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Abstract
Epidemiological studies have demonstrated that various kinds of urinary element concentrations were
different between healthy, prediabetes, and diabetes patients. Meanwhile, many studies have explored the
relationship between element concentration and fasting blood glucose (FBG), but the association
between joint exposure to co-existing elements and FBG level has not been well understood. The study
explored the associations of joint exposure to co-existing urinary elements with FBG level in a cross-
sectional design. 275 retired elderly people were recruited from Beijing, China. The questionnaire survey
was conducted, and biological samples were collected. The generalized linear model (GLM) and two-
phase Bayesian kernel machine regression (BKMR) model were used to perform in-depth association
analysis between urinary elements and FBG. The GLM analysis showed that Zn, Sr, and Cd were
signi�cantly correlated with the FBG level, under control potential confounding factors. The BKMR
analysis demonstrated 8 elements (Zn, Se, Fe, Cr, Ni, Cd, Mn, and Al) had a higher in�uence on FBG
(Posterior inclusion probabilities >0.1). Further intensive analyses result of the BKMR model indicated
that the overall estimated exposure of 8 elements was positively correlated with the FBG level and was
statistically signi�cant when all element concentrations were at their 65th percentile. Meanwhile, the
BKMR analysis showed that Cd and Zn had a statistically signi�cant association with FBG levels when
other co-existing elements were controlled at different levels (25th, 50th or 75th percentile), respectively.
The results of the GLM and BKMR model were inconsistent. The BKMR model could �exibly calculate the
joint exposure to co-existing elements, evaluate the possible interaction effects and nonlinear
correlations. The meaningful conclusions were found that it was di�cult to get by traditional methods.
This study will provide methodological reference and experimental evidence for the association between
joint exposure to co-existing elements and FBG in elderly people.

Introduction
Type 2 diabetes mellitus (T2DM) is an endocrine and metabolic disease characterized by a disturbance
of blood glucose, protein, and lipid metabolism disturbance(Henning 2018). Globally, T2DM is a major
threat to human health worldwide and may result in an increased incidence and high prevalence.
According to the World Health Organization (WHO), there were 422 million diabetes patients, with 80% of
them belonging to low and middle-income countries (Jaacks et al. 2016; WHO 2021). The International
Diabetes Federation (IDF) estimated that the number of patients with diabetes was about 116 million in
China. Further investigation revealed that the number of patients with diabetes in China had increased by
62.7% over the past decade, and it is one of the countries with the highest estimated number of patients
with diabetes, accounting for nearly 30% of the total world (Liu et al. 2019; Williams 2021). With the
increases in the size of the aging population, changes in lifestyle, economic and environmental factors,
the prevalence of T2DM is increasing consistently.

Epidemiological studies have recently shown that transportation, distribution, excretion, and
accumulation of various kinds of elements, including Zn, Cu, Se, and As, differ in prediabetes, and
diabetes patients relative to healthy individuals (Menke et al. 2016; Sanjeevi et al. 2018; Wang et al.
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2020a). This is because many elements are involved in various physiological functions and energy
metabolisms in mammals and play a corresponding role as well (Fiore et al. 2020). This suggests that
various physiological states may be associated with altered element levels. However, �ndings from these
studies remain controversial (Hansen et al. 2017; Kohler et al. 2018).

In environmental health research, the prevalent tool to evaluate the association between elements
exposure and health effects has been the generalized linear model (GLM), which can reveal complex
relationships between dependent variables and confounding factors (Bjorklund et al. 2019; Li et al. 2017;
Zheng et al. 2020). However, the GLM has some limitations, including its ine�ciency in investing in the
overall effect, interaction effects, potential multicollinearity problems, and non-linear exposure-response
relationship. Bayesian kernel machine regression (BKMR) model has been investigated in the
environmental co-exposure factors to health effects (Bobb et al. 2018; Hu et al. 2021; Li et al. 2021). It not
only has a good identi�cation effect on the major environmental factors that harm health but also can
use the kernel function to estimate the relationship between the overall effect generated by joint exposure
and the nonlinear exposure-response relationship and �nd meaningful conclusions that are di�cult to
�nd by GLM (Bellavia et al. 2019; Bobb et al. 2018; Bobb et al. 2015).

Based on the above �ndings, the study recruited 275 retired elderly people as the research object in
Beijing, China. Then the study analyzed the effects of urinary element concentration on fasting blood
glucose (FBG) level using the GLM and BKMR model and compared results from both analysis models.

Materials And Methods
Research Design and Study Population

A cross-sectional study design was implemented. The retired elderly people (aged above age 60 or more)
recruited from the community-based in Beijing, in 2016. This study was approved by the Ethics
Committee of the Institute of Basic Medical Sciences, Peking Union Medical College (Beijing, China), and
all participants had signed informed consent before the interviews.

Personal information was collected using a structured questionnaire through face-to-face communication
by the investigator, including gender, age, smoking status, alcohol drinking status, and body mass index
(BMI). Medical records were used to gather information on whether the subjects had diabetes and
medication use related to blood sugar control.

The vein blood (4 mL) was collected from each subject after overnight fasting and used to measure FBG.
Blood samples were collected in vacuum tubes containing a thixotropic gel barrier (BD Vacutainer SST II,
REF 367988). FBG was measured using the hexokinase method on an autoanalyzer (Roche Cobas,
Germany, Baron). Morning urine samples were collected and placed in polyethylene centrifuge tubes for
the measurement of the urine creatinine using an enzymatic method (Roche Cobas, Germany, Baron).
After delivery to the laboratory, the urine samples were repackaged and immediately stored at -80℃.



Page 5/22

Determination of Urine Elements

A Nexion 300D (Perkin-Elmer SCIEX, USA) inductively coupled blood-mass spectrometry (ICP-MS) was
used for the analysis of urine samples, operating conditions was detailed in Tables S1. The detected
elements included Aluminum (Al), Chromium (Cr), Manganese (Mn), Iron (Fe), Cobalt (Co), Nickel (Ni),
Copper (Cu), Zinc (Zn), Arsenic (As), Selenium (Se), Strontium (Sr), Cadmium (Cd), Cesium (Cs), Barium
(Ba), and Lead (Pb). Urine samples were thawed at room temperature before use, then were diluted 1:10
with 0.5%(v/v) nitric acid + 0.02% Triton X-100 into 15 mL polypropylene centrifuge tubes and treated by
sonication in an ultrasonic water bath for 1 h, at 60℃. The analysis method was referenced from
previous studies, using ICP-MS with Dynamic Reaction Cell (DRC) technology (Brodzka et al. 2013;
Heitland and Koster 2006; Ivanenko et al. 2013), the conditions of DRC was detailed in Tables S2. The
DRC was applied to attenuate interfering background ion signals via ion-molecule reactions and
improved the limit of detection (LOD) compared with the published literature (Feng et al. 2015a; Goulle et
al. 2005; Wang et al. 2020b). The LOD for the element was calculated using 3 times the standard
deviation of the blank signal, the LODs and DRC conditions were shown in Table S3. Rhodium (Rh) as the
internal standard was simultaneously introduced via a T-piece.

Quality Control

A questionnaire information survey was conducted by strictly trained investigators with a medical
background. EPI Data software was used for double parallel input to establish a database to ensure
accurate and reliable input of questionnaire information. After on-site pretreatment, biological samples
were immediately sent to the Clinical Laboratory Center of Peking Union Medical College Hospital. Urine
samples were stored at -80℃ until further analysis. All polypropylene centrifuge tubes used to store urine
were soaked in 10% nitric acid solution for 48h and rinsed with ultra-pure water before use. For each urine
element analysis, sample was measured 3 times and the mean was calculated for data analysis. The
trace elements urine quality control samples and the spiked recovery samples were measured every 20
specimens to assure correct analysis of the studied specimens. The intra-assay coe�cients and the inter-
assay coe�cients of variation were less than 10%, Table S3. If quality control samples were not in the
range (e.g.: recovery rate was not in the range of 80%-120%), specimens were retested.

Statistical Analysis

Means with standard deviations were used to describe normal distribution data, and the interquartile
range (IQR) and median were used to describe data with skewness distribution. A p-value <0.05 indicates
statistical signi�cance. Urinary concentrations below the LOD were assigned with LOD/2 for calculations.
Element detection rates of <60% were excluded from the statistical analysis. All skewed distribution
variables were logarithmically converted into approximate normal distribution before analysis.

First, the generalized linear model was used to explore the association between each element
concentration and FBG level. Element concentrations were logarithmically transformed as independent
variables and FBG as the dependent variable used to establish regression equations. Covariates were
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collected based on prior knowledge and published literature. The confounding factors such as age,
gender, education, smoking status, alcohol drinking status, and BMI were adjusted.

To further investigate the potential nonlinear, non-additive, and interactive relationship between urine joint
exposure to co-existing elements and FBG levels established by the BKMR model, the following modeling
was used.

Yi= h (h1+h2+…hi) +βT Zi +εi

In this formulation, where hi represents given elements in urine samples, β represents the effect of the
covariates (note that Zi is a vector), the BKMR model was adjusted for the same set of covariates as the

generalized linear model, εi~N (0, σ2) are residual error terms. The function h () is a dose-response
function, which contains nonlinear and/or interactions between components. The Gaussian kernel was
employed as the kernel function for specifying the BKMR model because relevant studies demonstrated
that the Gaussian kernel performed well across a range of plausible expose-response relationships for
environmental health research (Bobb et al. 2018; Bobb et al. 2015; Valeri et al. 2017).

BKMR model analysis was performed using a two-phase modeling strategy, considering that the sample
size was not very large. In the �rst stage of BKMR model �tting, all of the 15 elements were included in
the model with the default tuning parameters for Markov Chain Monte Carlo (MCMC) processes for
10000 iterations and kept the last 5000 samples, and model convergence was visually inspected using
trace plots. Posterior inclusion probabilities (PIPs) were calculated to quantify the relative importance of
each element to the FBG level, whose values ranged from 0 to 1. Subsequently, elements with PIPs > 0.1
in the �rst stage analysis were entered into the next step BKMR model. The second stage BKMR analysis
was combined using the same Gaussian kernel function, analysis process, and model convergence
conditions. Finally, the present study showed the results from the second stage BKMR model analysis. (1)
In order to illustrate the cumulative effect of the overall urinary elements estimated exposure on FBG, the
BKMR model integrated the exposure levels of all elements included into one total variable and mapped
the relationship between the overall element exposure estimated values and FBG at different exposure
levels. (2) To aim for the association of single element exposure-response relationship on FBG and
controlling the in�uence of other co-existing elements at their median level. (3) To quantify the potential
interactive effect of co-existing elements on single element exposure-response relationship. BKMR
analyzed the association between each single element changing from the 25th to 75th percentile and
FBG, at varying levels of the co-existing elements have been �xed at the 25th, 50th and 75th, respectively.
(4) Finally, we also visualized the bivariate exposure-response relationship for each given element
(column element) and another element (parallel element) to reveal any two elements possible
interactions, where the parallel element was �xed at the10th, 50th, or 90th percentile and all of the other
elements were �xed at their median value.

The generalized linear models were carried out in Rstudio software (R version3.6.2) and with package
“ggplot” and “bkmr” for plotting the quantify and visualize results of the BKMR model.
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Results
General Characteristics of the Subjects

A total of 275 subjects who completed interviews and biological samples collection were included in the
study. From Table 1, the demographic characteristics of the subjects showed that the median age was
68.9 years old. The subjects included 122 males and 153 females, and there was a slightly greater
proportion of females (55.6%) than males. The mean BMI was 24.5 kg/m2. Most of the subjects did not
have long-term smoking and drinking habits.

Result of Urinary Elements Analysis

The concentrations of 15 element in the subjects' urine samples were skewed distribution, so the data
was presented as a median and interquartile range in Table 2. ICP-MS analyses revealed the
concentrations of most elements in the samples were higher than the detection limits. Among them, the
concentrations of Co, Cu, and As in one sample were lower than the detection limits, The concentrations
of Cd, Ba, Pb, and Mn were below the detection limits in 15,8,39 and 105 samples, respectively.

Results of the Generalized Liner Model

Results from the generalized linear model addressing the association between 15 urinary element
concentrations and FBG levels were presented in Table 3. After controlling potential confounding factors,
the analysis showed that both Zn and Sr were a signi�cant positive correlation with FBG levels. The FBG
level was increased by 0.122 (β 95% CI: 0.122 (0.073,0.171), p < 0.05) per, 1-unit increase in the log-
transformed concentration of Zn, and by 0.054 (β 95% CI: 0.054 (0.009,0.099), p < 0.05) per 1-unit
increase in the log-transformed concentration of Sr, respectively. At the same time, a signi�cant inverse
association was found between the concentration of Cd and FBG. The FBG level was decreased by 0.033
(β 95% CI: 0.033 (-0.060, -0.006), p < 0.05) per 1-unit increase in the log-transformed concentration of Cd.

Results of the Bayesian Kernel Machine Regression Model

In the �rst stage of BKMR model �tting, all of the 15 elements were included. The result of trace plots
showed that the BKMR model was convergent. First, BKMR calculated PIPs, which rank each element by
importance to the effect in the co-existing elements, showed that part of the 15 element concentration
changes had contributed little to the effect on FBG. Therefore, 8 elements (Cd, Se, Al, Fe, Cr, Ni, Mn and
Zn) of PIPs >0.1 were selected and included in the second stage BKMR model. The post-MCMC analysis
by inspecting the trace plots suggested that the second stage BKMR model was convergent too. Cd, Se,
Al, Fe, Cr, Ni, Mn, and Zn had higher PIPs value (1.00, 0.46, 0.79, 0.42, 0.34, 0.91,0.75, 1.00) than the �rst
stage BKMR model, which suggested higher associations with FBG level. Then the second stage BKMR
model analysis results were visualized as follows. (1) In general, the overall estimated exposure of 8
elements joint association analysis was positively correlated with the FBG level and was statistically
signi�cant when overall element concentrations were at their 65th percentile, as compared to when
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overall elements were at their median values (Fig. 1). (2) In order to analyze the nonlinear exposure-
response relationship between the single element and FBG level under control in�uenced by other co-
existing elements, the univariate exposure-response relationship between each element and FBG level
was estimated by BKMR model. Fig. 2 showed a suggestion of approximately linear effects of Cd and Zn
in urine on FBG, with increasing the concentration of urinary Cd, FBG level decreased, while with
increasing the concentration of urinary Zn, FBG level increased, respectively, where all of the rest of
elements were �xed to 50th percentile. (3) Further BKMR analysis elaborated the relationship between
single or combined elements exposure and FBG. Fig. 3 showed the variation in the association of each
element with FBG level when the single element increased from 25th to 75th percentile accompanied by
the other co-existing elements set at different thresholds (25th, 50th, or 75th percentile) in elderly people.
It was evident from Fig. 3 that urinary Zn and Cd showed a significantly association with FBG levels. A
change in urinary Zn log-transformed level from the 25th to the 75th percentile demonstrated a
signi�cant positive in FBG of 0.197 (0.141, 0.253), 0.247 (0.192,0.302), and 0.274 (0.204,0.344) when co-
existing elements were �xed at the 25th, 50th, and 75th percentiles, respectively. Likewise, a change in
urinary Cd log-transformed level from the 25th to the 75th percentile demonstrated a signi�cant negative
in FBG of 0.103 (-0.147, -0.059), 0.147 (-0.186, -0.108), and 0.187 (-0.246, -0.128) when co-existing
elements were �xed at the 25th, 50th, and 75th percentiles, respectively. (4) To further explore the possible
interaction between co-existing elements, bivariate cross-sections of exposure-response curves were
mapped for each element and FBG. Fig. 4 visually displayed the exposure-response curves for a given
single element (column element) and FBG level when one other element (parallel element) was �xed at
the 10th, 50th, or 90th percentile and all other elements were �xed at the 50th percentile. It could be seen
from the results that there were some interaction relationships among some elements, such as Zn and
Cd, Zn and Ni, Mn and Al, Cd and Al, etc.

Discussion
Difference between GLM and BKMR model Analysis

In this cross-sectional study, the association between urinary element and FBG level was analyzed by a
traditional generalized linear model and a novel nonparametric BKMR model in elderly people. Both
analysis models revealed similar results that Zn was signi�cantly positively correlated with FBG, and Cd
was negatively correlated with FBG, which these associations remained statistically signi�cant after
adjusting for potential confounding factors. The result was consistent with epidemiological literature, and
laboratory studies provide biological evidence to support the �nding. Epidemiological studies suggested
that Zn concentration in vivo strongly correlated with glucose level. Low Zn levels in T2DM might be the
result of enhancing excretion of urinary Zn. A research-based on the Chinese population illustrated that
urinary Zn was associated with altered FBG, impaired fasting glucose (IFG), and diabetes risk (all p< 0.05)
(Feng et al. 2015b). In a separate study, serum Zn and urine Zn were measured in healthy, prediabetes,
and diabetes patients from Northeast China. The serum Zn concentration was lower in T2DM and urinary
Zn was higher in T2DM, compared with health, respectively (Xu et al. 2013). A meta-analysis based on 14
cohort studies also found that higher total Zn intake was associated with lower FBG level (Kanoni et al.
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2011). Meanwhile, laboratory research demonstrated that Zn was widely distributed in vivo and had
important physiological functions in maintaining glucose homeostasis and glucose metabolism (Morais
et al. 2019). Zn could regulate the process of glucose metabolism by participating in the synthesis of key
enzymes like α-glucosidase, phosphofructokinase (PFK), pyruvate kinase (PK), and glycogen synthase
(Ranasinghe et al. 2015). Moreover, Zn could modulate several signaling pathways, and part of these
played crucial roles in regulating insulin production and insulin signaling pathway (Cruz et al. 2018;
Fukunaka and Fujitani 2018; Norouzi et al. 2018). Zn was also reported to be an insulin-mimetic, an
effect that is possibly mediated by Zinc-α2-glycoprotein. Zinc-α2-glycoprotein has emerged as a potential
marker of insulin resistance in T2DM. Recent studies suggested that Zn levels were signi�cantly
correlated with oxidative stress and in�ammation progression in diabetes (Hojyo and Fukada 2016). Past
studies suggested that altered Zn levels activate nuclear factor-κB (NF-κB) and NLR family pyrin domain
containing 3 (NLRP3), leading to the production of interleukin (IL) -1β, IL -6, IL -8, and tumor necrosis
factor (TNF) -α (Bonaventura et al. 2015; Ibs and Rink 2003; Summersgill et al. 2014). These factors were
implicated in the occurrence and development of diabetes (De Souza Bastos et al. 2016; Guo et al. 2015;
Hang et al. 2014). Taken together, it had been hypothesized that Zn deficiency in vivo was associated
with the etiology of T2DM.

Both models’ analysis results showed a signi�cant negative correlation between urinary Cd and FBG level
in elderly people. Cd is known to have a negative impact on human health (Tinkov et al. 2017). Although
numerous epidemiological studies have focused on the association between Cd and FBG level, results
have been inconsistent (Anetor et al. 2016; Edwards and Ackerman 2016; Guo et al. 2019; Wu et al. 2017).
Cd induces adverse effects on different organs. However, kidneys remain the principal target organ (Das
et al. 2019). Laboratory studies con�rmed that when the concentration of Cd in the body was low, it
mainly accumulated in the proximal tubule cells, which are mainly located in the renal cortex. The
classical view was that when the concentration of Cd sustained increase approaching to about 150-200
μg/g, a critical threshold, the cells undergo oxidative stress that leads to injury and either necrotic or
apoptotic cell death (Iyama et al. 2020; Liu et al. 2009). The corresponding critical urinary Cd
concentration is usually about 2-10 μg/g creatinine (Jarup 2002; Roels et al. 1979). Several studies
revealed that urinary levels of Cd in non-occupational exposed people are usually below 0.5 μg/g
creatinine (Prozialeck and Edwards 2010). Therefore, it is necessary to conduct further studies.

The results from the second stage BKMR model analysis showed the association of independent and
joint exposure between co-existing elements (Cd, Se, Al, Fe, Cr, Ni, Mn, and Zn) with FBG levels in elderly
people. The association analysis showed an upward trend between the overall estimated joint exposure
of 8 elements with the FBG level, which was statistically signi�cant when all element concentrations were
at their 65th percentile. For other quantiles, the associations were not signi�cant. Probably because urine
contains both bene�cial and harmful elements with inhibitory or synergistic interaction with each other.

However, there were some differences in results between GLM and BKMR model. The signi�cant positive
association between urinary Sr and FBG level was only observed in GLM. There have been few
epidemiological studies and biological studies about the correlation between urinary Sr and FBG level. A
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prospective study based on the Dongfeng-Tongji (DFTG) cohort, in China, found no signi�cant
association between Sr and diabetes incidence after adjusting for confounding factors using conditional
logistic regression models. Sr concentration was not signi�cant between the cases and control groups
(Yuan et al. 2018). The association was not statistically signi�cant in the BKMR model, probably because
BKMR not only controlled confounding factors included in GLM but also evaluated the association
between given elements and FBG levels in the presence of multiple elements. Therefore, the BKMR model
may reveal the exposure-response relationship between element and FBG level more comprehensively.

Uncertain Association between Other Urinary Elements and FBG

Both the GLM and the second stage BKMR model analysis did not observe the evidence of the signi�cant
association between the concentrations of other elements (Se, Al, Fe, Ni, Mn, and Cr) and FBG in elderly
people. First, laboratory evidence suggests that maintaining appropriate levels of Cr, Se, and Mn in vivo is
bene�cial for insulin function and glucose metabolism (Dubey et al. 2020; Li and Yang 2018; Vincent
2019). However, the results of numerous epidemical studies results were inconsistent. The reasons for
those discrepancies may be due to different designs and different study groups (Liu et al. 2020; Sanjeevi
et al. 2018; Yin and Phung 2015). A systematic review by Kohler showed that 8 of the 13 observational
studies demonstrated a statistically significant association between Se and odds for T2DM. However,
later randomized clinical trials (RCTs)study reported no association (Kohler et al. 2018). Iron may directly
or indirectly in�uence the physiology and development of T2DM via iron metabolism indicators, including
transferrin, ferritin, hepcidin, and transferrin receptor (Liu et al. 2020). A cross-sectional study based on
occupational exposure suggested that none of the 3 iron concentrations (lower quantile, median, and
upper quantile) were independent risks for diabetes upon adjustment for conventional confounders (Liu
et al. 2016). This conclusion is consistent with our �ndings. The toxic effects of Al are varied and can
cause multi-system toxicity (Igbokwe et al. 2019). Although systemic toxicity was often observed in
experimental animal models, it was hard to observe in human studies. Recent epidemiological studies in
a farming village in South India reported a correlation between Al levels and diabetes. The authors
speculated that it was related to the overuse of synthetic fertilizer and aluminum cooking utensils
(Velmurugan et al. 2018). There was no such exposure in our study subjects. Further studies are
necessary given the limited understanding of the association between these elements and T2DM.

The metabolic cycles of various chemical elements in the body vary greatly, the cross-sectional data
cannot observe any differences. In addition, although all subjects showed normal creatinine levels, the
urinary element concentrations remain vulnerable to the e�ciency of kidney clearance. Therefore, the
data of chemical element levels in urine samples collected by cross-sectional design to re�ect the internal
load level of elements in the body is still partially inadequate. Finally, the sample size of our study was
limited, so it is necessary to increase the sample size in the next step.

Conclusion
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Both GLM and BKMR model found that Zn and Cd levels were signi�cantly associated with FPG in elderly
retirees after controlling the in�uence of potential confounding factors and other chemical elements. The
BKMR model is more suitable for analyzing the in�uence of joint exposure to co-existing elements on
FPG. It can be used to evaluate the possible interaction effect of co-existing elements and non-linear
associations on health effects to �nd more meaningful results. This study provided a methodological
reference and experimental evidence for relevant research.

Both GLM and BKMR model found that Zn and Cd levels were signi�cantly associated with FBG in elderly
retirees after controlling the in�uence of potential confounding factors and other chemical elements. The
BKMR model is more suitable for analyzing the in�uence of joint exposure to co-existing elements on
FBG. It can be used to evaluate the possible interaction effect of co-existing elements and non-linear
associations on health effects to �nd more meaningful results. This study provided a methodological
reference and experimental evidence for relevant research.
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Characteristic All participants (n=275)

Age (years), Med(25th-75th) 68.9 (63.0-74)
Gender, N (%)  

Male 122 (44.4%)
Female 153 (55.6%)

BMI (kg/m2, Med(25th-75th)) 24.5 (22.4-26.4)
Fast Blood Glucose (mmol/L, Med(25th-75th) 5.56 (4.60-5.90)
Urinary creatinine (μg/g, Med(25th-75th)) 9.3 (5.5-12.1)
Education, N (%)  
Illiteracy 40 (14.5%)
Primary 91 (33.1%)
Junior school 55 (20.0%)
High school 19 (6.9%)
College 67 (24.2%)
Graduate or above 1 (0.4%)
Missing 2 (0.7%)

Smoking status, N (%)  
Non-smoking 187 (68.0%)
Now 42 (15.3%)
Ever 41 (14.9%)
Missing 5 (1.8%)

Drinking status, N (%)  
Non-drinking 157 (57.1%)
Now 21 (7.6%)
Ever 90 (32.7%)
Missing 7 (2.5%)

 
 

Table 2 Distribution of urinary element concentration among the subjects
Element

(μg/g creatinine)
%>LODa GM(GSD)b Selected percentiles

25th 50th 75th 90th
Al 100 4.36 (2.14) 2.48 4.26 7.27 12.7
Cr 100 0.274 (1.67) 0.189 0.268 0.381 0.569
Mn 61.8 0.031 (4.24) 0.008 0.027 0.094 0.235
Fe 100 3.90 (2.10) 2.17 3.85 6.47 10.8
Co 99.99 0.104 (2.39) 0.051 0.105 0.212 0.338
Ni 100 0.311 (3.20) 0.188 0.375 0.736 1.08
Cu 99.99 1.08 (1.75) 0.749 1.09 1.60 2.12
Zn 100 46.8 (1.78) 32.6 47.8 68.3 103
As 99.99 2.06 (2.20) 1.38 1.95 3.35 5.23
Se 100 3.39 (2.15) 1.67 3.93 6.17 8.91
Sr 100 11.5 (1.91) 7.93 11.9 18.1 24.7
Cd 99.95 0.049 (3.30) 0.038 0.066 0.109 0.153
Cs 100 0.947 (1.90) 0.716 0.966 1.32 1.72
Ba 99.97 0.307 (3.42) 0.169 0.288 0.776 1.44
Pb 99.86 0.118 (3.83) 0.042 0.141 0.325 0.631

a % > LOD: detection rate
bGM: geometric mean; GSD: geometric standard deviation.
 

Table 3 The association between urinary element and FBG level using the GLM
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Element β 95%CI p-value

Al 0.018 (-0.019, 0.055) 0.35
Cr 0.024 (-0.033, 0.081) 0.40
Mn 0.020 (-0.002, 0.042) 0.06
Fe 0.026 (-0.015, 0.067) 0.21
Co 0.016 (-0.021, 0.053) 0.42
Ni 0.009 (-0.022, 0.040) 0.57
Cu 0.023 (-0.024, 0.070) 0.33
Zn 0.122 (0.073, 0.171) <0.05
As 0.024 (-0.015, 0.063) 0.22
Se 0.027 (-0.018, 0.072) 0.24
Sr 0.054 (0.009, 0.099) <0.05
Cd -0.033 (-0.060, -0.006) <0.05
Cs 0.016 (-0.029, 0.061) 0.46
Ba -0.003 (-0.028, 0.022) 0.82
Pb -0.015 (-0.041, 0.011) 0.25

Figures
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Figure 1

The exposure-response relationship between the co-existing elements overall estimated exposure and
FBG in elderly people. The plots show the estimated change in overall exposure to co-existing elements
(95% credible interval) on FBG when overall exposures are all at a particular percentile (from the 25th to
75th percentile) compared to when overall exposure estimates are all at the 50th percentile.
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Figure 2

Univariate exposure-response curves of each element and FBG in elderly people. The plots show the
association of single element exposure estimate (95% credible intervals [Cl]) with FBG and keeping all
other co-existing 7 elements at their medians.

Figure 3

The association between single element exposure estimate (estimate and 95% credible intervals) and
FBG under controlling co-existing elements at different quantiles. The plots show the association
between each single element changing from the 25th to 75th percentile and FBG, at varying levels of the
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co-existing elements have been �xed at the 25th (red line), 50th (green line), and 75th (blue line),
respectively.

Figure 4

Bivariate exposure-response curves of each element and FBG level in elderly people. Each cell in the �gure
describes bivariate exposure-response curves of column element and FBG when the row element is fixed
at 10th, 50th, and 90th percentiles and other 6 elements �xed at their median.
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