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Heavy metals in food
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Humans are exposed to toxic heavy metals through a wide range of foods:

Methylmercury (MeHg): neurotoxicity in unborn children (via their mothers)

Inorganic arsenic (iAs): carcinogenicity

Cadmium (Cd): nephrotoxicity
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Heavy metals in food

> 1 million global illnesses due to heavy metals in 2015 (MeHg, iAs, Cd, Pb) (Gibb et al. 2019)

‒ Large subregional differences

‒ Demographics, socioeconomic factors, dietary patterns?

Will the burden of disease due to heavy metals vary by subgroups at national level?

What are the determinants of potential differences between subgroups?

Who should public health interventions be targeted to mitigate the burden?
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Clustering
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Answers may be found in the 

multidimensionality and complexity 

of dietary patterns and lifestyle

May not be answered by typical 

epidemiological methods

Dividing study cohort into 

homogenous clusters can help 

identifying specific patternsSubgroups

Stratification and clustering

Subgroup 2 Subgroup 3 Subgroup 4Subgroup 1

Cohort

Data and variables

Illustration by J. A. Herrera Romero
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Self-Organizing Maps (SOMs)

Kohonen neural networks – unsupervised machine learning method

Identification of unknown patterns 

Reduction of high-dimensional data into low-dimensional output
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Stimuli/
Input

Neural Network Response/
Output

Illustration by J. A. Herrera Romero
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Self-Organizing Maps (SOMs)
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Find participants “best friends”

‒ node that is most similar to the 

participant

Participant in 

epidemiological

study

Nodes with model vector

of same dimensionality

as data sample

Illustration by J. A. Herrera Romero
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Self-Organizing Maps (SOMs)
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Adjust node to be closer to 

the participant via 

regression of the node’s 

model vector

Illustration by J. A. Herrera Romero
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Self-Organizing Maps (SOMs)
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Repeat for next participant

Illustration by J. A. Herrera Romero
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Self-Organizing Maps (SOMs)
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Illustration by J. A. Herrera Romero
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Self-Organizing Maps (SOMs)
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Each node with a number of 

participants assigned to it as well as 

a model vector – pattern of interest

“Hotspots” where we are more likely 

to find strong associations

Illustration by J. A. Herrera Romero
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Associative Variable Groups (AVGs)
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Cohort

Data and variables

Stratification and clustering

Subgroup 2 Subgroup 3 Subgroup 4Subgroup 1

Associative Variable Groups (AVGs)

Subgroup 2

Subgroup 3

Subgroup 4

Subgroup 1

Featured variables

High

Medium

Low

Continuous variables

Ordinal variables

Binary variables

Quantitative attributes 

Variables in each cluster are compared to the 

average and assigned a categorical attribute
Illustration by J. A. Herrera Romero
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Identifying clusters in the Danish population
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Danish National Survey of Diet and Physical 
Activity (DANSDA)

Data and variables

✕✕✕

Stratification and clustering

Subgroup 2 Subgroup 3 Subgroup 4Subgroup 1

Associative Variable Groups

Subgroup 2

Subgroup 3

Subgroup 4

Subgroup 1

Featured variables

Exposure to MeHg, iAs, Cd

DALY estimation

High

Medium

Low

Food variables

Lifestyle variables

Heavy metal variables

Quantitative attributes 

Adapted from illustration by J. A. Herrera Romero
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Patterns for clusters of the Danish population

13

Sex (% females)
Age

Weight
Urban

Education
Physical activity

Smoking
Freshwater fish

Saltwater fish
Shellfish

Fish products
Mollusks

Pork
Beef
Veal

Sheep and lamb
Game

Cold cuts
Poultry

Galliforms
Game birds
Liquid eggs
Fresh eggs
Dried eggs

Milk preserved

Unfermented milk products
Fermented milk products

Ice milk
Cheese

Soft cheese made with rennet
Semisoft cheese made with rennet

Firm cheese made with rennet
Soft sourmilk cheese
Firm sourmilk cheese

Animal fats
Butter

Vegetable fats
Margarines

Other fats
High−fat fruit and seeds

Potatoes
Root and tuber vegetables

Leafy or stalked vegetables
Vegetable products

Vegetable juices
Mushrooms
Tropical fruit

Berries
Fruit−vegetables

Fruit products
Fruit juices

Cherries, plums, abricots, etc.
Stone fruits

Cereals
Breakfast cereals

Other cereal and starch products
Groats

Legumes

Flour
Pasta
Bread

Yeast and yeast products
Baking soda like

Other bakery
Honey
Sugar

Confectionery

Other sugar confectionery
Industrial ingredients

Snacks
Dressings

Vinegar
Mayonnaise
Bouillon like

Delicatessen

Spices
Herbs

Coffee, tea, cocoa and chocolate
Water
Juice

Lemonade, mineral water, juice drink, etc.
Beer and other malt beverages

Wine
Liquor

Sweet liquor
Spirits

Offal
Arsenic (ug/Kg)

Cadmium (ug/Kg)
MeHg (ug/Kg)

0 1 2 3 4 5 6 7 8 9 10 11 12

N/U

Low

Medium

High
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Burden of disease in population clusters
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Clusters

1 2 3 4 5 6 7 8 9 10 110

Healthy dietary patterns  high

burden of disease of heavy metals?

High heavy metal exposures not 

necessarily causing high burden

Burden of disease depends on 

which individuals are affected

To a large degree driven by age and 

sex
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Key messages

Machine Learning methods such as SOMs are useful to identify population clusters based

on dietary, lifestyle and socio-demographic factors

Dietary patterns considered as ”healthy” associated with higher disease burden due to 

heavy metals

High heavy metal exposure was not necessarily associated with a high burden of disease

– Need to account for population characteristics (age, gender)

– Importance of summary measures of population health such as DALYs

Beneficial effects of dietary patterns should also be considered

15



DTU Food23 November 2019 EPH conference 2019

Acknowledgements

16

José Alejandro Herrera Romero

Stem Cell and developmental Biology

Copenhagen University

Lea Sletting Jakobsen

National Food Institute

Technical University of Denmark

Sara Monteiro Pires

National Food Institute

Technical University of Denmark

Sisse Fagt

National Food Institute

Technical University of Denmark



DTU Food23 November 2019 EPH conference 2019 17

COST Action CA18218

Technical platform for integrating and strengthening capacity in 
burden of disease assessment across Europe and beyond

Want to join the network?

www.burden-eu.net/join www.burden-eu.net
info@burden-eu.net
@BurdenEU
BurdenEU


