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Abstract

In a large-scale environmental health population study that is composed of many subprojects, often
different fractions of participants out of the total enrolled have measures of specific outcomes. It’s
conceptually reasonable to assume the association study would benefit from utilizing additional
exposure information from those with a specific outcome of interest not measured. Partial least
squares regression is one of the practical approaches to determine exposure-outcome associations
for mixture data. Like a typical regression approach, however, the partial least squares regression
requires that each data observation must have both complete covariate and outcome data for model
fitting. In this paper, we propose novel adjustments to the general partial least squares regression
to estimate and examine the association effects of individual environmental exposure variables

to an outcome within a more complete context of the study population’s environmental mixture
exposures. The proposed framework essentially takes advantage of the bilinear model structure.

It allows information from all participants, with or without the outcome values, to contribute

to the model fitting and the statistical assessment of association effects. Using this proposed
framework, incorporation of additional information will lead to smaller root mean square errors

in the estimation of association effects, and improve the ability to assess the significance of the
effects.

Keywords
Adjusted SIMPLS; Metal mixture exposure; Mixture analysis; Navajo; Birth Cohort

"Corresponding author: rdu@uams.edu.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Duetal. Page 2

Introduction

Through interaction with the environment, people are exposed to a multitude of chemicals
that can directly or indirectly impact their health (Stern 1993). One example is exposure to
heavy metals that are ubiquitous and persist in the environment (Jarup 2003; Jaishankar et al.
2014). The effects of individual heavy metals on human health have been studied, but most
often without the context of metal mixture exposures (Gidlow 2004; Jomova et al. 2011;
Tollett et al. 2009); yet in reality heavy metal exposures often occur as mixtures (Silins et al.
2011; Wu et al. 2016).

Although studying the association of individual exposure variables comprising the mixture
related to a health outcome is appealing for a more realistic assessment of the environmental
influence on the outcome, there are many challenges to these statistical analyses. Statistical
models are required to incorporate the complexity of mixture exposures into analyses. Data
characteristics that impede analyses have often been identified, including multicollinearity
and high dimensionality of the covariates in the mixtures. A study may also be obscured

by relatively low association effects. Partial least squares regression (PLSR) is one of

good options to determine exposure-outcome associations for mixture data, as it can

create uncorrelated components by maximizing the correlation between the exposure
mixture components and the outcome simultaneously. The PLSR approach has been

found practically useful and widely applied in association analyses for mixture data in
chemometrics (Kettaneh-Wold 1992).

In a large-scale environmental health population study that is composed of many
subprojects, basic and essential characteristics are usually obtained from all participants
following the consent of the participation, such as demographics (e.g. age, gender, education
level) and measures of environmental exposure (e.g. heavy metal concentrations from a
urine and/or blood sample). However, out of total enrolled participants often only a fraction
have measures of specific outcomes. This may result from an outcome assessment being
conducted in a particular time frame when the related subproject was going, and the
outcome values from earlier or later enrolled participants were not sampled. It may also

be due to limited funding resources in pilot or preliminary projects under the large-scale
study that restricting the sample N/ for specific outcomes.

The association between an outcome of interest and the exposure is usually examined
within the scope of the related subproject, i.e. using the complete-case observations only.
However, as above described, the environmental exposure data may have been available
from all study participants across different subprojects. For a mixture exposure, using the
exposure information from a larger sample allows us to build a more accurate picture of
the population exposure profiles, especially in the interrelationships among contaminants
comprising the mixture. Thus all exposure data, no matter from participants with or
without specific outcomes, remain important in a fuller characterization of the exposure;
and analyses would benefit from the inclusion of this additional information.

By solely looking at how this full dataset is compiled, which includes both the complete-
case part and the other subset having exposure variables only, one could think of the analytic

J Appl Stat. Author manuscript; available in PMC 2024 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Du et al.

Page 3

challenge as PLSR model fitting with missing outcome values. The missing data treatments
for PLSR, which focus on missing value imputations, could then be applied. However
there are at least two reasons that made us to view the study question as not for missing
imputation need, but in the purpose of utilizing additional exposure information, and we
further proposed the adjusted PLSR approach. Firstly, that data values are expected to be
present but unavailable is considered missing data or missing values in a general sense.

For a large-scale environmental study as outlined above, the absence of specific outcomes
was in the original study schema, not out of expectation. Secondly, as we observed, the
number of observations from the subset with no outcomes could be much greater than the
sample size of the complete-case part. In the later presented two real datasets, we have >400
observations without outcome values but only 132 or 76 complete-case samples in each
dataset respectively. Holding a conservative opinion, we do not believe using what learned
from a small sample is adequate to impute the missing outcome values for a much larger
pool. Nonetheless, a concise review of the existing missing data approaches for PLSR is
provided in Discussion section.

Unlike a General Linear Model (GLM) which fits the association using one model equation,
a PLSR relates the covariates and the outcome through other latent variables (i.e. the
components, see details in Methods). Under the assumption of the PLSR approach, an
observation with no outcome still informs the relationships between the observed covariates
and the latent variables, and thus could contribute in part to improve the model fitting.
However, the general PLSR approach was not designed to utilize the information from the
observations without outcomes. We suggest applicable adjustments to the general PLSR
algorithm that allows utilization of the full exposure dataset in characterizing exposure in the
analysis. Starting from the adjustment on the component extraction, we propose an analytic
framework that utilizes this more complete information to characterize the population
exposure in model fitting, test statistic formation and hypothesis testing association effects.
To clarify, in those studied practical situations, the participants no matter with or without
specific outcome measured are deemed randomly from the study population. According to
the common classification of missing mechanisms, our proposal assumes the unmeasured
outcome follows missing completely at random (MCAR). This is further summarized in the
Discussion section.

Motivating question: environmental heavy metal datasets from the Navajo
Birth Cohort Study

There are more than 500 abandoned uranium mine (AUM) sites located on the lands

of Navajo Nation (Lewis et al. 2015). People living there may be exposed by different
pathways to AUM waste containing uranium, arsenic, and other co-occurring metals (Blake
et al. 2015; Corlin et al. 2016; Orescanin et al. 2011). Several studies are or have been
conducted to understand the association between the heavy metal exposures and specific
health outcomes in this population (Markstrom and Charley 2003; Hund et al. 2015;
Hoover et al. 2019). One of them, the Navajo Birth Cohort Study (NBCS) (Hunter et al.
2015), is a prospective study to investigate the potential associations between exposure
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to environmental contaminants from the legacy mine wastes, and birth outcomes, and
development of Navajo children.

Participating pregnant women or new mothers were asked to contribute their blood and
urine samples at the time of enrollment, and again at their 36 week pregnancy visit or at

the time of child delivery. Metal concentrations were measured in blood and urine samples,
and used as the environmental exposure variables for the analyses of the two subproject
outcome datasets described below. In the oxidative stress study (dataset 1), 132 enroliment
urine samples were randomly selected for testing oxidative stress biomarker outcomes; there
are an additional 417 samples from the enrollment biomonitoring pool that were not tested
for the oxidative stress outcomes. For the Ages and Stages Questionnaire: Inventory (ASQ:1)
(Clifford et al. 2018) developmental screening study (dataset 2), 76 infants completed the
ASQ developmental screening at age 2, 6 and 12 months. In addition to those 76 infants’
mothers, there are the other 447 mothers for whom biomonitoring samples were collected at
36 weeks or delivery, although their children did not participate in all the three-age ASQ:1
assessments.

NBCS sample dataset 1: Oxidative stress dataset

Oxidative stress reflects an imbalance between free radicals and antioxidants and is
associated with elevated oxidative damage to macromolecules including lipids, proteins

and DNA (Sies 1991; Mateos and Bravo 2007). Oxidative stress is a factor during normal
pregnancy, but excess oxidative stress is linked to a number of adverse outcomes (Duhig

et al. 2016). Exposure to metals such as arsenic can lead to increased oxidative stress

and oxidative damage is one proposed mechanism of metal toxicity (Valko et al. 2016;
Gentile et al. 2017; Xu et al. 2017; Rehman et al. 2018). A published study (Dashner-Titus
et al. 2018) focused on a randomly selected subset of 132 participants of the NBCS.
Women’s enrollment urine samples were analyzed for selected metals and the oxidative
stress biomarkers of lipid peroxidation 8-iso-prostaglandin F2a (8-iso- PGF2a.) and the ratio
of 8-is0- PGF2a to prostaglandin F2a (PGF2a). The study investigated the relationships
between the concentrations of urinary arsenic and uranium and an increased risk of oxidative
stress. A significant positive association between urinary total arsenic and the single
oxidative stress biomarker 8-iso- PGF2a was reported (o = 0.012); however, the association
between total arsenic and elevation of the oxidative stress ratio (8-iso- PGF2a/ PGF2a) was
marginally significant (p = 0.053). Uranium was not found to increase oxidative stress in

the study population. This dataset is used here to evaluate how all measured metals related
to oxidative stress, in addition to the original aim that was focused on urinary arsenic and
uranium.

NBCS sample dataset 2: ASQ:I dataset

The development of the NBCS participants’ children in the first year after the birth was
assessed using the ASQ:1 developmental screener. Mothers or alternate caregivers were
interviewed about the child’s progress in different developmental domains. Supplementary
Figure 1 shows a spaghetti plot of the ASQ:I scores on the problem-solving developmental
domain from 76 children whose assessments at age 2, 6 and 12 months had all been
completed. In each of the three ages, there were about 300 children who participated in the
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screening survey; however, due to loss to follow-up and the practical challenges of repeat
scheduling in these remote communities with limited infrastructure, less than one-third of
them persistently made the assessments at all of the three ages. The developmental trajectory
shows a seemingly linear increasing trend over the 3 time-points. We then fit a general linear
model for each child (ASQ:I score vs. age) and used the estimated slope as the surrogate
endpoint to reflect the child’s developmental rate in the first year. GLM and PLSR were
employed to fit the associations between the estimated slope and the concentrations of the
full suite of metals measured from urine and blood samples, but both methods failed to
identify any association effects at a significance level of 0.05.

We were motivated to ask whether the assessment of relationships between metal mixtures
and the oxidative stress and developmental outcomes could be improved through the
incorporation of more exposure information that cannot be incorporated in the analyses
performed. The associations to be examined here are in the context of the population metal
mixture exposures using the full panel of measured metal concentrations from urine and
blood samples.

The diagrams in Figure 1 present the method concept in accordance with the notations
defined later. Our primary analytic interest is on how exposure variables (X) related to an
outcome variable (y) with the associations being quantified by vector b (Figure 1, (a)).
Considering the combined effect of the mixture exposure on the outcome, y is fitted against
T, a linear combination of X with assumed additive random errors (Figure 1, (b)). An
estimate of the association between y and X (i.e. b) can then be calculated from the estimate
of the association between y and T (i.e. a, see Figure 1, (c)).

For dealing with the correlation between the exposure variables, usually orthogonal
transformations are performed to obtain an estimate of T, such as the algorithm implemented
in a principal component analysis (Wold et al. 1987). The PLSR outpaces the principal
component regression with the linear transformation of X directed by maximization of the
sample covariance between a linear transformed X and the outcome y, in addition to the
orthogonal transformations. This property is particularly helpful in handling the analytic
challenge due to the relatively low association effect.

In other words, by the PLSR approach, the mixture data is rotated to a subspace in favor

of detection of the association effects if existing; the estimates obtained using the rotated
data are then converted back to estimate the association effect of each of original X variables
ony. The two model equation structure (Figure 1, (b)) further triggered us to propose the
adjustment to the general PLSR that will be capable of including the fuller exposure dataset
in the model fitting, and go beyond to benefit the significance assessment of association
effects.

Algorithms of PLSR

One of the popular algorithms used for implementing PLSR is the SIMPLS, originally
coined from “a straightforward implementation of a statistically inspired modification of the
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PLS method” (De Jong 1993). SIMPLS was derived to solve the specific objective function,
i.e. to maximize the covariance between the covariates and the outcome(s), which enables
SIMPLS to work with the covariance matrix and conduct the deflation on the covariance (De
Jong 1993). It offers several advantages over the other exiting algorithms for PLSR, mainly
in the simpler interpretation and faster computation time. Nonetheless, it should be clarified
that the interest of this paper is in using the two-step SIMPLS procedure to incorporate

the additional exposure information for analysis (Hubert and Branden 2003), instead of
promoting SIMPLS for the implementation of PLSR.

Notation and model equations

Throughout the paper, we will print a column vector in a bold, italic, and lowercase letter
(e.g. y), and a matrix in an uppercase letter (e.g. X). The dimension of a matrix will be
denoted using a subscript, for example X, stands for a matrix with /7rows and p columns.
A single number of a subscript shows the number of rows/records of a matrix/vector (e.g.
yscontains srecords), while two numbers connected by a colon indicate the beginning and
ending indices of the rows/records (e.g. y1.scontains the records from 15t up to the sth).

Let y contains the continuous univariate outcome measures, and X is composed of the
p-dimensional covariate row vectors. Here (XY,) denotes the part of the dataset that has
the complete observations with paired covariates and outcome; while the other part of
the dataset, X 1.5, has the observations with the covariates only and X, = (X,, X, ,.,). We

assume X, is randomly selected for measurement of the outcome out of X,
The x- and )~ variables are assumed to be related through a bilinear model:

E(anp) = TnXkPka (1)

E(y)=T.,..a, o)

where T is the component matrix of continuous variables with the /mth column vector
called the mth component. The slope vector of £(yg) on T is denoted by a, Although not
seen directly from the notations and equations given here, the slope vector of £(yy) on X,
is of primary interest to estimate, which we denote by b,. The elements in b, are considered
the association effects in our analysis.

Adjusted SIMPLS

As compared to the model fitting in general SIMPLS which only involves X and y, the
proposed adjustment in the model fitting below is in which datasets (i.e. X, ysor X)) are to
be used for specific computations. The dataset subscript notations are therefore critical when
going through the proposed adjustment steps to differentiate between the approaches.

The estimated values of T« are usually referred to as the component scores. In line
with the bilinear model structure, SIMPLS estimates the component scores of the & latent
variables t(1y:-t )t one after another, where the subscript (/) denotes the procedure
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for mth component extraction; secondly as indicated by equation (2) the outcome will be
regressed onto those A variables to acquire the estimates of interest.

With SIMPLS, the optimization objective for PLSR implementation is to maximize the
covariance between a linear combination of X and y. To obtain the first component scores,
we solve for r(;) that maximize the sample covariance between Xg 1) and y

Cou(X;r 1y yx) = oS, (3

where s, is the sample covariance vector between x- variables and y of the ssubjects. For
univariate outcome y, this maximization has one straightforward solution that r(y) is s,
The component scores are then obtained by X, multiplied with the normalized vector r(y),

toy = Xoro/\ror, . 4

From a geometric perspective, the rows of X, are rotated without change the length of a
row vector by the matrix multiplication of a normalized/unit vector here. Of note, although
in equation (3) the covariance is estimated through the paired observations having both the
covariates and outcomes, (XY, we compute the scores for all the 7 observations in (4).
The x- loading vector that describes the linear relation between x- variables and the 15t
component can be calculated as

, 1w
P = (totn) Xty . ®)

For the 2" and above component extraction, for example in the /7th component extraction,
we construct an orthonormal base of [p(y),...,p(m)] denoted by V() = [V(1),....V(m)] by the
Gram-Schmidt process. Next, s, is deflated as

) _ m=1) m=1) 0
Se = Suy = Viy(Vimssy ), m>1lands, =s,,. (6)

The deflation means after the 15t component the successive component extractions will be
oriented by maximizing the residual covariance with s, replaced by s} in equation (3). This
will also assure that a new component is orthogonal to all previously extracted components.

Up to now, the first part of the adjusted SIMPLS has been conducted. To emphasize, the
proposed adjustment is to include the component scores of all the /7 observations, t(,,

in the calculation of the x- loading vector p that will impact all the subsequent steps.

We provided a proof of concept in Appendix that additional observations in X is able to
produce the loading vector p(1) having a smaller variance. For the 2"d and above component
extraction, since Xgand X, derived procedures lead to different deflated sample covariance
vectors, the characteristics of p(,;’s from the two procedures have not been compared here;
but in a general sense additional observations won’t bring disadvantages.

The regression of the outcome on the A component scores can be secondly conducted to
obtain an estimate of the slope vector ay,
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ak = (/f;cx.r?sxk) Tkxsys . (7)

where T, ., is the submatrix containing 1:srows of the matrix made of the columns of
t(l),...,t(k).

Test statistic

The slope vector of ys0on X, can then be estimated as
~ N P NS P
bp = Rpxkak = Rpxk(Tkx.vTxxk) T...y, ®

where Rpxx = [r(1),---,f(»]- Note, b, is not a simple linear function of y,because

R,,xk(ﬁmﬁxk)_lf'm is dependent on y,. An estimate of the variance of b, is not easily
attainable. In literature, people applied the local linearization as an approximation to
compute the estimated variance-covariance matrix of b, (Denham 1997; Romera 2010), or
utilized the resampling procedures such as jackknife or bootstrap to conduct an estimation
(Martens H and Martens M 2000; Bastien et al. 2005). In order to have all the available
information contribute in the test statistic construction, also not subject to any specific
distribution assumption, we propose here a bootstrap approach for the variance estimation of

b,

In the dataset under study, a bootstrapping sample will likewise also include two parts: the
part of paired observations, (X, y*); and the other subset containing no outcomes, X?, ...

The bootstrap resampling is performed for each of the parts separately,
(x?,y"): random sampling from (XY, with replacement,
X7, ... random sampling from Xg1., with replacement.

Following the above-elaborated steps, we are able to get the estimated slope matrix, denoted
as ZZ’, for a bootstrapping sample. The bootstrap procedure is repeated a large number of
times, e.g. 500 times. The sample variance computed on those Z':’s is then used as the
estimated variance for b,. Eventually, the test statistic we propose is,

where b, is the jth component of b,, and Var(Bjr) is the sample variance of the jth component

of Bﬁ' by above bootstrapping steps.

Hypothesis testing

If the null hypothesis is true, that is changing the exposure will have no effect on the
outcome, we can randomly select sexposure observations out of the total /7 observations and
affiliate them to the soutcomes one to one. We can then compute the sampling distribution
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of the test statistic under the null hypothesis by using those shuffled datasets. This testing
idea is similar to the concept of a permutation test, allowing us to include all the available
exposure information (i.e. X,;) in the procedure as detailed below:

X" random sampling from X, without replacement,

(X;m”’ y"“”) = (X:U”s yx)'l

s

X' the remaining observations after X' excluded from X,

By applying the adjusted SIMPLS algorithm and the test statistic computing steps
aforementioned, we have /// for each shuffle of the dataset. The percentage of //"/*s
equal or more extreme than the /;obtained from the studied dataset is used as the p-value
for testing the association effect of a covariate on the outcome, which will be compared to
a specified significance value (e.g. 0.05) to make a decision of rejection or not on the null
hypothesis.

Simulation study

Setting 1

The bilinear model equations (1) and (2) serve as the fundamental equations for the
simulation. We consider similar settings as applied for simulations in other papers in
which the statistical uncertainties were assumed to follow normal distributions (Hubert and
Branden 2003; Turkmen 2008). Specifically, the datasets were generated according to the
sequential steps below:

Toxx ~ Ni(', '),
Xn)(p = nXkPkXp+ NP(O’ ZX)’

y,=T,a,+ N(O, 0'2),

where N stands for a ~-dimensional multivariate normal distribution. Throughout the
simulation study, we set 7= 500, s= 100, and carry out two sets of simulations separately.

In this batch of simulations, we have p=5, k= 2. The values for the other parameters are set
aspi=(11)", 2= diag(2 2)’, 2¥= diag(111 1 1), a5 = (1 3)" and o2 = 1, where dliag stands
for a diagonal matrix with the elements on the diagonal enclosed in the followed vector. The
matrix of x- loadings is set,

(52000
“looo11
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which shows x; has greater loading than x, on the first component (5 vs. 2), x4 and x5 share
the same loading on the second component (1 vs. 1), and all other loadings are zero. In the
simulations, P is row-normalized and served as a rotation matrix of T to X in addition to the
variations generated by A (0,2%).

The slope vector of y on X can then be calculated as,

b = (P/rowsum(P))'a, =(0.70.301.51.5),

where (P/rowsum(P)) denote each element of P divided by its row sum. Figure 2 uses
boxplots to show the distribution of the root mean squared errors (RMSE: ,/%Zj;l(b, - B,)Z)

in the estimation of the slope vector b by the general PLSR approach, which can only use
100 paired observations in a simulated dataset, and the proposed approach. The smaller
the RMSE, the better the estimation performance. Figure 2 shows the adjusted PLSR (ad;.
PLSR) approach does a better job although the improvement looks minimal for this set

of simulations. It is worth noting that PLSR is a biased estimation procedure (Frank and
Friedman 1993), and so is the adjusted PLSR. Nonetheless, the ability to include more
information into the analysis does lead to better estimation.

Table 1 summarizes the hypothesis testing performance of the proposed frame work
compared with the general PLSR. The functions from R package p/s have been applied to
carry out the PLSR method in hypothesis testing with a leave-one-out jackknife method for
variance estimation (Mevik et al. 2011). We present the rejection rates (the last two columns)
using the significance levels of 0.05 or 0.1 as the cut-offs for the testing decision making.
When a true value for testing is 0, which the third element of b (i.e. &) is, the associated
rejection rates are the observed Type | errors. Both approaches have rejection rates lower
than 0.05 and 0.1, respectively (row 5 and 6 in the last two columns), representing correct
type I error control. When a true value for testing is nonzero, which is the situation for

any other elements of b except &, the associated rejection rates are the estimated statistical
powers. The adjusted PLSR outperforms the PLSR in testing of the two elements (&, and &)
where the true value of b is small. Especially for &, which may represent a low association
effect in this setting, the adjusted PLSR method has an increased statistical power of more
than 30% relative to the general PLSR. For testing of &, or b5, which is considered a large
effect here, the two methods perform similarly.

For the second batch of simulations, we have p = 25, k=5 that reflect the data dimensions
we encountered when analyzing the NBCS datasets. The other values set for simulations are

Wi=(11111), 3=diag22222), 5% = diag(3--3),, ax= (12345)" and o = 2. The
matrix of x- loadings is set,
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53100 00000 00000 00000 00000\’
00000 53100 00000 00000 00000
P =|00000 00000 55200 00000 00000,
00000 00000 00000 55200 00000
00000 00000 00000 00000 11100

which shows for a component there are 3 x- variables having non-zero loadings. The
loading weights are given (5, 3, 1), (5, 5, 2) or (1, 1, 1) to demonstrate the skewed

or evenly distributed loading weights. P is still row-normalized before being used in the
normalizations. The slope vector b is calculated using the same formula given in Setting 1,
and shown element by element in Table 2.

For the simulations with Setting 2, the boxplots (Figure 3) show the proposed approach has
noticeable lower RMSE values compared to the general PLSR. Table 2 displays the results
of the evaluation of hypothesis testing performance. The observed Type | errors with both
methods are controlled, i.e. the values in the last two columns for &4, b5, by, big, bra, brs,
g, oo, brg and bos are all < 0.05. The adjusted PLSR exhibits a consistently superior rate
of rejection of the null hypothesis when there is a true association (nonzero value of &)
compared with the general PLSR, regardless of larger or smaller effect size.

Application

The development of the adjusted PLSR was motivated by the analysis of the two NBCS
datasets previously described. We were asking whether less variable estimates of the
exposure based on the utilization of all available exposure data to reduce variance will
result in a more robust assessment of the association effects when the proposed adjusted
PLSR method is applied.

Oxidative stress dataset

We employed one of the endpoints reported in the previous study (Dashner-Titus et al.
2018), the ratio of 8-is0-PGFy, to PGFy,. The ratio of 8-iso-PGF2a to prostaglandinF2a
(PGF2a) is used to distinguish between enzymatic versus chemical lipid peroxidation as a
biomarker of oxidative stress (van’t Erve et al. 2015; van’t Erve et al. 2016). We fit the
transformed ratio in relation to the mixture of the heavy metal concentrations in blood,
serum and urine. Allowing no missing data in the mixture exposure data, we identify 129
records having both the outcome and the metal values, and an additional 354 records with
the complete metal exposure values only.

Comparing the quantities of the test p values resulting from the general PLSR and the
adjusted PLSR approaches (Table 3), we see for some metals the insignificant effect
becomes almost certain (e.g. BCD and SCU); while for some other metals, a marginal
statistical significance is clarified by the reduced p value given by the adjusted PLSR

(e.g. BMN, UAS3, UTAS). Reduced variance resulting from the incorporation of additional
exposure records in the adjusted PLSR approach reduces uncertainty for both significant and
nonsignificant tested effects.
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In the previous publication, the association between total arsenic in urine and the
prostaglandin ratio was marginally significant (o = 0.053); while total arsenic showed a
significant association with another oxidative stress biomarker (i.e. the biomarker 8-iso-
PGF,q, p=0.012) (Dashner-Titus et al. 2018). Using the adjusted PLSR, the association

of urinary total arsenic with the prostaglandin ratio was statistically significant (0=0.046),
which may serve as a piece of confirmative evidence that an increase in total urinary
arsenic elevates oxidative stress for the study population. The proposed method additionally
found UAS3 and BMN had significant positive associations to oxidative stress (for both

the metals p=0.05), but the results may need to be further confirmed. The consistency in
non-significance of urinary uranium even after the proposed adjustment would suggest that it
is not a significant contributor to the outcome of interest.

ASQ:l dataset

The associations between metal mixture exposures and developmental trajectories through
age 1 based on the ASQ:1 screening provide a second example of the application of the
adjusted PLSR approach. As described above, in addition to the 76 mothers whose children
had both delivery or 36-week biomonitoring and all ASQ:I scores on the problem-solving
domain assessed at ages 2, 6 and 12 months, there are an additional 447 mothers having
metal concentration measures at 36 weeks or at the child delivery (considered comparable
timepoints). Allowing no missing data in the mixture exposure, we identified an additional
315 exposure records for the application of the proposed method. The analysis results are
given in Table 4. Copper in serum shows a negative effect (test statistics: —0.76, p-value:
0.022) on children’s developmental problem-solving trajectory, which was not detected by
the standard PLSR approach, likely due to the lack of statistical power as demonstrated

in the simulation study. Relative to the PLSR, the adjusted procedure has again shifted

the p-values in both directions, helping to differentiate between the effects of these metals
through reduced variance and increased power in the method.

Discussion

Missing data in PLSR.

Missing data are often seen in research. Common reasons accounting for missing data
include nonresponse to particular questions, technical limitations in data recording (e.g.
instrument detection limit), loss of some participants in follow-ups, practical challenges in
scheduling for repeated measures, etc. The widely used categorization of data missingness
are (1) missing completely at random (MCAR), (2) missing at random (MAR), and (3)
missing not at random (MNAR). MCAR indicates the missingness is independent to the
values of any variables whether observed or missed. MAR implies the cause of the missing
data is independent to the missing values, but may be related to the observed values of the
other variables in the study. MNAR applies when neither of the MCAR and MAR cannot be
assumed. In the data setting for our study, those participants without specific outcomes were
randomly from the study population, not related to any values of the variables in the study;
so MCAR applies for the adjusted PLSR.
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PLSR model fitting with missing data started drawing attention around mid-1990s (Nelson
et al. 1996), and different missing data treatments have been proposed since. Among the
popular ones are iterative algorithm (1A), singular value decomposition (SVD) (Walczak
and Massart 2001), trimmed score regression (TSR) (Camacho et al. 2008), projection to
the model plane (PMP), single-component projection (SCP), conditional mean replacement
(CMR) (Nelson et al. 1996; Arteaga and Ferrer 2002) and known data regression (KDR)
(Folch-Fortuny et al. 2017). These methods can be seen as different ways to impute

values for the missing variables. In the majority of previous studies, only missing data

in explanatory variables (i.e. covariates in our methods) are considered, although some of
methods can be easily adapted to analyze data with missing outcome values (Walczak and
Massart 2001; Folch-Fortuny et al. 2017). Those approaches essentially impute the missing
covariate values through the component scores estimated from the iteratively fitted PLSRs
starting from complete-case observations only, or with the missing data substituted by some
reasonable values to initiate the process. Some other generic missing data methods have
been studied and applied in PLSR fitting as well, for example, the multiple imputation

by chained equations (MICE) (White et al. 2011) and A-nearest neighbor imputation
(Malarvizhi and Thanamani 2012).

A prime step in PLSR is to rotate the covariate matrix (i.e. the linear transformation of X)
supervised by maximization of the covariance between the rotated data and the outcome (see
equation (3)). In the proposed adjustments of the SIMPLS procedure, although the vector
used for data rotation for the first component extraction (r(y) in equations (3)) is the same

as it in PLSR, the x- loading vector (p(1) in equation (5)) is now calculated using all the 77
observations. This loading vector estimates the linear relation between x- variables and the
15t component. Utilizing more observations provides a better estimate that is not affected by
the outcome variable when the rotation direction is already determined (i.e. r(1) has being
obtained). The improved estimate will thereafter benefit the subsequent steps.

The observations without outcomes further contribute to the estimation of the variance of the
computed slope vector (b,, see equation (8)), and in establishing the sampling distribution

of the test statistic under the null hypothesis. Especially since the PLSR outputs create a
biased estimate (Frank and Friedman 1993), the resampling procedures that randomly link
x- variable values to the outcome values to fit the association is a favorable approach for
hypothesis testing. The observations with only x- variables are accommodated into this
scheme reasonably, to provide more realizations of x-variables linked to the resampled
outcome values to improve the statistical power in the detection of an association effect.

From our experience, additional to the complexity of the mixture itself, the relatively low
association effect between the mixture and a study outcome is also a critical challenge in
statistical analysis. A statistical method needs to be sensitive in capturing weak, but valid,
signals of association for risk effects. Ensuring the analytic method can utilize all available
information, reduce variance and increase the robustness of both identifying true effects,
and correctly identifying exposures with no association is critical in informing decisions to
protect health. High rates of borderline associations in either direction raise questions as
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to whether real and non-associations are muddied by the methodology employed. Ensuring
the method is as robust as possible by maximizing the use of available information can
increase the confidence of the interpretation. By the PLSR approach, the mixture data is first
rotated to a subspace in favor of detection of the association effect; the estimates obtained
from the regression modeling with the rotated data are then converted back to the effect of
each original x-variable. In our simulation study and the applications with real datasets,

the results by the PLSR or adjusted PLSR with statistical significance are oftentimes

more logical and interpretable, helping to differentiate between metals contributing and

not contributing to the observed effect as demonstrated through the simulation studies.
Although we here focused on prompting the capacity of the proposed framework in utilizing
the additional information, the proposed adjusted PLSR framework likely provides a good
tool to tackle the low signal to noise ratio issue in association analyses in population

studies where real-world environments contribute higher degrees of the variance than seen in
controlled laboratory settings.

The cross-validation (CV) was commented as a practical and reliable way in determining the
optimal number of components a PLSR building (Wold et al. 2001), which we applied in
analyzing the two real datasets presented above. The complete-case observations were only
used this determination. Specifically the leave-one-out cross-validation with adjusted Mean
Squared Error of Prediction, combining the consideration of the percentage of variance
explained in the covariate matrix, helped select the number of components in analyses.

Oxidative stress dataset.

The proposed method is in agreement with several other population studies investigating
arsenic exposure and oxidative stress where positive associations between arsenic exposure
and the urinary oxidative stress biomarkers have been reported (Lu et al. 2016; Kubota

et al. 2006; Wang et al. 2015). The method also identified manganese from blood
negatively associated with the oxidative stress ratio biomarker with a marginal significance
(0=0.05). Although manganese plays an important role in redox homeostasis (Li and Yang
2018; Bresciani et al. 2015), there is limited information from population studies on the
relationship between blood manganese levels and biomarkers of oxidative stress (Chen

et al. 2016; Nascimento et al. 2016; Andrade et al. 2015). The normal reference range

of manganese concentration in blood is 4 to 15 pg/L (Coles et al. 2012); however, the
concentration in blood can become much higher during pregnancy (Zota et al. 2009; Chung
et al. 2015; Kim 2018). From our dataset with all of the 483 observations, the mean (std.)
of blood manganese is 19.7 (6.5) ug/L. Figure 4 shows the scatter plot of the prostaglandin
ratio against blood manganese from our dataset. It’s not clear whether the claimed negative
association with a marginal statistical significance is due to the outlier points or it’s a true
signal. The findings from this approach suggest further studying on the consideration of
manganese as a factor related to oxidative stress for the pregnant woman population.

ASQ:| dataset.

The scatter plot of the calculated slope for problem-solving against copper in serum is
displayed in Figure 5. Studies have suggested the risk of copper toxicity contributing
to cognitive decline in older adults (Lam et al. 2008) and the general adult population
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(Salustri et al. 2010). The association between higher copper level in serum and poorer
working memory in schoolboys (aged 10-14 years old) has also been reported from a study
conducted in China (Zhou et al. 2015). While copper is known to increase in pregnancy,
the normal reference range of serum copper concentration for the third pregnancy trimester
is 130-240 pg/dL (Abbassi-Ghanavati et al. 2009). In mother’s included in our problem-
solving domain dataset, 225 out of 391 women (57%) had serum copper concentrations
higher than this normal pregnancy reference range (the range between the two dashed lines
on the x-axis in Figure 5), which may be a sign of excessive copper in the study population.
Our analysis results provide evidence supporting an inverse association between copper in
maternal serum and the child’s cognitive development in this cohort, which certainly merits
further investigation for the Navajo community.

The limitations in this study should also be noted. For analysis of mixture data, there

are factors or covariates that may need to be included in parallel with the mixture for
regression fitting. With the current version of the proposed analytic framework, however,

all the covariates have to be assembled into one design matrix to rotate and then to fit

the regression. The approach at the current stage does not provide flexibility for treating
variables independent to the exposure mixture. It is an ongoing research topic for us; more
broadly we are studying how to fit PLSR into different regression approaches with varied
formulation schemes. In addition, the PLSR method itself does not evaluate the interaction
effects between the covariates from the mixture; neither does the adjusted PLSR approach.
The adjusted PLSR provides a reduced variance estimate that increases the robustness of
the analysis to identify individual components of mixtures as they contribute to outcomes of
interest, as validated through the simulation studies. When synergistic or antagonistic effects
of some covariates are suspected, other means should be applied to determine if interaction
effects need to be included to fit the association; e.g. visual examination of contour plot for
two-variable interaction effect, etc. A separate variable can be established or coded, as a
GLM does, to include an interaction effect in the design matrix when the adjusted PLSR is
applied.

Finally, we want to point out that PLSR and the adjusted PLSR are both capable of
analyzing multivariate outcome data variables as well. In the literature, the PLSR for
handling univariate outcomes is commonly referred to as PLS1, and PLS2 otherwise (Hubert
and Branden 2003; Rosipal et al. 2005). The approach covered here provides adjustment

to PLS1, although it would be straightforward to apply the proposed adjustments and the
subsequent procedures to PLS2. We have provided the R codes for the implementation of
the proposed methods (with both PLS1 and PLS?2) at https://github.com/rdu2017/adj-PLSR
which is publicly accessible.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

J Appl Stat. Author manuscript; available in PMC 2024 January 01.


https://github.com/rdu2017/adj-PLSR

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Du et al.

Appendix

Page 16

Proof of an element in the loading vector p( derived from X, has a smaller

variance compared to which in p(;) derived from Xs when the expectations

of p) by the two approaches are the same.

In below expressions, we use a superscript to denote the th column of a matrix, or the ith
element of a vector. Since the loading vector p,, = (t('ntm)_]X’tm, the #h element of p(y) is

Py = (t{l)t(l))'lt;”x" . Assume the variance of x’is o7, the variance of p},, can be calculated,

2

i 4 -1, 1 4 -1 Oi
Var(py) = (it toVar(eHtgtota) =~ = PR
(O

Below we show that #,t,, obtained using all the 7 observations in X is greater than that
obtained using only sobservations in X, and consequently have the argument proved.

In the first component extraction, the same r(y) is used in generating the score vector t(;) no
matter with X, by the general PLSR, or with X, as the proposed adjustment,

tay = Xro/\rara -
Having all 7 observations in X,
' r g ra
toty = —X. X,
V’(l)'g1> VTora)
T NP OO
= ——(X, X,) ) -
L) X, Vrwra)
o yx_'o o yx_To

= = = + = -
\/’m'(l) A\/’uﬂ'(l) \/"m’(l) \/’m’m’

where X, is the remaining part of the design matrix additional to the sobservations in X,
The last expression is a summation of all positive numbers, since the inner product of a
vector and itself is always nonnegative, and not all elements in either r(;), X, or X, are
assumed 0s. We thus have,

r/ , r l" 7 T l" . I
0 _yx Lt o yx o o To xx To
\/’m’m \/’m"(l) \/"<1>"<|) \/"(I)’m \/"<1>"(|) \/"<1>"(|)

That says t,t,, obtained using X, is greater than it obtained using only X..

Another fact is that the expectation of p(;) derived from X, is the same as it derived from X
since simply £(X) is not related to the number of observations, and the same r(y being used
in both the derivations.
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Figure 1:
Diagrams of the concept of the proposed analytic framework.
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Figure 2.
Boxplot of the RMSE in the estimation of the slope vector b by PLSR and adjusted PLSR

approaches from 1000 simulations for setting 1 (0=5, k= 2).
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Figure 3.
Boxplot of the RMSE in the estimation of the slope vector b by PLSR and adjusted PLSR

approaches from 1000 simulations for setting 2 (p= 25, k=5).
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Figure 4

Scatter plot of the raw prostaglandin ratio versus manganese from blood in oxidative stress

dataset.
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Figure5:

Scatter plot of the calculated slope with ASQ:I scores of problem-solving versus copper in

serum in ASQ:I dataset.
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Table 1:

Page 26

Hypothesis testing performance of the adjusted PLSR approach compared with the general PLSR from 1000

simulated datasets for setting 1 (0=>5, k= 2).

Setting

p=5 k=2

Rejection rate
Elementsin b PLSR adj. PLSR

p<005 0.853 0.955
bl =07

p<01 0921 0974

p<0.05 0172 0.485
b =03

p<01 0257 0.590

p<0.05 0.028 0.035
b;=0

p<01 0.060 0.069

p<0.05 0999 0.999
by=15

p<01 0999 1

p<0.05 0999 0.998
bs=15

p<01 1 0.999
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Table 2:

Page 27

Hypothesis testing performance of the adjusted PLSR approach compared with the general PLSR from 1000
simulations for setting 2 (p= 25, k=5).

Rejection rate”

Setting Elementsinb PLSR adj. PLSR
b =056 0.077  0.149
b =033 0.038  0.080
b3=0.11 0.030  0.033
b=0 0.029  0.020
bs=0 0.028  0.017
bs=111 0.190 0.288
b, =067 0.083  0.170
by=0.22 0.030  0.032
by=0 0.022 0.016
by=0 0.025  0.020
b1=125 0.261  0.436
b, =125 0.275  0.410

p=25 k=5 b;3=05 0.056  0.093
b =0 0.034 0.018
bis=0 0.028  0.023
by =1.67 0492  0.644
b7 = 1.67 0.435  0.600
byg = 0.67 0.087  0.140
bie=0 0.033  0.024
byy=0 0.021  0.025
by = 1.67 0500 0.675
by = 1.67 0.495 0.674
b3 =167 0.508  0.684
by =0 0.022  0.020
bs=0 0.033  0.022

*
The cutoff value for testing is set 0.05.
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Table 3:

Oxidative stress dataset analysis output by PLSR and adjusted PLSR.

PLSR adj. PLSR
Metal
Test statistic P value Test statistic P value
BCD: Cadmium - Blood 0.615 0.540 -0.026 0.910
BMN: Manganese - Blood -1.708 0.090 -1.834 0.050
BPB: Lead - Blood 1.030 0.305 0.780 0.156
BSE: Selenium - Blood -0.269 0.788 -2.842 0.650
THG: Mercury Total - Blood -0.263 0.793 -0.386 0.420
SCU: Copper - Serum -0.538 0.591 -1.963 0.952
SSE: Selenium - Serum 0.730 0.467 0.245 0.166
UAS3: Arsenous (I11) acid - Urine 1.568 0.119 1.497 0.050
UBA: Barium - Urine -0.811 0.419 -0.570 0.290
UCD: Cadmium - Urine 0.736 0.463 0.734 0.150
UCO: Cobalt - Urine -0.440 0.661 -0.504 0.374
UCS: Cesium - Urine 1.016 0.311 0.998 0.064
UDMA: Dimethylarsinic Acid - Urine  1.050 0.296 0.755 0.200
UIO: lodine - Urine 1.195 0.234 0.805 0.316
UMN: Manganese - Urine -0.730 0.467 -0.630 0.456
UMO: Molybdenum - Urine 0.456 0.649 0.027 0.620
UPB: Lead - Urine 1.022 0.309 0.663 0.208
USB: Antimony - Urine 0.124 0.902 -0.156 0.794
USN: Tin - Urine -1.241 0.217 -1.011 0.228
USR: Strontium - Urine -0.829 0.409 -1.350 0.376
UTAS: Arsenic Total - Urine 1.658 0.100 1.685 0.046
UTL: Thallium - Urine -1.615 0.109 -1.212 0.054
UTU: Tungsten - Urine 1.403 0.163 1.221 0.070
UUR: Uranium — Urine 0.546 0.586 0.597 0.240
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ASQ:| dataset analysis of problem-solving by PLSR and adjusted PLSR.

Table 4:

PLSR adj. PLSR
Metal*
Test statistic P value Test statistic P value
BCD: Cadmium - Blood -0.269 0.789 0.347 0.518
BMN: Manganese - Blood -0.008 0.994 0.411 0.680
BPB: Lead - Blood -0.484 0.630 -1.034 0.128
BSE: Selenium - Blood 0.892 0.375 2.555 0.516
SCU: Copper - Serum -1.403 0.165 -0.760 0.022
SSE: Selenium - Serum 1.432 0.156 1.785 0.224
SZN: Zinc - Serum -0.344 0.732 -0.304 0.480
UBA: Barium - Urine 0.261 0.795 0.473 0.850
UCD: Cadmium - Urine -0.341 0.734 -0.456 0.340
UCO: Cobalt - Urine 0.219 0.828 0.760 0.174
UCS: Cesium - Urine -0.488 0.627 -0.115 0.824
UDMA: Dimethylarsinic Acid - Urine  -0.346 0.730 0.184 0.686
UIO: lodine - Urine 0.885 0.379 1.217 0.254
UMN: Manganese - Urine -0.327 0.744 -0.669 0.234
UMO: Molybdenum - Urine 1.693 0.095 1.988 0.116
UPB: Lead - Urine -0.494 0.623 -0.953 0.156
USB: Antimony - Urine -0.441 0.661 -0.475 0.336
USN: Tin - Urine -0.193 0.847 0.296 0.690
USR: Strontium - Urine 0.010 0.992 -0.115 0.820
UTAS: Arsenic Total - Urine -0.532 0.597 -0.547 0.216
UTL: Thallium - Urine -0.383 0.703 -0.145 0.714
UTU: Tungsten - Urine 0.302 0.763 0.040 0.982
UUR: Uranium — Urine -0.218 0.828 0.365 0.436
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