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Abstract

Epidemiologic studies often quantify exposure using biomarkers, which commonly have
statistically skewed distributions. Although normality assumption is not required if the biomarker
is used as an independent variable in linear regression, it has become common practice to log-
transform the biomarker concentrations. This transformation can be motivated by concerns for
non-linear dose—response relationship or outliers, however, such transformation may not always
reduce bias. In this study, we evaluated the validity of motivations underlying the decision to
log-transform an independent variable using simulations, considering eight scenarios that can give
rise to skewed Xand normal Y. Our simulation study demonstrates that (1) if the skewness of
exposure did not arise from a biasing factor (e.g., measurement error), the analytic approach with
the best overall model fit best reflected the underlying outcome generating methods and was least
biased, regardless of the skewness of X'and (2) all estimates were biased if the skewness of
exposure was a consequence of a biasing factor. We additionally illustrate a process to determine
whether the transformation of an independent variable is needed using NHANES. Our study and
suggestion to divorce the shape of the exposure distribution from the decision to log-transform

it may aid researchers in planning for analysis using biomarkers or other skewed independent
variables.

INTRODUCTION

Epidemiologic research often quantifies human exposures in terms of concentrations
measured in a biospecimen such as urine, blood, or tissue (i.e., biomarkers of exposure).
Whether they are compounds of interest or metabolic byproducts, biomarkers often have
defining characteristics: positive values, low concentrations with few extremely high
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observations, oftentimes resulting in non-normal, statistically “skewed” distributions. It
is commonly observed that biomarkers of environmental exposures, such as phthalate
metabolites and heavy metals measured in urine, are highly skewed to the right (1), as are
biomarkers of micronutrients (e.g., vitamin D (2), triglycerides (3)) and clinical endpoints
(e.g., c-reactive protein (4), hemoglobin A1C (5)).

When evaluating the relation between a skewed exposure and a health endpoint using
regression, it has become common practice to use the log value of the exposure (hereafter
“log-transform”) as the independent variable in regression models rather than the original
measured values (6). Transformations of independent variables to improve model fit have

a long history (7) and log-transformation has become a de facto standard. Motivations for
log-transforming independent variables stated in the literature include addressing nonlinear
or nonadditive dose-response relationship (8, 9), reducing outlier influence (10, 11),
reporting study results in a format that is directly comparable with previous publications,
or responding to the misconception that independent variables must conform to specific
distributional assumptions (e.g., normality). Because log-transformation of independent
variables fundamentally alters the interpretation of regression coefficients, careful selection
of exposure transformations is warranted. One parsimonious approach to approximating
the true, non-linear dose—response relationship in regression models is by iteratively
power-transforming exposure, including log-transformation, and selecting the transformation
method that best normalizes the error term, as described by Box and Tidwell (7, 12).
However, such assessments are rarely described in the literature and motivations for log-
transformations are often left unstated, leaving open the possibility that log-transformation
of exposure is done out of habit rather than principle.

In this paper, we review motivations underlying log-transformation of skewed independent
variables given in the literature and use simulations to illustrate the need to divorce the shape
of the exposure distribution from the decision to log-transform it. Finally, we demonstrate

a process for deciding between log-transforming an independent variable or leaving it
untransformed, using a case study of blood lead and blood pressure in National Health and
Nutrition Examination Survey (NHANES). NHANES data were deidentified and therefore
IRB review of this study was not required

DESCRIPTION OF THE PROBLEM

The scenario addressed in this manuscript arises when the goal is to learn about
associations between some continuous exposure (.X) and an outcome ( Y) using regression
methods. Often, such models will be in the form of a generalized linear model

g(E(Y|X, B)) = By + h(X)By, Where g(-) is the link function and A(X) is some transformation

of the exposure (e.g., no transformation, spline basis function, log-transformation) and S is
the set of parameters of interest. Such models typically include distributional assumptions,
such as in linear regression where Y — E(Y| X, B) is assumed to follow a normal (Gaussian)
distribution, such that Yis “conditionally normal.” An often informally given motivation

for log-transforming exposure is to approximate a normal distribution for the transformed
exposure. For an exposure that follows log—normal distribution, log-transformation results in
a normally distributed variable; however, log-transformation can introduce more skewness or
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spread if exposure follows other distributions (13, 14). Even when log-transformation results
in a normal distribution, such distributional assumptions are required for the error term,

not for independent variables (12). While log-transformation of exposure may be useful for
exploring exposure distributions or estimating quantities such as geometric means, normality
of exposures is not a prerequisite for estimating their relationship with on a health outcome
in regression models. Aside from this mistaken reasoning, two other commonly cited and
testable motivations for log-transforming independent variables are to conform to non-linear
dose-response (8, 9) or reduce any potential impacts of outliers (10, 11).

SIMULATION EXAMPLE

We consider a study in which we are interested in assessing the relation between a skewed
independent variable (X) and a conditionally normal dependent variable (Y) via a linear
regression model. In this setting, we use simulated data to explore the validity of motivations
for log-transformation of independent variables. The fact that an independent variable does
not follow a normal distribution oftentimes motivates its log-transformation. Therefore, we
explore several settings that can give rise to skewed exposure distribution, including 1)

truly log—normal distribution, and distributions that appear skewed due to other factors: 2)
truncation, 3) mixed distribution, and 4) measurement error.

Data generation methods

We consider a total of eight scenarios, with four X generation methods (XGs) motivated by
the above scenarios and two Y generation methods (Y Gs) representing different exposure-
response scenarios (Table 1). Y'is generated with either E(Y | X) = 0.3*X [YGagq] or

E(Y|X) = 0.3* In(X) [YGmuitl, which addresses the motivation to transform exposure to meet
theoretical dose—response functions. For each YG, we consider four different XGs including
three that may give rise to skewness and/or outliers without X following a log—normal
distribution.

1 XGogn: We start with a simple case where X'is drawn from a log—normal
distribution (XGogn; in(X) ~ N(u. 0)).

2. XGmen: We use a simple alternative to log—normal distribution by
drawing X from a normal distribution that is truncated at 0.01 (XGypen;
X ~TN(a=0.01,u, 30)).

3. XGwmixed: We address the situation when a skewed distribution arises because
a study sample consists of two or more subpopulations, in what is sometimes
known as a “mixture” distribution (15). For example, individuals who encounter
chemicals in workplaces or reside in contaminated areas can experience
exposures that are substantially higher than that occurring in typical, daily
exposures in the general population. We operationalize the mixture distribution
(XGmixed) by drawing X from a normal distribution truncated at 0.01
(X ~TN(a=0.01, u, 30)) with probability 0.8 and another truncated normal
distribution (X ~ TN(a = 0.01, 1.54, 905)) with probability 0.2, implying a mixture
of two truncated-normal distributions.

Epidemiology. Author manuscript; available in PMC 2023 November 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Choi et al.

Page 4

4, XGwmerr: Last, we considered an outlier generation method through measurement
error (XGmerr)- XGmerr Was generated in three steps: 1) generate X from normal
distribution truncated at 0.01 (X ~TN(a =0, u, 30)), 2) generate Y'using .X;
according to YGs, and 3) randomly select 5% of X'to introduce random noise
that is proportional to the original values of X. As a result, X'in XGygrr cONsists
of 95% of X with perfect measurement and 5% of X with measurement error that
can result in outliers (i.e., data points with values of Y'that do not follow the
trend of rest of the data) and/or high leverage observations (i.e., extremely high
or low values of X).

We note here that, for XG|_ogn, XGtineN, and XGvixed, One could expect to find an
estimator of the dose-response relationship that achieves no bias. XGygr represents a
more realistic case where the best that one could hope for (absent a formal correction for
measurement error bias), is to find an estimator with the lowest bias in a given setting.

We demonstrate the impact of log-transforming an independent variable on estimation and
model fit using simple simulations. Using the XGs and YGs described previously, we
performed 1000 simulations for a hypothetical study assessing the impact of skewed X
with a continuous Y'that follows normal distribution, in a sample size of 500. For the

sake of simplicity, we assume no confounding or selection bias. As sensitivity analyses, we
considered alternative distributions of .X; strengths of association, and sample size.

Data analysis methods

For each combination of XG and YG, we estimate an association between Xand Yusing a
linear regression model (LM) with X or In(X). Since concerns for outliers may motivate the
log-transformation of .X; we consider an alternative regression analysis using robust linear
models. The robust linear model uses M-estimation, which, like least squares, minimizes

a function of the residuals; unlike least squares, however, it penalizes large residuals less
severely, which reduces outlier impact in expectation (16). For each regression model,

we summarize the overall model performance across the 1,000 simulated datasets using
average log-likelihood. We note here that bias of regression coefficients is not a meaningful
comparison of two approaches because regression with two different transformations of
exposure implies fundamentally distinct regression curves, except under the null. Hence, we
focus on assessing bias via averaging predicted values of Y at specific percentiles of X;
denoted p(ylx,) where X is the theoretical gth percentile of X'and 7 is the mean of predicted

values. For X percentiles 251, 501, and 75!, we generated the following parameters: we
generated the following parameters: mean bias (parameter estimate minus truth averaged
across all simulations), mean percent bias (bias over truth multiplied by 100 averaged across
all simulations), and mean 95% confidence interval coverage (proportion of 95% confidence
interval including the truth averaged across all simulations). Asymptotically derived 95%
confidence intervals (estimate £ 1.96*standard error derived from the model covariance
matrix) were used in the simulation to estimate 95% confidence interval coverage, since Y5
were not transformed and there was no covariate adjustment.

We also estimated marginal effects of changing all X from its 75™ to 50t theoretical
percentiles (and 50t to 25t theoretical percentiles). Two exposure contrasts (i.e., 75" to
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50t and 50t to 25 theoretical percentiles) could also be conceived as two distinct, absolute
change in exposure levels (e.g., 0.78 ug/dL and 0.47 ug/dL decrease in blood lead). In the
current simulation section, we report the exposure contrast using percentiles because the
units are arbitrary in our simulation; in the real-world example section using NHANES,

we include the values equivalent to the exposure contrast values. Further, additive relations
between Yand log(X) would imply multiplicative relations in another scale (e.g., Y'and

X) that results in an effect estimate per 1 unit increase in Xthat changes depending on

the value of .X; rather than being constant. The average absolute difference in predicted
values of Y'with a quartile increase in X'was defined as P(ylxg) — P(lxg0) where X, and

Xqo are the theoretical X percentiles. We generated mean bias, mean percent bias, mean
root mean squared error (i.e., standard deviation of predicted value minus truth, averaged
across all simulations), and Monte Carlo standard deviation (i.e., standard deviation of beta
coefficients across 1,000 simulated datasets).

We conducted all analyses with R version 4.1 and robust linear regression using package
‘MASS’ with MM estimator, which is an M-estimator with Tukey’s biweight and fixed scale
(16).

Simulation results are summarized in terms of overall model fit (Table 2), parameter
estimates for expected values of Yat X percentiles (Table 2), and bias in expected
differences in Y'per a quartile increase in X (Figure 1). In the absence of measurement
error (i.e., all data generation methods for X except XGpgr), the analytic approach that best
reflected the data generation methods of Y'resulted in the least biased estimates and best
model fit across all data generation methods. For example, expected values of Y’ modeled
with generalized linear models or robust linear models with untransformed X were least
biased with coverage close to 95%, when the true dose—response relationship was linear
(YGagqq), even in the presence of outliers (XGmixed)- Using log-transformed X when the
true dose—response is linear resulted in biased estimates, with greater average bias at lower
X percentiles across all data generation methods except for XG_ogn (Table 2). Incorrect
model specification (e.g., log-transformed X for YGaqq) Yielded biased effect estimates,
with the extent of bias varying by the exposure contrast, for both generalized and robust
linear models (Figure 1).

In XGpmerr, Whereby outliers were introduced from measurement error, all models yielded
biased estimates. Mean bias of expected Y 'values were over 5% for all analytic models.
When the true dose—response relationship was linear (YGaqq), expected Y5 were more
biased at Q1 and Q3 than at Q2; incorrect model specification resulted in the most biased
estimates when the true dose—response was on a multiplicative scale (YGmurr)-

In the case of Y Gy with incorrect model specification (i.e., untransformed X), robust
linear models generally yielded less biased effect estimates than that from generalized linear
models when true effect sizes were larger (Figure 2a). We also observed that incorrect model
specification yielded greater bias in more skewed X distributions (Figure 2b). When we
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repeated the simulation with smaller sample size, results were similar to those of the primary
analyses.

APPLIED EXAMPLE: BLOOD LEAD AND BLOOD PRESSURE

To illustrate the process of dealing with skewed independent variables, we present as

an example an investigation of a well-studied relationship between blood lead and blood
pressure using NHANES 1999-2016. Although several studies have examined links between
blood lead and blood pressure in NHANES (17-22), results are reported with blood lead in a
mixed format: log-transformed, untransformed continuous, or categorical.

In this example, we evaluate exposure response functions between blood lead concentrations
and systolic blood pressure. Similar to previous literature, we restricted NHANES
participants to non-pregnant adults (20-79 years) who were not on anti-hypertensive
medication and had complete data on blood lead concentrations (ug/dL), blood pressure
(mmHg) measurements, and commonly adjusted covariates: age, education, race/ethnicity,
household income, hypertension medication status, and waist circumference. We calculated
systolic blood pressure (mmHg) following Centers for Disease Control and Prevention
(CDC) recommendations, to average across blood pressure readings excluding the first
reading unless only one is provided, in which case the one reading serves as the average
(23). Since our outcome variable, systolic blood pressure, was right-skewed, we applied
Box—Cox transformation. We transformed systolic blood pressure with a lambda of —1.23,
where lambda was selected by methods described by Box and Tidwell (7).

The study sample consisted of 23,113 individuals whose median blood pressure and lead
were 118 mmHg (IQR: 109-128 mmHg) and 1.32 ug/dL (0.83-2.10 ug/dL), respectively.
Distributions of blood lead concentrations were lower among females (median: 1.09 ug/dL;
IQR: 0.70-1.68 ug/dL) than males (1.61 ug/dL; 1.03-2.55 ug/dL), similar to our simulation
data generated under mixture distribution (XGpixeq)- In @ bivariate plot overlaying the crude
dose-response relationship between blood lead and systolic blood pressure, expected values
of blood pressure at 25t to 75t percentiles of blood lead were similar across all models;
however, the expected values varied substantially at lower and higher tails of blood lead
(Figure 3).

We estimated associations between box-cox transformed systolic blood pressure and blood
lead using four regression models: linear regression, robust linear model, linear regression
with quadratic term for blood lead, and linear regression with log-transformed blood

lead. For each analytic approach, estimates were obtained with or without adjustment

for age (quadratic), gender (male/female[ref]), race/ethnicity (Hispanic/non-Hispanic black/
non-Hispanic white[ref]/other), calendar year (linear), waist circumference (linear). We
bootstrapped 95% confidence intervals using R package &oot (5,000 iterations). When model
fit was compared using AIC, the approach with log-transformed lead appeared to perform
the best (Table 3). Compared to the analytic approach that best fit the data (i.e., linear
regression with log-transformed lead), the expected difference in systolic blood pressure per
quartile change in blood lead was lower for all other approaches, particularly at lower and
higher tails of blood lead. For example, the fully adjusted model with In(blood lead) best
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fit the data (AIC: - 301648.57) as compared to that with untransformed blood lead (AIC:
-301635.14); expected difference in systolic blood pressure was higher at lower percentiles
of X. However, we note that model fit is a global phenomenon that depends on specification
beyond simple transformations. When we modified our approach to allow non-additive
effect measure modification by sex, model fit criteria in the stratum of males was best for
linear regression using In(blood lead) while linear regression with untransformed blood lead
was best in the stratum of females (Table 4).

DISCUSSION

This study demonstrates that a skewed exposure distribution does not necessitate the
decision to log-transform exposure, using simulations under eight scenarios that could give
rise to skewed X and normal Y. Our simulation results suggest that log-transforming an
independent variable can bias effect estimates when the underlying true dose—response
relationship is linear (YGagg), even in the presence of outliers (XGpjixeq)- In the absence

of other sources of bias (i.e., XG| ggn, XG_Trunc, and XGyixeq), the analytic approach

that best reflected the underlying truth had the best model performance and least biased
estimates, regardless of the skewness of the independent variable. In the presence of another
bias source (e.g., measurement error in XGpgyr), all approaches yielded biased estimates.
Although the true dose—response relationship is always unknown, comparing model fit
under different analytical approaches can provide guidance on selecting the model that

best represents associations in the analytic dataset. Fit statistics, such as AIC used in our
example, can be useful as RMSE and %bias cannot be derived without the truth. Our
findings illustrate that the decision to log-transform independent variables should be based
on whether such transformation improves model fit statistics compared to alternative model
specifications, rather than basing the decision on the distribution of the independent variable.

Although concerns for outlier influences are often reported as mativations to log-
transform skewed independent variables, our simulation results comparing estimates by X
transformation or robust linear model suggest that outlier influence is a lesser concern than
incorrect model specification. Log-transforming X substantially biased expected values of
Y and expected values of Y'per X contrasts when the underlying true relations were linear,
across all data generation methods. Our results are in line with the previously demonstrated
finding that using a geometric mean to describe the central tendency of a log-transformed
independent variable is not more robust to outliers or precise than the arithmetic mean (13).

We additionally demonstrated a worked example using NHANES to determine the

optimal modeling approach for a skewed exposure variable. Rather than defaulting to log-
transformation, we compared analytic models with various forms (i.e., original, quadratic,
log-transformed). We also assessed effect measure modification and compared alternative
analytic approaches (i.e., robust linear model). Although a similar level of skewness was
observed across all models, comparing AIC lent support that the model with log-transformed
Xbest fit the data in our example overall and among males only, but not among females
only. Importantly, we found that associations were weaker in models that did not fit the data
well.
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Throughout, we focus on assessing model fit for estimating £(Y/X). A key related concern in
linear and generalized linear models is that of the error term and the validity of conventional
standard errors depend on accurate specification of the error term distribution. Thus, one
might speculate that examining model residuals is also crucial to our endeavor, since it can
help uncover phenomena like violations of homoskedasticity (does the variance change with
values of predictors) that signal model misspecification. However, we note that in the special
case of our g-computation-based estimator (with bootstrap standard errors in the case of

our blood lead example), the validity of the estimates does not depend on homoskedasticity
of the error term, and only the “mean model” for estimating £('Y/X) need be correctly
specified. Thus, in contrast to AIC, which addresses relative goodness of fit for competing
mean models, examination of model residuals may yield misleading information about
whether one should transform exposures because residuals are impacted by the mean model
as well as the error distribution. In the case where one is interested in model parameters,
rather than g-computation, an alternative way to address non-normal residuals would be

the use of heteroskedasticity-robust standard errors, or bootstrapping. In the case of our
blood lead example, one can also address non-normal error term distributions through
transformations of the outcome. G-computation gives a framework for easily contrasting
implications of different transformations of the data.

A broader contribution of this work is that we demonstrate an approach to assessing whether
transformations of independent variables may be needed. Following the original work of
Box and Tidwell (7), we focus on how the transformation of independent variables affects
overall model fit. Alternative to relying on significance testing of independent variables,

our approach to compare the overall fit of models with different exposure transformations
more directly addresses the central question of how exposures should be entered into the
model. Comparing the size and precision of effect estimates from models with different
exposure transformations is typically difficult because transformation fundamentally alters
the interpretation of model coefficients. However, our approach of focusing on expected
values and contrasts of expected values at specific values of exposure ameliorates this

issue and allows direct comparison of the implied effect sizes under each transformation.
This approach is also beneficial when different transformations may fit better in subsets

of the data, as in our NHANES example: regression coefficients for males and females
were not comparable due to different preferred transformations, but the expected contrasts
were easily comparable. This approach also benefited interpretability due to our Box—Cox
transformation of the study outcome, which would otherwise yield effect measures that do
not map directly onto the measured outcome. We note that this approach is a simple form of
g-computation, which has wide applicability for use in flexible models (24-26).

When presented with skewed independent variables, defaulting to log-transformation is not
a one-size-fits-all approach to resolve potential biases. Rather, it may be more important to
apply epidemiologic thinking to speculate on sources of bias and approaches to resolve
specific biases identified. For example, log-transforming an independent variable may

not fit the data well if the underlying dose—response relationship is non-linear on the

log scale (e.g., linear or quadratic on the additive scale), irrespective of the skewness

of exposure. Specifically for skewed exposure, a mixture distribution of two distinct
populations (non-occupational and occupational sources) could additionally include another
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source of bias (e.g., healthy worker bias), in which case estimation of dose-response in
stratified populations may be more appropriate. Another example that can give rise to
skewed exposure is outliers, potentially introduced by measurement error due to factors
such as batch effects or urinary dilution, in which case correcting for information bias

(27) would be preferable to log-transformation. While not demonstrated in our study, other
potential sources of bias (i.e., confounding, selection) can be considered as to whether
they can give rise to a skewed distribution of the independent variable and corrected for
using appropriate methods rather than log-transforming the independent variable. Last, our
findings on Xtransformation also apply to misspecification of confounders and residual
confounding, reinforcing the importance of correct model specification since transformation
of independent variables is one of many approaches to improve model fit (28).

CONCLUSION

Findings from our simulation suggest that in general linear models, skewness of an
independent variable does not always warrant log-transformation, even in the presence of
outliers, and can bias effect estimates at lower and higher tails of the distribution if it

does not reflect the underlying true dose—response relationship. Broadly, we recommend
that skewed distribution of independent variables should not inform the decision to log-
transform exposure, unless such skewness is thought to have arisen from a source of bias.
Since the true dose—response relationship is unknown, investigators should consider several
analytic models and base their final model selection on a comparison of fit statistics. In

our simulations, model fit was correlated with bias, suggesting that the Akaike information
criterion may be a useful tool for comparing competing models when the true bias is
unknown. If skewed distribution of an independent variable is thought to have arisen from
a bias source (e.g., confounder, selection, measurement error), it is important to include in
model comparison the analytic models that directly address and ameliorate such bias rather
than log-transforming the independent variable.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Source of Funding:

This work was supported by grant RO1ES029531 to investigator Alexander P. Keil from National Institute of
Health/National Institute of Environmental Health Sciences (NIH/NIEHS) and grant RO1ES030078 to investigator
Jessie P. Buckley from NIH/NIEHS and training grant T32ES007141 to investigator Giehae Choi.

REFERENCES

1. Hendryx M, Luo J. Children’s environmental chemical exposures in the USA, NHANES 2003-
2012. Environ Sci Pollut Res Int 2018;25(6):5336—43. [PubMed: 29209969]

2. Yetley EA. Assessing the vitamin D status of the US population. The American journal of clinical
nutrition 2008;88(2):5585-64S. [PubMed: 18689402]

3. den Engelsen C, Koekkoek PS, Gorter KJ, et al. High-sensitivity C-reactive protein to detect
metabolic syndrome in a centrally obese population: a cross-sectional analysis. Cardiovascular
diabetology 2012;11(1):1-7. [PubMed: 22230104]

Epidemiology. Author manuscript; available in PMC 2023 November 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Choi et al.

10

11.

12.
13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Page 10

. C-reactive protein concentration and risk of coronary heart disease, stroke, and mortality: an

individual participant meta-analysis. The Lancet 2010;375(9709):132-40.

. Menke A, Rust KF, Savage PJ, et al. Hemoglobin Alc, fasting plasma glucose, and 2-hour

plasma glucose distributions in U.S. population subgroups: NHANES 2005-2010. Ann Epidemiol
2014;24(2):83-9. [PubMed: 24246264]

. Hu JMY, Zhuang LH, Bernardo BA, et al. Statistical Challenges in the Analysis of Biomarkers

of Environmental Chemical Exposures for Perinatal Epidemiology. Current Epidemiology Reports
2018;5(3):284-92.

. Box GE, Tidwell PW. Transformation of the independent variables. Technometrics 1962;4(4):531—

50.

. Vandenberg LN, Colborn T, Hayes TB, et al. Hormones and endocrine-disrupting chemicals:

low-dose effects and nonmonotonic dose responses. Endocr Rev 2012;33(3):378-455. [PubMed:
22419778]

. NIEHS. Statistical Approaches for Assessing Health Effects of Environmental Chemical Mixtures

in Epidemiology Studies. 2015. (https://www.niehs.nih.gov/news/events/pastmtg/2015/statistical/.).
(Accessed February 1 2021).

. Oulhote Y, Lanphear B, Braun JM, et al. Gestational Exposures to Phthalates and Folic Acid,

and Autistic Traits in Canadian Children. Environ Health Perspect 2020;128(2):27004. [PubMed:
32073305]

Spanier AJ, Kahn RS, Kunselman AR, et al. Prenatal exposure to bisphenol A and child wheeze
from birth to 3 years of age. Environ Health Perspect 2012;120(6):916-20. [PubMed: 22334053]

Weisberg S Applied linear regression. John Wiley & Sons; 2013.

Feng C, Wang H, Lu N, et al. Log transformation: application and interpretation in biomedical
research. Stat Med 2013;32(2):230-9. [PubMed: 22806695]

Feng C, Wang H, Lu N, et al. Log-transformation and its implications for data analysis. Shanghai
Arch Psychiatry 2014;26(2):105-9. [PubMed: 25092958]

Singh AK, Singh A, Engelhardt M. The lognormal distribution in environmental applications.
Presented at Technology Support Center Issue Paper1997.

Ripley B, Venables B, Bates DM, et al. Package ‘mass’. Cran r 2013;538:113-20.

Den Hond E, Nawrot T, Staessen JA. The relationship between blood pressure and blood

lead in NHANES I11. National Health and Nutritional Examination Survey. J Hum Hypertens
2002;16(8):563-8. [PubMed: 12149662]

Hara A, Thijs L, Asayama K, et al. Blood pressure in relation to environmental lead exposure in
the national health and nutrition examination survey 2003 to 2010. Hypertension 2015;65(1):62-9.
[PubMed: 25287397]

Miao H, Liu Y, Tsai TC, et al. Association Between Blood Lead Level and

Uncontrolled Hypertension in the US Population (NHANES 1999-2016). J Am Heart Assoc
2020;9(13):e015533. [PubMed: 32573312]

Scinicariello F, Abadin HG, Murray HE. Association of low-level blood lead and blood pressure in
NHANES 1999-2006. Environ Res 2011;111(8):1249-57. [PubMed: 21907978]

Teye SO, Yanosky JD, Cuffee Y, et al. Association between blood lead levels and blood

pressure in American adults: results from NHANES 1999-2016. Environ Sci Pollut Res Int
2020;27(36):45836—43. [PubMed: 32803607]

Tsoi MF, Lo CWH, Cheung TT, et al. Blood lead level and risk of hypertension in the United
States National Health and Nutrition Examination Survey 1999-2016. Sci Rep 2021;11(1):3010.
[PubMed: 33542319]

Control CfD, Prevention. NHANES Physical Examination Procedures Manual. Hyattsville, MD,
US Department of Health and Human Services, Centers for Disease Control and Prevention 2004.
Keil AP, Buckley JP, O’Brien KM, et al. A quantile-based g-computation approach to addressing
the effects of exposure mixtures. Environmental health perspectives 2020;128(4):047004.

Robins J A new approach to causal inference in mortality studies with a sustained exposure period
—application to control of the healthy worker survivor effect. Mathematical modelling 1986;7(9—
12):1393-512.

Epidemiology. Author manuscript; available in PMC 2023 November 01.


https://www.niehs.nih.gov/news/events/pastmtg/2015/statistical/

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Choi et al. Page 11

26. Keil AP, Edwards JK, Richardson DR, et al. The parametric G-formula for time-to-event data:
towards intuition with a worked example. Epidemiology (Cambridge, Mass) 2014;25(6):889.

27. Tworoger SS, Hankinson SE. Use of biomarkers in epidemiologic studies: minimizing the
influence of measurement error in the study design and analysis. Cancer Causes Control
2006;17(7):889-99. [PubMed: 16841256]

28. Greenland S. Dose-response and trend analysis in epidemiology: alternatives to categorical
analysis. Epidemiology 1995:356-65. [PubMed: 7548341]

Epidemiology. Author manuscript; available in PMC 2023 November 01.



1duosnuey Joyiny

Choi et al.

Page 12

a) Mean bias averaged across all iterations (error bars represent values at 25" and 975" ranked iteration)
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Figure 1.
Mean bias (a), percent bias (b), and root mean squared error (c) associated with

P(v|xq1) = P(y|x40)- Each figure contains results from 8 X generation method (XGs) and

Y data generation methods (YGs) across 1000 simulations with a sample size of 500, with
additive YG presented in the top row and multiplicative YG in the bottom row.

IXGogn: IN(X) ~ N(=0.42, 0=0.8); "X Grpyncn: X~ TN (a=0.01, p=0.42, 0=2.4);
CXGpixed: 80% of X ~ TN (a=0.01, p=0.42, 5=2.4), 20% of X ~ TN (a=0.01, u=0.63,
0=7.2); IXGpmerr: 95% of X ~ Xtruth, 5% of X~ Xqruin*METrT, where Xqum ~TN(a=0.01,
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1=0.42, 0=2.4) and MErr ~ TN(a=0.01, p=1, 0=2).; ®YGaqq; Y= 0.3X+ N(0,1).; 'YGpmurt:
Y'=0.3In(X) + N(0,1).
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2(y|x75) — P(¥|x50)). Each figure contains results from 8 X generation method (XGs) and

Y data generation methods (YGs) across 1000 simulations with a sample size of 500, with
additive YG presented in the top row and multiplicative YG in the bottom row.

aXGogn: In(X) ~ N(u=0.42, 0=0.8); DX Grrunen: X~ TN (a=0.01, p=0.42, 0=2.4);

X Gpmixed: 80% of X ~ TN (a=0.01, y=0.42, 0=2.4), 20% of X ~ TN (a=0.01, p=0.63,
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0=7.2); I XGpmerr; 95% of X ~ Xyyth, 5% OF X ~ Xruth*METrT, where Xy ~TN(a=0.01,
u=0.42, 0=2.4) and MErr ~ TN(a=0.01, p=1, 0=2).; ®YGaqq; Y= 0.3.X+ N(0,1).; 'YGpmurt:
Y'=0.3In(X) + N(0,1).
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Figure 3.
Scatter plot of blood lead (ug/dL) and systolic blood pressure (mmHg) along with regression
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Table 1

Data generation methods of Xand Yused in the simulation studies.

Notation Description Parameters

X generation methods (XGs)

XGrogn | Xfollows log-normal distribution In(X) ~ N(#=0.42, 0= 10.8)

XGrmen | X follows normal distribution, truncated at zero X~TN (a=0.01, u=0.42, o= 2.4)

XGpixed | XTollows skewed distribution due to mixed distribution (two truncated normal) | 80% of X~ TN (a=0.01, 4= 0.42, c=2.4)
20% of X~ TN (a=0.01, u=0.63, 0=7.2)

XGpmerr | Xfollows skewed distribution due to measurement error 95% of X~ thha

5% of X~ Xrpyn *MErT?

Y generation methods (Y Gs)

YGadd Additive associations between Xand Y y= [SXC*X+ Errord

YGpurt Multiplicative associations between Xand Y y= [ch*ln(X) + Errord

Abbreviations: In, natural log; 4 mean; o, standard deviation; &, lower truncation point; N, normal distribution; TN, truncated normal distribution.

aXTruth: true values of X'measured without error, which follows TN(a=0.01, x=0.42, o= 2.4)

b . . .
MErr: measurement error that is proportional to the true values of X; which follows TN(a=0.01, y=1, o=2).

[5 . . - .
BX: linear regression coefficient of the untransformed/transformed X, which was set to 0.3.

a . . .
Error: linear regression error term, which follows ~ N(0,1)
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Page 21

Average predicted values of systolic blood pressure at percentiles of blood lead (5(y|x,)), marginal

difference in predicted systolic blood pressure equivalent to 25 percentile change in the total population
(3(v | x41) = B(y | x40), Where exposure contrast from 50" to 251 percentile=0.47 ug/dL and 75" to

50tpercentile=0.78 ug/dL), and their model fit by analytic approach in NHANES 1999-2016 (n=23,113)a

Regression models

Linear Robust L og-transfor med Quadratic
Crude
AIC -296581 -296539 -297174 -296814
Py | x25) 115.69 (115.41, 115.96)  115.83 (115.56, 116.09)  114.8 (114.55, 115.05)  115.19 (114.86, 115.44)
Py | x50) 116.20 (115.98, 116.42)  116.47 (116.26, 116.69)  116.71 (116.49, 116.93)  116.09 (115.87, 116.31)
(v | x75) 117.01 (116.77,117.28)  117.51 (117.27,117.75)  118.69 (118.41,118.97)  117.51 (117.26, 117.89)

Py | x50) = (¥ | x25) 051 (0.41, 0.63) 0.64 (0.53, 0.76) 1.9 (L8, 2.1) 0.90 (0.79, 1.13)
p(y | x75) — p(¥ | x50) 0.82 (0.65, 1.0) 1.0 (0.86, 1.2) 2.0(1.8,2.1) 1.4(1.3,1.8)
Adjusted for age, gender, race/ethnicity, education, NHANES cycle, waist circumference
AlIC -301635 -301614 -301648 -301635
[J(y | x25) 118.22 (117.96, 118.48)  118.48 (118.24,118.73)  117.99 (117.69, 118.29)  118.15 (117.84, 118.43)
ﬁ(y | x50) 118.28 (118.04,118.51) 118.54 (118.32,118.77) 118.29(118.07,118.52) 118.25(118.01, 118.48)
17()’ | x75) 118.37 (118.14,118.60) 118.63 (118.42,118.86) 118.60 (118.34,118.88) 118.41 (118.18, 118.66)

(¥ | x50) = p(y | x25)

p(y | x75) = B(y | x50)

0.057 (~0.0061, 0.12) 0.058 (0.0052, 0.11) 0.31(0.13, 0.48)

0.092 (~0.0097, 0.20) 0.093 (0.0083, 0.18) 0.31(0.13, 0.49)

0.10 (0.011, 0.22)

0.16 (0.017, 0.34)

Abbreviations: linear, general linear model (GLM) with untransformed X; robust, robust linear model with untransformed X; log-transformed,
GLM with log-transformed X; quadratic, GLM with quadratic term for .X; AIC, Akaike information criterion.

a, . . . L ] .
Adjusted for age, gender, race/ethnicity, education, NHANES cycle, waist circumference and 95% confidence intervals bootstrapped.
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Table 4.
Sex-stratified average predicted values of systolic blood pressure at percentiles of blood lead (5(y|x)),
marginal difference in predicted systolic blood pressure per change in blood lead equivalent to 25 percentile
change in the total population (5(y | x41) = (y | x40), Where exposure contrast from 50" to 25 percentile=0.47
ug/dL and 75t to 50™percentile=0.78 ug/dL), and their model fit by analytic approach in NHANES 1999—
2016 (n=23,113)*

M odel

Par ameter

Females (n=11,180)

Males (n=11,933)

Linear

Robust

Log-transformed

Quadratic

AlC
p(y | x25)
p(y | x50)
p(y | x75)

B(y | x50) = p(¥ | x25)
B(y | x75) = p(¥ | x50)
AlC
p(y | x25)

p(y | x50)

p(y | x75)

p(y | x50) = p(y | x25)
p(y | x75) = B(y | x50)
AIC
p(y | x25)

Py | xs50)

Py | x75)

p(y | x50) = p(y | x25)
p(y | x75) = B(y | x50)
AlC
Py | x25)

Py | x50)

p(y | x75)

p(y | x50) = B(y | x25)

Py | x75) = (¥ | x50)

-145063
115.64 (115.26, 116.01)

115.71 (115.37, 116.05)
115.82 (115.43, 116.23)
0.071 (-0.070, 0.23)
0.11 (-0.11, 0.36)

-145052
115.93 (115.56, 116.29)

116.01 (115.67, 116.34)
116.14 (115.75, 116.52)
0.082 (~0.053, 0.22)
0.13 (~0.085, 0.35)

-145061
115.73 (115.35, 116.10)

115.73 (115.37, 116.08)
115.72 (115.25, 116.21)
-0.00078 (<0.25, 0.27)
-0.00078 (<0.25, 0.27)

-145061
115.61 (115.21, 115.99)

115.72 (115.37, 116.06)
115.87 (115.44, 116.34)
0.10 (-0.08, 0.33)

0.15 (-0.12, 0.49)

-157491
120.29 (119.94, 120.62)

120.36 (120.05, 120.66)
120.48 (120.19, 120.76)
0.073 (0.0049, 0.15)
0.12 (0.0077, 0.23)

—-157473
120.68 (120.35, 120.98)

120.74 (120.45, 121.02)
120.85 (120.57, 121.12)
0.068 (0.068, 0.13)
0.11 (0.011, 0.2)

-157501
119.90 (119.45, 120.33)

120.29 (119.98, 120.59)
120.68 (120.37, 120.99)
0.39 (0.16, 0.62)
0.39 (0.16, 0.63)

-157491
120.18 (119.73, 120.55)

120.30 (119.95, 120.61)
120.50 (120.21, 120.79)
0.12 (0.016, 0.27)

0.19 (0.026, 0.42)

Abbreviations: linear, general linear model (GLM) with untransformed X; robust, robust linear model with untransformed X; log-transformed,
GLM with log-transformed X; quadratic, GLM with quadratic term for X; AIC, Akaike information criterion.

a, . . . L ) .
Adjusted for age, gender, race/ethnicity, education, NHANES cycle, waist circumference and 95% confidence intervals bootstrapped.
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