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Abstract

Introduction Comprehensive lipoprotein profiling using proton nuclear magnetic resonance (NMR) spectroscopy of serum
represents an alternative to the homeostatic model assessment of insulin resistance (HOMA-IR). Both adiposity and physi-
cal (in)activity associate to insulin resistance, but quantification of the influence of these two lifestyle related factors on the
association pattern of HOMA-IR to lipoproteins suffers from lack of appropriate methods to handle multicollinear covariates.
Objectives We aimed at (i) developing an approach for assessment and adjustment of the influence of multicollinear and
even linear dependent covariates on regression models, and (ii) to use this approach to examine the influence of adiposity
and physical activity on the association pattern between HOMA-IR and the lipoprotein profile.

Methods For 841 children, lipoprotein profiles were obtained from serum proton NMR and physical activity (PA) intensity
profiles from accelerometry. Adiposity was measured as body mass index, the ratio of waist circumference to height, and
skinfold thickness. Target projections were used to assess and isolate the influence of adiposity and PA on the association
pattern of HOMA-IR to the lipoproteins.

Results Adiposity explained just over 50% of the association pattern of HOMA-IR to the lipoproteins with strongest influ-
ence on high-density lipoprotein features. The influence of PA was mainly attributed to a strong inverse association between
adiposity and moderate and high-intensity physical activity.

Conclusion The presented covariate projection approach to obtain net association patterns, made it possible to quantify
and interpret the influence of adiposity and physical (in)activity on the association pattern of HOMA-IR to the lipoprotein
features.

Keywords Insulin resistance - HOMA - Lipoprotein subclasses - Adiposity - Physical activity - Covariate projections

1 Introduction

The homeostatic model assessment of insulin resistance
(HOMA-IR) (Matthews et al., 1985; Muniyappa et al., 2007)
is derived from fasting insulin and glucose. This measure
can be obtained from frozen blood samples and is therefore
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(VLDL), small low-density lipoproteins (LDL) and large
high-density lipoprotein (HDL) particles, and the average
size of VLDL, LDL, and HDL particles. Their lipoprotein
IR index was based on a cohort of almost 5000 nondiabetic
subjects and independently validated in a cohort consisting
of insulin sensitive, insulin resistant and untreated diabetic
subjects using the glucose disposal rates (GDRs) (Muni-
yappa et al., 2007).

Adiposity associates with both lipoproteins and IR and is
therefore a covariate influencing this association. For exam-
ple, Okuma et al. (2013) observed an inverse association
of visceral obesity and HOMA-IR with an HDL subclass
pattern of very large, large, and intermediate HDL parti-
cles in Japanese schoolchildren. Physical activity (PA) also
associates both with lipoproteins and IR (Krekoukiaa et al.,
2007; Phillips et al., 2018). Association patterns between PA
descriptors and lipoprotein profiles from exercise interven-
tions studies (Kraus et al., 2002; Sarzynski et al., 2015) and
observational studies of associations between measures of
leisure-time PA and lipoproteins (Bell et al., 2018; Kujala
et al., 2013) display the same overall picture: A positive
association of PA to concentration of HDL, large HDL and
large LDL particles, average size of HDL and LDL par-
ticles, and, an inverse association of PA to concentration
of lipoprotein triglycerides (TG), VLDL, large VLDL and
small LDL particles, and the average size of VLDL parti-
cles. Thus, lifestyle factors, as reflected in adiposity and PA,
influence on the associations between lipoproteins and IR.

While the influence of adiposity and PA on the associa-
tion pattern between HOMA-IR and the lipoprotein profile
has been qualitative inferred, quantitative assessment is
limited. This is partly due to the difficulties posed by the
inverse relationship of PA and adiposity to the lipoprotein
profile (Rajalahti et al., 2021a), which imply that physical
inactivity correlates to adiposity, and, accordingly, that it
is difficult to separate their influence on the association
pattern of IR with the lipoproteins. But quantification has
also been hampered by the lack of methods to handle lin-
early dependent high-resolution PA descriptors derived
from accelerometric measurements (Aadland et al., 2019).
Recently, we developed a strategy to assess the independent
and joint influence of multicollinear descriptors of adipos-
ity and PA on the association pattern of aerobic fitness to
lipoproteins. We decomposed the multivariate PA and adi-
posity descriptors by principal component analysis (PCA)
(Bro & Smilde, 2014) and projected both the outcome and
the explanatory variables on the principal component score
vectors to obtain net association patterns (Rajalahti, 2021a,
2021b). A drawback of this approach is that interpretation
is complicated by the need for many principal components
to present a covariate descriptor. An alternative approach
would be to regress the outcome on the multicollinear PA
and adiposity descriptors using partial least squares (PLS)
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(Wold et al., 1984) followed by target projection (Kvalheim
& Karstang, 1989; Rajalahti & Kvalheim, 2011) to obtain
single predictive score vectors for PA and adiposity and pro-
ject on the target score vectors. This approach facilitates the
interpretation of the influence of covariates. In this paper, we
aim at developing this approach to obtain “net” association
patterns to assess quantitively the influence of adiposity and
PA on the association pattern between HOMA-IR and the
lipoprotein profile.

2 Assessment and adjustment for covariates
to obtain net associations

We provide a general approach to investigate how the asso-
ciation pattern between an outcome variable y and a set of
explanatory variables, {x;, x,, ..., Xy} is influenced by and
can be adjusted for covariates, {z;, z,, ..., Zy}. Such covari-
ates can be, but are not limited to, confounders affecting
the association of the outcome to the explanatory variables.

The term net association pattern is used to imply the pat-
tern obtained after removal of some or all covariates. The
vector y contains the measurements for y and the matrices X
and Z, the corresponding measurements for the x-variables
and z-variables, respectively.

For ordinary multiple linear regression (MLR) analysis,
explanatory variables (including covariates) are mutually
adjusted by their inclusion in a joint statistical model, given
that this model allows for interpretation of the explanatory
variables” independent associations with the outcome. How-
ever, this procedure is not suited for multicollinear descrip-
tors, where associations are not independent, but collinear.
To handle this situation, adjustment for covariates can be
accomplished by calculating a regression model between
the outcome and the covariates:

y=2Zb,, +e, (la)

The outcome is adjusted for the covariates by using the
residuals e, in further analysis (Aadland et al., 2019).

Alternatively, the explanatory variables can be adjusted
for the covariates. For each explanatory variable x;, one
calculates

Xi =ZbZ,Xi+eX,i{i= 1927 '-'7M} (lb)

and the residuals e, ; are used as explanatory variables in
subsequent analyses.

Traditionally, MLR is used to calculate the regression
vectors from Eqs. (1a) and (1b) needed to adjust either the
outcome, the explanatory variables or both for covariates. If
the covariates possess linear dependency, the calculation of
a Moore—Penrose inverse (Rao & Mitra, 1971) represents a
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solution to relate the covariates to the outcome or the explan-
atory variables:

by, =77y (2a)

B, x=7"X (2b)

Superscript—implies the Moore—Penrose inverse, i.e.
7" =(Z"2)"'Z". As shown by Rajalahti et al., (2021a,
2021b), PCA can be used for handling the situation posed
by linear dependent covariates but other projection meth-
ods such as partial least (PLS) are available. We will now
explore some of the possibilities.

By using a general projection algorithm (Kvalheim, 1987;
Rajalahti & Kvalheim, 2011), it is possible to eliminate
the influence of covariates on both the outcome y and the
explanatory variables X simultaneously. For didactic rea-
sons, we first consider the trivial case for a single covariate
z. Collect the column-centred vectors z and y for the covari-
ate and the outcome, respectively, and the column-centred
matrix X in the augmented matrix X, =[z y X].

A covariate projection (CP) to assess and adjust for a
single covariate consists of four steps:

i. define the CP through a weight vector wp with all ele-
ments equal to zero except the element corresponding
to the position of the covariate in X, i.e., the first
element of w¢p which is given the value one.

ii. calculate the CP score vector t-p=X,,,Wcp. For the
case of a single covariate tqp=z.

iii. calculate the CP loading vector pgp' = tCPTXaug/
(tcp"tcp)

iv. obtain the adjusted augmented residual matrix as
E,ug=Xaug — tCPpCPT

aug

The column in the residual matrix E, , corresponding to
the outcome variable is e, =y — y(zTy)/(zng) which is exactly
the residuals of y obtained by regressing the outcome on the
covariate. Similarly, the residual vectors of the x-variables
after CP on the covariate are e, ;=x; — x;(z'x;)/(z"z) for
i=1,2, ...,M. The column in Eaug representing the residu-
als of the covariate after CP, is a column vector where all
elements are zero, e,=z — z(z'z)/(z'z) = 0. Thus, for a sin-
gle covariate, the residual matrix E,, contains the adjusted
(“net”) outcome and explanatory variables and a column of
zeros for the covariate.

Generalization to several covariates not being linearly
dependent, is straightforward: Add one column for each covar-
iate to obtain the matrix [Z y X]. After CP for the first covari-
ate, repeat the CP procedure on the resulting residual matrices
E, - This procedure continues for the updated residual matrix
resulting from repeating steps i—iv in the algorithm above until
every covariate has been used in the CP algorithm. After this

procedure, the elements in E,,, are zero for all the covariates
and contain adjusted outcome and explanatory variables from
which we can calculate net association patterns between out-
come and explanatory variables by regression.

Removal of the subspace spanned by the covariates from
either the outcome variable or the explanatory variables lead to
the same regression model in the subsequent regression of the
outcome on the explanatory variables. However, as discussed
below, it is better to adjust both outcome and explanatory
variables jointly using the projection algorithm. This allows
interpretation and visualization of the influence of covariates
within a “global” joint model composed of two orthogonal
parts: One part describing the variance pattern of the outcome
and the explanatory variables shared with the covariates, and
another part describing the net association pattern between the
adjusted outcome and explanatory variables.

In case of linear dependent covariates, we cannot use the
CP algorithm directly but proceed via the calculation of a
latent variable model representing the covariates. Recently, we
decomposed strongly multicollinear and even linear dependent
covariates using PCA and used the orthogonal principal score
vectors in the CP algorithm to isolate the influence of these
covariates (Rajalahti et al., 2021a, 2021b). Another possibility
is to model the relation between the outcome and the covari-
ates by PLS and then use the PLS score vectors in the CP
algorithm. The drawback for both PCA and PLS is that many
latent variables are usually needed to describe a multivariate
covariate. The physical activity descriptor in our application
represents an example of this situation. This makes interpre-
tation and visualization difficult. To circumvent the problem,
we therefore propose to post-process the validated PLS model
between an outcome and a multivariate covariate using target
projection (Kvalheim & Karstang, 1989; Rajalahti & Kval-
heim, 2011). By this procedure a single predictive target com-
ponent is obtained that contains the predictive information in
the PLS model. The general projection algorithm provides
the target component for the multivariate covariate a by using
the normalized regression vector b, . as weight vector, i.e.,
Wrpa=bz, /IIbz, |l The target scores maximally correlate to
the predicted outcome. Thus, trp=Z,Wrp=Zbz, /||bz, ||. By
projecting Z, on the target score vector, the target loadings
pTP’a=ZaTtTP’a /(tTP’aTtTP’a) are obtained and the target model
for the multivariate covariate can be formulated:

Za = t’TP,ap%’,a + ETP,a (33)

Y= tTP,a bZa,y

|+ ezay (3b)
The standardized score vector trp, is subsequently used

in the CP algorithm to adjust outcome and explanatory
variables for the multivariate covariate a. This simplifies
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interpretation compared to using many principal or PLS
components for describing linear dependent covariates.

Note that although all covariates can be incorporated in
a single PLS model and thus be assessed and adjusted for
jointly by a single target projection model, we partition the
covariates into groups and use the CP algorithm stepwise
to be able to separate the influence of the different groups
of covariates on the association pattern. Thus, the multi-
variate physical activity and adiposity covariates as well as
the univariate covariates age and sex are treated separately
in the CP algorithm in the application in this work. This
approach enables interpretation of the association patterns of
the outcome to the covariates together with the net (residual)
variance in the explanatory variables and the outcome in a
variance plot (Rajalahti et al., 2021a).

We include covariates, outcome, explanatory variables
and target score vectors representing multivariate covariates
in the variance plot for visualization and interpretation of the
partition of variance for all variables. The decomposition
can be written as:

[T;ZyX] = Z tCP,apgp,a +Eir,zyx “

The matrix T, contains standardized target score vec-
tors for the multivariate covariates, while Er, 7 , x| contains
the net values of [T,ZyX] after adjusting for the covariates.
The net values for the outcome, y, ., and the explanatory
variables, X, ., in this matrix can subsequently be used to
obtain the net associations pattern between outcome and
explanatory variables by PLS regression followed by post-
processing to obtain a single target component displaying
the predictive association pattern:

T
Xnet = tTP,netpTP,net + ETP,net (Sa)

Yoet = tTP,net”bnet” + ey,net (Sb)

From Eqgs. (5a) and (5b), selectivity ratios (SRs)
(Rajalahti et al., 2009) can be calculated quantifying the
predictive information in the x-variables. SR for a varia-
ble is defined as the ratio of explained variance (by the TP
model) to residual variance:

SRi = ”tTP,netpi, TP,net||2/||ei,TP,nel||2{i = 1’2’ ’M} (6)

The SRs can be used for interpretation and visualization
in an SR plot. Such plots display the overall predictive asso-
ciation patterns between outcome and explanatory variables
and rank the explanatory variables according to predictive
importance. As shown in the result section, SR plots can
be built from models during various stages of adjustment
to provide quantitative information about the influence of
covariates on the association pattern.
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3 Materials and methods
3.1 Population

We used baseline data for children participating in the Active
Smarter Kids study in this work (Resaland et al., 2015).
1129 5th graders (94% of those invited) from 57 schools
in Western Norway participated in the study. Of these, 841
were included in the present work. The inclusion criterion
was that the children had complete and valid data for all
the variables described below, i.e., the lipoprotein profile,
insulin, glucose, the physical activity intensity spectrum,
and three measures of adiposity.

3.2 Blood samples

Overnight fastening serum samples were obtained and stored
at — 80 °C according to a standard protocol (Lin et al., 2016)
and shipped on dry ice to the laboratories for the blood
analyses.

3.3 HOMA-IR

The Endocrine Laboratory of the VU University Medical
Center (VUmc; Amsterdam, the Netherlands) measured
insulin and glucose. HOMA-IR was calculated as fasten-
ing serum insulin times fasting serum glucose divided by
22.5 (Matthews et al., 1985). The product of fasting plasma
insulin of 5 pU/ml and normal fasting plasma glucose of
4.5 mmol/l is 22.5. This value represents an individual with
“normal” insulin sensitivity and a HOMA-IR score equal to
1 (Muniyappa et al., 2007).

3.4 Lipoproteins

The serum lipoprotein profile was predicted from proton
NMR spectra as described by Rajalahti et al. (2021a, 2021b).
The profile is characterized by 26 measures: Concentrations
of total cholesterol (TC), total triglyceride (TG), chylomi-
crons (CM), very low density lipoproteins (VLDL), low den-
sity lipoproteins (LDL), high density lipoproteins (HDL),
two subclasses of CM (CM-1 and CM-2), five subclasses
of VLDL (VLDL-L1, VLDL-L2, VLDL-L3, VLDL-M,
VLDL-S), four subclasses of LDL (LDL-L, LDL-M, LDL-
S, LDL-VS), six subclasses of HDL (HDL-VL1, HDL-VL2,
HDL-L, HDL-M, HDL-S and HDL-VS), and the average
particle size of VLDL, LDL and HDL subclasses. The
abbreviations VL, L, M, S and VS imply very large, large,
medium, small, and very small particles. TG and cholesterol
lipoprotein features were separately and independently cal-
culated from in-house developed and validated PLS models
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with reference values from liquid chromatography (Oka-
zaki et al., 2005) for all subclasses, and then combined to
obtain features representing the total concentration for each
subclass of lipoproteins. Fractions of TG and cholesterol
subclasses were used to calculate average particle size for
VLDL, LDL and HDL.

3.5 Adiposity measures

We used three measures of adiposity: Body mass index
(BMI) calculated as mass divided by the squared height (kg/
m?), waist circumference to height (WC/H), and skinfold
thicknesses (sum of biceps, triceps, subscapular, and suprail-
iac thicknesses). Details of measurements can be found in
Rajalahti et al., (2021a, 2021Db).

3.6 Physical activity data

PA was measured using the ActiGraph GT3X + accelerom-
eter (Pensacola, FL, USA) (John & Freedson, 2012) worn
at the right hip over seven consecutive days, except during
water activities (swimming, showering) or while sleeping.
We derived a PA descriptor of time (minute/day) spent in
23 intensity intervals from the measurements on the verti-
cal axis to obtain a PA intensity spectrum (Aadland et al.,
2019). The intensity intervals used for the PA descrip-
tor were 0-99, 100-249, 250-499, 500-999, 1000-1499,
1500-1999, 2000-2499, 2500-2999, 3000-3499,
3500-3999, 4000-4499, 4500-4999, 5000-5499,
5500-5999, 6000-6499, 6500-6999, 7000-7499,
7500-7999, 8000-8499, 8500-8999, 9000-9499,
9500-9999 and > 10,000 counts per minute (cpm).

3.7 Pretreatment of data

The repeated Monte-Carlo resampling method used to vali-
date the number of PLS components with predictive infor-
mation produces more stable models if the variables are
approximately normally distributed (Kvalheim et al., 2018).
All variables, except age and sex, were thus log-transformed.
After log transformation, normal probability plots showed
that only TG, CM, VLDL and a few CM and VLDL sub-
classes deviated from normal distribution. The data are listed
as Suppl. Mat. 1.

Prior to further statistical analysis, the data were mean-
centered and standardized to unit variance. Also TP score
vectors were standardized.

3.8 Procedure for deriving “net” data
It is well-known that age and sex influence the lipoproteins

(Rajalahti et al., 2016). Therefore, all the variables were
adjusted for these two confounders using the CP algorithm.

With the purpose of revealing the influence of adiposity and
PA or both on the associations of lipoproteins (explanatory
variables) to HOMA-IR (outcome), additional projections
were performed for these covariates. The three adipos-
ity measures were strongly multicollinear, while the PA
variables were linear dependent. Therefore, projections for
PA and adiposity to obtain net HOMA-IR and lipoprotein
variables were performed by using the target component
score vectors in the covariate projection procedure. Sepa-
rate PLS models between HOMA-IR and the adiposity
and PA descriptors were built for an increasing number of
components using repeated Monte Carlo resampling with
1000 repetitions leaving out 50% of the data for predictions.
The number of predictive PL.S components was selected by
locating the minimum of the root-median-squared-error-of-
prediction for the PLS models and additionally requiring that
the median prediction error for the model should be signifi-
cantly lower than for the model with one PLS component
less (Kvalheim et al., 2018). Target projections for the vali-
dated PLS models showed that the target scores explained
42.6% and 79.2% of the total variance in PA and adiposity
variables, respectively, and 11.4 and 27.7% in HOMA-IR
for PA and adiposity, respectively. The standardized target
scores were subsequently used in the projection algorithm
to assess and adjust for the influence of adiposity and PA
individually and jointly on the net associations. As shown
above, target projection embraces all the predictive informa-
tion in the validated PLS regression models.

3.9 Modelling and visualization of “net” association
patterns

We calculated the net association patterns of HOMA-IR to
the lipoprotein features in three steps:

1. PLS regression with 1000 repetitions of Monte Carlo
resampling to establish predictive models of HOMA-IR
to the lipoproteins using the same model selection pro-
cedure as above for relating HOMA-IR to the covariates
adiposity and PA.

2. Target projection to quantify and detach the influence
of adiposity or PA or both on the association pattern of
HOMA-IR to the lipoproteins.

3. Transformation of these patterns into selectivity ratios
(Rajalahti et al., 2009) to interpret the influence of PA
and adiposity on the association pattern of HOMA-IR
to the lipoproteins.
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4 Results and discussion

Table 1 summarizes features of the regression models
calculated for the association between HOMA-IR and
lipoproteins.

Data adjusted for (a) age and sex, (b) age, sex, and adipos-
ity, (c) age, sex, and PA, and (d) age, sex, adiposity, and PA.

Since the age variation is narrow and prepubertal boys
and girls have similar lipoprotein profiles (Rajalahti et al.,
2016), the confounders age and sex have only small effects
on the variances in HOMA-IR and lipoproteins (Table 1,
first row) and thus on the net association pattern between
HOMA-IR and lipoproteins. The corresponding SR plot of
the model obtained after adjustment for these confound-
ers (Fig. 1a) displays a strong positive association pattern

Table 1 Rpmainiqg variance Variables adjusted for Var, Var,; (LP)* R2LP° R2HOMA® SR plot

and explained variances Qf (HOK/I A-IR)? !

HOMA-IR and lipoproteins

after adjustments Age and sex 96.7 98.6 359 20.2 Figure la
Age, sex, and adiposity 72.2 91.8 28.0 9.8 Figure 1b
Age, sex, and PA 87.4 95.5 32.8 14.4 Figure 1c
Age, sex, adiposity, and PA 70.7 91.0 27.2 8.9 Figure 1d

“Percent remaining variance of total variance in HOMA-IR and lipoproteins (LP) after adjustments
PPercent explained variance in lipoproteins (LP) and HOMA-IR of their original total variance before

adjustments
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Fig. 1 Selectivity ratio plots of regression models using HOMA-IR as outcome and the 26 lipoprotein features as explanatory variables
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between HOMA-IR and the triglyceride rich lipoprotein
classes of CM and VLDL and the average VLDL particle
size. Moderate negative associations are observed between
HOMA-IR and HDL, the HDL subclasses of very large,
large, and medium size particles, and the average size of
HDL particles. No associations are observed with the sub-
class VLDL-S and the LDL features. Overall, this pattern
resembles previous findings for adiposity in children (Resa-
land et al., 2018) and is almost inversely associated with
the pattern we found for PA (Rajalahti et al., 2021a) and
aerobic fitness (Rajalahti et al., 2021b). The inverse asso-
ciations of HOMA-IR to large and very large HDL particles
coincide with the findings of Okuma et al. (2013) in Japa-
nese schoolchildren for the association of visceral obesity
to HDL subclasses. Furthermore, the inverse association
between HOMA-IR and HDL echoes the finding of Blackett
et al. (2005) of obesity-related lowering of HDL cholesterol
already present in 5-9 years old Cherokee Indian children.
Our results also mostly comply with the association pattern
to HOMA-IR and BMI in 61 obese adolescents observed
by Slyper et al. (2014). The patterns agree for TG, VLDL
and large VLDL particles and HDL and their subclasses
but deviate for LDL and VLDL-S particles, the latter which
are often termed intermediate-density lipoproteins (IDL).
The discrepancies may be due to differences in age group
between the two studies since the lipoprotein pattern changes
during puberty (Dai et al., 2009; Freedman et al., 2004;
Labarthe et al., 2003; Stozicky et al., 1991). In summary, the
association pattern found in our cohort of children mainly
agrees with previous investigations for children, but deviates
for LDL features observed for adolescents, but this may be
attributed to the impact of puberty on the lipoprotein profile.

Adjustment by adiposity target scores in the projection
algorithm reduces the original variance in HOMA-IR and
lipoprotein features by 24.5% and 6.8%, respectively, with an
accompanying halving of the variance explained in HOMA-
IR (Table 1, row 2). The corresponding SR plot (Fig. 1b)
shows that this is due to a strong weakening of the inverse
associations of HOMA-IR to the HDL features and weak-
ening of the positive associations to the VLDL features and
total TG.

Adjustment instead by PA target scores reduces the
variance in HOMA-IR and lipoproteins by 9.3% and 3.1%,
respectively (Table 1, row 3). This is less than half of what
was observed for adiposity. The reduction in explained vari-
ance of HOMA-IR is also approx. half of that observed for
adjustment by adiposity leading to much smaller changes in
the association pattern (Fig. 1c).

Furthermore, very little additional variance is removed
from HOMA-IR and the lipoproteins by adjusting for
both adiposity and PA (Fig. 1d) compared to adjustment
for only adiposity (Fig. 1b) and the association pattern is
only marginally affected. Thus, the influence of adiposity

on the association pattern is much stronger than that for
PA. The much weaker influence of PA on the association
pattern after first adjusting for adiposity compared to the
result observed without adjusting for adiposity suggests a
strong relation between adiposity and PA. This was veri-
fied by calculating a PLS model between the adiposity
target component and the PA descriptor consisting of 23
intensity ranges. The model explained 23.7% of the vari-
ance in adiposity and the SR plot (not shown) revealed an
increasingly stronger inverse association of adiposity to
PA intensity peaking around 7500-8000 cpm. Thus, PA
is indirectly partially adjusted for when we adjust for adi-
posity as also indicated by previous findings in this cohort
(Rajalahti et al., 2021a).

Other methods for variable importance are available to
study association patterns and comparative studies have
been performed (Farrés et al., 2015; Mehmood et al., 2020).
Variable importance in projection (VIP) is a commonly
used method to study metabolomics association patterns.
For comparison, we have included VIP plots correspond-
ing to the SR plots (Supplementary Material 2). The VIP
plots show the same strong weakening of the associations
of HOMA-IR to the HDL features as the SR plots accom-
panying adjustment for adiposity target scores. However,
the weakening in the associations of HOMA-IR to TG and
the triglyceride-rich lipoproteins visualized in the SR plots
(Fig. 1b, d) is not observed in the corresponding VIP plots.
Thus, for TG and the triglyceride-rich lipoproteins, the VIP
plots do not comply to previous investigations (Slyper et al.,
2014) and our result.

4.1 Interpretation using variance plot

We have previously shown how variance plots can be used to
visualize the influence of covariates on outcomes, explana-
tory variables, and each other (Rajalahti et al., 2021a). Fig-
ure 2 shows the variance for multiple covariate projections.

Covariate projections were done in the following order:
Age, sex, adiposity, and PA. Color code: (i) age (yellow), (ii)
sex (red), (iii) adiposity (black), and (iv) physical activity
(blue). Residual variances after projections, which can be
used for further modelling of net association patterns, are
shown in grey. Projections for adiposity and PA used the
target component scores which are also shown.

Due to narrow age range, age shares almost no variance
with the other variables, while sex shares variance with the
adiposity target component, skinfold, and PA with a maxi-
mum around 5500-6000 cpm. This is attributed to less PA
among girls than boys in the analyzed cohort. The adiposity
target component shares a variance pattern with the lipo-
proteins which was previously observed (Rajalahti et al.,
2021a). The variance pattern shared between adiposity and
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PA complies with our findings above with increasing asso- 4.2 Possible impact of residual covariate variance
ciation with higher intensity PA. We also observe strong on models

associations between adiposity and HOMA-IR whereas

association of PA to HOMA-IR and lipoproteins are minor ~ The variance plot shows that some adiposity measures and

after adjustment by adiposity. PA variables have considerable residual variance when
using target components for covariate projections. To
explore the possible impact of residual covariate variance
in the regression model, we modelled HOMA-IR for the
net data including the three adiposity measures and 23
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Fig. 3 Selectivity ratio plot for HOMA-IR with adjusted variables included as explanatory variables
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PA variables together with the lipoproteins as explanatory
variables. The SR plot (Fig. 3) displays neither significant
associations to the adiposity measures BMI, WC/H, or
skinfold nor to the PA variables. Furthermore, the asso-
ciation pattern of HOMA-IR to the lipoproteins is identical
(Fig. 1d) to with explained variance in HOMA-IR being
9.0% compared to 8.9% (Table 1) for the corresponding
model not including the adjusted adiposity and PA vari-
ables. This shows that our approach removes all the pre-
dictive information in the relation between outcome and
covariates.

SR plot of regression model with HOMA-IR as out-
come and the lipoprotein features, adiposity variables and
the PA descriptor as explanatory variables. Data were
adjusted for age, sex, adiposity, and PA prior to modelling.

5 Conclusion

We developed a general approach to quantify and inter-
pret the influence of strongly multicollinear and even
linear dependent covariates on metabolomics association
patterns explored by regression modelling. The method
adjusts outcome and explanatory variables for covariates
simultaneously and works irrespective of the number of
covariates and their degree of mutual collinearity. Further-
more, our approach treats covariates as an integrated part
of the model and thus acknowledges the complementary
and important information supplied by these variables.

The present application using target projections to
examine the influence of lifestyle related factors on the
association pattern between HOMA-IR and a compre-
hensive lipoprotein profile, illustrates how the impact of
covariates on association patterns can be quantified and
interpreted. Their variance patterns provided additional
insight into important aspects of the data and allowed for
improved interpretation of etiology. Covariates should
therefore be given a thorough examination in the model-
ling process.

Our modelling procedure incorporates validation and
visualization tools to assure predictability and facilitate
interpretation of association patterns.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s11306-022-01931-6.

Acknowledgements We thank children, parents, and staff at the partici-
pating schools in the ASK study for their cooperation during the data
collection. We also thank our colleagues, particularly, Geir Kare Resa-
land and Sigmund A. Anderssen, and students at the Western Norway
University of Applied Sciences (formerly Sogn og Fjordane University
College) for their contributions to the ASK study.

Author contributions O.M.K drafted the manuscript and did most
of the formal analysis, T.R. did the lipoprotein analysis and E.A. the
physical activity accelerometry data. All authors contributed to the
interpretation of the data and the final manuscript.

Funding Open access funding provided by University of Bergen (incl
Haukeland University Hospital). The ASK study was supported by
the Research Council of Norway [#221047/F40]; and the Gjensidige
Foundation [#1042294].

Data availability The data analyzed in this paper are available as sup-
plementary material (Table S1).

Declarations

Conflict of interest The authors declare no conflict of interest.

Ethical approval and consent to participate Our procedures and
methods conform to ethical guidelines defined by the World Medi-
cal Association’s Declaration of Helsinki and its subsequent revi-
sions. The South-East Regional Committee for Medical Research Eth-
ics in Norway approved the ASK study protocol (reference number
2013/1893). Prior to all testing, we obtained written informed consent
from each child’s parents or legal guardian and from the responsible
school authorities. The ASK study is registered in Clinicaltrials.gov
with identification number: NCT(02132494.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Aadland, E., Kvalheim, O. M., Anderssen, S. A., Resaland, G. K., &
Andersen, L. B. (2019). Multicollinear physical activity accel-
erometry data and associations to cardiometabolic health: Chal-
lenges, pitfalls, and potential solutions. International Journal of
Behavioral Nutrition and Physical Activity, 16, 74.

Bell, J. A., Hamer, M., Richmond, R. C., Timpson, N. J., Carslake, D.,
& Smith, G. D. (2018). Associations of device-measured physi-
cal activity across adolescence with metabolic traits: Prospective
cohort study. PLoS Medicine, 15, ¢1002649.

Blackett, P. R., Blevins, K. S., Stoddart, M., Wang, W., Quintana, E.,
Alaupovic, P., & Lee, E. T. (2005). Body mass index and high-
density lipoproteins in Cherokee Indian children and adolescents.
Pediatric Research, 58, 472-4717.

Bro, R., & Smilde, A. K. (2014). Principal component analysis. Ana-
Iytical Methods, 6, 2812-2851.

Dai, S., Fulton, J. E., Harrist, R. B., Grunbaum, J. A., Steffen, L. M.,
& Labarthe, D. R. (2009). Blood lipids in children: Age-related
patterns and association with body-fat indices: Project HeartBeat.
American Journal of Preventive Medicine, 37, S56-S64.

@ Springer


https://doi.org/10.1007/s11306-022-01931-6
http://creativecommons.org/licenses/by/4.0/

72 Page 100f 10

0. M. Kvalheim et al.

Farrés, M., Platikonov, S., Tsakovski, S., & Tauler, R. (2015). Com-
parison of the variable importance in projection (VIP) and of the
selectivity ratio (SR) methods for variable selection and interpre-
tation. Journal of Chemometrics, 29, 528-536.

Freedman, D. S., Otvos, J. D., Jeyarajah, E. J., et al. (2004). Sex and age
differences in lipoprotein subclasses measured by nuclear mag-
netic resonance spectroscopy: The Framingham Study. Clinical
Chemistry, 50, 1189-1200.

Garvey, W. T., Kwon, S., Zheng, D., Shaughnessy, S., Wallace, P.,
Hutto, A., et al. (2003). Effects of Insulin Resistance and Type
2 diabetes on lipoprotein subclass particle size and concentra-
tion determined by Nuclear Magnetic Resonance. Diabetes, 52,
453-462.

Goff, D. C., Jr., D’Agostino, R. B., Jr., Haffner, S. M., & Otvos, J. D.
(2005). Insulin resistance and adiposity influence lipoprotein size
and subclass concentrations. Results from the Insulin Resistance
Atherosclerosis Study. Metabolism Clinical and Experimental,
54,264-270.

John, D., & Freedson, P. (2012). Actigraph and Actical physical activ-
ity monitors: A peek under the hood. Medicine and Science in
Sports and Exercise, 44, S86—S89.

Kraus, W. E., Houmard, J. A., Duscha, B. D., Knetzger, K. J., Wharton,
M. B., McCartney, J. S., et al. (2002). Effects of the amount and
intensity of exercise on plasma lipoproteins. New England Journal
of Medicine, 347, 1483-1492.

Krekoukiaa, M., Nassisa, G. P., Psarraa, G., Skenderia, K., Chrousosc,
G. P, & Sidossis, L. S. (2007). Elevated total and central adiposity
and low physical activity are associated with insulin resistance in
children. Metabolism Clinical and Experimental, 56, 206-213.

Kujala, U. M., Mikinen, V.-P., Heinonen, I., Soininen, P., Kangas, A.
J., Leskinen, T. H., et al. (2013). Long-term leisure-time physi-
cal activity and serum metabolome. Circulation, 127, 340-348.

Kvalheim, O. M. (1987). Latent-structure decompositions (projections)
of multivariate data. Chemometrics and Intelligent Laboratory
Systems, 2, 283-290.

Kvalheim, O. M., & Karstang, T. V. (1989). Interpretation of latent-
variable regression models. Chemometrics and International
Laboratory Systems, 7,39-51.

Kvalheim, O. M., Arneberg, R., Grung, B., & Rajalahti, T. (2018).
Determination of optimum number of components in partial least
squares regression from distributions of the root-mean-squared
error obtained by Monte Carlo resampling. Journal of Chemo-
metrics, 32, €2993.

Labarthe, D. R., Dai, S., & Fulton, J. E. (2003). Cholesterol screening
in children: Insights from project HeartBeat and NHANES III.
Progress in Pediatric Cardiology, 17, 10.

Lin, C., Rajalahti, T., Mjgs, S. A., & Kvalheim, O. M. (2016). Pre-
dictive associations between serum fatty acid and lipoproteins in
healthy non-obese Norwegians—implications for cardiovascular
health. Metabolomics, 12, 6.

Matthews, D. R., Hosker, J. R., Rudenski, A. S., Naylor, B. A.,
Treacher, D. F., & Turner, R. C. (1985). Homeostasis model
assessment: Insulin resistance and beta-cell function from fasting
plasma glucose and insulin concentrations in man. Diabetologia,
28, 412-419.

Mehmood, T., Szbg, S., & Liland, K. H. (2020). Comparison of vari-
able selection methods in partial least squares regression. Journal
of Chemometrics, 34, €3226.

Muniyappa, R., Lee, S., Chen, H., & Quon, M. J. (2007). Current
approaches for assessing insulin sensitivity and resistance in vivo:
Advantages, limitations, and appropriate usage. American Journal
of Physiology. Endocrinology and Metabolism, 294, E15-E26.

Okazaki, M., Usui, S., Ishigami, M., Sakai, N., Nakamura, T., Matsu-
zawa, Y., & Yamashita, S. (2005). Identification of unique lipo-
protein subclasses for visceral obesity by component analysis of
cholesterol profile in high-performance liquid chromatography.
Arteriosclerosis, Thrombosis, and Vascular Biology, 25, 578-584.

@ Springer

Okuma, H., Okada, T., Abe, Y., Saito, E., Iwata, F., Hara, M., et al.
(2013). Abdominal adiposity is associated with high-density lipo-
protein subclasses in Japanese schoolchildren. Clinica Chimica
Acta, 425, 80-84.

Phillips, C., Dillon, C. B., & Perry, I. J. (2018). Replacement of seden-
tary time with physical activity: Effect on lipoproteins. Medicine
and Science in Sports and Exercise, 50(5), 967-976.

Rao, C. R., & Mitra, S. K. (1971). Generalized inverse of matrices and
its applications. Wiley.

Rajalahti, T., Aadland, E., Resaland, G. K., Anderssen, S. A., & Kval-
heim, O. M. (2021a). Cardiometabolic associations between phys-
ical activity, adiposity, and lipoprotein subclasses in prepubertal
Norwegian children. Nutrients, 13, 2095.

Rajalahti, T., Aadland, E., Resaland, G. K., Anderssen, S. A., &
Kvalheim, O. M. (2021b). Influence of adiposity and physical
activity on the cardiometabolic association pattern of lipoprotein
subclasses to aerobic fitness in prepubertal children. PLoS ONE,
16(11), e0259901.

Rajalahti, T., Arneberg, R., Berven, F. S., Myhr, K.-M., Ulvik, R. J.,
& Kvalheim, O. M. (2009). Biomarker discovery in mass spectral
profiles by means of selectivity ratio plot. Chemometrics & Intel-
ligent Laboratory Systems, 95, 35-48.

Rajalahti, T., & Kvalheim, O. M. (2011). Multivariate data analysis in
pharmaceutics: A tutorial review. International Journal of Phar-
maceutics, 417, 280-290.

Rajalahti, T., Lin, C., Mjgs, S. A., & Kvalheim, O. M. (2016). Changes
in serum fatty acid and lipoprotein subclass concentrations from
prepuberty to adulthood and during aging. Metabolomics, 12, 51.

Resaland, G. K., Fusche Moe, V., Aadland, E., Steene-Johannessen, J.,
Glosvik, @., Andersen, J. R., On behalf of the ASK study group,
et al. (2015). Active Smarter Kids (ASK): Rationale and design
of a cluster-randomized controlled trial investigating the effects
of daily physical activity on children’s academic performance and
risk factors for non-communicable diseases. BMC Public Health,
15,709.

Resaland, G. K., Rajalahti, T., Aadland, E., & Kvalheim, O. M. (2018).
Strong association between cardiorespiratory fitness and lipopro-
tein subclass pattern in prepubertal healthy children. Scandinavian
Journal of Medicine and Science in Sports, 28, 220-227.

Sarzynski, M. A., Burton, J., Rankinen, T., Blair, S. N., Church, T.
S., Despres, J.-P., et al. (2015). The effects of exercise on the
lipoprotein subclass profile: A meta-analysis of 10 interventions.
Atherosclerosis, 243, 364-372.

Shalaurova, I., Connelly, M. A., Garvey, W. T., & Otvos, J. D. (2014).
Lipoprotein insulin resistance index: A lipoprotein particle-
derived measure of insulin resistance. Metabolic Syndrome and
Related Disorders, 12, 422-429.

Slyper, A. H., Rosenberg, H., Kabra, A., Weiss, M. J., Blech, B.,
Gensler, S., & Matsumura, M. (2014). Early atherogenesis and
visceral fat in obese adolescents. International Journal of Obesity,
38, 954-958.

Stozicky, F., Slaby, P., & Volenikova, L. (1991). Longitudinal study
of serum cholesterol, apolipoproteins and sex hormones during
puberty. Acta Paediatrica Scandinavica, 80, 1139-1144.

Wold, S., Ruhe, A., Wold, H., & Dunn, W. J. I. I. I. (1984). The col-
linearity problem in linear regression. The partial least squares
(PLS) approach to generalized inverses. SIAM Journal of Science
and Statistical Computing, 5, 735-743.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.



	An approach to assess and adjust for the influence of multicollinear covariates on metabolomics association patterns—applied to a study of the associations between a comprehensive lipoprotein profile and the homeostatic model assessment of insulin resista
	Abstract
	Introduction 
	Objectives 
	Methods 
	Results 
	Conclusion 

	1 Introduction
	2 Assessment and adjustment for covariates to obtain net associations
	3 Materials and methods
	3.1 Population
	3.2 Blood samples
	3.3 HOMA-IR
	3.4 Lipoproteins
	3.5 Adiposity measures
	3.6 Physical activity data
	3.7 Pretreatment of data
	3.8 Procedure for deriving “net” data
	3.9 Modelling and visualization of “net” association patterns

	4 Results and discussion
	4.1 Interpretation using variance plot
	4.2 Possible impact of residual covariate variance on models

	5 Conclusion
	Acknowledgements 
	References




