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ABSTRACT: Systems biology methods using large-scale “omics”
data sets face unique challenges: integrating and analyzing near
limitless data space, while recognizing and removing systematic
variation or noise. Herein we propose a complementary multivariate
analysis workflow to both integrate “omics” data from disparate
sources and analyze the results for specific and unique sample
correlations. This workflow combines principal component analysis
(PCA), orthogonal projections to latent structures discriminate
analysis (OPLS-DA), orthogonal 2 projections to latent structures
(O2PLS), and shared and unique structures (SUS) plots. The
workflow is demonstrated using data from a study in which
ApoE3Leiden mice were fed an atherogenic diet consisting of
increasing cholesterol levels followed by therapeutic intervention
(fenofibrate, rosuvastatin, and LXR activator T-0901317). The
levels of structural lipids (lipidomics) and free fatty acids in liver were quantified via liquid chromatography−mass spectrometry
(LC−MS). The complementary workflow identified diglycerides as key hepatic metabolites affected by dietary cholesterol and
drug intervention. Modeling of the three therapeutics for mice fed a high-cholesterol diet further highlighted diglycerides as
metabolites of interest in atherogenesis, suggesting a role in eliciting chronic liver inflammation. In particular, O2PLS-based
SUS2 plots showed that treatment with T-0901317 or rosuvastatin returned the diglyceride profile in high-cholesterol-fed mice
to that of control animals.

The advent of high-throughput analytical technology
platforms and the so-called “omics” revolution has

resulted in the ability to produce biological data sets of
enormous size and complexity.1 These large data sets, coupled
with complex biological questions, have driven the need for
statistical, mathematical, and high-end computational support.
Systems biology refers to a shift in the data analysis paradigm
from traditional reductionism approaches to focus on the
simultaneous study of the interrelationships of all elements in a
system.2 Current systems biology approaches face the challenge
of establishing novel ways to integrate and analyze large data
sets derived from multiple “omics” platforms. Commonly, the
structure of these data sets consists of relatively few samples,
but a large number of variable measurements, resulting in
unique statistical challenges.
One of the primary challenges within systems biology

remains the analysis of the large dimensional data space of high-
throughput “omics” technologies. This task is made more
difficult with the knowledge that most biological data sets

contain both technical and biological noise and/or various
types of systematic error. In the case of data space, not all
measurements are necessarily relevant to the experimental
hypothesis or system being explored and can potentially be
excluded. Accordingly, the challenge consists of creating
systems biology workflows that can offer data integration,
identification of errors, and finally analysis with regard to
hypothesis testing. To address these issues, a number of
methodologies have emerged that are based on both new and
classical multivariate analysis techniques. One in particular,
orthogonal 2 projections to latent structures (O2PLS; an
extension of partial least-squares), has the potential to integrate
and analyze “omics” data sets while separating systematic
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variations and noise as well as unique structures unrelated to
the other blocks from the joint correlation.
Partial least-squares/projections to latent structures (PLS) is

commonly employed to examine variables for underlying
correlations and patterns.3 PLS can be considered unidirec-
tional in that it only models Y from X. Orthogonal projections
to latent structures (OPLS) is a PLS extension in which the
systemic variation that is not correlated between the predictive
and observed variables is modeled separately.4 Although both
OPLS and PLS have the same theoretical predictive power, the
benefit of OPLS lies in its interpretability,5 aiding in the
selection of outliers, determining the number of components,
and removing systematic variation from the predictive
component. OPLS can also be employed as a discriminate
analysis (OPLS-DA), describing differences between overall
class properties while removing systematic variation.6 The
bidirectional correlations that exist in large multiblock data sets
(the combination of “blocks” of data that represent subdomains
or subgroups within a data set) make PLS methods unsuitable
to describe multiblock correlations, and traditionally other
bidirectional techniques such as canonical correlation (CC) and
multiple correspondence analysis (MCA) have been employed,
although they are considered to lack the proper model
structure.7 O2PLS is a new method of data integration and
analysis that supports multiblock bidirectional correlations.
O2PLS is an extension of OPLS and is both an exploratory and
predictive bidirectional modeling tool. Generally, O2PLS
produces three main outputs, the joint correlation that exists
between X and Y, the specific variation in X, and the specific
variation in Y.8 O2PLS can also extend beyond two data sets
and can be used to integrate and analyze large multiblock data
sets of different units or sources.9 O2PLS models assume joint
variation or dependency in that any system under study must
contain both independent and dependent variables (i.e., mRNA
translation into a protein and/or a given protein effecting a shift
in metabolite concentrations). To aid in the interpretation of
OPLS models a visualization tool known as the SUS plot
(shared and unique structures) plot can be employed.10 We
propose an extension of this tool for aiding in the interpretation
of O2PLS models, herein referred to as an SUS2 plot.
To date there are relatively few literature examples of studies

using O2PLS; however, it has been used to integrate and model
plant transcript and metabolite data11,12 and also been
proposed as a viable statistical method for linking either
genomic, transcriptomic, and/or proteomic variation with
metabolomic variation.13 By contrast OPLS (and PCA) related
literature are prolific,14−21 including application as a data
dimensionally reduction tool.22 In addition, OPLS-DA has also
been gaining momentum.23−25

This paper details a novel, systematic approach to multi-
variate analysis for large-scale, multiblock studies. Multiblock
data typifies the case where a number of variables have been
measured across different samples, and the subsets of these
measurements (gene profiles, metabolites, etc.) constitute
different data blocks.26 A demonstration of our proposed
workflow is given using a data set containing measurements
from two analytical platforms (lipidomics and free fatty acids)
from ApoE3Leiden mice fed an atherogenic diet.27,28 The
workflow is first applied to examine the effects of low and high
atherogenic dietary regimes upon hepatic metabolites and then
extended to analyze the metabolic effects of three atherogenic
therapeutic interventions, the PPAR-α activator fenofibrate

(FF), the HMG CoA-reductase inhibitor rosuvastatin (RSV),
and the LXR-activator T-0901317 (T09).

■ METHOD
Data Analysis. All data processing, including PCA, OPLS-

DA, O2PLS, and cross validation, was implemented using
SIMCA software v.13 (Umetrics AB, Umea,̊ Sweden).8,11 Data
were column centered variance scaled prior to multivariate
analysis. O2PLS is an extension of OPLS that is not yet widely
employed and is therefore briefly described here. Whereas
OPLS is a unidirectional modeling technique (Y is predicted
from X), O2PLS is bidirectional; Y can predict X and X can also
predict Y, and uncorrelated or specific variation in both the X
and Y blocks is removed as orthogonal components. This
means that an O2PLS analysis produces multiple model
components including the joint variation that exists between
X and Y and the individual or specific orthogonal variation that
exists purely in X and again in Y (Figure 1). This paper

demonstrates a single-class approach where X and Y only
contain samples from one class of data (e.g., control). However,
it is also possible to utilize a two-class approach, wherein X and
Y contain two classes (e.g., control and experimental
intervention). Two-class O2PLS has been previously applied
to biological studies.11,29 The user should consider which
approach is most appropriate/insightful for a given study
design. The current approach using single groups in the O2PLS
analysis is primarily useful for cases where subgroups are
suspected as in the presented data set. Values of R2 and Q2 are
commonly quoted as descriptors of a multivariate model. R2

represents the percentage of variation within a data set that can
be explained by the model, often referred to as a measure of fit.
The Q2 is percent variation of the response predicted by the
model according to cross validation, or rather, how accurately
the model can be expected to predict new data. Since O2PLS is
a bidirectional model between an X and Y block, SIMCA 13
calculates R2X and R2Y as the fraction of the sum of squares of
all X and Y that the model can explain using the latent variables.
These values for all models are shown in Supporting
Information Table S1.

Samples. A total of 37 12 week old female ApoE3Leiden
mice were separated into three dietary regulated groups:
control, low cholesterol (LC), and high cholesterol (HC). The
control group (n = 13) was fed a cholesterol-free diet for 10

Figure 1. Overview of data models for dietary regimes (control [Cnt],
low cholesterol [LC], and high cholesterol [HC]); “unfolding the
data”. ChE is cholesterol ester(s), DG is diglyceride(s), TG is
triglyceride(s), LPC is lysophosphatidylcholine(s), PC is phosphati-
dylcholine(s), SPM is sphingomyelin, and FFA is free fatty acid(s).
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weeks. The low-cholesterol (n = 12) and high-cholesterol
groups (n = 12) underwent the same 10 week dietary regime as
the control, but their diets were supplemented with an
additional 0.25% and 1% w/w cholesterol, respectively. After
the 10 week feeding regime, mice were euthanized collectively
under anesthesia and livers immediately collected, snap-frozen
in liquid nitrogen, and stored at −80 °C until required for free
fatty acid and lipidomics analysis.
A separate cohort of 36 12 week old female ApoE3Leiden

mice undergoing therapeutic intervention were separated into
three groups (n = 12 each), fed the same high-cholesterol diet
as the HC group, but supplemented with one of the following:
PPAR-α activator fenofibrate (n = 12, FF; 0.03% w/w), HMG
CoA-reductase inhibitor rosuvastatin (n = 12, RSV; 0.05% w/
w), or LXR-activator T-0901317 (n = 12, T09; 0.01% w/w).
After the 10 week feeding/therapeutic intervention regime,
mice were euthanized collectively under anesthesia and livers
immediately collected, snap-frozen in liquid nitrogen, and
stored at −80 °C until required for free fatty acid and
lipidomics analysis.
Liver Free Fatty Acid and Lipidomics Analysis. Lipid

and free fatty acid extraction: livers were homogenized, and 5
μL of homogenate was extracted with 200 μL of isopropyl
alcohol containing internal standards (heptadecanoyl-lysophos-
phatidylcholine, dilauroyl-phosphatidylcholine, heptadecanoyl-
cholesterol, and triheptadecanoyl-glycerol, all at a concentration
of 1 μg/mL; Sigma, St. Louis, MO, U.S.A.) as previously
described.27

Data were acquired by electrospray liquid chromatography−
mass spectrometry (ESI-LC−MS) as described in the
Supporting Information. Lipidomics data included these
general lipid classes: cholesterol esters (ChE), diglycerides
(DG), triglycerides (TG), lysophosphatidylcholines (LPC),
phosphatidylcholines (PC), and sphingomyelin (SPM). Free
fatty acid data (FFA) included 28 fatty acids ranging from C:12
to C:24 carbon chain length. The lipidomics data for the
cholesterol dietary feeding study were previously published,27

but the free fatty acid data and therapeutic drug intervention
studies consist of novel data.

■ RESULTS AND DISCUSSION
This section details a systematic approach for a multivariate
workflow through the complementary integration and analysis
of data using PCA, OPLS-DA, and O2PLS (see Supporting
Information Figure S1 for a workflow diagram). For simplicity,
the proposed workflow initially focuses on the dietary effects of

an atherogenic diet (cholesterol-free control [Cnt], low
cholesterol [LC], high cholesterol [HC]). Later the study is
extended to the analysis of three antiatherogenic therapeutic
interventions. The proposed workflow involves the generation
of multiple intermediate models during the analysis. This
information is useful for understanding the full procedure, but
is beyond the scope of the current paper. Accordingly, this
material related to the various OPLS-DA and O2PLS models is
provided for interested readers in the Supporting Information
as Figures S2−S11, but is not discussed in detail in the main
text.
The analysis workflow involves multiple steps; initially a data

overview is performed (PCA and O2PLS), where data trends
are examined and outliers or unique sample variation is
observed (step 1). This step is followed by the “yardstick” (step
2), where specific variation within and between control samples
is observed and a reference model is created for all other
analyses. Exploratory and predictive analysis (step 3) describes
the complementary use of O2PLS and OPLS-DA to explore the
causality of the experiment. Figure 1 provides an overview of
the O2PLS and OPLS-DA models created during exploratory
and predictive analysis and the respective FFA and lipidomics
data blocks used for each analysis. Finally the various OPLS-DA
and O2PLS models are compared using SUS and SUS2 plots,
respectively, to highlight significant differences or changes in
samples and variables (step 4), which leads to the biological
interpretation of results (step 5).

Step 1: Generate an Overview of the Data Set. The
FFA and lipidomics data were divided into two blocks for
O2PLS analysis. The decision on the block division was made
on the basis of the following argument: fatty acids are esterified
into varying head groups (i.e., triglycerides, phospholipids) to
form different lipid classes, which can be released again via
lipase activity. Accordingly, there is biological cross-talk
between the two blocks given that FFAs are incorporated
into structural lipids, which could be affected by the treatment
with escalating doses of dietary cholesterol.
The initial overview analysis employed O2PLS and PCA on

the complete FFA and lipidomics data sets (containing results
from the Cnt, LC, and HC diets; Supporting Information
Figure S2) to screen for unsupervised groupings and provide an
overview of the data. There is a different presentation style of
the O2PLS scores plot from traditional scores plots. As O2PLS
is a bidirectional modeling technique, two equally important
score vectors are created (t and u), and therefore, both are
displayed in the scatter plot. Accordingly, there is double the

Figure 2. O2PLS joint scores plot (left) of control (Cnt), where t represents the scores from the X block and u represents the scores from the Y
block, and O2PLS joint loadings plot (right) of control (Cnt), where p represents the loadings from the X block and q represents the loadings from
the Y block; C12:0 is lauric acid. Lipid species nomenclature is as described in the text.
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number of samples; including both the t and u vectors. Of note
is the fact that both models (t and u) arrive at and display the
same data patterns and groupings, albeit with slightly different
locations of sample data points. This is expected and attributed
to the O2PLS modeling using blocks of data with differing
origin variables. Figure 2 shows this style of scores plot (26 data
points; 13 from the t vector and 13 from the u vector), and a
tight cluster around the origin can be seen with two samples
deviating from this mean cluster.
To empirically test the O2PLS X and Y blocks employed

(FFA and lipidomics, respectively), the analysis was repeated
using different combinations of X and Y data structures (e.g.,
FFA and TG vs lipidomics TG and DG vs FFA and lipidomics).
The models produced from these alternative data structure
experiments were not as strong (determined using cross
validation), or no model could be obtained. The user should
consider the design of the experiment30 carefully, and the
process of causality, before determining which data blocks to
use.
Step 2: “Yardstick”, Using PCA and O2PLS To

Generate Baseline Models. Following the initial analysis,
the yardstick analysis provides a reference for intersample
biological variation and therefore a yardstick measurement to
determine a significant shift (in this example, within the context
of dietary regime and later therapeutic treatment-associated
metabolic change). The yardstick analysis is performed using
only control data (Figure 2 and Supporting Information Figure
S3). The approach of single-group O2PLS is applicable only in
specific cases where subgroups are present, or alternatively
where one block is constant between groups. PCA was
conducted on the control FFA and control lipidomics data
(figures not shown), and O2PLS was used to examine the joint
variation (Figure 2) between control FFA and lipidomics data.
PCA is once again used as a precautionary analysis to determine
if variables are grouping. The O2PLS joint variation revealed
that two control samples (1Cnt, 4Cnt) displayed deviation
from the central cluster.
The O2PLS control loadings plot (Figure 2) showed tight

clustering groups of TGs, DGs, and FFAs, with some group
overlap. Conversely, the ChE, LPC, PC, and SPM variables
showed a large amount of intersample variability and did not
form tight groupings, but rather spread out around the plot
origin. The two outlying control samples (1Cnt, 4Cnt)
appeared to have a significant difference in their PC and DG
concentrations in comparison to the other controls. Examina-
tion of the specific variation of the control FFA and lipidomics
data revealed that certain individual variables had a large
amount of specific (intersample) variation, and the outlying
sample (12Cnt) had significantly higher concentrations of TGs.
Whether or not these discrepancies are due to experimental

error or represent biological variability requires further
investigation. The ApoE3Leiden mouse carries a human
transgene that encodes for two proteins, a mutated form of
ApoE3 and ApoC1,31 and expression of both proteins is
relatively variable among littermates. Since both proteins can
modulate plasma TG levels, it is most likely that the observed
variance in TGs for sample 12Cnt is biologically related. The
yardstick step revealed useful information regarding the
variability of the control samples and generated the necessary
control O2PLS models for further comparisons.
Step 3: Exploratory and Predictive Analysis. The bulk

of the data analysis is performed in this step, employing a
combination of exploratory O2PLS and predictive OPLS-DA to

gain insight into biological changes due to different dietary
regimes (refer to Figure 1 for all O2PLS and OPLS-DA
combinations of experimental data).
O2PLS exploratory: control models were discussed in the

yardstick analysis. The O2PLS LC FFA versus LC lipidomics
scores plot showed tight joint variation, with most samples
clustering around the origin. The loadings plot showed tighter
grouping of PCs, SPMs, and FFAs than those observed in the
control. The DG cluster spread out, becoming more
decentralized, and the TGs shifted in their mean position.
Two samples (7LC and 1LC) were located far from the central
cluster, and examination of the loadings showed that they
possessed distinct differences in their TG and PC profiles. The
specific (orthogonal) components displayed a large amount of
variation in one particular sample (9LC), which had large
biological variation in TG concentrations over time. These
observations can be seen in the Supporting Information (Figure
S4).
The O2PLS HC FFA versus HC lipidomics results followed

a similar trend, although the sample cluster in the scores plot
was not as tight as in the LC and control analysis. The overlaid
joint variation between HC FFA and HC lipidomics derived
using predictive blocks X (FFA) versus Y (lipidomics) and Y
versus X, respectively. Two samples (4HC, 7HC) were again
noted as being distant from the central cluster.
The loadings plot of HC FFA versus HC lipidomics diet

showed that (in comparison to the other diets) specific TGs
had moved considerably from the mean grouping, and the DGs
no longer grouped. Specific PCs had also left the main clusters,
while ChEs began to group closely, indicating stabilization of
mean concentrations. The loadings plot revealed that the two
outlying samples (4HC, 7HC) were located right of the mean
cluster due to FFAs, ChEs, LPCs, and SPMs. After inspecting
the original data for these samples it was observed that they
both shared abnormally high (with regard to the mean)
concentrations of FFAs and ChEs. The O2PLS HC FFA versus
HC lipidomics model contained only one specific component,
which displayed large specific (unique) variation in sample
11HC attributed to its unique DG concentration profiles and
reduced ChE concentrations (with regard to the group mean).
These observations can be viewed in the Supporting
Information (Figure S5).
OPLS-DA predictive: the OPLS-DA analysis predicts which

class (group) a sample belongs to based on the information
contained in its measured variables. The FFA data in itself
could not produce OPLS-DA models; models were deemed to
have too low R2 and Q2 values to be acceptable for prediction
or analysis (based on cross-validation rules outlined in SIMCA
13).
OPLS-DA models of Cnt lipidomics versus LC lipidomics

provided good predictability, with clear definition between the
two groups. The loading plot showed that separation of LC
samples occurred based primarily on PCs and ChEs. One
sample was observed to lie outside of the mean cluster (4Cnt).
OPLS-DA control lipidomics versus LC lipidomics orthogonal
components showed two samples with unique variation (1LC,
7LC).
The OPLS-DA model of Cnt lipidomics versus HC

lipidomics showed clear separation between groups. The
same sample noted previously during the yardstick analysis
(12Cnt) as being higher in TGs was now easily identified, again
separating from the main control group based on high TG
concentrations. The loadings plot showed that the main
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variables that separated the HC group from the control, the
predictive variables, were again PCs and ChEs. The specific
variation again highlighted the one high TG sample (12Cnt), as
well as another sample (4Cnt) with systematic variation in PCs.
OPLS-DA models of LC versus HC lipidomics also

demonstrated good predictability and clear separation between
samples. Examination of the loadings plot showed that the
driving factors separating LC and HC samples were PCs and
ChEs. Sample 1LC was again observed to separate from the
main LC cluster. Orthogonal components once more showed
samples 7HC, 1LC, and 7LC as having unique variation, as well
as sample 11HC. Sample 11HC shifted from the main HC
cluster due to variance in DGs and PCs. Supporting
Information contains the OPLS-DA plots (Figures S6−S9).
Step 4: Comparison of Models and Reconstructing

the Data Using SUS and SUS2 Plots. The SUS and SUS2
plots compare the outcome of various models, relative to a
reference (usually control), visualizing the variable influences
between models. These scatter plots combine the correlation
profiles from two multivariate models and display correlations
scaled between −1 and 1 on both axes.10

Like all visual interpretations, the analysis of SUS (and
SUS2) plots for the selection of interesting variables is
subjective and requires prior knowledge of the experimental
design. The SUS (and SUS2) plot displays variables of the same
correlation (but from different models) along a diagonal. The
further from the diagonal a variable lies the greater its influence
between models and hence the dynamic changes occurring in
the variable between the models.
The SUS2 plot comparing HC and Cnt models (Figure 3)

showed pronounced changes between levels of hepatic

structural lipids and FFAs. TGs remained tightly grouped
along the diagonal (highly correlated), but some PCs, DGs, and
individual FFAs were more spread out (becoming less
correlated) indicative of significant change between the dietary
regimes. A SUS2 plot comparing LC and Cnt O2PLS models
also revealed that TGs and FFAs were highly correlated (lie
near to the diagonal) between both models and did not show
large variation between diets. Conversely, PCs displayed low
correlation between the two models (lie at extremes to the

diagonal) and were hence influenced by changes in dietary
regime. In Figure 3, C36:1 DG lies at the most extreme point
from the diagonal and displays a high positive correlation in the
control model and high negative correlation in the HC model.
This observation was also prominent in the SUS2 plot of the
LC versus HC models (Supporting Information Figure S10)
where C36:1 DG is again located at an extreme distance to the
diagonal. Interestingly, ChEs do deviate off the diagonal in
Figure 3; however, they are present on the diagonal in the LC
versus HC SUS2 plot. This observation suggests that ChE
concentrations differ between the Cnt and LC/HC diets, but
not between the LC and HC diets.
OPLS-DA lipidomics SUS results show both the DG and TG

groups moving along the Y axis, shifting toward (increasing in)
the HC model, suggesting that they play a larger role in hepatic
metabolic response to high cholesterol intake.

Step 5: Biological Interpretation. Results of O2PLS
SUS2 plot analyses showed that ChEs only change when
comparing control and LC diets or control and HC diets.
When comparing LC and HC models, ChEs rest squarely on
the diagonal, indicating small changes between model variables.
ChEs are an inert form of cholesterol, stored by the liver to
prevent toxicity.32 The SUS2 plots suggest that the livers of
mice in both the LC and HC dietary regimes had reached a
saturation point and could no longer store additional
cholesterol esters. When this storage capacity is reached, the
liver copes with the associated metabolic stress by intensifying
the production and secretion of lipoproteins, which ultimately
reach vascular walls and may cause atherosclerosis.33

The measurable effect of dietary LC and HC regimes in mice
also appears to manifest itself in changes in specific carbon
length PCs (observed in both OPLS-DA and O2PLS) and the
large shift (correlation and concentration changes) of DGs
along the Y axis of the O2PLS SUS2 plots, from their starting
position near the FFAs to a different position near the TGs.
Interestingly, DGs were largely shifted off the diagonal in

O2PLS SUS2 plots when comparing HC models with both
control and LC models (Figure 3 and Supporting Information
Figure S10). Examination of the O2PLS loadings plots
confirmed that DGs dramatically shift (change correlations)
in the HC-fed mice. It has been suggested that high cholesterol
might induce ER stress (endoplasmic reticulum stress) and/or
activation of inflammatory kinases.34 Accordingly, the observed
DG shifts could be related to metabolic attempts to mediate
this response.35 PCs also separate and change locale in both
OPLS-DA SUS and O2PLS SUS2 plots in the LC and HC
diets; however, cholesterol is more commonly associated with
inflammation or stress, and it is less likely that PCs are a
contributor as opposed to part of a reactionary response.
However, it does not rule out the possibility that individual PCs
are linked to induced liver stress.
The O2PLS model of the control FFA versus lipidomics data

contained specific components that described uniqueness in
two samples (4Cnt and 1Cnt), and the loading plot of these
components suggested discrepancies in TG and FFA
concentrations. In a similar manner, the O2PLS LC FFA
versus lipidomics model showed uniqueness (from the specific
component) in TG and PC profiles in two LC samples (1LC
and 7LC). OPLS-DA control versus LC lipidomics, control
versus HC lipidomics (orthogonal component) and O2PLS
control FFA versus lipidomics models all showed unique
variation in the same sample (4Cnt). The OPLS-DA control
versus HC lipidomics models also showed unique variation in

Figure 3. O2PLS SUS2 plot of control (Cnt) vs high cholesterol
(HC); C36:1 equals diglyceride species containing two fatty acid
chains consisting of a combined 36 carbon atoms with a single degree
of unsaturation (e.g., 18:0 and 18:1). p represents the first component
loadings from the X block, and q represents the first component
loadings from the Y block. Lipid species nomenclature is as described
in the text.
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the same sample (12Cnt), previously observable in the O2PLS
yardstick analysis. After collating these specific/orthogonal
components, three particular samples were identified that, while
still possessing similar joint variation as the other samples, also
showed significant unique variation (samples 4Cnt, 1LC, and
12Cnt). Interestingly, these three mice were also the largest in
terms of body mass, weighing ∼4 g more than the group
average. The O2PLS specific and OPLS-DA orthogonal
components identified these characteristics and the underlying
variables that caused them to be unique within their groups.
The multivariate analysis was repeated following removal of

the six samples defining the original boundaries of biological
variation. These O2PLS models proved to be similar to the
original models; however, SUS2 plots comparing models
contained greater spread between variables. Particularly, the
TG cluster now spread across either side of the diagonal by a
larger variance. The influence of TGs between dietary models
was expected; TGs are commonly linked to the onset of
hyperglycemia, a known risk factor for the onset of
atherosclerosis.36,37 Shifts in DGs were still observable, but
their influence was lessened with the exception of DG (C36:1),
which still had a large influence between diets in the Cnt, LC,
and HC O2PLS models. The C36:1 DG species was previously
found to increase ∼8-fold in the livers of mice on a western
diet.38

O2PLS models samples based on their commonality; the
samples (mice) displaying larger variation as a result of dietary
regime were affected on a system wide basis, and hence should
ideally remain part of the experimental set, representing the
extreme conditions that a percentage of the sample population
represent. OPLS-DA models maintained good predictability
with these samples included; they did not interfere with class
separation based on lipidomics profiles. Also of note, when
removed from the experimental data, the samples are removed
from the orthogonal components of the OPLS-DA models. The
removal of samples that contribute to a large variable range or
which may be outliers should be performed with caution and
conducted with clear knowledge of what is biologically
acceptable and relevant to a working hypothesis. These
observations are a cautionary tale that even homogeneous
transgenic animals can demonstrate unique biological re-
sponses.
Extension of Workflow to Therapeutic Intervention.

The workflow was extended to analyze the effect of three
atherogenic therapeutic interventions, fenofibrate (FF), rosu-
vastatin (RSV), and T-0901317 (T09), on the liver metabolism
of mice fed a HC diet (derived from the same ApoE3Leiden
data set27). Kleemann et al. reported that treatment with FF in
HC-fed mice suppressed both acute and chronic atherosclerosis
inflammatory processes.28 This study also reported that FF
affected the greatest number of biochemical pathways via the
transcription factor PPAR-α (the primary drug target), which
regulates hepatic lipoprotein metabolism. An O2PLS model
generated from HC+FF FFA versus lipidomics data yielded a
null (no) model. PPAR-α modulation resulted in shifts in
intrahepatic lipid metabolism, but did not appear to cause shifts
in FFA metabolism. Conversely OPLS-DA models on HC
versus HC+FF for both FFA and lipidomics generated strong,
robust models (high R2 and Q2), discriminating between
samples of HC and HC+FF. The presence of these OPLS-DA
models and absence of O2PLS models suggests that changes in
FFA and in lipid metabolism are occurring through pathways
existing beyond the measured variables in this data set.

The previous study reported that T09 and RSV mainly
suppressed acute inflammatory response, each through unique
biochemical pathways.27 T09 primarily targets LXR-α and LXR-
β nuclear receptors, while RSV is a structural inhibitor of 3-
hydroxy-3-methyl-glutaryl coenzyme A reductase (HMG-CoA
reductase), an enzyme that determines the rate-limiting
production of hepatic cholesterol biosynthesis.
The FFA and lipidomics data for T09 (HC and HC+T09)

produced both O2PLS and OPLS-DA models. An O2PLS
SUS2 plot of HC+T09 versus HC and HC+T09 versus control
(Supporting Information Figure S11) showed that the T09
drug had a net effect on DG metabolic profiles. Through the
comparison of both SUS2 plots it was discerned that T09
causes DG profiles in HC mice to shift toward those typically
observed in control mice. There is also an effect on TG and PC
profiles, though the exact nature of interaction is hard to
determine and remains sufficiently different from any of the
existing diet models. ChEs also showed a return toward control
metabolic profiles. LXR-α is known to directly impact linoleic
acid and oleic acid metabolism (FFAs), which are components
of the normal hepatic lipid metabolism. LXR treatment has
been shown to quench liver inflammation and reduce serum
amyloid A (SAA) and other liver-derived inflammation
markers.28,39

RSV data generated an O2PLS model, lipidomics OPLS-DA
model, but no FFA OPLS-DA model. The RSV lipidomics
OPLS-DA model demonstrated a relationship between liver
cholesterol metabolic changes as a response to the drug.
O2PLS models of RSV+HC versus HC and RSV+HC versus
control (Supporting Information Figure S11) showed that RSV
has a net effect on DGs, returning them toward profiles typical
of control mice. In line with the assumed link between DG and
hepatic inflammation, statin treatment lowers liver-derived
inflammation markers such as SAA and C-reactive protein
(CRP).40 ChE profiles, however, remained similar to those
observed in HC mice. RSV was designed to specifically inhibit a
single enzyme (HMG-CoA reductase) and thus cholesterol
synthesis; the liver of the HC mouse was most likely saturated
at the time of harvest; hence, ChE levels remained similar, but
changes in DG metabolism manifested. The lack of an OPLS-
DA FFA model may relate to RSV’s drug specificity; it does not
affect FFAs because there is low discriminate changes between
HC FFA metabolites and HC+RSV FFA metabolites.

■ CONCLUSION
The proposed complementary application of PCA, OPLS-DA,
and O2PLS in a systems biology workflow highlighted key
variables affected by changes in dietary cholesterol in a murine
model of atherosclerosis. Use of the SUS2 and SUS plots in
combination with O2PLS and OPLS-DA models suggested that
the livers of mice in both the LC and HC dietary regimes had
reached a saturation point by the time livers were harvested and
could no longer process cholesterol. This was expressed
through changes in intrahepatic lipid (notably DG) concen-
trations. The modeling of the effect of three therapeutics on
hepatic metabolism in HC-fed mice also highlighted DGs as
metabolites of interest. In particular, O2PLS SUS2 plots
showed that treatment with T09 or RSV returned the DG
profile in HC-fed mice to that of control animals. The
combination of dietary and therapeutic results suggests that
shifts in intrahepatic DGs typifies the HC group, which
reportedly develops atherosclerosis and atherogenesis-promot-
ing inflammation in liver,27 suggesting a role for DGs in
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eliciting chronic liver inflammation. This putative role is in
agreement with reports of DGs being associated with
nonalcoholic fatty acid liver disease.38 This hypothesis requires
testing but clearly demonstrates how the use of the proposed
multivariate statistical workflow successfully integrated multiple
data sets and led to the formation of a discrete testable
hypothesis. Although these techniques were used in a
complementary manner, only O2PLS was able to identify
DGs as having a relationship with FFAs and, ultimately, a role
in hepatic cholesterol responses. Accordingly, the use of PCA/
OPLS alone would not have highlighted the potential role of
DGs and especially the DG 36:1 species in atherogenesis or the
effect of T09 or RSV on DGs in relation to dietary cholesterol.
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(33) Skal̊eń, K.; Gustafsson, M.; Rydberg, E. K.; Hulteń, L. M.;
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