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Trace elements are important for human health but may exert toxic or adverse effects. Mechanisms of
uptake, distribution, metabolism, and excretion are partly under genetic control but have not yet been
extensively mapped. Here we report a comprehensive multi-element genome-wide association study
of 57 essential and non-essential trace elements. We perform genome-wide association meta-
analyses of 14 trace elements in up to 6564 Scandinavian whole blood samples, and genome-wide
association studies of 43 trace elements in up to 2819 samplesmeasured only in the Trøndelag Health
Study (HUNT). We identify 11 novel genetic loci associated with blood concentrations of arsenic,
cadmium, manganese, selenium, and zinc in genome-wide association meta-analyses. In HUNT,
several genome-wide significant loci are also indicated for other trace elements. Using two-sample
Mendelian randomization, we find several indications of weak to moderate effects on health
outcomes, the most precise being a weak harmful effect of increased zinc on prostate cancer.
However, independent validation is needed. Our current understanding of trace element-associated
genetic variants may help establish consequences of trace elements on human health.

Trace elements are present in living organisms at low concentrations, often
defined as concentrations below 100 parts permillion or less than 100 μg/g1.
Essential trace elements are vital for growth, development and normal
physiology andbiochemistry, and external sources are necessary as the body
is unable to synthesize them. Other trace elements are classified as non-
essential or toxic2. The major sources of exposure to trace elements in the
general population are food, water, and air. Trace elements therefore often
show considerable geographical variations3. Essential trace elements may
also be toxic at elevated concentrations, and their uptake and metabolism
are generally tightly regulated in the body4–6.

Themechanisms underlying variation in trace element concentrations
between individuals are far from fully understood. Variations in trace ele-
ment concentrations have previously been considered to be governed

mainly by dietary intakes of food items with elevated concentrations7 and
environmental exposure (e.g., geochemical variations, work-related expo-
sure and anthropogenic pollution)8,9, but genetic variation may also be an
important factor10–16. A well-known example is body iron, where protein-
altering mutations in theHFE gene cause a severe iron overload condition,
hemochromatosis17. Knowledge about genetic factors controlling trace
element concentrations may shed light on the biological pathways of trace
elements in the body.

Few genome-wide association studies (GWASs) have investigated
trace element concentrations and no previous studies have examined a
comprehensive multielement panel of trace elements. Early twin studies
have shownevidence forheritable variation inhumans for copper, selenium,
zinc, arsenic, cadmium, lead, and mercury10,11 and recent GWASs have

A full list of affiliations appears at the end of the paper. e-mail: marta.r.moksnes@ntnu.no; ben.brumpton@ntnu.no

Communications Biology |           (2024) 7:432 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-06101-z&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-06101-z&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-06101-z&domain=pdf
http://orcid.org/0000-0002-2690-5153
http://orcid.org/0000-0002-2690-5153
http://orcid.org/0000-0002-2690-5153
http://orcid.org/0000-0002-2690-5153
http://orcid.org/0000-0002-2690-5153
http://orcid.org/0000-0003-3153-1552
http://orcid.org/0000-0003-3153-1552
http://orcid.org/0000-0003-3153-1552
http://orcid.org/0000-0003-3153-1552
http://orcid.org/0000-0003-3153-1552
http://orcid.org/0000-0003-0548-2486
http://orcid.org/0000-0003-0548-2486
http://orcid.org/0000-0003-0548-2486
http://orcid.org/0000-0003-0548-2486
http://orcid.org/0000-0003-0548-2486
http://orcid.org/0000-0002-3331-5864
http://orcid.org/0000-0002-3331-5864
http://orcid.org/0000-0002-3331-5864
http://orcid.org/0000-0002-3331-5864
http://orcid.org/0000-0002-3331-5864
http://orcid.org/0000-0001-6315-7134
http://orcid.org/0000-0001-6315-7134
http://orcid.org/0000-0001-6315-7134
http://orcid.org/0000-0001-6315-7134
http://orcid.org/0000-0001-6315-7134
http://orcid.org/0000-0001-7719-0859
http://orcid.org/0000-0001-7719-0859
http://orcid.org/0000-0001-7719-0859
http://orcid.org/0000-0001-7719-0859
http://orcid.org/0000-0001-7719-0859
http://orcid.org/0000-0003-0304-6728
http://orcid.org/0000-0003-0304-6728
http://orcid.org/0000-0003-0304-6728
http://orcid.org/0000-0003-0304-6728
http://orcid.org/0000-0003-0304-6728
http://orcid.org/0000-0002-4461-3568
http://orcid.org/0000-0002-4461-3568
http://orcid.org/0000-0002-4461-3568
http://orcid.org/0000-0002-4461-3568
http://orcid.org/0000-0002-4461-3568
http://orcid.org/0000-0002-6623-6839
http://orcid.org/0000-0002-6623-6839
http://orcid.org/0000-0002-6623-6839
http://orcid.org/0000-0002-6623-6839
http://orcid.org/0000-0002-6623-6839
http://orcid.org/0000-0002-2110-1690
http://orcid.org/0000-0002-2110-1690
http://orcid.org/0000-0002-2110-1690
http://orcid.org/0000-0002-2110-1690
http://orcid.org/0000-0002-2110-1690
http://orcid.org/0000-0003-0663-4621
http://orcid.org/0000-0003-0663-4621
http://orcid.org/0000-0003-0663-4621
http://orcid.org/0000-0003-0663-4621
http://orcid.org/0000-0003-0663-4621
http://orcid.org/0000-0003-4195-775X
http://orcid.org/0000-0003-4195-775X
http://orcid.org/0000-0003-4195-775X
http://orcid.org/0000-0003-4195-775X
http://orcid.org/0000-0003-4195-775X
http://orcid.org/0000-0003-3837-2101
http://orcid.org/0000-0003-3837-2101
http://orcid.org/0000-0003-3837-2101
http://orcid.org/0000-0003-3837-2101
http://orcid.org/0000-0003-3837-2101
http://orcid.org/0000-0002-5202-2565
http://orcid.org/0000-0002-5202-2565
http://orcid.org/0000-0002-5202-2565
http://orcid.org/0000-0002-5202-2565
http://orcid.org/0000-0002-5202-2565
http://orcid.org/0000-0001-5645-4966
http://orcid.org/0000-0001-5645-4966
http://orcid.org/0000-0001-5645-4966
http://orcid.org/0000-0001-5645-4966
http://orcid.org/0000-0001-5645-4966
http://orcid.org/0000-0002-3058-1059
http://orcid.org/0000-0002-3058-1059
http://orcid.org/0000-0002-3058-1059
http://orcid.org/0000-0002-3058-1059
http://orcid.org/0000-0002-3058-1059
mailto:marta.r.moksnes@ntnu.no
mailto:ben.brumpton@ntnu.no


reported genetic associations with blood concentrations of manganese,
copper, selenium, zinc, lead, cadmium, and mercury12–16,18. However, many
of the previous studies were limited by sample size or investigated only one
or a few trace elements. Among the trace elements we investigated here, no
published GWAS was found for 39 of them as of today.

Essential as well as non-essential trace elements have been linked to
several health-related outcomes in humans, including neurodegenerative
disorders19–31, autoimmune diseases32–34, endocrinological diseases35–39,
cancers40–42 and bone health43–46. However, there is inconsistent and some-
times conflicting evidence for a protective or harmful effect of the trace
elements ondifferentdiseases.Most of these studies have beenobservational
and so the findings may have been influenced by confounding factors.
Mendelian randomization (MR)methods have been developed to obtain an
additional level of evidence for causal relationships. The potential causality
of increased trace element levels on various diseases may be explored using
genetic instruments for the individual elements.

Trace elements have been measured in whole blood in two large
Norwegian population-based studies: the Trøndelag Health Study
(HUNT)8,47–50, and the NorwegianMother, Father, and Child Cohort Study
(MoBa)7,51–53. Further, genetic variants have been genotyped genome-wide
and imputed using the Haplotype Reference Consortium reference panel
(v1.1) 54 in both cohorts. GWASs of trace elements have also been reported
in other cohorts, including the Swedish Prospective Investigation of the
Vasculature in Uppsala Seniors (PIVUS) study15. The main aim of the
current study was to identify genetic variants associated with whole blood
trace element concentrations, and to explore potential causal associations
between trace elements and cancers, neurodegenerative, autoimmune,
endocrinological and bone related health outcomes. We, therefore, per-
formed GWASs in HUNT andMoBa followed by a meta-analysis with the
PIVUS study15. Further,we used the genetic associations for causal inference
with Mendelian randomization, thereby estimating effects of circulating
trace elements on health-related outcomes highlighted in previous
literature.

Results
Genetic loci associated with trace elements
We identified 20 independent genetic loci (among 21 associations) that
reached the genome-wide significance threshold (p < 5 × 10–8) in the meta-
analyses of blood concentrations of 14 trace elements measured in the
HUNT (14 trace elements, sample sizeN = 2819),MoBa (11 trace elements,
N = 2812) and PIVUS (11 trace elements,N = 949) studies (Supplementary
Data 1). The loci were consistently associated (i.e., same direction of the
effect) with concentrations of essential (copper [number of variants, n = 1],
manganese [n = 10], selenium [n = 2], and zinc [n = 3]) and toxic (arsenic
[n = 1], cadmium [n = 3], and lead [n = 1]) trace elements across the meta-
analyzed cohorts (Table 1, Supplementary Data 2 and 3, Supplementary
Figs. 1–14). To the best of our knowledge, ten of these associations had
previously been reported12–16,55,56 (one locus was associated with both
manganese and cadmium levels), and 11 had not. Additionally, in HUNT
alonewe analyzed 43 trace elements thatwe could notmeta-analyze because
they had not been measured or the associated genetic variants were not
tested in any other cohort. Here, we identified 27 genetic loci for 12 trace
elements in the analysis (Supplementary Data 2, Supplementary
Figs. 15–38). Among these, we observed a common variant inMORC4with
strong evidence of association with strontium concentrations (minor allele
frequency (MAF)=0.19,p = 2.0 × 10–16), anda commonvariant inHK1 that
was associated with magnesium concentrations (MAF = 0.14,
p = 2.2 × 10–8). One locus in SLC18A2 was associated with selenium in
HUNT (MAF = 0.27, p = 3.8 × 10–8), but the index (lowest p-value) variant
was not tested in MoBa, and none of the tested proxy variants (in high
linkage disequilibrium(LD) inHUNT, i.e., correlation r2HUNT > 0.8with the
index variant) were associatedwith seleniumconcentrations inMoBa.Most
of the other variants fromHUNT only were low-frequency (MAF < 5%) or
rare (MAF < 0.5%) and given that they were only tested for association in
one cohort, they were more likely to be false positive findings. Sensitivity

analyses correcting for fish intake (arsenic, selenium), smoking status
(arsenic, cadmium, copper, lead), weekly alcohol intake (iron, manganese,
zinc, lead) anddiabetes (magnesium) inHUNTdidnot substantially change
the effect sizes of the index variants (Supplementary Data 4).

Protein-altering variants
Among the 20 top association signals, we identified eight protein-altering
single nucleotide polymorphisms (SNPs) associated with trace elements:
Four manganese associated index variants (rs13107325 in SLC39A8,
rs1800562 inHFE, rs6099115 in FAM210B and rs855791 inTMPRSS6) and
one selenium associated index variant (rs1047891 in CPS1) were non-
synonymous SNPs. Among these, only rs13107325 had previously been
reported for manganese in a GWAS15. Although the hemochromatosis
variant rs1800562 was not associated with manganese at the GWAS sig-
nificance level in a previous GWAS15, women with HFE variants were
reported to have 12% lower blood manganese concentrations in another
study56. Further, three nonsynonymous SNPs were in strong LD (r2 > 0.8)
with index variants: rs17279437 in SLC6A20 (p = 9.8 × 10−16, r2HUNT = 0.88
with arsenic index variant rs7306032), rs269868 inDUOX2 (p = 5.7 × 10−10,
r2HUNT = 0.96 with cadmium index variant rs953733) and rs57659670 in
DUOX2 (p = 3.2 × 10−10, r2HUNT = 0.99 with cadmium index variant
rs953733) (Supplementary Data 5).

SNP heritability estimates and genetic and phenotypic correla-
tions of trace elements
For the concentrationsof 10 trace elements thathad sample sizes above 5000
(cadmium, cobalt, copper, lead, manganese, mercury, molybdenum, sele-
nium, thallium, and zinc), the estimated narrow-sense SNP heritability h2

ranged from h2 = 0.01 ± 0.09 (thallium) to h2 = 0.29 ± 0.10 (manganese).
The estimates were higher for essential trace elements (h2 between 0.16 and
0.29) than for non-essential trace elements (h2 between 0.01 and 0.11)
(Supplementary Data 6).

We estimated the genetic correlation between all pairs of these 10 trace
elements and found absolute values of the genetic correlations to range from
0.01 (cobalt against lead and cobalt against mercury) to 0.97 (molybdenum
against cadmium), although the estimates were imprecise and therefore
mostly uninformative (Supplementary Fig. 39a, Supplementary Table 1).
For comparison, we also estimated the phenotypic correlation (Supple-
mentary Fig. 39b, SupplementaryTable 1),where the absolute values ranged
fromaround 0 (manganese against lead andmanganese againstmercury) to
0.45 (mercury against selenium). We did not observe patterns among the
genetic or the phenotypic correlations related to the known ion binding
preferences of the trace elements57, which we chose to group as class A
(oxygen-seeking) (molybdenum, manganese, zinc), intermediate (cobalt,
cadmium, copper), and class B (sulfur/nitrogen-seeking) (lead, mercury,
selenium).

Phenome-wide associations of trace element loci
We investigated the genetic relationship between trace element con-
centrations and other complex traits by examining associations of the index
variants identified by the meta-analyses with 1326 phenotype codes
(‘phecodes’58), 30 blood biomarkers and 167 other continuous traits and
measurements of the UK Biobank. In total, 17 index variants from trace
element GWA meta-analyses were associated (p < 9.7 × 10−7, threshold
Bonferroni corrected for 51,782 tests) with additional phenotypes (Fig. 1,
Supplementary Fig. 40, Supplementary Data 7–9):

Three nonsynonymous index variants for manganese (rs13107325
[SLC39A8], rs1800562 [HFE], rs855791 [TMPRSS6]) and one index variant
for cadmium in high LDwith nonsynonymous SNPs (rs953733 [DUOX2])
were associated with phecodes (Supplementary Data 7, Fig. 1): The man-
ganese decreasing variant in the metal ion transporter gene SLC39A8
(rs13107325) was positively associated with diseases of the esophagus and
with musculoskeletal conditions. The manganese decreasing, but iron
increasing, hemochromatosis variant (rs1800562) was positively associated
withdisorders ofmineral and ironmetabolism, but alsowith several diseases
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Fig. 1 | Phenome-wide associations between meta-analysis index variants and
selected outcomes in the UK Biobank. Each triangle represents a statistically sig-
nificant (p < 9.7 × 10–7) association between an index variant from trace element
GWA meta-analysis (x-axis, grouped by trace element: cadmium, manganese,
selenium and zinc), and an outcome in theUKBiobank (y-axis, grouped and colored
according to biological domain: anthropometry [light blue], circulatory [dark blue],
digestive [light green], endocrine/metabolic [dark green], genitourinary [pink],

hematopoietic [red], musculoskeletal [yellow], neoplasms [orange], respiratory
[dark purple] and other [light purple]). Larger triangles represent smaller p-values,
and the direction indicates if the direction of effect for the indicated allele is the same
(up) or opposite (down) as the association with the trace element concentration.
This figure only presents a selection of the associated outcomes in UK Biobank. The
full list of associations with meta-analysis index variants are visualized in Supple-
mentary Fig. 40.
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in other biological domains. The manganese decreasing and iron
increasing59 variant rs855791 was positively associated with other anemias.
The cadmium increasing variant, rs953733, found in a locus that has also
been associated with iron status biomarkers60 (rs73060324), was positively
associated with iron deficiency anemias.

Further, eight index variants, representing three trace elements (cad-
mium, manganese, and selenium), were associated with blood biomarkers
in the UK Biobank (Supplementary Data 8, Fig. 1, Supplementary Fig. 40):
Five manganese variants (rs13107325 [SLC39A8], rs1800562 [HFE],
rs7176565 [DENND4A], rs5997397 [HSCB] and rs855791 [TMPRSS6])
were associated primarily with endocrine/metabolic biomarkers, but also
with digestive, genitourinary, musculoskeletal, and inflammatory bio-
markers. The cadmium increasing variant rs953733 (DUOX2) was posi-
tively associated with levels of creatinine, a marker for kidney function61,
while the cadmium decreasing rs6987313 (LACTB2-AS1) was associated
with phosphate and triglyceride levels. The selenium increasing non-
synonymous SNP rs1047891 (CPS1) was associated with endocrine/meta-
bolic, genitourinary, and digestive biomarkers. Finally, the selenium
increasing rs17823744 (DMGDH) was negatively associated with insulin-
like growth factor 1 (IGF-1).

Among theGWAS results for continuous traits in the UKBiobank, we
observed associations for 17 meta-analysis index variants (for cadmium,
manganese, selenium, and zinc) (Supplementary Data 9, Fig. 1, Supple-
mentary Fig. 40). Themajority of the associations were with different blood
cell indices, but cadmium, manganese and selenium variants were also
associated with continuous traits from several other biological domains,
including musculoskeletal and anthropometric measures (cadmium,
manganese, selenium), blood pressure traits (cadmium and manganese),
biomarkers in urine and variables derived from endocrine/metabolic blood
biomarkers (manganese and selenium), measures of cognitive ability
(manganese) and alcohol habits (manganese).

In addition to the associations with the meta-analysis index variants,
we also assessed the phenome-wide associations with common and low-
frequency (MAF > 0.5%) variants identified only in HUNT. Here, four
common variants (strontium [rs17326228], cesium [rs7785293], magne-
sium [rs16926246] and silicon [rs62228297]) were associated
(p < 9.7 × 10−7) with blood biomarkers and/or continuous traits in the UK
Biobank (Supplementary Data 10–11, Supplementary Fig. 41): The cesium
and magnesium variants were associated with a range of blood cell related
traits, the cesiumand strontiumvariantswith genitourinary biomarkers and
measures, the magnesium variant with endocrine/metabolic biomarkers
and measures, and the silicon variant with standing height.

Mendelian randomization
We used two-sample MR to perform an exploratory examination of
potential causal effects of trace elements on health outcomes within neu-
rodegenerative, autoimmune, and endocrinological diseases, cancers, and
bone related domains as highlighted in the literature19–46. Here, we used the
index SNPs from the meta-analyses (manganese, selenium, zinc, copper,
lead, arsenic, and cadmium) or from the GWASs in HUNT (strontium) as
instruments for the selected trace elements (F-statistics > 10 for all trace
elements except cadmium [F-statistic = 9]: SupplementaryData 12). For the
SNP-outcomeassociations,we used summary-level data from largeGWASs
of selected neurodegenerative disorders (Alzheimer’s disease, Parkinson’s
disease, andmultiple sclerosis), autoimmune diseases (rheumatoid arthritis
and autoimmune thyroid disorder), endocrinological diseases (hypothyr-
oidism and type 2 diabetes), bone related traits and disorders (bonemineral
density, bone fractures, osteoporosis) and cancers (prostate cancer and
colorectal cancer). The most precise association indicated a weak causal
effect of zinc on prostate cancer (odds ratio (OR) = 1.06, 95%
CI = 1.01–1.12) (Supplementary Data 12). There were also stronger but less
precise associations for arsenic and copper on Parkinson’s disease (OR=
1.24, 95% CI = 0.98–1.57 [arsenic], OR = 1.17, 95% CI = 0.89–1.54 [cop-
per]), selenium on colorectal cancer (OR= 0.89, 95% CI = 0.75–1.07) and
selenium, cadmium and lead on multiple sclerosis (OR= 0.86, 95%

CI = 0.64–1.15 [selenium], OR = 0.86, 95% CI = 0.72–1.01 [cadmium],
OR = 0.70, 95% CI = 0.52–0.95 [lead]) which warrant follow-up (Supple-
mentary Data 12). The results should, however, be interpreted with caution
due to limitations such as few instrument SNPs per trace element and
known correlations and common biological pathways of trace elements.
Otherwise, the MR estimates were generally imprecise, and generally they
did not give convincing evidence for causal effects of trace elements in the
remaining outcomes (Supplementary Data 12).

Discussion
In the present study, we investigated genetic variants associated with whole
blood trace element concentrations, combining data from up to 6564
individuals in HUNT, MoBa and PIVUS. Our GWA meta-analyses iden-
tified genetic contributions to whole blood concentrations of essential
(copper,manganese, selenium, andzinc) andnon-essential or toxic (arsenic,
cadmium, and lead) trace elements. In total, 20 loci were associated with
trace element concentrations across multiple cohorts, confirming 9 loci
from previous studies and identifying 11 novel loci. Seven of the novel loci
were associated with manganese concentrations, including two non-
synonymous index variants. Four novel genetic loci were associated with
selenium, zinc, arsenic, and cadmium, among which we also identified
nonsynonymous variants in high LD (r2 > 0.8) with the index variants. The
genetic variants thatwe identified in thepresent studyhad small tomoderate
effect sizes. They could, however, still contribute to individual differences in
trace element concentrations in combination with many other factors.
Identification of these loci expands our knowledge about the genetic con-
tribution to trace element concentrations and indicates proteins that could
aid in establishing mechanisms for absorption, distribution, metabolism,
and excretion.

Because essential trace elements are not produced in the body, but are
necessary for normal physiology, we would expect genes associated with
essential trace elements to encodeproteins that include these elements or are
involved in their respective regulatory processes. This is in line with our
observations in themeta-analysesof copper, zinc, andmanganese,wherewe
replicated previously reported loci with index variants near or in genes
encoding the copper-binding metalloprotein ceruloplasmin (CP)62, the
metalloenzyme carbonic anhydrase 1 (CA1) involved in the zinc balance63,
and two divalent metal ion transporters SLC30A1064 and SLC39A865

(nonsynonymous variant), where deficiency in the latter is known to cause
severemanganesedeficiency66.Othernonsynonymousvariantsweobserved
had, to our knowledge, little or no known underlying biology related to the
associated trace elements. For example, we observed a novel association
between selenium and a nonsynonymous variant in the urea cycle gene
CPS1. Although the variant is associatedwith vitaminD67, which has in turn
been hypothesized to interact with selenium68, and the gene has been
observed to be upregulated inmice fed excessive amounts of selenium69, the
underlying biology of the association with selenium in humans is not
established. Because some trace elements interact with each other, or have
common uptake mechanisms and co-transport, an imbalance in the con-
centration of one trace element might also change the concentration of
others7,49,70,71: For example,manganese is partly transportedbyboth zinc and
iron transporters72, and low iron stores have been associated with higher
blood concentrations of other trace elements7,49. Further, functional variants
in ironmetabolism genes have been associatedwith lower bloodmanganese
concentrations56, including rs1800562 in HFE that we replicated here. The
novel loci we observed to be associated withmanganese, as well as theCPS1
locus for selenium, are in line with this pattern: One manganese associated
nonsynonymous SNP is known in iron deficiency anemia (rs855791 in
TMPRSS6)73. Further, the gene that is closest to the index variant in another
locus is the interleukin-6 regulator gene TUT774, which stimulates the iron
regulator hepcidin75. The index variants in other novel loci are close to genes
involved inmitochondrial iron uptake (FAM210B76, wherewe identified the
nonsynonymous manganese index variant rs6099115) or genes associated
with hematological traits or involved in the synthesis of iron containing
compounds (LYRM4, FAM210B,DENND4A, FECH,HSCB)76–79. TheCPS1
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index variant (rs1047891) was in high LD (r2HUNT = 0.92) with an index
variant (rs715) for total iron binding capacity in our previous study60. These
loci were not associated (p > 5 × 10−8) with iron in the current study;
however, the analysis of iron had limited statistical power with less than half
the sample size of manganese.

Non-essential trace elements typically do not have their own transport
proteins or specific mechanisms for metabolism and are generally taken up
into the bodyusing the routes ofmacronutrients80 or essential traceelements
with similar chemical properties70. This is illustrated by one of the known
loci we replicate for the toxic metal cadmium, where the index variant is
nearest to the zinc/manganese transporter gene SLC39A8, which was also
associated withmanganese. For cadmium, we also report a novel locus with
two nonsynonymous variants in DUOX2, both in high LD with the index
variant. The gene codes for a thyroid hormone synthesis related protein81

with a heme binding site82 and was associated with iron status in previous
GWASs60,83. Similarly, the nonsynonymous variant rs17279437 in the gly-
cine transporter gene SLC6A20 has been associated with excessive glycine
excretion84. In this study, the variant was in high LD with the index variant
for arsenic, which could potentially indicate that the protein can also
transport arsenic. Glycine levels have also been associated with arsenic
exposure in mouse models85.

The genetic associations observed only in HUNT warrant further
replication. One interesting result identified inHUNTwas a selenium locus
within a solute carrier gene (SLC18A2). Although the index variant was not
tested in MoBa, variants in high LD (r2 > 0.8) with the index variant were
tested, but not associated with selenium in that data. The non-association in
MoBa could however potentially be a result of sex-specific or pregnancy-
specific exposure patterns. Further, index variants in gold and magnesium
loci were in or nearest to genes associated with hemoglobin and iron reg-
ulation (CD163 and HK1)86,87. The strong association between hypo-
magnesemia and type 2 diabetes88, combined with a previously reported
association between the magnesium HK1 index variant with levels of the
type 2 diabetes biomarker glycated hemoglobin (HbA1c)89 could support
this finding. However, associations between HK1 and HbA1c could also
reflect the erythrocyte lifetime regardless of diabetes status90. We also
observed a strong association between strontiumconcentrations and a locus
inMORC4. Strontium is chemically very similar to calcium. It has effects on
bone balance91, and could potentially induce skeletal abnormalities in very
high doses91. A rare genetic variant inMORC4has been associatedwith a 3.4
times increased risk of osteoarthritis (Open Targets Platform92, accessed
25.05.2022), and another MORC family member, MORC3, is involved in
calcium homeostasis and maintenance of bone remodeling93. We therefore
speculate thatMORC4 couldhave similar functions or be involved in similar
pathways.

In the PheWAS analyses, we observed the well-known association of
functional variants in iron metabolism genes (the hemochromatosis HFE
variant, rs1800562, and the TMPRSS6 variant, rs855791) with disorders of
iron and mineral metabolism and anemias. As expected, and previously
demonstrated in the UK Biobank60, rs1800562 was also associated with
several known clinical manifestations of HFE hemochromatosis94,95. Like-
wise, the index variant in the DUOX2 (cadmium) locus known from
GWASs of iron status biomarkers60,83,96, was associated with iron deficiency
anemia. The many associations between trace element index variants and
blood cell indices could also potentially reflect their correlation with iron
status. The associations between digestive and musculoskeletal disorders
and rs13107325 (manganese), which alters the metal ion transporter ZIP8
(encoded by SLC39A8), could potentially highlight the role ofmanganese or
other divalent trace metals in these conditions. Associations with basal
metabolic rate and metabolic biomarkers could possibly be related to the
processing of trace elements in the body, and associations with biomarkers
for liver and kidney function could be related to the clearance of trace
elements that are toxic or in high abundance. However, population strati-
fication could also have caused false associations with some of the variants.

We estimated the heritability of concentrations of 10 trace elements
withmeta-analysis sample size above 5000, ranging from low tomoderately

high heritability (0.01 ± 0.09 [thallium] to 0.29 ± 0.10 [manganese]). The
lower heritability for non-essential trace elements compared to essential
trace elements could reflect that humans have not evolved genes and bio-
logical pathways to handle non-essential trace elements. The very low
heritability of thallium could also be because most of the samples from
MoBa were below the detection limit. Further, many of the heritability
estimates could be low because LD Score regression underestimates the
heritability of traits that are not highly polygenic97.

The genetic and phenotypic correlations between nine trace elements
did generally not correspond well to each other, however, the genetic cor-
relations were highly imprecise and therefore mostly uninformative. Mer-
cury and seleniumhad the strongest phenotypic correlation, which is in line
with the known mercury-selenium antagonistic relationship98. In general,
the genetic correlations were higher than the phenotypic correlations,
although the range of the different phenotypic correlation estimates were
similar to those previously reported inMoBa7. This could potentially reflect
a relatively low polygenicity of trace element concentrations, where few
genetic loci might influencemany different trace elements, while there are a
variety of different factors influencing the phenotypic variations.

Using two-sample MR, we observed indications of a weak harmful
effect of circulating zinc on prostate cancer. The effect of zinc on prostate
cancer is debated, but a harmful effect has been found in some previous
studies99. There was also a weak positive association for arsenic and copper
on Parkinson’s disease, and weak negative associations for selenium on
colorectal cancer and selenium, cadmium, and lead on multiple sclerosis.
Otherwise, we observed little evidence for causal roles of trace elements in
the remaining selected health outcomes. The apparently protective effect of
lead on multiple sclerosis is not in line with the known inhibitory effect of
lead on a heme biosynthesis catalyst, aminolevulinate dehydratase
(ALAD)100, and (lead induced) impairment of heme synthesis as a suggested
potential trigger for multiple sclerosis101. Generally, true direct protective
effects of non-essential or toxic trace elements seem implausible, although
their effect could potentially be indirect, for example, if the toxic trace
elements influence essential trace elements in the body. Based on the Phe-
WAS results and the known correlations and common biological pathways
between several trace elements, the estimates were particularly vulnerable to
misspecification of the primary phenotype and/or horizontal pleiotropy.
Further, blood concentrations might not indicate other tissue or organ
specific trace element concentrations.MRanalyses can also be influencedby
selection bias and competing risks, which might also explain apparent
protective effects of toxic trace elements on late-life health outcomes. Few
instrument SNPs per trace element provided limited opportunities for
reliable sensitivity analyses. Some estimates were precise around the null,
but in general, the confidence intervals were wide and compatible with both
moderate protection and harmful effects andwere therefore uninformative.
The low precision could be due to low case sample sizes in the outcome data
and/or genetic instruments thathad fewSNPswith small tomoderate effects
on the exposures, potentially introducing weak instrument bias102. This was
quantified by the low variance explained and low F-statistics of some of the
instruments. We chose not to include any correction for multiple testing,
since this was a first exploratory analysis with low power. The findings were
based on the analyses of variation in trace element concentrations in a
general population, and we were therefore unable to estimate any effects of
extreme trace element concentrations. The current results should be
interpreted with caution, and future well-powered multivariable MR ana-
lyses might be helpful to discriminate between the effects of different trace
elements. Further, as we only analyzed genetic associations with trace ele-
ment concentrations measured in adults, it was not possible to evaluate any
effects of trace elements specific to growth and development stages in
newborns to adolescents103. Low sample sizes and lack of cohorts with both
trace elements and health outcomes available also prevented us from
exploring non-linear associations with MR.

This study has several limitations. Neither the HUNT nor theMoBa
populations have generally been exposed to high levels of toxic trace
elements, which makes these excellent populations for detecting genetic

https://doi.org/10.1038/s42003-024-06101-z Article

Communications Biology |           (2024) 7:432 6



factors, but on the other handmany trace elements had a high proportion
ofmeasurements below the detection limit, thereby lowering the effective
sample size. Accordingly, expanding the analyses to additional popula-
tions and ancestry groups could have been highly informative, both due
to differences in LD structure and variation in exposure to trace elements
from the diet and the environment. Further, trace elements are dis-
tributed differently in different organs, tissues, and body fluids104–106, and
whole blood is therefore not the preferred tissue formonitoring the status
of all trace elements. Some trace elements could also be influenced by
evaporation, contamination from syringes or leakage of trace elements
from glass vials. Differences between studies and populations also created
known and potential limitations. Without access to individual level data
in PIVUS, we were unable to harmonize all covariates. For example, the
PIVUS association model included triglycerides and cholesterol as cov-
ariates, while the models used in HUNT and MoBa did not. Although
HUNT, PIVUS and MoBa are all Scandinavian cohorts, the populations
fromwhich they have been sampled have clear differences, particularly in
terms of birth year, age, and sex, and although the directions of effect were
consistent across all three studies, the differences observed in effect size
across these studies for a few SNPs could potentially be related to
population-specific exposure patterns or factors related to pregnancy
(MoBa). For example, fish intake might influence Swedes more than
Norwegians, because there are indications that some toxic trace elements
have accumulated more in fish caught in the shallow Bothnian Bay than
along the deep Norwegian coastline107. Further, pregnant women might
change their diet and different generations could have been exposed to
different levels of environmental pollution throughout their lives. The
main limitation was that most of the trace elements were only measured
in HUNT, and both low sample sizes and the lack of replication cohorts
were general limitations. Further, trace element concentrations are
associated with many different factors, and while we have controlled for
some of these, there might still be unmeasured confounding by popula-
tion stratification related to factors we have not controlled for, especially
for rare variants. A particular limitation was the lack of detailed data on
dietary habits. The heritability and genetic correlation estimates found
using LD Score regression were limited by the potentially low poly-
genicity of the trace elements and genomic control (GC) correction of
summary statistics, both which may contribute to heritability being
underestimated. Additionally, using summary statistics from mixed
models may contribute to overestimation. Finally, small sample sizes
(and for some trace elements many measurements below the detection
limit) resulted in highly imprecise estimates. The imprecision was espe-
cially large for the genetic correlations, which were further limited by
heritability z-scores that were all below 4108.

In summary, we have identified novel genetic loci and replicated pre-
viously indicated loci for essential and non-essential trace elements. These
highlighted interesting genes that may help establish biological pathways
and mechanisms for uptake, distribution, metabolism, and excretion of
trace elements inhumans.MRanalyses provided several indications ofweak
to moderate associations between trace elements and health outcomes, the
most precise being a weak harmful effect of genetically determined circu-
lating zinc on prostate cancer. However, generally imprecise MR estimates
gave no convincing evidence for causal roles of genetically determined levels
of other trace elements on health outcomes. Studies of populations with
higher trace element exposure burdens or with larger samples are needed to
investigate moderate and weak effects.

Methods
Cohort descriptions
HUNT. The HUNT Study47,48 is a longitudinal population-based health
study conducted in the county of Trøndelag, Norway. Data and samples
have been collected through four cross-sectional surveys: HUNT1
(1984–86), HUNT2 (1995–97), HUNT3 (2006–08) and HUNT4
(2017–2019). Approximately 123,000 individuals (aged ≥ 20 years) have
participated in one or more HUNT surveys. Approximately 88,000

individuals have been genotyped using one of three Illumina Human-
CoreExome arrays: 12 v.1.0, 12 v.1.1 and 24 with custom content (UM
HUNT Biobank v1.0). Sample and variant quality control (QC) was
performed using standard practices as described elsewhere109: Samples
were excluded if they had a call rate < 99%, estimated contamination
> 2.5%, large chromosomal copy number variants, lower call rate of a
technical duplicate pair or twin, gonosomal constellations other than XX
or XY, or a discrepancy between the inferred sex and reported gender.
After genotyping, variants were excluded if they had a call rate < 99%,
deviation from the Hardy–Weinberg equilibrium (p < 10−4 in unrelated
samples of European ancestry), Gentrain score < 0.15, cluster separation
< 0.3, probe sequences that could not be mapped perfectly to the refer-
ence genome, or if another assay with higher call rate had genotyped the
same variant. All variants were imputed from the HRC v1.1 reference
panel110 merged with 2201 sequenced samples from HUNT, using
Minimac3111.

Trace elements have been measured in whole blood samples col-
lected inHUNT2 andHUNT3 using high-resolution inductively coupled
plasma mass spectrometry (HR-ICP-MS) (Thermo Finnigan Element 2,
Thermo Finnigan, Bremen, Germany) at three laboratories as part of
previous studies. Here, we combined measurements of nine trace ele-
ments (As, Cd, Co, Cu, Pb,Mn,Hg, Se, Zn) in 930 samples (HUNT2) that
have been analyzed by the National Institute of Occupational Health in
Norway (STAMI), 53 trace elements (Al, Sb, As, Ba, Be, B, Br, Cd, Ca, Ce,
Cs, Cl, Cr, Co, Cu, Ga, Ge, Au, Ho, In, Fe, La, Pb, Li,Mg,Mn,Hg,Mo,Nd,
Ni, Nb, Pa, P, Pt, Pr, Re, Rh, Rb, Sm, Se, Si, Sr, S, Ta, Tb, Tl, Sn,W,U, V, Y,
Zn, Zr) that have been measured in 757 samples (HUNT3) by one
laboratory at NTNU (hereafter named NTNU1), and 30 trace elements
(As, Be, Bi, B, Br, Cd, Ca, Cs, Cr, Cu, Ga, Au, In, Ir, Fe, Pb, Mg, Mn, Hg,
Mo, Ni, Rb, Se, Ag, Sr, Tl, Th, Sn, W, Zn) that have been measured in
1539 samples (HUNT3) by a second laboratory at NTNU (hereafter
named NTNU2). For 23 trace elements in HUNT3, some samples
(maximum 30) had missing information on lab assignment, and we
assigned these to NTNU2. There were no individuals with multiple
measurements. Trace element measurements were returned to the
HUNT Databank after sample and trace element QC at the respective
laboratories. The samples analyzed by the STAMI laboratory were col-
lected as part of a sub-study of iron status in women (selection criteria:
female, age between 20 and 55 years old, non-pregnant, not blood donor
in the past 2 years), the samples analyzed by HUNT1 were collected as
part of a neuroimaging sub-study (selection criteria: age between 50 and
65, participation in previous HUNT surveys, exclusion criteria: MRI
contraindications (pacemaker of the heart, clipped cerebral aneurysm,
cochlear implants, severe claustrophobia, or body weight above 150 kg)),
and 267 of the 1539 samples analyzed by NTNU2 were selected among
type 2 diabetes cases as part of a diabetes related sub-study. Samples from
the NTNU1 laboratory that were either below the detection limit ormore
than 10 times themedian value had been removed and were not included
in the current analysis. The specific reason for removal of these mea-
surements was not available, therefore we excluded these measurements
for our analysis. The proportion of unavailable samples per trace element
from NTNU1 ranged from 0 to 69% (average 17%, median 2%). For
samples from the NTNU2 laboratory, we replaced measurements below
the detection limit with randomly generated numbers between 0 and the
element-specific detection limit, because the true measurements were
unavailable. The proportion of measurements below the detection limit
fromNTNU2 ranged from 0% to 97% (average 11%,median 0%). Details
of sample collection, storage of samples, sample processing, quality
control and ICP-MS analyses have been reported in detail elsewhere8,49,50.

MoBa. The Norwegian Mother, Father and Child Cohort Study (MoBa)
is a population-based pregnancy cohort study conducted by the Nor-
wegian Institute of Public Health. Participants were recruited from all
over Norway from 1999–2008. The women consented to participation in
41% of the pregnancies. The cohort includes approximately 114,500
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children, 95,200mothers and 75,200 fathers53. The current study is based
on version 12 of the quality-assured data files released for research in
January 2019. The establishment of MoBa and initial data collection was
based on a license from the Norwegian Data Protection Agency and
approval from The Regional Committees for Medical and Health
Research Ethics.

In short, pregnant women were recruited in their first trimester and
invited to fill in three questionnaires during pregnancy, and to donate blood
and urine samples at the time of ultrasound screening around gestational
weeks 17–19 (mean 18.5). Blood samples were obtained from both parents
during pregnancy and frommothers and children (umbilical cord) at birth.
Follow-up is conducted through questionnaires and linkage to national
health registries53. A total of 98,000MoBa participants have been genotyped
using one of three arrays: Illumina HumanCoreExome, Illumina Global
Screening Array, or Illumina OmniExpress. In the current study, we used
genetic data collected as part of the Better Health by Harvesting Biobanks
(HARVEST) study released by MoBa Genetics v.1.0 (https://github.com/
folkehelseinstituttet/mobagen/wiki/MoBaGenetics1.0). The sample and
variant quality control inMoBahas been described elsewhere112. All variants
were imputed from the HRC reference panel v1.1 at the Sanger Imputation
Service.

The Norwegian Environmental Biobank is a sub-study within MoBa
established with the aim of biomonitoring nutrients and environmental
contaminants in MoBa participants. The study included 2999 pregnant
women with available genetic data who had donated blood and urine
samples and had responded to questionnaires 1–6 inMoBa7,52. A total of 11
trace elements (As, Cd, Co, Cu,Mn,Mo, Pb, Se, Tl, Zn, Hg), weremeasured
in whole blood donated by the women in gestational week 18 at the
department of laboratory medicine at Lund University (Sweden). All trace
elements except Hg were analyzed using an ICP-MS (iCAP Q, Thermo
Fisher Scientific, Bremen, Germany). Total Hg was determined in acid-
digested samples by cold vapor atomic fluorescence spectrophotometry
(Sandborgh-Englund 1998). During the analysis campaign, the laboratory
participated in the German External Quality Assessment Scheme (G-
EQAS), with good agreement between obtained element concentrations in
quality control samples used and expected values. Details of sample col-
lection, storage of samples, sample processing and ICP-MS analyses have
been reported in detail elsewhere7.

Association analyses
We performed genome-wide association analyses of 59 trace elements
measured in up to 2819 individuals in HUNT and 11 trace elements mea-
sured in 2812 individuals inMoBa. For 48 trace elements in HUNT (Al, Sb,
As, Ba, Be, Bi, B, Br, Cd, Ca, Ce, Cs, Cl, Co, Cu, Ga, Ge, Au,Ho, In, Ir, Fe, La,
Pb, Li, Mg,Mn, Hg,Mo, Nd, Nb, Pa, P, Rh, Rb, Sm, Se, Ag, Sr, S, Ta, Tb, Tl,
Sn,W,U,Y,Zn) and9 trace elements inMoBa (Cd,Co,Cu,Hg,Mn,Mo,Pb,
Se, Tl, Zn), we used a linear mixed model regression under an additive
genetic model for each variant as implemented in BOLT-LMM v.2.3.4113,
thereby controlling for relatedness between study participants. We per-
formed association analyses of 9 trace elements inHUNT (Cr,Ni, Pt, Pr, Re,
Si, Th, V, Zr) and 2 trace elements in MoBa (As, Mo) in unrelated indivi-
duals using PLINK 2.0114, because BOLT-LMM was unable to estimate the
trace element heritability. In total, human GWASs had not been previously
published for 39 trace elements (Sb, Ba, Be, B, Br, Bi, Ce, Cs, Ga, Ge, Au,Ho,
In, Ir, La, Li, Nd, Nb, Pd, Pt, Pr, Re, Rh, Rb, Sm, Si, Ag, Sr, S, Ta, Tb, Tl, Th,
Sn, W, U, V, Y, Zr). Distributions, sample size and proportion of mea-
surements below the detection limit per study are given for each trace
element in Supplementary Data 1.

Prior to analysis,we applied rank-based inversenormal transformation
of the trace element concentrations after adjusting for age and sex (HUNT)
using linear regression. Age, and the first ten genetic principal components
(PCs) of ancestry were included as covariates in all the analyses. Sex, gen-
otyping batch, geographical region (coast, town/fjord, or inland/mountain)
and analysis laboratory (NTNU1, NTNU2, STAMI) were included as
additional covariates in HUNTwhere appropriate.We performed genomic

control correction of all GWAS results with an inflation factor λ > 1 (cal-
culated from variants with MAF ≥ 0.01).

Variants with a minor allele count <10 or an imputation R2 < 0.3 were
excluded from the analyses. After visual inspection of the Manhattan and
quantile-quantile plots, we excluded the full set of results for Bi and Th due
to excessive inflation of the p-values (Supplementary Figs. 42–45).

We used METAL v.2011-03-25115 to perform fixed-effect inverse var-
ianceweightedGWAmeta-analysis of 14 trace elements (Al, As, Cd, Cr, Co,
Cu, Pb,Mn, Hg,Mo, Se, Tl, Zn) analyzed in at least two of three studies: the
HUNT,MoBa and/or publicly available summary statistics from the PIVUS
study15, where 11 trace elements (Al, Cd, Co, Cu, Cr, Hg, Mn, Mo, Ni, Pb,
Zn) have been measured in 949 seniors from Uppsala, Sweden, and rank
inverse normalized trace element concentrations had been tested for asso-
ciation using a linear regression under an additive model, adjusting for
triglycerides, cholesterol, gender and two principal components of ancestry.
Age was not included as covariate because the PIVUS participants were of
the same age.

Definition of associated variants, associated loci, and locus
novelty
We considered genetic variants with p < 5 × 10−8 to be statistically sig-
nificant at a genome-wide significance level and defined these as associated
with the given trace element. Genetic loci were defined as 500 kilobase pairs
to each side of genome-wide significant variants in the same region. A locus
was classified asnovel for a given trace element if it hadnot been reported for
the respective trace element before. Previously published lociwere identified
with a literature search and a look-up in the NHGRI-EBI GWAS catalog116.

Index SNPs were identified as the genetic variant with the lowest
p-value in each locus.WeusedPLINKv.1.9114 to identify variants inhighLD
(correlation r2 > 0.8) with the index variants, based on a reference panel of
5000 unrelated individuals in HUNT. The index variants and variants in
high LD with the index variants were annotated using
ANNOVAR v.2019Oct24117.

Sensitivity analyses
For trace elements where tobacco smoke (Cd, As, Pb, Cu)118, wine (Pb)119 or
fish (As, Se)120 is amajor sourceofhuman intake, orwhere alcohol is thought
to regulate uptake or metabolism (Fe, Mn, Zn)121–123, we repeated the
association analyses of the associated loci in HUNT, including smoking
status (self-reported, never versus ever smokers (including ex-smokers,
occasionally and daily smokers)), frequency of fat fish intake (self-reported)
and units of alcohol per week (self-reported) as covariates, respectively
(Supplementary Data 4). Further, since some of the analyzed samples were
selected from type 2 diabetes cases, and type 2 diabetes is associated with
hypomagnesemia88, we repeated the association analyses of magnesium
including diabetes status (excluding type 1 diabetes) as covariate. Diabetes
cases were defined as either any non-type 1 diabetes (self-reported) and/or
fasting serum glucose ≥7.0mmol/liter and/or serum glucose ≥ 11.0mmol/
liter 2 hours after first having fasted overnight and then consumed 75 g of
glucose dissolved in ~3 dl water.

Heritability estimation and genetic and phenotypic correlation
between trace elements
We used LD Score regression108,124 to estimate the narrow-sense SNP
heritability (Vg/Vp ± 1SE, where Vg is the variance explained by the SNPs
and Vp is the total phenotypic variance) of 11 trace elements from the
GWA meta-analysis summary level SNP results, using LD scores esti-
mated from individuals of European ancestry in the HUNT population.
The analysis was performed in trace elements with a meta-analysis
sample size > 5000, as recommended for the LD Score regression soft-
ware. Each set of summary statistics were restricted to well imputed SNPs
in HapMap3. Further, we used LD Score regression to estimate the
genetic correlation between all pairs of 10 trace elements with an esti-
mated SNP heritability > 0 and a sample size > 5000 in the GWA meta-
analysis. The cadmium-mercury and molybdenum-cobalt correlations
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were excluded because the genetic estimates were out of bounds (higher
than 1.0 or lower than −1.0). Additionally, we estimated the phenotypic
correlation between the same pairs of trace elements in HUNT using
Spearman rank correlation. Prior to the phenotypic correlations, the
trace elements were corrected for median concentration per lab and log2
transformed.

Phenome-wide association tests (PheWAS)
We tested for associations of 34 common and low-frequency (MAF >
0.5%) trace element index variants (21 from meta-analysis and 13 from
GWAS in HUNT) with 1326 phecodes, 167 continuous traits and 30
biomarkers in participants of white British ancestry in the UK Biobank,
using publicly available summary statistics (https://pan.ukbb.
broadinstitute.org/)125. Four variants (rs146233512 [gold], rs763064690
[indium], rs78394934 [iron], rs927502065 [tungsten]) were excluded
because they were not tested in the UK Biobank. To correct for the total
number of tests (n = 51,782), we used a Bonferroni corrected p-value
significance threshold of 9.7 × 10−7.

Mendelian randomization (MR) of individual trace elements on
selected health related outcomes
To explore potential causal associations of trace elements on selected out-
comes, we used two-sampleMR:We applied the inverse-variance weighted
(IVW) method for trace elements with multiple index SNPs, and theWald
ratiomethod for trace elementswithonlyone indexSNP, as implemented in
the TwoSampleMR126 and MRInstruments127 packages in R v3.6.3 and R
v4.0.5. The exposures were selected based on robust genetic associations
with trace elements in the current study, i.e., meta-analyzed index variants
and the common index variant in the locus strongly associated with Sr in
HUNT. The outcomes were selected based the availability of instrument
summary statistics for a priori outcomes of interest highlighted in previous
literature: Alzheimer’s disease (Mn, Pb, As, Cd, Cu, Se and Zn)19,20,24–27,128,
Parkinson’s disease (Pb,As,Cd,Cu,Mn, Se, andZn)19,28–30,multiple sclerosis
(Zn, Mn, Se, Pb, As and Cd)21–23, autoimmune thyroid disease (Se)32,
hypothyroidism (Se)32, osteoporosis (Cu)43,45, bonemineral density (Cu, Cd,
Mn, Zn, and Sr)44–46, bone fracture (Sr)46, rheumatoid arthritis (Cd and
Zn)33,34, type 2 diabetes (Cu, Mn, Se and Zn)37–39, colorectal cancer (Zn and
Se)41,42 and prostate cancer (Se, Zn)40,42.We used SNP-exposure associations
from the GWA meta-analysis (Cu, Zn, Mn, Se, Pb, As, Cd) or GWAS in
HUNT (Sr) of each trace element (Supplementary Data 2), and SNP-
outcome associations were collected from independent genome-wide
summary level data129–146 (Supplementary Data 12). For the SNP associa-
tions withmultiple sclerosis, we calculated the beta coefficient as the natural
logarithm of the OR, and the standard error as SE ¼ jbeta=Qðp2Þj, where | |
denotes absolute values, p denotes the p-value and Q denotes the inverse
standard normal distribution. Outcomes obtained from https://pan.ukbb.
broadinstitute.org125 were defined as: hypothyroidism (phecode: 244), and
osteoporosis (phecode: 743.1). We estimated the variance explained and
F-statistic for the instruments from a linear regression of the trace element
concentrations versus the sum of estimated allele counts (dosages) for the
trace element increasing alleles in HUNT (Supplementary Data 12). Except
for manganese, the trace element instruments consisted of fewer than 4
SNPs, which provided limited opportunities for reliable sensitivity analyses.

Statistics and reproducibility
Unless otherwise specified, the statistical analyses were performed in R
v.3.6.4. The sample size per trace element, proportion of measurements
below the detection limit, and the distributions of trace element con-
centrations, age, and sex in HUNT, MoBa and PIVUS are reported in
Supplementary Data 1.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Summary level data supporting the findings are available in the Supple-
mentary materials and from https://dataverse.no/dataverse/ntnu/ (https://
doi.org/10.18710/UYPCL0).Numerical sourcedataunderlyingFig. 1 canbe
found in Supplementary Data 7–9. The consent given by the participants in
HUNT and MoBa does not open for storage of individual level data in
repositories or journals. Researchers associated with Norwegian research
institutes can apply for the use of HUNT data. Researchers from other
countries may apply if collaborating with a Norwegian Principal Investi-
gator. Information for data access can be found at https://www.ntnu.edu/
hunt/data. Researchers who want access to MoBa data sets for replication
should apply to https://helsedata.no. Access to data from either HUNT or
MoBa requires approval from The Regional Committees for Medical and
Health Research Ethics in Norway.

Code availability
We used the following publicly available software (URLs) to generate and
analyze the data: R v3.6.3 and R v.4.0.5, BOLT-LMM v.2.3.4 (https://
alkesgroup.broadinstitute.org/BOLT-LMM/downloads), PLINK 2.0
(https://www.cog-genomics.org/plink/2.0/),METAL v.2011-03-25 (https://
genome.sph.umich.edu/wiki/METAL), ANNOVAR v.2019Oct24 (https://
annovar.openbioinformatics.org) and LD Score Regression (https://github.
com/bulic/ldsc).
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