Abstract
This project aims to explore the relationship between heavy metal exposure (lead, cadmium, manganese, mercury) and accelerated biological aging using data from the 2015–2018 National Health and Nutrition Examination Survey (NHANES) cycles. A Bayesian network (BN) will be constructed to assess the probability of accelerated biological aging (Phenoageaccel) and cancer given single and mixed exposure to these metals and demographic factors. The main goal is to model the complex non-linear relationships between these variables, particularly focusing on the breakpoints of metal exposure, identified through segmented regression, where aging acceleration shifts. The Bayesian model will provide a probabilistic framework to better understand the interactions between metal exposure and aging.

Introduction and Background
Aging is a complex biological process that extends beyond mere chronological time and involves a series of physiological changes that lead to the gradual decline in function and increased vulnerability to diseases. Despite the absence of a universally accepted clinical definition, the consistency of aging patterns across species suggests that it is driven by underlying molecular mechanisms that are still being uncovered1.
Biological aging refers to the gradual and progressive decline in the physiological functions of an organism, which contributes to increased susceptibility to diseases, functional impairments, and ultimately death. Unlike chronological aging, which is simply the passage of time, biological aging varies widely among individuals, reflecting differences in genetics, lifestyle, and environmental factors. This variation means that some people may experience significant physical decline in their 70s, while others maintain robust health and independence well into advanced age. Understanding the mechanisms underlying biological aging is crucial for identifying biomarkers that can predict healthy aging and inform interventions to promote longevity and well-being.
The association between environmental toxins and aging is of growing concern in public health2. Heavy metals such as lead (Pb), cadmium (Cd), mercury (HG), and manganese (Mn) have been linked to various adverse health outcomes, including accelerated aging, which can increase morbidity and mortality risks3. This project seeks to investigate these relationships using a BN to estimate the probability of accelerated biological aging (Phenoageaccel), which is calculated as the difference between chronological and biological age, using Liu et al.'s formula for biological age4.
Preliminary data analysis suggests that traditional linear models are insufficient to capture the complex relationships between metals and aging, as some metals exhibit non-linear associations. Segmented regression (piecewise regression) revealed breakpoints where metal exposure starts to have an increasing impact on aging, providing a better understanding of the relationship.
Causal Bayesian Networks (CBNs) are graphical models that represent causal relationships between variables in a probabilistic framework. They combine the strengths of Bayesian inference with the structure of directed acyclic graphs, where nodes represent variables and edges represent causal relationships5. CBNs can explore conditional dependencies, causation, and influence among variables, making it powerful for handling complex datasets with interdependent factors. They can analyze how certain variables influence each other, predict outcomes, and update beliefs in light of new evidence. 

Methods 
BNs will be used for probabilistic modeling to explore dependencies between variables such as heavy metal exposure, demographic factors, and Phenoageaccel. The outcome variable, Phenoageaccel, will have three categories: -20 to 0, 0 to 20, and 20 to 40, representing ranges of biological age acceleration. 2 separate networks will be created for male and female. The cancer node will have 4 states for each gender. The metal exposures (Pb, Cd, Mn, and Hg) will be binary variables based on the breakpoints identified through segmented regression. Hg will be discretized based on the mean of the observations since segmented regression did not reveal any breakpoint for Hg.
Other covariates in the model will include gender, poverty-income ratio, BMI, smoking status, race, education level, and marital status. The Bayesian model will incorporate prior knowledge to construct the conditional probability tables for each node, focusing on how heavy metal exposure increases the probability of biological aging acceleration at different levels. To avoid overfitting, a 4-fold cross validation will be done where the dataset will be split into 4 parts and 3 of them will be used as training set and the remaining as the test set each time alternatively. An average of the 4 times of testing will be used as a measure of performance of the model.

Timeline

Week 1-2: Model setup and defining the conditional probability distributions for each variable.
Week 3-4: Implementing the Bayesian network in the server and inputting data from NHANES.
Week 5-6: Running initial Bayesian analyses, adjusting priors, and interpreting results, seeking initial approval of the progress so far.
Week 7: Refining the model, validating with existing studies, and preparing results for presentation.
Week 8: Final analysis and completing the written report.
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