of its tastiness(51), which may explain this result.
More interesting from a public-health perspective is our

finding that there is a unique combination of intention to eat
healthily and self-efficacy that predicts use of nutritional infor-
mation. Low information users combined a lower intention to
eat healthily with a relatively high self-efficacy when compared
with the other clusters. In our sample membership of this clus-
ter was associated with more frequent unhealthy food choices.
Confirmation of these results in future studies would suggest
that health interventions should focus on avoiding overconfi-
dence in making food decisions, to help ensure that even when
consumers’ intention to eat healthily is (temporarily) low, they

will make an effort to consult nutritional information prior to
making a food choice.
Whilst we agree that improving nutritional literacy should be

an important target for public health interventions, this study
shows that doing so is likely to have only a limited effect on
use of nutritional information. As anticipated, our results
show that use of nutritional information to make food choices
is a complex phenomenon that is related to more than just
nutritional literacy. We therefore recommend that public
health campaigns target both nutritional literacy and use of
nutritional information to maximise improvement in food
choices.
In this respect, proper labelling of the nutritional content of

food is of utmost importance to guarantee that consumers can
utilise their right to know what is in food products and help
them to make better dietary choices. Moreover, we recom-
mend that the abundant availability of foods in general and
high accessibility to ultra-processed foods in particular should
be reduced to ensure healthier eating across populations(26,52).

Potential interaction between intention to eat healthily and
self-efficacy

In recent years many studies have adopted the HAPA model
to explain and predict risk-reducing behaviours (e.g. vaccin-
ation(53)) and health-enhancing behaviours (e.g. physical activ-
ity(21)). In view of its apparent fit to food choice behaviour, an
increasing number of studies have focused specifically on the
HAPA model in the context of healthy eating(22,54–56). We
have provided evidence of its applicability to the prediction
of use of nutritional information, which may be considered
a healthy behaviour. We would also like to underscore the
importance of using multivariate models to understand health
behaviour.
There were no cluster differences in the psychosocial factors

mentioned in the HAPA model (all P > 0·05), although there
were some marginal effects (P < 0·1). Thus we have no hard
evidence that any particular psychosocial factor promotes
use of nutritional information and hence cluster allocation.
A more in-depth analysis, based on multinomial logistical
regression, revealed an interaction between two variables,
such that the combination of high intention to eat healthily
and low self-efficacy with respect to making healthy food
choices had a positive effect on information use. We found
that, as in the original HAPA model, motivational and vol-
itional constructs need to be combined to predict an indivi-
dual’s health behaviour.
To investigate this interaction between intention and self-

efficacy, we added an interaction variable (intention × self-
efficacy) to the multinomial logistics regression model (not
presented in Table 4), but this proved non-significant (P >
0·622). We then replaced intention to eat healthily with a stan-
dardised residual variable that captures only the variance not
explained by intention to eat healthily plus self-efficacy. We
then replaced intention to eat healthily with a standardised
residual variable that takes into account merely the variance,
which cannot be explained by both intention to eat healthily
and self-efficacy. After computing it using a linear regression
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of the effect of self-efficacy on intention to eat healthily (β =
0·651), we found that self-efficacy became a non-significant
predictor in the model (P = 0·106). Although we were unable
to draw new conclusions from these analyses, they do signal
that there is some unaccounted variance that could explain
the insignificance of the interaction variable. In future studies,
we therefore aim to increase the detail of our measure of a par-
ticipant’s confidence in making healthy food choices. This
could help to better understand the phenomenon that there
might be a limit to the effect of self-efficacy on the healthiness
of food choices(57,58).

Methodological limitations

Whilst this study has several strengths, particularly the use of
process-tracing software to capture data on use of nutritional
information in the making of food choices and the focus on
a neglected sub-population of consumers, those who intend
to eat healthily, it also has some limitations. First, it should
be noted that the design is cross-sectional, so it is not possible
to infer causal relationships from the results; nor does the
study give information on long-term outcomes of food choices
and the process that precedes the making of choices(59).
Second, in demographic terms our sample was not entirely
representative of the general Dutch population, as discussed
in our earlier work(18). Our sample was considerably more
educated and had a higher proportion of women than the gen-
eral Dutch population(60). The questionnaire was sent out to
about 1000 of the email addresses making up the panel,
which the panel administrator describes as containing a cross-
section of the general population. Third, most individuals gen-
erally do not make food choices on a computer (although the
number of online grocery shoppers is growing); however,
a rapidly growing body of evidence suggests that in social
psychological research the differences between outcomes
obtained from online convenience samples and laboratory-
based off-line research are limited(61,62). Fourth, whilst our
aim was to present participants with nine pairs of food pro-
ducts that differed only with respect to healthiness, the pairs
differed – unsurprisingly – with respect to much more than
the nutritional profile. The most important of these differences
are those in perceptions of the taste and texture of some of the
choices (e.g. spices with v. spices without salt, refined bread v.
whole-wheat bread). There may also have been some differ-
ences in the perceived safety of some of the pairs (e.g. frozen
string beans v. canned beans; processed v. unprocessed pork
loin). Fifth, we did not use a validated nutrition literacy scale
to measure the nutrition literacy construct in the participants
of this study. Although Spanish(38) and Greek(63) versions of
the original English NLS(36) have been published and vali-
dated, no Dutch version has been published and validated
to the best of our knowledge. In our translation of the original
scale, we took into account the cultural appropriateness and
semantic understanding of the questions by our target
group. Moreover, we omitted items that were irrelevant to
the definition of nutrition literacy as used in this study. We
balanced off the empirical and psychometric implications of
adapting and shortening a validated questionnaire with the

risk of reduced data quality by unclear or irrelevant items. In
this respect, a validation of the Dutch items used in this
study is warranted through methodologies including structured
interviews with participants of this Dutch scale and having
participants complete questionnaires related to functional
health literacy, similar to the validation studies in Spain and
Greece. Lastly, we consider the self-selecting nature of our
sample a potential limitation; although all our participants indi-
cated an intention to eat healthily and we have confirmed this
through our questionnaire, some segments of the population
of consumers who intend to eat healthily may have been
under-represented in our sample, particularly those who are
less expressive of their intention.
Our cluster analysis focused on use of information about

the salt, sugar, saturated fat and energy content of food pro-
ducts. As noted in the introduction, there is strong evidence
that excessive intake of foods high in these four ‘evils’ is a
public health problem. One could argue that we could have
clustered on all nutrition information considered. Given the
high and significant differences between clusters on all other
nutrition information (carbohydrates, protein, ingredient dec-
laration, total fat), however, our results will probably not
change significantly. It is also this correlation that barred us
from clustering on differences between what information
was considered, rather than the overall amount that is consid-
ered. It would be interesting to disentangle those consumers
who focus only on salt, for instance, from those who focus
only on sugar. Our current methodology, however, did not
allow such cluster formation.
In this context, it is also interesting to consider those parti-

cipants who made extremely limited use of nutritional infor-
mation in our experiment. As the name and picture of the
product were always visible, participants may have obtained
a considerable amount of information from these sources
alone. In a future study, it would be worth investigating how
participants infer nutritional information from pictures and
product names. The literature on heuristics provides evidence
of a ‘less is more’ effect when it comes to nutritional informa-
tion(39,41,64). The attenuating role of self-efficacy in our study
suggests an avenue for further study in this field.

Recommendations and conclusion

Using data from our online process tracing study we were able
to unravel the heterogeneity of consumers who intend to eat
healthily and link this to their food choices. We found that
within this group there are clusters of consumers who often
choose the less healthy option, perhaps without being aware
that they are doing so. As hypothesised, when clustered
according to the duration and frequency of viewing of infor-
mation about the energy, salt, sugar and saturated fat content
of food products, we found cluster differences in food choices
(hypothesis 1).
Our in-depth analysis revealed some evidence that cluster

membership is influenced by an interaction between motiv-
ational and volitional constructs, particularly intention to eat
healthily and self-efficacy, partially confirming hypothesis
2. Although our results are not conclusive, they indicate that
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it may be worth considering a shift in the focus of public health
interventions. The case of such a shift would be stronger if the
interaction between intention and self-efficacy (i.e. low intention
combined with high self-efficacy that results in less usage of
nutritional values) is also observed in consumers who do not
express a particular intention to eat healthily. It could very
well be that interventions designed to promote healthy eating
result in some consumers becoming overconfident about their
ability to make healthy choices and hence lead to less healthy
choices. Public health messages might need to be tailored to
specific subgroups to ensure that – regardless of good inten-
tions and confidence – people still consult nutritional informa-
tion prior to making food choices. For this, we recommend
replicating our study in a different population. In such a
study, an improved measure for self-efficacy should be used
to understand better the unaccounted variance in our model.
In our previous study(18) we argued that models based on

motivational and volitional constructs should be augmented
to improve their predictive power. We have found, for
instance, that nutritional literacy is an important predictor of
the percentage of healthy choices made. In this study we
used cluster analysis to demonstrate that taste preferences
played an important role in food choices (hypothesis 3),
whereas nutritional literacy had a limited effect on use of nutri-
tional information and hence cluster allocation.
Our study shows that consumers who intend to eat healthily

cannot be treated as a single population, and this should be
reflected in the approaches taken by public health intervention-
ists who are targeting this important group. A more tailored
approach to communication and guidance is required. There
are huge differences within this group in terms of use of nutri-
tional information and subsequent food choices. We recom-
mend that these differences should be taken into account in
the development of innovative, evidence-based policies and
interventions to promote healthier food choices.
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