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ABSTRACT OF THE DISSERTATION 

 

Novel Methods for Bias Analysis of Time-Varying Uncontrolled Confounding  

in Epidemiologic Studies of Chronic Diseases 

 

by 

 

Melissa Anne Soohoo 

Doctor of Philosophy in Epidemiology 

University of California, Los Angeles, 2022 

Professor Onyebuchi Aniweta Arah, Chair 

  

Observational studies investigating chronic diseases are valuable in informing public 

health guidelines. Yet, it is pertinent that studies are evaluated for threats of biases including 

uncontrolled confounding, which may produce misguided conclusions if left unaddressed. The 

fitting of marginal structural models using g-computation is a method capable in evaluating time-

varying study designs but methods in addressing the bias due to time-varying uncontrolled 

confounding are understudied. This dissertation graphically describes the types of time-varying 

uncontrolled confounding structures. Combined with g-computation, the dissertation highlights 

the development of two novel bias analysis methods to address time-varying uncontrolled 

confounders in a plasmode simulation framework. The first method utilizes a bias offset to 

subtract confounding from the outcome and formally is applied to an investigation of elevated 

depressive symptoms with cancer outcomes. The last method employs an inverse probability of 



 
 

iii 

uncontrolled confounder weight as the bias weighting method and is applied to a study of 

elevated depressive symptoms with cardiovascular disease. Several settings can describe time-

varying uncontrolled confounding including relations into subsequently measured confounders, 

exposures, and the outcome. Simulated results demonstrated the most biased estimates when 

time-varying uncontrolled confounding were consistently strong over time. In simulations, both 

the bias offset and bias weighting methods could recover a true estimate from mis-specified, 

biased models across a series of different bias parameters and effect estimates. In applied 

illustrations, null and modest relationships were observed between elevated depressive 

symptoms and incidence of cancer outcomes and cardiovascular disease, respectively. For all 

illustrations, applied bias analysis suggested robust results to modest levels of confounding. 

Time-varying uncontrolled confounding can immensely impact observed estimates. This 

dissertation provides a principled approach to alternative explanations (due to mixing of effects) 

to enable more credible causal inference in the health sciences. Applied examples demonstrate 

two novel bias analysis methods and a guided framework of how bias analysis can be combined 

with causal inference methods. Longitudinal observational studies are integral in advising public 

health and thus the impact of sources of bias warrants more recognition and careful evaluation 

using bias analysis methods.  
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1. Introduction 

1.1 Chronic Disease Epidemiology  

Cardiovascular disease (CVD) and cancer are the leading causes of morbidity and 

mortality in developed countries1,2. Moreover, mental health disorders including major 

depression are in the top causes of years lived with disability. Together, these major 

comorbidities represent the foremost causes of disability-adjusted life years. As the pillars of 

chronic disease epidemiology, they also have complex relationships with other comorbidities and 

all-cause mortality. Their presence is a burden not only to the individual but also to the 

population because treatments or prevention interventions for chronic diseases result in the 

increased use of health care resources. The total direct cost for CVD and cancer in the US are 

294 and 98.6 billion dollars, respectively3. Collectively, these risk factors are responsible for 

over a trillion dollars’ worth of indirect costs stemming from lower productivity and disability. 

Historically, the US has had the greatest healthcare spending among developed countries, yet one 

of the lowest life expectancies, suggesting that despite these spending efforts the population has 

yet to experience the expected health benefits2,4.  

Major task forces rely on observational studies to inform policy and screening 

recommendations in the prevention of adverse events and risk factor identification5,6. Yet the 

presence of systematic biases and errors may inadvertently lead to misguided conclusions. Thus, 

it is important that research is rigorously tested for biases to appropriately assess the burden of 

disease and efficiently allocate healthcare costs to improve our population’s health. Here, we 

explore several relationships within chronic disease epidemiology. 
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1.1.1 Depressive Symptoms and Cancer  

Depression is one of the most prevalent comorbidities in the world7. In the US, it is 

estimated that 12% of older adults aged 65 years and older have experienced recent mild 

depressive symptoms8. Cancer is one of the leading causes of morbidity in the world, resulting in 

10 million deaths and 23.6 million incident cases (17.2 million excluding non-melanoma skin 

cancer) in 20199. Depression and its symptoms as risk factors for cancer incidence have been 

postulated for years, yet the epidemiological evidence is relatively mixed10. Meta-analyses 

suggest a small effect between depression and cancer incidence, while individual cohort studies 

suggest associations in both directions10-15. A prospective study demonstrated a strong positive 

relationship between major depression and cancer risk10. Conversely, another study concluded 

that their data did not support a depression-cancer relationship (standardized incidence ratio 

[95% confidence interval, CI]: 1.00 [0.97, 1.03] and 0.99 [0.95, 1.02]) after 1-9 and ≥10 years of 

follow-up, respectively)13. These relationships have also been investigated for site-specific 

cancer. Breast cancer is the leading site-specific cancer for females in the world resulting in 

almost 2 million cases and an age-standardized incidence rate [95%CI] of 45.9 [41.9, 49.8] per 

100,000 person-years9. Large individual studies did not observe a relationship between 

depression and breast cancer12,14. Meta-analyses, however, have found positive relationships 

between depressive symptoms and breast cancer, with the relationship magnified in studies with 

at least a decade of follow-up (relative risk, RR [95%CI]: 2.50 [1.06, 5.91])15,16. Among males, 

the relationship between depressive symptoms and prostate cancer is less clear and understudied. 

Globally in 2019, there have been 1.4 million incident prostate cancer cases and an age-

standardized incidence rate [95%CI] of 38.6 [33.6,  49.8] per 100,000 person-years9. Studies 

showed that minor depression, a single episode of major depression, and the combination of 
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depression and anxiety in a meta-analysis were related to elevated prostate cancer risk10,12,17. 

However, a Mendelian randomization did not observe a relationship of genetic markers and 

prostate cancer after a series of analytical methods18. Meta-analyses similarly showed a null or 

only a small risk albeit subject to several limitations11,15.  

Possible reasons for differences across studies have been varying lengths of follow-up, 

measurement error of baseline depression due to the range of diagnosis methods, and potential 

uncontrolled confounding from lifestyle factors including alcohol use, smoking use, and 

hormones11,12,15,19,20. In addition, the suggested mechanistic pathways between depression and 

cancer incidence generally involve a reduced immune system, circulating pro-inflammatory 

markers, inhibition of DNA repair or confounding by latent psychological risk factors often 

unavailable in studies10. While depression is a chronic condition, its symptoms may also be 

transient, therefore providing the framework to examine time-updated relationships19. 

Information on chronic or recurrent depressive symptoms have been limited. A study suggested 

that two instances of elevated depressive symptoms had a lower hazard ratio (HR) for overall 

cancer incidence, yet three instances of elevated depressive symptoms demonstrated had a small 

to null relationship (HR [95%CI]: 1.05 [0.73, 1.52])21. Data on site-specific cancers have been 

equally mixed, where recurrent symptoms were associated with a HR [95%CI] of 1.32 [0.67, 

2.60] and 0.60 [0.38, 0.96], respectively for outcomes of breast and prostate cancer incidence22. 

Thus, the relationship of depression and overall cancer or specific cancer sites appears to be 

unclear and prior study limitations prompt further research in this area.  

1.1.2 Depressive Symptoms and Cardiovascular Disease  

Globally, the prevalence of CVD has been increasing over time, afflicting an estimated 

523 million persons23. Specifically, total CVD is also described in the context of specific causes, 
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where coronary heart disease (CHD) and stroke are leading reasons. Between 2005-2014, close 

to 720,000 incident CHD events occurred in US adults24. The overwhelming majority of incident 

CHD events are due to myocardial infarctions, where a new event occurs every 40 seconds in the 

US24. These cardiac events have been well-studied and noted anxiety and depression as risk 

factors25. Broadly, the field has examined two prevailing research questions in regards to total 

CVD and its specific causes: the association of depression with incident CVD events, and the 

association of depression with CVD progression, or CVD event recurrence among prevalent 

CVD patients26. Notably, several large studies have demonstrated that baseline depression and 

standard deviation increases in logged scores were all associated with greater risks of total CVD 

and CHD, even after controlling for several lifestyle behaviors and laboratory measurements27-29. 

Multiple meta-analyses have suggested strong positive relationships with depressive symptoms 

(including major depressive disorder) and risk of CVD subtypes30-33. With the body of 

observational evidence, the American Heart Association campaigned for depression screening in 

prevalent CHD patients5.  

There is sparse data on depression as a time-varying exposure with CVD related 

outcomes, even though depression and its symptoms are subject to change and relapse34,35. The 

majority of evidence have been based on baseline study designs. One study suggested that time-

varying depressive symptoms were associated with a higher risk of CVD death (HR [95%CI]: 

1.30 [1.04, 1.63]), yet only a small association with incident coronary heart disease (HR 

[95%CI]: 1.11 [0.89, 1.38]) over a median follow-up of almost seven years36. Other studies have 

focused on chronic depressive symptoms but with short-term associations with causes of CVD. 

These studies have suggested that persistent elevated depressive symptoms were associated with 

two to three times the risks of the referent group for stroke outcomes37,38. The relationships of 
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persistent depressive symptoms on total CVD outcomes require more research. These results, 

prior limitations of lack of data on related lifestyle factors and latent psychological factors, and 

mixed evidence from early clinical trials on the effectiveness of depression treatment on event 

reductions among CVD patients highlight the need for more research in the field26,36,39-42. Given 

the importance of maintaining cardiovascular health, it is critical to fully understand these 

relationships and robustness to potential biases.  

1.2 Causal Inference and Assumptions in a Time-Varying Setting 

In observational studies, systematic threats to internal and external validity include 

confounding, information bias and selection bias43. Confounding is said to exist when an 

extraneous factor distorts the observed exposure-outcome relationship from the counterfactual, 

or ideal effect had the exposure not been present. Information bias occurs when an exposure 

and/or outcome are mismeasured, and thus incorrectly classified. Finally, selection bias occurs 

when the observed exposure-outcome relationship among those who participated in the study is 

different than those who were eligible for analyses, including non-participants. Each bias 

necessitates control by study design or analysis; if left unaddressed, their presence can result in a 

biased effect estimate43. Modern methods have been developed for the quantitative bias analysis 

of these (sources of) bias, where these techniques have laid the foundation of epidemiologic 

research, including the use of sensitivity analyses to evaluate their impact on a study43.  

 Bias requires control in a single time point, or baseline analysis, and create added 

complexity when examining in a longitudinal or time-varying setting. Such time-varying 

analyses comprise serial measurements of the exposure and/or outcomes and confounders over 

distinct time points over the follow-up period. These time-varying exposures can be evaluated as 

joint or cumulative exposure effects in relation to the outcome. The causal relationships between 
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exposures, outcomes and covariates are often depicted in directed acyclic graphs (DAGs). In the 

DAG, variables (or nodes): exposures (Xt), outcomes (Yt), and covariates (Zt), are connected 

with directed arrows (or edges), representing the causal structure and indexed by time t.  

A path could consist of multiple variables in a single direction where those in the middle are 

considered as mediators. A path is blocked when arrowheads meet and result in a collider. 

Conditioning on a collider, or its descendent will open the path, resulting in collider-stratification 

bias. An open backdoor path is characterized as a fork, where a third variable has arrows 

pointing into two other variables and represents a confounder. DAGs for time-varying exposure 

studies are complicated given the involvement of a time-varying covariate that acts as both a 

confounder and mediator on different paths. These dueling roles within the causal structure 

requires opposite actions for bias reduction and as a result, conventional regression cannot 

adequately estimate the joint effect in this context.  

 To address time-varying structures and their complexities, the works of Robins et al. and 

others have championed solutions via the use of inverse probability treatment weighting (IPTW), 

and the g-computation formula to represent the fitting of marginal structural models (MSM)44. 

Both methods tackle the consequences arising from time-varying confounding and mediation and 

have grown in applications as technical guides and large longitudinal datasets have increased in 

availability45,46. G-computation offers advantages over IPTW as it is more statistically efficient 

and can evaluate time-varying interactions between time-varying exposures and time-varying 

covariates, yet its limitations include the need for high computing capabilities, and the possibility 

of a g-null paradox45. G-computation is increasingly popular because of its flexibility when used 

in modeling potential outcomes (i.e., outcomes that would have occurred had the exposure been 
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set to a particular intervention value, perhaps counterfactually) of dynamic treatments, with time-

varying confounding45. 

Causal modeling requires several effect identifiability conditions or assumptions and are 

briefly summarized in Table 1.144,45.  

Table 1.1 Summary of Assumptions Required for Causal Inference 

Causal Assumption  Description  

Conditional 

exchangeability 

Conditional on Z covariates sufficient to close backdoor paths, the 

exposure X is independent of the potential outcome, Yx. This is also 

referred to as the assumption of ‘no uncontrolled confounding’. 

Consistency Among those with observed X = x, their potential outcome Yx is their 

observed outcome Y. 

Positivity Whenever the probability of Z is non-null, the probability of X = x 

should also be non-null for all Z = z. That is, there is no deterministic 

exposure assignment for any Z covariates deemed sufficient for control 

of confounding. 

Well defined 

intervention 

A clear and sufficient definition of treatment such that a unique 

potential outcome could uniquely exist. 

No interference There are no spillover effects, i.e., setting the exposure of one person 

does not affect the potential outcome of another. If interference exists, 

then appropriate spill-over effect modeling methods should be used. 

No other sources of 

bias  

There are no other biases such as measurement error, selection bias, 

model misspecification and so on. 

 

One notable assumption is conditional exchangeability, which assumes that the potential 

outcomes in the exposed and unexposed groups are comparable within strata of covariates Z. 

This assumption is also referred to as ignorability, exogeneity, or no uncontrolled confounding. 

In other words, those who were exposed would have the same potential outcome on average as 

those who were unexposed, if the exposed persons would have been in fact unexposed. This 

assumption does not only refer to a baseline analysis and extends to include the absence of 

uncontrolled confounding in a time-varying setting44. Specifically, under a time-varying study, 

this assumption is interpreted as given the prior history of the exposure and covariates, the 

potential outcome is independent of the current exposure level that is actually received.  
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All assumptions, including the presence of conditional exchangeability, can be strong and 

may be untestable. Confounder selection is based on theoretical and field expertise to select a 

sufficient set of confounders, yet data availability may result in a single or even multiple 

unmeasured and uncontrolled time-varying confounders excluded from analyses. Moreover, it 

may be implausible to assume that wholly all confounding has been addressed, and thus 

uncontrolled confounding will remain. The causal estimate is no longer identifiable even after 

the use of g-computation methods if assumptions including the absence of other biases (such as 

selection and information bias) are not met. The use of g-computation in this situation will yield 

a biased effect estimate and may lead to a large-biased effect estimate due to the added influence 

of other biases. Therefore, considering the sufficient assumptions for g-methods, both 

acknowledgment and sensitivity analyses to see if and how strongly the assumptions hold, 

especially within a causal inference framework.  

1.3 Bias Analysis   

Observational studies are subject to random and systematic errors where their very 

presence could impact the validity and interpretation of results. Random error is minimized and 

addressed as a result of large sample sizes; yet, addressing systematic error is often only limited 

to a qualitative discussion section instead of any quantitative bias analysis47. As a result, several 

bias analysis methods primed to address systematic error have been developed, studied, and 

applied48-50. These quantitative bias analysis methods are vital in addressing the uncertainty of 

empirical results. Since the introduction of core textbooks and chapters describing bias analysis, 

its application has gradually increased. However, despite the availability of statistical packages, 

published codes, and online calculators, the application of quantitative bias analysis still remains 

infrequent49.  
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The body of literature on bias analysis is vast, ranging from simple fixed sensitivity 

analysis to bounding analysis including the recent development of the E-value51. Bias analysis 

methods are generally grouped into internal or external adjustments with the goal of addressing 

the bias(es) present in the study52. External adjustment involves bias formulas (i.e., the 

quantification of bias from omitting the uncontrolled confounder) to adjust the biased effect 

estimate. One feature of external adjustment is the ability to apply the bias formula to already 

summarized results, and thus it does not require the source data with individual-level records. 

Alternatively, internal adjustment is usually applied to (individual) record-level data, where a 

bias offset representing the bias factor can be applied to each observation resulting in a bias-

adjusted effect estimate after regression52,53. Moreover, bias analysis can be understood as a 

missing data problem, where key information on a confounder is missing, or uncontrolled. One 

can tangibly derive the unknown variable from a specific probability distribution of other 

variables to weight the final regression and obtain a bias-adjusted effect estimate. 

 To employ these methods, information is required to ascertain the bias parameters, or the 

parameters representing the associations between the uncontrolled confounder, exposure, 

outcome, and covariates49,52. The difficulty in implementing bias analysis hinges on the 

identification of parameters, rather than the actual analysis itself. Common sources of parameters 

include literature reviews or expertise given their feasibility in attainment, although internal 

validation data are most desirable. Bias analysis could be performed using a range of bias 

parameter values or with distributions of bias parameter values to account for the uncertainty in 

parameters54. Added complexity to bias analysis arises when evaluating multiple sources of 

biases, or even multiple uncontrolled confounders. In addition to specifying a larger number of 

parameters for each bias, the order that each bias occurs should also be considered49,52,55. Due to 
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these challenges, many applications of bias analysis have been restricted to the use of a single 

bias factor applied to a baseline study39.     

 There is limited information and application of bias analysis to deal with uncontrolled 

confounding observed in a time-varying setting with causal inference methods55-60. A recent 

systematic review did not find an example of bias analysis for a time-varying confounder and 

only a handful of studies evaluated a time-varying exposure49. Other tutorials have demonstrated 

bias analysis with causal inference methods, namely inverse probability weighting, but restricted 

the bias analysis method to a single point measurement of an uncontrolled confounder61-63. Of 

the existing literature for a time-varying uncontrolled confounder in causal modeling, a proposed 

method has approached the issue as a missing data problem and hinge on the availability of 

validation data57. The most prominent method involves a bias parameter to augment the IPTW in 

the fitting of MSM, similar to that of a bias offset56. Despite these available methods addressing 

this issue, their real-world application in practice has been sparse.   

The use of sensitivity analysis is critical, especially in the context of causal inference 

where the strong assumptions are also often untestable. Bias analysis is a transparent way to 

quantify bias for an effect estimate. Moreover, it gives quantitative guidance on the alternative 

explanations that could be driving the direction, magnitude, and uncertainty of the empirical 

results due to systematic errors. This is especially important in the setting of big data in which 

results may have misleadingly narrow confidence intervals and encourage an overconfidence in 

results. In a broader public health perspective, bias analysis can help inform areas of future study 

as well as guide the policies, resource allocation and regulatory decision making that are 

dependent on valid results6. For these reasons, bias analysis remains a critical part of 
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observational research and necessitates regular application along with further study into gaps of 

its literature. 

1.4 Dissertation Structure and Specific Aims  

 The overarching goals of this dissertation are two-fold (Figure 1.1). First, the 

methodological goal of this dissertation is to delineate time-varying uncontrolled confounding, 

which remains understudied despite its importance in the interpretation of causal estimates from 

complex longitudinal data settings. This provides the rationale for the latter aims to develop, 

evaluate, and demonstrate two bias analysis methods with g-computation in the fitting of 

marginal structural models. As there have been limited applications of bias analysis within causal 

modeling, this dissertation seeks to describe and provide the methods to make bias analysis more 

accessible to future research. Thus, the final goal of the dissertation includes the public health 

implications of evaluating the relationships of elevated depressive symptoms and the outcomes 

of cancer and CVD in a cohort of older adults. Using the methods developed in this dissertation, 

these relationships will be tested for theorized sources of time-varying uncontrolled confounding 

to add clarity to the literature. 

The specific aim of each study is listed below:  

Study 1  

To describe the causal structures for and quantify the direction and magnitude of time-varying 

uncontrolled confounding when evaluating causal estimates in time-varying exposure and 

confounding in cancer epidemiologic studies.  

Study 2  

To develop, evaluate and use a novel g-computation algorithm augmented with a bias offset 

function to adjust for time-varying uncontrolled confounding in simulated datasets and in an 
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empirical analysis of the effect of elevated depressive symptoms on cancer incidence, including 

breast and prostate cancers.  

Study 3  

To develop, evaluate and use a novel g-computation algorithm augmented with inverse 

probability of uncontrolled confounder weighting to adjust for time-varying uncontrolled 

confounding in simulated datasets and in an empirical analysis of the effect of elevated 

depressive symptoms on cardiovascular disease incidence. 
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Figure 1.1. Relationship of the Specific Aims for this Dissertation 
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2. Study 1: Time-Varying Uncontrolled Confounding in Cohort Data Analyzed Using G-

Computation: Simulated Applications to Cancer Epidemiology 
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2.1 Abstract 

Background: Uncontrolled confounding is a bias and threat to validity. When using longitudinal 

time-varying methods including fitting of marginal structural models with g-methods, the 

required assumption of conditional exchangeability or no uncontrolled confounding extends 

beyond a baseline (time-fixed) setting and encompasses time-varying study designs. Here, we 

describe time-varying confounding structures using directed acyclic graphs (DAGs) and illustrate 

the differences in joint effect estimates obtained from g-computation when the assumption of no 

time-varying uncontrolled confounding is violated using simulated examples from cancer 

epidemiology. 

Methods: We used DAGs to depict and reason about time-varying uncontrolled confounding in 

cohort study settings. We then used simulations and g-computation to estimate the joint effect of 

time-varying exposures on the mean difference (MD) and odds ratio (OR) scales. Simulation 

parameters were sourced from examples in cancer epidemiology. Models including time-varying 

uncontrolled confounders were considered as the true (bias-adjusted) estimate. Biased joint effect 

estimates were evaluated by excluding time-varying uncontrolled confounders from models, 

representing an unmet ‘no uncontrolled confounding’ assumption. True and biased estimates 

were compared across a range of simulated magnitudes of uncontrolled confounding to evaluate 

the impact of time-varying uncontrolled confounding on effect estimates.  

Results: Time-varying uncontrolled confounding can be described with several scenarios 

including relationships into subsequently measured confounders, exposures, and the outcome. 

Estimates were most biased when the uncontrolled confounders were directly related to the 

outcome. In all simulated illustrations, true and biased estimates differed even when uncontrolled 

confounding was weak. The greatest differences in joint effects were observed in simulations 
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where time-varying uncontrolled confounding was consistently strong over several time points. 

In the illustration of elevated body mass index and obesity-related cancers, the true OR was 

about1.53, while the most biased estimate was OR [95%SI, simulation interval]: 2.30 [1.91, 

2.72] when uncontrolled confounding was strong over all time points. 

Conclusions: Time-varying uncontrolled confounding has the potential to greatly impact 

observed joint effect estimates even when using causal inference methods. Given the importance 

of longitudinal observational studies in advising public health and guidelines, the impact of 

sources of uncontrolled confounding warrants more recognition and careful evaluation using 

quantitative bias analysis.    
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2.2 Background 

 Seminal works have developed the methods for modeling serial measurements of time-

varying exposures, outcomes, and confounders when evaluating complex longitudinal and time-

varying observational studies44,64. In these studies, current measurements are affected by prior 

measurements and the use of conventional regression can inadvertently bias results45. The 

collection of Robins’ generalized methods (g-methods) aptly addresses these complexities 

through the fitting of marginal structural models to estimate time-varying effects45. As a result, 

there has been recent proliferation in the application of these methods in epidemiology46.  

 Confounding remains a threat to validity as it is when an extraneous factor distorts the 

observed exposure-outcome relationship from the counterfactual43. Irrespective of time-fixed or 

time-varying measurements, confounding requires attention to obtain an unbiased estimate. This 

is feasible when data are available yet poses challenges when data on the confounder are 

unavailable. In observational studies, including those with causal inference methods, this 

uncontrolled confounding is assumed as absent. Prior guides have described the collection of 

strong and mostly untestable assumptions required for causal inference45,65. The no uncontrolled 

confounding assumption can also be described as conditional exchangeability, where conditional 

on the covariates sufficient to control for confounding, the exposure is independent of the 

potential outcome, and those who were exposed would have, on average, the same potential 

outcome as those who were unexposed45. Within time-varying studies, the assumption is 

expanded and defined as given the prior history of exposure and covariates, the potential 

outcome is independent of the present exposure44,45.  

 The use of causal inference and methods, robust evaluation, and longitudinal data make 

critical contributions to public health. These studies have the ability to evaluate long-term 
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exposures and could potentially inform guidelines as their causal interpretation may be as valued 

as that of a clinical trial45. Yet, uncontrolled confounding is often mentioned in a study’s 

discussion section yet not always formally evaluated. Calls for routine robust evaluation with 

bias analysis has continued to increase47,49. Moreover, the uncontrolled confounding assumption 

extends beyond a time-fixed measure and may be time-varying in nature. As a result, even if 

causal methods are used, unmet assumptions including the presence of uncontrolled confounding 

may bias results, interpretations, and value to public health policy. Thus, this study seeks to 

describe structures of time-varying uncontrolled confounding and then demonstrate the 

magnitude of time-varying uncontrolled confounding in simulated data from cancer 

epidemiology. These illustrations evaluate (i) the mean difference in low-density lipoprotein 

cholesterol (LDL) with statin non-adherence before and during breast cancer treatment and (ii) 

the odds of obesity-related cancers with elevated body mass index over childhood to adulthood. 

This study highlights both time-varying uncontrolled confounding and sensitivity of estimates 

under different biasing scenarios during using causal modeling in the absence of conditional 

exchangeability.  

2.2.1 Time-Varying Uncontrolled Confounding Structures  

The causal relationships between the confounder, exposure, and outcome have been well-

described with directed acyclic graphs (DAGs)64. These relationships become more complex 

with multiple time points of measurement. The definition of a time-varying confounder can no 

longer be limited to an open backdoor path from the exposure and directly into the outcome. A 

time-varying confounder may also repeatedly affect the exposure and the next exposure 

measurement or next confounder measurement (Figures 2.1 A-D). In these DAGs, we feature the 

relationships between our time-varying exposures (Xt), measured set of confounders (Zt), 
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outcome (Y) and uncontrolled confounders (Ut) over multiple time points, indexed by time t (1-

4). Figure 2.1A shows a classic representation of confounding, where the uncontrolled 

confounder at time t is associated with the current exposure measurement at time t and the 

outcome, repeatedly over time. There is no relationship between the uncontrolled confounder at 

time t with any other exposure or measured confounder in the future. Figure 2.1B represents the 

relationship where the uncontrolled confounders only associate with the current and subsequent 

exposure measurements, thereby creating a type of bias often called “M-bias”, or a “bow-tie” 

structure between multiple exposures43. Figure 2.1C shows the relationship of the uncontrolled 

confounders with the current exposure and the next measured confounder. Figure 2.1D 

represents the combination of Figures 2.1A-C. These figures reflect the time-varying 

confounding structures suited for causal methodology and estimation of joint, pooled and 

cumulative treatment effects45. Additional variations of these structures could include 

dependencies between uncontrolled confounders as well as mediating effects through the 

subsequent uncontrolled confounder (Appendix Figure 2.1). 
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Figure 2.1. Directed Acyclic Graphs Depicting the Data-Generating Mechanism and Types of Uncontrolled Confounding of 

the Joint Effect of Xt and Y over Four Time Points 
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 Abbreviations: Ut: uncontrolled confounder at time t; Xt: exposure at time t; Y: outcome after time = 4; Zt: covariates at time t. 
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2.3 Methods 

Notation and Data Generation for Simulations 1.1 and 1.2 

The data-generating processes for simulations 1.1 and 1.2 are depicted in the 

corresponding DAGs in Appendix Figure 2.1 and Figure 2.1A, and Tables 2.1A and B, 

respectively. Let the subscript t represent the time point in which variables were measured, 

where t = 1 represents the first and baseline value. Let X represent the exposure or treatment, Y 

as the outcome, Z as the covariate set sufficient for known and measured confounding, and U as 

the unmeasured and uncontrolled confounder. In our simulations, Z1 represented a collective set 

of both time-fixed and time-varying confounders45. Appendix Figure 2.1 represents a 

longitudinal design of two time points (simulation 1.1), where U1 affects both the next exposure 

and outcome and X1 affects U2. To simplify the causal structure over a longer period of follow-

up, Figure 2.1A represents four time points (simulation 1.2), in which only Ut affects the current 

exposure Xt and the outcome.  

Using a sample size of N = 50,000, we generated independent variables drawn with a 

specified probability for each participant. Each variable was iteratively drawn with a specified 

probability representing the given relationships between previously simulated variables. Unless 

otherwise noted, variables were drawn under a Bernoulli distribution for binary variables. For all 

simulations, Ut variables were also included so that the generated data reflected the true causal 

structure including the U-dependent relationships. All parameters representing known variables 

were plausibly selected given the illustration and maintain clinically meaningful relationships 

(Tables 2.1A and 2.1B)66-68. The data-generating processes included simulations over a total of K 

= 1000 replications under a specific seed for reproducibility69.   
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Table 2.1. Parameters for A) Simulation 1.1 for Analyses of Two Time Points and B) Simulation 1.2 for Analyses of Four Time 

Points 

A) 

Variable Description Parameters for Simulation 1.1 

Z1 Covariate set before diagnosis (t = 1) 0.5 

U1 Uncontrolled confounder before diagnosis (t = 1) 0.25 

X1 Exposure: statin non-adherence before diagnosis (t = 1) 0.2 + 0.1Z1 + 0.2U1 

U2 
Uncontrolled confounder during cancer treatment (t = 

2) 
0.25 + 0.2U1 + 0X1  

Z2 Covariate set during cancer treatment (t = 2) 0.3 + 0.1Z1 + 0.15X1 

X2 
Exposure: statin non-adherence during cancer treatment 

(t = 2) 
0.22 + 0.15X1 + 0.1Z1 + 0.1Z2 + 0.2U1 + 0.2U2 

Y LDL after cancer treatment 
112 + 10X1 + 12X2 + 4X1X2 + 2Z1 + 4Z2 + δU1U1 + δU2U2;  

SD = 25 

 

B)  

Variable Description Parameters for Simulation 1.2 

Z1 Covariate set at childhood (t = 1) 0.35 

U1 Uncontrolled confounder at childhood (t = 1) 0.25 

U2 Uncontrolled confounder at early adolescence (t = 2) 0.25 

U3 Uncontrolled confounder at adolescence (t = 3) 0.25 

U4 Uncontrolled confounder at adulthood (t = 4) 0.25 

X1  Exposure: overweight at childhood (t = 1) expit(log(0.10) + log(1.20)Z1 + log(αU1)U1) 

Z2 Covariate set at early adolescence (t = 2) expit(log(0.20) + log(1.20)Z1 + log(1.25)X1) 

X2 Exposure: overweight at early adolescence (t = 2) expit(log(0.13) + log(1.25)X1 + log(1.20)Z1 + log(1.20)Z2 + 

log(αU2)U2) 

Z3 Covariate set at adolescence (t = 3) expit(log(0.20) + log(1.20)Z2 + log(1.25)X2) 

X3 Exposure: overweight at adolescence (t = 3) expit(log(0.20) + log(1.25)X2 + log(1.20)Z1 + log(1.20)Z3 + 

log(αU3)U3) 

Z4 Covariate set at adulthood (t = 4) expit(log(0.20) + log(1.20)Z3 + log(1.25)X3) 
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X4 Exposure: overweight at adulthood (t = 4) expit(log(0.25) + log(1.25)X3 + log(1.20)Z1 + log(1.20)Z4 + 

log(αU4)U4) 

Y Outcome: Obesity-related cancers expit(log(0.025) + log(0.93)X1 + log(1.03)X2 + log(1.20)X3 + 

log(1.33)X4 + log(1.10)Z1 + log(1.10)Z4 +  

(αU1)U1 + (αU2)U2 + (αU3)U3 + (αU4)U4) 

 

Abbreviations: expit: inverse logit; LDL: low-density lipoprotein cholesterol; SD: standard deviation; t: time; Ut: uncontrolled 

confounder at time t; Xt: exposure at time t; Y: outcome; Zt: covariates at time t. 

Footnote: Values for δUt and αUt are listed in Tables 2.2 and Appendix Table 2.2.  

 

 

 

 

 

 

 

 

 

 



 
 

25 

For simulation 1.1, variables were simulated on a linear scale. Y was drawn under a 

truncated normal distribution with a standard deviation of 25 mg/dL. A lower bound in the data 

generation process was used to maintain clinically plausible values of LDL. The model for Y is 

depicted below: 

𝑌~𝑁(𝜇, 25); 𝜇 = 112 +  𝛿𝑋1𝑋1 + 𝛿𝑋2𝑋2 + 𝛿𝑋1𝑋2𝑋1𝑋2 + 𝛿𝑍1𝑍1 + 𝛿𝑍2𝑍2 + 𝛿𝑈1𝑈1 + 𝛿𝑈2𝑈2  

For simulation 1.2, the relationships between variables were simulated on the inverse 

logit scale (i.e., expit). The probability of Y = 1 was generated as:  

𝑃(𝑌 = 1|𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝑍1, 𝑍4, 𝑈1, 𝑈2, 𝑈3, 𝑈4) = 

ℯ𝑥𝑝𝑖𝑡(𝛼0 +  𝛼𝑋1𝑋1 + 𝛼𝑋2𝑋2 + 𝛼𝑋3𝑋3 + 𝛼𝑋4𝑋4 + 𝛼𝑍1𝑍1 + 𝛼𝑍4𝑍4 + 𝛼𝑈1𝑈1 + 𝛼𝑈2𝑈2 +

𝛼𝑈3𝑈3 + 𝛼𝑈4𝑈4)   

where each 𝛼𝑉  is a logit. 

To further illustrate a variety of structures and impact of time-varying uncontrolled 

confounding, simulations akin to that of simulation 1.2 were modified to represent Figures 2.1A-

D. The input parameters were the same as Table 2.1B.  

G-computation  

Guides have previously described g-computation methods to estimate the effect estimate 

and 95% simulation interval (SI)45,65. We focused on g-computation without simulation given 

that the input datasets were simulated and to avoid high-computation issues. We assumed that 

the assumptions necessary for causal inference including positivity, consistency and no other 

sources of bias were met in our simulated data. As to examine the presence of uncontrolled 

confounding, this assumption did not hold. We performed g-computation to obtain the joint 

direct effects of Xt and Y, i.e., the effect of being exposed at all time points and not through 
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subsequent exposures, compared with no exposure at all time points. After simulation, we 

implemented g-computation with the following steps for each replication: 

Step 1: Obtain the regression coefficients using regression with an appropriate link. Fit 

models of all descendants of Xt (i.e., Zt+1) with appropriate variables, as well as a model of Y on 

all Xt and appropriate Zt and Ut as covariates as defined by the DAGs. For our true (bias-

adjusted) illustration, we included Ut to represent the true structure dictated by the DAG as if this 

data were available. 

Step 2: Calculate the potential outcomes under treatment (all Xt = 1) and no treatment (all 

Xt = 0) for each subject using the Step 1 parameters. 

Step 3: Obtain the causal effect estimate by taking the appropriate contrast between the 

two potential outcomes on the chosen effect measure scale. The mean of the estimate represents 

the effect between Xt and Y for each replication. Among all K replications, the median and 2.5th 

and 97.5th percentiles of estimates were summarized to represent the causal estimate and 95% 

simulation interval.  

To highlight the consequences of accounting or not accounting for time-varying 

uncontrolled confounding, we repeated analyses with modifications with respect to Ut. Ut were 

removed in the Step 1 regression and thus the coefficients represented the situation where Ut 

were conceptually present but remained uncontrolled. Subsequently, Step 2 potential outcomes 

were calculated in the absence of Ut. Step 3 was carried out as described and the results represent 

the biased estimates. To further highlight the effect of Ut, we varied the Ut parameters and 

repeated simulations. In simulations of four time points, the Ut parameters were of equal 

magnitude to the exposure and next variable (exposure, confounder, outcome, as applicable). We 

created a standard scenario called ‘Model 1’ to represent a baseline biasing scenario for each 
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dataset. Based on the initial Ut inputs, we individually or collectively increased or decreased Ut 

by a specified magnitude (50%) and repeated analyses. For simulation 1.2, an incremental 

increase or decrease of 25% over time was also included in biasing scenarios. For all scenarios, 

increasing or decreasing the Ut parameters represented varying degrees of strong and weak time-

varying UC, respectively.  

2.3.1 Hypothetical Illustrations and Motivation in Cancer Epidemiology 

 Simulation 1.1 is a hypothetical illustration evaluating the joint effect of statin non-

adherence over time and the subsequent difference in LDL among breast cancer patients. As 

breast cancer patients are often older women who may be burdened with comorbid 

cardiovascular disease and diabetes, a statin may be recommended to lower LDL given a certain 

risk profile66. The growing interest and research in cardio-oncology has suggested that used of 

statins may be beneficial on breast cancer prognosis given its antineoplastic properties70,71. While 

statin non-adherence may be observed in the general population, specifically among women with 

breast cancer, the occurrence of a stressful life event combined with cancer treatment may also 

result in statin non-adherence72. Thus, t = 1 represented statin non-adherence shortly before 

breast cancer diagnosis, and t = 2 represented statin non-adherence during the breast cancer 

treatment period. The outcome, Y represented the mean LDL up to two years after finishing 

treatment. In this example, Zt embodied the sufficient set to control for confounding, including 

comorbidities and polypharmacy which may influence statin non-adherence and LDL73-75. 

Parameters were informed by a study that had detailed records on lipids and prescriptions before, 

during, and after cancer treatment in a cohort of breast cancer patients already on a statin66. 

Furthermore, we chose Ut to represent a risk factor of statin discontinuation and LDL such as 
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clinical indicators and biomarkers of a statin related adverse event. In this situation, statin use 

would affect Ut+1, thereby demonstrating a time-varying confounding structure74.   

Finally, simulation 1.2 is a hypothetical illustration that evaluated the joint odds ratio 

(OR) of elevated body mass index (overweight or obese status) with obesity-related cancers such 

as cancers of the colon, rectum, liver, gallbladder, pancreas, and others. This longitudinal follow-

up over four time points represented the life course from childhood to adulthood. Several 

longitudinal cohort studies that combined historical school records with national electronic 

medical records to examine changes in body weight status during and across specific time 

periods informed this illustration67,68,76. As cancer is suspected to have a long latency period, past 

studies have hypothesized that the age period in being overweight or obese has an influence on 

cancer. In this study, Ut represented time-varying uncontrolled confounding, such as markers of 

poor nutrition and diet which may be unmeasured especially if utilizing electronic medical 

records or claims data77. Given the rare disease assumption, the odds ratio may be approximated 

as a risk ratio. Thus, we made this assumption when using the risk ratio estimates from literature 

to inform our parameters to estimate the odds ratio. 

Based on the simulated examples, the true joint estimates for simulations 1.1 and 1.2 

were approximately a mean difference (MD) of 26.6 mg/dL and an OR of 1.53, respectively. All 

analyses and figures were performed in R version 4.0.0 and R Studio version 1.2.5042. Given the 

nature of the study, no data were missing.  

2.4 Results 

Description of multiple time-varying confounding scenarios 

 Figures 2.1A-D represent structures of time-varying uncontrolled confounding. Under 

simulation, we obtained a joint OR [95%SI] of 1.53 [1.23, 1.88] as the true joint estimate of 
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being always exposed compared to never exposed at all time points. The most biased estimates 

were observed in Figures 2.1A and 2.1D, where each scenario highlighted the presence of a Ut 

→ Y relationship (Appendix Table 2.1). The combination of all scenarios produced the most 

biased estimate of joint OR [95%SI]: 2.08 [1.72, 2.53]. Estimates obtained from Figures 2.1B 

and 2.1C produced mildly biased estimates, each at a OR of approximately 1.60.  

Simulation 1.1 

 In our example, we observed a true joint MD [95%SI] in LDL of 26.6 [25.9, 27.2] mg/dL 

when the patient was statin non-adherent both before and during breast cancer treatment 

(Appendix Figure 2.2). However, in a plausible case of time-varying uncontrolled confounding, 

the biased joint effect [95%SI] was 35.3 [34.6, 36.0] mg/dL when the parameter and confounder 

strengths of U1 and U2 were 16 mg/dL each (Table 2.2). In all models, changing the strength of 

U1 and U2 demonstrated biased estimates away from the true value, with differences in 

magnitudes ranging from 4 to 13 mg/dL. Namely, when both U1 and U2 strengths were 

considerably strong, we observed the most biased MD [95%SI] of 39.7 [38.9, 40.5] mg/dL 

(Table 2.2). Conversely, when the strengths of Ut were decreased to weaker levels, the resulting 

estimates were closer to the true MD [95%SI]: 30.9 [30.3, 31.6] mg/dL (Table 2.2), albeit 

overestimated. Individually examining the regression parameters for each X1 or X2 alone showed 

similar results, where the X2 in biased models deviated further away from the true estimate.  
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Table 2.2. Regression Parameters and the Joint Mean Difference in LDL from Statin Non-Adherence Before and During 

Breast Cancer Treatment in Simulation 1.1 

Model Description δU1 δU2 δ𝑋1: X1 [95%SI] δ𝑋2: X2 [95%SI] δ𝑋1𝑋2: X1X2[95%SI] Joint MD [95%SI] 

1 True 16 16 10.6 [9.8,11.3] 12.0 [11.4,12.5] 4.0 [3.1,5.0] 26.6 [25.9,27.2] 

1 Biased 16 16 11.8 [11.0,12.5] 17.8 [17.3,18.4] 5.7 [4.7,6.7] 35.3 [34.6,36.0] 

2 δU1 +50% 24 16 12.6 [11.8,13.4] 19.1 [18.6,19.8] 6.3 [5.3,7.4] 38.0 [37.3,38.8] 

3 δU2 +50% 16 24 11.6 [10.8,12.4] 19.5 [18.9,20.1] 5.9 [4.8,7.0] 37.0 [36.3,37.7] 

4 δU1 & δU2 +50% 24 24 12.4 [11.6,13.2] 20.7 [20.2,21.4] 6.5 [5.4,7.6] 39.7 [38.9,40.5] 

5 δU1 -50% 8 16 11.0 [10.3,11.7] 16.5 [16.0,17.1] 5.1 [4.1,6.1] 32.6 [32.0,33.3] 

6 δU2 -50% 16 8 12.0 [11.2,12.8] 16.2 [15.7,16.8] 5.4 [4.4,6.4] 33.7 [33.0,34.4] 

7 δU1 & δU2 -50% 8 8 11.2 [10.4,11.9] 14.9 [14.4,15.5] 4.8 [3.8,5.8] 30.9 [30.3,31.6] 

 

Abbreviations: LDL: low-density lipoprotein cholesterol; MD: Mean Difference; SI: simulation interval; Xt: statin non-adherence at 

time t. 

Footnote: δUt represents the strength of relationship between Ut and the respective variable on the corresponding association measure 

scale. In all analyses, statin adherence was considered as the referent group  
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Simulation 1.2 

 We expanded our study design to evaluate being overweight or obese from childhood to 

adulthood on the odds ratio of obesity-related cancer incidence. We observed that being 

overweight/obese across all time points compared to being of normal weight across all time 

points, resulted in a true bias-adjusted joint OR [95%SI] of 1.53 [1.21, 1.87]. Yet, leaving Ut 

uncontrolled resulted in a joint OR [95%SI] of 1.83 [1.46, 2.22] in model 1 (Figure 2.2, 

Appendix Table 2.2). For models 2-5, where Ut was individually modified at a single time point 

to a strong confounder, we observed biased estimates of 1.93. For models 6-9, Ut was deemed 

weak at individual time points and yielded biased results. The largest differences from the true 

value were observed in the presence of multiple strong confounders. For example, models 10 and 

11 had strong confounding early (i.e., t = 1-2) or late (i.e., t = 3-4), respectively and both resulted 

in biased joint estimates (OR [95%SI]: 2.06 [1.69, 2.50] and 2.04 [1.68, 2.48], respectively). 

Strong confounding over all time points and gradually increasing until the end of follow-up 

yielded the largest biased estimate (OR [95%SI]: 2.30 [1.91, 2.72] and 2.26 [1.88, 2.72], 

respectively). Finally, the presence of weaker uncontrolled confounding over all time points 

produced closer results to that of the true estimate (OR [95%SI]: 1.58 [1.23, 2.03]).  
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Figure 2.2. Simulated Illustration of the Joint Odds Ratio of Overweight and Obesity Status with Related Cancers over 

Follow-up Across Multiple Biasing Scenarios in Simulation 1.2 

 

Footnote: αUt represents the strength of relationship between Ut and the respective variable on the corresponding association measure 

scale. In all analyses, being non-overweight or non-obese was considered as the referent group  
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2.5 Discussion 

 We examined the structures and impact of time-varying uncontrolled confounding that 

violate the conditional exchangeability condition in causal inference. Time-varying confounding, 

including uncontrolled confounding, can present under various causal structures and may result 

in differing degrees of biased results. Structures with direct relationships between the 

uncontrolled confounders and outcome gave the most biased results. In the simulated 

illustrations, the differences in magnitude between the biased estimates (expectation of the 

biased estimator) and the true values were exacerbated in the presence of strong uncontrolled 

confounding. We observed that models with a greater number of time points with multiple strong 

uncontrolled confounders yielded biased estimates. In the presence of weaker time-varying 

uncontrolled confounding, we observed smaller deviations in the biased estimate. These 

hypothetical examples reflected studies in cancer epidemiology and support the importance of 

understanding and addressing time-varying uncontrolled confounding in a context-dependent 

manner. 

 Studies using g-methods assume no uncontrolled confounding. Authors may speculate 

about the strength and impact of potential uncontrolled confounding, yet the use of quantitative 

sensitivity analyses remains infrequent52. Only recently has there been a greater call for more 

bias analysis methods in the field49. We demonstrated that time-varying uncontrolled 

confounding may present itself in several structures beyond the typical exposure-confounder-

outcome relationship. Thus, authors should theorize sources, direction, and relationship of 

uncontrolled confounding within the context of the study given that different structures have 

differing magnitudes of biased effects as demonstrated in the present study. Yet, in all causal 

analyses, a detailed understanding about the system and observed data is recommended as to best 
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evaluate and target causal questions78. In our simulated examples, we theorized sources of 

uncontrolled confounding within the context of the study and used DAGs to illustrate the 

relationships of uncontrolled variables on each association. Often, such causal analyses have 

been featured in big data such as medical claims, registries, or electronic medical records that 

have strengths in sample size and length of follow-up46. These sources were not built for research 

purposes and may fall short in critical laboratory, social or lifestyle data, thus leaving the 

potential for uncontrolled confounding in analyses. In this era of big data, databases are revered 

for their covariate-rich data and size yet as they may inform subsequent policy allocations. It is 

best to fully understand and test results including the robustness to different biasing scenarios, as 

to not lead to a potentially misguided or overconfident conclusion. For these reasons, sensitivity 

analyses are especially important in studies including causal inference methods.  

In simulation 1.1, we examined changes in LDL from statin non-adherence that occurred 

before and during breast cancer treatment in simulated data. We showed that excluding time-

varying uncontrolled confounding resulted in deviations from the true estimate. In this 

illustration, statin non-adherence in multiple time points resulted in a greater increase in LDL for 

breast cancer patients, which was worsened by strong time-varying uncontrolled confounding. 

Prior to simulations, we indicated that clinical biomarkers of adverse events may be unmeasured 

given a specific data source and pose as time-varying uncontrolled confounders influencing both 

non-adherence and LDL. These biased estimates shed light on the impact of uncontrolled 

confounding and understanding of statin non-adherence and LDL in this population66. In the 

general population, elevated LDL levels are associated with a higher risk of cardiovascular 

events and remain prominent contributors to clinical risk scores used to guide treatment, 

including statin intensification79,80. Women with breast cancer, may also be at risk of subsequent 
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cardiovascular events given the hypothesized cardiotoxic effects of cancer treatment, as well as 

better prognosis and survival observed with this cancer70. Therefore, careful examination of 

treatments and adherence in older women, including those with breast cancer and changes in 

LDL remain critical. These longitudinal relationships should be examined considering time-

varying uncontrolled confounding as to better understand the intersection of cancer and 

cardiovascular disease epidemiology.  

 For simulation 1.2, studies have investigated elevated body mass index over one’s life 

course, often finding strong relationships of chronic overweight/obese status during certain 

periods of one’s life with specific cancers67,68,76. In the context of the global obesity epidemic 

and long latency of cancer, it remains of interest to study these relationships over long periods. 

Like simulation 1.1, strong time-varying uncontrolled confounding resulted in the biased effect 

estimates. The most biased ORs were observed when there were multiple time-varying 

uncontrolled confounders. Within the context of this hypothetical study and plausibility in the 

field, there may only be a few confounders that would have as strong of a relationship with 

obesity and cancer that are consistently present over a life course. In this example, we suggested 

that time-varying uncontrolled confounding represented markers of poor nutrition and diet 

associated with both obesity and cancer. Persistence of overweight or obese status from 

adolescence into adulthood has been documented and it may be suggested that poorer lifestyle 

habits developed in youth carry forward into adulthood81,82. Like the prior studies, birth cohorts 

and data registries may not have this type of dietary data readily available and thus remain 

subject to uncontrolled confounding. This example highlights potential uncontrolled confounding 

by poor nutrition and further support identifying policy related actions to address overweight and 

obese status including during youth.  
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 Our study strengths include the evaluation of different measures of association across 

varying strengths of confounding. For our illustrations, we utilized literature-informed inputs to 

suggest what may be observed in the presence of time-varying uncontrolled confounding. 

Finally, simulations allowed for the systematic evaluation of the impact of time-varying 

uncontrolled confounding. Our study also has some limitations. In applying g-computation, we 

assumed that other causal conditions than uncontrolled confounding held in our analyses. Given 

that our data were simulated, we were able to dictate and address some assumptions in the data-

generating process. Practically, we acknowledge that assumptions may be untestable and would 

require sensitivity analyses. We assumed that our covariate Zt, represented a sufficient set of 

confounders in our examples, however we note it is a combination of variables that individually 

may have varying relationships with other variables in the system. The use of a single variable 

may not fully reflect the magnitude and direction of confounding present in observational data. 

 Ultimately, uncontrolled confounding is a critical causal concern that warrants sensitivity 

analysis. We observed that the presence of multiple time-varying uncontrolled confounders 

resulted in a larger biased estimate in our simulated models. We highlighted that time-varying 

uncontrolled confounding can present in differing structures and magnitudes given measured 

variables. Given the increasing use of advanced causal models in large datasets to study many 

public health problems that involve interventions that change over time, rigorous quantitative 

bias analysis of time-varying uncontrolled confounding in such settings is indispensable. 
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2.6 Appendix  

Appendix Figure 2.1. Directed Acyclic Graph Depicting the Data-Generating Mechanism 

and Uncontrolled Confounding of the Joint Association of Xt and Y over Two Time Points 

 

 Abbreviations: Ut: uncontrolled confounder at time t; Xt: exposure at time t; Y: outcome after 

time = 2; Zt: covariates at time t 
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Appendix Figure 2.2. Simulated Illustration of the Joint Mean Difference in LDL from 

Statin Non-Adherence Before and During Breast Cancer Treatment in Simulation 1.1 

 

 

Footnote: δUt represents the strength of relationship between Ut and the respective variable on the 

corresponding association measure scale. In all analyses, statin adherence was considered as the 

referent group  
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Appendix Table 2.1. Joint Odds Ratio Over Follow-up Across Multiple Confounding 

Scenarios 

Model Confounding Description Estimate Joint OR [95%SI] 

  True 1.53 [1.23,1.88] 

A Xt Ut →Y Biased 1.83 [1.48,2.26] 

B Xt Ut →Xt+1 Biased 1.59 [1.19,2.04] 

C Xt Ut →Zt+1 Biased 1.60 [1.20,2.07] 

D Combination of A, B and C Biased 2.08 [1.72,2.53] 

 

Abbreviations: OR: Odds Ratio; SI: simulation interval; Ut: uncontrolled confounder at time t; 

Xt: exposure at time t; Y: outcome after time = 4; Zt: covariates at time t 

Footnote: αUt = log(1.60) for all models and represents the strength of relationship between Ut 

and the respective variable. Confounding descriptions apply to all time points except for t = 4. 
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Appendix Table 2.2. Joint Odds Ratio of Overweight and Obesity Status with Related Cancers over Follow-up Across Multiple 

Biasing Scenarios 

Model Description αU1 αU2 αU3 αU4 Joint OR [95%SI] 

1 True log(1.60) log(1.60) log(1.60) log(1.60) 1.53 [1.21,1.87] 

1 Biased log(1.60) log(1.60) log(1.60) log(1.60) 1.83 [1.46,2.22] 

2 αU1 +50% log(2.02) log(1.60) log(1.60) log(1.60) 1.94 [1.58,2.38] 

3 αU2 +50% log(1.60) log(2.02) log(1.60) log(1.60) 1.94 [1.57,2.37] 

4 αU3 +50% log(1.60) log(1.60) log(2.02) log(1.60) 1.93 [1.58,2.36] 

5 αU4 +50% log(1.60) log(1.60) log(1.60) log(2.02) 1.93 [1.56,2.36] 

6 αU1 -50% log(1.26) log(1.60) log(1.60) log(1.60) 1.76 [1.39,2.18] 

7 αU2 -50% log(1.60) log(1.26) log(1.60) log(1.60) 1.77 [1.40,2.18] 

8 αU3 -50% log(1.60) log(1.60) log(1.26) log(1.60) 1.76 [1.41,2.17] 

9 αU4 -50% log(1.60) log(1.60) log(1.60) log(1.26) 1.77 [1.40,2.17] 

10 αU1 & αU2 +50% log(2.02) log(2.02) log(1.60) log(1.60) 2.06 [1.69,2.50] 

11 αU3 & αU4 +50% log(1.60) log(1.60) log(2.02) log(2.02) 2.04 [1.68,2.48] 

12 αU1 & αU2 -50% log(1.26) log(1.26) log(1.60) log(1.60) 1.70 [1.34,2.13] 

13 αU3 & αU4 -50% log(1.60) log(1.60) log(1.26) log(1.26) 1.71 [1.35,2.10] 

14 αU1-αU4 +50% log(2.02) log(2.02) log(2.02) log(2.02) 2.30 [1.91,2.72] 

15 αU1-αU4 -50% log(1.26) log(1.26) log(1.26) log(1.26) 1.58 [1.23,2.03] 

16 αU1-αU4 +25% per time t log(1.60) log(1.80) log(2.08) log(2.50) 2.26 [1.88,2.72] 

17 αU1-αU4 -25% per time t log(1.60) log(1.42) log(1.30) log(1.22) 1.67 [1.31,2.09] 

 

Abbreviations: OR: Odds Ratio; SI: simulation interval 

Footnote: αUt represents the strength of relationship between Ut and the respective variable. In all analyses, being non-overweight or 

non-obese was considered as the referent group   
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3. Study 2: Investigating Whether Elevated Depressive Symptoms Affect Cancer 

Outcomes: G-Computation with Bias Analysis to Offset Time-Varying Uncontrolled 

Confounding  
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3.1 Abstract 

Background: Quantitative bias analysis of the impact of uncontrolled confounding is typically 

used for single time point studies, if at all. The prior studies of depressive symptoms and cancer 

outcomes are mixed, of a single time point, and subject to residual or uncontrolled confounding. 

We extend the bias offset framework to a time-varying setting combined with g-computation 

using simulations and investigating cancer outcomes.    

Methods: We simulated 50,000 individuals with repeated measures to evaluate the impact of 

time-varying uncontrolled confounding (Ut) on the joint risk difference (RD). We used g-

computation including and excluding Ut to fit marginal structural models. We demonstrated the 

use of a bias offset in combination with g-computation to recover the true joint estimate. In an 

illustration, we investigated the association between elevated depressive symptoms and incident 

cancer (overall, breast, and prostate) in a cohort of 12,502 older adults from the Health and 

Retirement Study in 1998 and 2000. We fit regression models with demographics and time-

varying lifestyle factors for our g-computation. We hypothesized time-varying sedentary 

behavior as the Ut. Finally, using plasmode simulations, we performed quantitative bias analysis 

offsetting varying bias factors for uncontrolled sedentary behavior.  

Results: In our simulations, time-varying uncontrolled confounding yielded more biased 

estimates when the Ut were excluded from the model. The use of the bias offset was successful in 

removing the bias due to Ut and recovered the original estimate. In our illustration, elevated 

depressive symptoms in both time points resulted in a joint RD [95%SI, simulation interval] of  

-0.005 [-0.049, 0.046]. We observed robust results with the bias offset analyses when using 

stronger magnitudes of bias factors. Likewise, similar results were observed in gender-specific 

analyses for breast and prostate cancers.  



 
 

43 

Conclusions: This study demonstrated the use of a bias offset in combination with g-

computation to evaluate time-varying uncontrolled confounding in simulated datasets. Our 

illustration suggested that the results were robust to time-varying uncontrolled confounding after 

using the bias offset. The expansion of this bias offset method to time-varying exposure and 

confounding settings merits future investigation and application in causal inference studies. 
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3.2 Introduction 

 The era of big data has encouraged evaluation of intricate research questions especially in 

observational studies with repeated measurements. These study designs include complex 

relationships, where covariates are affected by a prior exposure measurement and also act as 

confounders for the current exposure measurement45. Thus, g-methods such as g-computation are 

important for estimation of the effects of time-varying exposures. In g-computation, several 

assumptions are required. One assumption, conditional exchangeability or no uncontrolled 

confounding, becomes more complex when evaluating time-varying study designs. Not only is it 

assumed that there is no uncontrolled confounding of the current exposure measurement, but this 

assumption is expanded such that the definition encompasses no uncontrolled confounding given 

the history of prior variables45.  

The conditional exchangeability assumption is particularly strong and untestable in 

observational study settings. Quantitative methods have been developed to assess the impact of 

biases43,47. When evaluating single time point, or baseline studies, bias analysis methods can 

evaluate the impact of uncontrolled confounding, measurement error, and selection bias on the 

observed results47,52. One popular method involves a bias offset. A bias factor is defined as the 

amount of bias due to a hypothesized source (i.e., uncontrolled confounding) and is subtracted 

(or offset) from the final regression internally on a record-level53,83. Recently, there have been 

calls from the research community to increase the use of sensitivity analysis methods as a more 

routine or standard practice in research. These sensitivity methods to rigorously subject results to 

sources of bias remain imperative to research, and only become more important in the context of 

big data and causal inference methods in time-varying studies.  
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To date, there are few methods and applications that evaluate biases in combination with 

causal inference methods and time-varying studies56. In this study, we extend the bias analysis 

framework of the bias offset to a time-varying setting to evaluate the presence of time-varying 

uncontrolled confounding. Through plasmode simulation combined with g-computation, we 

apply these methods to several illustrations evaluating the relationship of elevated depressive 

symptoms and incident cancer from a large cohort of older adults.  

3.3 Methods 

Notation and definitions 

 The parameters for simulations 2.1-2.3 are depicted in Table 3.1 and reflect the data-

generating mechanisms of Figures 3.1A-C. We generated a sample of N = 50,000 individuals 

where each binary variable was drawn under a Bernoulli distribution. Data generation was 

repeated over K = 1000 replications.  

We used the following notation in our directed acyclic graph (DAGs) for each t, time 

point: let X represent the exposure, Y represent the outcome, Z represent the covariate set 

sufficient for known and measured confounding, and U represent the uncontrolled confounder. 

For all simulations, we examined two time points. The DAGs represent the following scenarios: 

one uncontrolled confounder (Figure 3.1A, simulation 2.1), two time-varying uncontrolled 

confounders (Figure 3.1B, simulation 2.2) and two time-varying uncontrolled confounders where 

U2 also acts as a mediator for X1 (Figure 3.1C, simulation 2.3). To highlight the bias due to 

uncontrolled confounding and maintain a consistent joint effect across all analyses, simulations 

2.1 and 2.3 were simulated with a null effect including all direct and indirect pathways. 

Simulation 2.3 was also simulated with non-null indirect effects as to further support the bias 

analysis model, however the joint effect thus varied.   
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Table 3.1. Parameters for Simulations 2.1-2.3 

 

Variable Description Simulation 2.1: 

 

Time-varying exposures with 

1 uncontrolled confounder 

Simulation 2.2: 

 

Time-varying exposures with 

2 uncontrolled confounders 

Simulation 2.3: 

 

Time-varying exposures with 

2 uncontrolled confounders 

and a mediator 

U1 Uncontrolled 

confounder at time = 1 

0.4 0.6 0.4 

Z1 Covariate at time = 1 0.5 0.4 0.5 

X1 Exposure at time = 1  0.4 + 0.1Z1 + RU1U1 0.4 + 0.2Z1 + RU1U1 0.4 + 0.1Z1 + RU1U1 

U2 Uncontrolled 

confounder at time = 2  

  0.6 0.2 + 0.2U1 + RX1X1  

Z2 Covariate at time = 2 0.2 + 0.1Z1 + 0X1 0.25 + 0.2Z1 + 0.3X1 0.2 + 0.1Z1 + RX1X1 

X2 Exposure at time = 2 0.15 + 0.2X1 + 0.1Z2 + RU1U1  0.1 + 0.25X1 + 0.2Z2 +  

RU1U1 + RU2U2 

0.15 + 0.2X1 + 0.1Z1 + 0.1Z2 +  

RU1U1 + RU2U2 

Y Outcome after time = 2 0.1 + 0X1 + 0X2 +  

0.1Z1 + 0.1Z2 + RU1U1 

0.05 + 0.08X1 + 0.08X2 + 

0.04X1X2 + 0.15Z1 + 0.15Z2 +  

RU1U1 + RU2U2 

0.1 + 0X1 + 0X2 +  

0.1Z1 + 0.1Z2 +  

RU1U1 + RU2U2 

 

Abbreviations: RX1: parameter linking X1 and the specified variables; RUt: parameter linking Ut and the specified variables; Ut: 

uncontrolled confounder at time t; Xt: exposure at time t; Y: outcome after time = 2; Zt: covariates at time t 

Footnote: To demonstrate a null joint effect with simulation 2.1 and 2.3 across all bias analysis models, each indirect relationship (i.e., 

X1→Z2 and X1→U2) was also set to null. Secondary analyses of simulation 2.3 added RX1 = 0.1 for each indirect relationship, whereby 

the joint effect changed with each bias analysis model. All variables were generated as binary variables. 
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Figure 3.1. Directed Acyclic Graphs of Time-Varying Exposures Depicting A) Only One Uncontrolled Confounder, B) Only 

Two Time-Varying Uncontrolled Confounders and C) Two Time-Varying Uncontrolled Confounders and an Unmeasured 

Mediator 

 

 

 

 

 

 

 

 

 

 

 

Abbreviations: Ut; uncontrolled confounder at time t, Xt; exposure at time t, Y; outcome after time = 2, Zt; covariates at time t 

 

 A)                 B)                C) 
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G-computation 

 Methods for g-computation have been previously described45,65. Given the simulated 

nature of the data, we assumed that all assumptions held, except for conditional exchangeability. 

In summary, we fit regressions models for the descendants of X, and our outcome using the 

appropriate set of variables. We calculated the potential outcomes under hypothetical treatment 

(Xt = 1) and no treatment (Xt = 0) at each time point. To obtain the joint risk difference (RD), we 

contrasted the potential outcomes when treated at both time points vs never treated at any time 

point. This joint estimate represented the effect of exposure on the outcome, not through the 

subsequent exposure. We took the mean value from each replication, and then summarized the 

distribution of 1000 replications. The median, 2.5th and 97.5th percentiles of the 1000 replications 

represented our final estimate and 95% simulation interval (SI) on the risk difference scale. Bias 

and root mean square error (RMSE) for the joint estimates were calculated from the estimates of 

each replication. As to contrast the obtained effect estimates with respect to uncontrolled 

confounding, Ut were included in relevant regression modeling to represent our ‘True’ estimate 

and Ut were excluded from relevant regression modeling to represent our ‘Biased’ estimate. The 

latter estimate represents the case when the regression models are mis-specified and in violation 

of the conditional exchangeability assumption. To examine varying effects of uncontrolled 

confounding, we individually varied the simulation parameters relating to Ut.  

Bias Analysis with a Bias Offset   

  We extend the use of a bias offset to a time-varying setting with g-computation. Figure 

3.2A (or Figure 3.1B) represents the pre-intervention DAG and the data generating process for 

the simulation. In g-computation, the post-intervention DAG reflects the randomization of each 

exposure at each time point (Figure 3.2C). In the presence of time-varying uncontrolled 
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confounding, we propose an intermediate step termed a partial-intervention DAG, where each 

exposure is intervened on for only known relationships (Figure 3.2B). Therefore, the 

uncontrolled confounding paths are preserved at each time point and recognized in the 

relationships. Using the bias offset, the relationships of the time-varying uncontrolled 

confounders are subtracted, or offset from the observed outcome and result in the post-

intervention DAG. To achieve Figures 3.2A-C, we used simulation to develop a plasmode 

dataset with the g-computation framework to estimate the causal effect estimate, offset by time-

varying uncontrolled confounding.  
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Figure 3.2. Directed Acyclic Graphs Depicting A) Pre-Intervention, B) Partial-Intervention after use of the Bias Offset and C) 

Post-Intervention after G-Computation 

 

 

 

 

 

 

 

 

 

Abbreviations: Ut; uncontrolled confounder at time t, Xt; exposure at time t, Y; outcome after time = 2, Zt; covariates at time t

A) Pre-Intervention              B) Partial-Intervention   C) Post-Intervention 
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 The following steps describe the plasmode simulation: 

Step 1: From the prior g-computation steps, obtain the regression parameters representing 

the relationships for the descendants of X and outcome modeled from the biased regression 

models (i.e., ‘Biased’ model that excluded Ut). Let δUt represent the regression parameters 

relating Y to Ut, conditional on all other exposures and covariates (i.e., obtained from the ‘True’ 

regression model). Finally, regress Ut on all exposures and covariates as: U1 ~ X1+X2+Z1+Z2 and 

U2 ~ X1+X2+Z1+Z2+U1, on the specified (e.g., linear) scale.  

 Step 2: Generate the plasmode dataset through simulating the exposure and the time-

varying covariates. The exposures are simulated according to their marginal probability, thereby 

representing the post-intervention DAG. Each Ut is simulated according to their marginal 

probability (i.e., a variable called sim_Ut). Any descendant of the exposure (i.e., Z2) will be 

simulated using the simulated exposures and the regression parameters from Step 1. 

 Step 3: Calculate the probability of each Ut with the regression parameters from Step 1 

and the newly simulated exposures and covariates. 

 Step 4: Calculate the probability of Y with the biased regression parameters from Step 1 

and the newly simulated exposures and covariates.  

 Step 5: Calculate the bias offsets for each Ut as follows: δUt  [P(Ut | . ) – sim_Ut]. This 

represents the bias due to Ut. This will also maintain the original marginal probability of Y.   

 Step 6: Subtract the bias offset for each Ut from the probability of Y. Simulate a U-free Y 

under a Bernoulli distribution using this new probability.  

 Step 7: Run the regression for the final marginal structural model for the desired effect 

estimate using the simulated plasmode data, outcome, and exposures. This is repeated for all 
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replications. Summarize the distribution of estimates for all replications to obtain the point 

estimate and 95% simulation interval.  

3.3.1 Illustration with the Health and Retirement Study 

 To evaluate our methods, we used data from the Health and Retirement Study (HRS). In 

this illustration, we evaluated the joint relationship of elevated depressive symptoms in with 

incidence of overall cancer, breast cancer, and prostate cancer and with g-computation and then 

applied our bias offset method in evaluating time-varying uncontrolled confounding from 

sedentary behavior.  

The construction of the HRS has been previously described elsewhere84. In summary, we 

utilized the RAND summarized data files (2018 v1) to identify a cohort of patients in 1998 and 

2000, the earliest years of data harmonization. The survey waves in 1998 and 2000 correspond to 

waves 4 and 5, respectively and survey responses in 1998 were considered as baseline in this 

illustration85. Survey data and follow-up were available until 2018. Excluded participants were 

age ineligible (<50 years old), had partially completed or missing survey data on depressive 

symptoms, with prior cancer, missing censoring data, and missing key data on demographics and 

covariates in the 1998 and 2000 survey waves. The final analytical cohort comprised 12,502 

older adults (Appendix Figure 3.1). 

The Center for Epidemiological Studies Depression scale (CES-D) short form survey 

were conducted at each wave. A CES-D score ≥ 4 was considered as having elevated depressive 

symptoms at the time of the survey86-88. Incident cancer was defined as an affirmative response 

to having cancer or malignant tumor (except skin cancer) since the last survey wave (i.e., after 

2000). Moreover, we evaluated gender-specific outcomes of breast and prostate cancer among 

females and males, respectively using the same criteria. Using the HRS Restricted Data, 
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respondents were asked to identify the primary cancer site89. Affirmative responses to either 

breast or prostate cancer as the primary cancer site during the same wave of reporting incident 

cancer were used to inform these outcomes. Based on prior literature and theoretical 

considerations, we used the following baseline and time-varying covariates for confounding: 

baseline age, gender, race (white/non-white), ethnicity, high-school equivalent education (≥ 12 

years vs <12 years) and time-varying married/partnered status, current alcohol status 

(drinker/non-drinker, defined by the number of drinks per day when drinking), current smoking 

status (smoker/non-smoker), body mass index and performing vigorous physical activity at least 

3 times/week (Figure 3.3A)11,15,17,90. Site-specific analyses and covariates were the same as the 

overall cohort, except for the breast cancer analyses where parity (number of children ever born) 

was included as a baseline covariate. 
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Figure 3.3. Directed Acyclic Graphs for the Health and Retirement Study Assessing the Joint Effect of Elevated Depressive 

Symptoms and Cancer Incidence A) with and B) without Time-Varying Uncontrolled Confounders 

 

 

 

 

 

 

 

 

 

 

 

Abbreviations: CES-D: Center for Epidemiological Studies Depression scale score; V4: baseline covariates at wave 4: age, gender, 

race, ethnicity, high-school equivalent education (and parity); Z4 and Z5: time-varying covariates at wave 4 and 5, respectively: 

martial/partnered status, alcohol status, smoking status, body mass index and vigorous physical activity; Y: incident cancer (overall, 

breast, or prostate) after wave 5; U4 and U5: time-varying uncontrolled sedentary behavior at wave 4 and 5, respectively. 

        A)                     B)   
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Analyses with the Health and Retirement Study 

 Clinical characteristics were summarized as mean ± standard deviation or frequency 

(percentage, %), where applicable. Descriptive characteristics were stratified by elevated 

depressive symptoms (CES-D <4 vs ≥ 4) at baseline wave 4, as well as in wave 4 and 5.  

 We used g-computation as previously described to obtain the joint risk difference of 

persistent elevated depressive symptoms with our series of outcomes, compared with never 

having elevated depressive symptoms. First, we fit logistic regression models for descendants of 

our baseline exposure and the outcome including all two-way interaction terms across exposures 

and baseline and time-varying covariates. These parameters along with the marginal probabilities 

of exposures were used in simulation over 1000 replications. The regression for the final 

marginal structural model estimated the joint RD, representing the joint risk difference of 

elevated depressive symptoms in 1998 and 2000 with incident cancer, breast cancer, or prostate 

cancer as applicable.  

  In this example, we used bias analysis to evaluate time-varying uncontrolled 

confounding from sedentary behavior (Figure 3.3B). Using prior literature and information on 

lack of physical activity to inform the magnitude of parameters, we simulated sedentary behavior 

into the HRS and performed sensitivity analyses according to the steps described above20,91-93. 

Given that sedentary behavior was unmeasured, we chose bias parameters of 0.005 and 0.0025 

for waves 4 and 5, respectively for the development of the U-free Y. These parameters were 

additionally multiplied by 1.5x and 2x to represent low, moderate, and strong uncontrolled 

confounding. For breast and prostate cancer analyses, linear regression with a normal link were 

used given challenges in convergence in the final marginal structural models. The plasmode 

dataset was replicated 1000 times. To further examine potential model misspecification, we 
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evaluated several intermediate models for our g-computation where two-way interaction terms 

were only A) included between the main exposures, B) between the main exposures and baseline 

covariates, and C) between the main exposure, baseline covariates, and current exposure-current 

time-varying covariate to supplement our final model of all two-way interactions. Finally, we 

addressed potential misclassification of the exposure by defining elevated depressive symptoms 

as CES-D ≥ 3, which has been noted as a more sensitive and commonly used cut-off within the 

HRS population88.  

Analyses and figures were performed in R version 4.0.0 and R Studio version 1.2.5042, 

and SAS version 9.4 (Cary, NC). For HRS analyses, complete case analyses were used as only 

2.5% of participants were excluded from the eligible population of cancer-free individuals with 

CES-D data in 1998-2000. The UCLA Institutional Review Board approved this study for access 

to the HRS Restricted Data.  

3.4 Results 

3.4.1 Simulations Demonstrating the Bias Offset 

Simulation 2.1  

Results comparing the true, biased, and offset bias analysis are presented in Table 3.2 for 

one uncontrolled confounder. For all analyses, we observed a true joint risk difference of 0.00 as 

expected. When the strength of U1 was 0.05, the observed joint RD [95%SI] was 0.005 [-0.004, 

0.015] and thus the relative bias was small. Incrementally increasing U1 resulted in more biased 

estimates. When U1 was 0.20, the observed biased RD [95%SI] was 0.072 [0.062, 0.081]. 

However, for each of the models irrespective of the level of uncontrolled confounding, the final 

RD [95%SI] after use of the bias offset was approximately 0.000. 
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Table 3.2. Simulation Results for the Joint Risk Difference in Simulation 2.1 

RU1 Model  Model Joint RD [95%SI] Bias  RMSE  

0.05 1 True 0.000 [-0.010,0.009] 0.000 0.005 

   Biased 0.005 [-0.004,0.015] 0.005 0.007 

  Bias-offset  0.001 [-0.014,0.014] 0.000 0.007 

0.1 2 True 0.000 [-0.010,0.009] 0.000 0.005 

  Biased 0.019 [0.009,0.028] 0.019 0.020 

  Bias-offset  0.000 [-0.013,0.014] 0.000 0.007 

0.15 3 True 0.000 [-0.010,0.009] 0.000 0.005 

  Biased 0.042 [0.032,0.051] 0.042 0.042 

  Bias-offset  0.000 [-0.014,0.014] 0.000 0.007 

0.2 4 True 0.000 [-0.009,0.009] 0.000 0.005 

  Biased 0.072 [0.062,0.081] 0.072 0.072 

  Bias-offset  0.000 [-0.014,0.015] 0.000 0.008 

 

Abbreviations: RD: risk difference; RMSE: root mean square error; RU1: risk difference for the relationship between U1 and the 

respective variables; SI: simulation interval   

Footnote: The true joint effect is set to 0.00 in simulations. True models represent results from correctly specified g-computation 

models. Biased models represent the incorrectly specified g-computation model where U were excluded. Bias-offset models represent 

the incorrectly specified g-computation model after offsetting bias due to U.  
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Simulation 2.2  

 Results for the true, biased, and bias-offset models are presented in Table 3.3. 

Representing simulation 2.2, the true joint RD was approximately 0.245 in simulations. 

Incrementally increasing both Ut parameters by 0.05, as well as evaluating the presence of one 

strong and one weak confounder, all resulted in biased estimates. Having two strong confounders 

resulted in a joint RD [95%SI] of 0.347 [0.337, 0.357], while having one strong then one weak 

uncontrolled confounder yielded a joint RD [95%SI] of 0.318 [0.308, 0.327]. Yet, use of the bias 

offset to address the time-varying uncontrolled confounding, the observed joint RD [95%SI] was 

approximately 0.245 for all models, albeit slightly wider confidence intervals than before.  

Simulation 2.3  

 Results comparing the true, biased, and bias-offset models are presented in Table 3.4 for 

simulation 2.3. Under a simulated null joint effect, we see similar results to prior simulations. 

The presence of two strong uncontrolled confounders resulted in worse results (joint RD 

[95%SI]: 0.116 [0.107, 0.126]). After bias analysis with the bias offset, the final estimates were 

similar to the true joint RD, with an observed relative bias of <0.013 in the most extreme case. In 

addition, we further examined a non-null indirect effect. Results were like those of the null joint 

effect, where strong confounders led to more biased results. Use of the bias offset could similarly 

address the uncontrolled confounding.  
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Table 3.3. Simulation Results for the Joint Risk Difference in Simulation 2.2 

 

Abbreviations: RD: risk difference; RMSE: root mean square error; RUt: risk difference for the relationship between Ut and the 

respective variables; SI: simulation interval 

Footnote: The true joint effect is set to 0.245 in simulations. True models represent results from correctly specified g-computation 

models. Biased models represent the incorrectly specified g-computation model where Ut were excluded. Bias-offset models represent 

the incorrectly specified g-computation model after offsetting bias due to U.  

RU1 RU2 Model  Model Joint RD [95%SI] Bias  RMSE  

0.05 0.05 1 True 0.245 [0.236,0.255] 0.000 0.005 

   Biased 0.252 [0.243,0.261] 0.007 0.008 

   Bias-offset  0.245 [0.231,0.261] 0.000 0.008 

0.1 0.1 2 True 0.245 [0.235,0.255] 0.000 0.005 

    Biased 0.271 [0.261,0.280] 0.026 0.026 

   Bias-offset  0.245 [0.230,0.261] 0.000 0.008 

0.15 0.15 3 True 0.244 [0.236,0.255] 0.000 0.005 

   Biased 0.302 [0.293,0.312] 0.057 0.057 

   Bias-offset  0.245 [0.229,0.260] 0.000 0.008 

0.2 0.2 4 True 0.245 [0.235,0.255] 0.000 0.005 

   Biased 0.347 [0.337,0.357] 0.102 0.102 

   Bias-offset  0.241 [0.224,0.257] -0.004 0.009 

0.2 0.05 5 True 0.245 [0.235,0.255] 0.000 0.005 

   Biased 0.318 [0.308,0.327] 0.073 0.073 

   Bias-offset  0.247 [0.231,0.261] 0.001 0.008 

0.05 0.2 6 True 0.245 [0.236,0.255] 0.000 0.005 

   Biased 0.280 [0.271,0.290] 0.035 0.036 

   Bias-offset  0.245 [0.230,0.261] 0.000 0.008 



 
 

60 

Table 3.4. Simulation Results for the Joint Risk Differences in Simulation 2.3 

    Null Joint Effect Non-Null Joint Effect 

RU1 RU2 Model  Model Joint RD [95%SI] Bias  RMSE  Joint RD [95%SI] Bias  RMSE  

0.05 0.05 1 True 0.000 [-0.009,0.009] 0.000 0.004 0.015 [0.006,0.024] 0.000 0.005 

   Biased 0.008 [-0.001,0.017] 0.008 0.009 0.023 [0.014,0.032] 0.008 0.010 

   Bias-offset  0.001 [-0.012,0.014] 0.001 0.007 0.016 [0.002,0.030] 0.001 0.007 

0.2 0.2 2 True 0.000 [-0.009,0.010] 0.000 0.005 0.030 [0.020,0.041] 0.000 0.005 

   Biased  0.116 [0.107,0.126] 0.116 0.116 0.146 [0.136,0.157] 0.116 0.116 

   Bias-offset  0.013 [-0.003,0.028] 0.013 0.015 0.043 [0.027,0.058] 0.013 0.015 

0.2 0.05 3 True 0.000 [-0.008,0.009] 0.000 0.005 0.015 [0.005,0.025] 0.000 0.005 

   Biased 0.078 [0.068,0.087] 0.077 0.078 0.092 [0.082,0.102] 0.077 0.077 

   Bias-offset  0.004 [-0.010,0.020] 0.004 0.008 0.019 [0.004,0.034] 0.004 0.009 

0.05 0.2 4 True 0.000 [-0.009,0.008] 0.000 0.005 0.030 [0.021,0.040] 0.000 0.005 

   Biased 0.039 [0.030,0.048] 0.039 0.039 0.070 [0.061,0.080] 0.040 0.040 

   Bias-offset  0.005 [-0.008,0.020] 0.005 0.009 0.036 [0.021,0.050] 0.006 0.009 

 

Abbreviations: RD: risk difference; RMSE: root mean square error; RUt: risk difference for the relationship between Ut and the 

respective variables; SI: simulation interval 

Footnote: The true joint null effect is set to 0.00 in simulations. In additional analyses, the indirect effect was non-null and thus the 

true joint estimates would vary in each model. True models represent results from correctly specified g-computation models. Biased 

models represent the incorrectly specified g-computation model where Ut were excluded. Bias-offset models represent the incorrectly 

specified g-computation model after offsetting bias due to U.  
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3.4.2 Clinical Illustrations with the Health and Retirement Study 

The cohort comprised 12,502 participants with a mean±SD age of 65±9 years old, and 

included 60% females. Cohort descriptives are presented in Table 3.5 and Appendix Table 3.1. 

Baseline elevated depressive symptoms were observed in 15% of subjects. The elevated 

depressive symptoms group at baseline included more females, persons of Hispanic ethnicity, not 

married/partnered, current smokers and participated in less vigorous physical activity. After both 

survey waves, 7% of subjects had sustained or persistent elevated depressive symptoms, while 

78% of subjects never had elevated depressive symptoms in this timeframe. Across both survey 

waves, persons with sustained elevated depressive symptoms were less likely to participate in 

vigorous physical activity and the prevalence decreased between waves 4 to 5.  
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Table 3.5. Cohort Descriptives of 12,502 Health and Retirement Study Participants 

Stratified by Baseline Level of Depressive Symptoms 

Characteristic Total No elevated depressive 

symptoms: CES-D <4 

Elevated depressive 

symptoms: CES-D ≥4 

N (%) 12,502 10,665 (85.3%) 1837 (14.7%) 

Age (years) 64.8 ± 9.3 64.8 ± 9.2 65.3 ± 9.8 

50-<60  4265 (34.1%) 3624 (34.0%) 641 (34.9%) 

60-<70 4426 (35.4%) 3812 (35.7%) 614 (33.4%) 

70-<80 2865 (22.9%) 2476 (23.2%) 389 (21.2%) 

≥80 946 (7.6%) 753 (7.1%) 193 (10.5%) 

Gender (% Female) 7455 (59.6%) 6147 (57.6%) 1308 (71.2%) 

Race (%)    

White 10416 (83.3%) 9038 (84.7%) 1378 (75.0%) 

African American 1687 (13.5%) 1313 (12.3%) 374 (20.4%) 

Other 399 (3.2%) 314 (2.9%) 85 (4.6%) 

Hispanic (%) 907 (7.3%) 649 (6.1%) 258 (14.0%) 

Married/Partnered (%) 8657 (69.2%) 7650 (71.7%) 1007 (54.8%) 

Geographic Region 

(%)    

Northeast 2069 (16.6%) 1733 (16.3%) 336 (18.3%) 

Midwest 3260 (26.1%) 2907 (27.3%) 353 (19.2%) 

South 4963 (39.7%) 4130 (38.7%) 833 (45.3%) 

West 2199 (17.6%) 1885 (17.7%) 314 (17.1%) 

Education (years) 12.3 ± 3.2 12.5 ± 3.0 10.8 ± 3.6 

Education ≥12 years 

(%) 9236 (73.9%) 8197 (76.9%) 1039 (56.6%) 

Lifestyle Factors 
   

Alcohol use (%)    

Non-drinker 8612 (68.9%) 7159 (67.1%) 1453 (79.1%) 

Low/Moderate 2493 (19.9%) 2301 (21.6%) 192 (10.5%) 

Heavy 1397 (11.2%) 1205 (11.3%) 192 (10.5%) 

Body Mass Index 

(kg/m2) 27.2 ± 5.1 27.1 ± 5.0 28.0 ± 5.8 

<18.5 164 (1.3%) 134 (1.3%) 30 (1.6%) 

18.5-<25 4231 (33.8%) 3683 (34.5%) 548 (29.8%) 

25-<30 5044 (40.3%) 4352 (40.8%) 692 (37.7%) 

30-<35 2178 (17.4%) 1805 (16.9%) 373 (20.3%) 

≥35 885 (7.1%) 691 (6.5%) 194 (10.6%) 

Current Smoker (%) 2013 (16.1%) 1631 (15.3%) 382 (20.8%) 

Physical Activity (%) 5898 (47.2%) 5273 (49.4%) 625 (34.0%) 

 

Footnote : Data presented as N (%) or mean±standard deviation where applicable  
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Over the median [IQR, interquartile range] follow-up of 13.8 [7.8, 18.0] years, there were 

2,277 incident cancer cases. After accounting for time-varying confounding with g-computation, 

we observed a joint RD [95%SI] of -0.005 [-0.049, 0.046] (Table 3.6). In sensitivity analyses, we 

theorized that time-varying sedentary behavior could be an important yet uncontrolled 

confounder. Using a series of bias offset parameters, we demonstrated that time-varying 

sedentary behavior would minimally impact our observed estimates. Even theorizing a strong 

magnitude of bias in the context of sedentary behavior yielded robust results. We similarly 

evaluated outcomes of breast cancer and prostate cancer among the subcohort of 7442 females 

and 5047 males, respectively. Over the same follow-up, there were 348 incident breast cancer 

cases and 488 incident prostate cancer cases. We observed a joint RD [95%SI] of -0.023 [-0.043, 

0.001] for breast cancer using g-computation, assuming our assumptions held. For the outcome 

of prostate cancer, we observed a joint RD [95%SI] of -0.016 [-0.080, 0.077]. Like the main 

analyses, evaluation for sedentary behavior also did not change the observed estimates. Similar 

relationships were observed for time-varying uncontrolled confounding for sedentary behavior. 

For all analyses, estimates were imprecise and had wide confidence intervals. 
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Table 3.6. Illustrative Example Investigating the Relationship of Elevated Depressive Symptoms (CES-D≥4) and Incident 

Cancer Outcomes Using the Bias Offset for Time-Varying Uncontrolled Confounding due to Sedentary Behavior 

 Joint RD [95%SI] 

Outcome Overall Cancer Breast Cancer Prostate Cancer 

N Event/N 2277/12,502 348/7442 488/5047 
    

Main Analyses  -0.005 [-0.049,0.046] -0.023 [-0.043,0.001] -0.016 [-0.080,0.077] 

Bias Analysis with Bias Offset    

Low  -0.006 [-0.054,0.040] -0.020 [-0.041,0.003] -0.020 [-0.084,0.065] 

Moderate  -0.006 [-0.051,0.036] -0.020 [-0.040,0.007] -0.021 [-0.085,0.061] 

Strong    -0.008 [-0.054,0.038] -0.019 [-0.039,0.006] -0.020 [-0.081,0.064] 

 

Abbreviations: SI: simulation interval; RD: risk difference; CES-D: Center for Epidemiological Studies Depression scale score 

Footnote: Lower depressive symptoms was the reference in all analyses. Fitted logistic regression for g-computation included 

covariates described in text and additionally included interaction terms between exposures, baseline covariates and time-varying 

covariates. Site-specific analyses utilized normal link in final regressions. 

Bias factors were set to 0.005 and 0.0025 for waves 4 and 5, respectively in the low bias offset model. The moderate and strong bias 

offset models multiplied each bias factor by 1.5 and 2, respectively.  
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We further examined the outcome model specification through the inclusion of 

hierarchical levels of interaction terms (Appendix Table 3.2). Generally, we observed similar 

conclusions to that of our main analyses. Notably, in our overall cancer analyses, model 

specification that only included interaction terms for the exposures suggested a positive joint 

relationship even in quantitative bias analysis, yet all analyses included wide confidence 

intervals as well as small estimates of magnitude. In additional sensitivity analyses evaluating the 

lower definition of elevated depressive symptoms (CES-D ≥3) (22% at baseline), the joint 

relationship of overall cancer and site-specific were akin to that of our main analyses (Appendix 

Table 3.3). Morevoer, the use of the same bias factors in the series of bias analysis models 

likewise demonstrated robust results. Testing other model specifications for the evaluation of 

CES-D ≥3 further suggested a positive relationship with overall cancer when only including 

exposure interactions (Appendix Table 3.4). 

3.5 Discussion 

 In this study, we extended bias offset methods to a time-varying setting using plasmode 

simulations and g-computation. We illustrated these methods using illustrations from the Health 

and Retirement Study to investigate the joint relationships of elevated depressive symptoms and 

incident overall, breast, and prostate cancers and theorized time-varying sedentary behavior as 

the uncontrolled confounders.  

 We propose and demonstrated the use of a bias analysis method in combination with 

causal inference methods to assess time-varying uncontrolled confounding in the violation of the 

conditional exchangeability assumption. Using these plasmode simulations, we believe that this 

method could assist researchers in quantitatively assessing bias when using causal inference 

methods such as g-computation. As research continues to expand into using more advanced 



 
 

66 

methods, the need for equally strong sensitivity analyses is imperative in testing the robustness 

of results to sources of bias. We chose to focus on marginal risk difference as the effect estimate 

of interest given their usefulness in causal inference as well as interpretability. Moreover, we 

chose to evaluate the risk difference because the linear scale can easily be subtracted (or offset) 

in this bias analysis. However, given the interest in conditional effect measures, as well as 

logistic or log-linear effect estimates (i.e., the odds ratio and risk ratio), additional study and 

testing would be needed to better evaluate the use of this specific bias offset for those estimates.   

 The evaluation of the bias offset in our clinical example using data from the Health and 

Retirement Study was hard to investigate. For all analyses, confidence intervals were large and 

difficult to reach a conclusion. Additional studies are warranted using a larger sample size. 

Nevertheless, our results are similar to that of Niles and O’Donovan, who also investigated 

depressive symptoms in the HRS90. During their evaluation of depressive symptoms in 2006 and 

2008, they did not observe a relationship for cancer incidence. Their analyses did not consider 

time-varying confounding and investigated a later period of time; however, the concordance of 

our results highlight this null relationship. Furthermore, meta-analyses and other studies that had 

investigated baseline or chronic/recurrent depressive symptoms likewise suggested null to small 

relationships with equally wide confidence intervals11,15,17,21. These mixed results were also 

observed for our site-specific analyses and possibly corroborate other studies that had 

investigated similar questions15,22. Within our g-computation and outcome models, we included 

baseline demographics and time-varying covariates of lifestyle factors such as smoking, body 

mass index, alcohol use and physical activity, where the latter factors were often missing from 

prior studies. The previous studies that demonstrated positive relationships may have been 

subject to residual confounding given their limited set of confounders in their analyses10,12. 
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Finally, we evaluated sedentary behavior as a potential time-varying uncontrolled confounder. 

Studies have called for improved distinction between definitions of physical activity and 

sedentary behavior, as they are not direct opposites in meaning. To date, there is little 

information specifically pertaining to this question in the context of depressive symptoms and 

cancer incidence20. A recent consortium established in 2021 highlighted the need for more 

research in the relationships of these psychosocial factors such depressive symptoms and health 

behaviors of sedentary behavior with cancer incidence. With our bias analysis, we used prior 

studies to estimate the sedentary behavior prevalence in older adults and direction of relationship 

to cancer94-96. Moreover, physical inactivity and sedentary behavior are distinct health behaviors, 

but we also used the data on physical inactivity to act as a proxy of validation data to estimate 

and inform the magnitude of parameters in our analyses. Within this bias analysis, it was 

suggested that the observed results were robust to uncontrolled confounding by time-varying 

sedentary behavior. Additional studies are needed to first understand the relationship of 

sedentary behavior, depressive symptoms, and cancer incidence, as well as any time-varying 

relationship.  

These analyses are not without limitations. There are several assumptions in g-

computation beyond conditional exchangeability. We assumed that we met these assumptions 

including correct model specification in all analyses. In our simulations, we were able to 

correctly specify these models. For our HRS analyses, we chose to use logistic regression for our 

intermediate models in the g-computation given its strengths in obtaining valid probabilities and 

included several interaction terms to fit a more flexible model. We further evaluated model 

misspecification by including fewer interaction terms and observed generally similar results 

except for the model that only included exposure interaction. Additional methods including 
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fitting fully saturated regression models or supervised learning techniques may be more useful in 

model specification. The magnitudes of effects in our HRS analyses were small with wide 

confidence intervals, where uncontrolled confounding may be less of a concern in this situation. 

We assumed that we met all assumptions, however other potential confounders critical in cancer 

epidemiology were limited, including information on diet and family history or genetics. We 

acknowledge potential overadjustment specifically in site-specific analyses as we chose to utilize 

multiple variables and potential confounders within the rich HRS data. Given the smaller sample 

size and exposures groups, studies of a larger scale would be needed to better investigate this 

research question. Finally, for all analyses, we chose fixed bias parameters and varied values in 

sensitivity analyses. However, these methods do not consider random error52. The use of 

probabilistic bias analysis methods may be more informative in addressing the uncertainty in 

chosen bias parameters as well as accounting for random error.  

 G-computation holds many strengths in the fitting of marginal structural models. The use 

of outcome modeling, compared with exposure modeling in the case of inverse probability 

treatment weighting, can be more efficient with more narrow confidence intervals. Moreover, the 

use of data from the HRS includes strengths of nationally representing the US. In addition, the 

HRS strengths include having the breadth and depth of granular survey data including repeated 

measures that afforded the ability to evaluate a time-varying and longitudinal analysis.  

 Thus, this study demonstrated the use of a bias offset in combination with g-computation 

to evaluate time-varying uncontrolled confounding in simulated datasets. In clinical application, 

the bias offset and g-computation were more difficult to evaluate, and thus further studies are 

warranted. Considering the growth in causal inference methods, we hope that the use of 
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plasmode simulation and bias analysis encourages researchers to implement this framework and 

utilize more sensitivity methods.  

 

3.6 Appendix 

Appendix Figure 3.1. Cohort Construction for Health and Retirement Study Analyses 

 

 

Abbreviations: CES-D: Center for Epidemiological Studies Depression scale score 

Footnote: N = 13 females were excluded from the breast cancer analyses due to missing data on 

parity.  
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Appendix Table 3.1. Cohort Descriptives of 12,502 Health and Retirement Study 

Participants Stratified by Elevated Depressive Symptoms Across Waves 4 and 5 

 

Characteristic No elevated 

depressive 

symptoms in 

either Wave 4 

or 5 

Elevated 

depressive 

symptoms in 

Wave 4 only 

Elevated 

depressive 

symptoms in 

Wave 5 only 

Elevated 

depressive 

symptoms in 

both Wave 4 

and 5 

N (%) 9745(78.0%) 950 (7.6%) 920 (7.4%) 887 (7.1%) 

Age (years) 64.7 ± 9.1 64.7 ± 9.7 65.1 ± 10.1 65.9 ± 9.8 

50-<60  3290 (33.8%) 352 (37.1%) 334 (36.3%) 289 (32.6%) 

60-<70 3540 (36.3%) 313 (32.9%) 272 (29.6%) 301 (33.9%) 

70-<80 2253 (23.1%) 198 (20.8%) 223 (24.2%) 191 (21.5%) 

≥80 662 (6.8%) 87 (9.2%) 91 (9.9%) 106 (12.0%) 

Gender (% Female) 5493 (56.4%) 637 (67.1%) 654 (71.1%) 671 (75.6%) 

Race (%)     

White 8308 (85.3%) 730 (76.8%) 730 (79.3%) 648 (73.1%) 

African American 1156 (11.9%) 181 (19.1%) 157 (17.1%) 193 (21.8%) 

Other 281 (2.9%) 39 (4.1%) 33 (3.6%) 46 (5.2%) 

Hispanic (%) 566 (5.8%) 117 (12.3%) 83 (9.0%) 141 (15.9%) 

Married/Partnered 

(%) 7057 (72.4%) 565 (59.5%) 593 (64.5%) 442 (49.8%) 

Geographic Region 

(%)     

Northeast 1555 (16.0%) 164 (17.3%) 178 (19.4%) 172 (19.4%) 

Midwest 2680 (27.5%) 188 (19.8%) 227 (24.7%) 165 (18.6%) 

South 3756 (38.6%) 422 (44.4%) 374 (40.7%) 411 (46.3%) 

West 1746 (17.9%) 175 (18.4%) 139 (15.1%) 139 (15.7%) 

Education (years) 12.6 ± 3.0 11.3 ± 3.5 11.5 ± 3.4 10.2 ± 3.7 

Education ≥12 years 

(%) 7605 (78.0%) 592 (62.3%) 592 (64.3%) 447 (50.4%) 

Lifestyle    
 

Alcohol use (%)     

Non-drinker 6477 (66.5%) 716 (75.4%) 682 (74.1%) 737 (83.1%) 

Low/Moderate 2169 (22.3%) 117 (12.3%) 132 (14.3%) 75 (8.5%) 

Heavy 1099 (11.3%) 117 (12.3%) 106 (11.5%) 75 (8.5%) 

Body Mass Index 

(kg/m2) 27.0 ± 4.8 27.7 ± 5.7 27.9 ± 6.0 28.2 ± 5.9 

<18.5 122 (1.3%) 17 (1.8%) 12 (1.3%) 13 (1.5%) 

18.5-<25 3394 (34.8%) 289 (30.4%) 289 (31.4%) 259 (29.2%) 

25-<30 3997 (41.0%) 375 (39.5%) 355 (38.6%) 317 (35.7%) 

30-<35 1642 (16.8%) 181 (19.1%) 163 (17.7%) 192 (21.6%) 

≥35 590 (6.1%) 88 (9.3%) 101 (11.0%) 106 (12.0%) 
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Current Smoker (%) 1456 (14.9%) 187 (19.7%) 175 (19.0%) 195 (22.0%) 

Physical Activity (%) 4927 (50.6%) 378 (39.8%) 346 (37.6%) 247 (27.8%) 

Time-updated variables in Wave 5 

Married/Partnered 

(%) 6887 (70.7%) 540 (56.8%) 505 (54.9%) 404 (45.5%) 

Alcohol use (%)     

Non-drinker 6819 (70.0%) 741 (78.0%) 729 (79.2%) 754 (85.0%) 

Low/Moderate 1959 (20.1%) 112 (11.8%) 115 (12.5%) 72 (8.1%) 

Heavy 967 (9.9%) 97 (10.2%) 76 (8.3%) 61 (6.9%) 

Body Mass Index 

(kg/m2) 27.1 ± 5.0 27.8 ± 5.6 27.8 ± 6.4 28.3 ± 6.1 

Current Smoker (%) 1316 (13.5%) 188 (19.8%) 155 (16.8%) 188 (21.2%) 

Physical Activity (%) 4818 (49.4%) 371 (39.1%) 298 (32.4%) 196 (22.1%) 

 

Footnote : Data presented as N (%) or mean±standard deviation where applicable  
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Appendix Table 3.2. Sensitivity Analyses for Relationship of Elevated Depressive Symptoms (CES-D≥4) and Incident Cancer 

Outcomes Using the Bias Offset for Time-Varying Uncontrolled Confounding due to Sedentary Behavior Across Multiple G-

computation Model Specifications 

 Outcome Joint RD [95%SI] 

G-computation 

Outcome Specification 
Model Overall Cancer Breast Cancer Prostate Cancer 

i) interaction between 

exposures only 

Main Analyses  0.004 [-0.042,0.052] -0.018 [-0.042,0.007] -0.003 [-0.075,0.086] 

Bias Analysis with Bias Offset    

Low  0.005 [-0.046,0.054] -0.018 [-0.040,0.007] -0.002 [-0.073,0.088] 

Moderate  0.004 [-0.041,0.049] -0.019 [-0.039,0.007] -0.006 [-0.078,0.084] 

Strong  0.001 [-0.042,0.055] -0.019 [-0.039,0.007] -0.004 [-0.075,0.083] 

ii) interaction between 

exposures and 

exposures-baseline 

covariates 

Main Analyses  -0.001 [-0.045,0.048] -0.023 [-0.038,-0.006] -0.008 [-0.077,0.088] 

Bias Analysis with Bias Offset    

Low  -0.002 [-0.051,0.045] -0.022 [-0.037,-0.004] -0.013 [-0.078,0.076] 

Moderate  -0.002 [-0.047,0.042] -0.022 [-0.036,-0.005] -0.015 [-0.080,0.068] 

Strong  -0.005 [-0.050,0.047] -0.021 [-0.037,-0.005] -0.013 [-0.078,0.070] 

iii) interaction between 

exposures, exposures-

baseline covariates, and 

exposures-current time-

varying covariates 

Main Analyses  -0.005 [-0.050,0.045] -0.022 [-0.043,0.002] -0.017 [-0.079,0.076] 

Bias Analysis with Bias Offset    

Low  -0.007 [-0.053,0.040] -0.020 [-0.040,0.005] -0.021 [-0.082,0.065] 

Moderate  -0.007 [-0.053,0.034] -0.019 [-0.039,0.005] -0.024 [-0.087,0.059] 

Strong  -0.008 [-0.055,0.042] -0.019 [-0.039,0.007] -0.022 [-0.080,0.060] 

 

Abbreviations: SI: simulation interval; RD: risk difference; CES-D: Center for Epidemiological Studies Depression scale score 

Footnote: Lower depressive symptoms was the reference in all analyses. Site-specific analyses utilized normal link in final 

regressions. Bias factors were set to 0.005 and 0.0025 for waves 4 and 5, respectively in the low bias offset model. The moderate and 

strong bias offset models multiplied each bias factor by 1.5 and 2, respectively.  
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Appendix Table 3.3. Sensitivity Analyses Investigating the Relationship of Elevated Depressive Symptoms (CES-D≥3) and 

Incident Cancer Outcomes Using the Bias Offset for Time-Varying Uncontrolled Confounding due to Sedentary Behavior 

 Joint RD [95%SI] 

Outcome Overall Cancer Breast Cancer Prostate Cancer 

N Event/N 2277/12,502 348/7442 488/5047 

Main Analyses  0.006 [-0.025,0.036] -0.024 [-0.039,-0.006] -0.002 [-0.049,0.052] 

Bias Analysis with Bias Offset    

Low  0.003 [-0.028,0.036] -0.022 [-0.037,-0.004] -0.004 [-0.047,0.049] 

Moderate  0.003 [-0.029,0.035] -0.023 [-0.038,-0.003] -0.004 [-0.049,0.047] 

Strong Bias  0.003 [-0.029,0.034] -0.022 [-0.037,-0.005] -0.003 [-0.048,0.047] 

 

Abbreviations: SI: simulation interval; RD: risk difference; CES-D: Center for Epidemiological Studies Depression scale score 

Footnote: Lower depressive symptoms was the reference in all analyses. Fitted logistic regression for g-computation included 

covariates described in text and additionally included interaction terms between exposures, baseline covariates and time-varying 

covariates. Site-specific analyses utilized normal link in final regressions. Bias factors were set to 0.005 and 0.0025 for waves 4 and 5, 

respectively in the low bias offset model. The moderate and strong bias offset models multiplied each bias factor by 1.5 and 2, 

respectively.  
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Appendix Table 3.4. Sensitivity Analyses for Relationship of Elevated Depressive Symptoms (CES-D≥3) and Incident Cancer 

Outcomes Using the Bias Offset for Time-Varying Uncontrolled Confounding due to Sedentary Behavior Across Multiple G-

computation Model Specifications 

 Outcome Joint RD [95%SI] 

G-computation 

Outcome Specification 
Model Overall Cancer Breast Cancer Prostate Cancer 

i) interaction between 

exposures only 

Main Analyses  0.010 [-0.023,0.044] -0.020 [-0.035,-0.002] 0.002 [-0.046,0.056] 

Bias Analysis with Bias Offset    

Low  0.010 [-0.026,0.044] -0.020 [-0.036,-0.002] 0.002 [-0.045,0.059] 

Moderate  0.010 [-0.023,0.045] -0.019 [-0.036,-0.002] 0.001 [-0.048,0.059] 

Strong  0.009 [-0.025,0.043] -0.021 [-0.035,-0.002] 0.002 [-0.044,0.058] 

ii) interaction between 

exposures and 

exposures-baseline 

covariates 

Main Analyses  -0.001 [-0.045,0.048] -0.023 [-0.038,-0.006] -0.008 [-0.077,0.088] 

Bias Analysis with Bias Offset    

Low  0.008 [-0.022,0.039] -0.023 [-0.038,-0.006] 0.002 [-0.046,0.056] 

Moderate  0.007 [-0.026,0.036] -0.022 [-0.037,-0.004] 0.001 [-0.047,0.057] 

Strong  0.006 [-0.024,0.038] -0.022 [-0.036,-0.005] -0.001 [-0.048,0.056] 

iii) interaction between 

exposures, exposures-

baseline covariates, and 

exposures-current time-

varying covariates 

Main Analyses  0.003 [-0.026,0.032] -0.024 [-0.039,-0.007] -0.006 [-0.050,0.050] 

Bias Analysis with Bias Offset    

Low  0.000 [-0.030,0.032] -0.022 [-0.036,-0.006] -0.007 [-0.051,0.045] 

Moderate  0.001 [-0.030,0.034] -0.023 [-0.039,-0.005] -0.008 [-0.052,0.045] 

Strong  0.000 [-0.030,0.030] -0.022 [-0.037,-0.004] -0.006 [-0.051,0.046] 

 

Abbreviations: SI: simulation interval; RD: risk difference; CES-D: Center for Epidemiological Studies Depression scale score 

Footnote: Lower depressive symptoms was the reference in all analyses. Site-specific analyses utilized normal link in final 

regressions. Bias factors were set to 0.005 and 0.0025 for waves 4 and 5, respectively in the low bias offset model. The moderate and 

strong bias offset models multiplied each bias factor by 1.5 and 2, respectively.  
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4. Study 3: Inverse Probability Weighted G-Computation Bias Analysis for Time-Varying 

Uncontrolled Confounding: Applied to an Investigation of the Link Between Elevated 

Depressive Symptoms and Cardiovascular Disease  
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4.1 Abstract 

Background: Although time-varying uncontrolled confounding biases causal inference, methods 

needed to address its impact in time-varying treatment and confounder settings remain scarce. 

Here, we demonstrate a new bias modeling method that combines inverse probability of 

uncontrolled confounder weight (IPUW) with g-computation. The bias analysis method was 

demonstrated in simulations and used to study the link between depressive symptoms and 

incident cardiovascular disease (CVD) adjusting for unmeasured time-varying sedentary 

behavior using data.  

Methods: The study employed formalization, simulations, and empirical application to 

demonstrate the utility of combining IPUW with g-computation for bias analysis. The method 

requires a time-indexed IPUW used to weight a g-computation model conditional on measured 

confounders. In simulations, we generated large cohorts with repeated measures over two time 

points to understand the impact of time-varying uncontrolled confounding. We included and 

excluded the uncontrolled confounders from outcome regression models to obtain true and 

biased empirical parameters, respectively. These parameters were used in the calculation of 

potential outcomes for the final marginal structural models to estimate the joint risk difference or 

odds ratio. In a cohort of 10,212 older adults in 1998 and 2000, we investigated the effect of 

time-varying persistent elevated depressive symptoms on incident cardiovascular disease (CVD) 

over ten years, using g-computation models that accounted for demographics and time-varying 

lifestyle factors. We used IPUW to adjust for simulated time-varying uncontrolled sedentary 

behavior. 

Results: In simulations, mis-specified models excluding the time-varying uncontrolled 

confounders resulted in biased estimates. The combined IPUW and g-computation yielded 
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similar effect estimates to that of our true joint values. In the cohort of older adults, compared 

with lower depressive symptoms, the relative risk [95%SI, simulation interval] of joint effect of 

elevated depressive symptoms on incident CVD was 1.20 [0.91, 1.49]. Similar relationships were 

observed for combined incident CVD/CVD death outcomes, inclusion of comorbidities in 

modeling, and conservative definitions of elevated symptoms. Finally, we performed quantitative 

bias analysis that suggested that only strong levels of time-varying sedentary behavior would 

change the conclusion.     

Conclusions: Time-varying uncontrolled confounding can be successfully addressed by the 

novel use of g-computation combined with IPUW to adjust for time-varying uncontrolled 

confounding.  

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

78 

4.2 Introduction  

 Bias analysis is critical in addressing the impact of systematic biases including 

confounding, selection bias, and measurement error43,52. Methods of bias analysis includes bias 

formulas to offset the bias53. In addition, bias analysis has been framed as a special case of a 

missing data problem52. Ideally, researchers would want complete data on the exposure, 

outcome, and all possible confounders both known and theoretically unknown. In reality, data on 

any critical variable may be mismeasured (i.e., measurement error), partially available for certain 

individuals (i.e., conditional on a variable for selection bias), or completely missing (i.e., 

potential uncontrolled confounding). In the latter case, the uncontrolled confounder and its 

distribution are unknown. Addressing this missing data leads to the complete table, or the 

distribution of variables if we had the complete data on exposure (X), outcome (Y), covariates 

(Z), and uncontrolled confounder(s) (U). Understanding how U relates to X, Y, and Z could 

resolve this problem through the re-weighting of the observed data to obtain the joint distribution 

including U. Several studies have applied probability of confounder weighting in bias 

analysis59,97,98.  

 Sensitivity analyses using bias analysis has been commonly featured in single time point 

or baseline studies49. With the burgeoning popularity of big data with repeated measurements 

and interest in causal inference methods, bias analysis is becoming increasingly important in 

understanding the strong assumptions that come with analyses46,47,52. These observational studies 

as well as meta-analyses are critical in informing public health guidelines and directing 

resources, especially in scenarios where randomized clinical trials are less feasible52. Studies of 

causal inference including the use of g-computation (g-formula) involves several assumptions 

including correct model specification and the absence of biases45. To address model 
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specification, researchers have proposed machine learning methods as well as doubly robust 

estimation (DRE) techniques with weights99,100. With DRE methods, inverse probability of 

treatment weights are used to weight the outcome regression (or Q-model) for g-computation to 

obtain a correct model specification. Misspecification of the outcome regression but with correct 

inverse probability of treatment weights would yield a valid result as if either model was 

originally correctly specified99. Weights have traditionally been used in treatment modeling, but 

they have also been used for informative censoring and mediation analyses58,101,102.  

The use of sensitivity analyses for marginal structural models to assess these biases 

remain understudied and underutilized56,58. To extend the framework of bias analysis, we 

describe the use of an inverse probability of uncontrolled confounder weight (IPUW) with g-

computation. In simulation, we demonstrate the doubly robust estimation properties of IPUW 

and g-computation modeling to evaluate joint effect estimates. Moreover, we utilize data from a 

large longitudinal survey of older US adults in a demonstrated application of this novel method. 

Given noted limitations of confounding control in prior studies, we investigate the relationship of 

elevated depressive symptoms over two survey waves, with incident cardiovascular disease 

(CVD) and bias analysis for time-varying uncontrolled sedentary behavior28.  

4.3 Methods 

Notation and definitions 

 Table 4.1 shows the data-generating processes for simulations 3.1-3.3 (Figure 4.1). 

Simulations included samples of N = 50,000 individuals and were repeated over K = 1000 

replications. Data were drawn under a Bernoulli for binary variables. Notation for our directed 

acyclic graphs (DAGs) and simulations are as follows: let X represent the exposure, Y represent 

the outcome, Z represent the minimally sufficient set of covariates for measured confounding, 
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and U represent the uncontrolled confounder. We examined two time points of measurements 

and each variable is marked with a subscript t for each time point (1 or 2). Figures 4.1A and 4.1B 

represent the following DAGs used in simulations: two time-varying uncontrolled confounders 

under a null simulated joint effect, and two time-varying uncontrolled confounders under a null 

joint effect, where U2 is an intermediate on the path of X1. This represents simulations 3.1 and 

3.2, which were simulated on a linear scale to investigate a joint and null risk difference. Finally, 

simulation 3.3 investigated two time-varying uncontrolled confounders under a non-null 

simulated joint effect and simulated on the logit scale (Figure 4.1A).  



 
 

81 

Table 4.1. Parameters for Simulations 3.1-3.3 

Variable Description Simulation 3.1: 

 

Time-varying exposures with 2 

uncontrolled confounders on the 

linear scale 

Simulation 3.2: 

 

Time-varying exposures with 2 

uncontrolled confounders and a 

mediator on the linear scale 

Simulation 3.3: 

 

Time-varying exposures with 2 

uncontrolled confounders on the 

logit scale 

U1 Uncontrolled 

confounder at 

time = 1 

0.4 0.4 0.6 

Z1 Covariate at 

time = 1 

0.5 0.5 0.4 

X1 Exposure at 

time = 1 

0.4 + 0.1Z1 + RU1U1 0.4 + 0.1Z1 + RU1U1 expit(log(0.50) + log(1.50)Z1 + 

RU1U1) 

U2 Uncontrolled 

confounder at 

time = 2 

0.4 0.20 + 0.2U1 + 0X1 0.6 

Z2 Covariate at 

time = 2 
0.2 + 0.1Z1 + 0X1 0.20 + 0.10Z1 + 0X1 expit(log(0.50) + log(1.50)Z1 + 

log(2.00)X1) 

X2 Exposure at 

time = 2 

0.15 + 0.2X1 + 0.1Z2 + 

RU1U1 + RU2U2 

0.15 + 0.2X1 + 0.1Z1 + 0.1Z2 + 

RU1U1 + RU2U2 

expit(log(0.40) + log(2.50)X1 + 

log(1.50)Z2 + RU1U1 + RU2U2) 

Y Outcome after 

time = 2 
0.1 + 0X1 + 0X2 + 

0.1Z1 + 0.1Z2 + 

RU1U1 + RU2U2 

 

0.1 + 0X1 + 0X2 + 

0.1Z1 + 0.1Z2 + 

RU1U1 + RU2U2 

 

expit(log(0.05) + log(1.10)X1 + 

log(1.20)X2 + log(1.20)X1X2 +  

log(1.20)Z1 + log(1.20)Z2 +  

RU1U1 + RU2U2) 

Abbreviations: expit: inverse logit; RUt: the parameter linking Ut and the specified variables; Ut: uncontrolled confounder at time t; Xt: 

exposure at time t; Y: outcome; Zt: covariates at time t 

Footnote: To demonstrate a null effect with simulations 3.1 and 3.2 across all bias analysis models, each indirect relationship (i.e., 

X1→Z2 and X1→U2) was also set to null. All variables were generated as binary variables.  
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Figure 4.1. Directed Acyclic Graphs of Time-Varying Exposures Depicting A) Only Two Time-Varying Uncontrolled 

Confounders and B) Two Time-Varying Uncontrolled Confounders and an Unmeasured Mediator 

 

 

 

 

 

 

 

 

 

 

Abbreviations: Ut: uncontrolled confounder at time t; Xt: exposure at time t; Y: outcome after time = 2; Zt: covariates at time t 

A)                 B) 
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G-computation 

 Detailed tutorials for g-computation have been previously described elsewhere45,65. In our 

simulations, we assumed that we met all assumptions except for conditional exchangeability as 

this assumption was under investigation here.  

 We first modeled the descendants of X (i.e., time-varying covariates) and the outcome 

using the appropriate variables as dictated by our DAG. As data were simulated, our models 

were correctly specified including the addition of interaction terms where needed and the 

appropriate regression link. In our simulations, potential outcomes were calculated at each time 

point to represent hypothetical treatment or no treatment using the regression parameters 

obtained in the previous step. The joint risk difference (RD) was obtained by contrasting the 

potential outcome for hypothetical treatment at both time points and no treatment ever. The joint 

odds ratio (OR) was similarly obtained by contrasting the potential outcomes using the 

corresponding odds ratio equation. We took the distribution of the mean value per replication for 

all 1000 replications. The median and 2.5th and 97.5th percentiles of estimates from all 

replications were considered as our final effect estimate and 95% simulation interval (SI). The 

bias and root mean square error were computed for each effect estimate.  

 In the outcome regressions, we first included all necessary variables including Ut to 

represent our ‘True’ model and estimate. In this scenario, Ut is in fact known and measured. 

Next, we excluded Ut in the relevant regression models and calculations to represent the ‘Biased’ 

model and estimate. These latter models were purposely mis-specified, in violation of the 

conditional exchangeability assumption, and has uncontrolled confounding due to the exclusion 

of Ut from Q-models. Simulations were repeated to vary the parameters relating Ut to Xt and Y, 

respectively to individually understand the impact of uncontrolled confounding on our results.  
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Bias Analysis with Weighting 

 We examined the doubly robust estimation properties in calculating IPUW combined 

with g-computation for our bias analysis. Figure 4.2A (or Figure 4.1A) represents the pre-

intervention DAG depicting the theorized data generation process. The application of the IPUW 

on the DAG is shown in Figure 4.2B, where the arrows from Ut are removed, while other 

observed paths are preserved. This is achieved by weighting the Q-model with the IPUW and 

using those weighted regression parameters in subsequent g-computation steps. Figure 4.2C 

reflects the post-intervention DAG where arrows going into Xt are removed so that the 

appropriate paths can be correctly identified without bias. If Ut were known, Figure 4.2C would 

represent a typical post-intervention DAG with g-computation.    
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Figure 4.2. Directed Acyclic Graphs Depicting A) Pre-Intervention, B) Partial-Intervention After Inverse Probability of 

Uncontrolled Confounder Weight, and C) the Post-Intervention after G-computation 

 

 

 

 

 

 

 

 

 

Abbreviations: Ut: uncontrolled confounder at time t; Xt: exposure at time t; Y: outcome after time = 2; Zt: covariates at time t 

A) Pre-Intervention    B) Partial-Intervention   C) Post-Intervention 
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The IPUW resembles stabilized inverse probability of treatment weights. As inverse 

probability of treatment weighting would be  
𝑃(𝑋1,𝑋2)

𝑃(𝑋1,𝑋2| 𝑈1,𝑈2 )
 for Figure 4.1A for example, 

rearranging these probabilities would yield an IPUW of  
𝑃(𝑈1,𝑈2)

𝑃(𝑈1,𝑈2| 𝑋1,𝑋2 )
. Zt could also be included 

in the IPUW denominator depending on whether it is independent of Ut. We used logistic 

regression to model the probability of Ut (Ut = 1) for each time point as our numerator. We 

examined two sets of denominators: with and without Zt covariates. Using logistic regression, we 

modeled the probability of Ut given the exposures, and/or Zt as the denominator. The division of 

the numerator and denominator reflected the IPUW and was assigned based on the actual value 

of Ut. IPUW at each time point were multiplied together to represent the final stabilized IPUW 

used in analyses. The mean of the stabilized IPUW were 1.00 as expected.  

 We used the following steps to implement the bias weighting in simulations:  

 Step 1: Calculate the numerator and denominator of the IPUW accordingly for each time 

point using logistic regression. The final stabilized IPUWs were 
𝑃(𝑈1)

𝑃(𝑈1|𝑋1,𝑋2,𝑍1,𝑍2)
  

𝑃(𝑈2)

𝑃(𝑈2|𝑈1 ,𝑋1,𝑋2,𝑍1,𝑍2)
 or 

𝑃(𝑈1)

𝑃(𝑈1|𝑋1,𝑋2)
  

𝑃(𝑈2)

𝑃(𝑈2|𝑈1 ,𝑋1,𝑋2)
 if Zt were excluded from the IPUW.  

 Step 2: Fit the biased outcome regression weighted by the IPUW using the appropriate 

regression link and adjusting for the observed covariates. Note that the regression was 

intentionally mis-specified because U1 and U2 were excluded from the regression.  

 Step 3: Use the parameters from the original g-computation and marginal distributions to 

re-simulate a plasmode dataset for the exposures and all covariates. Use the weighted regression 

parameters (from Step 2) to re-simulate Y (i.e., the outcome weighted by the time-varying 

uncontrolled confounding).  
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 Step 4: Run the final marginal structural model for the desired effect estimate with the 

simulated data for each replication. The median, and 2.5th and 97th percentiles of all replications 

then reflect the effect estimate and 95% simulated interval.  

4.3.1 Illustration with the Health and Retirement Study  

 We used data from the Health and Retirement Study (HRS) to investigate the joint 

relationship of elevated depressive symptoms with incident cardiovascular disease. The source 

HRS data has been previously described84. For this illustration, we utilized the RAND 

summarized data files (2018 v1) to identify the cohort of age-eligible and CVD-free participants 

in 1998 and 2000. The data from 1998 and 2000 represents survey waves 4 and 5, respectively 

and were the earliest periods of data harmonization in the HRS. For the incident CVD outcome, 

participants were followed for up to ten years (2010) or were censored for death or lost to 

follow-up. We excluded participants for missing data on depressive symptoms or answering less 

than half of the survey, and missing data on any covariates over the study period. The final 

cohort comprised 10,212 older adults (Appendix Figure 4.1).  

The primary exposure were the responses from the Center for Epidemiological Studies 

Depression scale (CES-D) short form survey which consisted of eight scaled questions. Elevated 

depressive symptoms were defined as a CES-D score ≥486-88. Incident CVD was defined as a 

self-reported positive response to having heart disease (myocardial infarction, coronary heart 

disease, angina, congestive heart failure or other heart problems) or stroke (or a possible stroke 

or transient ischemic attack), as defined by the RAND files. Derived RAND Fat files were used 

to quantify causes of reported heart disease. In consideration of prior studies, we used the 

following baseline and time-varying covariates in modeling: baseline age, gender, race 

(white/non-white), ethnicity, high-school equivalent education and time-varying 
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married/partnered status, current alcohol status (drinker/non-drinker, defined by the number of 

drinks per day when drinking), current smoking status (smoker/non-smoker), body mass index 

and performing vigorous physical activity at least three times/week33,36,90,103 (Appendix Figure 

4.2A).  

Analyses with the Health and Retirement Study  

 Data were summarized as mean ± standard deviation or frequency (percentage, %), as 

applicable. Clinical characteristics were stratified by depressive symptoms (CES-D <4 vs ≥ 4) in 

at baseline wave 4, as well as by level of depressive symptoms across both wave 4 and 5.  

 We performed g-computation in the fitting of marginal structural models as described 

above to obtain the joint relative risk (RR) and joint RD. In summary, we fit regression models 

reflecting the data generating process with a logit link for each time-varying covariate with an 

interaction term for the prior exposure and covariate of interest. The outcome regression model 

was also fit with a logit link and two-way interaction terms across all exposures and covariates. 

Data were simulated for 1000 replications. The final marginal structural model represented the 

joint estimate of persistent elevated depressive symptoms (reference: no elevated depressive 

symptoms in both time points) with incident CVD outcomes.  

We performed several sensitivity analyses before quantitative bias analysis to address 

other potential biases in the analyses. We explored potential exposure misclassification in 

defining elevated depressive symptoms as a CES-D score ≥388. We evaluated additional outcome 

models for g-computation that included various combinations of two-way interaction terms to 

evaluate model misspecification. We included time-varying comorbidities of diabetes and high 

blood pressure given the relationship between metabolic syndrome and cardiovascular disease104. 

We also investigated short-term and long-term relationships with CVD after two years or the 
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maximum of follow-up (end of study period, 2018), respectively. Finally, we examined a 

combined outcome of incident CVD and reported death due to heart, circulatory and blood 

conditions as CVD death.  

 As to investigate potential uncontrolled confounding due to time-varying sedentary 

behavior, we applied weighting in bias analysis as described above (Appendix Figure 4.2B). 

Sedentary behavior was unavailable from the HRS during this study period yet has been 

identified potential risk factor for each depressive symptoms and CVD41,105,106. Furthermore, we 

assumed that depressive symptoms would additionally inform future sedentary behavior as a 

mediating effect107. The inputs and bias parameters to repair this joint distribution were informed 

by prior studies, available data from the HRS on lack of physical activity and theorized the 

prevalence of sedentary behavior and relationships to other variables. First, we calculated the 

probability of sedentary behavior using an expit function and informed bias parameters for the 

exposures, outcome and covariates (P(U4|CES-D4,CES-D5,CVD,V4,Z4,Z5) and P(U5|U4,CES-

D4,CES-D5,CVD,V4,Z4,Z5), for each time point). The relationships between Ut to exposures and 

outcome were varied in multiple bias analysis models. These probabilities were used to simulate 

a binary variable representing sedentary behavior at each time point. The IPUW numerator and 

denominator were calculated with logistic regression to output the predicted probabilities for 

each time point. The numerator was the marginal probability of sedentary behavior or modified 

as P(U5|CES-D4) to preserve the mediating paths due to U5. The denominator was the probability 

of sedentary behavior as a function of the exposures and covariates. The IPUW was calculated 

for each observation based on actual value of the sedentary behavior, per time point. Each IPUW 

per time point were multiplied together for the final IPUW used in analyses. The outcome 

regression model was fit with all exposures, covariates, and two-way interactions as in the main 
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analyses and was weighted by the stabilized IPUW. Using the marginal distribution and the 

parameters obtained from the intermediate regression models from the main analyses, the 

exposures and covariates were re-simulated. The bias-weighted outcome was simulated using the 

weighted empirical parameters. The simulation was repeated for K = 1000 replications. The final 

marginal structural model included the simulated exposures and outcome with the appropriate 

link. Estimates were summarized per replication to obtain the median effect estimate and the 

95% SI.  

 We chose biasing scenarios that varied the relationships between exposures, outcome, 

and uncontrolled confounders to perform our quantitative bias analysis for time-varying 

uncontrolled confounding. We first assumed that U5 acted as a mediator and confounder. Across 

a range of bias parameters (log(0.60) to log(2.60) for the log(OR)), we assumed that the 

relationships from Ut to each exposure and outcome were of the same magnitude at both time 

points. In these analyses, we included and excluded Zt from the denominator of the IPUW to 

demonstrate the model specification properties. Moreover, we further incrementally changed the 

relationships of U5 while holding the relationship at wave 4 at a constant value (log(1.40)), given 

the unique role of U5 as a mediator and confounder. Finally, we repeated the series of bias 

analysis methods under the assumption that time-varying sedentary behavior was only a 

confounder (similar to Figure 4.1A). Therefore, the numerator of the IPUW was modeled as the 

marginal probabilities of the uncontrolled confounder at each time point.   

 Analyses were performed using SAS 9.4 (Cary, NC), and R (R version 4.0.0 and R 

Studio version 1.2.5042). Data were not missing in simulations and complete case was used in 

HRS analyses. This study was exempt from institutional review board review given that it is 

public use and de-identified data.   
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4.4 Results 

4.4.1 Simulations Demonstrating the Bias Weight 

Simulation 3.1 & 3.2 

 In simulation 3.1, the true joint RD [95%SI] was null at 0.000 [-0.009, 0.009] (Table 4.2). 

The observed biased joint RD differed from the null as the strength of Ut increased, including the 

result of 0.027 [0.018, 0.037] when both uncontrolled confounders had relationships of 0.10 to 

the exposures and outcome. When modeling an IPUW for each Ut, the subsequent joint RD was 

again null, with albeit slightly wider confidence intervals. The inclusion or exclusion of Zt within 

the IPUW specification both yielded similar results as the g-computation was correctly specified 

and already included Zt.   

Again, simulation 3.2 had a true joint RD [95%SI] of approximately 0.000 [-0.009, 

0.009], or null (Table 4.3). In this simulation, there was added complexity in that the 

uncontrolled confounder, U2 acted as a mediator and had a parallel role to that of Zt. As Ut 

incrementally increased in value, the amount of bias, or how far the joint RD deviated from the 

null also increased. Likewise, having a strong confounder at an earlier time point, resulted in 

biased results. When using the IPUW, we observed similar conclusions to that of simulation 3.1. 

The use of an IPUW when modeling the outcome for g-computation resulted in a null joint RD 

and this was observed with or without Zt in the IPUW specification.  
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Table 4.2. Simulation Results for the Joint Risk Difference in Simulation 3.1 that Included Zt and Excluded Zt in the IPUW 

RU1 RU2 Model Model Joint RD [95%SI] Bias RMSE 

0.025 0.025 1 True 0.000 [-0.009,0.009] 0.000 0.005 

Biased 0.002 [-0.007,0.011] 0.002 0.005 

Biased+IPUW with Zt 0.000 [-0.013,0.013] 0.000 0.007 

Biased+IPUW without Zt 0.000 [-0.013,0.014] 0.000 0.007 

0.05 0.05 2 True 0.000 [-0.010,0.009] 0.000 0.005 

Biased 0.007 [-0.003,0.017] 0.007 0.008 

Biased+IPUW with Zt 0.000 [-0.013,0.015] 0.000 0.007 

Biased+IPUW without Zt 0.000 [-0.013,0.015] 0.000 0.007 

0.10 0.10 3 True 0.000 [-0.010,0.009] 0.000 0.005 

Biased 0.027 [0.018,0.037] 0.027 0.028 

Biased+IPUW with Zt 0.001 [-0.014,0.015] 0.000 0.007 

Biased+IPUW without Zt 0.001 [-0.013,0.015] 0.001 0.007 

0.025 0.10 4 True 0.000 [-0.009,0.009] 0.000 0.005 

Biased 0.011 [0.001,0.020] 0.011 0.012 

Biased+IPUW with Zt 0.000 [-0.014,0.015] 0.000 0.007 

Biased+IPUW without Zt 0.000 [-0.013,0.015] 0.000 0.007 

0.10 0.025 5 True 0.000 [-0.010,0.009] 0.000 0.005 

Biased 0.019 [0.009,0.028] 0.019 0.020 

Biased+IPUW with Zt 0.000 [-0.013,0.015] 0.000 0.007 

Biased+IPUW without Zt 0.001 [-0.013,0.015] 0.000 0.008 

Abbreviations: IPUW: inverse probability of uncontrolled confounder weight; RD: risk difference; RMSE: root mean square error; 

RUt: risk difference for the relationship between Ut and the respective variables; SI: simulation interval; Zt; covariates at time 1 and 2 

Footnote: The true joint effect is set to 0.00 in simulations. True models represent results from the correctly specified g-computation 

models. Biased models represent the incorrectly specified g-computation model where Ut were excluded. Biased + IPUW models 

represent the the incorrectly specified g-computation regression, weighted by the IPUW. 
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Table 4.3. Simulation Results for the Joint Risk Difference in Simulation 3.2 that Included Zt and Excluded Zt in the IPUW 

RU1 RU2 Model Model Joint RD [95%SI] Bias RMSE 

0.025 0.025 1 True 0.000 [-0.009,0.009] 0.000 0.004 

Biased 0.002 [-0.007,0.011] 0.002 0.005 

Biased+IPUW with Zt 0.001 [-0.013,0.014] 0.000 0.007 

Biased+IPUW without Zt 0.001 [-0.013,0.014] 0.000 0.007 

0.05 0.05 2 True 0.000 [-0.009,0.009] 0.000 0.004 

Biased 0.008 [-0.001,0.017] 0.008 0.009 

Biased+IPUW with Zt 0.001 [-0.014,0.014] 0.000 0.007 

Biased+IPUW without Zt 0.001 [-0.013,0.014] 0.001 0.007 

0.10 0.10 3 True 0.000 [-0.009,0.009] 0.000 0.005 

Biased 0.031 [0.022,0.040] 0.031 0.031 

Biased+IPUW with Zt 0.000 [-0.014,0.015] 0.000 0.007 

Biased+IPUW without Zt 0.001 [-0.013,0.016] 0.001 0.008 

0.025 0.10 4 True 0.000 [-0.009,0.009] 0.000 0.005 

Biased 0.010 [0.002,0.020] 0.010 0.011 

Biased+IPUW with Zt 0.001 [-0.013,0.015] 0.001 0.007 

Biased+IPUW without Zt 0.001 [-0.013,0.015] 0.001 0.007 

0.10 0.025 5 True 0.000 [-0.009,0.009] 0.000 0.004 

Biased 0.021 [0.012,0.029] 0.020 0.021 

Biased+IPUW with Zt 0.000 [-0.014,0.015] 0.000 0.007 

Biased+IPUW without Zt 0.001 [-0.013,0.015] 0.001 0.007 

Abbreviations: IPUW: inverse probability of uncontrolled confounder weight; RD: risk difference; RMSE: root mean square error; 

RUt: risk difference for the relationship between Ut and the respective variables; SI: simulation interval; Zt; covariates at time 1 and 2 

Footnote: The true joint effect is set to 0.00 in simulations. True models represent results from the correctly specified g-computation 

models. Biased models represent the incorrectly specified g-computation model where Ut were excluded. Biased + IPUW models 

represent the the incorrectly specified g-computation regression, weighted by the IPUW. 
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Simulation 3.3  

 Finally, simulation 3.3 had a true joint OR of approximately 1.63 (Table 4.4). Under 

weaker levels of confounding, the bias estimate was very similar to the true joint OR. Across 

incrementally stronger effects of time-varying uncontrolled confounding had more biased results. 

Having both confounders with extreme strengths of 3.00 yielded a joint OR [95%SI] of 2.98 

[2.80, 3.17]. The use of an IPUW in combination with g-computation gave similar results to that 

of the true joint OR. Notably, situations of very extreme confounding, such as the strength of 

3.00, the combined IPUW gave a slightly lower magnitude of estimate than expected. Finally, we 

observed similar conclusions when including or excluding Zt from the IPUW specification.  
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Table 4.4. Simulation Results for the Joint Odds Ratio in Simulation 3.3 that Included Zt and Excluded Zt in the IPUW 

RU1 RU2 Model Model Joint OR [95%SI] Bias RMSE 

1.20 1.20 1 True 1.63 [1.50,1.77] -0.001 0.067 

Biased 1.66 [1.53,1.80] 0.031 0.075 

Biased+IPUW with Zt 1.62 [1.44,1.84] -0.003 0.103 

Biased+IPUW without Zt 1.62 [1.44,1.84] -0.003 0.103 

1.50 1.50 2  True 1.63 [1.52,1.75] 0.000 0.061 

Biased 1.78 [1.67,1.92] 0.155 0.168 

Biased+IPUW with Zt 1.62 [1.46,1.81] -0.004 0.089 

Biased+IPUW without Zt 1.63 [1.46,1.82] -0.002 0.089 

2.00 2.00 3 True 1.63 [1.53,1.75] 0.000 0.056 

Biased 2.10 [1.98,2.25] 0.470 0.476 

Biased+IPUW with Zt 1.61 [1.47,1.79] -0.019 0.084 

Biased+IPUW without Zt 1.61 [1.47,1.79] -0.014 0.083 

2.50 2.50 4 True 1.63 [1.53,1.76] 0.003 0.057 

Biased 2.51 [2.35,2.68] 0.881 0.885 

Biased+IPUW with Zt 1.59 [1.45,1.76] -0.037 0.089 

Biased+IPUW without Zt 1.60 [1.45,1.77] -0.029 0.086 

3.00 3.00 5 True 1.64 [1.53,1.75] 0.002 0.056 

Biased 2.98 [2.80,3.17] 1.348 1.352 

Biased+IPUW with Zt 1.57 [1.43,1.73] -0.058 0.098 

Biased+IPUW without Zt 1.58 [1.44,1.74] -0.048 0.093 

1.50 3.00 6 True 1.64 [1.53,1.75] 0.003 0.055 

Biased 2.10 [1.97,2.22] 0.463 0.468 

Biased+IPUW with Zt 1.60 [1.46,1.77] -0.024 0.082 

Biased+IPUW without Zt 1.61 [1.47,1.79] -0.020 0.081 

3.00 1.50 7 True 1.63 [1.52,1.76] 0.001 0.061 

Biased 2.58 [2.41,2.76] 0.948 0.953 

Biased+IPUW with Zt 1.60 [1.45,1.79] -0.025 0.092 

Biased+IPUW without Zt 1.61 [1.46,1.80] -0.016 0.090 
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Abbreviations: IPUW: inverse probability of uncontrolled confounder weight; OR: odds ratio; RMSE: root mean square error; RUt: 

parameter for the relationship between Ut and the respective variables; SI: simulation interval; Zt; covariates at time 1 and 2 

Footnote: The true joint effect is set to 1.63 in simulations. True models represent results from the correctly specified g-computation 

models. Biased models represent the incorrectly specified g-computation model where Ut were excluded. Biased + IPUW models 

represent the the incorrectly specified g-computation regression, weighted by the IPUW. 
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4.4.2 Clinical Illustration with the Health and Retirement Study 

 In this cohort of 10,212 participants, the mean±SD age was 64±9 years old and included 

62% females (Table 4.5). There were 1305 (13%) participants who had elevated depressive 

symptoms with a CES-D score ≥4 at baseline. Over two waves, 81% of participants did not have 

elevated depressive symptoms, while 589 (5.8%) participants experienced persistent elevated 

depressive symptoms over both waves (Appendix Table 4.1). At baseline, there were a greater 

percentage of females, non-whites, less educated persons, more non-drinkers, and current 

smokers in the elevated depressive symptoms group. Similar observations about baseline 

characteristics were noted among the persistent elevated depressive symptoms group, or those 

with higher scores across both waves.  
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Table 4.5. Cohort Descriptives of 10,212 Health and Retirement Study Participants 

Stratified by Baseline Level of Depressive Symptoms 

Characteristic Total No elevated 

depressive symptoms: 

CES-D <4 

Elevated depressive 

symptoms: CES-D ≥4 

N (%) 10,212 8907 (87.2%) 1305 (12.8%) 

Age (years) 63.9 ± 9.0 63.9 ± 8.8 63.4 ± 9.3 

50-<60  3812 (37.3%) 3019 (36.7%) 294 (41.1%) 

60-<70 3702 (36.3%) 3052 (37.1%) 241 (33.7%) 

70-<80 2085 (20.4%) 1713 (20.8%) 136 (19.0%) 

≥80 613 (6.0%) 453 (5.5%) 45 (6.3%) 

Gender (% Female) 6358 (62.3%) 4889 (59.4%) 504 (70.4%) 

Race (%)    

White 8545 (83.7%) 7023 (85.3%) 556 (77.7%) 

African American 1329 (13.0%) 965 (11.7%) 130 (18.2%) 

Other 338 (3.3%) 249 (3.0%) 30 (4.2%) 

Hispanic (%) 780 (7.6%) 507 (6.2%) 103 (14.4%) 

Married/Partnered (%) 7177 (70.3%) 6001 (72.9%) 428 (59.8%) 

Geographic Region (%)    

Northeast 1695 (16.6%) 1309 (15.9%) 128 (17.9%) 

Midwest 2653 (26.0%) 2238 (27.2%) 143 (20.0%) 

South 4011 (39.3%) 3155 (38.3%) 310 (43.3%) 

West 1843 (18.1%) 1527 (18.5%) 135 (18.9%) 

Education (years) 12.4 ± 3.1 12.7 ± 3.0 11.5 ± 3.5 

Education ≥12 years (%) 7787 (76.3%) 6570 (79.8%) 464 (64.8%) 

Lifestyle Factors    

Alcohol use (%)    

Non-drinker 6820 (66.8%) 5335 (64.8%) 519 (72.5%) 

Low/Moderate 2109 (20.7%) 1867 (22.7%) 89 (12.4%) 

Heavy 1283 (12.6%) 1035 (12.6%) 108 (15.1%) 

Body Mass Index (kg/m2) 27.1 ± 5.0  26.9 ± 4.8  27.3 ± 5.6 

<18.5 133 (1.3%) 98 (1.2%) 14 (2.0%) 

18.5-<25 3552 (34.8%) 2918 (35.4%) 242 (33.8%) 

25-<30 4128 (40.4%) 3399 (41.3%) 268 (37.4%) 

30-<35 1711 (16.8%) 1332 (16.2%) 127 (17.7%) 

≥35 688 (6.7%) 490 (5.9%) 65 (9.1%) 

Current Smoker (%) 1695 (16.6%) 1265 (15.4%) 152 (21.2%) 

Physical Activity (%) 5064 (49.6%) 4305 (52.3%) 309 (43.2%) 

Pre-existing conditions (%)    

High Blood Pressure  4071 (39.9%) 3151 (38.3%) 310 (43.3%) 

Diabetes  1036 (10.1%) 766 (9.3%) 82 (11.5%) 

Footnote : Data presented as N(%) or mean±standard deviation, where applicable  
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 Over a maximum follow-up of approximately ten years (median: 10.1 years), there were 

2694 incident CVD events for an event rate [95%CI] of 30.7 [29.5, 31.8] per 1000 person-years. 

Subjects with elevated depressive symptoms at baseline and persistently over both time points 

had higher crude event rates compared with other groups. Most reported CVD events were due to 

heart disease. Among heart disease reports, the most common cause was angina, followed by 

myocardial infarction and congestive heart failure. Using g-computation to investigate incident 

CVD, elevated depressive symptoms (CES-D ≥4) compared with lower depressive symptoms at 

both time points demonstrated a joint RR [95% SI] and RD [95%SI] of 1.20 [0.91, 1.49] and 

0.051 [-0.024, 0.122], respectively (Table 4.6).   

We performed a series of additional analyses for our main results. First, we examined 

combined incident CVD/CVD death and observed 3113 events with an event rate [95% 

confidence interval (CI)] of 35.4 [34.2, 36.7] per 1000 person-years. The observed joint RR and 

RD for the incident CVD/CVD death outcome were consistent with the main analysis (Table 

4.6). In a sub-cohort of participants with data on time-updated diabetes and elevated blood 

pressure, we observed similar results to that of our main analyses. Moreover, we tested varying 

levels of two-way interactions in the outcome specification models. Including only an exposure 

interaction term suggested slightly greater magnitudes of effects. To evaluate a more immediate 

relationship, we shorten the follow-up period to two years after the last wave and observed 653 

CVD events. In this shorter analysis, persistent elevated depressive symptoms had a joint RR 

[95%SI] and RD [95%SI] of 1.23 [0.62, 1.98] and 0.014 [-0.024, 0.058], respectively compared 

with lower symptoms at both time points. Evaluation of the long-term relationship over a 

maximum of 18 years demonstrated a joint RR [95%SI] and RD [95%SI] of 1.08 [0.87, 1.28] 
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and 0.029 [-0.47, 0.102], respectively. Finally, we evaluated a definition of elevated depressive 

symptoms as CES-D≥3, rather than the original cutoff at 4 and observed similar results.  
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Table 4.6. Joint Relationship of Elevated Depressive Symptoms (CES-D ≥4) and Incident CVD over Ten Years in 10,212 

Health and Retirement Study Participants and Under Sensitivity Analyses 

 Joint Relative Risk 

[95%SI] 

Joint Risk Difference 

[95%SI] 

Analyses    

Main Analysis, without bias analysis  1.20 [0.91,1.49] 0.051 [-0.024,0.122] 

Sensitivity Analyses   

Outcome definition of Incident CVD/CVD Death  1.14 [0.88,1.39] 0.042 [-0.035,0.115] 

Inclusion of diabetes & high blood pressure * 1.16 [0.90,1.49] 0.041 [-0.026,0.123] 

Outcome Specification   

i)interaction between exposures  1.28 [0.99,1.56] 0.070 [-0.003,0.141] 

ii)interaction between exposures and exposures-

baseline covariates 1.22 [0.93,1.50] 0.056 [-0.019,0.128] 

iii)interaction between exposures, exposures-

baseline covariates, and exposures-current time-

varying covariates 1.20 [0.91,1.47] 0.051 [-0.022,0.117] 

Short-term follow-up (two years) 1.23 [0.62,1.98] 0.014 [-0.024,0.058] 

Long-term follow-up (maximum: 18 years) 1.08 [0.87,1.28] 0.029 [-0.047,0.102] 

Exposure definition of CES-D ≥3 1.14 [0.95,1.32] 0.035 [-0.014,0.079] 

 

Abbreviations: CES-D: Center for Epidemiological Studies Depression scale score; CVD: cardiovascular disease; SI: simulation 

interval 

Footnote: Lower depressive symptoms was the reference in all analyses. Main analysis represents the results from the g-computation 

without bias analysis. Fitted logistic regression for g-computation included covariates described in text and additionally included 

interaction terms between exposures, baseline covariates and time-varying covariates.  

* N = 10,201 persons with available data on diabetes and high blood pressure 
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In bias analysis, we performed a series of weighted regression models to understand the 

impact of time-varying uncontrolled sedentary behavior. Under the assumption that U5 acted as 

both a mediator and confounder, the relative risk and risk difference gradually declined with 

increasing bias parameters (Figure 4.3A and B). A protective relationship was merely suggested 

in the presence of very strong bias parameters for both effect estimates. Under modest 

parameters, the results from the bias analysis suggested robust and similar results to our main 

analyses. Moreover, these observations remained the same across all iterations of bias analysis 

models: inclusion and exclusion of Zt from the IPUW denominator. Conversely, we observed 

different results had we assumed that U5 acted as only a confounder (Figure 4.4A and B). While 

we could make similar conclusions to that of our main results under modest parameters for both 

effect estimates, results were magnified under much stronger parameters. Specifically, 

parameters of log(2.2) and greater were sufficient to move both effect estimates and respective 

CI under the null and suggest a protective relationship of joint elevated depressive symptoms and 

incident CVD. Repeating all analyses using a longer period of follow-up suggested similar 

conclusions (Appendix Figure 4.3). 

At wave 5, we assumed that sedentary behavior had a unique role in acting as a mediator 

and a confounder. Under this assumption, incrementally changing the relationship of the 

uncontrolled sedentary behavior at wave 5 suggested robust results even in the presence of strong 

bias parameters for both effect estimates (Appendix Figure 4.4A and B). However, under the 

assumption that sedentary behavior only acted as a confounder in wave 5, bias analysis results 

were robust in modest strengths of bias parameters. Like prior bias analysis models, stronger 

parameters of log(2.2) and higher seemed to suggest a lower effect.  
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Figure 4.3. Bias Analysis Where U5 is a Mediator and Confounder for the A) Joint Relative Risk and B) Joint Risk Difference 

of Persistent Elevated Depressive Symptoms and Incident CVD over Ten Years in the Health and Retirement Study 

Participants 

  

 

 

 

 

 

 

 

 

 

Abbreviations: CVD: cardiovascular disease; IPUW: inverse probability of uncontrolled confounder weight; OR: odds ratio; U5: time-

varying sedentary behavior at wave 5; Zt: covariate set 

Footnote: The bias parameters represent the log(OR) relationship between the exposure, outcome, and uncontrolled confounder at 

each time point. The value at 1.0 represents the results from the main analysis, i.e., without bias analysis.  

A) Joint Relative Risk B) Joint Risk Difference 
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Figure 4.4. Bias Analysis Where U5 is a Confounder only for the A) Joint Relative Risk and B) Joint Risk Difference of 

Persistent Elevated Depressive Symptoms and Incident CVD over Ten Years in the Health and Retirement Study Participants 

  

 

 

 

 

 

 

 

 

 

 

Abbreviations: CVD: cardiovascular disease; IPUW: inverse probability of uncontrolled confounder weight; OR: odds ratio; U5: time-

varying sedentary behavior at wave 5; Zt: covariate set 

Footnote: The bias parameters represent the log(OR) relationship between the exposure, outcome, and uncontrolled confounder at 

each time point. The value at 1.0 represents the results from the main analysis, i.e., without bias analysis. 

A) Joint Relative Risk B) Joint Risk Difference 
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4.5 Discussion 

 We describe and demonstrate the utility of a doubly robust estimation technique to 

understand and quantify time-varying uncontrolled confounding in combination with g-

computation. In analyses, the outcome model was purposely mis-specified in that the Ut were 

excluded and thus uncontrolled. However, the use of the IPUW for a weighted outcome 

regression yielded regression parameters that accounted for this uncontrolled confounding. 

Likewise, misspecification of the IPUW through inclusion or exclusion of covariates further 

demonstrated the doubly robust properties. We demonstrated this proof of concept in simulations 

and in our application, we were able to quantify bias due to time-varying uncontrolled 

confounding using this method. This introduction of a novel bias analysis method addresses the 

literature gap for bias analysis methods with causal inference for time-varying studies. 

 Within our applied analyses, we demonstrated a modest effect between persistent 

elevated depressive symptoms and incident CVD outcomes over a decade of follow-up. Our 

observations are in the same direction as prior studies that have demonstrated a strong positive 

relationship between baseline depressive symptoms and CVD outcomes, including incident 

events and prognosis26,28,33,40. Furthermore, HRS analyses from other authors examining a 

baseline depressive symptoms and CVD outcomes also suggested positive relationships. Using 

data from the first wave of the HRS in 1992, studies suggested that elevated depressive 

symptoms were associated with a higher hazard ratio of CVD and odds ratio of heart disease 

over at least a decade of follow-up108,109. These observations were supported by another study of 

baseline depressive symptoms from the HRS over a four-year follow-up period90. To note, the 

prior studies examined depressive symptoms as a single measurement, had varying measurement 

tools and/or cutoffs to assess depressive symptoms, and confounder control for lifestyle factors at 
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baseline and over time remained limited. To address these limitations, studies have recently 

investigated time-varying effects of depressive symptoms on CVD incidence over shorter two-

year periods of follow-up. A study from the China Health and Retirement Longitudinal Study 

noted that persistent depressive symptoms were associated with higher relative risks of CVD, 

stroke, and heart disease38. Notably, the authors found that persistent symptoms had almost a 

four times higher risk of stroke compared with no symptoms. Another study of the HRS used a 

marginal structural model to demonstrate that stable high depressive symptoms were associated 

with a two-fold higher hazard ratio for stroke compared with stable low or no symptoms over 

rolling two-year windows37. While the focus of this illustration was total CVD rather than 

individual causes over a longer period of follow-up, we observed a higher risk of CVD with 

persistent depressive symptoms over a short follow-up period. Our results were imprecise with 

wide confidence intervals, though were again in the general direction of a previous study. We 

sought to investigate a decade of follow-up as it aligns with timeframe of the pooled cohort 

equation that evaluate the CVD risk in CVD-free individuals79. Furthermore, our long-term 

results were somewhat comparable to a recent study of REGARDS (The Reasons for Geographic 

and Racial Differences in Stroke Study), which also observed a small positive effect between 

time-varying elevated depressive symptoms and coronary heart disease over a median follow-up 

of 6.9 years36. We too investigated the time-varying relationship of depressive symptoms 

including estimating the marginal effect estimate with g-computation to adequately account for 

time-varying confounding. While our observations with somewhat on par with other longitudinal 

studies and we caution the interpretation given the illustrative purposes, we further sought to 

understand other biases that may be contributing to the discordance of results.  
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In our simulations, we demonstrated how an IPUW with a mis-specified g-computation 

model could result in the true estimate. Thus, we further undertook this bias analysis to quantify 

time-varying sedentary behavior as the potential uncontrolled confounder and mediator given the 

noted individual relationships with depressive symptoms and CVD outcomes41,105,106. Few 

studies have distinguished sedentary behavior and physical inactivity, despite several guidelines 

expanding their recommendations to encompass sedentary behavior110,111. A recent study of older 

women highlighted the linear relationship between total sedentary time with CVD outcomes, 

independent of physical activity, further supporting the importance in distinction of these two 

risk factors106. In our bias analysis, only strong bias parameters could suggest a protective 

relationship between persistent elevated depressive symptoms and CVD. Under lower and more 

plausible parameters, our results were robust even in consideration of sedentary behavior as only 

a confounder or also a mediator. Given the importance of CVD prevention in the aging 

population, further studies are warranted to better inform guidelines for depressive symptoms 

and screening, especially in longitudinal studies.  

 One of the key features of quantitative bias analysis includes the specification of bias 

parameters that reflect the magnitude of the relationship with the uncontrolled confounder and 

other variables. Beyond the implementation of the bias analysis in statistical programming, 

difficulty could occur when determining the bias parameters, including plausible values. The 

most common sources in identifying bias parameters for uncontrolled confounders include 

literature review (external validation data), followed by hypothetical scenarios (or educated 

guesses) and internal data49. Notably, a recent review did not find an application of bias analysis 

to a time-varying confounder. In our study, we reviewed the literature and used internal data on 

conceptually related variables (physical inactivity) to better theorize the prevalence of sedentary 
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behavior and relationships to other variables41,95,105,106. Our focus was the adjusted effect 

estimates relating the uncontrolled confounders, exposures, and outcome to inform our 

parameters. While each study source may have a differing set of covariates, we demonstrate in 

simulations that inclusion of covariates are not necessary in the IPUW denominator 

specification. Our interests are in bias-adjusting the exposures rather than the covariates and thus 

misspecification of the bias parameters for covariates would ultimately not impact our final 

goal97. Nevertheless, the identification of bias parameters including addressing uncertainty 

remains an important and careful task given that improper parameters may lead to misleading 

results49. A possible solution to addressing this uncertainty would be a probabilistic bias analysis 

yet due to computational limitations, we instead performed a series of simple bias analysis 

models over incrementally increasing parameters. Another key feature presented in this bias 

analysis is that the role of the unknown variable could pose as either a mediator and/or 

confounder. Prior studies would suggest sedentary behavior holds a mediating and confounding 

role, yet often applications of bias analysis would only focus on a single uncontrolled confounder 

41,49,105-107,111. In our analyses, we observed two conclusions in our bias analysis in the presence 

of strong confounding based on these assumptions. When considered as a confounder only, the 

bias analysis demonstrated a protective relationship when the parameters were log(2.2) and 

greater, while this conclusion was less clear when sedentary behavior was also considered as a 

mediator. It remains important to clarify the role the unknown variable would play, especially in 

the context of bias analysis and time-varying studies.   

 There are several limitations to this study. In our simulation 3.3, under more extreme 

levels of confounding, the IPUW result was slightly underestimated from our true, simulated 

estimate. Additional work is needed to understand these results. In our models, we chose fixed 



 
 

109 

bias parameters that were varied over a series of repeated bias analysis models. As a result, these 

analyses do not incorporate random error and more studies are warranted in understanding how 

methods of probabilistic bias analysis could include weighting for time-varying uncontrolled 

confounding. Furthermore, we assumed that we met all other assumptions necessary for g-

computation and causal inference. We chose to include all possible two-way interaction terms 

between our exposures and time-invariant and time-varying covariates. Yet, we acknowledge the 

possibility of model misspecification including higher order interactions or non-linear 

relationships in our regressions. While the inclusion of fewer interaction terms yielded similar 

results to that of our main analyses, the use of advanced modeling techniques would be favorable 

in more closely identifying model specification. Finally, we only examined one source of bias in 

uncontrolled confounding and chose to prioritize modifiable lifestyle factors as the main time-

varying covariates, given that they are often unavailable in studies. Other potential confounders 

that were missing or limited in the data include diet, laboratory biomarkers, and detailed 

prescription data. Bias analysis for other sources of biases including selection bias and 

measurement error warrant recognition. In the HRS illustration, all data were self-reported and 

we restricted to HRS participants with two CES-D survey responses during the study period and 

we acknowledge the possibility of overadjustment coupled with smaller exposure groups. More 

research is needed in the development of bias analysis for multiple sources of bias. 

Other strengths include introduction of a novel weighting method in the quantitative bias 

analysis. Simulations demonstrate the proof of concept to implement this method across different 

causal structures, effect estimates, and varied parameters. The use of weights has added benefits 

in that it could be reused without the need for reprogramming or changing parameters due to the 

analytical data source, and this remains on a records-level. Our simulations and clinical 
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illustration further demonstrate the utility of the IPUW when the unknown variables could act as 

only confounders, or also a mediator. We did not use the sampling weights in our HRS analyses 

due to the time-varying and simulation aspect of our analyses, however the data itself is 

representative of the older US adult population. The data from the HRS also afforded the ability 

to investigate repeated measures of key confounders, such as smoking, that are often limited in 

other longitudinal databases.  

In conclusion, this study adds to the bias analysis and causal inference literature by 

providing a new method for addressing time-varying uncontrolled confounding based on a 

combined use of weighting and g-computation. We believe that these techniques would be 

helpful as causal inference using ‘big data’ from observational studies continue to grow.  
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4.6 Appendix  

Appendix Figure 4.1. Cohort Construction for Health and Retirement Study Analyses 

 

Abbreviations: CES-D: Center for Epidemiological Studies Depression scale score; CVD: cardiovascular disease 
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Appendix Figure 4.2. Directed Acyclic Graphs for the Health and Retirement Study Assessing the Joint Effect of Elevated 

Depressive Symptoms and Incident CVD A) with and B) without Time-Varying Uncontrolled Confounders 

 

 

Abbreviations: CES-D: Center for Epidemiological Studies Depression scale score; V4: baseline covariates at wave 4: age, gender, 

race, ethnicity, high-school equivalent education; Z4 and Z5: time-varying covariates at wave 4 and 5, respectively: martial/partnered 

status, alcohol status, smoking status, body mass index and vigorous physical activity; Y: incident cardiovascular disease after wave 5; 

U4 and U5: time-varying uncontrolled sedentary behavior at wave 4 and 5, respectively 

A)                    B)   
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Appendix Figure 4.3. Bias Analysis for the Joint A) Relative Risk and B) Risk Difference of Elevated Depressive Symptoms 

and Incident CVD over Maximum Follow-up in the Health and Retirement Study Participants Where U5 is a i) Mediator and 

Confounder or ii) a Confounder only 
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Abbreviations: CVD: cardiovascular disease; IPUW: inverse probability of uncontrolled confounder weight; OR: odds ratio; U5: time-

varying sedentary behavior at wave 5; Zt: covariate set 

Footnote: The bias parameters represent the log(OR) relationship between the exposure, outcome, and uncontrolled confounder at 

each time point. The value at 1.0 represents the results from the main analysis, i.e., without bias analysis. 
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Appendix Figure 4.4. Bias Analysis for the Joint A) Relative Risk and B) Risk Difference of Persistent Elevated Depressive 

Symptoms and Incident CVD over Ten Years in the Health and Retirement Study Participants, when Changing the U5 

Parameters. 

 

 

 

 

 

 

 

 

 

 

Abbreviations: CVD: cardiovascular disease; IPUW: inverse probability of uncontrolled confounder weight; OR: odds ratio; t: time 

point or wave; U5: time-varying sedentary behavior at wave 5   

Footnote: The bias parameters represent the log(OR) relationship between the exposure, outcome and uncontrolled confounder at each 

time point. The value at 1.0 represents the results from the main analysis, i.e., without bias analysis.  

A) Joint Relative Risk B) Joint Risk Difference 
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Appendix Table 4.1. Cohort Descriptives of 10,212 Health and Retirement Study 

Participants Stratified by Elevated Depressive Symptoms Across Waves 4 and 5 

Characteristic No elevated 

depressive 

symptoms in 

either Wave 4 

or 5 

Elevated 

depressive 

symptoms in 

Wave 4 only 

Elevated 

depressive 

symptoms in 

Wave 5 only 

Elevated 

depressive 

symptoms in 

both Wave 4 

and 5 

N (%) 8237 (80.7%) 716 (7.0%) 670 (6.6%) 589 (5.8%) 

Age (years) 63.9 ± 8.8 63.4 ± 9.3 63.7 ± 10.0 64.5 ± 9.3 

50-<60  3019 (36.7%) 294 (41.1%) 283 (42.2%) 216 (36.7%) 

60-<70 3052 (37.1%) 241 (33.7%) 191 (28.5%) 218 (37.0%) 

70-<80 1713 (20.8%) 136 (19.0%) 138 (20.6%) 98 (16.6%) 

≥80 453 (5.5%) 45 (6.3%) 58 (8.7%) 57 (9.7%) 

Gender (% Female) 4889 (59.4%) 504 (70.4%) 505 (75.4%) 460 (78.1%) 

Race (%)     

White 7023 (85.3%) 556 (77.7%) 538 (80.3%) 428 (72.7%) 

African American 965 (11.7%) 130 (18.2%) 109 (16.3%) 125 (21.2%) 

Other 249 (3.0%) 30 (4.2%) 23 (3.4%) 36 (6.1%) 

Hispanic (%) 507 (6.2%) 103 (14.4%) 68 (10.1%) 102 (17.3%) 

Married/Partnered 

(%) 6001 (72.9%) 428 (59.8%) 454 (67.8%) 294 (49.9%) 

Geographic Region 

(%)     

Northeast 1309 (15.9%) 128 (17.9%) 141 (21.1%) 117 (19.9%) 

Midwest 2238 (27.2%) 143 (20.0%) 164 (24.5%) 108 (18.3%) 

South 3155 (38.3%) 310 (43.3%) 270 (40.4%) 276 (46.9%) 

West 1527 (18.5%) 135 (18.9%) 93 (13.9%) 88 (14.9%) 

Education (years) 12.7 ± 3.0 11.5 ± 3.5 11.5 ± 3.4 10.5 ± 3.7 

Education ≥12 years 

(%) 6570 (79.8%) 464 (64.8%) 443 (66.1%) 310 (52.6%) 

Lifestyle     

Alcohol use (%)     

Non-drinker 5335 (64.8%) 519 (72.5%) 489 (73.0%) 477 (81.0%) 

Low/Moderate 1867 (22.7%) 89 (12.4%) 92 (13.7%) 61 (10.4%) 

Heavy 1035 (12.6%) 108 (15.1%) 89 (13.3%) 51 (8.7%) 

Body Mass Index 

(kg/m2) 26.9 ± 4.8 27.3 ± 5.6 27.7 ± 6.1 28.1 ± 5.9 

<18.5 98 (1.2%) 14 (2.0%) 11 (1.6%) 10 (1.7%) 

18.5-<25 2918 (35.4%) 242 (33.8%) 219 (32.7%) 173 (29.4%) 

25-<30 3399 (41.3%) 268 (37.4%) 253 (37.8%) 208 (35.3%) 

30-<35 1332 (16.2%) 127 (17.7%) 121 (18.1%) 131 (22.2%) 

≥35 490 (5.9%) 65 (9.1%) 66 (9.9%) 67 (11.4%) 

Current Smoker (%) 1265 (15.4%) 152 (21.2%) 136 (20.3%) 142 (24.1%) 
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Physical Activity (%) 4305 (52.3%) 309 (43.2%) 274 (40.9%) 176 (29.9%) 

Pre-existing 

conditions (%)     

High Blood 

Pressure  3151 (38.3%) 310 (43.3%) 300 (44.8%) 310 (52.7%) 

Diabetes  766 (9.3%) 82 (11.5%) 98 (14.6%) 90 (15.3%) 

Time-updated variables in Wave 5 

Married/Partnered 

(%) 5867 (71.2%) 408 (57.0%) 391 (58.4%) 274 (46.5%) 

Alcohol use (%)     

Non-drinker 5626 (68.3%) 543 (75.8%) 516 (77.0%) 490 (83.2%) 

Low/Moderate 1726 (21.0%) 89 (12.4%) 86 (12.8%) 60 (10.2%) 

Heavy 885 (10.7%) 84 (11.7%) 68 (10.1%) 39 (6.6%) 

Body Mass Index 

(kg/m2) 27.0 ± 4.9 27.5 ± 5.5 27.6 ± 6.4 28.1 ± 5.9 

Current Smoker (%) 1150 (14.0%) 151 (21.1%) 123 (18.4%) 131 (22.2%) 

Physical Activity (%) 4222 (51.3%) 302 (42.2%) 232 (34.6%) 150 (25.5%) 

Pre-existing 

conditions (%)     

High Blood 

Pressure  3441 (41.8%) 337 (47.1%) 324 (48.4%) 339 (57.6%) 

Diabetes  891 (10.8%) 100 (14.0%) 109 (16.3%) 113 (19.2%) 

 

Footnote : Data presented as N(%) or mean±standard deviation, where applicable  

 

 

 

 

 

 

 

 

 

 



 
 

118 

5. Conclusion 

 This dissertation set out to develop and demonstrate novel quantitative bias analytical 

methods for addressing time-varying uncontrolled confounding in epidemiologic studies of time-

varying exposures in chronic diseases. Each study sought to emphasize the broader picture and 

context of why bias analysis remains critical in epidemiology. Electronic medical records and 

historical population studies with decades of follow-up for events, repeated measurements, and 

granular data on a variety of previously understudied biomarkers and exposures, are essential 

sources for research. Causal methodology has afforded researchers the tools to answer complex 

causal questions, thereby leading to the causal inference revolution. These powerful causal 

inference studies using big data are increasingly informing public health. As these big data 

studies grow, their random error concerns diminish but their systematic error concerns grow 

since they can no longer hide behind random sampling uncertainty. There is, therefore, a critical 

need for rigorous sensitivity or bias analysis to address systematic error (or bias) and 

overconfidence in the results. This dissertation adds to the toolkit for quantitative bias analysis 

and causal inference by addressing time-varying uncontrolled confounding. 

Study 1 described the structures of time-varying uncontrolled confounding using directed 

acyclic graphs. Given the multiple time points of measurements, directed acyclic graphs were 

critical in illustrating how an uncontrolled confounder would relate to the outcome, next 

measurement of exposure, next measurement of other covariates and act as a mediator. When 

using g-computation, the presence of time-varying uncontrolled confounding demonstrated 

biased effect estimates. Motivation hypothetical examples in cancer epidemiology provided the 

context within clinical research. Longitudinal studies are affected by time-varying uncontrolled 

confounding and the magnitude of bias would be exacerbated depending on the timing and 
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strength of the uncontrolled confounder relationships. Study 1 demonstrated the repercussions of 

time-varying uncontrolled confounding in research and provided the rationale to pursue 

sensitivity analysis methods.  

Study 2 demonstrated the novel bias analysis method of a bias offset in combination with 

g-computation. Building on study 1, study 2 showed how a bias offset method using plasmode 

simulations could remove biasing paths and address the presence of time-varying uncontrolled 

confounding on effect estimates. Data from the Health and Retirement Study were used to 

investigate the relationship of joint elevated depressive symptoms and overall, breast, and 

prostate cancer incidence in a cohort of older adults. This analysis observed a very small and 

almost null joint risk difference for each outcome, although challenges in precision made it 

difficult for estimation. This study failed to find a relationship between elevated depressive 

symptoms and overall cancer incidence and were of a similar conclusion to other studies. 

Subsequently, the use of a bias offset to adjust for unmeasured time-varying sedentary behavior 

suggested that the results were generally robust. Within the context of cancer epidemiology, 

additional studies are needed to better understand the relationship of longitudinal elevated 

depressive symptoms and cancer incidence, with a specific focus on site-specific cancers. Within 

the context of bias analysis, study 2 showcased the application of a bias offset as one method in 

addressing time-varying uncontrolled confounding. 

Study 3 examined the combination of an inverse probability of uncontrolled confounding 

weight and g-computation to examine time-varying uncontrolled confounding. Akin to study 2, 

study 3 demonstrated the development of an inverse probability of uncontrolled confounding 

weight used with a mis-specified g-computation outcome model to obtain a bias-adjusted 

estimate. Using data from the Health and Retirement Study, study 3 investigated the relationship 
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of persistent elevated depressive symptoms with incidence of cardiovascular disease, compared 

with lower depressive symptoms at all times. The g-computation results suggested a modest joint 

relative risk and risk difference that was consistent across a series of sensitivity analyses, albeit 

with some difficulties in precision. Study 3 also examined time-varying sedentary behavior in 

bias analysis. It showed that the magnitude of the relationships with time-varying uncontrolled 

confounding as well as its role (i.e., a confounder only or a confounder and mediator), would 

impact results. Thus, study 3 illustrated another bias analysis method with g-computation and 

called for caution when determining the bias parameters and causal structure.  

This dissertation described time-varying uncontrolled confounding and introduced novel 

bias analysis methods in combination with g-computation. Its illustrations using the Health and 

Retirement Study exemplify how longitudinal and covariate-rich datasets could inform public 

health and results should be subject to bias analysis. In addition to the public health implications 

and importance of sensitivity analyses, this dissertation could also inform additional work in bias 

analysis. Future avenues in the context of time-varying uncontrolled confounders include 

extension of these methods to encompass other distributions and forms of the uncontrolled 

confounders, utilize other methods and effect estimates featured in causal inference such as g-

estimation or inverse probability weighting and pooled or cumulative effects, respectively, and 

applications to studies of more time points of follow-up to address the more complex time-

varying structures. Furthermore, this work only addressed one source of bias. Future research 

should investigate methods to address multiple sources of biases. Although epidemiology has 

been at the forefront of causal inference and bias analysis, it has focused largely on single time 

point or point exposure studies in addressing uncontrolled confounding. This dissertation is an 

ambitious attempt to close the gap by extending and applying bias modeling to time-varying 
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uncontrolled confounding. Hopefully, this work will stimulate more frequent use of quantitative 

bias analysis to evaluate the sensitivity of the results of empirical observational studies to 

uncontrolled confounding that changes as the exposures change.  
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