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The Islands

• An online population of virtual human subjects for student research 
projects


• Provides a genetic history and background story for each of 78,000 
Islanders living across three islands


• Models can then be added to enable open-ended observational and 
experimental studies



Chatbot
• The Islands include a chatbot interface for flexibility and to enable simple 

qualitative research


• The chatbot is based on the classic A.L.I.C.E. AIML set (winner of the 
Loebner Prize in 2000), including questions such as


• What is your favourite book?


• What is your favourite food?


• Do you like chocolate?



AIML

<category><pattern>WHAT	IS	YOUR	FAVOURITE	BOOK</pattern>	
<template>The	best	book	I	read	recently	was	<bot	name="favouritebook"/>.	Have	you		
read	<set	name="it"><set	name="topic"><bot	name="favouritebook"/></set></set>?</template>	
</category>	

<category><pattern>WHAT	IS	YOUR	FAVORITE	FOOD</pattern>	
<template>I	require	only	<bot	name="favoritefood"/>.</template>	
</category>	

<category><pattern>DO	YOU	LIKE	CHOCOLATE</pattern>	
<template>Yes	I	love	<set	name="it"><set	name="topic">chocolate</set></set>.	Chocolate	is	delicious.</template>	
</category>	



Taste and Diet

• Studies have identified a genetic basis for various taste receptors


• For example, the TAS2R38 gene has been associated with taste sensitivity 
for 6-n-propylthiouracil (PROP)





the fungiform papillae in a 6-mm-diameter circle on right and left tongue
tips on a high-resolution monitor. The average of counts from the two
sides was used to compare with the alcohol sensory and intake measures.

Alcohol Intake

Yearly intake of beer, wine or wine coolers, and liquor or mixed drinks
was assessed by using the Block Food Survey (Berkley Nutrition Services,
2000; Block et al., 1986), version 98.1. A registered dietitian interviewed
each subject on the first or second day of testing by using this survey, and
subjects reported how often they consumed each beverage (categories
range from “never” to “every day”) and the amount consumed per time
interval (e.g., glass, bottle, and drink and the size of the serving). Cate-
gories were coded to a number of drinks per year as follows: “few times
per year” as 4 drinks, “once per month” as 12 drinks, “2–3 times per
month” as 30 drinks, “once per week” as 52 drinks, “2 times per week” as
104 drinks, “3–4 times per week” as 182 drinks, “5–6 times per week” as
286 drinks, and “every day” as 365 drinks. Subjects reported consuming
alcoholic beverages at least a “few times per year.” For each time, the
number of servings of alcoholic beverage consumed was recorded. The
total alcohol intake was the sum of the yearly intakes of beer, wine, and
liquor.

TAS2R38 Gene Analyses

A trained phlebotomist drew blood samples from subjects in a visit that
involved only drawing the blood samples. DNA was extracted from whole-
blood samples that had been stored at subzero (!60°C) freezer temper-
atures with standard methods that generally followed the manufacturer’s
instructions (Gentra, Minneapolis, MN), with occasional modification
required for old, lysed samples. Purified DNA samples were stored at 4°C
in Tris 10 mm; EDTA 1 mm (TE) until analyzed. Samples were analyzed
by using the 5'-exonuclease reaction (TaqMan) with assays provided by
Applied Biosystems (assay numbers C_9506826, C_9506827, and
C_8876467; Foster City, CA) in 384-well format and read on an ABI Prism
9700 (Applied Biosystems, Foster City, CA). Samples that failed to give a
clean genotype were repeated once.

Statistical Analyses

Data were analyzed with Statistica (Macintosh version 4.1, StatSoft,
Tulsa, OK). The criterion for significance was p ! 0.05. Standard multiple
regression analyses were used to predict the alcohol sensory and intake
data from the taste phenotype, TAS2R38 genotype, sex, and age. Two

levels of prediction were completed. The first used only the phenotype
(PROP intensity and fungiform papillae number), age, and sex to predict
alcohol sensation and intake. The second used the genotype, age, sex, and
fungiform papillae number to predict the alcohol data. PROP intensity
was not included because of the covariance with the genotype. Skewed
variables were transformed to improve the normality of the distribution
for this statistical procedure (Tabachnick and Fidell, 2001). Univariate
and multivariate outliers were removed by the standardized residual
("2.5) and the Mahalanobis distance criteria (critical #2 table with p "
0.001; degrees of freedom are the number of independent variables)
(Tabachnick and Fidell, 2001). The “Results” section presents the multi-
ple regression coefficient (r) and semipartial correlations (sr) of significant
contributors to the multiple r.

The degree of difference between genotypes was examined with
ANOVA by using planned comparisons with t tests and the error term
generated by the ANOVA (Keppel, 1991), as well as the #2 statistic.
Kendall’s $ statistic, which accounted for ties, was used to test the level of
association between ranking individuals by genotype (AVI/AVI, PAV/
AVI, and PAV/PAV) and phenotype according to the bitterness of 3.2
mM PROP (nontasters, medium tasters, and supertasters).

RESULTS

Relationship Between Genotype and Taste Phenotype

Individuals had only three patterns on genotyping for the
three polymorphic sites: only P, A, and V present; only A,
V, and I present; and both alleles present at all three sites.
Given extensive population data (Bamshad et al., 2004;
Kidd et al., 2004), these correspond to PAV homozygotes,
AVI homozygotes, and PAV/AVI heterozygotes, respec-
tively, with probabilities greater than 99%. The four indi-
viduals with other results were excluded from subsequent
analyses, as reported previously.

Figure 1 shows the distribution of taste thresholds across
genotypes. The PROP threshold was significantly different
across genotypes [F(2,46) # 89.783; p " 0.0001] such that
the mean threshold for the AVI homozygotes (0.579 $ 0.10
mM; mean $ SEM) was greater than for PAV/AVI het-
erozygotes (0.038 $ 0.001 mM), which it turn was greater
than for PAV homozygotes (0.011 $ 0.003 mM). There was

Fig. 1. Distribution of common genotypes for the
TAS2R38 gene by PROP threshold, with number of
subjects (y axis) and PROP molar concentration
(log10 transformed).
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Bitter Receptor Gene (TAS2R38), 6-n-Propylthiouracil
(PROP) Bitterness and Alcohol Intake

Valerie B. Duffy, Andrew C. Davidson, Judith R. Kidd, Kenneth K. Kidd, William C. Speed, Andrew J. Pakstis,
Danielle R. Reed, Derek J. Snyder, and Linda M. Bartoshuk

Background: Phenylthiocarbamide (PTC) and 6-n-propylthiouracil (PROP), chemically related com-
pounds, are probes for genetic variation in bitter taste, although PROP is safer with less sulfurous odor.
Threshold for PROP distinguishes nontasters (increased threshold) from tasters (lower threshold); per-
ceived intensity subdivides tasters into medium tasters (PROP is bitter) and supertasters (PROP is very
bitter). Compared with supertasters, nontasters have fewer taste papillae on the anterior tongue (fungiform
papillae) and experience less negative (e.g., bitterness) and more positive (eg, sweetness) sensations from
alcohol. We determined whether the TAS2R38 gene at 7q36 predicted PROP bitterness, alcohol sensation
and use.

Methods: Healthy adults (53 women, 31 men; mean age 36 years)—primarily light and moderate
drinkers—reported the bitterness of five PROP concentrations (0.032-3.2 mM) and intensity of 50%
ethanol on the general Labeled Magnitude Scale. PROP threshold and density of fungiform papillae were
also measured. Subjects had common TAS2R38 gene haplotypes [alanine-valine-isoleucine (AVI) and
proline-alanine-valine (PAV)].

Results: PROP bitterness varied significantly across genotypes with repeated measures ANOVA: 26
AVI/AVI homozygotes tasted less bitterness than either 37 PAV/AVI heterozygotes or 21 PAV/PAV
homozygotes. The PAV/PAV group exceeded the PAV/AVI group for bitterness only for the top PROP
concentrations. The elevated bitterness was musch less than if we defined the groups using psychophysical
criteria. With multiple regression analyses, greater bitterness from 3.2 mM PROP was a significant pre-
dictor of greater ethanol intensity and less alcohol intake—effects separate from age and sex. Genotype was
a significant predictor of alcohol intake, but not ethanol intensity. With ANOVA, AVI/AVI homozygotes
reported higher alcohol use than either PAV/AVI heterozygotes or PAV/PAV homozygotes. When age
effects were minimized, PROP bitterness explained more variance in alcohol intake than did the TAS2R38
genotype.

Conclusions: These results support taste genetic effects on alcohol intake. PROP bitterness serves as a
marker of these effects.

Key Words: Taste, Alcohol Consumption, Genetics, PTC/PROP Bitterness, TAS2R38.

STRONG SUPPORT EXISTS for a familial component
in the etiology of alcoholism and alcohol use [see Dick

and Foroud (2003) for review]. Twin studies show that the
heritability of alcoholism ranges from 50 to 60% (Heath et
al., 1997) and that genetic influences can explain a 5-fold
difference in alcohol use among adolescents in alcohol-
predisposing environments (Dick et al., 2001). Genetic risk

for alcoholism is complex; several different genes undoubt-
edly exert effects on the rewarding influence of drinking
alcohol, on the metabolic tolerance of alcohol overcon-
sumption, on brain systems that respond to reward, and on
response to alcohol withdrawal (Crabbe, 2002). Specific
gene mechanisms have been linked to, for example, the
metabolism of alcohol via alcohol dehydrogenase (Mulli-
gan et al., 2003; Osier et al., 1999) and aldehyde dehydro-
genase (Oota et al., 2004), as well as dependence via
!-aminobutyric acid receptors (Song et al., 2003). The pur-
pose of this study was to examine the association between
genetic variation in taste and alcohol use in a group of
reportedly healthy young adults.

Genetic variation in taste influences the sensations from
alcoholic beverages and could be one of the genetic factors
that interacts with environmental factors to determine the
risk of alcohol overconsumption, as suggested by models of
gene-environment interaction (Heath and Nelson, 2002).
The ability to taste the bitterness of phenylthiocarbamide
(PTC) and 6-n-propylthiouracil (PROP), which share an
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Taste on the Islands

• Can we add taste models to the Islands to allow this kind of study?


• The Islanders already have genetics so easy enough to add a genetic 
preference for five tastes: sweetness, saltiness, sourness, bitterness 
and umami 

• How can we use this to assign favourite foods and diets?



A Sensory-Diet database: A tool to characterise the sensory qualities
of diets
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a b s t r a c t

This paper describes the development of a Sensory-Diet database for understanding sensory drivers of
food choice and how sensory characteristics influence food intake.
Using an Australian children’s national nutrition survey, foods were selected as representing the diet

based upon frequency, food grouping, nutritional and/or sensory differences. Foods (377) were evaluated
by a trained sensory panel for five basic tastes (sweet, sour, bitter, salt and umami), basic textures
(hardness, cohesiveness of mass, moistness and fatty mouthfeel) and flavour intensity. A systematic
methodology was developed to then assign the sensory values of the tested foods to all foods across
the food composition database (3758 foods).
Relationships between dietary sensory characteristics and composition were explored. Principal com-

ponent analysis found diets were largely explained by a salty–sweet dimension in terms of flavour/taste
and by cohesiveness, moistness and fatty mouthfeel in terms of texture. For foods evaluated by the
trained sensory panel, significant correlations included those between sugar and sweetness; fat and fatty
mouthfeel; sodium and salty and umami taste, and protein with salty taste. Across the diet, these corre-
lations remained strong when applied to the entire food composition database with the exception of
sodium and salty taste. In this case the relationship no longer held in more complex foods. The
Sensory-Diet tool is the first published method for applying food sensory characteristics to a composition
database to facilitate investigation of sensory characteristics, food composition and diet.

! 2015 Elsevier Ltd. All rights reserved.

1. Introduction

Whilst many factors are known to affect food choice or prefer-
ence including availability, cost, and socioeconomics (Mela, 2000),
there is consensus that sensory characteristics play a pivotal role
(Drewnowski, 1995, 1997; Sobal, Bisogni, Devine, & Jastran,
2006) upon food palatability, selection and intake from an early
age (Nasser, 2001). It has been hypothesised that a food’s sensory
properties act as a ‘nutrient-sensor,’ eliciting expectations about
the food and its macronutrient content and in turn affecting the
sensory stimulation to eat, food choice and consumption
(Johnson & Vickers, 1993; Sorensen, Moller, Flint, Martens, &
Raben, 2003; Stubbs, Johnstone, Mazlan, Mbaiwa, & Ferris, 2001;
Viskaal van Dongen, van den Berg, Vink, Kok, & de Graaf, 2012).
For example, sweetness may suggest a foods’ energy and carbohydrate

content (Sclafani, 2007), viscosity may reflect energy density
(Davidson & Swithers, 2004), savoury taste may indicate protein
content, bitterness may signal food toxicity whilst sourness may
indicate ripeness (Viskaal van Dongen et al., 2012). Recent evi-
dence suggests humans are capable of estimating the presence of
dietary fats, mono- and disaccharides, protein and sodium in foods
based purely on their taste properties (Mattes, 2009; Viskaal van
Dongen et al., 2012). However, as Davidson and Swithers (2004)
suggest, highly processed consumables including sugar-free sweet
drinks or low-viscosity foods/drinks that are energy dense may
cause discrepancies between sensory perceptions and nutrient
composition and affect the ability to anticipate dietary energy
and regulate food intake. Similarly, additional taste stimuli (e.g.
salts or acids) added to foods’ may suppress other tastes (Green,
Lim, Osterhoff, Blacher, & Nachtigal, 2010). For example, sweetness
contributes greatly to food palatability (Sorensen et al., 2003), but
will dominate taste perceptions, suppressing saltiness, bitterness
and sourness (Green et al., 2010; Viskaal van Dongen et al.,
2012). With higher palatability levels related to larger meal
sizes (Sorensen et al., 2003), distortion of nutrient and sensory

http://dx.doi.org/10.1016/j.foodqual.2015.11.010
0950-3293/! 2015 Elsevier Ltd. All rights reserved.

⇑ Corresponding author at: CSIRO Food and Nutrition, PO BOX 10041, Adelaide,
SA 5000, Australia.

E-mail address: david.cox@csiro.au (D.N. Cox).
1 Current address: Symrise Asia Pacific Pte. Ltd, Singapore.

Food Quality and Preference 49 (2016) 20–32

Contents lists available at ScienceDirect

Food Quality and Preference

journal homepage: www.elsevier .com/locate / foodqual



Creation of a food taste database using an in-home ‘‘taste’’ profile
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a b s t r a c t

The purpose of this study was to create a food ‘taste’ database using an innovative in-home profile
method. The five basic tastes and fat sensation were studied. The proposed method consisted in an inten-
sive training in laboratory (55 h, 5 months) immediately followed by an in-home measurements phase
(8 months) during which 12 trained panelists had to evaluate the five tastes and fat sensation of the foods
they typically consumed. The rating scales were inspired by scales used in the Spectrum™ method. Dur-
ing the in-home measurement phase, ratings were reported thanks to a web-based tool and each month
the panelists returned to the laboratory for a 2-h retraining session.

The results showed that the proposed method could lead to results of good quality compared to those
obtained in laboratory. Over the in-home measurements period, 590 foods were described (average num-
ber of evaluations by food: 8.7). Six major classes of foods were identified on the basis of tastes and fat
sensation perceptions enabling a ‘‘sensory’’ classification of foods to be proposed. The food contributors of
high intensities were also highlighted, contributing to have an overview on the sensory sapid world we
face in our diet. Linking this sensory database with other types of data on food opens new perspectives in
nutrition and epidemiology.

! 2014 Elsevier Ltd. All rights reserved.

1. Introduction

Many food composition databases exist. Indeed, more than
35,000 European, North American foods and foods from other coun-
tries are now LanguaL™ indexed. But, to the best of our knowledge,
no database provides information on the taste intensity perceived
in foods. Building a database indicating the perceived intensity of
the tastes for the foods which are commonly consumed in different
countries would be greatly useful for public policy makers as well
as for food industries. First, it is well-known that sensory character-
istic, and in particular taste properties, are key drivers of food
acceptability. Second, it is also known that some tastes, such as
sweet and fat, could act as an early signal of calories and nutrients.
A food taste database would provide an overview of the sensory
landscape of diets, foods, foods within food groups and it would al-
low major food items or food groups, which are high-intensity vec-
tors, to be determined. It would also allow studying to what extent

usual food groups based on culinary or nutritional are homoge-
neous from a sensory point of view. Combined with nutritional
composition tables and food processing information, a food taste
database could provide elements of understanding about relation-
ship between food composition and processing characteristics
(type of tastants, type of matrix, level of processing, etc.), and per-
ceived taste intensity. A first attempt was made by Viskaal-van
Dongen and collaborators on 50 foods in order to correlate taste
intensities and composition in macronutrients (Viskaal-van
Dongen, van den Berg, Vink, Kok, & de Graaf, 2012). A food taste
database would also make possible the calculation of indices
reflecting our exposure to tastes, in the same way as intakes for dif-
ferent nutrients are calculated. Identifying patterns of exposure to
different tastes, or to foods with particular tastes in target popula-
tions (children, adults, elderly) could provide an additional factor,
helping to understand the origin of food preferences and of exces-
sive eating behaviours such as too sweet, too salty, or too fatty diets.

The difficulty of producing such database lies mostly in the
large number of food items available and by variations induced
by several factors probably modifying the taste profile of food
items, such as trademarks, product origins, degrees of maturity,
and transformations made at home (recipes, cooking methods

http://dx.doi.org/10.1016/j.foodqual.2014.03.005
0950-3293/! 2014 Elsevier Ltd. All rights reserved.
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Appendix A: Supplementary data 
Food ‘taste’ database 
For each food evaluated: Classe (result of the classification), number of evaluations, mean and 
standard error for the five basic tastes and fat sensation. 

 
Food Classe n 

Sweetness Saltiness Sourness Bitterness Umami Fat 

Mean STD Mean STD Mean STD Mean STD Mean STD Mean STD 

Almond (dried fruit) C6 1 0.50 - 0.70 - 0.00 - 0.00 - 0.00 - 0.70 - 

Anchovies (canned) C1 2 0.30 0.30 5.30 0.10 0.90 0.50 1.25 0.65 1.40 0.90 2.60 1.50 

Anchovies (fried or grilled) C1 2 0.05 0.05 2.70 0.10 0.05 0.05 0.80 0.30 0.45 0.25 3.70 0.10 

Andouille sausage C1 1 1.00 - 2.90 - 0.50 - 0.70 - 1.10 - 2.60 - 

Andouillette sausage C1 7 1.03 0.20 4.04 0.35 0.47 0.10 0.73 0.25 2.04 0.61 4.21 0.78 

Aperitif based on wine and liquor (Kir, etc.) C3 9 2.99 0.36 0.02 0.02 2.00 0.51 0.94 0.27 0.26 0.10 0.13 0.09 

Aperitif such as Martini (with lemon juice) C3 1 5.10 - 0.00 - 3.70 - 0.00 - 0.00 - 0.00 - 

Aperitif such as Martini (without lemon juice) C4 2 1.95 0.95 0.20 0.00 0.35 0.35 3.40 2.60 0.10 0.10 0.45 0.45 

Aperitif with anise C2 1 1.70 - 0.00 - 0.80 - 0.80 - 0.00 - 0.60 - 

Apple (cooked) C2 3 3.53 0.39 0.00 0.00 2.40 0.97 0.47 0.47 0.13 0.13 1.20 0.15 

Apple (fresh fruit) C3 63 2.77 0.12 0.02 0.01 1.99 0.17 0.38 0.06 0.08 0.03 0.20 0.05 

Apple (juice) C3 5 3.22 0.74 0.00 0.00 1.92 0.24 0.14 0.14 0.00 0.00 0.16 0.16 

Apple (stewed) C3 34 3.04 0.16 0.06 0.02 2.03 0.20 0.57 0.12 0.09 0.03 0.36 0.08 

Apple turnover C2 5 2.40 0.15 0.68 0.38 1.18 0.17 0.62 0.11 0.58 0.22 1.18 0.25 

Apricot (dried fruit) C2 1 4.40 - 0.00 - 2.20 - 0.00 - 0.00 - 0.00 - 

Apricot (juice) C3 3 3.17 0.65 0.20 0.10 3.50 1.08 0.90 0.47 0.77 0.38 0.90 0.10 

Apricot (stewed) C3 1 2.50 - 0.10 - 2.20 - 0.70 - 0.10 - 0.10 - 

Apricots (fresh fruit) C3 18 3.24 0.23 0.07 0.03 2.17 0.22 0.48 0.15 0.06 0.02 0.27 0.10 

Artichoke (with vinaigrette) C5 17 0.88 0.15 2.35 0.25 2.37 0.29 1.22 0.16 1.14 0.13 1.63 0.16 

Asparagus (with mayonnaise) C5 10 0.68 0.09 2.60 0.32 2.34 0.30 1.79 0.19 1.01 0.14 2.44 0.13 

Asparagus (with vinaigrette) C5 8 0.58 0.19 1.39 0.36 1.21 0.22 1.23 0.14 0.41 0.19 1.39 0.27 

Avocado (with lemon juice or vinegar) C5 10 0.65 0.26 0.95 0.35 4.47 0.62 0.11 0.07 0.36 0.13 4.33 0.85 

Avocado (with mayonnaise or vinaigrette) C1 25 0.59 0.12 2.06 0.27 1.08 0.23 0.70 0.15 0.63 0.11 3.48 0.26 

Avocado with tuna or crab filling C1 1 2.70 - 3.30 - 1.70 - 1.10 - 1.80 - 7.30 - 

Babybel® (cheese) C1 5 0.10 0.10 2.74 0.52 0.86 0.34 0.94 0.49 0.60 0.37 2.60 0.56 

Bacon or lard (stir-fried or grilled) C1 7 0.81 0.12 4.99 0.14 0.87 0.20 1.10 0.14 2.96 0.38 5.79 0.27 

Baked ham C1 7 0.34 0.14 3.16 0.30 1.03 0.26 0.56 0.26 1.39 0.22 1.90 0.21 

Banana (dried fuit) C2 1 2.80 - 0.00 - 0.60 - 1.90 - 0.00 - 0.60 - 

Banana (fresh fuit) C2 48 2.88 0.16 0.03 0.01 0.97 0.14 0.56 0.08 0.20 0.06 1.96 0.15 

Bass (with lemon juice) C5 2 0.40 0.10 0.50 0.20 0.80 0.00 0.15 0.05 0.20 0.00 0.75 0.15 

Bavarois-type fruit cake C2 8 4.33 0.53 0.24 0.14 1.46 0.19 0.28 0.10 0.14 0.12 2.66 0.62 

Beef (in gravy) C1 25 0.52 0.11 2.73 0.18 1.12 0.13 0.74 0.09 1.55 0.23 2.70 0.22 

Beef (roast or grilled) C1 47 0.55 0.07 2.75 0.15 1.26 0.15 0.49 0.06 1.29 0.10 1.95 0.13 

Beef bourguignon C1 6 0.58 0.14 3.17 0.29 1.17 0.15 0.67 0.20 1.60 0.35 2.88 0.46 

Beer (alcohol-free) C4 1 0.30 - 0.10 - 1.50 - 6.00 - 0.10 - 0.10 - 

Beetroot (with vinaigrette) C3 15 1.60 0.21 1.55 0.31 2.21 0.42 0.78 0.21 0.55 0.16 1.37 0.17 

Bell pepper (cooked) C1 4 1.15 0.18 2.40 0.78 1.23 0.22 1.65 0.67 0.85 0.43 2.08 0.37 

Bell pepper (marinated) C5 2 0.85 0.15 1.45 0.05 2.85 0.05 0.60 0.50 0.30 0.30 2.45 0.25 

Black blood pudding C1 8 1.01 0.16 3.01 0.14 0.94 0.20 0.84 0.19 1.95 0.31 4.14 0.55 

Blackberry (fresh fruit with sugar and cream) C3 3 1.83 0.32 0.00 0.00 2.47 0.27 1.87 0.33 1.57 0.17 1.00 0.10 

Blackberry (jam) C2 3 5.63 0.77 0.23 0.12 1.97 0.52 0.77 0.03 0.40 0.40 1.43 0.44 

Blackcurrant (fresh fruit) C3 2 1.10 0.40 0.20 0.10 2.95 0.85 1.50 0.70 0.50 0.40 0.20 0.10 

Bleu d'Auvergne (cheese) C1 12 0.11 0.08 3.33 0.29 2.00 0.26 1.99 0.14 1.15 0.24 4.00 0.11 

Bleu d'Auvergne (cheese with bread) C1 3 0.80 0.12 4.40 0.06 1.83 0.38 3.70 0.51 0.73 0.37 5.37 0.46 

Bleu de Bresse (cheese) C1 1 0.10 - 2.60 - 1.70 - 1.80 - 0.70 - 4.10 - 

Bleu de Bresse (cheese with bread) C1 1 0.80 - 4.00 - 1.80 - 2.20 - 1.80 - 5.10 - 

Blueberries (fresh fruit) C3 1 1.70 - 0.10 - 1.80 - 0.70 - 0.10 - 0.10 - 

Blueberries (jam) C2 2 5.25 0.25 0.55 0.05 1.35 0.45 1.20 0.50 0.00 0.00 1.90 0.10 

Boar C1 2 0.45 0.45 2.80 0.80 1.15 0.45 0.60 0.30 2.10 0.50 2.85 0.85 

Bottled still water C4 7 0.17 0.06 0.47 0.22 0.39 0.11 0.70 0.16 0.07 0.03 0.07 0.03 

Boursin® (cheese) C1 15 0.48 0.12 3.69 0.18 1.49 0.29 0.54 0.17 0.69 0.14 3.45 0.25 

Brandy (saké. cognac. vodka) C4 2 0.80 0.10 0.10 0.10 1.00 0.00 1.30 0.30 1.05 0.15 0.75 0.05 

Bread with bacon C1 4 0.68 0.35 3.15 0.57 1.15 0.39 1.00 0.11 1.30 0.25 2.63 1.00 

Breaded cod (plain) C1 1 0.00 - 3.60 - 0.00 - 0.00 - 4.40 - 3.90 - 

Breaded cod (with ketchup) C1 2 2.60 0.60 2.30 0.50 0.00 0.00 0.00 0.00 0.45 0.05 3.85 0.25 

Breaded cod (with lemon juice) C1 4 1.05 0.06 3.38 0.51 1.73 0.43 0.00 0.00 1.63 0.31 3.45 0.35 

Breakfast cereals with chocolate (with milk) C2 1 4.30 - 1.50 - 1.90 - 0.20 - 0.00 - 4.00 - 

Breakfast cereals with fruits, without chocolate C2 6 3.40 0.78 0.43 0.30 1.12 0.24 1.15 0.21 0.00 0.00 1.55 0.22 

Breakfast cereals without fruits, without chocolate (with milk) C2 7 2.97 0.46 0.19 0.12 0.00 0.00 0.00 0.00 0.13 0.08 1.77 0.20 

Brie (cheese) C1 9 0.28 0.11 2.94 0.28 0.80 0.24 1.62 0.31 0.84 0.13 4.03 0.43 

Brillat-Savarin (cheese) C1 2 0.55 0.15 3.10 0.70 0.85 0.15 1.40 0.60 0.95 0.15 5.45 0.05 

Brioche (plain) C2 21 2.40 0.15 0.98 0.14 0.30 0.09 0.25 0.07 0.16 0.05 1.45 0.23 

Broccoli (plain) C4 1 0.30 - 0.80 - 0.70 - 0.90 - 0.30 - 0.30 - 

Broccoli (purée) C6 1 1.40 - 1.10 - 0.00 - 0.80 - 1.40 - 1.00 - 

Broccoli (with cream) C6 5 1.66 0.20 3.10 0.58 0.10 0.10 0.24 0.24 0.08 0.08 1.14 0.09 

Brown rice C1 9 0.49 0.22 2.14 0.21 0.24 0.13 0.12 0.09 0.69 0.22 1.24 0.27 

Brussels sprouts C5 4 0.98 0.32 2.88 0.27 1.68 0.21 1.70 0.49 1.33 0.23 1.93 0.14 

Bulgur C1 8 1.04 0.04 3.45 0.12 1.84 0.16 0.85 0.25 1.60 0.09 2.61 0.17 

Bun (plain) C2 4 2.25 0.03 0.68 0.38 0.25 0.25 0.05 0.05 0.00 0.00 0.98 0.40 

Bun (with butter) C1 1 1.60 - 1.20 - 0.00 - 0.00 - 0.00 - 4.30 - 

Martin et al. (2014) Creation of a food taste database using an in-home ‘‘taste’’ profile method. Food Quality and Preference 36, 70-80. 

 



Baked Ham

Sweetness 0.34

Saltiness 3.16

Sourness 1.03

Bitterness 0.56

Umami 1.39



Avocado

Sweetness 0.65

Saltiness 0.95

Sourness 4.47

Bitterness 0.11

Umami 0.36
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What did you eat yesterday?

• Stigler’s classic ‘Cost of Subsistence’ LP model (1945):


• Choose an optimal combination of foods to eat


• Constraints are the minimum (and maximum) daily requirements for 
various nutrients


• Objective is to minimise the total cost of the diet



What did you eat yesterday?

• Our Islanders currently have the luxury of not paying for food. Instead, 
they can optimise their diet for taste!


• Choose an optimal combination of foods to eat


• Constraints are the minimum (and maximum) daily requirements for 
various nutrients


• Objective is to minimise the total sum of the food preference distances 
of the diet



Food Diary
• This is currently implemented as a ‘food diary’ task in the Islands


• Each time a student requests a food diary the system


1. determines the Islander’s preference distance for every available food;


2. determines their nutritional requirements for the previous day;


3. solves the diet problem using an LP solver integrated into the web site;


4. produces the list of foods and grams of each consumed



Limitations

• Oddly specific quantities of each food appear in the diary…


• Easy enough to refine model to work with minimum amounts and/or 
integer servings instead (or get subjects to be more vague!)


• Nutritional data is readily available for a wide range foods but taste data is 
hard to obtain







Questions & Suggestions


