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Introduction
In the United States, 34.1 million adults (13% of the adult pop-
ulation) have diabetes mellitus, and approximately 90 to 95% 
of cases are type 2 diabetes (hereafter, diabetes).1 Although the 
prevalence is high among most subpopulations, diabetes dis-
proportionately affects individuals residing in rural areas.2,3 
Diabetes is a complex disorder that develops as a result of both 
genetic and environmental factors.4 For example, toxicological 
and epidemiologic studies suggest that exposure to certain metals 

(e.g., arsenic, cadmium, and lead) may be associated with dia-
betes and impaired fasting glucose levels5,6 through mechanisms 
including oxidative stress and inflammation, impaired glucose 
metabolism, and impaired insulin secretion and storage.7–9

Tungsten (W) is a transitional metal found naturally in soil, 
water, food, air, and particulate matter.10,11 The use of W in 
industrial settings has been increasing due to its high melting 
point, flexibility, and strength.10,12 W is also frequently found 
in household items and medical supplies.13 Currently, there are 
no federal guidelines on the levels of W in drinking water,14 
but W has been listed as an emerging metal of concern by the 
Environmental Protection Agency and the National Toxicology 
Program.15,16 Individuals who work with W or who live in areas 
with high levels of W in the water may have elevated urinary 
W compared with the general population.11 W has been asso-
ciated with increased incidence of lung cancer, high blood pres-
sure, stroke, and chronic kidney disease.10,17–19 Cross-sectional 
studies conducted in the United States and China suggest that 
urinary W is also positively associated with fasting glucose and 
diabetes prevalence.6,20 However, no cross-sectional studies have 
examined associations between W and certain other markers of 

What this study adds

We evaluated longitudinal associations between urinary tung-
sten and fasting glucose levels, 2-hour glucose, insulin resistance 
(HOMA-IR), β-cell function (HOMA-β), and incident diabetes 
using data from the San Luis Valley Diabetes Study, a biethnic 
cohort from rural Colorado. After adjustment for covariates and 
urinary arsenic, cadmium, and lead exposures, tungsten was sig-
nificantly associated with fasting glucose, HOMA-IR, and inci-
dent diabetes. Given that tungsten has industrial applications 
and exposure disparities persist, our results could inform future 
diabetes prevention efforts.
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Background: Cross-sectional studies suggest tungsten (W) exposure may be associated with diabetes. We assessed longitu-
dinal associations between urinary W and fasting glucose, 2-hour glucose, insulin resistance (HOMA-IR), β-cell function (HOMA-β), 
and incident type 2 diabetes.
Methods: We used data from 1,609 Hispanic and non-Hispanic White adults with 20 to 74 years of age residing in rural Colorado 
and participating in the San Luis Valley Diabetes Study. Urinary metal exposure values were measured at baseline and natural 
log-transformed. We assessed longitudinal associations between urinary W and continuous outcome measures using linear-mixed 
effect models and associations with incident diabetes using Fine and Gray competing risks regression models (competing  
event = all-cause mortality). The main adjustment set of covariates included: age, sex, ethnicity, education, smoking status, hyper-
tension, body mass index, caloric intake, alcohol intake, and urinary creatinine levels. Secondary models were further adjusted for 
arsenic, cadmium, and lead exposures. We assessed whether sex or ethnicity were effect modifiers.
Results: At baseline, the median W concentration was 0.22 μg/L (interquartile range = 0.20, 0.59). In the main cross-sectional anal-
yses, lnW levels were significantly associated with 3% higher lnHOMA-IR (95% CI = 1 to 5). In the main longitudinal models, lnW was 
significantly associated with 1% higher natural log-transformed fasting glucose (95% CI = <1 to 1), 3% higher natural log-transformed 
HOMA-IR (95% CI = 2 to 5), and 28% higher incident diabetes (subdistribution hazard ratio=1.28, 95% CI = 1.09 to 1.50). Results 
remained significant when further adjusting for other metals. We observed evidence for effect modification by sex and ethnicity.
Conclusion: Urinary W was longitudinally associated with adverse metabolic health indicators.
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diabetes (e.g., β-cell function), and no longitudinal studies of 
which we are aware have examined the association between W 
and any continuous biomarker of diabetes.

Additionally, although W may potentiate adverse health 
effects of exposure to metals such as cobalt and nickel,10  
no studies have examined how relationships between W and 
diabetes may be affected by coexposure to other elements. One 
study among US women found that overall exposure to metal 
mixtures was associated with diabetes incidence, but W was 
not included in the mixture analyses due to a low percentage 
of participants with detectable measurements.21 Finally, despite 
known sex differences in the risk factors for and pathophysiol-
ogy of diabetes,22–24 and despite structural racism that results 
in differential exposure to diabetes risk factors by ethnicity,25 
no previous studies examined whether sex or ethnicity modify 
associations between W and diabetes.

We sought to address these gaps in the literature using data 
from the prospective San Luis Valley Diabetes Study (SLVDS). 
This study population is of particular concern since the W 
levels in the water sources are elevated due to depleting water 
supply.19,26,27 Specifically, our a priori primary objective was 
to assess whether urinary W levels were longitudinally associ-
ated with fasting glucose levels, 2-hour glucose levels, insulin 
resistance, β-cell function, and diabetes incidence. Our a priori  
secondary objectives were to assess whether these associ-
ations were robust when adjusting for coexposure to other 
metals and to assess whether sex or ethnicity modified the 
associations.

Methods

Study population

The San Luis Valley is a rural region of Colorado covering over 
8,000 square miles in six counties (including Alamosa and Conejos 
counties) with a total population of about 46,000 residents.28  
Approximately 49% of the people in the region identify as 
Hispanic.28

Study sample

Participant recruitment and data collection methods for the 
SLVDS have been described previously.29 Briefly, the SLVDS was 
designed to investigate risk factors for diabetes and other chronic 
diseases among Hispanic and non-Hispanic White adults. The 
primary identification stage of recruitment differed for diabet-
ics and nondiabetics, and recruitment in each category included 
two phases with the same recruitment protocols (phase 1:  
1984–1985; phase 2: 1986–1987). Individuals with a previ-
ous diagnosis of diabetes were identified and recruited through 
medical records and advertisements (n = 479 attended the first 
examination cycle, 343 of whom were identified in phase 1). 
Individuals who were not previously known to have diabetes 
were identified using a two-stage geographic sampling proce-
dure. The first stage used maps, directories, and other informa-
tion to sample approximately 21% of households in Alamosa 
and Conejos counties. In the second stage, individuals were 
selected at random within county, sex, age, and ethnic group 
strata to reflect the Hispanic population with diabetes in the 
study area (n = 1,344 attended the first examination cycle, 607 
of whom were identified in phase 1). Regardless of diabetes sta-
tus, individuals were eligible to enroll in the study if they were 
(1) 20–74 years of age, (2) current residents of either Alamosa or 
Conejos counties, (3) able to complete the interview in English 
or Spanish, and (4) able to give informed consent. All 1,823 
SLVDS participants who were in the original study were eligible 
for this study if they had urinary metal measurements at their 
first (baseline) examination cycle (n = 1,609, of whom 373 were 
considered to have diabetes and 1,237 were not; see Figure 1 for 
sample selection).

Data collection

The first (baseline) examination cycle occurred between 1984 and 
1988, with follow-up examination cycles occurring over 10 years. 
At each examination cycle, researchers obtained demographic, 
clinical, and behavioral data. Participants reported their age, 
sex, ethnicity (Hispanic/non-Hispanic), educational attainment  
(<12 years/12 years/>12 years), and smoking status (never smoker 
[<100 lifetime cigarettes]/former smoker/current smoker). Blood 
pressure was measured three times at each examination cycle, 
and the average of the second and third measurements were used. 
Participants were considered to have hypertension if their average 
systolic blood pressure was ≥140 mmHg, their average diastolic 
blood pressure ≥90 mmHg, or if they currently used blood pres-
sure-lowering medication.30 Height and weight measured at the 
examination were used to calculate body mass index (BMI; kg/m2;  
obesity defined as BMI ≥ 30 kg/m2). A food frequency question-
naire was used to calculate the participants’ total caloric intake 
per day and alcohol intake per week.31

Urine samples (approximately 120 ml) were collected in trace 
metal-free tubes at baseline examination cycles between 1984 and 
1988. Samples were stored in a freezer at –80°C until they were ana-
lyzed in 2008 and 2015 at two laboratories as part of separate stud-
ies. In 2008 (n = 529) and 2015 (n = 504), the Colorado Department 
of Public Health and Environment chemistry laboratory ana-
lyzed a full metals panel (including W, antimony, arsenic, barium, 
cadmium, cesium, chromium, cobalt, copper, lead, manganese, 
molybdenum, plutonium, selenium, thallium, uranium, and zinc)  
on 1,033 urine samples. In 2015, Columbia University Metals 
Laboratory analyzed a full metals panel for an additional 576 sam-
ples. Both laboratories met the standards of the Clinical Laboratory 
Improvement Amendment. They used an inductively coupled 
argon plasma instrument with a mass spectrometer to detect metal 
concentrations (detection limit for each metal = 1 part in 10)32  
and a colorimetric assay by the Jaffe reaction to assess urinary 
creatinine levels.33 For urine samples with metal concentrations 
below the level of detection, concentrations were imputed using 
the square root of the limit of detection divided by two.

Outcome measures (fasting glucose, 2-hour glucose, insulin 
resistance, β-cell function, and diabetes status) were assessed at 
each examination cycle. Participants fasted for at least eight hours 
before the examination. Blood was drawn once before consum-
ing glucose through a flavored drink and again at 1 and 2 hours 
after consumption to collect data on glucose and insulin levels. 
Participants with diabetes using insulin did not inject the insulin 
until after the first blood sample was collected, and participants 
taking oral hypoglycemic medication took the medication before 
the examination. Glucose was measured using the glucose oxidase 
method with venous plasma,29,34 and insulin was measured with 
a double antibody radioimmunoassay.35,36 Homeostatic Model 
Assessment of Insulin Resistance (HOMA-IR) was calculated as 
the product of fasting insulin (μU/mL; to convert to pmol/L, mul-
tiply by 0.144) and fasting glucose (mg/dL; to convert to mmol/L, 
multiply by 0.056) divided by 405. Homeostatic Model Assessment 
of beta-cell function (HOMA-β) was calculated as [20 times 
fasting insulin (μU/mL)]/[fasting glucose (mg/dL) minus 63].37  
Participants were considered to have diabetes if they had been 
previously diagnosed with diabetes by a health professional at 
the time of recruitment, if they were currently taking insulin 
or diabetes medication, or if they would be classified as having 
diabetes according to the World Health Organization guidelines 
for the glucose tolerance test (fasting venous plasma glucose 
≥140 mg/dL or 2-hour venous plasma glucose ≥200 mg/dL).38  
At follow-up, diabetes was diagnosed according to the same 
guidelines used at baseline.

Statistical methods

We first examined univariate distributions of urinary W, out-
comes, and covariates in the full analytic sample (n = 1,609; 
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Figure  1). Based on these distributions (eFigures 1 and 2;  
http://links.lww.com/EE/A156), we natural log-transformed 
values for metal concentrations (μg/L), fasting glucose (FG), 
2-hour glucose (FG-2hr), HOMA-IR, and HOMA-β. We then 
examined the Pearson correlations among baseline exposure 
levels of the metals (W, arsenic, cadmium, and lead). Next, we 
compared proportions (using chi-squared tests for categorical 
variables) and means (using two-sample t-tests for continuous 
variables) of each outcome and covariate by urinary W (below 
or above the median of 0.22 µg/L) at baseline. We also used 
chi-squared tests and two-sample t-tests with equal variances to 
assess whether participant characteristics were different among 
those missing either fasting glucose or fasting insulin (n = 178) 
and those missing neither (n = 1,431). Finally, we used these 
tests to assess the differences between baseline categorical and 

continuous covariate measurements, respectively, for partici-
pants who developed diabetes (n = 119) and those who did not 
(n = 959).

To assess the linearity assumption and evaluate potential 
effect modifiers, we first used Bayesian kernel machine regres-
sion (BKMR) to estimate the association among log-transformed 
metal values (i.e., W, antimony, arsenic, barium, cadmium, 
cesium, chromium, cobalt, copper, lead, manganese, molybde-
num, plutonium, selenium, thallium, uranium, and zinc) and 
odds of diabetes at baseline. We excluded metals with greater 
than 50% of samples below the limit of detection (i.e., pluto-
nium and uranium). We evaluated whether lnW was cross-sec-
tionally associated with each outcome variable at the baseline 
examination cycle using linear regression (for lnFG, lnFG-2hr, 
lnHOMA-IR, and lnHOMA-β) and logistic regression (for 

Figure 1. Analysis sample selection scheme.

http://links.lww.com/EE/A156
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diabetes prevalence). We evaluated whether lnW was longitu-
dinally associated with each outcome variable among the par-
ticipants without diabetes at baseline using linear mixed effect 
models with a random intercept for each participant (for lnFG, 
lnFG-2hr, lnHOMA-IR, and lnHOMA-β) and Fine and Gray 
competing risks regression (for incident diabetes, competing 
event = all-cause mortality). Although the proportional hazards 
assumption was not met for the Fine and Gray competing risks 
regression (p = 0.001), our sample size was large (n > 1,000) and 
the Kaplan-Meier survival estimates seemed to approximately 
follow the proportional hazards assumption beyond 10 years 
(eFigure 3; http://links.lww.com/EE/A156), so we assumed that 
the modeling method was still appropriate. To assess whether 
sex or ethnicity modified associations, we ran sex- and ethnic-
ity-stratified models (separately). As a sensitivity analysis to 
reduce the potential for error in W estimation, we estimated 
the primary cross-sectional and longitudinal models excluding 
participants with baseline W concentrations below the limit of 
detection (n = 525 at baseline). Finally, we included a sensitiv-
ity analysis of longitudinal models using quartiles of urinary W 
rather than log-transformed values as the exposure.

All multivariable models were estimated twice—once each 
with two sets of covariates determined a priori using an evi-
dence-based directed acyclic graph (DAG; eFigure 4; http://
links.lww.com/EE/A156).39 The set of covariates in the main 
models and the BKMR model included baseline values of age 

(included as the unit of time for the mixed effect models), sex 
(excluded in the models stratified by sex), ethnicity (Hispanic, 
not Hispanic; excluded in models stratified by ethnicity), edu-
cation (<12 years, 12 years, >12 years of schooling), smoking 
status (never, former, current), hypertension, body mass index 
(BMI; kg/m2), caloric intake (kcal/day), alcohol intake (g/
week), and urinary creatinine levels (g/L). The set of covariates 
included in the further adjusted models also included natural 
log-transformed baseline values of arsenic (lnAs), cadmium 
(lnCd), and lead (lnPb).

Results
Characteristics of the participants at baseline are described in 
Table 1. At baseline, the median W concentration was 0.22 μg/L 
(interquartile range [IQR] = 0.20, 0.59; see eTable 1; http://
links.lww.com/EE/A156 for baseline distribution of all uri-
nary metal exposures). In bivariate analyses, having urinary W 
above the median was significantly associated with being male, 
non-Hispanic, a current/former smoker, having differing lev-
els of attained education, higher alcohol intake, lower fasting 
glucose, lower 2-hour glucose, and lower diabetes prevalence 
(Table  1). Baseline lnW concentrations were statistically sig-
nificantly correlated with lnAs (r = 0.51) and weakly (but sig-
nificantly) correlated with lnCd and lnPb levels (r = 0.16, 0.08,  
respectively; eTable 2; http://links.lww.com/EE/A156). 

Table 1.

Baseline characteristics of the study sample stratified by tungsten (W) concentrations above and below the median

 All 
n (%) or mean  

(standard deviation)

W ≤ 0.22 µg/L 
n (%) or mean  

(standard deviation)

W > 0.22 µg/L 
n (%) or mean  

(standard deviation)

P value for difference  
by urinary  
W groupa  

Total 1,609 (100) 805 (50.0) 804 (50.0)  
Age 54.3 (12.2) 54.7 (12.3) 53.8 (12.1) 0.120
Sex    <0.001*
 Men 754 (46.9) 330 (41.0) 424 (52.7)
 Women 855 (53.1) 475 (59.0) 380 (47.3)
Ethnicity    <0.001*
 Hispanic 773 (48.0) 460 (57.1) 313 (38.9)
 Non-Hispanic 836 (52.0) 345 (42.9) 491 (61.1)
Education    <0.001*
 <12 years 526 (32.8) 302 (37.5) 224 (28.0)
 12 years 540 (33.6) 271 (33.7) 269 (33.6)
 >12 years 539 (33.6) 232 (28.8) 307 (38.4)
Smoking statusb    0.001*
 Never 721 (44.9) 398 (49.4) 323 (40.3)
 Current 387 (24.1) 172 (21.4) 215 (26.8)
 Former 499 (31.1) 235 (29.2) 264 (32.9)
Hypertension prevalence 627 (39.0) 322 (40.1) 305 (38.0) 0.396
Body mass index (kg/m2) 26.7 (4.81) 26.9 (4.99) 26.5 (4.62) 0.127
Caloric intake (kcal/day)c 1,510 (578) 1,523 (594) 1,498 (562) 0.388
Alcohol (g/week)c 41.0 (104) 31.5 (91.7) 50.6 (115) <0.001*
Fasting glucose (mg/dL)d 120 (56.0) 122 (61.0) 117 (50.3) 0.039*
2-hour glucose (mg/dL) 154 (101) 160 (106) 148 (94.7) 0.026*
Fasting insulin (μU/mL) 14.6 (10.5) 14.4 (9.83) 14.8 (11.0) 0.434
HOMA-IRe 4.19 (4.13) 4.20 (4.21) 4.18 (4.05) 0.938
HOMA-βe 7.65 (8.41) 7.69 (10.3) 7.61 (6.15) 0.858
Diabetes prevalencef 457 (28.4) 249 (30.9) 208 (25.9) 0.024*
Study time to death, diabetes, or censoring (years)g 10.4 (5.14) 10.3 (4.92) 10.4 (5.35) 0.791

*Significant with p < 0.05
aDifferences between baseline categorical and continuous covariate measurements were assessed using chi-squared and t-tests, respectively, among those below or at the median W value and above the 
median W value.
bSmoking status of never was defined as <100 cigarettes in lifetime. Smoking status of current was defined as ≥100 cigarettes in lifetime and currently a smoker. Smoking status of ever was defined as 
≥100 cigarettes in lifetime and not currently a smoker.
cCaloric intake and alcohol intake were measured using a food frequency questionnaire.
dSI conversion factors: to convert mg/dL to mmol/L, multiply by 0.056. To convert μU/mL to pmol/L, multiply by 0.144.
eHomeostatic Model Assessment of Insulin Resistance (HOMA-IR) was calculated as the product of fasting insulin (μU/mL) and fasting glucose (mg/dL) divided by 405. Homeostatic Model Assessment of 
beta cell function (HOMA-β) was calculated as [20 times fasting insulin (μU/mL)] / [fasting glucose (mg/dL) minus 63].
fPeople with diabetes were currently taking insulin or oral hypoglycemic, were diagnosed according to the oral glucose tolerance test,38 or had previously been diagnosed with diabetes.
gCalculated only among participants who did not have diabetes at baseline (n = 1,078).

http://links.lww.com/EE/A156
http://links.lww.com/EE/A156
http://links.lww.com/EE/A156
http://links.lww.com/EE/A156
http://links.lww.com/EE/A156
http://links.lww.com/EE/A156
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Participant characteristics were generally similar among those 
with and without HOMA-IR or HOMA-β values, although we 
observed significant differences for ethnicity and BMI (eTable 3; 
http://links.lww.com/EE/A156).

Of the 1,078 participants without diabetes at baseline, 119 
developed diabetes during the study period (mean time at  
risk = 9.9 years) and 301 participants died before developing 
diabetes (mean time to death = 14.0 years). The mean follow-up 
time before a censored event was 10.4 years. Compared with 
participants who did not develop diabetes, those who developed 
diabetes were significantly more likely to be older, Hispanic, 
hypertensive, have differing levels of attained education, and 
have a higher BMI (eTable 4; http://links.lww.com/EE/A156).

The assumption of linearity seemed reasonable as lnW 
appeared to be linearly associated with odds of diabetes at 
baseline except at the highest lnW concentrations (eFigure 5; 
http://links.lww.com/EE/A156). Tables 2 and 3 show the effect 
estimates cross-sectionally relating lnW to lnFG, lnFG-2hr, 
lnHOMA-IR, lnHOMA-β, and diabetes prevalence at baseline. 
Although lnW was not significantly associated with lnFG, lnFG-
2hr, lnHOMA-β, or diabetes prevalence, a doubling of urinary 
W was significantly associated with 3% higher lnHOMA-IR in 
the main model overall (95% confidence interval [CI] = 1 to 5 
higher), 5% higher among males (95% CI = 2 to 9 higher), and 
5% higher among Hispanics (95% CI = 1 to 9 higher; Table 2 and 
eTable 5; http://links.lww.com/EE/A156). The associations with 
lnHOMA-IR were not significant in models adjusting for other 
metals (Table  2 and eTable 5; http://links.lww.com/EE/A156).  
In a sensitivity analysis excluding participants with urinary W 
values below the limit of detection and adjusting for exposure to 
other metals, lnW was significantly associated with 2% decreased 
lnFG (95% CI = <1 to 3 lower) and 16% lower diabetes prev-
alence (odds ratio = 0.84; 95% CI = 0.71 to 0.99; eTable 6;  
http://links.lww.com/EE/A156). In a multipollutant BKMR 
analysis, antimony, arsenic, and copper appeared to be effect 
modifiers of the association between lnW and odds of diabetes 
(eFigure 5; http://links.lww.com/EE/A156).

In longitudinal analyses, lnW was significantly associated 
with a 1% increased lnFG (main model: 95% CI = <1 to 1 
increased; further adjusted model: <1% increased, 95% CI = 0 
to 1 increase), 3% increased lnHOMA-IR (main model: 95% 
CI = 2 to 5 increase; further adjusted model: 3% increase, 
95% CI = 1 to 5 increase), and 28% higher incident diabetes 
(main model subdistribution hazard ratio [SHR] = 1.28; 95%  
CI = 1.09 to 1.50; further adjusted model SHR = 1.24; 95%  
CI = 1.03 to 1.48; Tables 2 and 3). The strength of these associ-
ations was similar in sensitivity analyses excluding participants 
with W values below the limit of detection, although the asso-
ciation with lnFG became nonsignificant (eTable 6; http://links.
lww.com/EE/A156). Sex-stratified models indicated some effect 
measure modification, but several of the associations became 
nonsignificant (though with similar effect estimates to the non-
stratified models; Table  4 and eTable 7; http://links.lww.com/
EE/A156). In ethnicity-stratified models for lnFG, lnFG-2hr, and 
lnHOMA-IR, we observed slightly stronger associations among 
Hispanics than non-Hispanics (Table 4). Conversely, in the eth-
nicity-stratified models for incident diabetes, we observed some-
what stronger associations among non-Hispanics (eTable 7;  
http://links.lww.com/EE/A156). When examining the associ-
ation using urinary W categorized into quartiles, the longitu-
dinal associations remained significant (diabetes P value for  
trend = 0.004; lnFG P value for trend = 0.016; lnHOMA-IR  
P value for trend = 0.003).

Discussion
We presented a longitudinal analysis investigating the asso-
ciations between urinary W, fasting glucose, 2-hour glucose, 
measures of insulin resistance and β-cell function, and incident 
diabetes. Our analysis is the first to examine these associations 
accounting for coexposure to other metals and the first to exam-
ine sex- and ethnicity-stratified associations. We observed that a 
doubling of urinary lnW was cross-sectionally associated with 
3% higher lnHOMA-IR and longitudinally associated with 1% 
higher lnFG and 3% higher lnHOMA-IR. Similarly, each natu-
ral log-unit increase in urinary W was associated with a 28% 
increased risk of developing diabetes over the follow-up period. 
These associations were robust when adjusting for the set of 
covariates suggested by an evidence-based DAG,39 and when 
further adjusting for coexposure to arsenic, cadmium, and lead. 
Although future longitudinal studies are needed to validate our 
results in other populations, our findings are timely given the dia-
betes epidemic in the United States,1 current efforts to develop an 
oral antidiabetic treatment option that contains tungstate,10,40,41 
and ongoing low-level occupational exposure to W.42,43

Despite differences in study designs, populations, and expo-
sure levels, our primary findings were in agreement with previous 

Table 2.

Associations between urinary tungsten and continuous diabetes 
measures

  

Cross-sectional 
associations 
β (95% CI)

Longitudinal 
associations 
β (95% CI)

Natural-log transformed 
fasting glucose

n = 1,567 n = 1,055

Main modela 0.002 (-0.013, 0.017) 0.008 (0.002, 0.014)*
Further adjusted modelb -0.013 (-0.030, 0.004) 0.007 (0.000, 0.013)*
Natural-log transformed 
2-hour glucose

n = 1,485 n = 1,050

Main model 0.005 (-0.018, 0.029) 0.011 (-0.005, 0.028)
Further adjusted model -0.012 (-0.038, 0.014) 0.018 (-0.002, 0.037)
Natural-log transformed 
HOMA-IRc

n = 1,401 n = 1,054

Main model 0.043 (0.011, 0.076)* 0.045 (0.022, 0.069)*
Further adjusted model 0.027 (-0.010, 0.063) 0.041 (0.014, 0.068)*
Natural-log transformed 
HOMA-βc

n = 1,399 n = 1,054

Main model 0.018 (-0.014, 0.050) 0.018 (-0.007, 0.042)
Further adjusted model 0.028 (-0.008, 0.064) 0.020 (-0.009, 0.048)

*Significant with p < 0.05.
aMain model adjusted for age (years), sex, ethnicity (Hispanic/non-Hispanic), education 
(<12/12/>12 years), smoking status (current/former/never), hypertension (dichotomous), body 
mass index (kg/m2), caloric intake (kcal/day), alcohol intake (g/week), and urinary creatinine (g/L).
bFurther adjusted model adjusted for all covariates in the main model and also natural log-
transformed arsenic, cadmium, and lead.
cHomeostatic Model Assessment of Insulin Resistance (HOMA-IR) = [fasting insulin (μU/mL) × 
fasting glucose (mg/dL)]/405; Homeostatic Model Assessment of beta cell function  
(HOMA-β) = [20 × fasting insulin (μU/mL)]/[fasting glucose (mg/dL) – 63].37

Table 3.

Associations between urinary tungsten and diabetes

   

Cross-sectional 
associations with 

diabetes prevalence 
OR (95% CI) 

n = 1,573

Longitudinal 
associations with 

diabetes incidence 
SHR (95% CI) 

n = 1,056

Main modela 0.98 (0.87, 1.12) 1.28 (1.09, 1.50)*
Further adjusted modelb 0.87 (0.75, 1.01) 1.24 (1.03, 1.48)*

*Significant with p < 0.05.
aMain model adjusted for age (years; treated as time variable in Fine and Gray competing risks 
regression models), sex, ethnicity (Hispanic/non-Hispanic), education (<12/12/>12 years), 
smoking status (current/former/never), hypertension (dichotomous), body mass index (kg/m2), 
caloric intake (kcal/day), alcohol intake (g/week), and urinary creatinine (g/L).
bFurther adjusted model adjusted for all covariates in the Main model and also natural log-
transformed arsenic, cadmium, and lead.
CI indicates confidence intervals; OR, odds ratio; SHR, subdistribution hazard ratio.
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cross-sectional studies.6,20 Given the differences in study popu-
lation, the results might be transportable to other populations 
(our study population was drawn from individuals in one rural 
location compared with the previous studies that included a 
sample of adults in one urban region of China6 and in a nation-
ally representative sample of US adults).20 Similarly, given the 
differences in exposure levels, we might expect the associations 
we observed to extrapolate to somewhat lower exposure levels 
(our participants were exposed to median urinary W values of 
0.22 μg/L compared with median values of 0.12 μg/L and 0.07 
µg/L in the two cross-sectional studies).6,20 Finally, the associa-
tions may not be time period-specific: our study included data 
collected beginning in 1984 whereas the others collected data 
beginning in 2011 and 1999, respectively.6,20 This difference in 
time period could also partially explain the difference in uri-
nary W levels, though notably the SLVDS urinary W levels were 
lower than the geometric mean in a nationally representative 
sample of US adults for that time period (95% CI = 0.31 to 
0.34 µg/L in our population versus 95% CI = 0.63 to 0.77 µg/L 
nationally from 1988 to 1994).44 Another prospective study 
conducted in US women did not find a significant association 
between urinary W and incident diabetes; however, this study 
used above or below the limit of detection as exposed or unex-
posed, respectively, and only 29% of participants had detectable 
W levels.21 Thus, the differences in exposure assessment could 
explain the discrepancies in results.

Relatively sparse literature exists that would suggest poten-
tial mechanisms through which W may affect the development 
of diabetes. The results from our study indicate that W could 
influence diabetes risk through insulin resistance rather than 
β-cell function—though insulin resistance and β-cell dysfunc-
tion often interact in the development of diabetes,45 and it is 
possible that the measurement methods for HOMA-β were less 
accurate (especially for participants on insulin medication).46 
More generally, W can be pro-inflammatory,47 and inflamma-
tion can lead to endothelial dysfunction and insulin resistance.48  
This could partially explain the association between W and dia-
betes incidence as well as between W and HOMA-IR. The asso-
ciation between W and hyperglycemia could also be caused by 
endothelial dysfunction, as W can affect this process through inhi-
bition of a related antioxidant molybdoenzyme.49–52 Additionally, 
it is possible that other trace metals interact with W (or similarly 
to W) in its association with diabetes. For example, chromium, 
another group six transition metal with a high melting point, is 
involved with the metabolism of glucose and insulin.53,54

Furthermore, there could be sex-differences underlying the 
mechanisms relating urinary W to diabetes. For example, one 
study observed that the effect of W on bone homeostasis in mice 
was sex-dependent.55 Similarly, sex-related hormonal differences 
seemed to affect the absorption rate of other metals in humans.56  
Additionally, the mechanisms through which individuals 
develop diabetes vary by sex and this could partially explain 
sex differences in our results. For example, consistent with our 
observation that associations with HOMA-IR were stronger in 
men than women, males are more likely to have insulin resis-
tance, whereas females are more likely to have impaired glucose 
tolerance.23,24

Our study had several strengths. These strengths include the 
longitudinal nature of the analysis, the inclusion of multiple dia-
betes markers indicative of different possible roles of W in the 
pathophysiology of diabetes, the ability to adjust for covariates 
determined through an evidence-based DAG, the ability to adjust 
for coexposure to toxic metals, and the assessment of sex- and 
ethnicity-related effect modification. Other strengths include 
the use of urinary metal measurements (a common method to 
estimate chronic exposure to most heavy metals),57 large sam-
ple size, low attrition rate, and exposure contrast in our sample. 
Furthermore, any measurement error in urinary W would likely 
be nondifferential (biasing the results toward the null) since mea-
surement error would not depend on diabetes status.

Our study also had several limitations. For example, we 
used the oral glucose tolerance test rather than robust mea-
sures of whole body insulin resistance and β-cell function (e.g., 
the hyperglycemic or hyperinsulinemic-euglycemic clamp, or 
the frequently sampled intravenous glucose tolerance test) to 
assess HOMA-IR, HOMA-β, and plasma glucose levels.46,58,59 
Nonetheless, we observed significant associations with other 
markers of diabetes in addition to insulin resistance calculated 
through the HOMA-IR model. We also used the WHO criteria 
from 1985 to classify participants with diabetes, as this was the 
criteria used at the time of data collection. This definition required 
a fasting glucose level of at least 140 mg/dL to diagnose diabetes,38  
whereas current guidelines recommend a cutoff of 126 mg/dL.60 
We used the guidelines at the time of data collection to follow 
the clinical decision-making process at the time. Nonetheless, 
we recognize that there could have been undiagnosed cases of 
diabetes. It is possible that our outcome misclassification was 
differential, in part due to missing data patterns whereby par-
ticipants who identified as non-Hispanic and who had a higher 
BMI were more likely to be missing fasting glucose and fasting 

Table 4.

Longitudinal associations between tungsten and continuous diabetes measures stratified by sex and ethnicitya

  
Males 

β (95% CI)
Females 

β (95% CI)
Non-Hispanics 

β (95% CI)
Hispanics 
β (95% CI)

Natural-log transformed fasting glucose n = 501 n = 554 n = 620 n = 435
Main modelb 0.007 (–0.001, 0.015) 0.009 (0.000, 0.017)* 0.006 (–0.001, 0.013) 0.014 (0.002, 0.025)*
Further adjusted modelc 0.005 (–0.004, 0.014) 0.008 (–0.001, 0.017) 0.003 (-0.005, 0.010) 0.016 (0.003, 0.030)*
Natural-log transformed 2-hour glucose n = 500 n = 550 n = 618 n = 432
Main model 0.022 (–0.004, 0.047) 0.001 (–0.021, 0.023) 0.008 (–0.012, 0.028) 0.023 (–0.009, 0.054)
Further adjusted model 0.018 (–0.012, 0.047) 0.015 (–0.011, 0.040) 0.010 (–0.012, 0.032) 0.038 (0.001, 0.076)*
Natural-log transformed HOMA-IRd n = 501 n = 553 n = 620 n = 434
Main model 0.050 (0.019, 0.082)* 0.036 (0.001, 0.071)* 0.033 (0.005, 0.061)* 0.076 (0.035, 0.118)*
Further adjusted model 0.036 (–0.001, 0.074) 0.038 (–0.001, 0.076) 0.025 (–0.009, 0.058) 0.083 (0.037, 0.130)*
Natural-log transformed HOMA-βd n = 501 n = 553 n = 620 n = 434
Main model 0.026 (–0.009, 0.061) 0.005 (–0.030, 0.041) 0.016 (–0.012, 0.043) 0.021 (–0.028, 0.070)
Further adjusted model 0.019 (–0.022, 0.060) 0.013 (–0.026, 0.052) 0.020 (–0.012, 0.053) 0.021 (–0.033, 0.075)

*Significant with p < 0.05.
aStratified models did not include the variable stratified on as a covariate.
bMain model adjusted for age (years; treated as time variable in Fine and Gray competing risks regression models), sex, ethnicity (Hispanic/non-Hispanic), education (<12/12/>12 years), smoking status 
(current/former/never), hypertension (dichotomous), body mass index (kg/m2), caloric intake (kcal/day), alcohol intake (g/week), and urinary creatinine (g/L).
cFurther adjusted model adjusted for all covariates in the Main model and also natural log-transformed arsenic, cadmium, and lead.
dHomeostatic Model Assessment of Insulin Resistance (HOMA-IR) = [fasting insulin (μU/mL) × fasting glucose (mg/dL)]/405; Homeostatic Model Assessment of beta cell function  
(HOMA-β) = [20 × fasting insulin (μU/mL)]/[fasting glucose (mg/dL) – 63].
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insulin outcome data. No other characteristics significantly var-
ied between individuals with and without outcome data.

Additionally, we used urinary W levels measured at baseline, 
and we did not have data on time-varying changes in exposure. 
This may be a limitation since the majority (approximately 60% 
of daily intake) of ingested W is rapidly excreted through urine 
within a day.11 However, urinary W levels were highly correlated 
with W concentrations in drinking water for this study popula-
tion (results not shown), and human intake of drinking water, 
although daily amounts may vary, is likely to remain relatively 
stable over longer periods due to the biologic requirement of 
water.61 Thus, we postulate that W levels excreted through urine 
may have also been relatively stable over time. Other biomark-
ers of arsenic and lead, such as hair and nail, are stronger bio-
markers of long-term exposure.62,63 On the other hand, urinary 
cadmium is a strong biomarker of long-term cadmium expo-
sure,64 and urinary measures of these other metals have been 
found suitable for biomonitoring.62,63

Other limitations include our assumption that the longitudi-
nal exposure-response function was linear (as the BKMR analy-
sis suggested that the cross-sectional exposure-response function 
was). Longitudinal trends were similar when using quartiles of 
W as the exposure, which reduces concern of nonlinearity; how-
ever, as suggested by the BKMR results, there is still potential for 
a nonlinear association at higher lnW concentrations. We also 
did not account for potential confounding by certain other ele-
ments (e.g., nickel). We could not assess confounding by nickel, 
as this metal was not included in the metals panel. Since W has 
been suggested to increase negative health effects of nickel,10 
there is still potential for unmeasured confounding. Finally, uri-
nary W has been previously shown to be associated with chronic 
kidney disease in this population.19 Because we measured W in 
urine, it is possible that impaired kidney function could alter 
the urinary excretion of W,65 leading to misclassification of W 
measurements among those with kidney damage. However, we 
decided to not account for kidney function given the observed 
cyclical relationship between diabetes and kidney function.66,67

Although future studies are needed to examine how time-vary-
ing urinary W levels affect diabetes incidence in this population 
and in other populations, our longitudinal study suggests that 
exposure to W is associated with increased fasting glucose lev-
els, HOMA-IR levels, and diabetes incidence. Given that W has 
industrial applications10 and exposure disparities persist,68 our 
results could inform future diabetes prevention efforts.
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