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ABSTRACT

The Secondary Prevention in Uppsala Primary Health Care Project (SUPRIM) is a random-

ized controlled trial evaluating the effects of cognitive behavioral therapy on coronary heart

disease patients. Various outcomes of psychological and physical health, are recorded every

six months approximately, over the course of two years after entry to the trial. In this the-

sis, relationships between the psychological outcome variables, Stress, Anxiety, Depression

and Exhaustion, and five physical health biomarkers, are assessed using bivariate linear mixed

models. Significant associations are found between one of the biomarkers and both Depression

and Exhaustion, and also between one of the other biomarkers and Exhaustion.

Keywords: cognitive behavioral therapy, stress management, longitudinal outcomes



Contents

1 Introduction 1

2 The Data and Simple Statistical Analyses 3

2.1 Balancedness and Completeness . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2 Evolution of Markers over Time . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.3 Relationship between Markers . . . . . . . . . . . . . . . . . . . . . . . . . . 10

3 Theoretical Background - Modelling Longitudinal Data 12

4 Univariate Longitudinal Analysis 20

4.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

5 Bivariate Longitudinal Analysis 29

5.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

6 Discussion and Conclusion 35



1 Introduction

The Secondary Prevention in Uppsala Primary Health Care Project (SUPRIM) is a randomized

controlled trial conducted at Uppsala University, Sweden [1]. Its primary aim is assessing the

impact of Cognitive Behavioral Therapy (CBT) on the physical and psychological health of

coronary heart disease patients relative to a conventional treatment program. The trial began in

May 1996 and continued to admit patients until August 2001. The 362 patients (85 female, 177

male) who entered the trial were within one year of being discharged from hospital following

a cardiac event, and were randomly allocated to the treatment group (192 receiving CBT in

addition to usual care) or the control group (170 receiving the usual care). Various eligibility

criteria for entry to the study were used, including living distance from the hospital, age (under

75 years), swedish-speaking, willingness to participate, amongst others. The patients were

assessed at baseline (before randomization and treatment) and at approximately 6 monthly

intervals over the course of two years. At each assessment, four markers of psychological and

social well-being, and five markers of biological inflammation in the heart, were recorded. A

range of background information such as gender, age, the number of previous cardiac events

and education level attained, were recorded at baseline. The dates of any further cardiac events,

and the event of death (due to any cause), that may have occurred after the trail began were

recorded until the end-of-trial date. The maximum follow-up time was approximately 9 years,

with last recorded event date in July, 2007.

Previous studies from this project have looked at the effect of treatment on future cardiac

events and mortality levels among patients [2], and considered the possible mediating role of the

psychological markers [3] and biological markers [4] in this effect. In this thesis we conduct an

exploratory analysis of the interrelationships between the psychological and biological markers

recorded over time after admission to the study. Each marker is a repeated measure of the same

variable on the same individuals over time and thus constitutes a longitudinal data response

variable. We aim to assess the associations that might exist over time between these various

markers, both at the baseline measure and how, for an individual, these markers might track

through time relative to one another.

As described in [5] various approaches to modelling longitudinal data have been devel-

oped, with early methods using classical analysis of variance (ANOVA) and general linear

models (GLM). Models with random effects generalize these approaches, and have been devel-

oped within different disciplines and from various approaches since the late 1950s, including
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variance component models [6], multilevel models [7] and growth curve analysis [8]. The par-

ticular linear mixed model (LMM) approach we follow in our study, was proposed by Laird and

Ware in their 1982 paper [9], which highlighted the suitability of LMM for longitudinal data,

and is widely used in the biostatistics area. For each of our univariate longitudinal markers

we use a linear mixed model with both fixed and random effects, which allows us to model not

only the population-averaged mean response over time but also to model the individual-specific

evolutions through time.

The complete set of nine longitudinal responses involved in our project, four psycholog-

ical markers and five biological markers, together constitute a high-dimensional multivariate

longitudinal set of outcomes which need to be modelled jointly to assess how the changes

in one marker relate to the changes in another marker. Multivariate analysis of two or more

longitudinal outcomes can be assessed by various methods, with a range of approaches and

their respective benefits described in [10] and [5]. A multivariate GLM approach models the

covariance matrix directly [11] but it can be computationally infeasible to estimate all param-

eters when dimension is high. Other methods take a structural equation modelling approach

to reduce dimension. Using factor analytic or principal component techniques, they assume

the existence of latent underlying variables, of which the various recorded outcomes are seen

as indicators. Multivariate linear mixed models which jointly model the various longitudinal

outcomes with fixed and random effects, were first developed by Reinsel [12, 13], with further

examples found in [14, 15]. We adopt this multivariate linear mixed model approach for our

analysis. We assume an underlying latent linear evolution in time for each outcome, but do

not assume underlying latent variables. We retain the original variables in our study to priori-

tize the analysis in terms of the original longitudinal clinical markers collected for the project.

However as the dimension is high, we restrict our joint analysis to just two responses at a time,

and use a pairwise bivariate linear mixed modelling approach such as that outlined in [16] and

[17].

In the next section we conduct an initial exploratory study of the available data using stan-

dard descriptive statistics and simple analyses. We find that the data are both unbalanced and

incomplete and explore the extent and nature of these issues. In Section 3 we outline the linear

mixed model framework for longitudinal data and in Section 4 we use a consistent modelling

strategy for each of our longitudinal markers using this model. In Section 5 we conduct a pair-

wise analysis of all of our psychological and biological markers using a bivariate linear mixed
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model approach. We assess the relationships that may exist between various pairs of mark-

ers, in particular we consider whether the slope of an individual’s evolution in time for one

marker is correlated with the slope on other markers. In the last section we conclude with some

observations on the overall analysis and the limitations and issues in our modelling approach.

2 The Data and Simple Statistical Analyses

In addition to time-invariant background data, such as gender, age at entry to trial, education

level attained (university or not) and the number of previous myocardial infarctions (PMI),

recorded at baseline, we have data on 9 time-varying longitudinal variables, that is, the 9 psy-

chological and biological markers, measured on the same individual over time, for N = 362

patients, each with n = 5 time points (including the initial baseline measure). Our data set is

referred to as multivariate longitudinal data in the biostatistics context, or as panel data in the

econometrics setting. In our case our panel is wide (many variables) and long (many different

individuals), but not very deep (short times series), with only 5 time points recorded for each

variable on each individual.

The four psychological markers, Everyday Life Stress Scale, Somatic Anxiety Scale, De-

pressive Mood Scale, and Vital Exhaustion, are obtained from self-rated responses to survey

questions, with the various responses combined on integer scales of 0-60, 0-2100, 0-60, and

0-38 respectively. Higher values on each scale indicate poorer psychological and social well-

being of the patient. Henceforth we refer to these ‘psychmarkers’ as Stress, Anxiety, Depres-

sion and Exhaustion, and consider them as continuous variables. Summary statistics of values

obtained across all time points are display in Table 1. We see that all psychmarker values lie

within their valid ranges and the distribution of each marker is somewhat right-skewed. In par-

ticular the distribution of Anxiety is highly right-skewed with a large difference between the

3rd quartile and the maximum value attained.

The five biological markers of inflammation, Vascular Cell Adhesion Molecule 1, Tumor

Necrosis Factor (TNF) receptor 1, TNF receptor 2, Pentraxin 3 and high sensitive C-Reactive

Protein, are obtained from blood samples given by each patient at clinic appointment times.

The valid ranges of these measurements are unknown, but all recorded values are positive, and

it is known that higher values indicate more inflammation in the heart, and thus poorer physical

health of the patient. Henceforth we refer to these ‘biomarkers’ as Vcam, Tnfr1, Tnfr2, Ptx3
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Table 1: Summary Statistics for Psychological Markers

Stress Anxiety Depression Exhaustion

Min 0.00 19.0 0.00 0.00

1st Q 11.00 266.0 10.25 6.00

Mean 17.26 526.5 18.23 13.06

3rd Q 22.00 708.8 25.00 19.00

Max 54.00 2029.0 60.00 38.00

and Crp, and consider them as continuous variables. Summary statistics across all time points

are displayed in Table 2. We see that all biomarkers have highly right-skewed distributions,

with the maximum value in each case far exceeding the 3rd quartile.

Table 2: Summary Statistics for Biological Markers

Vcam Tnfr1 Tnfr2 Ptx3 Crp

Min 31886 647.5 485.6 438.9 0.080

1st Q 303100 1235.2 3006.6 1445.9 2.110

Mean 380701 1566.6 3865.3 2492.7 4.390

3rd Q 428359 1770.3 4435.4 2920.7 4.310

Max 1355189 5561.8 13504.3 21367.0 96.550

Simple descriptive statistics and histogram plots of the marker values at each separate time

point show a similar patterns of distribution for each marker. Biological markers in particular

have most values grouped in the lower end of the range and a few very high values at the

upper end of the range. As much of the statistical modelling frameworks we use in subsequent

sections will assume the data are normally distributed, transformations of the data, such as the

log transformation, will be considered.

2.1 Balancedness and Completeness

When dealing with longitudinal data we need to consider if the data are balanced. The term

balanced can refer to various attributes, including whether all the data are recorded at the same

time point (relative to the baseline time of entry to the study of each individual), and if the time

points are equally spaced, and also often encompasses the related concept of completeness, that

is, whether individuals have equal length times series, and if there is missing data at any given

time point, either within or at the end of the respective time series.
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Our data set comprises of a total of 1810 different individual-time observations, that is, 362

individuals, each measured at 5 successive occasions, and our study is primarily concerned with

the measures of the 9 marker variables for each of these observations. There are 160 observa-

tions with all 4 psychmarkers missing, and one further observation with psychmarker records

for Anxiety and Depression only. This psychmarker missingness spans 65 different individuals,

6 of whom have no psychmarker data over all 5 time points. In total, we have 297 individuals

with complete psychmarker data over all time points. There are 136 observations with all 5

biomarkers missing, and one further observation with just one of the biomarkers, Vcam, miss-

ing. These missing biomarker observations span 62 different individuals, 3 of whom have no

biomarker data at all over the 5 time points. In total, we have 300 individuals with complete

biomarker data over all time points. Assessing missingness across all markers, we find there

are 187 observations with at least one marker missing, spanning 81 individuals, 9 of whom

have at least one missing marker value at all 5 time points. There is in fact one individual

who has no data for any of the 9 markers at any of the 5 time points. Obviously our data set

is incomplete, and this missingness and unbalance results in different number of observations

for each individual, and different number of individuals observed as each time point. However

despite this missingness, we have a large number of individuals, 281, with complete data for

all markers at all time points, and we note that for any given marker less than 10% of all 1810

observations are missing across all individuals.

The time points mentioned above allude to the baseline measurement time zero when the

individual entered the study, and the ideal half-yearly measurement stages intended thereafter.

The psychmarkers were assessed by the same postal survey sent every 6 months to the patient

and returned by the patient either by post or at appointment times. The 5 biomarkers were as-

sessed at the same time for each patient from blood tests taken at appointment times. In addition

to the ideal half-yearly ideal time points, the data includes exact dates of when the psychmark-

ers and biomarkers are recorded, which we refer to as psychdates and biodates. There is large

variability between patients in the time lag of each successive measurement from the previous,

varying around the 6 month ideal. The distribution of time lags between measurements of psy-

chmarkers and biomarkers are presented by boxplots in Figure 1 and Figure 2. Two obvious

erroneous recordings which each result in a negative time lag (e.g. the third measure date is

before the second date) are corrected with sensible dates prompted by the individual cases, and

each of the corrections also eliminates the very largest outlining time lag appearing at the next
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time point. Even after these corrections we see that the time lags between recorded measure-

ment dates can vary up to 12 months approximately, but with the vast majority maintaining the

approximately six-monthly interval pattern.
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Figure 1: Distribution of Time Lags at successive Psychdates

Moreover there are also differences between these psychdates and biodates for a given

patient at the same measurement stage, sometimes by months. There are 1632 individual-time

observations where psychdate and biodate match, 136 where there is a mismatch due to one or

other, or both dates being missing (usually because measurements are missing), and just 42 or

approximately 2% of observations with dates given that are mismatching. Where dates are not

missing, the frequency of the discrepancy in days between psychdate and biodate is presented

in Table 3. Three recordings with discrepancy more than 2 months (e.g. the third measure date

has been recorded as the fourth) are corrected with sensible dates prompted by the individual

cases. These corrections now contain the discrepancy within 2 months with the majority within

2 weeks.

It is evident that our data are both unbalanced and incomplete, with different and irregu-

larly spaced time points for different individuals and missing observations on various markers.
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Figure 2: Distribution of Time Lags at successive Biodates

Table 3: Frequency of Discrepancy (in days) between Psychdate and Biodate

Days -171 -120 -61 -31 -30 -27 -10 -5 -4 -1 1 2 4 6 10 13 59 183

Freq 1 1 6 4 2 1 1 3 1 8 6 1 1 2 1 1 1 1

Some classical statistical approaches (such as ANOVA) require balanced and complete data

while others (such as LMM) can accommodate unbalanced and incomplete data. We initially

approximate our time lines to the ideal half-yearly intervals intended by the study design, using

discrete ordered ideal time points, 0, 0.5,1,1.5, and 2 years. We move to the unbalanced but

exact times (given by the difference in recorded dates from baseline date) as the methods allow.

Finally we mention that there are 3 observations with all 4 psychmarkers data recorded but no

exact date of measurement is given. These data will enter the analysis when the ideal time

points are used, but will be omitted when exact times are considered. All observations with

valid biomarker data have an exact date recorded for that observation.
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2.2 Evolution of Markers over Time

We can plot the values of a given marker against time for each individual and connect the points

to see their evolution over time. Figure 3 shows the individual evolutions or profiles of the first

psychmarker Stress against the ideal time points, for both the control and treatment groups.

To avoid clutter the plot show only the subgroup of women, whereas men’s profiles appears

similar. The evolution of the means of the group at each ideal time point is overlaid with a

bold connected line. We see the mean profile tracks across time almost constant in the control

group, but has a slightly lower slope, that is, decreasing stress levels, in the treatment group.
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Figure 3: Profile Plot of Stress Marker against ideal Time Points

In Figure 4 we show the individual profiles against the exact psychdate times recorded. We

see the scatter of exact times around the half-yearly ideal and a dispersion of some evolutions

as the exact dates span up to 2.5 years at times, but the overall visible linear trend of most evo-

lutions differs little with the previous plots. Similar profile paths and variation among paths are

visible for all psychmarkers over time, in both treatment and control groups, for both men and

women, with most evolutions tracking steadily and linearly near the middle of the permissible

range.

The individual evolutions of the last biomarker Crp for the subgroup of women is displayed

against the exact biodate times in Figure 5. Other biomarkers show similar profile paths, with

most individuals profiles grouped within the lower values of the recorded range, and with some
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Figure 4: Profile Plot of Stress Marker against exact Time Points
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Figure 5: Profile Plot of Crp Marker against exact Time Points
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very erratic deviations from the profile into higher values at times. Working with biomarkers

on a logarithmic scale helps to spread the relative cluttering in the lower range and scale down

very large values that appear in these markers.

Values of a marker from a particular individual over time are related, and so patterns of

autocorrelations among individual’s response for each longitudinal marker exist over time. The

sample correlation table for the Stress marker over the 5 measurements is given in Table 4

and for the Crp marker in Table 5. We see higher correlations among responses over time on

the Stress marker than on the Crp marker, with both having decreasing correlation between

responses taken further apart, but never diminishing to zero.

Table 4: Sample Correlation Table for Stress Marker over 5 measurements

1 2 3 4 5

1 1.00 0.84 0.82 0.77 0.78

2 0.84 1.00 0.84 0.82 0.83

3 0.82 0.84 1.00 0.87 0.86

4 0.77 0.82 0.87 1.00 0.87

5 0.78 0.83 0.86 0.87 1.00

Table 5: Sample Correlation Table for Crp Marker over 5 measurements

1 2 3 4 5

1 1.00 0.42 0.40 0.44 0.20

2 0.42 1.00 0.56 0.54 0.31

3 0.40 0.56 1.00 0.60 0.38

4 0.44 0.54 0.60 1.00 0.51

5 0.20 0.31 0.38 0.51 1.00

2.3 Relationship between Markers

Correlations between marker responses can be assessed at baseline and each of the succes-

sive measurement stages. The sample correlations between all 9 psychological and biological

markers at baseline are shown in Table 6. We see that Anxiety, Depression and Exhaustion

have moderately high correlations with one another. The two biomarkers Tnfr1 and Tnfr2 are

also highly correlated. There are low correlations between the psychmarker and the biomarker
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baseline values. Similar patterns of correlations can be found at each of the four 6-monthly

measurement stages thereafter. These correlations however do not tell us how change over time

in an individual’s measures on one marker relate to change in that same individual’s measures

on a different marker.

Table 6: Sample Correlation Table between Markers at Baseline

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) 1 0.27 0.37 0.32 -0.09 -0.19 -0.17 -0.02 -0.09

(2) 1 0.59 0.58 0.06 0.01 0.05 -0.06 0.02

(3) 1 0.83 0.01 0.06 0.08 -0.03 0.03

(4) 1 0.02 0.05 0.09 -0.05 0.03

(5) 1 0.30 0.35 0.22 0.17

(6) 1 0.77 0.20 0.24

(7) 1 0.12 0.16

(8) 1 0.11

(9) 1

Psychmarkers: (1)=Stress, (2)=Anxiety, (3)=Depression, (4)=Exhaustion

Biomarkers: (5)=Vcam, (6)=Tnfr1, (7)=Tnfr2, (8)=Ptx3, (9)=Crp

A simple approach to assessing relationships over time is to regress each individual’s data

on intercept and time, and obtain the slope of each individual’s linear trend through time for

each marker. The correlation matrix between the slopes of individuals for different markers is

given in Table 7. Except for a few moderate values among Anxiety, Depression and Exhaustion,

and between Tnfr1 and Tnfr2, we see that all slope correlation values are low.

This basic analysis does not allow any assessment of significance of the estimates and does

not differentiate between reliability of slope estimates from individuals with more or less mea-

surements. It also does not incorporate an estimate of average mean trajectory over time in

the population, with or without the inclusion of additional covariates which may influence the

slopes. However more sophisticated techniques in the next section using linear mixed models

build on this basic idea but address many of the issues mentioned.
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Table 7: Correlation Table between Slopes of Markers from Simple Linear Regression

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) 1 0.01 0.14 0.13 -0.04 -0.02 0.01 0.14 -0.06

(2) 1 0.46 0.33 0.19 -0.13 0.06 0.04 0.03

(3) 1 0.54 0.13 -0.16 -0.06 0.05 -0.07

(4) 1 0.07 0.05 -0.03 0.10 -0.08

(5) 1 0.13 0.18 0.15 0.24

(6) 1 0.51 0.04 0.08

(7) 1 0.01 0.08

(8) 1 0.16

(9) 1

Psychmarkers: (1)=Stress, (2)=Anxiety, (3)=Depression, (4)=Exhaustion

Biomarkers: (5)=Vcam, (6)=Tnfr1, (7)=Tnfr2, (8)=Ptx3, (9)=Crp

3 Theoretical Background - Modelling Longitudinal Data

Using much of the terminology and notation from [18, 19] we outline in this section the basic

approaches to modelling longitudinal data and present the linear mixed model framework for

continuous normally distributed responses. The longitudinal responses, Yij of the ith individual

at the jth measurement time, are grouped in a single vector

Yi =


Yi1

Yi2
...

Yini

 ,

i = 1, . . . , N, where ni the number of measurements for ith individual. Each response Yij is

related to the 1 × p vector of covariate values X ′ij = (Xij1, Xij2, . . . , Xijp) by the regression

equation

Yij = X ′ijβ + εij

where β is a p × 1 vector of unknown coefficients, and εij is random error with mean zero.

Together the responses for the ith individual satisfy

Yi = Xiβ + εi

where Xi is an ni × p matrix of covariates with X ′ij in the jth row, and εi = (εi1, εi2, . . . , εini
)′

is a random error vector. Responses from different individuals are assumed to be independent,
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but the ni responses in Yi from the same individual are correlated over time, as responses from

the same individual tend to be more similar than responses from different individuals. The

vector Yi is assumed to have multivariate normal distribution with mean

E(Yi|Xi) = µi = Xiβ

and non-diagonal ni × ni covariance matrix

Cov(Yi) = Cov(εi) = Σi.

As in [18] we drop the conditional notation above and let the subscript i in the mean E(Yi)

immediately assume conditional on the covariates Xi of that individual, as reference to the

term conditional mean in the linear mixed model setting we see later has a more particular

meaning. The vector of all individuals’ responses

Y =


Y1

Y2
...

YN


satisfies

Y = Xβ + ε

where design matrix X = (X1, X2, . . . , XN)′ stacks the covariate matrices of all individuals,

and ε = (ε1, ε2, . . . , εN)′ has block-diagonal covariance matrix Σ with the Σi along its diagonal

and zeros elsewhere, that is

Σ =


Σ1 0 0 0

0 Σ2 0 0

0 0
. . . 0

0 0 0 ΣN

 .

As discussed in [18, 19], variation in longitudinal data from its systematic mean µi = Xiβ

determined by the covariates, is generally attributed to three main sources, each of which has

an effect on the correlation structure of an individual’s responses. We can write

Yi = µi + εi = µi + bi + ei = µi + bi + efi + emi

where (i) bi, the between-individual heterogeneity, is the natural biological variation in the

population, whereby responses from one individual follow their own inherent trajectory e.g.
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tend to be higher or lower than the average, and ei, the within-individual variation can be

separated into two parts (ii) efi, the within-individual serially-correlated variation which can

arise due to biological or seasonal fluctuations in an individual’s data over time, and (iii) emi,

the within-individual measurement error, usually assumed to have independent random noise

components, each with mean zero and constant variance over time, and has a damping effect

on other correlations that might exist.

Classical methods of analysis such as repeated measures ANOVA can be used with bal-

anced and complete data [18, 19], when all individuals have measurements at a small number

of common time points. Time points are taken as discrete levels of a time factor, (and thus

do not incorporate the natural ordering of time), and differences between population means

at each time point and at levels of other discrete covariates are assessed. The ANOVA ap-

proach acknowledges between-individual variation and within-individual random error, but in-

fers the very restrictive compound symmetry structure on the covariance matrix Σi, that is,

where cov(Yij, Yik) = σ2ρ, for all j 6= k, and ρ ≥ 0, and thus Σi with e.g. n = 4, has the form

Σi = σ2


1 ρ ρ ρ

ρ 1 ρ ρ

ρ ρ 1 ρ

ρ ρ ρ 1


where correlations between measurements is the same for all pairs regardless of the time differ-

ence. This is usually not adequate for the covariance in longitudinal data, as correlations most

often decrease between time points that are further apart, and the variance of the measures often

changes over time.

General linear models (GLM) can incorporate relative time values and model the data as a

function of time [18, 19]. In the mean model it can handle unbalanced data where measures

for different individuals can be taken at different time points and individuals can have different

number of time points. The matrix Xi includes a column (ti1, ti2, . . . , tini
)′ where time values

can differ for different individuals, with the number of rows also differing. In the GLM setting,

the correlations between measures of an individual are modelled explicitly from a range of

possible matrices, including various patterned or structured forms, or as an unstructured matrix

form. Structured examples include the autoregressive form, where cov(Yij, Yij+k) = σ2ρk,
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ρ ≥ 0, so e.g. with n = 4, we have

Σi = σ2


1 ρ ρ2 ρ3

ρ 1 ρ ρ2

ρ2 ρ 1 ρ

ρ3 ρ2 ρ 1

 ,

the Toeplitz form where cov(Yij, Yij+k) = σ2ρk, e.g.

Σi = σ2


1 ρ1 ρ2 ρ3

ρ1 1 ρ1 ρ2

ρ2 ρ1 1 ρ1

ρ3 ρ2 ρ1 1

 ,

or banded-variations of these where cov(Yij, Yij+k) = 0, k ≥ r, so that the correlation is zero

after some band distance r from the diagonal, e.g. when r = 2 we have the banded-Toeplitz

Σi = σ2


1 ρ1 0 0

ρ1 1 ρ1 0

0 ρ1 1 ρ1

0 0 ρ1 1

 .

The same structure Σi is usually assumed for all individuals where the subscript i is retained to

indicate the difference sizes or submatrices of the selected form required for different individu-

als with different number of measurements. The correlations resulting from all three sources of

variation are modelled together in one matrix and most structured versions can be inadequate.

An unstructured covariance matrix can contain too many parameters to be estimated, and along

with the structured patterns described above, as they are assumed the same form matrix for all

individuals do not accommodate irregular and differing time points in different individuals. A

few further structured patterns such as the exponential covariance structure with

cov(Yij, Yik) = σ2ρ|tij−tik|

or the gaussian structure with

cov(Yij, Yik) = σ2ρ|tij−tik|
2

,

ρ ≥ 0, take the exact time points of an individual into account, and thus are suitable for longitu-

dinal data that involve irregular and unbalanced data. Both of these structures however assume
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correlation at the same time is exactly 1, so do not accommodate measurement error at all, and

both also assume the correlation decreases quickly to zero as differences in time points increase,

often unsuitable for longitudinal data setting where the correlations due to between-individual

variations can persist undiminished through time.

To model our data we use a more modern and flexible approach; we use a linear mixed

model [18, 19] with individual-specific random effects where we assume the mean or population-

averaged response in the population to be a linear trend over time. Inclusion of individual ran-

dom intercept and slope effects infers a more flexible covariance structures on an individual’s

measurements over time, e.g. allowing variance to change over time, and the model potentially

allows us to incorporate all 3 sources of variation in the data separately. Most importantly,

in addition to a population-averaged mean profile, the inclusion of individual-specific random

effects, allows us to model each individual-specific linear profiles over time which can then be

compared to that individual’s profile in other longitudinal outcomes when we later undertake

the bivariate analysis of two such longitudinal responses.

A simple univariate LMM for a single longitudinal outcome, which involves just intercept

and time covariates, is the random intercept and slope model, where the responses for the ith

individual at jth measurement occasion are assumed to have their own mean response linear

profile over time, that is

Yij = β1i + β2itij + eij

= (β1 + b1i) + (β2 + b2i)tij + eij

where β1 and β2 are the population-averaged mean intercept and slope coefficients, such that

Yij = β1 + β2tij + εij, and the individual-specific parameters b1i ∼ N(0, G11) and b2i ∼

N(0, G22) capture the between-individual heterogeneity component of εij, and are assumed to

vary randomly over individuals in the same sense that our sample is a random sample from the

wider population of interest. The remaining within-individual error eij represents the variability

around the individuals profile due to biological fluctuations and measurement error. In the

model, the population-level coefficients β = (β1, β2)
′ are called fixed effects, whereas the

individual-specific random variables bi = (b1i, b2i)
′ ∼ N2(0, G) are called random effects.

Rearranging we can view

Yij = (β1 + β2tij) + (b1i + b2itij) + eij

and grouping the ni responses of an individual together, in vector and matrix notation we have
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the form

Yi = Xiβ + Zibi + ei

where here in our introductory case

Xi = Zi =


1 ti1

1 ti2
...

...

1 tini

 .

The model can be generalized where Xi is an ni × p design matrix involving many other

covariates, β is a p × 1 fixed effects vector, Zi is a ni × q submatrix of Xi with the subset

of covariates corresponding to the q × 1 random effects vector bi, i.e. the subset of covariates

on which random effects are chosen. The error vector ei is assumed independent of bi and

distributed ei ∼ Nni
(0, Ri). The marginal or population-averaged mean of Yi is

E(Yi) = µi = Xiβ

since E(bi) = E(ei) = 0, whereas the conditional or individual-specific mean, given bi, is

E(Yi|bi) = Xiβ + Zibi.

Similarly the marginal covariance of Yi has the form

Σi = Cov(Yi) = Cov(Zibi + ei)

= ZiGZ
′
i +Ri

and the conditional or residual covariance of Yi given bi is

Cov(Yi|bi) = Cov(ei) = Ri.

The conditional covariance is often taken to be the diagonal form Ri = σ2Ini
for all individuals

when all of the off-diagonal marginal correlations in Σi are captured by between-individual

variation, but it can also involve an additional within-individual serially-correlated component,

independent of measurement error, that is,

Ri = Cov(ei)

= Cov(efi) + Cov(emi)

= σ2
fΓni

+ σ2
mIni
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where Γni
has, for example, exponential or gaussian structure when dealing with irregular

time points. Even if Ri is diagonal, the between-individual random effects infer a non-diagonal

component ZiGZ
′
i on the marginal covariance of Yi since the same bi components are present at

all time points. In our simple random intercept and slope model, Zi contains just intercept and

time covariates, the elements of the marginal covariance matrix Σi = Cov(Yi) = ZiGZ
′
i+σ

2Ini

are

V ar(Yij) = G11 + 2tijG12 + t2ijG22 + σ2

Cov(Yij, Yik) = G11 + (tij + tik)G12 + tijtikG22

which can be seen to depend on time, allowing changes in variance (heteroscedasticity), and

covariance over time, and differences between individuals with differing time points.

Amongst various possible methods, the model parameters are usually estimated by max-

imum likelihood (ML) or restricted maximum likelihood (REML) estimation. Both ML and

REML estimators, under the assumption of normality, give the usual generalized least squares

estimate

β̂ = (X ′Σ−1X)−1(X ′Σ−1Y )

of β, with the corresponding estimate Σ̂ of the covariance matrix substituted for Σ. An esti-

mate Σ̂ = Σ(θ̂) depends on the various covariance parameters, e.g. θ = (G, σ2) in our simple

example above, has no closed-form expression and is obtained by iterative optimization tech-

niques such as the Newton-Raphson algorithm. REML estimation of Σ adjusts the usual ML

log-likelihood function to include an additional term

1

2
log
∣∣(X ′Σ−1X)−1

∣∣ = log

√∣∣∣Cov(β̂)
∣∣∣

to reduce the well-known bias in the finite-sample ML estimate for Σ. This adjustment is

analogous to the 1
N−p instead of 1

N
denominator adjustment we make in the OLS estimate of

error variance σ̂2 to account for the p estimated parameters of β in the classical regression

model with independent errors.

In large samples (when the number of individuals N grows large, the ni number of ob-

servations per individual may remain small) both ML and REML β̂ are consistent estimators

of β, and are unbiased when residuals are normal, or at least symmetric in distribution. The

asymptotic sampling distribution of β̂ is also known to be approximately multivariate normal

with mean zero and Cov(β̂) = (X ′Σ−1X)−1, which can be estimated by substituting Σ̂ for Σ.
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Valid confidence intervals and inferences for the mean model depend on the correct modelling

of the covariance structure Σ, as it reduces the variance and standard error of β̂, with the most

efficient estimator being the one where the true Σ is obtained.

Linear mixed models accommodate unbalanced and incomplete data, and irregular time

points for different individuals. The ML and REML estimation process uses all available ob-

servations not just those from individuals with complete data at all time points. The estimators

are valid when data are missing, where the missing data mechanism is believed to be missing

completely at random (MCAR), or provided the multivariate normality assumption holds for

responses, is also valid under the weaker but more realistic restriction that data are missing at

random (MAR), the default assumption in the case of incomplete longitudinal data [18]. In the

absence of specific knowledge of the reasons for missingness, we adopt the MAR assumption

in line with previous studies [3, 4] on this project. The fact that missingness for any given

longitudinal outcome in our study is low (less than 10%) means that even if a small amount of

data might be not missing at random (NMAR) this will have a negligible effect on our results.

A REML log-likelihood ratio test (LRT) can be used to compare nested models of the

covariance structure but not for comparing nested models of the mean structure, as the extra

term in the REML log-likelihood function relies on estimates of different forms of β in the

null and alternative models and the difference does not permit a χ2 comparison. In this case

ML LRTs can be used instead for comparison, reverting to the REML estimation for the final

estimation of the preferred model. Alternatively Wald standard normal and χ2 statistics, or the

corresponding t and F statistics in smaller samples, can be used to assess the significance of

mean model coefficients. Direct comparison of AIC and BIC values can be used when assessing

non-nested models of the mean or covariance structures.

An empirical best linear unbiased predictor (BLUP) of the individuals bi can be obtained,

given the data Yi, and the estimators β̂ and Σ̂, to be

b̂i = ĜZ ′iΣ̂
−1
i (Yi −X iβ̂)

and thus the individuals own profile can be predicted as

Ŷi = Xiβ̂ + Zib̂i.

It can be shown that

Ŷi = (R̂iΣ̂
−1
i )Xiβ̂ + (Ini

− R̂iΣ̂
−1
i )Yi
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so we see that an individual’s profile is predicted from a combination of the population-averaged

mean profile Xiβ̂ and the individuals own response data Yi, in such a way that if the ratio

RiΣ
−1
i of within-individual variation Ri relative to the total variation Σi is high, or the num-

ber of points ni is low, then the profile formula ‘shrinks’ the estimate of Ŷi away from Yi and

‘borrows strength’ from the population-averaged mean profile.

Once the model has been estimated, the residuals can be assessed to evaluate the fit of the

model and test model assumptions. In a linear mixed model, the marginal residual vector for

an individual

ri = Yi −Xiβ̂

has mean zero and covariance matrix approximately equal to Σi = Cov(Yi − Xiβ). The

Cholesky decomposition

Σ̂i = LiL
′
i

of the estimate Σ̂i can be used to form the scaled or transformed residual vector

r∗i = L−1i ri

which has mean zero, and whose components r∗ij are uncorrelated and have constant unit vari-

ance, and thus can be assessed in the usual way as standard linear regression.

4 Univariate Longitudinal Analysis

4.1 Methodology

For each of our 9 longitudinal psychological and biological markers we use a linear mixed-

effects model with a linear trend over time and an individual random effect for both intercept

and slope. Analysis of treatment effect over time, and main effects of baseline covariates on

these markers have been assessed previously in [3] and [4] respectively. Here we concentrate

on the rigorous modelling of the covariance structure of each marker over time.

As discussed in [20, 21] an interdependence exists between the choice of mean model and

choice of covariance structure. The choice of mean model affects the correlations that remain

in the error components, whereby omission of a significant covariate can lead to spurious cor-

relations in the error terms. Conversely correct modelling of the covariance structure leads

to more precise estimates of the confidence intervals of the fixed effects and thus more accu-

rate inferences and decisions on which covariates should be retained as significant in the mean
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model. Inclusion of a non-significant covariate in the mean model may have little effect on

the covariance structure, but exclusion of a significant covariate can markedly alter it. When

comparing different covariance models the mean model should be kept the same, and similarly

comparisons of the mean model should hold the covariance model fixed. Various modelling

strategies are discussed in the literature [18, 20, 21], and in particular, we note that the choice

of the mean model can also depend on subject matter and the primary and secondary research

questions involved.

Here we outline our modelling strategy for each of the longitudinal markers in our study.

We follow the general strategy proposed by Verbeke and Molenberghs [21] outlined explicitly

in their Chap 9. We include the possibility of different covariance structures required for the

different groups as outlined by Davidian [19].

To this aim:

1. We form a preliminary ‘maximal’ or ‘overelaborated’ model for the mean fixed effects

structure by including all potentially relevant covariates, advisably one step beyond that

which may be of interest to our research questions.

We include our usual intercept and linear time trend along with all four demographic

and background covariates, age at entry to the study, sex, education (edu) and number

of previous myocardial events (pmi), and the interaction of each of these with time. We

include a treatment with time interaction term. However we omit the main effect of

treatment, since, as a randomized control trial where group randomization is done at

baseline and the treatment effect occurs over time after this, we assume that the treatment

and control groups do not differ at baseline.

2. We construct a preliminary random effects structure where we introduce both an individual-

specific random intercept and slope.

3. We use AIC and BIC values to compare the following potentially suitable conditional

covariance structures:

(a) where the within-individual conditional covariance structure Ri and random effects

covariance structure G are the same in both treatment and control groups,

(b) where Ri differs between groups, but G is the same,

(c) where both Ri and G differ between groups,
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(d) where Ri = σ2
fΓni

+ σ2
mIni

contains an exponential serially-correlated component

Γni
, in addition to the usual diagonal structure assumed for the measurement error

component,

(e) where Ri = σ2
fΓni

+ σ2
mIni

contains a gaussian serially-correlated component Γni
.

4. We use a modified log-likelihood ratio test (LRT) to assess the need for each of the

random effects in the model.

This test assesses whether the variances G11 and G22 of the random effects are signif-

icantly different from zero, but as variance is always non-negative this is testing at the

boundary of the parameter space and the usual χ2 distribution does not hold. As outlined

in [21, 18], we use a modified version where we compare our (REML) LRT statistic to a

50:50 mixture of χ2(p) and χ2(p + 1) distributions, where p + 1 is the number of extra

covariance parameters due to the addition of the (p+1)th random effect in the alternative

full model compared to the null model with just p random effects. A table of critical

values is provided in the appendix of [18].

We successively fit and assess the following models:

(i) The linear fixed-effects model with no random effects (case p = 0).

(ii) The mixed model with only random intercept (p = 1). When comparing to the

fixed effects model (p = 0) we have a critical value of 2.71 at the usual α = 0.05

significance level.

(iii) The random intercept and slope model (p = 2). When comparing to the random

intercept model (p = 1) we have a critical value of 5.14.

5. We assess the need to reduce the model for the mean.

Once the marginal and conditional covariance structures are modelled, we can make

reliable inferences on the fixed effects in the model. We use simple t or F statistics

to asses the significance of the various coefficients in the mean model. We omit those

covariates that are not significant on any of our nine markers and report results for the

remaining covariates which are significant on a least one of our markers.

Finally we evaluate the fit of our final adjusted model by looking at the scaled marginal

residuals of the model. We consider a scatter plot of the scaled residuals against predicted
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values, a Q-Q plot, a histogram comparing the distribution to standard normal, and a boxplot

indicating the presence of possible outliers. We consider common transformations of the data,

e.g. log or square-root transformations, when the transformation improves the fit of the residu-

als to a normal distribution.

4.2 Results

We use the proc mixed procedure of the SAS software system to fit each candidate model

in turn for each of our longitudinal markers. Residual analysis on our first round modelling

attempts indicate that transformations of the data are required and we give results here for the

transformed markers, using square root transformation on Anxiety psychmarker and the log

transform on each of the biomarkers, as was considered in [3] and [4].

Our initial model has overelaborated mean structure and both random effects present. The

AIC and BIC values for covariance structures 3(a)-(c) for each of our psychmarkers are given

in Table 8 and for our biomarkers are given in Table 9. The smallest values of each criterion are

highlighted in bold in each column. The criterion values for covariance model (a) are lowest in

most cases. At times where the AIC value of another model is lower, the difference is usually

slight and the BIC value for model (a) is markedly lower than for the other models. Only

one marker Exhaustion has both criterion values preferring model (b) and the differences with

model (a) are not large. Overall we see that a common G and Ri covariance structure in both

treatment and control groups is suitable for the large majority of our markers, and thus we adopt

this scenario in all cases.

Table 8: Comparison of Conditional Covariance Structures for Psychological Markers

Stress Anxiety Depression Exhaustion

Model AIC BIC AIC BIC AIC BIC AIC BIC

(a) 9746.7 9762.2 9928.1 9943.6 10952.1 10967.6 10114.9 10130.4

(b) 9746.6 9765.9 9929.1 9948.5 10953.9 10973.2 10108.1 10127.5

(c) 9750.0 9781.0 9933.4 9964.3 10953.5 10984.5 10113.4 10144.4

Model (a) Ri and G same in both treatment and control groups.

Model (b) Ri differ but G same.

Models (c) Both Ri and G differ.
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Table 9: Comparison of Conditional Covariance Structures for Biological Markers

Vcam Tnfr1 Tnfr2 Ptx3 Crp

Model AIC BIC AIC BIC AIC BIC AIC BIC AIC BIC

(a) 99.5 115.0 -872.7 -857.2 -286.3 -270.8 1717.3 1732.8 2511.2 2526.7

(b) 101.5 120.9 -872.0 -852.6 -287.8 -268.5 1716.9 1736.3 2510.5 2529.9

(c) 106.1 137.1 -872.9 -841.9 -282.6 -251.6 1714.2 1745.2 2510.6 2541.6

Model (a) Ri and G same in both treatment and control groups.

Model (b) Ri differ but G same.

Models (c) Both Ri and G differ.

When fitting covariance structures 3(d) and (e) with additional exponential or gaussian

within-individual components, we find for each marker that the SAS proc mixed procedure

converges, but returns a warning message that the final Hessian matrix obtained in the opti-

mization routine is not positive definite. The algorithm converges to values which indicate that

the off-diagonal elements of serial correlation component Γni
are zero. The warning however

may indicate that a saddlepoint rather then the true maximum of the likelihood function was

obtained, and that the model is overparameterized, being too complex for the available data.

In either case, this situation indicates that within-individual serial autocorrelation is either not

required or cannot be fit to the data. Henceforth we assume that the approximately 6 monthly

time points are sufficiently far enough apart that no discernible within-individual serial autocor-

relation is present in the responses, and that the between-individual correlations induced by the

random effects structure is adequate to capture the correlations in each marker. The conditional

or residual variance matrix in each case is therefore assumed to be simply a diagonal matrix

Ri = σ2Ini
where both within-individual biological fluctuations and measurement errors are

assumed independent over time.

The -2 REML log-likelihood (RLL) values for the models in 4(i)-(iii) are compared for the

psychmarkers in Table 10 and the biomarkers in Table 11. The second column for each marker

gives the LRT statistics for models (ii) and (iii) compared to the previous model with one less

random effect. Both of these LRT statistics are highly significant compared to the critical val-

ues (2.71 for model (ii), 5.14 for model (iii)) of the modified test for all psychmarkers and

biomarkers, except one. This indicates that a model with both random intercept and random

slope is highly justified for each of the markers, except one. The exceptional case involves the
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biomarker Tnfr2, for which a LRT statistic of 3.4 was obtained for model (iii) compared to

model (ii) and is not significant to reject the reduced model with no random slope. This indi-

cates that the variation in individual slopes of Tnfr2 may not be large enough to justify inclusion

of an individual random effect on slope. Although aware of the issue for Tnfr2, we maintain in

our analysis both random effects on all of the markers for study design considerations, where

we later wish to compare slopes across two markers on the same individual.

Table 10: Comparison of Random Effect Structures for Psychological Markers

Stress Anxiety Depression Exhaustion

Model -2RLL LRT -2RLL LRT -2RLL LRT -2RLL LRT

(i) 11535.2 - 11174.6 - 12446.9 - 11561.0

(ii) 9794.1 1741.1 9941.4 1233.2 10973.8 1473.16 10155.6 1405.5

(iii) 9738.7 55.5 9920.1 21.3 10944.1 29.7 10106.9 48.7

Models: (i) No Random Effects (ii) Random Intercept (iii) Random Intercept and Slope

Table 11: Comparison of Random Effect Structures for Biological Markers

Vcam Tnfr1 Tnfr2 Ptx3 Crp

Model -2RLL LRT -2RLL LRT -2RLL LRT -2RLL LRT -2RLL LRT

(i) 532.9 - 288.4 - 630.1 - 2634.0 - 3374.4 -

(ii) 113.5 419.4 -858.7 1147.0 -290.9 921.0 1764.2 869.8 2526.2 848.23

(iii) 91.5 22 -880.7 22 -294.3 3.4 1709.3 54.9 2503.2 23

Models: (i) No Random Effects (ii) Random Intercept (iii) Random Intercept and Slope

Given our selected covariance structure, we can make reliable inferences on the fixed effects

in the model. We use simple t or F statistics to asses the significance of the various coefficients

in the preliminary mean model. We find that the interaction with time of covariates sex, edu

and pmi are not significant on any of our nine markers and are thus omitted. We retain any

covariate that is significant on at least one of our markers, and obtain an adjusted model of the

form

Yij = (β1 + β2agei + β3sexi + β4edui + β5pmii + b1i)+(β6 + β7trti + β8agei + b2i) tij+eij

where trt is the treatment group indicator. We give estimates and standard errors of the co-

efficients of the fixed effects of this adjusted mean model for each psychmarker in Table 12

and of the biomarkers in Table 17 in the appendix. The significance pattern of the fixed effects
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for all background and treatment covariates are comparable with [3] and [4]. The additional

age with time interaction term present here in our mean model is significant on both Stress and

Tnfr2 markers and as such accounts for some of the systematic variation in slopes amongst

individuals that might otherwise be attributed to the individual-specific random slope.

Table 12: Estimated Fixed Effects in Psychological Markers

Stress Anxiety Depression Exhaustion

Effect Est P-value Est P-value Est P-value Est P-value

(SE) (SE) (SE) (SE)

intercept 27.37 <.0001 26.91 <.0001 22.44 <.0001 17.81 <.0001

(3.56) (3.04) (4.38) (3.44)

time -3.72 0.001 1.13 0.329 0.86 0.584 -0.68 0.600

(1.14) (1.16) (1.57) (1.29)

age -0.15 0.005 -0.06 0.228 -0.0001 0.998 -0.01 0.865

(0.05) (0.05) (0.07) (0.05)

sex (ref: female) 0.67 0.477 -1.72 0.035 -4.81 <.0001 -4.75 <.0001

(0.95) (0.81) (1.22) (0.94)

edu (ref: no uni) 0.38 0.706 -3.46 <.0001 -1.25 0.334 -1.01 0.311

(1.00) (0.86) (1.29) (0.99)

pmi -0.38 0.451 0.24 0.575 -0.39 0.548 0.01 0.980

(0.50) (0.43) (0.65) (0.50)

trt*time -0.46 0.089 -0.63 0.023 -0.41 0.297 -0.29 0.353

(0.27) (0.28) (0.39) (0.32)

age*time 0.045 0.014 -0.01 0.609 -0.01 0.688 0.01 0.693

(0.018) (0.02) (0.03) (0.02)

Observations 1646 1647 1647 1646

Note: Time (in years) since entry to the study.

The estimated covariance parameters of the random effects covariance matrix G and the

residual variance σ2 for the final adjusted model of each of the psychmarkers are given in

Table 13, and biomarkers in Table 16 in the appendix. The diagonal elements G11 and G22 are

the variances of the random intercepts and slopes, respectively, whereas G12 is the covariance

between the random intercepts and random slopes. Standard normal Wald Z-test can be used

to assess the significance of these parameters. Although these tests on the diagonal variance
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components are usually ignored [21, 18] in favour of the modified LRT test done previously, we

do notice that variance of the random slopes for Tnfr2 with a p-value of 0.09 is not significantly

different from zero, in line with our previous finding.

Table 13: Estimated Random Effects Covariance Structure for Psychological Markers

Stress Anxiety Depression Exhaustion

Est P-value Est P-value Est P-value Est P-value

(SE) (SE) (SE) (SE)

G11 59.86 <.0001 40.18 <.0001 84.57 <.0001 52.75 <.0001

(4.98) (3.65) (7.48) (4.63)

G12 -4.85 0.0001 -2.27 0.043 0.19 0.928 -2.32 0.096

(1.28) (1.12) (2.10) (1.40)

G22 3.26 <.0001 2.38 <.0001 4.57 <.0001 3.96 <.0001

(0.57) (0.62) (1.12) (0.74)

σ2 9.49 <.0001 12.50 <.0001 22.08 <.0001 12.83 <.0001

(0.43) (0.57) (1.01) (0.58)

Note: Gij are entries of random effects covariance matrix. σ2 is residual variance.

The estimated covariance structure of each marker can be assessed in turn, whereG, Ri and

Σi each give information about the association between values of the marker through time. For

example, the random effects covariance structure G for the first marker Stress has correspond-

ing correlation matrix  1 −0.3472

−0.3472 1


The negative correlation between random intercepts and random slopes indicates that individ-

uals whose profiles start higher than average at baseline are likely to have a lower than average

slope over time, and vice versa, and thus we might expect to see some crossing pattern in in-

dividuals’ predicted profiles over time. A positive covariance or correlation would indicate a

fanning out of profiles from baseline as individuals who start high are likely to have higher

slopes and those who start low tend to have lower slopes. For the Stress marker the estimate

of measurement error variance parameter in Ri = σ2Ini
is found to be σ̂2 = 9.4. A typical

marginal covariance structure Σi, here for the first individual, has diagonal variance compo-

nents (
69.3 63.6 62.2 62.3 63.9

)
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and corresponding correlation matrix

1 0.842 0.816 0.780 0.735

1 0.843 0.825 0.798

1 0.841 0.826

1 0.844

1


.

We see that variance is highest at baseline and changes through time, and the correlation be-

tween consecutive measurements is high, and decreases slowly for measurements taken further

apart. The covariance structure Σi estimated by the model may differ from individual to indi-

vidual due to differing time points involved.

Figure 6: Diagnostic Plots of the Scaled Residuals for Stress marker.

Diagnostic plots of the scaled residuals of the adjusted model for Stress marker are pre-

sented in Figure 6. We see no systematic patterns in the scatter plot, the histogram compares

favorably to the standard normal curve, and the Q-Q plot show no major departure from nor-

mality. The residual plots for most of the other markers can be assessed likewise, with most
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showing no discernible departure from independent standard normal distribution assumed for

the scaled residuals. Only Crp marker, even after various transformations of the data have

been used, shows (in Figure 7 in the appendix) appreciable curvature in the Q-Q plot indicat-

ing possible departure from the normality assumption. This marker might benefit from further

analysis using a generalized linear mixed model where other distributions for the responses can

be assumed.

In conclusion of our univariate analysis, we say that the linear mixed model framework with

both random intercepts and random slope, is for the most part suitable for our psychological

and biological markers. We assume covariance matrix G and diagonal Ri is the same form for

all individuals. Simpler linear mixed model for each marker can be used, for example dropping

all background covariates, and modelling just intercept and time in both the fixed and random

effects components, and in each case we assume the same simple covariance structure holds.

5 Bivariate Longitudinal Analysis

5.1 Methodology

To assess the interrelationships between two longitudinal outcomes measured on the same in-

dividuals over time, we model both responses as outcomes in a bivariate linear mixed-effects

model. A linear mixed model is used for each longitudinal response, with random intercepts

and slopes on each outcome separately, and the association structure between the individual-

specific random intercepts and random slopes of each of the two responses is assessed. Corre-

lation between the individual-specific random intercepts indicates that the variation in baseline

response of an individual in one response is associated with the variation in baseline response

of the other variable. Similarly correlation between the individual-specific slopes of the two

responses indicates an association between the trend of an individual’s profiles over time on the

two responses.

Following the approach outlined in chapter 13 of Weiss’s textbook [20], we use a bivariate

random intercept and slope model, with correlations permitted between error terms for the

two responses for the same individual at the same time. Error term correlation in multivariate

responses was first considered in [22]. In the simple bivariate case involving intercept and

time covariates only, two longitudinal outcomes Y (1)
ij and Y (2)

ij of the ith individual at the jth
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measurement time, can be jointly modelled as

Y
(1)
ij = (β

(1)
1 + b

(1)
1i ) + (β

(1)
2 + b

(1)
2i )tij + e

(1)
ij

Y
(2)
ij = (β

(2)
1 + b

(2)
1i ) + (β

(2)
2 + b

(2)
2i )tij + e

(2)
ij

where each outcome has its own random intercept and slope effects. Together the random

effects are distributed as

bi =
(
b
(1)
i , b

(2)
i

)
=
(
b
(1)
1i , b

(1)
2i , b

(2)
1i , b

(2)
2i

)
∼ N4(0, G)

with covariance matrix

G =


G11

G21 G22

G31 G32 G33

G41 G42 G43 G44


where

G31 = cov
(
b
(1)
1i , b

(2)
1i

)
is the covariance between random intercepts of the two outcomes, and

G42 = cov
(
b
(1)
2i , b

(2)
2i

)
is the covariance between random slopes of the two outcomes. Similarly the elements G32 =

cov
(
b
(1)
2i , b

(2)
1i

)
and G41 = cov

(
b
(1)
1i , b

(2)
2i

)
are the covariances involving the random slope of

one outcome and random intercept of the other. The within-individual residual errors on each

outcome are assumed independent of all random effects, and to be independent over time, with

mean zero and constant variance, that is

e
(k)
i =

(
e
(k)
i1 , e

(k)
i2 , . . . , e

(k)
ini

)′
∼ Nni

(0, σ2
kIni

)

and is reasonable for our markers as confirmed in our univariate analysis of the previous section.

However the residual error terms on the two outcomes from the same individual at the same

measurement occasion can correlate, whereby unusual random fluctuation from the individual’s

conditional mean profile in one outcome can be associated with unusual fluctuation from the

individual’s profile in the other outcome at that time. In this case we have

eij =
(
e
(1)
ij , e

(2)
ij

)′
∼ N2

 0

0

 ,

 σ2
1 σ12

σ12 σ2
2

 .
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As described earlier in the univariate case, the response vector

Y
(k)
i =

(
Y

(k)
ij , Y

(k)
i2 , . . . , Y

(k)
ini

)′
of all measures over time of the kth outcome satisfies the matrix equation

Y
(k)
i = X

(k)
i β(k) + Z

(k)
i b

(k)
i + e

(k)
i

where additional covariates can be included in the fixed effects design matrix X(k)
i . Stacking

responses over time from both outcomes, the bivariate response vector for an individual

Yi =

Y (1)
i

Y
(2)
i


can be shown [23] to satisfy the combined linear mixed model matrix equation

Yi = Xiβ + Zibi + ei (1)

where

β =

β(1)

β(2)

 , bi =

b(1)i

b
(2)
i

 , ei =

e(1)i

e
(2)
i

 ,

and

Xi =

X(1)
i 0

0 X
(2)
i

 , Zi =

Z(1)
i 0

0 Z
(2)
i

 .

In this form the marginal covariance has the usual equation

Σi = Cov(Yi) = Cov(Zibi + ei) = ZiGZ
′
i +Ri

where, in the case of correlated error terms [22], the residual covariance matrix is of the form

Ri = Cov(ei) =

 σ2
1 σ12

σ12 σ2
2

⊗ Ini

=



σ2
1 σ12

σ2
1 σ12

. . . . . .

σ2
1 σ12

σ12 σ2
2

σ12 σ2
2

. . . . . .

σ12 σ2
2



.
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As the model satisfies the same general LMM equation 1 as before, the parameters of this

bivariate model can be estimated with the usual ML or REML estimation technique. Using

an indicator variable to distinguish the two responses at each time the model can be fitted

using SAS proc mixed software as described in [23] and Weiss’s online lab notes [24]. As

before unbalanced data due to missingness, and differing and irregular time points for different

individuals can be accommodated. More so, different measurement times for the two responses

for the same individual can also be modelled, and in this case the correlation between error

terms e
(1)
ij and e(2)ij may be viewed as correlation at the jth measurement occasion, which is

the same time or differs slightly for the vast majority of individuals in our study. As both the

random intercept and random slope effects and the error terms can cross-correlate between the

two outcomes in our bivariate model, the estimated fixed effects and covariance parameters for

each single outcome may differ in the joint bivariate model from those obtained when modelling

the two outcomes separately in the univariate case.

The bivariate model for joint modelling of two markers can be extended to the multivariate

case of more than two markers as outcomes, but higher dimensions lead to computational prob-

lems [17]. Following the approach described in [16] and [17], we conduct a pairwise bivariate

model fitting of all
(
9
2

)
= 36 pairs from our 9 longitudinal markers. In the first instance we use

the simple bivariate random intercept and slope model

Y
(k)
ij = (β

(k)
1 + b

(k)
1i ) + (β

(k)
2 + b

(k)
2i )tij + e

(k)
ij ,

k = 1, 2, with just intercept and time covariate present for each marker in a pair. There are 8

different pairs involving any particular marker, and thus there are 8 different estimates for each

fixed effect, each random component variance, each covariance amongst the random effects

from that same marker, and each variance of the error term, obtained from our analysis. Aver-

aging over these various estimates is proposed in [16], but this is not done here. Our primary

interest is in the unique estimates of the covariance between random intercepts and slopes, and

the covariance between the error terms from different markers, obtained from each pair.

We subsequently adjust our model to include other demographic and treatment covariates

where all covariates previously found to be significant on at least one marker are included. Our

adjusted model as before for each marker in a pair is therefore

Y
(k)
ij =

(
β
(k)
1 + β

(k)
2 agei + β

(k)
3 sexi + β

(k)
4 edui + β

(k)
5 pmii + b

(k)
1i

)
+
(
β
(k)
6 + β

(k)
7 trti + β

(k)
8 agei + b

(k)
2i

)
tij + e

(k)
ij ,
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k = 1, 2, where we control for additional background covariates, together with treatment and

age interactions with time, in the mean model of each marker. As the variation due to these

covariates is now accounted for in the population-averaged or mean model, the variation in the

random intercepts and slopes can no longer be attributed to these characteristics. Similarly the

corresponding correlations in random effects of both responses for an individual can therefore

not be attributed to the effect of these common characteristics.

5.2 Results

The results of the 36 simple bivariate models involving pairs of our 9 longitudinal markers are

given in Tables 18-20 of the Appendix. Table 18 shows the unique estimates of covariance

between intercepts and slopes and error terms from the different markers in each of the 6 pairs

amongst our 4 psychmarkers. Likewise Table 19 shows results for the 10 pairs amongst the

biomarkers and Table 20 shows all 20 pairs amongst the 4 psychmarkers and 5 biomarkers.

Amongst the psychmarkers we see that all pairs have positive and significant covariance

between random intercepts, showing strong association between baseline measures on all psy-

chmarkers. Similarly all error covariances between psychmarker pairs are positive and signifi-

cant, showing association between unusually high or low responses relative to an individual’s

predicted profile in one marker and unusually high or low responses in other markers. All pairs

except Stress-Anxiety track well on slope of individuals’ profiles, with positive significant co-

variance between individuals’ slopes for 5 of the psychmarker pairs.

When fitting the biomarker pairs SAS proc mixed reports a model estimation issue on

one pair; the estimated random effects covariance matrix G for the Tnfr2-Ptx3 pair is found not

to be positive definite and the correlation between slopes of the markers is reported as exactly

-1. The issue arises because the estimated variance in the random slope effect for Tnfr2 is

not large enough to permit estimation of covariances with other effects, and the covariance

estimates listed in Table 19 for this pair are thus not reliable. Programming options to enforce a

non-negative definite constraint on the estimate of G results in a zero estimate for the variance

of the slope random effect on Tnfr2. This issue with Tnfr2 was foreseen in our univariate

analysis of the previous section. Amongst the remaining biomarker pairs we see that all except

one have positive significant covariance between intercepts, and 7 pairs have positive significant

covariance between error terms. Just two pairs Tnfr1-Tnfr2 and Vcam-Ptx3 have significant

slope covariance, which are both positive.
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Amongst the psychmarker-biomarker pairs in Table 20 we that the error term covariance is

not significant on any pair, and only 4 pairs Stress-Tnfr1, Stress-Tnfr2, Depression-Tnfr2 and

Exhaustion-Crp have significant intercept covariance, the former two negative, the latter two

positive. Finally the 3 pairs, Exhaustion-Vcam, Exhaustion-Ptx3 and Depression-Ptx3 have

significant covariance on slopes, each positive.

Of particular interest in our study is the association between the slopes of individuals pro-

files over time in various markers. The estimated correlation matrix of random slopes for all

our 36 pairwise simple bivariate models is given in Table 14, with bold entries indicating that

the corresponding covariance estimate is significant, and dashes indicating unreliable estimates.

We see strong correlations among most of the psychmarkers’ slopes, highest between Depres-

sion and Exhaustion with a correlation of 0.79. Moderate correlations exist between slopes of

Vcam and Exhaustion, and between Ptx3 and both Depression and Exhaustion. A correlation

of 0.477 exists between slopes of biomarkers Vcam and Ptx3, and a very highly correlation of

0.94 is seen between slopes of Tnfr1 and Tnfr2 . If interest predominately lies in the interre-

lationship between biomarkers and psychmarkers, we conclude that the rate of change in an

individual’s profile in Ptx3 over time may track well with the rate of change in both Depression

and Exhaustion, and the rate of change of Vcam in an individual over time may track well with

that of Exhaustion.

Table 14: Estimated Correlation Matrix of Random Slopes for Simple Bivariate Model

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) 1 0.081 0.399 0.370 0.051 -0.082 0.260 0.183 0.115

(2) 1 0.673 0.589 0.184 -0.140 0.208 0.240 -0.117

(3) 1 0.790 0.248 -0.138 -0.002 0.376 0.084

(4) 1 0.500 0.026 -0.136 0.279 0.099

(5) 1 0.115 -0.150 0.477 -0.049

(6) 1 0.940 -0.332 0.089

(7) 1 – -0.103

(8) 1 0.039

(9) 1

Psychmarkers: (1)=Stress, (2)=Anxiety, (3)=Depression, (4)=Exhaustion

Biomarkers: (5)=Vcam, (6)=Tnfr1, (7)=Tnfr2, (8)=Ptx3, (9)=Crp.

The results of the 36 adjusted bivariate models involving pairs of our 9 longitudinal markers
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are given in Tables 21-23 of the Appendix. When fitting the models SAS proc mixed reports

a non-positive definite covariance matrix for both Tnfr1-Tnfr2 and Tnfr2-Ptx3 pairs and the

results for each of these pairs should as before be viewed as unreliable. In each table, we see

that the estimate of covariance parameters are very similar, and the same pattern of significance

in the covariance structure persists between random effects and error terms on the different

markers in each pair, as was seen previously for the pairwise simple bivariate models. It follows

that controlling for background and treatment covariates makes no discernible difference in the

association structure between markers. The estimated correlation matrix of random slopes

for the 36 pairwise adjusted bivariate models is given in Table 15, again with bold entries

indicating that the corresponding covariance estimate is significant, and dashes where estimates

are unreliable. We see that the correlation values between slopes in the adjusted model are very

similar to those obtained for the simple bivariate model listed in Table 14.

Table 15: Estimated Correlation Matrix of Random Slopes for Adjusted Bivariate Model

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) 1 0.082 0.409 0.365 0.016 -0.112 0.165 0.207 0.100

(2) 1 0.665 0.592 0.181 -0.139 0.218 0.251 -0.116

(3) 1 0.789 0.250 -0.138 -0.001 0.378 0.088

(4) 1 0.494 0.017 -0.181 0.279 0.098

(5) 1 0.084 -0.287 0.482 -0.055

(6) 1 – -0.329 0.096

(7) 1 – -0.133

(8) 1 0.044

(9) 1

Psychmarkers: (1)=Stress, (2)=Anxiety, (3)=Depression, (4)=Exhaustion

Biomarkers: (5)=Vcam, (6)=Tnfr1, (7)=Tnfr2, (8)=Ptx3, (9)=Crp

6 Discussion and Conclusion

As with many modern-day clinical studies, a large number of different outcomes on patients

were collected intermittently over time after admission to the SUPRIM trial. Each outcome or

marker of well-being is a longitudinal response on the same individuals over time. Together

the complete set of 9 markers, 4 markers of psychological well-being and 5 markers of biolog-
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ical inflammation constitute a high-dimensional multivariate longitudinal data set, and record

how a patient’s mental and physical well-being change over time after admission to the study

and administration of treatment. The interactions between all of the outcomes over time are

of interest. Determining whether some markers track well with others, in particular whether

change in a psychmarker mimics change in a biomarker, may contribute to understanding the

mechanism of recovery after a cardiac event.

In our study we model each of the longitudinal responses using a linear mixed model. This

allows us to estimate not only a population mean response over time, but also an individual’s

own inherent trajectory, as natural variation in the population means that individuals differ from

the mean response irrespective of background covariates or treatment group. Using a bivariate

linear mixed model for each pair of longitudinal responses we can assess the associations that

might exist between different markers, as an individual’s trajectory in one marker is compared

to their trajectory in another marker. We find significant relationships exist between various

pairs of markers, as the slope of an individual’s evolution in time for one marker can be seen to

correlate with the slope on other markers.

In our study we consider each response as continuous normally distributed data and esti-

mate our model under this assumption. Transformations of the data were necessary to improve

the fit of the model and make the underlying assumption on distribution tenable. Even after

transformations were used, possible deviation from normality was evident in one marker Crp.

This undermines the validity of the results for this marker, and suggests further consideration

of this marker under an alternative framework, perhaps employing a generalized linear mixed

model where a different distribution is assumed.

Although inclusion of individual-specific random effects is integral to our study design,

allowing us to compare the same individual’s responses across the various markers, it is not

without its limitations. We find that the data available on one particular marker Tnfr2 does

not always facilitate inclusion of individual effects, the variance in the data being too small

to distinguish between different individual’s slopes on that marker. As a result, the pairwise

comparisons between Tnfr2 and other markers, Tnfr1 and Ptx3, could not be estimated reliably

with the data at hand.

Alternative approaches to analyzing the data may be undertaken using different modelling

frameworks or different assumptions on the nature and interaction of the markers. Assuming

all 4 psychmarkers to be indicators of a single underlying latent psychological response, and
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all 5 biomarkers as indicators of a single latent underlying biological response, a comparison

of these two latent responses over time may give a single assessment as to the interactions that

occur. Although such an assessment can not directly be related to the original variables, it

might provide an alternative summary and is thus suggested as future work on the project.
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Appendix

Table 16: Estimated Random Effects Covariance Structure for Biological Markers

Vcam Tnfr1 Tnfr2 Ptx3 Crp

Est P-value Est P-value Est P-value Est P-value Est P-value

(SE) (SE) (SE) (SE) (SE)

G11 0.03 <.0001 0.04 <.0001 0.05 <.0001 0.23 <.0001 0.28 <.0001

(0.004) (0.004) (0.005) (0.02) (0.03)

G12 -0.002 0.374 0.003 0.021 0.0002 0.888 -0.04 <.0001 -0.01 0.335

(0.002) (0.001) (0.002) (0.008) (0.01)

G22 0.006 0.0003 0.002 0.014 0.0014 0.090 0.03 <.0001 0.03 <.0001

(0.002) (0.0008) (0.001) (0.005) (0.007)

σ2 0.04 <.0001 0.02 <.0001 0.03 <.0001 0.08 <.0001 0.14 <.0001

(0.001) (0.0008) (0.001) (0.004) (0.006)

Note: Gij are entries of random effects covariance matrix. σ2 is residual variance.
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Table 17: Estimated Fixed Effects in Biological Markers

Vcam Tnfr1 Tnfr2 Ptx3 Crp

Effect Est P-value Est P-value Est P-value Est P-value Est P-value

(SE) (SE) (SE) (SE) (SE)

intercept 12.39 <.0001 6.39 <.0001 7.43 <.0001 6.51 <.0001 0.53 0.051

(0.11) (0.1) (0.12) (0.23) (0.26)

time -0.06 0.344 -0.03 0.463 -0.14 0.003 0.23 0.029 -0.07 0.583

(0.06) (0.04) (0.05) (0.11) (0.12)

age 0.007 <.0001 0.02 <.0001 0.01 <.0001 0.02 <.0001 0.01 0.002

(0.002) (0.002) (0.002) (0.004) (0.004)

sex (ref: female) -0.02 0.463 -0.03 0.256 -0.03 0.305 0.05 0.331 -0.11 0.115

(0.03) (0.03) (0.03) (0.06) (0.07)

edu (ref: no uni) -0.037 0.186 0.02 0.498 -0.006 0.863 0.18 0.003 0.006 0.937

(0.03) (0.03) (0.03) (0.06) (0.08)

pmi -0.006 0.691 -0.002 0.874 -0.0009 0.956 -0.01 0.667 -0.08 0.046

(0.01) (0.02) (0.01) (0.03) (0.04)

trt*time -0.02 0.230 -0.006 0.568 -0.02 0.111 -0.003 0.880 -0.0001 0.996

(0.01) (0.01) (0.01) (0.02) (0.03)

age*time 0.001 0.144 0.0007 0.282 0.003 0.0007 -0.002 0.260 0.001 0.466

(0.001) (0.0007) (0.0007) (0.002) (0.002)

Observations 1664 1665 1665 1665 1665

Note: Time (in years) since entry to the study.
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Figure 7: Diagnostic Plots of the Scaled Residuals for Crp marker.
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Table 18: Estimated Covariance Parameters for pairwise Simple Bivariate Model among Psychological Markers

Marker 2

Anxiety Depression Exhaustion

Marker 1 Cov Est SE P-value Est SE P-value Est SE P-value

I1I2 16.433 3.223 <.0001 29.677 4.723 <.0001 21.160 3.711 <.0001

S1I2 0.344 1.042 0.7412 1.482 1.496 0.3218 0.655 1.201 0.5853

Stress I1S2 0.601 1.220 0.6226 -1.438 1.640 0.3806 -0.923 1.351 0.4946

S1S2 0.234 0.426 0.5838 1.556 0.585 0.0078 1.348 0.476 0.0047

σ12 1.615 0.358 <.0001 2.805 0.474 <.0001 1.908 0.360 <.0001

I1I2 42.743 4.544 <.0001 33.864 3.596 <.0001

S1I2 -1.369 1.543 0.3751 -1.946 1.241 0.1170

Anxiety I1S2 -1.798 1.449 0.2144 -1.542 1.188 0.1943

S1S2 2.261 0.639 0.0004 1.825 0.509 0.0003

σ12 5.601 0.564 <.0001 3.721 0.428 <.0001

I1I2 64.497 5.736 <.0001

S1I2 -1.128 1.672 0.4998

Depression I1S2 -1.534 1.723 0.3732

S1S2 3.348 0.751 <.0001

σ12 8.928 0.614 <.0001

Note: I1, I2, S1, S2 are random intercepts and slopes from markers 1, 2. σ12 is error covariance.
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Table 19: Estimated Covariance Parameters for pairwise Simple Bivariate Model among Biological Markers

Marker 2

Tnfr1 Tnfr2 Ptx3 Crp

Marker 1 Cov Est SE P-value Est SE P-value Est SE P-value Est SE P-value

I1I2 0.022 0.004 <.0001 0.024 0.004 <.0001 0.054 0.008 <.0001 0.013 0.008 0.1130

S1I2 0.005 0.002 0.0270 0.005 0.002 0.0171 -0.004 0.004 0.3997 0.002 0.005 0.7552

Vcam I1S2 0.002 0.001 0.2303 0.004 0.002 0.0125 -0.014 0.003 <.0001 0.003 0.004 0.4025

S1S2 0.000 0.001 0.6630 -0.001 0.001 0.6105 0.006 0.002 0.0030 -0.001 0.003 0.8029

σ12 0.005 0.001 <.0001 0.007 0.001 <.0001 -0.000 0.002 0.9269 0.003 0.002 0.2161

I1I2 0.053 0.005 <.0001 0.035 0.008 <.0001 0.054 0.009 <.0001

S1I2 0.003 0.001 0.0338 0.005 0.003 0.0834 0.002 0.003 0.4741

Tnfr1 I1S2 0.003 0.002 0.0354 -0.002 0.003 0.5266 0.001 0.004 0.8233

S1S2 0.002 0.001 0.0187 -0.002 0.001 0.0990 0.001 0.002 0.7284

σ12 0.007 0.001 <.0001 0.008 0.001 <.0001 0.009 0.002 <.0001

I1I2 0.017 0.008 0.0456 0.039 0.010 <.0001

S1I2 0.017 0.004 <.0001 0.009 0.004 0.0296

Tnfr2 I1S2 0.009 0.004 0.0209 0.006 0.004 0.2102

S1S2 -0.008 0.002 <.0001 -0.001 0.002 0.7146

σ12 0.008 0.002 <.0001 0.011 0.002 <.0001

I1I2 0.039 0.018 0.0346

S1I2 -0.009 0.009 0.3286

Ptx3 I1S2 -0.007 0.009 0.4341

S1S2 0.001 0.004 0.8011

σ12 0.021 0.004 <.0001

Note: I1, I2, S1, S2 are random intercepts and slopes from markers 1, 2. σ12 is error covariance.
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Table 20: Estimated Covariance Parameters for pairwise Simple Bivariate Model among Psychological and Biological Markers

Marker 2

Vcam Tnfr1 Tnfr2 Ptx3 Crp

Marker 1 Cov Est SE P-value Est SE P-value Est SE P-value Est SE P-value Est SE P-value

I1I2 -0.256 0.109 0.0189 -0.531 0.116 <.0001 -0.470 0.128 0.0002 -0.169 0.246 0.4926 -0.326 0.271 0.2293

S1I2 0.037 0.037 0.3094 0.119 0.039 0.0021 0.109 0.042 0.0096 -0.021 0.083 0.8017 0.060 0.094 0.5202

Stress I1S2 0.014 0.066 0.8266 0.066 0.043 0.1216 -0.018 0.052 0.7205 0.139 0.111 0.2090 -0.164 0.130 0.2068

S1S2 0.008 0.023 0.7433 -0.006 0.015 0.6846 0.020 0.018 0.2536 0.056 0.038 0.1410 0.035 0.045 0.4394

σ12 0.003 0.020 0.8963 0.001 0.014 0.9131 -0.021 0.017 0.2159 0.010 0.029 0.7225 -0.026 0.038 0.4929

I1I2 0.166 0.094 0.0778 -0.016 0.098 0.8708 0.122 0.108 0.2592 -0.090 0.213 0.6717 0.205 0.234 0.3814

S1I2 -0.033 0.038 0.3841 0.005 0.039 0.8888 -0.030 0.043 0.4881 -0.144 0.085 0.0898 -0.028 0.096 0.7680

Anxiety I1S2 -0.070 0.058 0.2246 0.022 0.037 0.5504 -0.054 0.045 0.2266 -0.029 0.096 0.7618 -0.082 0.113 0.4670

S1S2 0.023 0.024 0.3314 -0.009 0.015 0.5668 0.014 0.018 0.4522 0.064 0.040 0.1080 -0.030 0.047 0.5184

σ12 0.010 0.023 0.6657 0.013 0.016 0.4007 0.000 0.020 0.9886 -0.031 0.034 0.3488 0.002 0.044 0.9579

I1I2 0.199 0.134 0.1375 0.237 0.140 0.0914 0.373 0.156 0.0164 0.082 0.304 0.7866 0.743 0.337 0.0273

S1I2 -0.143 0.051 0.0052 -0.061 0.052 0.2403 -0.098 0.058 0.0875 -0.208 0.114 0.0681 -0.258 0.130 0.0481

Depression I1S2 0.027 0.083 0.7452 -0.015 0.053 0.7812 -0.106 0.065 0.0999 -0.040 0.138 0.7730 -0.251 0.163 0.1230

S1S2 0.042 0.032 0.1848 -0.012 0.021 0.5679 -0.000 0.025 0.9930 0.135 0.053 0.0115 0.030 0.063 0.6349

σ12 -0.041 0.030 0.1673 -0.001 0.021 0.9493 -0.026 0.026 0.3042 -0.034 0.044 0.4399 -0.070 0.057 0.2202

I1I2 0.167 0.107 0.1186 0.141 0.112 0.2049 0.213 0.124 0.0851 -0.056 0.242 0.8185 0.713 0.269 0.0081

S1I2 -0.102 0.042 0.0146 0.016 0.043 0.7028 0.021 0.047 0.6514 -0.011 0.093 0.9031 -0.116 0.106 0.2778

Exhaustion I1S2 -0.069 0.066 0.2966 -0.014 0.043 0.7361 -0.075 0.052 0.1469 -0.054 0.111 0.6239 -0.262 0.130 0.0444

S1S2 0.078 0.026 0.0027 0.002 0.017 0.9013 -0.011 0.020 0.5699 0.093 0.043 0.0325 0.033 0.051 0.5236

σ12 -0.009 0.023 0.7089 0.008 0.016 0.5981 -0.003 0.020 0.8699 0.026 0.034 0.4304 -0.056 0.044 0.2056

Note: I1, I2, S1, S2 are random intercepts and slopes from markers 1, 2. σ12 is error covariance.
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Table 21: Estimated Covariance Parameters for pairwise Adjusted Bivariate Model among Psychological Markers

Marker 2

Anxiety Depression Exhaustion

Marker 1 Cov Est SE P-value Est SE P-value Est SE P-value

I1I2 16.694 3.157 <.0001 31.086 4.661 <.0001 22.466 3.625 <.0001

S1I2 0.499 1.014 0.6223 1.261 1.464 0.3891 0.454 1.162 0.6963

Stress I1S2 0.332 1.210 0.7835 -1.729 1.640 0.2917 -0.958 1.351 0.4784

S1S2 0.228 0.423 0.5896 1.574 0.584 0.0071 1.313 0.475 0.0057

σ12 1.612 0.357 <.0001 2.808 0.474 <.0001 1.912 0.360 <.0001

I1I2 40.861 4.387 <.0001 31.915 3.430 <.0001

S1I2 -1.133 1.508 0.4526 -1.756 1.200 0.1433

Anxiety I1S2 -1.373 1.418 0.3330 -1.279 1.164 0.2716

S1S2 2.199 0.637 0.0006 1.808 0.509 0.0004

σ12 5.604 0.564 <.0001 3.720 0.429 <.0001

I1I2 60.558 5.469 <.0001

S1I2 -0.751 1.629 0.6449

Depression I1S2 -1.379 1.699 0.4169

S1S2 3.357 0.755 <.0001

σ12 8.930 0.614 <.0001

Note: I1, I2, S1, S2 are random intercepts and slopes from markers 1, 2. σ12 is error covariance.
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Table 22: Estimated Covariance Parameters for pairwise Adjusted Bivariate Model among Biological Markers

Marker 2

Tnfr1 Tnfr2 Ptx3 Crp

Marker 1 Cov Est SE P-value Est SE P-value Est SE P-value Est SE P-value

I1I2 0.015 0.003 <.0001 0.018 0.004 <.0001 0.047 0.007 <.0001 0.006 0.008 0.4210

S1I2 0.003 0.002 0.0763 0.004 0.002 0.0393 -0.003 0.004 0.4273 0.001 0.005 0.8674

Vcam I1S2 0.001 0.001 0.3287 0.003 0.002 0.0720 -0.012 0.003 0.0003 0.003 0.004 0.4959

S1S2 0.000 0.001 0.7500 -0.001 0.001 0.3846 0.006 0.002 0.0030 -0.001 0.003 0.7842

σ12 0.005 0.001 <.0001 0.007 0.001 <.0001 -0.000 0.002 0.9089 0.003 0.002 0.2095

I1I2 0.040 0.004 <.0001 0.021 0.007 0.0020 0.043 0.008 <.0001

S1I2 0.002 0.001 0.0736 0.005 0.003 0.0895 0.001 0.003 0.7298

Tnfr1 I1S2 0.001 0.001 0.5154 -0.001 0.003 0.8522 -0.001 0.004 0.7805

S1S2 0.002 0.001 0.0265 -0.002 0.001 0.0973 0.001 0.002 0.7036

σ12 0.007 0.001 <.0001 0.008 0.001 <.0001 0.009 0.002 <.0001

I1I2 0.003 0.008 0.6614 0.029 0.009 0.0012

S1I2 0.016 0.003 <.0001 0.007 0.004 0.0929

Tnfr2 I1S2 0.011 0.004 0.0030 0.004 0.004 0.3381

S1S2 -0.008 0.002 <.0001 -0.001 0.002 0.6732

σ12 0.008 0.002 <.0001 0.011 0.002 <.0001

I1I2 0.031 0.018 0.0763

S1I2 -0.008 0.009 0.3501

Ptx3 I1S2 -0.010 0.009 0.2508

S1S2 0.001 0.004 0.7756

σ12 0.021 0.004 <.0001

Note: I1, I2, S1, S2 are random intercepts and slopes from markers 1, 2. σ12 is error covariance.
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Table 23: Estimated Covariance Parameters for pairwise Adjusted Bivariate Model among Psychological and Biological Markers

Marker 2

Vcam Tnfr1 Tnfr2 Ptx3 Crp

Marker 1 Cov Est SE P-value Est SE P-value Est SE P-value Est SE P-value Est SE P-value

I1I2 -0.183 0.105 0.0817 -0.368 0.101 0.0003 -0.326 0.117 0.0052 -0.027 0.232 0.9064 -0.202 0.267 0.4497

S1I2 0.019 0.036 0.6035 0.071 0.034 0.0365 0.073 0.039 0.0624 -0.083 0.079 0.2937 0.020 0.093 0.8299

Stress I1S2 0.032 0.066 0.6236 0.075 0.043 0.0796 0.005 0.051 0.9181 0.121 0.111 0.2759 -0.147 0.130 0.2585

S1S2 0.002 0.023 0.9189 -0.008 0.015 0.5757 0.011 0.018 0.5200 0.063 0.038 0.1004 0.030 0.045 0.5078

σ12 0.002 0.020 0.9003 0.002 0.014 0.9044 -0.021 0.017 0.2161 0.011 0.029 0.6927 -0.026 0.038 0.4977

I1I2 0.155 0.090 0.0858 0.005 0.085 0.9551 0.120 0.099 0.2237 0.008 0.199 0.9677 0.203 0.229 0.3760

S1I2 -0.028 0.037 0.4455 0.016 0.035 0.6359 -0.017 0.040 0.6682 -0.142 0.081 0.0799 -0.019 0.095 0.8377

Anxiety I1S2 -0.078 0.056 0.1681 0.019 0.037 0.5950 -0.052 0.044 0.2360 -0.001 0.095 0.9944 -0.078 0.111 0.4840

S1S2 0.022 0.024 0.3502 -0.009 0.015 0.5690 0.013 0.018 0.4833 0.066 0.040 0.0971 -0.030 0.047 0.5267

σ12 0.010 0.023 0.6644 0.013 0.016 0.4070 0.001 0.020 0.9777 -0.032 0.034 0.3462 0.003 0.044 0.9486

I1I2 0.153 0.129 0.2353 0.182 0.122 0.1377 0.303 0.142 0.0329 0.136 0.285 0.6326 0.612 0.329 0.0629

S1I2 -0.134 0.050 0.0074 -0.053 0.047 0.2599 -0.087 0.054 0.1056 -0.229 0.110 0.0380 -0.248 0.130 0.0559

Depression I1S2 0.023 0.081 0.7730 -0.034 0.053 0.5191 -0.111 0.063 0.0788 -0.037 0.137 0.7850 -0.280 0.161 0.0830

S1S2 0.042 0.032 0.1870 -0.012 0.021 0.5623 -0.000 0.025 0.9981 0.136 0.054 0.0113 0.031 0.063 0.6194

σ12 -0.042 0.030 0.1660 -0.001 0.021 0.9547 -0.027 0.026 0.2970 -0.034 0.044 0.4429 -0.071 0.058 0.2201

I1I2 0.130 0.102 0.1995 0.099 0.096 0.3065 0.153 0.112 0.1694 0.015 0.225 0.9454 0.615 0.260 0.0181

S1I2 -0.103 0.041 0.0119 0.007 0.039 0.8543 0.016 0.044 0.7241 -0.042 0.090 0.6409 -0.127 0.106 0.2298

Exhaustion I1S2 -0.074 0.064 0.2501 -0.031 0.042 0.4576 -0.075 0.050 0.1338 -0.052 0.108 0.6323 -0.286 0.128 0.0250

S1S2 0.076 0.026 0.0033 0.001 0.017 0.9341 -0.014 0.020 0.4969 0.093 0.044 0.0328 0.033 0.052 0.5285

σ12 -0.009 0.023 0.6985 0.008 0.016 0.6106 -0.003 0.020 0.8588 0.027 0.034 0.4216 -0.056 0.044 0.2018

Note: I1, I2, S1, S2 are random intercepts and slopes from markers 1, 2. σ12 is error covariance.
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