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INTRODUCTION

A popular tool to localize cognitive abilities in the brain is functional Magnetic
Resonance Imaging (fMRI).

•Brain: < 100,000 artificially created
volume units (voxels)

•Measures a time series of the blood
oxygenated level dependent response.

•Relate this to experimental design.
•Localize cognitive tasks

•Limited reproducibility due to:
• low signal to noise ratio
• low power
• high researcher degrees of freedom

•Need for aggregating data across
research groups.

•Different strategies to model fMRI
data at third level.

STATISTICAL ANALYSIS

Massive univariate approach => fitting a general linear model (GLM) in each
voxel. Estimation in separate (hierarchical) stages:

• (1) Relate brain response of each
subject to the design of the
experiment. For a given voxel and
subject i, this corresponds to:

Yi = Xiβi + εi

• (2) Combine subjects in one group
analysis. Say γ = βi, then:

γ = XGβG + εG
• (3) Two approaches to combine studies
at voxelwise level:
• Meta-analysis (MA)
• Mixed effects GLM

meta-analysis

•Transform test statistics from level 2
to standardized effect sizes (δ).

•Aggregate effect sizes over j = 1, .., K
studies through weighted average:

µ =
∑
j wjδj
∑
j wj

•With the weights inversely related to
within study variability only (fixed
effects MA) or within and between
study variability (random effects MA).

mixed effects GLM

•Use parameter estimates and variance
from second level.

YS = XSβS + ε∗∗
S

•With ε∗∗
S containing a fixed effects

component (within subject variability
across-time variance) and a random
effects component containing between
subject and between study variability.

• Inference: Bayesian approach
(FLAME1 in FSL).
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OBJECTIVE

In this project, we would like to:
• evaluate the performance of the MA and the mixed effects GLM approach.

METHOD

Consider a single voxel v.
(1) Simulate null data at subject level.
•Simulate time series for subject i = 1, ..., N in study j = 1, ..., K containing
white noise under the normal linear model:

Yi,j = β0 + εi,j

• In which εi,j are i.i.d. N(0, σ2)
• Constant variance for each subject and study.
• Furthermore, we have N = 100 and K = 5 over 3000 simulations.

————————————————————————————–
(2) Evaluate at third level.
To evaluate, we use the estimates (θ̂) for the average effect over all studies in the
population. Then, we calculate for each voxel:

• the average standardized bias:


¯̂
θ−θ
SE(θ̂)

 × 100
• a 95% confidence interval (CI) around the estimate and record the average
coverage of the true parameter contained in the CI.

RESULTS

Below are results over 3000 simulations.

type average SDst. bias
MA 1.6534 1.1652
GLM 1.6700 1.1726

Figure 1 & Table 1: Differences in average standardized bias for each voxel: MA - mixed effects
GLM (left) and average standardized bias over all simulations and voxels (right).

Figure 2: Average coverage over all simulations of the true parameter in the 95% confidence
intervals for each voxel for the MA (left) and the mixed effects GLM approach (right).

DISCUSSION

•Results with simulations indicate similar values of the standardized bias
between the MA and mixed effects GLM approach.

•Coverage of the confidence intervals obtained through the mixed effects GLM
approach exceeds on average the nominal level of 95%

•Next step:
• Add activation in the simulations
• Validate results on resting state fMRI data which we model with task based paradigms.
• Idea: create realistic null data.
• However, questions remain around validity of this approach.
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Introduction and methodology

Dietary patterns are one of the major determinants as far as health and burden of disease 
is concerned. In 2014-2015 a new Belgian National Food Consumption Survey was conducted 
and two 24-h dietary recalls on non-consecutive days per person were obtained. Vitamin 
A intakes consist of four different intake sources: 1) from Food (F), 2) from Mandatory 
Fortified Food (MF), 3) from Voluntary Fortified Food (VF), and 4) from Supplements (S). 
The study objective is to estimate the usual intake (long-term) distribution of Vitamin A by 
eliminating the day-to-day variation, using mixed effect models (Dekkers et al, 2015). 

We consider two approaches a) “first add then shrink” , by adding in three steps the 
intakes of the food sources (F, F+MF, F+MF+VF) into one intake (Figure, left) and finally 
model this together with the supplements (Figure, middle) (F+MF+VF|S) and b) “first 
shrink then add”, (see Verkaik et al., 2011) by modelling first the sources separately (Figure, 
right) and then add the results into one usual intake, (F|MF, F|MF|VF, F|MF|VF|S).

Results

‘First add then shrink’ can result in lower percentiles when adding an extra intake source. 
See Table, rows F+MF and F+MF+VF. This is caused by adding intakes from different 
distributions (Figure, right) which results in a too wide distribution.

This phenomenon disappears with applying ‘first shrink then add’.

The ranges of the 1-99 percentiles of the black results are much smaller than the corresponding 
red ones, e.g. men, 40-64 (yr) F+MF+VF|S, has range 3133 (μg) whereas F|MF|VF|S has range 
2871 (μg). 

Table. The arithmetic mean (AM) and some percentiles of the usual intake distribution of Vitamin A  
men 3-64 (yr), for age class 40-64 (yr) with the first add then shrink approach (+ and red numbers) and 
with the first shrink then add approach (| and black numbers). Yellow marked values are inconsistent 
with respect to the previous row. F=Food, MF=Mandatory Fortified Food, VF=Voluntary Fortified Food, 
S=Supplements. 
 
 

sources and  
approach

age (yr) AM (μg) 1 2.5 5 50 95 97. 5 99

F 40-64 932 206 258 307 796 2024 2417 2989

F+MF 40-64 1066 244 304 361 918 2284 2713 3333

F+MF+VF 40-64 1053 237 294 352 902 2272 2709 3308

F+MF+VF|S 40-64 1072 244 300 359 918 2302 2736 3377

F|MF 40-64 1035 273 329 387 897 2137 2533 3119

F|MF|VF 40-64 1048 278 334 392 910 2171 2577 3146

F|MF|VF|S 40-64 1062 282 338 397 924 2188 2592 3153
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Figures. Vitamin A (μg) , men, aged 3-64 (yr), left, density of log-transformed F+VF+MF 
intakes; middle, histogram of the positive intakes from supplements, the zero intakes 
(74% of the supplement intakes) are excluded; right, density of log-transformed intakes 
from respectively F, MF and VF.

Conclusion

If intakes from several sources are available, use the ‘first shrink, then add’ principle, 
as implemented in SPADE.RIVM.  You will obtain consistent results with less  
variation in the usual intake distribution.

Visit www.spade.nl  for the manual (Dekkers et al. 2015) and the R-package SPADE.RIVM.
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Introduction 

Genotype imputation has been a key step in genome wide 
association studies to increase QTL (quantitative trait loci) 
detection power and to facilitate meta-analyses over different 
sets of markers. General population-based genotype imputation 
methods such as Beagle v4.1 [1] have been well developed, and 
their performances are optimized when large reference panels of 
high quality are available.  
 
Low coverage sequencing has become cost effective for QTL 
mapping in experimental crosses. Several genotype imputation 
methods such as LB-Impute [2] have been developed specifically 
for an offspring population descended from only two inbred 
parents. Many multiparental populations have been recently 
produced, especially in plant such as Arabidopsis and rice. Huang 
et al 2014 developed mpimpute [3] for multiparental populations. 
However, mpimpute is limited to homozygous populations and it 
requires appropriate parent genotypes.  

Results of biparental populations 

• magicImpute works well when two founders are missing. 
• LB-Impute is parent-dependent; the missing fraction of founder 

genotypes is ~25% for both AI-RIL and F2.  
• Beagle accuracy drops off at much higher read depth than 

magicImpute.  

Objective 

• To build a general statistical framework called magicImpute for 
genotype imputation in bi- or multi-parental populations, 
integrating with parent imputation and phasing, offspring 
genotype error detection, and offspring genotype phasing.  

• To increase imputation accuracy by incorporating breeding 
design information, and to account for uncertainties of low 
coverage data by integrating genotype calling with imputation.  

Results of multiparental populations 

• Beagle v4.1 works better in almost homozygous populations 
than in heterozygous populations.  

• Accuracy of mpimpute is ~2% lower than that of magicImpute. 
• The ceiling of imputation accuracy (<1): wrong masked 

genotypes, wrong input genetic map (e.g. misgrouped markers) 

Figure 2. Illustration of the four real mapping 
populations for evaluating magicImpute  

Figure 1. Diagram of 
magicImpute  

Methods 
Figure 4. Comparisons of imputation accuracy in MAGIC and CP among 
magicImpute, Beagle v4.1, and mpimpute (not applicable to CP).  

Conclusion 
magicImpute is accurate and flexible, despite of founders being 
missing, founders being heterozygous, offspring being 
heterozygous, and sequencing coverage being low.  

• Input data (read counts or called genotypes) are analysed by a 
HMM (hidden Markov model) extended from [4].  

• magicImpute first imputes founders and then offspring. Given 
imputed founders, each offspring is imputed independently.  

• The posterior probabilities of hidden true genotypes are used for 
error detection, imputation and phasing in offspring.  

• Four real datasets [5] : rice MAGIC (multiparental advanced 
generation intercross lines), maize AI-RIL (advanced intercross 
recombinant inbred lines), maize F2, apple CP (cross pollinated). 
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Figure 3. Comparisons of imputation accuracy in AI-RIL and F2 among 
magicImpute, Beagle v4.1, and LB-Impute. “magicImpute_NoP” denotes 
that the first two parents are missing.  
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Materials and methods

The study cohort consisted of 108.787 kidney transplantations performed in 135 transplantation centers across 21 countries in
Europe from 1986 to 2015. The data originate from the Collaborative Transplant Study (CTS) database. We analyzed the cause-
specific (death-censored) hazard rate of kidney failure after transplantation. In the stratified Cox model, we included a flexible time-
dependent effect for the continuous covariate ‘transplant year’ in order to quantify improvement on the short and on the long term.
Analyses were adjusted for donor and recipient age, transplant rank, number of HLA-mismatches and percentage Panel-Reactive
Antibodies.

Results

A. Kaplan-Meier curves

Unadjusted we observed an improvement in
the death-censored survival. However, in the
last decade there seemed to be somewhat
less improvement.

The plot showed that between 1986 and 2000 the
improvement in graft survival was larger on the
short term compared to the long term after
transplantation. After 2000, however, there
seemed to be much less improvement on the
short term, while on the long term there was no
significant difference.

Conclusion
We demonstrated that in Europe between 1986 and 2000, similar to what was noted in the United States, improvement of kidney 
graft survival occurred primarily on the short term after transplantation and to a lesser extent on the long term. For the first time 
however, we observed that less short-term improvement in graft survival was made since 2000, even when taking into account the 
increased age of donors and recipients. Novel initiatives to further improve graft survival after kidney transplantation are urgently 
needed.

B. Functional form of the effect of ‘transplant year’
Functional form of the covariates is studied visually by fitting each effect as a natural cubic spline with five knots (in the adjusted 
model).

D. Hazard ratio of ‘transplant year’
The results are based on the Cox model stratified on transplantation center, conditional on donor and recipient age, transplant rank, 
number of HLA-mismatches, percentage Panel-Reactive Antibodies and with the inclusion of all time-dependent effects.

C. Time-dependency of the effect of ‘transplant year’
The functional form of the time-dependency was checked by modelling the interaction with a natural cubic spline of time with a varying 
number of knots. Based on the AIC we concluded that the time-dependency of the effect of ‘transplant year’ and its ‘slope adjustment 
after 2000’ both needed 5 knots.

The plot suggested that improvement
decelerated from +-2000 onwards.
Therefore, we modelled the effect of
‘transplant year’ as a spline of degree 1 with
1 knot at 2000.

Introduction
Improvement of kidney allograft survival was mainly studied in United States registries, and occurred mostly on the short term after
transplantation. The impact of the changing donor and recipient demographics on this evolution remains insufficiently understood.
In addition, it is unknown whether the results from the United States are confirmed in a European context, where the
transplantation reality and survival times considerably differ from those in the United States.
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Stepped Wedge Designs

Stepped Wedge cluster Designs (SWDs) are designs conducted over several periods which are used
to compare two interventions. SWDs comprise a number of sequences, such that the treatment allo-
cated within a cluster changes from the standard to the new at a given period, the changeover point
differing between the sequences. A distinction can be made between longitudinal trials, where the
same individuals are observed throughout the study, and cross-sectional trials, where individuals are
treated in the period in which they attend: for definiteness, we focus on the latter.

SWDs are used to compare a standard intervention (0) with a new intervention (1) in circumstances
where it would be difficult or impossible to revert to using 0 once the change to 1 has been made. They
have application in many areas, especially in the assessment of service implementation in places such
as care homes, intensive care units, hospital wards, schools etc.

We consider the simplest form of SWD, illustrated in Table 1, with T periods and L sequences, which
we denote S1, . . . , SL. For this simplest form of SWD L = T − 1.

Period
Sequence 1 2 3 · · · T − 1 T

S1 0 1 1 · · · 1 1
S2 0 0 1 · · · 1 1
... · · ·
... 0 0 0 · · · 1 1
SL 0 0 0 · · · 0 1

Table 1: Stepped wedge design with T periods

Model Formulation and Analysis

It is clear from inspection of Table 1 that a weakness of the SWD is its potential to confound period or
time effects with treatment effects, and any proposed analysis needs to account for this. It also needs
to acknowledge the possibility of within-cluster dependence that applies to any cluster-randomized
design.

A very widely used model [2] assumes that the continuous response on individual k in cluster i and
period j, Yijk, follows

Yijk = βj + Xs(i)jθ + αi + εijk, (1)

with period effect βj and s(i) = 1, . . . , L denoting the sequence to which cluster i is allocated.
Xsj ∈ {0, 1} indicates the treatment applied in period j of sequence s. The cluster effect αi has
variance τ2 and the residuals εijk have variance ν2

For convenience we assume that N clusters are allocated to each sequence and, in each period of
each cluster, n subjects are observed.

Estimators of θ̂

Maximum likelihood or GEE estimators of θ from (1) can be shown to be a weighted combination of
two simpler estimators, namely the row-column (RC) estimator and the vertical (V) estimator [3]. If
Ȳst denotes the means of the responses in each of the cells of Table 1, then these two estimators can
be written, respectively, in terms of coefficient matrices Rst and Vst as:

θ̂RC =
∑
s,t

RstȲst; θ̂V =
∑
s,t

VstȲst. (2)

The row-column estimator essentially supposes the αi in (1) are fixed effects, while the vertical esti-
mator omits the αi term.
The estimator for (1) is expressible as:

θ̂HH =
bQ

1− b + bQ
θ̂RC +

1− b
1− b + bQ

θ̂V ,

where Q = 1
2(1 + T−1) and

b =
Tnρ

1 + (Tn− 1)ρ

with ρ = τ2/(ν2 + τ2), the Intra-Cluster Correlation (ICC).

θ̂HH is the optimal estimator assuming (1), and coincides with the vertical estimator when there is no
intra-cluster dependence ρ = 0, and is close to the row-column estimator as ρ → 1. Tables 2 and 3
show Rst and Vst for the case T = 6.

1.Rst is surprising and shows the challenge of eliminating cluster and period effects when time and
treatment are so confounded.

2. The form of Vst is intuitive - θ̂V is an average of within-period contrasts, weighted inversely by their
variances. Note that the first and last columns are omitted.

Time
Sequence 1 2 3 4 5 6

1 -10 14 8 2 -4 -10
2 -5 -11 13 7 1 -5
3 0 -6 -12 12 6 0
4 5 -1 -7 -13 11 5
5 10 4 -2 -8 -14 10

Table 2: Scaled coefficients: 70Rst

Time
Sequence 1 2 3 4 5 6

1 0 4 3 2 1 0
2 0 -1 3 2 1 0
3 0 -1 -2 2 1 0
4 0 -1 -2 -3 1 0
5 0 -1 -2 -3 -4 0

Table 3: Scaled coefficients: 20Vst

Optimal Vertical Analyses

As described by Davey and colleagues [1], vertical analyses are sometimes recommended because:

1. they are intuitively attractive;

2. they preserve the randomization of clusters to rows in Table 1.

While the vertical analyses do preserve randomization, so too do the other analyses, albeit in a less
transparent manner.

The weightings of the within-period contrasts implicit in Vst take account of their differing variances, but
not of any dependence induced by the clustering. An alternative ‘vertical’ estimator θ̂Λ, with different
relative weightings of the within-period contrasts can be based on the alternative coefficient matrix,
exemplified below for T = 6.

0 0.2λ1 0.15λ2 0.10λ3 0.05λ4 0
0 −0.05λ1 0.15λ2 0.10λ3 0.05λ4 0
0 −0.05λ1 −0.10λ2 0.10λ3 0.05λ4 0
0 −0.05λ1 −0.10λ2 −0.15λ3 0.05λ4 0
0 −0.05λ1 −0.10λ2 −0.15λ3 −0.20λ4 0


Table 4: efficient matrix for modified vertical analysis

If Ṽ is the L × (T − 2) coefficient matrix for the standard vertical analysis (i.e. Table 3) but with
columns 1 and T omitted, then the coefficient matrix for the modified vertical analysis is Ṽ Λ, where
Λ = diag(λ1, . . . , λT−2). If the dispersion matrix of the T − 2 dimensional vector of cluster means
from periods 2 to T − 1 is Ω then

var(θ̂Λ) =
1

N
tr(Ṽ ΛΩΛṼ T ) =

1

N
tr(ΛΩΛB)

and for unbiassedness

1 = tr(Ṽ ΛXT ) = tr(ΛXT Ṽ ),

where X is just the L× (T − 2) matrix of 0s and 1s shown in Table 1, omitting columns 1 and T , and
B = Ṽ T Ṽ .
Introducing the Lagrange multiplier µ, the variance is minimised subject to θ̂Λ being unbiassed by
minimising

tr(ΛΩΛB)− µtr(ΛXT Ṽ ),

which leads to

λopt =
(Ω ◦B)−1d

dT (Ω ◦B)−1d
.

where d = diag(XT Ṽ ) and ◦ denotes the Hadamard, or element-wise product.

Optimality and Efficiency of Vertical Analyses

If Ω = ω1IT−2 + ω21T−21TT−2, i.e. an equicorrelation structure, then

Ω ◦B = ω1diag(B) + ω2B and (ω1diag(B) + ω2B)1T−2 ∝ d

and hence λ = 1T−2 is the optimal vertical analysis.

This is not necessarily the case when Ω has a different form. If Ωij = ρ|i−j|, i.e. an autocorrelation
structure, then for ρ = 1

2 and T = 6, then λopt = (1.108, 0.929, 0.929, 1.108)T . However, even in this
case, the analysis with λ = (1, 1, 1, 1)T is around 99.6% efficient.

However,the variance of the optimal vertical analysis greatly exceeds that of the θ̂HH for all but small
values of the ICC and small period-cluster sizes n. See Figure 1 for T = 4 and n = 5, 50

0.0 0.1 0.2 0.3

0.
00

0.
05

0.
10

0.
15

0.
20

0.
25

ρ

T=4,n=5

N
(ν

2
+

τ2 )−1
va

r(
θ̂)

0.0 0.1 0.2 0.3

0.
00

0
0.

00
5

0.
01

0
0.

01
5

0.
02

0
0.

02
5

ρ

T=4,n=50

N
(ν

2
+

τ2 )−1
va

r(
θ̂)

Figure 1: Variances of θ̂: black is optimal analysis; red is vertical analysis; blue is row-column

Conclusion

The so-called vertical analysis of the SWD could have been inefficient because it took no account of
the intra-cluster correlation. It has been shown that for the equicorrelation structure the usual vertical
analysis is the optimal vertical analysis. However, unless the period-cluster size is small,or the ICC
negligible, alternative analyses incorporating within-cluster differences will be much better in terms of
the precision of the treatment estimator obtained. The simplicity of the vertical estimator does not
justify its use, given its inefficiency.
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Introduction and Aims

Dimension Reduction and Clustering
In this analysis we consider seven meteorological variables for each month. The variables
included in this analysis, summarised over each month, are: total rainfall (mm), rain intensity
(mm/days), mean maximum temperature (°C), mean minimum temperature (°C), minimum
temperature (°C), days when the maximum temperature was over 31 °C and total sunlight
hours.

Due to the high dimensionality of the meteorological data we used Principal Components
Analysis as a dimension reduction method. 19 principal components explain 70% of the total
variability within the dataset.

By taking the scores of the first 19 principal components a k-means algorithm was used to
cluster years together. To determine a cluster size the C-Index was used. A distinct elbow can be
seen at cluster 8 (C-Index = 0.19).

Membership  and Characteristics of Clusters
By looking at the cluster membership we observe cluster 8 to be the most common climate
across the 20th century, with cluster 5 having the most common membership in the 21st

century. Years within clusters 2 and 6 have occurred throughout the 20th century whilst the
membership within clusters 1 and 7 have occurred throughout the 20th and 21st century. The
membership of years within cluster 4 occur only in the early 20th century and the late 20th

century.

Years within cluster 5, on average, have experienced a hotter and wetter spring compared to
cluster 8. This suggests climate in the 21st century has changed with regards to the 20th century.
This conclusion was already reached through univariate analysis. However, we have shown,
using multivariate methods, that in the 21st century, growing seasons have changed to have
their own distinct climate.

Future Analysis of Long-Term Field Data

Multivariate analysis can be used as a method for dealing with some of the limitations of
univariate analysis. Modelling the impact of climate change on crops from long-term field data
has many issues such as confounding and the multicollinearity of response variables.

Within our analyses we shown climate in the 21st century is hotter and wetter than any other
period by the use of cluster analysis. Can we therefore use long-term field data and the clusters
we have defined to observe if there has been any impact of climate change on yield.

The IPCC has measured a global rise in surface and ocean temperatures of 0.65 and 0.17 °C each
year since 1880 (IPCC, 2014), along with increases in global precipitation of 1.01 and 2.77 mm
per decade since 1901 (IPCC, 2013). This univariate analysis of long-term climate data only
provides one insight into how climate has changed and does not consider how climate variables
change together.

This univariate approach to climate analysis has multiple issues when investigating responses in
crop growth in long-term field experiments. Some of these issues are confounding and
collinearity.

Using Rothamsted’s meteorological data, can we take a multivariate approach to identify how
climate has changed across multiple variables since 1889?

The variance explained by the first 50 principal components (left). A biplot (right) of the loadings of total rainfall variable (green),
maximum daily temperature (orange) and minimum daily temperature (blue) over the first two principal components. Summer
months ( ), winter months ( ), spring months ( ) and autumn months ( ).

We wish to minimise the C-index (left). However, 50 clusters is not sensible so we therefore look for an elbow at clusters size 8. The
membership of years within clusters (right) after we have chosen the number of clusters.

Summary of the total rainfall in spring (left) for each cluster. The average maximum temperature for each month in spring (right).
Black data points are the average for that cluster.

The average minimum temperature for each month in spring (left). Summary of the total sunlight in spring, (right) for each cluster.
Black data points are the average for that cluster.
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Instrumental variable analysis in the context of
dichotomous outcome and exposure with a

numerical experiment in pharmacoepidemiology
François Koladjo, Sylvie Escolano & Pascale Tubert-Bitter

B2PHI Inserm U1181, France

MOTIVATION
• To assess drug-induced risk of adverse events in post market observational studies in presence of un-

measured confounding

• To deal with Instrumental Variable (IV) estimation in logistic regression with dichotomous exposure

• To investigate the performance of preference-based instrument in pharmacoepidemiology

• To compare IV-based methods

MODEL AND METHODS
True Model

Y = r(β0 + Tβt +X1β1 +X2β2 +Xuβu) + e

E(T |Z,X1, X2, Xu) = r(α0 + Zαz +X1α1 +X2α2 +Xu)

where

• Y = dichotomous outcome and T = dichotomous exposure

• X1 and X2 are covariables and Xu the unobserved confounder

• Z is the instrumental variable or instrument

• α = (α0, αz, α1, α2) is the coefficient of auxiliary regression

• β = (β0, βt, β1, β2) is the parameter to be estimated

• r(x) = expit(x) = 1
1+exp(−x)

Parameters estimation We used

• Conventional regression (Conv)

• The generalized method of moment (GMM) [1, 2]

• The two-stage residual inclusion ( 2SRI) [3]

Instrument strength Denote T ∗ = α0 + Zαz +X1α1 +X2α2 +Xu, then

Corr(Z, T ∗) =
αz
√
p(1− p)

(α2
zp(1− p) + α2

1σ
2
1 + α2

2σ
2
2 + σ2

u)
1/2

Confounding level
Corr(Xu, T

∗) =
σu

(α2
zp(1− p) + α2

1σ
2
1 + α2

2σ
2
2 + σ2

u)
1/2

SIMULATION
Design

• Instrument Z : Physician preference

• Z ∼ B(p), X1 ∼ N (0, σ2
1), X2 ∼ N (0, σ2

2) and Xu ∼ N (0, σ2
u)

• α such that Corr(T ∗, Z) ∈ {0.18, 0.34, 0.48}
• σu ∈ {0.5, 1, 1.5} corresponding to Corr(T ∗, Xu) ∈ {0.28, 0.35, 0.46}
• Number of Monte-Carlo samples: ns = 1000

• Sample sizes: n ∈ {10000, 20000, 30000}

Evaluation criteria

• Relative bias (%):

rB = 100 ∗ 1

ns

ns∑
j=1

(
β̂
(j)
t

βt
− 1

)

• Non coverage probabilities (%):

Erinf = 100 ∗ 1

ns

ns∑
j=1

1
[βt<IC

(j)
inf ]

and Ersup = 100 ∗ 1

ns

ns∑
j=1

1
[βt>IC

(j)
sup]

where [IC
(j)
inf ; IC

(j)
sup] is the asymptotic confidence interval for βt based on the jth Monte-carlo sample.
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Relative bias (rB) of the methods; a: True model
b: conventional model; c : 2SRI; d: GMM. Low,
Medium and High indicate the corresponding

level of confounding and the instrument strength
grows from a, b, c, d sequence to the next (from

left to right)

NON COVERAGE PROBABILITIES

Level Method Weak Mod Strong
High

True 0.05 0.06 0.04
Conv 1.00 1.00 1.00
2SRI 0.06 0.04 0.04

GMM 0.38 0.77 0.93
Med

True 0.06 0.05 0.05
Conv 1.00 1.00 1.00
2SRI 0.07 0.05 0.05

GMM 0.29 0.56 0.89
Low

True 0.06 0.04 0.04
Conv 0.72 0.67 0.56
2SRI 0.06 0.04 0.04

GMM 0.30 0.39 0.84
Legend: Low, Med (Medium), High denote level of confounding

whereas Weak, Mod (Moderate), Strong stand for instrument strength.

CONCLUSIONS
Relative bias

• For moderate and strong instrument, 2SRI
tends to improve the estimate when the level
of confounding grows

• The other methods show substantial bias
even for strong instrument

Confidence intervals

• 2SRI displays non coverage probabilities
around the nominal true level of 5%.

Overall, the 2SRI shows satisfactory results.



Nonparametric Simulation to Evaluate the Performance of Statistical
Methods for DGE Analysis in lncRNA-seq

Alemu Assefa1, Olivier Thas1,2, Jo Vandesompele3, Katrijn De Paepe4
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• lncRNAs form a large and diverse class of transcribed RNA molecules, constituting up
to 70% of the transcriptome with a length of ≥ 200 nucleotides,
• they do not encode proteins but are involved in fundamental gene regulatory mechanisms
• The discovery and study of lncRNAs is of major relevance to human biology and disease

since they represent an extensive, largely unexplored, and functional component of the
genome, for example for cancer therapeutic and diagnostic studies

Long Non-coding RNA (lncRNA)

Sequencing counts of lncRNAs (lncRNA-seq) from Next Generation Sequencing (NGS)
technologies (e.g. RNA-sequencing) often show unique characteristics compared to mRNA-
seq data

In general, lncRNA-seq are characterized by low expression and high variability.

LOW Signal and HIGH Noise

Statistical Issues in lncRNA-seq

•Differential Gene Expression (DGE) testing is a statistical hypothesis testing on the
difference in the abundance of genes/transcripts between two biological or experimental
conditions. It is simultaneous test across many genes/transcripts
•We compared the most popular statistical tools introduced for testing DGE in RNA-seq

data.
sssss Class Tools

Negative Binomial Models edgeR, DESeq2, QuasiSeq
Log-Linear Modelling (Poisson) PoissonSeq
Normal Linear Modelling limma (voom)
Nonparametric Test SAMseq

•Most of these tools are designed with an assumption that genes are expressed at suffi-
cient level, for example genes with average expression greater than 1.
•However, majority of lncRNAs are expressed at low amount and this leads to the question

that "Do these DGE tools perform at a desired level for lncRNAs?"

Statistical tools

Note This assumption is not explicitly mentioned but all software

packages come with a recommended default cut off to filter genes and

various comparative studies demonstrated that the tools perform worse

for low count genes due to higher noise.

Note This assumption is not explicitly mentioned but all software

packages come with a recommended default cut off to filter genes and

various comparative studies demonstrated that the tools perform worse

for low count genes due to higher noise.

• Several comparative studies of DE tools used parametric assumption (e.g. Negative
Binomial or Poisson distribution) to simulate gene expressions that resulted optimistic
comparisons
• In our study we used nonparametric simulation with SimSeq R Bioconductor package
• This simulation starts with a source real RNA-seq data that has large number of repli-

cates (also includes mRNAs and lncRNAs) and then
• by subsampling of samples and genes from the source RNA-seq data, realistic gene

expressions are generated in such a way that the simulated counts reflect the underlining
characteristics of the source data.
•Wide range of scenarios are simulated,
→ Two gene biotypes: mRNA and lncRNA
→Proportion of truly DE genes: 0 - 30%
→Number of replicates per group: 2 - 40
→ Two source real RNA-seq datasets (with different homogeneity of samples)

Nonparametric Simulation

False Discovery Rate (FDR)

• FDR is the average proportion of false discoveries (rejection of true null hypothesis
H0 : µg1 = µg2) among all discoveries. FDR = E{ FP

FP+TP}
• The true FDR is expected to be at most the desired level (e.g. 5%) but discrete distribution

based models (edgeR, DESeq, QuasiSeq, and Poissonseq) showed higher FDR which is
worse for lncRNAs than for mRNAs.

False Discovery Rate (FDR)

True Positive Rate (TPR)

• TPR is the average proportion of truly DE genes that are correctly identified by the tool
TPR = E{ TP

TP+FN}
• The results again signifies that majority of the tools have much less power to correctly

identify truly differentially expressed lncRNAs,

True Positive Rate (TPR)

•Most tools showed high FDR for lncRNAs than for mRNAs
•None of the tools were able to achieve 50% power for a typical RNA-seq experiment

designs with up to 40 number of replicates (especially for cancer study)
• Strong dependence on the true proportion of DE genes.
•Negative Binomial models (edgeR and DESeq) are powerful for designs with small sam-

ple size at a cost of high FDR
•Normal linear models (limma) and nonparametric tests (SAMSeq) control FDR much

better with competitive power but for designs with sample size ≥ 10

Conclusion



Development of High Dimensional Biomarkers 

The modern drug discovery process involves multiple sources of high-dimensional data. This imposes the 

challenge of data integration. For example, in order to check for safety issues prior to later and expensive 

phases of drug development cycles while launching a new drug in the market, pharmaceutical companies 

need to analyse chemical structure (fingerprint features) of the compounds, included in the drug, 

phenotypic bioactivity (bioassay read-outs) data for targets of interest, depending on the disease of 

interest and transcriptomic(gene expression) data. Perualila-Tan et al.(2016) discussed a joint model for 

the transcriptomic and the phenotypic variables conditioned on the chemical structure. This modeling 

approach can be used to uncover, for a given set of compounds, the association between gene expression 

and biological activity, taking into account the influence of the chemical structure of the compound on both 

variables(Amaratunga et al.(2014); Perualila et al.(2016)). The model allows to detect genes that are 

associated with the bioactivity data facilitating the identification of potential genomic biomarkers for 

compounds efficacy. The methodology is explained with the help of a case study. The model and the R 

package to implement it, is explained in details in the book chapter by Perualila et al.(2016) as well. 

Rudradev Sengupta1, Nolen Joy Perualila1, Ziv Shkedy1 

1 Center for Statistics, Universiteit Hasselt, Martelarenlaan 42, B-3500 Hasselt, Belgium  

Introduction 

High Dimensional Biomarker Setting 

The QSTAR Framework and Surrogacy 

Correlation Structure 

Modeling Approach 
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EGFR Project 

Model gene-expression and bioactivity data jointly as follows: 

Results 
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• The adjusted association, i.e. the correlation between bioactivity and gene expression corrected 

to the treatment effects is defined as , ρ = σjY/√(σjj* σYY). 

H0: αj = 0 

H1: αj ≠ 0 

Hypothesis Testing: 

H0: ρj = 0 

H1: ρj ≠ 0 

• Testing gene by gene, for 

a given fingerprint feature. 
 

• Multiplicity adjustment is 

required. 

Our aim is to find genetic biomarkers for phenotypic data for a set of compounds under development. The 

data for the analysis consists of:(1) a (mxn) gene expression matrix (X) that contains gene expression 

measurements of m genes for n compounds, (2) a (nx1) vector of phenotypic data (Y) and (3) a (nx1) 

vector of chemical structure (Z). Figure 1 illustrates the relationship between the three variables. Our goal 

is to model the relationship between the gene expression and the phenotypic data, taking into account that 

the chemical structure of the compound may (or may not) influence both variables. This modeling 

approach is called Quantitative Structure-Transcriptional-Assay Relationship(QSTAR) and it is further 

discussed in the book chapter by Perualila et al.(2016).The connection between the QSTAR framework to 

the surrogacy framework is illustrated in the next section. 

Figure 1: Relationship between gene expression (for a specific 

gene Xij , i = 1, . . . , n, j = 1 . . . ,m), chemical structures (FF-

fingerprint feature) and phenotypic data (i.e., bioactivity data) within 

the QSTAR framework. In surrogacy terminology, Xij represents the 

“surrogate” endpoint, Yi represents the “true” endpoint and Zi 

represents the treatment variable. 

Over several decades, Quantitative Structure-Activity Relationship(QSAR) modeling techniques have 

been extensively used to quantify the relationship between chemical structure and activity to gain 

understanding on how the chemical substructures affect the biological activity of a compound and then 

use this understanding to design compounds with improved activity either relating to greater efficacy or 

lesser toxicity (Bruce et al., 2008). The fundamental principle underlying the QSTAR approach is based on 

the observation that chemicals of similar structures frequently share similar physiochemical properties and 

biological activities. The QSTAR modeling framework is an extension of the QSAR approach. Here, 

transcriptional data are integrated with structural compound information as well as experimental bioactivity 

data in order to analyze compound effects in biological systems from different angles to elucidate the 

mechanism of action of compounds. This could provide an insight into inadvertent phenotypic effects 

which can greatly help in early-stage pharmaceutical decision-making. 

We aim to model the association between bioactivity and the gene expression data,  

taking into account a possible influence of the fingerprint feature.  

This oncology project focuses on the inhibition of the epidermal growth factor receptor (EGFR) which has 

been identified in many human epithelial cancers, colorectal, breast, pancreatic, non-small cell lung, and 

brain cancer. For this project, of the 55 fingerprint features that demonstrated differential effects on the 

primary bioassay, FF-442307337 came out first based on a feature-by-feature two-sample t-test of 

bioactivity data (Figure 3a). This substructure is prominent on less potent compounds, i.e. those with pIC50 

values less than 6.5 (Figure 3b). 

Figure 3:  
 

(a) Volcano plot to evaluate the capacity of 

the fingerprint features to differentiate the 

bioactivity.  
 

(b) The top fingerprint feature for the EGFR 

project: -442307337. 

(a) (b) 

Software Implementation 

Figure 4: On-target gene FGFBP1 which correlates with 

EGFR-inhibition. Each point is a compound. The solid blue 

points indicate the presence of FF -442307337. Upper 

panel displays the observed data together with the 

unadjusted association between the two variables. Lower 

panel displays the residuals, after adjusting for the 

fingerprint effect on both the variables, together with the 

adjusted association between the two variables.  

Several genes correlate with the inhibitory activity against 

the target. Figure 4 highlights the linear association 

between pIC50 from the antiproliferation assay and gene 

expression changes in one of the on-target cancer-related 

genes, FGFBP1. In this case, even after removing the 

fingerprint effect, gene expression is associated with pIC50 

values, though the value of the correlation coefficient goes 

down a little. Thus, the association between these two 

variables are not entirely driven by the fingerprint. 

Figure 5: Top 5 differentially expressed 

genes with high adjusted correlation. 

The correlation between the gene 

expression and the inhibitory activity 

against EGFR, given by the pIC50, of 

the compounds (represented by points 

in the plots) can be explained by the 

substructure FF -442307337. Most of 

these genes are known to participate in 

biological processes involving cell 

proliferation (positive and negative), 

survival and differentiation. The solid 

blue points indicate the presence of FF -

442307337. Upper and lower panel 

display observed and adjusted data 

together with unadjusted and adjusted 

association, respectively. 

The R package IntegratedJM was developed to conduct 

the analysis presented here. The main function in the 

package, fitJM(), can be used to fit the joint model with the 

proper specification of the necessary arguments - gene-

expression matrix, vector for the bioactivity and vector 

indicating the presence and absence of the fingerprint 

feature. Because it is a gene-by-gene modeling setup, 

option for multiplicity adjustment is also available as an 

argument to the fitJM(), default is ’fdr’ indicating the BH-

FDR approach (Amaratunga, Cabrera, and Shkedy, 2014). 

The list of the top genes can be obtained using the 

function topkGenes(). The argument Effect implies that a 

subset of differentially expressed genes will be selected. 

The ranking argument specifies how to rank the genes 

within the selected subset. Figure 4 above can be created 

using plot1gene(). Besides model estimation and 

inference, a set of exploratory and visualization functions,  

• Main aim is to compare between the adjusted and unadjusted correlation in order to identify the 

association pattern between bioactivity(e.g. IC50) and gene expression. 

are also available as a part of the package, which can be used to clearly present the results. A ShinyR web 

application (Figure 6) was also developed based on the R package. Three different data sources, gene-

expression matrix, the bioactivity and the fingerprint features are required for the analysis and can be 

uploaded using the online interface for the shinyR application. One can choose to perform the analysis for 

one specific gene or on all the genes. All the details about the R package and the ShinyR application are 

available in the book chapter (Chapter 16) by Perualila et. al. (2016). 

Figure 6: The IntegratedJM Shiny App: 

loading the three data sources. 
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Figure 2: Subclasses of genes using a hypothetical example. If both α and β  

are significantly different from zero, the correlation between the gene expression and bioactivity is present 

but in contrast with scenario (a), the gene expression in scenario (b) is correlated with the bioactivity 

variable only due to the effect of the fingerprint feature, hence its adjusted association is zero, ρj=0. From 

the point of view of the structural optimization in the early drug development, the association observed in 

(b) is desirable while the one observed in (a) is an ideal genetic biomarker for bioactivity. In scenario (c) 

although the gene expression and the bioactivity are correlated, but the gene is not differentially expressed 

and in the last scenario (d) both the variables are uncorrelated. 

(a) (b) (c) (d) 

Genes can be classified 

into different categories 

based on the type of 

association between the 

gene expression and the 

response (bioactivity). It is 

possible that these two 

variables are correlated, 

regardless of the effect of 

the fingerprint feature. But 

this association can also 

be entirely driven by the 

fingerprint feature. 



The story of the million seeds
Experiences from public engagement through the Rocket Science

experiment.

Ian Nevison (Biomathematics and Statistics Scotland), the Royal Horticultural Society 
Campaign for School Gardening and the UK Space Agency.

Introduction

• The Rocket Science experiment engaged pupils in

scientific experimentation. Statistics played a key role.

• The experiment was a component of the Rocket Science

project, which was one of the many educational Principia

Mission projects that were part of Tim Peake’s high profile

mission to the International Space Station (ISS) last year.

Experimental methods

• 2 kg of salad rocket seed spent 6 months on the ISS under

microgravity before returning to Earth.

• A further 2 kg of seed remained on Earth.

• Schools each received a red and a blue bag of seeds –

one of these contained 100 ”space” seeds while the other

contained 100 “Earth” seeds.

Statistical resources for the schools

Schools were provided with:

• Resources covering trial design including trial

randomisation, how to randomly sample plants for

measuring, and the experimental protocol.

• An Excel Workbook to input and analyse their own

school’s data.

• Teacher guidance notes on key statistical principles,

background understanding and how to interpret the

results.

• Over 5,000 school entered their results into a central

database via a web-based interface.

Some of the challenges

Even for scientists there is the need to appreciate the

paradigm shift from confidence intervals and significance

tests for national mean differences to considering the

distribution of site differences.

E-mail: ian.nevison@bioss.ac.uk

www.bioss.ac.uk/people/ian.html

• Schools did not know which bag contained which type of seed (i.e. a

“blind” trial).

• Schools had to produce their own randomisation and sow a replicated,

randomised design to compare the growth of the “space” and “Earth”

seeds.

• Resources were tailored to the differing requirements of primary and 

secondary schools.

.

Conclusion

Excellent communication is essential. Strategies to detect and deal with

difficulties arising from collaborators’ inexperience are invaluable. Such

engagement is challenging but provides an excellent opportunity to

inform and enthuse thousands about statistics and science.

Citizen Science projects seek to engage wider society in recording biological data for collation and analysis.

Extending involvement further to the design and analysis of even the simplest of experiments can give

participants an understanding of key statistical principles and the fundamentals of good scientific practice. We

share some of the challenges in such forms of engagement based on our collaboration with schools across

the UK in the Rocket Science experiment.

Challenge Conventional scientist Citizen scientist

Knowledge of scientific approach. Familiarity can be assumed. Often inexperienced. Assume nothing.

Knowledge of statistical principles. At least the basics. Assume nothing. Explain everything required.

Data quality. Generally good.

Genuine zeros vs. missing ought to 

be understood.

Impossible values recognized.

Variable.

No expectation the distinction will be understood.

Often not realised. Screen data automatically at entry.

Conveying expectations & 

outcomes.

Face-to-face discussions possible. All must be clear without later recourse to a statistician.

mailto:ian.nevison@bioss.ac.uk
http://www.bioss.ac.uk/people/ian.html
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A digital PCR data analysis workflow: from sample to effective result
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A digital PCR data analysis workflow: from sample to effective result

Matthijs Vynck, Olivier Thas

matthijs.vynck@ugent.be

1. Introduction

– Digital polymerase chain reaction (dPCR) is a modern molecular method for the quan-
tification of nucleic acid molecules (DNA/RNA).

– Its advantages (increased accuracy, precision, resistance to undesirable effects, etc.) over
quantitative PCR make it an appealing method for many researchers.

– Several steps in the data analysis workflow:

– Raw data (continuous) to “digital” data (binary): thresholding

– Binary data to concentration estimates: generalized linear (mixed) models

– Concentration estimates to biological interpretation

2. From biological sample to raw data

For each sample, measurements of thousands of individual partition fluorescence intensities.
High (low) fluorescence indicates presence (absence) of target nucleic acid.
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3. From raw data to digital outcome: thresholding

Each particle needs to be classified as positive or negative. Several methods have been
proposed:

– Clustering (k-means) approach (Jones et al. 2014)

– Extreme value theory approach (Trypsteen et al. 2015)

– Gaussian density fitting approach (Dreo et al. 2014)

– Model based classification approach (Jacobs et al. 2017)

– . . .

Several open questions:

– How to deal with “rain” (partitions with intermediate fluorescence intensities)?

– Discard? Low threshold? Try to model?

– Hard (binary 0/1) or soft (probability) thresholding?

– Drawbacks/advantages of different methods?

4. From digital data to useful estimates

From very simple setups, absolute quantification,

c = − 1
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ln
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n

)
,

(with concentration c, partition volume Vp, number of negative partitions k, total number
of partitions n),
to very complicated setups:

– Multiple target or reference nucleic acids, multiple samples, . . . : biological variability.

– Multiple replicates, plates, labs, . . . : technical variability.

There is a need to model these different setups correctly: generalized linear mixed models
(Vynck et al. 2016)
Dependencies are often ignored, leading to incorrect error estimation, for example by pooling
multiple replicates instead of modelling inter-replicate technical variability:
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Depending on the hypothesis of interest, we get a list of absolute quantity, copy number,
relative quantity, . . . estimates along with errors on these estimates.

5. From estimates back to biology

The estimates as obtained from e.g. the generalized linear mixed models may finally be
used to answer a research question of interest.

These questions may correspond to a simple hypothesis test, e.g. “is an estimated quantity
higher than a fixed clinically relevant threshold”, to more complicated ones, e.g. “is the
estimated quantity higher in this patient compared to a group of reference patients”.

The latter question needs to take into account the uncertainty with which the group of
reference estimates has been determined (Buelens et al.Submitted.).
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Does patient blue have a significantly increased copy number compared to the control group
red? What about patient orange?
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A Mixed Model for Infant Growth
Dominik GrathwohlNestlé Research Center , Lausanne, Switzerland

In clinical trials in healthy infants, growth is most important safety outcome. Failure to thrive is linked with 
several disease issues, where as a rapid weight gain has been associated with overweight in adolescents.

Two-stage analysis (Classical assessment of growth): 
1. Estimate for each infant the average growth by dividing increment in weight by increment in time. 
2. Analyze growth by ANCOVA .
Mixed model: 
1. Model development of weight over time by a quadratic curve.
2. Inquire the model for the slope that is equal to the two stage analysis (slope = growth).

Both models provide unbiased treat. diff. and the mixed model shows a better performance as ANCOVA.
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Maximized likelihood ratio tests for functional localization in fMRI
Jasper Degrysea, Ruth Seurincka and Beatrijs Moerkerkea

aDepartment of Data Analysis, Ghent University, Belgium

To address challenge 1: 
• Likelihood ratio (LR) approach combines evidence in favor of both the null and a 

specified alternative. It was introduced by Kang et al. (2015) for fMRI. Alternative is 
specified as a percentile of estimated effect sizes over voxels within individual.

To address challenge 2:
• Extending the LR approach to a maximized LR (mLR) approach (Bickel, 2012): evaluate 

LR over set of alternatives.

• fMRI: what task activates which brain region? Brain is divided in over 100,000 voxels.
• Mass univariate approach: a general linear model is fitted and a statistical 

test is performed in each voxel.
• Multiple testing problem: explosion of false positives. Corrections are 

available but accompanied by a lack of power.
• Whole brain vs. regions of interest: reduction of number of voxels => impact of 

multiple testing ↓
• functional ROI:

• Independent localizer task before main experiment to define the ROI 
functionally in each individual separately. Typically small brain regions 
detected with a small number of scans.

• Only this region is analyzed in main experiment.
• Advantages: 

• Increased sensitivity
• Input for further hypothesis testing:

connectivity, TMS, biomarker,…

• Challenges when detecting fROIs:
1. Need for better balance between false positives (FPs) and false negatives 

(FNs): both should be avoided to obtain maximal spatial accuracy and to 
avoid biased results in the main experiment.

2. Need for thresholding procedure that adjusts to general level of baseline 
activation: huge interindividual differences in general level activation, 
which results in ad hoc threshold adjustments in each individual in order 
to obtain anatomically plausible activation.

Introduction

Likelihood ratio testing

Aims

Simulations

Results and Discussion

• We simulated 500 subject images, each image had a different effect size (ES) that ranged between 
0.5% and 2% BOLD signal change.

• The active region was 0.02% of the whole brain, since this proportion is typical for localizers. 
• Cut-off LR and mLR statistic (k) = 8, 20 or 32
• 𝜎noise = 6%, 8% or 10% BOLD signal change
• We evaluated the mLR method with the 5th and 50th percentile of the true underlying ESs and the LR 

approach using the 95th percentile. Due to misspecification of proportion of active voxels, ES is 
underestimated in the LR approach.

• Evaluation: true positives, false positives, false negatives and the mean number of errors.

Discussion
• Simulations: other criteria to evaluate performance? Effect of number of scans?
• Real data: not as much variation if percentile is well-chosen. LR approach is a valuable 

alternative for null hypothesis significance testing.
• ES estimation in fMRI could improve testing by including the alternative in general.  

Figure 1: Example of an fROI (left = coronal, 
right=axial). Identifying hMT/V5+ in 9 subjects.
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LR + 0.95 (Kang et al.)
Max. LR + 0.05
Max. LR + 0.5

Mean errors
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