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Abbreviations

ART Assisted Reproductive Techniques
AUC Area Under the Curve
CI Confidence Interval
CLIA/ISO Clinical Laboratory Improvement Amendments/International Organization for Standardization
CRLM Colorectal Liver Metastasis
CRS Clinical Risk Scores
DFS Disease Free Survival
GO Gene Ontology
GSEA Gene Set Enrichment Analysis
HNSCC Head and Neck Squamous Cell Carcinoma
HPV Human Papilloma Virus
HR Hazard Ratio
ICSI Intra Cytoplasmic Sperm Injection
IVF In Vitro Fertilization
LH Luteinizing Hormone
LOOCV Leave One Out Cross Validation
NPV Negative Predictive Value
OPSCC Oropharyngeal Squamous Cell Carcinoma
OR Odds Ratio
OS Overall Survival
OSCC Oral Squamous Cell Carcinoma
PCA Principal Component Analysis
PPV Positive Predictive Value
RIF Recurrent Implantation Failure
RNAseq RNA sequencing
ROC Receiver Operator Curve
SVM Support Vector Machine
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General introduction

Classification works under the assumption that instances, objects or events in the observed world 
can be described as individual manifestations of a more general concept or class. The theory of 
forms, as ascribed to Plato, is a well-known assertion of this paradigm. This reductive thinking 

enables us to impose order in a world of near infinite complexity.
 Given the inextricable link between human intellect and classification, its pervasiveness in 
medicine comes as no surprise. What is a disease but an archetype of numerous observations of patient 
phenotypes and what is a diagnosis but a classification of a newly presented phenotype into a disease? 
 Already during the reign of king Djoser, ruler of ancient Egypt, the polymath Imhotep (2667-
2648 BC) described classes of disease (or rather injuries) and the procedures to be subsequently followed 
by the physician. Two thousand years later, Plato’s contemporary Hippocrates (460-370 BC) would lay 
the foundations of modern medicine by putting an emphasis on diagnosis (derived from the Greek word 
gnosis or knowledge). Until the advent of modern science diagnosis was mainly based on the observation 
of clinical symptoms. Hippocrates for instance put great stock in the examination of urine, which appar-
ently included the use of taste. Somewhat less scientific, ritual sacrifice of an animal and examination 
of the liver to predict the outcome of disease was also common, a practice that has not surprisingly lost 
popularity in modern medicine. 
 From the Renaissance onward, technical advances such as the microscope, thermometer and 
chemical analysis, slowly expanded the possibilities. It wasn’t just the possibilities that were expanded 
however, the amount of information or data also increased as time progressed. So much so, that we are 
currently living, according to some visionaries, in the age of big data, perhaps to be followed by the age 
of bigger data and eventually universal quantification?   
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Microarray profiling: measuring gene expression 
on a large scale
One area where the impact of high-throughput 
experimentation, and consequently large amounts 
of data, was felt early and profoundly, was the 
measurement of mRNA expression. Gene expres-
sion measurement went through an evolution from 
Northern blots for measurements of single genes, 
through low-density macroarrays or dot blots 
for tens of genes to high-density microarrays for 
genome-wide measurement of all >20000 genes 
and splice variants1. 
 The first application of microarray tech-
nology was to detect genes which were differen-
tially expressed between root and leaf tissue in 
Arabidopsis thaliana2. This was quickly followed 
by expression profiling of human cell cultures3,4 
and then logically extended to tissue samples from 
patients5. 

Gene expression classification in the clinical 
context
At first these studies were mainly focused on 
describing the genes which were differentially ex-
pressed between groups of samples. This changed 
in 1999 when Todd Golub and co-workers used 
microarray technology not just to measure and 
describe gene expression but also to use it as a 
tool to distinguish between two types of leuke-
mia, acute myeloid leukemia (AML) and acute 
lymphoid leukemia (ALL)6. This was the first 
snowflake in a subsequent avalanche of classifica-
tion-type studies, including, among many others, 
a stratification of B-cell lymphoma7, subtyping of 
breast cancers8, predicting metastatic behaviour in 
breast cancer9,10 as well as in adenocarcinomas of 
different tissue origins11 and response to treatment 
with the chemotherapeutic docetaxel in breast 
cancer patients12. Although the emphasis was, and 
still is, very much on tumor classification there are 
examples of the use of gene expression in other dis-
eases and conditions. Examples include diagnostic 
tests for coronary artery disease13,14 and predicting 

response to treatment in rheumatoid arthritis15,16 
as well as in multiple sclerosis17.
 Clinical classification comes in different 
types and flavours. Broadly speaking, a classifica-
tion is either diagnostic, predictive or prognostic 
(figure 1). Of course these designations are not 
mutually exclusive and the exact definition is 
mostly dependent on the intended implementation 
of the expression signature. The gene expression 
based classification of breast tumor into sub-
types8,18, for instance, is in essence a diagnostic 
classification but it also has prognostic value as 
the different subtypes have different overall and 
disease free survival probabilities, as well as a pre-
dictive quality based on the differential response to 
treatment19.
 The road from initial identification of 
a gene expression signature with significant and 
relevant classifying ability to clinical implementa-
tion is a long and winding one. As depicted in 
figure 2 it starts with possibly the most important 
step, designing the study. Ideally, during this stage 
the target population, minimal study size, in- and 
exclusion criteria, group definition, specimen col-
lection, disease outcome and analytical procedures 
are defined. When all these study parameters are 
determined the collection, processing and gene ex-
pression profiling can proceed. The order of these 
steps can of course be perturbed, an approach that 
is likely inversely correlated with the quality of the 
study results.  
 The actual data analysis of the gene ex-
pression profiles, the main theme of this thesis, 
involves a number of steps. Firstly one needs to 
dispel the so-called curse of dimensionality, a phe-
nomenon that manifests itself when the number of 
explanatory variables (genes) is much larger than 
the number of samples20. The curse refers to the 
fact that given a certain sample size there is an 
optimal number of variables that will provide the 
best classification result (on samples not used for 
training the classifier) and any number above that 
will degrade the classifier performance by adding 
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more “noise” than “signal”. In practice the optimal 
number usually ranges from tens to hundreds of 
genes, many fewer then the tens of thousands that 
are typically measured in microarray experiments. 
Another related issue is the problem of overfitting 
which refers to the fact that by increasing the 
number of variables a classifier can be constructed 
with increasing discriminatory power within the 
set of samples used to define or train the classifier. 
When used to classify a new set of samples this 
discriminatory power is significantly diminished, 
indicating that the classifier was overfitted to the 
training samples and therefore of limited general 
use. Another reason to reduce the number of genes 
is to restrict the computational load which can be 
a limiting factor, especially during the explora-
tory phase when many different combinations of 
parameters and methods are tested to determine 
their relative value. Finally, a smaller number of 
genes improves ease of interpretation and visuali-
zation which, although broadly true, should, in my 
opinion, not be a goal unto itself.
 The incantation that counters the di-
mensionality curse is gene filtering or selection. 
This involves identifying which genes are useful to 
discriminate and as a corollary which are not. This 

reduces the dimensionality of the data thereby 
reducing its impact. Usually genes are initially fil-
tered based on general criteria which are not spe-
cific to the groups or classes that are attempted to 
be classified. For example, genes which are lowly 
or not at all expressed or genes which show very 
stable expression across all samples are relatively 
uninteresting. These genes are unlikely to contrib-
ute much to robust classification and can therefore 
be ignored without too much loss of relevant in-
formation, although one has to keep in mind that 
this is a trade-off with an optimum. The next step 
is to select or rank genes based on their apparent 
suitability for classification using, unlike the first 
step, the class of the samples as a guide. As has 
been reviewed21 and tested22, there are many differ-
ent techniques available, the simplest of which use 
a gene specific or univariate metric that quantifies 
the gene’s ability to separate the sample classes. 
The advantages of using this type of gene selection 
is that it is agnostic to the classification algorithm 
and has a relatively low computational cost. This 
comes, however, at the expense of ignoring com-
binatorial effects, where subsets of genes that are 
not informative on their own are informative as a 
collective23.

Time

Disease onset Diagnosis Prognosis

Expression pro�le

Prediction

Treatment Survival

Figure 1 Clinical classification types

Classifiers can be subdivided into three different types depending on the event they aim to classify. Those that pertain to a 
disease state already present at the time of sample collection and expression profiling are diagnostic classifiers. Classifiers 
that predict patient response to future treatment are of the predictive type. And finally, classifiers that provide information 
about disease progression are termed prognostic classifiers. 
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 After selecting a subset of genes a clas-
sifier needs to be built. Here also a large number 
of techniques have been developed as has been 
reviewed24 and tested22. Examples include very 

intuitive methods such as k nearest neighbours 
(KNN), which looks at the k (k being a whole 
positive number) samples of known class closest to 
the sample to be classified and, in a good demo-

Figure 2 Roadmap towards clinical implementation of a classifier

This figure shows the subsequent steps ideally taken towards a classifier for implementation in a clinical setting. The process 
starts with the design of the initial study, which includes the clinical question that needs to be answered. After establishing 
the design, the collection and expression profiling of patient samples commences after which the data analysis starts. Data 
analysis can be subdivided into feature selection which involves selecting those genes that best distinguish the relevant 
phenotypes; classifier building where the selected genes are used to build a classifier; classification which involves the 
actual classification of patient; independent validation of the classifier on patients not used in any of the preceding steps, 
ideally from a separate population (e.g. different medical center). The last and complex step involves the actual implementa-
tion of the classifier in a clinical setting where it can inform treatment. This last step is rather simply depicted here as a single 
arrow but in practice will consist of multiple significant substeps including the performance of (multiple) additional studies, 
some of which will be prospective.

Study Design

Sample Collection

Expression Profiling

Data Analysis

Feature selection

Classifier Building

Classification

Independent validation

Data Analysis

Implementation
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cratic tradition, lets the majority decide. Others 
are more opaque, a good example being a support 
vector machine (SVM), which uses sophisticated 
mathematical techniques and where the resulting 
classifier is difficult to describe or visualize in prac-
tice. What is more important than complexity or 
transparency is the quality of the end product, the 
gene expression classifier. A pragmatic approach 
where different algorithms are trialled and com-
pared to find the one best suited for the question 
and data at hand, is therefore the best approach. 
This also emphasises the need to formally evalu-
ate the performance of a particular classifier. The 
problem with classifying samples that were used 
to select the genes and construct a classifier is 
the aforementioned overfitting which will almost 
certainly lead to an overestimation of the perfor-
mance with an unknown amplitude. The most 
widely used solution is to use cross validation. 
This implies selecting different sets of samples to 
find or train a classifier and using the remaining 
samples to test the results. In repeatedly testing 
classifiers the potential of a particular combination 
of the data, the parameters chosen and the algo-
rithms employed, can be assessed. It also allows 
for the identification of an optimal set of genes 
or signature. Note however that cross validation 
does not provide an estimate of classifying prowess 
for a single unique classifier. Since a clinical im-
plementation typically demands a clearly defined 
classifier, with reproducible results, cross valida-
tion cannot be the final step. 
 The final step requires the summation of 
all that was learned throughout the cross valida-
tion, a list of genes which are able to discriminate 
between classes and a trained classifier based on 
those genes. To prove the generalizability and 
transportability of this classifier its performance 
will need to be assessed in a set of samples that 
were not part of any of the preceding steps, pro-
viding an independent validation. A simple and 
straightforward approach is to set aside a number 
of samples from the initial data set. The downside 

of this approach is that, by definition, the patients 
involved are selected from the same population 
and processed in a similar manner as the samples 
used to find and train the classifier. Biases thus 
introduced might not translate well to the target 
patient population at large and might very well 
result in a serious performance degradation. Other 
more powerful and general validation designs 
involve one or more of the following ingredients: 
sample collection after release of study results, 
from geographically and ethnically diverse loca-
tions, study execution by researchers not involved 
in the original study, and ideally in multiple in-
dependent studies25. Needless to say that this can 
involve a great amount of time and resources.   
Having a well-validated gene expression classifier 
is a big step towards translating scientific progress 
to societal impact but certainly not the last step. 
And regrettably these last steps seem to be very 
challenging, especially if the fraction of gene ex-
pression classifiers in medical literature that lead 
to a clinical implementation is to be any guide26. 
 The reasons for failure to reach the 
clinic are manifold and diverse. A very obvious 
and fundamental issue is the lack of significant 
discriminatory power of the classifier, either in the 
initial study or in subsequent validation studies. 
Even if the classifier is better than a coin toss it 
might not be good enough to change clinical deci-
sion making, either because too much uncertainty 
remains or because it does not add sufficiently to 
existing tests and procedures. In addition, tradi-
tional clinical tests are not static entities and are 
often constantly being improved and extended 
(e.g. better imaging techniques or new biomarkers) 
providing an upwardly moving target for minimal 
performance of gene expression classifiers. 
 If all the preceding obstacles were not 
high enough to stop progress a new set of hurdles 
of a regulatory and economical nature await. In 
contrast to many traditional tests, which can be 
done in house for a relatively low cost (at least 
when investments in relevant infrastructure have 
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already been made), microarrays and many other 
high throughput measurements demand dedicated 
and sophisticated facilities and are relatively ex-
pensive to perform. This means that for instance 
coverage by medical insurers, which to complicate 
matters is by and large a national affair, becomes 
an issue complicating wide spread implementa-
tion27. On top of that there is the potential issue of 
regulatory approval and oversight of the test and 
the facilities where the test is performed26. And 
lastly, in those cases where the test is under the 
wing of a for-profit party, not uncommon in this 
field, the longer term economic viability can limit 
its clinical availability. 

Alternatives to gene expression for classification
The scope of high-throughput measurements of 
biomolecules is of course not limited to mRNAs. If 
it can be measured on a small scale it is merely an 
engineering challenge to extend these techniques 
into the realm of big data, as well as spawning 
an expansive number of omics (e.g. genomics, 
epigenomics, proteomics, metabolomics and lipi-
domics). This also extends to the measurement of 
higher level biological phenomena such as cellular 
localization of biomolecules28, cell behaviour29, in 
vitro treatment sensitivity30,31 and tissue morphol-
ogy32,33, to name just a few.   
 Given this plethora of potential measure-
ments, it is surprising to note the scarcity of stud-
ies that use these high-throughput techniques for 
classification purposes, certainly when compared 
to the number of studies using gene expression. 
 What can explain this dearth of activity? 
Undoubtedly this question has a different answer 
for every specific method, and is therefore well 
outside the scope of this thesis, but some general 
causes can be identified. 
 Firstly there are issues of a technical 
nature. To have any chance of being of practical 
value a measurement technique has to produce 
reproducible results. Not only in the context of 
technical replication, but also for patient samples 

obtained from, for instance, different medical cent-
ers. Differences in sample collection and handling, 
which are inescapable, should ideally have little 
influence on the reliability of the measurements 
and consequently on the outcome of the patient 
classification. For gene expression microarrays a 
massive study was undertaken to assess the ef-
fects of different microarray platforms and sites 
where the measurements were made34, the results 
of which led the authors to the conclusion that 
microarrays showed a high level of reproducibility. 
It should be noted that this study did not assess 
the effects of sample collection and handling, 
which is obviously a much more complicated 
and study specific issue. Very recently the same 
MAQC consortium published a similar study for 
RNA sequencing (RNAseq) which also included 
some interesting comparisons with gene expression 
microarrays35. For most other relevant techniques 
however, studies of this size and nature have not 
yet been published. Other potential technical 
pitfalls that impinge on clinical usability include 
the speed at which an assay can be performed, its 
technical complexity and its scalability. Speed can 
be an issue when quick intervention is warranted, 
complexity can prevent local availability by reduc-
ing the number of facilities that can perform the 
assay and lack of scalability can limit the available 
capacity (which also influences speed or through-
put). 
 As every musical-lover knows, not tech-
nology but “money makes the world go round” 
(quote from Cabaret) and a lack of it presumably 
stops the world from turning. More prosaically, 
cost has to be balanced by clinical benefit, which 
can probably explain a fair portion of the absence 
of data types in clinical classification.   
 And finally a lack of clinical relevance 
could be an explanatory factor. It is feasible that 
the information gained by performing a specific 
assay could be more easily obtained by another 
assay, given the interlinking nature of the biomo-
lecular and cellular network. 
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Of course the aforementioned factors are not 
isolated entities but also to some extent related. 
Many technical difficulties can for instance be 
overcome by increasing investments in research 
and development and the building of infrastruc-
ture, transmuting them to cost-benefit issues.

Alternatives to microarray-based gene expression 
measurement
As mentioned before, gene expression has for some 
time been the clear front-runner in the race to 
classify clinical phenotypes using high-throughput 
measurements. In a similar vein, microarrays 
have long been in the lead (in a race with one 
contender, a sceptic might remark) when it comes 
to providing these gene expression measurements. 
Recently, however, RNAseq has become increas-
ingly prevalent as a rival technique. A combination 
of technological advantages and cost reduction are 
the main reasons. 
 Although few classification studies have 
been published at the time of writing, the feasibil-
ity of RNAseq for those studies has been shown36 
and it is therefore likely that it will be employed 
in the future. Advantages of RNAseq37 include a 
larger dynamic range allowing the more accurate 
measurement of lowly transcribed genes. It also 
allows the unbiased detection of new transcript 
isoforms which have been shown to be relevant 
in different types of cancer38,39,40. As Johan Cruyff 
astutely observed, every advantage has a disad-
vantage, which for RNAseq include other types 
of technical biases compared to those shown by 
microarrays41,42,43, data complexity, extensive stor-
age44 and computational requirements45. Other dis-
advantages, which are quickly being eroded by the 
flow of time, are higher costs, ongoing technical 
innovation and therefore lack of platform stability 
and a less developed analytic framework as com-
pared to the microarray. 
 If and when RNAseq does become the 
technique of choice an interesting and related is-
sue of migrating existing, microarray-based gene 

expression signatures to RNAseq might become 
relevant. On surface it might seems trivial to 
change the input of a classifier from microarray 
measurement to RNAseq but reality is a bit less 
accommodating. This will probably mean that a 
transitional step is necessary involving the collec-
tion and expression profiling of relevant patient 
samples to recalibrate a gene expression classifier 
for use with RNAseq, or for that matter, for any 
further future technical advance.

Integrating different data types
“The many are smarter than the few”46. What is 
true for humans (or can be, given an exception 
such as Gary Kasparov who won his chess game 
against an ensemble of over 50,000 individuals) can 
also be true for molecules. By integrating different 
data types as input for classification algorithms a 
wider range of biological phenomena is potentially 
covered which could increase the reliability33,47 and 
potentially broaden the applicability of clinical 
classifications. A tantalizing glimpse is offered by 
a study that looked at 6 different measurement 
techniques (exome sequence, DNA copy number 
variation, DNA methylation, mRNA levels, micro-
RNA levels and protein levels) in cancer from 12 
different tissues48. By computational integration 
the study shows that there are different broad sub-
types that largely coincide with known subtypes 
(mainly tissue of origin) but also reveal molecular 
overlap between tumors not previously observed. 
The potential clinical implications are obvious. 
An interesting detail is that, of all the data types, 
mRNA levels seem to most consistently follow the 
overall patterns, perhaps suggesting a fundamen-
tal strength of mRNA expression as an indicator 
of clinical phenotypes.   
 An obvious counter-point to using a 
manifold of techniques, are the associated costs 
and potentially long analysis time. Apart from 
decreasing costs as the techniques evolves and 
benefits of scale increase, the use of a limited set 
of measurements, analogous to a gene expression 
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signature but including not just gene expression, 
might lower costs whilst providing sufficient clini-
cal benefit.  

Outline of this thesis
The overriding aim of the work described in this 
thesis has been to investigate the utility of DNA 
microarray gene expression profiling for patient 
classification studies. This has been achieved by 
applying this approach to the diverse clinical 
phenotypes presented by three different medical 
conditions. The primary aim of each individual 
study was to provide new insight into and the 
ability to distinguish between different underlying 
disease phenotypes, with the goal of providing op-
tions to change and improve current treatment in 
each case. 
 The first study discussed here in chap-
ter 2 is the multicenter validation of a previously 
published diagnostic gene signature that predicts 
lymph node metastasis in oral squamous cell car-
cinoma (OSCC). In light of the imperfect clinical 
examination, which is the current standard and is 
especially suboptimal for determining the absence 
of lymph node metastasis, a concurrent and inde-
pendent diagnosis based on expression profiling of 
the primary tumor can greatly improve the match-
ing of patients with the appropriate treatment.  
 In a similar vein but now focusing on 
prognostic classification, chapter 3 describes the 
exploration of a prognostic gene expression sig-
nature in metastatic liver lesions of patients with 
colorectal cancer. Having the ability to stratify 
these very late stage patients according to their 
chances of disease recurrence after resection of the 
liver metastases, can be of great importance in 
guiding treatment.
 That classification is not necessarily lim-
ited to cancer is underlined in chapter 4 which 
presents an endometrial gene signature that can 
distinguish between woman that experience mul-
tiple or recurrent implantation failure (RIF) when 
undergoing in vitro fertilization (IVF) treatment 

and women that achieve pregnancy in the first or 
second attempt. Using this gene signature in a 
prognostic as well as a diagnostic setting can be 
of value in shaping clinical strategy but also in 
assessing alternatives such as adoption.   
 Finally chapter 5 provides a discussion of 
the work presented in this thesis as well as placing 
the use and relevance of gene expression profiling 
for classification in the context of recent develop-
ments and likely future progress. 
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Purpose: Current assessment of lymph node metastasis in patients with head and neck squa-
mous cell carcinoma is not accurate enough to prevent overtreatment. The aim of this study 
was validation of a gene expression signature for distinguishing metastasizing (N+) from non-

metastasizing (N0) squamous cell carcinoma of the oral cavity (OSCC) and oropharynx (OPSCC) in 
a large multicenter cohort, using a diagnostic DNA microarray in a Clinical Laboratory Improvement 
Amendments/International Organization for Standardization–approved laboratory.  
Methods: A multigene signature, previously reported as predictive for the presence of lymph node 
metastases in OSCC and OPSCC, was first re-evaluated and trained on 94 samples using generic, whole-
genome, DNA microarrays. Signature genes were then transferred to a dedicated diagnostic microarray 
using the same technology platform. Additional samples (n = 222) were collected from all head and neck 
oncologic centers in the Netherlands and analyzed with the diagnostic microarray. Human papillomavi-
rus status was determined by real-time quantitative polymerase chain reaction.  
Results: The negative predictive value (NPV) of the diagnostic signature on the entire validation cohort
(n = 222) was 72%. The signature performed well on the most relevant subset of early-stage (cT1-T2N0) 
OSCC (n = 101), with an NPV of 89%.
Conclusions: Combining current clinical assessment with the expression signature would decrease the 
rate of undetected nodal metastases from 28% to 11% in early-stage OSCC. This should be sufficient to
enable clinicians to refrain from elective neck treatment. A new clinical decision model that incorporates 
the expression signature is therefore proposed for testing in a prospective study, which could substan-
tially improve treatment for this group of patients.
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INTRODUCTION

Each year, nearly 500,000 people are diagnosed 
with head and neck squamous cell cancer (HN-
SCC),1,2 making it the sixth most common cancer 
worldwide. Cervical lymph node metastasis oc-
curs frequently in these patients and is a major 
determinant of prognosis and treatment planning. 
Accurate lymph node staging is therefore crucial. 
Current preoperative clinical assessment of the 
lymph nodes by physical examination and imag-
ing is suboptimal. Depending on the techniques 
used, in approximately 20% to 40% of all patients 
with HNSCC, nodal metastases remain undetected 
during diagnostic work-up.3-6 Establishing optimal 
treatment of patients who are clinically assessed as 
having nonmetastasizing (N0) disease is therefore 
challenging.7 
 If no nodal metastasis is detected, the 
preferred treatment in many centers is to electively 
treat the neck, in addition to treating the primary 
tumor in all patients. An alternative is to refrain 
from additional neck treatment, closely observe 
the patient (watchful waiting), and only treat the 
necks of patients who develop clinically apparent 
metastases during follow-up. Whichever strategy 
is chosen, suboptimal treatment may be given. 
Most patients with HNSCC are treated by surgery, 
(chemo)radiotherapy, or combinations thereof. 
The primary treatment of oral cavity squamous 
cell cancer (OSCC) is surgery, in most cases fol-
lowed by (chemo)radiotherapy on indication. Neck 
dissection is therefore also the most frequent mode 
for treatment of the neck in OSCC. In the case 
of elective neck dissection, the 60% to 80% of pa-
tients who are clinically assessed as N0 (cN0) and 
are indeed free of metastases receive unnecessary 
treatment of the neck, causing morbidity, includ-
ing shoulder dysfunction, pain, lymphedema, 
contour changes, and lower lip paresis, even in 
more conservative types of selective neck dissec-
tion.8,9 Conversely, watchful waiting results in 
undertreatment of the 20% to 40% of patients 

with occult metastases, which may result in an 
unfavorable prognosis in the case of delayed treat-
ment. Because there is no conclusive evidence to 
indicate which approach is best, the management 
of patients who are clinically assessed as having N0 
disease is one of the major issues in the manage-
ment of HNSCC and OSCC in particular, which is 
reflected in the different approaches between cent-
ers.10,11 Treatment of the N0 neck, both surgically 
and by radiotherapy, would greatly benefit from 
improved preoperative assessment of lymph node 
metastasis, which is the goal of this study. 
 Gene expression profiling has been shown 
to be useful for diagnosis and prognosis of sev-
eral cancers.12 With regard to HNSCC, a previous 
study identified a gene expression signature for 
distinguishing metastasizing (N) from N0 OSCC 
and N0 oropharynx SCC (OPSCC).13 Although 
promising, the independent validation cohort in 
that study was small (n=22), with all samples 
(N=104) derived from a single clinical center. 
Reanalysis of the entire data set identified more 
genes with predictive power.14 In the current study, 
this predictive gene set was first re-evaluated us-
ing a different microarray platform on 94 samples, 
transferred to a dedicated diagnostic microarray, 
and subsequently tested in a large, multicenter pa-
tient cohort (n=222). On the basis of the results, 
a new clinical decision model that incorporates the 
gene expression signature is proposed for prospec-
tive analysis of early-stage OSCC management.

METHODS

Platform Transition
Previously, a 102-gene profile,13 and later, a more 
comprehensive set of genes,14 were reported as having 
predictive value for assessment oflymphnode status in 
OSCC and OPSCC. These were identified on self-made, 
whole-genome, DNA oligonucleotide microarrays using a 
pool of tumor samples as common reference. The current 
study consisted of two stages (Fig 1). In the first stage 
(platform transition), a more generic diagnostic tool 
was developed for application in a Clinical Laboratory 
Improvement Amendments/International Organization 
for Standardization (CLIA/ISO) –approved laboratory 
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that also performs a US Food and Drug Administration–
cleared microarray test. Platform transition was achieved 
by adopting commercially available technology and by 
determining classification settings for the new platform 
on the first cohort as a whole, or on a subset for which 
improved assessment of metastasis is most relevant (Ap-
pendix Fig A1, online only). The second stage consisted 
of independent multicenter validation of the resulting 
diagnostic array on a second cohort (Fig 1).

Samples From Patients
Fresh frozen primary tumor samples of OSCC (86% of 
all samples) and OPSCC were collected from patients 
with no previous oncologic history. Because the original 
signature was developed on samples of both OSCC and 

OPSCC, both were also included here. In the Data Sup-
plement, the characteristics of each patient are described 
individually, and these data are linked to individual 
array data. Clinical assessment and histologic examina-
tion consisted of palpation, computed tomography and/
or magnetic resonance imaging, and ultrasound with 
ultrasound-guided, fine-needle aspiration cytology. The 
reference standard for nodal status was considered posi-
tive in the case of cytologically or histologically proven 
metastases and negative in the case of no detected me-
tastasis in the neck dissection specimen and/or during 
follow-up of at least 2 years. Because the selection of 
patients was based on the availability of frozen material, 
the number of patients who did not receive a neck dis-
section in this study population reflects clinical practice 
in the participating centers. Some centers have adopted 
a watchful waiting strategy with respect to the neck in 
patients with cT1N0 tumors. Nine such patients were in-
cluded in the validation cohort and three in the platform 
transition cohort.
 Two separate cohorts were studied. The first, 
the platform transition cohort, consisted of 94 tumors 
that were collected from patients who were treated in 
the University Medical Center Utrecht (Utrecht, the 
Netherlands) between 1998 and 2003. The second, the 
multicenter validation cohort, consisted of 222 tumors 
that were collected from patients who were treated in 
one of the eight centers cooperating in the Dutch Head 
and Neck Society between 2000 and 2007. Table 1 de-
scribes the clinical characteristics of both cohorts. Table 
2 describes the distribution across the participating cent-
ers. The study was approved by the institutional review 
boards of the participating centers.

Analysis of Gene Expression
Frozen tumor samples were sectioned at the participat-
ing institutions, aliquoted in Trizol (Life Technologies, 
Frederick, MD), and sent to Agendia laboratories (Am-
sterdam, the Netherlands) for expression profile analysis. 
Tumor percentage (at least 50%) was assessed on hema-
toxylin and eosin–stained sections taken in parallel. RNA 
isolation, amplification, and labeling were performed as 
previously described.15 Tumor sample RNA was labeled 
as Cy3, and reference RNA was labeled Cy5. As a ref-
erence, the Universal Human Reference RNA (Agilent 
Technologies, Santa Clara, CA) was used. Samples from 
the platform transition cohort were hybridized on full-
genome Agilent arrays that included the originally iden-
tified gene expression signature13,14 in replicate. Samples 
from the multicenter validation cohort were hybridized 
on dedicated diagnostic eight-pack arrays that repre-
sented this signature. Raw fluorescence intensities were 
quantified using Agilent Feature Extraction software and 
imported into R/Bioconductor (http://www.bioconduc-
tor.org/) for normalization (loess normalization using 
the limma package) and additional analysis. Because of 
global differences between the cell line reference RNA 

Figure 1 

Schematic representation of the different stages of this 
study. Previous studies resulted in discovery of a compre-
hensive multigene signature.13,14 In this study, the platform 
transition cohort (n = 94) was used to transfer this signature 
to a generic diagnostic platform. The resulting diagnostic 
microarray with trained settings was then validated on the 
multicenter validation cohort (n = 222). The results of this 
validation are incorporated in a clinical decision model (see 
Fig 3).

Previous studies: signature discovery 13,14

Samples on self-made arrays
compared with a pool of samples

(n = 66)

Unvalidated gene
expression signature

Platform transition

Samples on commercial arrays
compared with a universal reference

to train signature and design
a dedicated diagnostic array

(n = 94)

Multicenter validation

Samples on dedicated arrays
compared with a universal reference

(n = 222)

Dedicated diagnostic
array with trained settings

Validated signature and 
clinical decision model
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and tumor sample RNA, the expression values of all 
genes were centered using the unweighted aggregate 
mean per gene of pN and pN0 samples from the platform 
transition cohort. More information on these procedures 
and array designs is given in the Appendix (online only) 
and Data Supplement. Microarray data has been depos-

ited in the National Center for Biotechnology Informa-
tion Gene Expression Omnibus16 under accession number 
GSE30788. Gene Signature Readout Analysis of the 
originally identified comprehensive gene set,13,14 with up-
dated genome annotation and alongside the probes avail-
able on the manufacturers’ arrays, resulted in 732 unique 

Characteristics Platform Transition Cohort
(N=94)

Validation Cohort
(N=222)

P Valueb

Age – yr±SD 63±11 62±11 0.66

Age groups – no. (%) 0.53
  ≤40 yr 1 (1) 6 (3)
  41-55 yr 25 (27) 48 (22)
  56-69 yr 39 (42) 107 (48)

  ≥70 yr 29 (31) 61 (27)
Location Primary Tumor – no. (%) 0.16
  oral cavity 85 (90) 187 (84)

  oropharynx 9 (11) 35 (16)
Clinical T stage – no. (%) 0.002
  T1 13 (14) 38 (17)
  T2 37 (39) 109 (49)
  T3 11 (12) 41 (18)
  T4 33 (35) 34 (15)
Clinical N status - no. (%) 0.21
  positive 41 (44) 79 (36)

  negative 53 (56) 143 (64)
Pathological N status – no. (%) 0.27
  positive 54 (57) 112 (50)
  negative 40 (43) 110 (50)

Abbreviations: SD, standard deviation.
a Percentages may not total 100 because of rounding.
b P values were calculated with the use of Mann-Whitney test for continuous variables and Fisher’s exact test for categorical 
variables.

Table 1 Characteristics of patients in the two study cohortsa

Medical Center Name Abbreviation No. of samples

The Netherlands Cancer Institute–Antoni van Leeuwenhoek Hospital NKI-AvL 64

Radboud University Nijmegen Medical Center RUNMC 50
University Medical Center Utrecht UMCU 49
Vrije Universiteit Medical Center VUMC 18
Maastricht University Medical Center MUMC 16

University Medical Center Groningen UMCG 13
Erasmus Medical Center Erasmus MC 7
Leiden University Medical Center LUMC 5

Table 2 Participating medical centers and their sample contributions to the multicenter validation set
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Figure 2 (see legend on next page)
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probes that represent 696 genes. All analyses are based 
on this 732-probe set. Signature readout was through a 
mean-based classification,13 on the basis of an updated 
risk profile that was derived from the mean expression 
profile of the signature in all patients with lymph node–
positive disease (pN) in the platform transition set. This 
mean expression profile was used as the Nrisk profile 
for all subsequent analyses. Patients with a cosine cor-
relation coefficient (ie, signature score) of ≤ - 0.256 were 
classified as N0; patients with a signature score of > 
-0.256 were classified as N. The threshold was based on 
the subgroup for which additional nodal assessment is 
most crucial (early-stage [cT1-T2N0] OSCC) and set to 
achieve a negative predictive value (NPV) of at least 
90%, with the highest possible specificity (Fig A1D). 
For the multicenter validation, the same procedure was 
used: the signature score was calculated using theNrisk 
profile and the threshold determined on the platform 
transition cohort was applied. To determine whether 
any center-specific bias existed, the signature scores for 
patients from individual centers were compared with the 
signature scores of patients from the remaining centers. 
This was performed for patients assessed as pN0 and pN 
separately using a Mann-Whitney test. 

Detection of Human Papillomavirus 
Detection of human papillomavirus (HPV16) was per-
formed by realtime quantitative polymerase chain reac-
tion with 100 ng of total RNA using the iScriptcDNAKit 
(Bio-Rad, Veenendaal, the Netherlands)17 with polymer-
ase chain reactions and controls as described.18

RESULTS

Transition to a Dedicated Diagnostic Platform
Previously reported gene signatures13,14 were 
based on self-made microarrays using a common 
reference pool of samples, both with limited avail-
ability. To perform analyses with CLIA/ISO-ap-
provable settings, commercially available microar-
rays and commercially available reference material 
were adopted (see Methods). A platform transition 
step was therefore required to determine classifica-
tion settings with these new technologic features 
before independent multicenter validation (Fig 
1). The platform transition cohort consisted of 94 
tumor samples (Table 1). First, the performance 
of the most comprehensive, previously reported 
gene set was re-evaluated on whole-genome ar-
rays. No gene set was found (data not shown) that 
performed better; this was expected, given that 
this signature is acompilation of many different, 
robustly performing gene sets.14 This signature 
was therefore applied for additional analyses.
 Signature scores for the platform transi-
tion cohort are depicted in Figure 2A. To complete 
the transition to a diagnostic microarray (Fig 1), 
an optimal classification threshold was sought (see 
Methods). Figure A1 shows the trade-off between 
NPV (pN0 as percentage of all N0 predictions) 

Figure 2 (see previous page)

Signature scores of the study cohorts and subgroups. Gold triangles indicate patients with pN disease. Blue squares indicate 
patients with pN0 disease. The dotted line indicates the signature score threshold ( 0.256), below which patients are classi-
fied as N0 and above which patients are classified as N. (A) Signature scores for all patients in the platform transition cohort. 
(B) Signature scores for patients with early-stage (cT1-T2N0) oral cavity squamous cell cancer (OSCC) in the platform transi-
tion cohort. (C) Signature scores for all patients in the validation cohort. (D) Signature scores for patients with early-stage 
(cT1-T2N0) OSCC in the validation cohort. (E) Distribution of signature scores for patients in the validation cohort from all 
centers combined, the three centers with the highest sample contribution (Netherlands Cancer Institute [NKI-AvL], Radboud 
University Nijmegen Medical Center [RUNMC], and University Medical Center Utrecht [UMCU]), and the aggregate of the five 
other centers (Erasmus Medical Center, Leiden University Medical Center, Vrije Universiteit Medical Center, University Medi-
cal Center Groningen, and Maastricht University Medical Center). The blue boxplots show the signature score distributions 
for patients with pN0 disease; the gold boxplots show the signature score distributions for patients with pN disease. The 
rectangular box represents the interquartile range (IQR); the black horizontal line within the box represents the median. The 
upper whisker extends to the highest observed value within 1.5 IQR of the upper quartile; the lower whisker extends to the 
lowest observed value within 1.5 IQR of the lower quartile. Observations outside of the maximum ranges of the whiskers 
are shown as individual points. The horizontal dotted line indicates the signature score threshold, above which patients are 
classified as N and below which patients are classified as N0.



Chapter 2

28

versus specificity, compared with positive predic-
tive value versus sensitivity, when choosing a cut-
off. Because no threshold could be found that was 
sufficiently optimal for all patients (Fig A1C), the 
threshold was based on those patients for whom 
an improved N0 prediction would be most use-
ful, that is, patients with early-stage (cT1-T2N0) 
OSCC,who are most frequently treated with neck 
dissection (Fig 2B and Fig A1D). This threshold 
yields an NPV of 92% for this group (Fig 2B; Ta-
ble 3). The NPV for the entire platform transition 
cohort is 75% (Fig 2A; Table 3). The result of the 
platform transition stage is therefore a set of genes 

with predictive expression patterns as determined 
from previous studies,13,14 with settings trained for 
application in an independent validation study us-
ing a diagnostic microarray (Fig 1).

Independent Validation on Multicenter Cohort
To validate the signature-based classification, 222 
samples were collected from eight institutions 
(Tables 1 and 2). Gene expression was analyzed 
on the dedicated diagnostic array and classified on 
the basis of the settings derived from the platform
transition cohort (Figs 2C and 2D). Performance is 
summarized in Table 3. The NPV of the signature 

Platform transition
All

(N=94)

Platform transition
cT1-T2, cN0, OSCC

(N=39)

Validation
All

(N=222)

Validation
cT1-T2, cN0, OSCC

(N=101)

gene 
signature

clinical 
assessment

gene 
signature

clinical 
assessment

gene 
signature

clinical 
assessment

gene 
signature

clinical 
assessment

NPV, % 75 68 92 62 72 73 89 72
95% CIa 53.1 - 88.8 54.5 - 78.9 64.6 - 99.6 45.9 - 75.1 59.8 - 82.2 64.9 - 79.4 74.7 - 95.6 62.9 - 80.1
TN 15 36 11 24 41 104 32 73
TN + FN 20 53 12 39 57 143 36 101
PPV, % 66 90 52 NAb 58 92 37 NAb

95% CIa 54.9 - 76 77.5 - 96.1 34 - 69.3 50.6 - 65.4 84.4 - 96.5 26.2 - 49.1
TP 49 37 14 96 73 24
TP + FP 74 41 27 165 79 65
Sensitivity, % 91 69 93 NAb 86 65 86 NAb

95% CIa 80.1 - 96.0 55.3 - 79.3 70.2 - 99.7 78.0 - 91.0 56.0 - 73.4 68.5 - 94.3
TP 49 37 14 96 73 24
TP + FN 54 54 15 112 112 28
Specificity, % 38 90 46 NAb 37 95 44 NAb

95% CIa 24.2 - 53.0 76.9 - 96.0 27.9 - 64.9 28.8 - 46.6 88.6 - 97.5 33.0 - 55.2
TN 15 36 11 41 104 32
TN + FP 40 40 24 110 110 73
Accuracy, % 68 78 64 62 62 80 55 72
95% CIa 58.1 - 76.6 68.2 - 84.9 48.4 - 77.3 45.9 - 75.1 55.2 - 67.9 74.0 - 84.5 45.7 - 64.8 62.9 - 80.1
TP + TN 64 73 25 24 137 177 56 73
TP + FP + TN + FN 94 94 39 39 222 222 101 101

Abbreviations: FN, false negative; FP, false positive; NA, not applicable; NPV, negative predictive value; OSCC, oral cavity 
squamous cell cancer; PPV, positive predictive value; TN, true negative; TP, true positive.
a CIs were calculated using the Wilson method.
b The clinically relevant subset contains only N0 clinical assessments, precluding the presence of TPs and FPs.

Table 2 Performance metrics of the gene sgnature and clinical assessment
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on the entire validation cohort was 72% (Fig 2C; 
Table 3). This result is similar to the NPVthat was
achieved by previous clinical assessment (73%; 
Table 3). Combining clinical assessment with the 
signature outcome results in an NPV of 89% for 
patients who have early-stage (cT1-T2N0) OSCC 
(Fig 2D; Table 3). No significant outliers between 
the signature scores from the different centers were 
detected for patients with and without lymph node 
metastasis (Mann-Whitney, P > .05; Fig 2E). This 
indicates that the signature performs similarly 
across clinical centers. Importantly, the independ-
ent validation shows that the signature-based pre-

diction has a significant added value when applied 
in combination with current clinical assessment, 
increasing the NPV to 89% for early-stage OSCC.

Clinical Decision Model Incorporating the Gene 
Expression Signature
On the basis of these results, the following clinical 
decision model is proposed (Fig 3A). A patient with 
early-stage (cT1-T2N0) OSCC can be analyzed by 
gene expression profiling. If applied to resection 
material, this would imply a two-stage procedure: 
resection of the primary tumor first and a subse-
quent neck dissection in patients with a high-risk 

Figure 3 

Incorporation of the gene signature in a clinical decision model. (A) Clinical decision model that includes the readout of the 
gene signature. This model is proposed for patients with early-stage (cT1-T2N0) oral cavity squamous cell cancer (OSCC). In 
the event of a positive classification (N) on the basis of the gene signature, elective neck dissection of level I-III is proposed. 
For patients with a negative classification (N0), watchful waiting is proposed. (B) The consequences of this model on the ba-
sis of the validation cohort. Currently, all patients with early-stage (cT1-T2N0) OSCC are treated with elective neck dissection 
of level I-III, causing overtreatment in 73 patients (first bar). In the model involving gene signature readout, overtreatment 
is limited to 41 patients (second bar), and 32 patients now receive the most appropriate treatment (third bar). The group 
of patients that are actually N and who receive elective neck dissection of level I-III (indicated by gold color) are labeled 
as receiving mostly appropriate treatment here, given that in subclinical or limited metastatic disease, the metastases are 
usually confined to level I-III.
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profile. This would be analogous to sentinel node 
procedures19,20 and could cause some delay in treat-
ment and logistical challenges. More optimally, the 
test could be performed on biopsy material that 
was obtained at initial diagnosis. This would not 
alter current timing but first requires a separate 
evaluation of the similarity in signature outcomes 
for such biopsies.Onthe basis of the additional 
information provided by the signature, a choice 
of treatment could be made between elective neck 
dissection when the signature-based prediction 
isN, or watchful waiting when the prediction is 
N0. Current elective treatment with a neck dis-
section of level I to III results in overtreatment of 
72% of patients (Fig 3B, left side). The proposed 
scheme would prevent overtreatment in almost 
half of these patients by replacing neck dissection 
with watchful waiting (Fig 3B, right side). In ad-
dition to enhancing the effectiveness of the surgical 
intervention, this projected improvement will yield 
significant benefits in terms of morbidity and costs 
for a large number of patients who are currently 
being overtreated. 

DISCUSSION

Previous studies have indicated that gene expres-
sion profiling can potentially help predict lymph 
node status in HNSCC and OSCC, in particu-
lar.21-23 Such a signature13,14 is completely indepen-
dently verified in this large multicenter study that 
was performed in a CLIA/ISO–certified laboratory 
using a diagnostic array platform.  The results in-
dicate that the signature should be prospectively 
tested and applied alongside current clinical as-
sessment to identify a subgroup of patients with 
OSCC for whom a watchful waiting
strategy would be appropriate. 
 OSCC is predominantly treated surgical-
ly.7 In patients with advanced tumors (cT3-T4), 
for whom the probability of cervical lymph node 
metastases is relatively high and for whom free 
flap reconstruction of the neck is often required, 

most head and neck surgeons opt for elective neck 
dissection.24,25 The decision model (Fig 3A) does 
not propose that this approach be changed. The 
issue of elective neck dissection versus watchful 
waiting is most relevant for early-stage (cT1-
T2N0) OSCC.24,25 In these patients elective neck 
dissection is commonly performed. Treatment of 
the cN0 neck in early-stage OSCC is one of most 
heavily debated subjects in head and neck oncol-
ogy. Although it can be argued that performing 
elective neck dissection provides prognostic infor-
mation and could identify patients with pN disease 
at an early stage, this strategy has not been con-
vincingly proven to be superior as regards survival 
and control of neck disease.7 The procedure also 
comes with a price.3 Currently, approximately 60% 
to 80% of these patients unnecessarily undergo a 
procedure that has potentially serious associated 
morbidity, even in the often performed selective 
neck dissections.8,9 Improving the NPV of lymph 
node staging such that a watchful waiting strategy 
becomes more appropriate would therefore im-
prove the quality of life for a significant number of 
patients with OSCC. Reduction in operating time 
and improved effectiveness of surgical treatment 
are additional likely advantages. 
 Factors that require consideration when 
judging the combined 89% NPV for early-stage 
(cT1-T2N0) OSCC that is reported here include 
the incidence of occult metastases in general, as 
well as HPV infection.26 The false prediction rate 
of N0 is dependent on the prevalence of occult 
metastases in the population studied (Bayes’ theo-
rem). Within the validation cohort, 28% of the 
patients with early-stage (cT1-T2N0) OSCC show 
occult metastases. This is in line with the level of 
incidence reported in other studies (20% to 40%)3-6 
and indicates that 89% is a realistic estimate of 
performance in this group of patients. HPV in-
fection represents a distinct etiologic factor for 
HNSCC, with different tumor characteristics and 
prognosis.27-29 In studies that distinguish between 
SCC in the oral cavity (OSCC) and oropharynx 
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(OPSCC), the incidence of HPV in OSCC is less 
than 4%,30 which indicates that this is unlikely to 
influence the results reported here. To confirm this, 
HPV incidence was determined (see Methods) and 
was found to be 4% in OSCC samples of the vali-
dation cohort and not at all present in any of the 
patients with early-stage (cT1-T2N0) OSCC. HPV 
incidence therefore does not interfere with the 
proposed clinical decision model (Fig 3A), which 
only includes early-stage (cT1-T2N0) OSCC. 
OPSCC exhibits a higher incidence of HPV26-30 
but was excluded from the clinical decision model 
because these tumors are predominantly treated 
nonsurgically in the Netherlands; therefore, elec-
tive neck dissection is less commonly performed 
in such patients. Performance of the signature on 
OPSCC and HPV-positive subgroups from the 
entire validation cohort was nevertheless analyzed 
separately and demonstrated poorer performance 
(Appendix Table A1, online only), in agreement 
with a distinct etiology and higher rate of occult 
metastasis. 
 Is a combined NPV of 89% for early-
stage OSCC sufficient to warrant watchful waiting 
(Fig 3)? Feasibility of watchful waiting is strongly 
linked to the probability of occult metastases, the 
frequency and sensitivity of follow-up, and the 
success rate of salvage therapy. Decision analysis 
techniques have recommended watchful waiting 
below risk thresholds varying from 17% to 44%.5,31 
Such thresholds are much higher than the 11% 
risk of occult metastases that is projected by the 
proposed clinical decision model, arguing in favor 
of implementation of the expression signature 
alongside current clinical assessment. 
 A logical next step is implementation of 
the gene expression signature prospectively. The 
CLIA/ISO-approvable features that have been in-
corporated here have been adopted with this goal 
in mind. The expression signature is not the only 
relevant development. A prospective study may 
also benefit from inclusion of sentinel lymph node
detection procedures.19,20 Performing such pro-

cedures on patients with a positive expression 
signature could further reduce the number of 
unnecessary neck treatments, while at the same 
time restricting the disadvantages of sentinel 
node procedures to a smaller group of higher-risk 
patients (Fig 3B, middle). Regardless of whether 
these different procedures can be combined, the 
results presented here indicate that a signature for 
predicting lymph node metastasis in OSCC, after 
application in a prospective study, may usefully be 
implemented in a clinical setting.
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SUPPORTING INFORMATION

Supporting methods

Arrays 
The whole-genome array was based on the standard Agi-
lent whole-genome high-density (4 × 44K) array (Agilent 
Technologies, Santa Clara, CA), with default Agilent 
probes for all genes. The array (ID 015866) was designed 
in 2007 using the best (at that time) updated standard 
Agilent human genome probe set and the Agilent eArray 
database and interface (http://www.earray.com). The 
full-genome array was custom made for Agendia (Am-
sterdam, the Netherlands) to also include the presence of 
additional probes that represented previously published 
signature probes in replicate. These probes were selected 
by mapping probe sequences from the original studies 
and replicating standard Agilent probes for these genes. 
Of the 825 previously published predictive gene probes, 
732 unique probes representing 696 unique genes could 
be unambiguously mapped in this way and were there-
fore applied throughout this study. 
 Other than the full-genome array, a dedicated 
diagnostic array was designed (high-density eight-pack) 
that contained, in addition to Agilent's default control 
probe set, all probes necessary for a diagnostic readout 
of the gene signatures (5× replicate) alongside a set of 
normalization probes. The normalization probes were 
selected from the full-genome array by identifying the 
most stably expressed genes across all samples that were 
profiled for the platform transition step, covering a com-
plete range of expression levels. These probes were also 
transferred to the dedicated diagnostic array. The Data 
Supplement contains sequence information and probe 
mapping information for all signature probes (for both 
arrays).

Analysis of gene expression 
Unless otherwise stated, the procedures described here 
refer to both the full-genome (44K) and diagnostic 
(eight-pack) arrays. Raw fluorescence intensities were 
quantified using Agilent Feature Extraction software 
(v. 9.5) and imported into R/Bioconductor (http://
www.r-project.org and http://www.bioconductor.org). 
Normalization was performed with the limma Bio-
conductor package v. 2.5.21 in R (v. 2.12.0) using the 
normalizeWithinArrays function with a loess span of 0.4 
and including local background subtraction. Normaliza-
tion of the full-genome expression data was performed in 
a global fashion to include all noncontrol probes on the 
array. For the dedicated diagnostic arrays the normaliza-
tion probe set was used. Individual spot measurements 
with missing or negative values were dismissed from ad-
ditional analysis. Replicate spots (with a positive value) 

were averaged, resulting in a single value for every probe. 
Because of replication, all of the signatures probes could 
be read out. 
 After normalization, a centering procedure 
was introduced to increase the dynamic range of the 
signature score. Given that the reference RNA is derived 
from cell lines, the difference in expression levels is much 
larger between sample and reference than between pN0 
and pN+ samples. This compresses the range of the 
signature scores. Centering was therefore performed to 
alleviate this compression of values. The transforma-
tion is a modified version of mean centering, that is, an 
unweighted aggregate mean centering. After normaliza-
tion, the expression values of all probes were centered 
using the unweighted aggregate mean per probe of pN+ 
and pN0 samples from the platform transition cohort. 
In other words, for every probe, the mean expression of 
all pN+ samples (n = 54) as well as all pN0 samples (n 
= 40) was calculated. Next, the mean of the pN+ and 
pN0 means (the unweighted aggregate mean) was cal-
culated. The resulting unweighted aggregate mean for a 
particular probe was then subtracted from the individual 
expression values of this probe in the platform transition 
and the multicenter validation cohorts. The aggregate 
mean was not recalculated for the multicenter validation 
cohort, thereby avoiding the introduction of unwarranted 
bias.

Supporting tables

Due to size the tables are not shown here.
Supplementary tables 1, 2 & 3 can be found at:
http://jco.ascopubs.org/content/suppl/2012/11/15/
JCO.2011.40.4509.DC1/Online_table_1.xls
http://jco.ascopubs.org/content/suppl/2012/11/15/
JCO.2011.40.4509.DC1/Online_table_2.xls
http://jco.ascopubs.org/content/suppl/2012/11/15/
JCO.2011.40.4509.DC1/Online_table_3.xls
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Background and Objectives: This study was designed to identify and validate gene signatures 
that can predict disease free survival (DFS) in patients undergoing a radical resection for their 
colorectal liver metastases (CRLM). 

Methods: Tumor gene expression profiles were collected from 119 patients undergoing surgery for their 
CRLM in the Paul Brousse Hospital (France) and the University Medical Center Utrecht (The Nether-
lands). Patients were divided into high and low risk groups. A randomly selected training set was used 
to find predictive gene signatures. The ability of these gene signatures to predict DFS was tested in an 
independent validation set comprising the remaining patients. Furthermore, 5 known clinical risk scores 
were tested in our complete patient cohort. 
Result: No gene signature was found that significantly predicted DFS in the validation set. In contrast, 
three out of five clinical risk scores were able to predict DFS in our patient cohort.
Conclusions: No gene signature was found that could predict DFS in patients undergoing CRLM 
resection. Three out of five clinical risk scores were able to predict DFS in our patient cohort. These 
results emphasize the need for validating risk scores in independent patient groups and suggest improved 
designs for future studies.
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INTRODUCTION

Colorectal cancer is the third most common can-
cer in men and the second in women worldwide, 
accounting for approximately 608.000 deaths 
worldwide1. The liver is the most common and 
often only site of metastatic disease. The develop-
ment of liver metastases in about 50% of patients 
is the major determinant of survival in patients 
with colorectal cancer. Surgical resection is the 
best treatment option for patients with colorectal 
liver metastasis offering a median survival of over 
40 months after resection compared to a median 
survival of 18 months when treated with chemo-
therapy and 6 to 12 months if patients remain 
untreated2. Unfortunately, 60%–80% of patients 
will develop local or distant recurrences after R0 
resection of colorectal liver metastasis2–5. Patients 
with recurrence are likely to benefit from adjuvant 
chemotherapy. However, 20–40% of the patients 
do not develop recurrence and will probably bet-
ter be left untreated after liver resection. Since 
chemotherapy is associated with serious morbidity 
and mortality, the therapy-associated risk should 
therefore be justified by a significant improvement 
in survival of these patients. 
 Many research groups have attempted to 
define factors predicting disease free survival and 
overall survival (OS) after resection of liver metas-
tasis5,6. Recently, five published clinical risk scores, 
combining different clinical factors, were validated 
in an independent patient cohort demonstrating 
that two clinical risk scores were able to predict 
overall survival in an independent set of patients7. 
Prediction of (disease-free) survival might be im-
proved by the use of gene expression which might 
capture tumor properties not reflected by clinico-
pathological variables. 
 Genome wide gene expression profiling 
has been used to predict disease outcome or re-
sponse to therapy in many different tumor types8,9 
It has also been shown that expression profiling 
can be used to identify colorectal tumors with dif-

ferent aggressiveness and metastatic potential10–13. 
No study, however, has been published in which 
gene expression was used to predict disease free 
survival after resection of colorectal liver metasta-
sis. Identification of a gene signature able to iden-
tify recurrence-prone colorectal liver metastases at 
time of resection would open the way for selection 
of patients who are likely to benefit from aggres-
sive therapy after resection, while withholding 
others unnecessary treatment.

RESULTS

Patients and Tumor Samples
Hundred forty-eight patients met the in- and 
exclusion criteria expression. Profiles were suc-
cessfully obtained for 119 patients. The baseline 
characteristics of the 119 included patients, shown 
in Table 1, did not differ significantly between 
the high versus low risk group, with the excep-
tion of administration of chemotherapy. High-risk 
patients received neoadjuvant chemotherapy more
frequently and adjuvant chemotherapy less fre-
quently than low-risk patients. Patient samples 
had a mean tumor cell percentage of 45% (95%CI 
40.75–49.60), necrosis 19% (95%CI 16.19–22.47) 
and fibrosis 20% (95%CI 16.44–22.71). Mean 
follow up was 26.7 months. A comparison of the 
baseline characteristics of the 119 included and 29 
excluded patients is shown in Table S1.

Gene Expression Signature
Using the training set of 75 patients from both 
centers, a gene signature was discovered consisting 
of 20 genes (Table S2). This was the most predic-
tive gene signature as measured within the train-
ing set, able to predict disease free survival with 
high statistical significance (Figure 1A). When 
used to predict risk for the patients in the inde-
pendent validation set of 44 patients, however, this 
gene signature was unable to significantly predict 
DFS (Figure 1B). This points to overfitting on 
the training set patients, a fact underscored by 
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Category Subcategory DFS ≤1 year DFS >1 year Total P valueb

Total number of patients 72 47 119

Sex Male 45 (62.5%) 32 (68.1%) 77 (64.7%) 0.534

Female 27 (37.5%) 15 (31.9%) 42 (35.3%)

Age (Mean, SD) 60.6 (12.8) 62.6 (9.0) 61.4 (11.43) 0.351
Location of primary tumor Rectum 18 (25.0%) 12 (25.5%) 30 (25.2%) 0.948

Colon 54 (75.0%) 35 (74.5%) 89 (74.8%)
Differentiation primary tumor Good 9 (12.5%) 7 (14.9%) 16 (13.4%) 0.633

Moderate 52 (72.2%) 34 (72.3%) 86 (72.3%)
Poor 11 (15.3%) 6 (12.8%) 17 (14.3%)

Nodal Status N+ 42 (58.3%) 24 (51.1%) 66 (55.5%) 0.530
N2 23 (31.9%) 17 (36.2%) 40 (33.6%)
Missing 7 (9.7%) 6 (12.8%) 13 (10.9%)

Interval primary tumor and LM Metachronous (.2 
months)

35 (48.6%) 26 (55.3%) 61 (51.3%) 0.475

Synchronous (#2 
months)

37 (51.4%) 21 (44.7%) 58 (48.7%)

Neoadjuvant chemotherapy Yes 45 (62.5%) 19 (40.4%) 64 (53.8%) 0.019
No 27 (37.5%) 28 (59.6%) 55 (46.2%)

Type of resection Minor (3 segments 
resected or less)

41 (56.9%) 35 (74.5%) 76 (63.9%) 0.054

Major 31 (42.5%) 12 (26.1%) 43 (36.1%)
R0/R1 Resection R0 51 (70.8%) 37 (78.7%) 88 (73.9%) 0.472

R1 19 (26.4%) 10 (21.3%) 29 (24.4%)
Missing 2 (2.8%) 2 (1.7%)

Bloodtransfusion No 50 (69.4%) 36 (76.6%) 86 (72.3%) 0.350
Yes 21 (29.2%) 10 (21.3%) 31 (26.1%)
Missing 1 (1.4%) 1 (2.1%) 2 (1.7%)

Distribution Bilobar 31 (43.1%) 19 (40.4%) 50 (42%) 0.851
Unilobar 41 (56.9%) 27 (57.4%) 68 (57%)
Missing 1 (2.1%) 1 (0.8%)

Mean number of LM/Patient 2.88 (2.80) 2.13 (1.62) 2.58 (2.43) 0.112
Tumorsize biggest metastases (cm) 5.25 (3.35) 4.43 (2.83) 4.93 (3.17) 0.172
Tumor cell percentage (Mean, SD) 45.44 (24.43) 44.77 (22.55) 45.18 (23.62) 0.884
Necrosis percentage (Mean, SD) 18.13 (15.05) 21.17 (20.30) 19.33 (17.30) 0.349
Fibrosis percentage (Mean, SD) 18.13 (15.05) 22.11 (20.24) 19.66 (17.25) 0.227
Preoperative CEA (Mean, SD) 84.35 (117.3) 73.27 (183.8) 79.98 (146.36) 0.706
Postoperative CEA (Mean, SD) 18.78 (63.91) 3.07 (6.57) 12.57 (50.27) 0.141
Adjuvant chemotherapy Yes 33 (45.8%) 35 (74.5%) 68 (57.1%) 0.003

No 39 (54.2%) 12 (25.5%) 51 (42.9%)

Abbreviations: DFS, disease free survival; LM, lymph nodes; CEA, carcinoembryonic antigen.
a Percentages may not total 100 because of rounding.
b P values were calculated with the use of Mann-Whitney test for continuous variables and Fisher’s exact test for categorical 
variables.

Table 1 Patient- and tumor characteristics of high and low risk patientsa
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Figure 1 Kaplan–Meier survival analysis for the discovered gene signatures (see legend on next page)
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the area under the curve (AUC) of 0.508 (95%CI 
0.482–0.534) achieved during the signature dis-
covery (see Methods). The power of the log-rank 
test used is shown in Figure S1. An analysis to 
find functional enrichment for the 20 genes in the 
signature failed to find any significant enrichment. 
Having failed to find a predictive gene signature, 
we examined whether a stricter definition of the 
high and low risk groups would result in a better 
gene signature by dividing the training set into a 
high risk group of patients with a DFS less than 6 
months and a low risk group with a DFS of at least
2 years (Figure 2B). Although the validation 
results of this gene signature seemed to show a 
positive trend it also failed to reach significance 
(Figure 1C). 
 Some of the clinicopathological factors 
differed significantly between the patients from the 
Paul Brousse Hospital and the University Medical 
Center in Utrecht (Table S3). To explore the possi-
bility that the previous failure to find a predictive 
gene signature might have been caused by these 
differences, the gene signature discovery was re-
peated for the UMC Utrecht samples and the Paul 
Brousse samples separately. The gene signature 
derived from the UMC Utrecht data alone did not 
hold any predictive power when validated (Figure 
1D). Validation of the Paul Brousse gene signa-
ture, however, did show a positive trend (Figure 
1E). The result of a multivariate Cox regression, 
however, suggests that the gene signature is not 
an independent predictive factor (Table 2). Stage 

of the primary tumor and the administration of 
neoadjuvant chemotherapy seemed sufficient to 
predict DFS within the validation set. It is pos-
sible that neoadjuvant chemotherapy, which is 
administered before the sample collection, had 
an effect on the gene expression pattern and was 
therefore an interfering factor in the experimental 
setup. This is confirmed by the absence of predic-
tive power when the signature discovery was per-
formed exclusively on Paul Brousse patients who 
did receive neoadjuvant chemotherapy (Figure 
1F). Additionally, an analysis of the genes differ-
entially expressed between patients treated with 
neoadjuvant chemotherapy and untreated patients 
revealed 875 genes that were significantly up- or 
downregulated (Table S4) suggesting that neoad-
juvant chemotherapy induces a sizeable change 
in the measured gene expression. To investigate 
whether the absence of a predictive signature was 
caused by the neoadjuvant treatment bias in the 
high risk group the signature discovery was repeat-
ed using training sets were this bias was removed 
(Figure 3) as well as analyzing the neoadjuvant 
treated and untreated patients separately (Figure 
4). The results strongly suggest that the absence of 
a predictive signature is independent of the effects 
of neoadjuvant treatment, adding the caveat that 
in some of these comparisons the sample size is 
low. Table S5 shows the predictive performance 
of all the gene signatures described above when 
used to predict DFS redefined as a dichotomous 
variable.

Figure 1 Kaplan–Meier survival analysis for the discovered gene signatures (see previous page)

Patients are divided into a high and a low risk prediction group based on the risk prediction of the different gene signatures. 
Gene signatures were discovered defining high risk as DFS ≤1 year and low risk as DFS >1 year unless mentioned otherwise. 
The hazard ratio of the gene signature prediction is shown with the 95% confidence interval between brackets. The p value 
of the log-rank test is shown as well, with the p value adjusted for multiple testing between brackets. A: Survival curves for 
patients in training set. Gene signature was discovered using the same training set. B: Survival curves for patients in the 
validation set. Gene signature was discovered using the full training set. C: Survival curves for patients in the validation set. 
Gene signature was discovered using the full training set defining high risk as DFS ≤6 months and low risk as DFS >2 years. D: 
Survival curves for UMC Utrecht patients in the validation set. Gene signature was discovered using the UMC Utrecht subset 
of the training set. E: Survival curves for Paul Brousse patients in the validation set. Gene signature was discovered using 
the Paul Brousse subset of the training set. F: Like E but including only Paul Brousse patients who received neoadjuvant 
chemotherapy (training and validation set).
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Figure 2 Flow charts showing the study design (see legend on next page)
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Validation of Clinical Risk Scores
The univariate survival analysis results for all 
clinicopathological factors are depicted in Table 
3. In a multivariate Cox regression model, con-
taining the factors that displayed p-values less 
than 0.1 in univariable analysis, higher stage of 
the primary tumor (p = 0.006, HR= 1.444, 95% 
CI = 1.110–1.877), major resection (p = 0.005, 
HR= 2.190, 95% CI = 1.268–3.784), the number 
of liver metastases (p= 0.031, HR= 1.142, 95% 
CI = 1.012–1.289) and the administration of ad-
juvant chemotherapy (p,0.001, HR=0.382, 95% CI 
= 0.237–0.617) were found to be independent risk 
factors for poor DFS. 
 All items of the clinical risk scores were 
documented except for the status of the hepatodu-
odenal lymph nodes, which made it impossible for 
the risk score of Zakaria to be higher than 2. Be-
cause we did not include patients with extrahepat-
ic disease in this study, the Basingstoke risk score 
was not complete. Three out of five clinical risk 
scores predicted DFS accurately in our patients 
including the Basingstoke, Fong and Nordlinger 
risk scores (Table 3). Of these, the score by Fong 
performed best. Kaplan Meier curves for high and 
low risk predicted patients, based on the different 
clinical scores, are depicted in Figure 5.

DISCUSSION

This study was designed to identify and validate 
a gene expression based classifier that predicts 
DFS. Unfortunately, we were unable to find a gene 
signature that could significantly predict DFS in  
an independent validation set. A gene signature 
developed using only Paul Brousse patient sam-

ples did show a positive trend upon validation. 
However, in a multivariate Cox regression model, 
the signature did not prove to be an independent 
factor for DFS. Instead of reflecting tumor biology,
the gene signature appeared to be influenced by 
a bias in prior administration of chemotherapy, 
a possibility which should be taken into account 
when conducting future studies. This view was 
strengthened both by the absence of predictive 
power in a gene signature designed in a subset 
including only Paul Brousse patients receiving 
neoadjuvant chemotherapy as well as an analysis 
of differential gene expression between patients 
treated with neoadjuvant chemotherapy and 
untreated patients which showed 875 genes dif-
ferentially expressed. To rule out that the absence 
of a predictive gene signature was caused by the 
neoadjuvant treatment bias in the high risk pa-
tient group, the signature discovery was repeated 
using training sets were the neoadjuvant bias was 
removed as well as analyzing the neoadjuvant 
treated and untreated patients separately. Similar 
to earlier results of this study the resulting gene 
signatures were not predictive of DFS in the vali-
dation set indicating that the overrepresentation 
of neoadjuvant treatment in the high risk patient 
group does not explain the lack of positive results.
We also tested five known clinical risk scores and 
found that Basingstoke, Fong and Nordlinger sig-
nificantly predicted DFS in our patient group. The 
fact that three out of five scores were predictive is 
remarkable given the fact that these clinical risk 
scores (CRS) were developed in an era where the 
use chemotherapy in primary CRC was rare14–18. 
The same five clinical risk scores were recently 
validated by Reissfelder and colleagues. They 

Figure 2 Flow charts showing the study design (see previous page)

A: Original set up of the study: supervised model dividing patients with DFS ≤1 year versus patients with DFS >1 year. The 
gene signature was discovered using the training set and subsequently tested on the independent validation set. B: Similar 
to A, using a supervised model dividing patients with DFS ≤6 months versus patients with DFS >2 years. C: Similar to A, 
including only patients treated in Paul Brousse. D: Similar to A, including only patients treated in UMC Utrecht. E: Similar to 
A, including only patients treated in Paul Brousse treated with neoadjuvant chemotherapy.
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Figure 3 Kaplan–Meier survival analysis for gene signatures based on training sets without neoadjuvant treatment bias

Patients are divided into a high and a low risk prediction group based on the risk prediction of the different gene signatures. 
Gene signatures were discovered defining high risk as DFS ≤1 year and low risk as DFS >1 year unless mentioned otherwise. 
In all training sets the ratio of patients treated with neoadjuvant chemotherapy to untreated patients in high and low risk 
group was kept as equal as possible to preclude any treatment bias. The hazard ratio of the gene signature prediction is 
shown with the 95% confidence interval between brackets. The p value of the log-rank test is shown as well, with the p 
value adjusted for multiple testing between brackets. A: Survival curves for patients in the validation set. Gene signature was
discovered using the full training set controlled for the neoadjuvant treatment bias. B: Survival curves for patients in the 
validation set. Gene signature was discovered using the full training set defining high risk as DFS ≤6 months and low risk as 
DFS >2 years and controlling for the neoadjuvant treatment bias. C: Survival curves for UMC Utrecht patients in the valida-
tion set. Gene signature was discovered using the UMC Utrecht subset of the training set controlled for the neoadjuvant 
treatment bias. D: Survival curves for Paul Brousse patients in the validation set. Gene signature was discovered using the 
Paul Brousse subset of the training set controlled for the neoadjuvant treatment bias.
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Figure 4 Kaplan–Meier survival analysis for gene signatures based on training sets stratified according to neoadjuvant treatment

Patients are divided into a high and a low risk prediction group based on the risk prediction of the different gene signatures. 
Gene signatures were discovered defining high risk as DFS ≤1 year and low risk as DFS >1 year unless mentioned otherwise. 
Both training and validation sets were separated into neoadjuvant treated and untreated patients. Results are only shown 
where the training sets contained enough high and low risk Patients to make signature discovery possible. The hazard ratio 
of the gene signature prediction is shown with the 95% confidence interval between brackets. The p value of the log-rank 
test is shown as well, with the p value adjusted for multiple testing between brackets. A: Survival curves for patients in the 
validation set. Gene signatures were discovered using the full training set stratified by neoadjuvant treatment. B: Survival 
curves for untreated UMC Utrecht patients in the validation set. Gene signature was discovered using untreated UMC Utre-
cht patients in the training set. C: Survival curves for neoadjuvant treated Paul Brousse patients in the validation set. Gene 
signature was discovered using neoadjuvant treated Paul Brousse patients of the training set.
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found that the Fong and Iwatsuki scores were 
able to predict disease specific survival in their 
patients but not Nordlinger and the Basingstoke 
index7. It is remarkable that only the Fong score 
was predictive in both studies. The non-significant 
correlation of the Iwatsuki score with DFS could 
be due to the fact that the highest score could not 
be calculated, since we did not record the status 
of the hepatoduodenal lymph nodes. The question 
remains: why did we not find a signature predict-
ing DFS after resection of colorectal liver metasta-
ses? Difficulties in predicting (disease free survival 
with gene expression profiling have been reported 
recently. Lauss et al evaluated the performance of 
8 published gene signatures in predicting recur-
rence in bladder cancer of which none survived the 
validation19. A review evaluating gene signatures 
developed for predicting survival in lung cancer 
in 16 studies were all found inadequate for use in 
clinical practice because of lacking or insufficient 
validation. In these studies, either the signature 
did not outperform clinical factors or the authors 
did not address the influence of any of the clinical 
factors20. 
 We do believe that the design of our study 
was of sufficient quality to be able find a gene sig-
nature for predicting DFS. However, it cannot be 
excluded that a usable gene signature does exist 
but was not found due to limiting factors in our 

study. These potential factors include our defini-
tion of high and low risk patients in the signature 
discovery, the number of patients included in the 
study especially in light of the heterogeneity of 
the patient group, the inclusion of patients from 
only two medical centers, the existence of a prior 
treatment effect and limits to the sensitivity of 
microarrays. 
 Liver metastases are by their nature bi-
ased towards a more aggressive subgroup of CRC. 
It could therefore be speculated that gene expres-
sion patterns that characterize rapidly recurring 
liver metastases are too subtle to be uncovered us-
ing the sample size employed in this study. Moreo-
ver, recurrence after resection of liver metastases 
might not be dependent on the characteristics of 
the liver metastasis itself, but on the presence of 
micrometastases at the time of liver resection. 
 Although we cannot exclude the exist-
ence of a predictive gene signature, no added ben-
efit of gene expression signatures for the prediction 
of disease free survival in metastatic colorectal 
disease could be established based on the results 
of this study. Finally, the Fong clinical risk score, 
already validated by Reissfelder et al7, is the most 
powerful risk score for predicting DFS of patients 
with resected CRLM of the five tested risk scores 
in our study. This clinical risk score should be used 
for stratification in prospective clinical studies ex-

Variable Univariatea Multivariateb

P valuec HR 95% CI P valuec HR 95% CI

Neoadjuvantchemotherapy 0.046 5.32 1.02–9.96 0.083 3.87 0.84–17.79

Stage primary tumord 0.003 11.09 1.43–85.70 0.028 9.90 1.27–77.02

Gene signature prediction 0.12 2.03 0.83–5.01 0.69 1.25 0.42–3.72

Table 2 Univariate and multivariate Cox regression analysis for risk factors associated with DFS (months) in Paul Brousse

validation set.

Abbreviations: DFS, disease free survival; HR, hazard ratio; CI, confidence interval.
a Only showing factors with p≤0.05 as well as Gene signature prediction.
b Multivariate model includes factors with p≤0.05 in univariate analysis (Neoadjuvant chemotherapy and Stage primary 
tumor) as well as Gene signature prediction.
c P values were calculated with the use of log-rank test.
d TNM stages 1 and 2 versus 3 and 4. 
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Category Subcategory Mean DFS (95%CI) HR 95%CI HR P valuea

Sex Male 18.61 (13.49–23.72) 1.082 0.707–1.654 0.718
Female 19.12 (12.55–25.71)

Age ≤65 17.87 (12.64–23.09) 0.986 0.556–1.264 0.399

>65 16.67 (12.64–20.70)
Location of primary tumor Rectum 21.63 (12.16–31.10) 0.989 0.623–1.570 0.963

Colon 17.21 (13.19–21.23)
Differentiation primary tumor Good 15.82 (5.94–25.70) 1.219 0.672–2.210 0.514

Moderate 19.54 (14.22–24.86) 0.899 0.680–1.189 0.456
Poor 12.73 (7.34–18.12)

Stage primary tumor 1 35.23 (18.21–52.24) 0.460 0.154–1.416 0.178
2a/b 24.54 (6.38–12.03) 0.913 0.455–1.833 0.699
3a/b 20.69 (4.33–12.20) 0.446 0.244–0.812 0.008
4a/b 10.41 (1.06–8.33)

Nodal Status N+ 14.87 (11.15–18.59) 1.293 0.830–2.014 0.256
N2 274.34 (15.51–33.165)

Interval primary tumor and LM Metachronous 
(>2months)

23.221 (16.22–30.23) 0.687 0.458–1.029 0.069

Synchronous (≤2 
months)

13.86 (9.57–18.15)

Neoadjuvant chemotherapy Yes 11.92 (9.52–14.32) 1.764 1.164–2.674 0.008
No 25.58 (17.79–33.36)

Type of resection Minor (3 segments 
resected or less)

22.08 (16.20–27.96) 0.610 0.404–0.922 0.019

Major 11.54 (8.27–14.81)
R0/R1 Resection R0 20.69 (15.24–26.14) 0.888 0.561–1.405 0.611

R1 13.35 (9.81–16.90)
Bloodtransfusion No 18.48 (14.18–22.78) 0.775 0.495–1.212 0.264

Yes 16.63 (8.92–24.33)
Distribution Bilobar 16.80 (12.31–21.30) 1.018 0.680–1.526 0.931

Unilobar 19.83 (12.63–27.03)
Adjuvant chemotherapy Yes 23.88 (17.47–30.29) 0.564 0.378–0.843 0.005

No 11.70 (8.40–15.0)
Tumorsize largest metastasis ≤5 cm 20.57 (15.91–25.43) 0.518 0.341–0.794 0.002

>5 cm 12.14 (6.86–17.42)
Tumor cell percentage 0.998 0.989–1.007 0.596
Necrosis percentage 0.999 0.990–1.008 0.817
Fibrosis percentage 0.995 0.983–1.006 0.364
Preoperative CEA 1.140 0.938–1.385 0.189
Postoperative CEA 1.167 0.950–1.439 0.141
Nr. of metastases 2.156 1.227–3.788 0.008
Fong low risk <3 23.43 (17.34–29.51) 0.543 0.352–0.804 0.005

high risk ≥3 10. 03 (7.68–12.38)
Nordlinger low risk <4 25.49 (17.75–33.25) 0.594 0.395–0.893 0.018

high risk ≥4 12.13 (9.61–14.67)
Iwatsuki grade low risk <3 20.94 (15.05–26.83) 0.705 0.472–1.053 0.117

Table 3 Univariate Cox regression analysis for possible risk factors associated with DFS (months)
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amining the possible benefit of adjuvant therapies 
in patients undergoing surgery for CRLM.

METHODS

Patient Samples
Frozen tumor samples from 148 patients were obtained 
from the Paul Brousse Hospital in Villejuif, France and 
the UMC Utrecht in the Netherlands between November 
2000 and August 2010. The study protocol was approved 
by The Medical Ethical Committee (MEC) of the Uni-
versity Medical Center Utrecht as recognized by article 
16 of the WMO (Dutch Law on Medical Research with 
human subjects). Written informed consent was obtained 
from all patients. Samples were included of patients aged 
18 years or older who underwent curative resection for 
histologically confirmed liver metastases from CRC. 
Patients with a history of non-colorectal malignancies, 
extrahepatic disease or macroscopic residual disease (R2) 
after surgery were excluded. Patients who received local 
ablative therapy or chemoembolization alone or in combi-
nation with resection were excluded. Only specimen were 
included that were snap frozen in liquid nitrogen within 
30 minutes after resection and were stored in -80°C. The 
amount of stroma, tumor, benign liver cells and necrosis 
was determined by the two study pathologists (C.G and 
P.J.vD). Patients whose samples contained benign liver 
tissue or insufficient tumor cells were excluded from 
the study. Intraoperative ultrasound of the liver was 
performed in all patients to assess the size and location 
of the liver metastases. The size of the dataset was de-
termined by the available patient tumor samples in the 
two participating institutions which fulfilled all in- and 
exclusion criteria. Patient-, tumor- and surgical charac-
teristics were extracted from our prospectively collected 
databases. The definition of synchronous liver metastasis 
(diagnosis within two months after initial diagnosis) 
was based on that provided by the US National Cancer 
Institute.

Follow-up
All patients received standard follow up with spiral CT 
of the abdomen and chest every 3 months to monitor 
recurrences. Disease free survival was defined as the time 
from resection to the time of the first sign of recurrence 
on CT scanning. All patients were censored at the time 
of death or the last follow-up. Survival time was deter-
mined using the Kaplan-Meier survival function.

Gene Expression Profiling
RNA isolation. Total RNA was isolated from indi-
vidual tissue samples using Trizol reagent (Invitrogen) 
following the manufacturer’s protocol. RNA was purified 
using the RNeasy mini-kit (Qiagen) and was subjected 
to DNase treatment using the Qiagen DNA-free kit. The 
yield and quality of total RNA was checked by spectro-
photometry and by the Agilent Bioanalyzer (Agilent). 
Thirteen samples were excluded on the basis of the RNA 
yield and cRNA yield (RNA integrity number [RIN] 
<6). Eight samples were excluded due to amplification 
failures, and 8 more samples did not meet the labeling 
criteria, resulting in data from 119 samples.
cRNA synthesis and fluorescent labeling. All am-
plification and labelling procedures were performed in 
96 wells plates (4titude, Bioke) on a customized Sciclone 
ALH 3000 Workstation (Caliper LifeSciences), with a 
PCR PTC-200 (Bio-Rad Laboratories), SpectraMax 190 
spectrophotometer (Molecular Devices), and a magnetic 
bead-locator (Beckman). cRNA products were purified 
and concentrated with RNAClean (Agencourt, Beck-
man) according to manufacturer’s protocol. mRNA was 
amplified by in vitro transcription using an anchored 
primer and T7 RNA polymerase on 1 μg of total RNA. 
First a double stranded cDNA template was generated 
including the T7 promoter. Next, this template was 
used for in vitro transcription with the T7 megascript 
kit (Ambion) to generate cRNA. During the in vitro 
transcription, 5-(3-aminoallyl)-UTP (Ambion) was in-
corporated into the single stranded cRNA. Samples with 
a yield less than 2000 ng or with small cRNA fragments 
(median less than 500 nt) were not used. Cy3 or cy5 
fluorophores (GE Healthcare) were coupled to cRNA. 

Category Subcategory Mean DFS (95%CI) HR 95%CI HR P valuea

high risk ≥3 15.58 (10.45–20.72)
Mayo Score low risk <2 18.12 (13.94–22.29) 0.819 0.522–1.285 0.399

high risk ≥2 17.06 (9.14–24.98)
Basingstoke index low risk <10 20.71 (15.56–25.86) 0.551 0.338–0.898 0.016

high risk ≥10 9.94 (5.95–13.93)

Table 3 Continued

Abbreviations: DFS, disease free survival; HR, hazard ratio; CI, confidence interval; LM, lymph nodes; CEA, carcinoembry-
onic antigen.
a P values were calculated with the use of log-rank test.
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Figure 5 Kaplan–Meier survival analysis for clinical risk predictors (see legend on next page)
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Figure 5 Kaplan–Meier survival analysis for clinical risk predictors(see previous page)

Survival curves based on all 119 patients using known clinical predictors. The hazard ratio of the clinical risk predictor is 
shown with the 95% confidence interval between brackets. The p value of the log-rank test is shown as well, with the p value 
adjusted for multiple testing between brackets. A: Iwatsuki (high risk ≥3, low risk <3). B: Basingstoke (high risk ≥10, low risk 
<10). C: Fong (high risk ≥3, low risk <3). D: Mayo (high risk ≥2 low risk <2). E: Nordlinger (high risk ≥4, low risk <4).

We applied total RNA and cRNA quality control criteria 
in accordance with the Tumor Analysis Best Practices 
Working Group21. The yield and label incorporation of 
the cy-labeled cRNA was checked using spectrophotom-
etry. Only samples with between 1.5% and 3% Cy-incor-
poration were included. Before hybridization, 300–1000 
ng of Cy-labeled cRNA from one biopsy was mixed with 
an equal amount of reverse color Cy-labeled material 
from the reference sample.
Microarray hybridization. For each sample, two ex-
pression profiles in dye-swap experiments were generated. 
The samples were compared against a commercial refer-
ence (Universal Human Reference RNA catalog #740000, 
Stratagene). The Human Array-Ready Oligo set (version 
2.0) was purchased from Qiagen and spotted on Codelink 
slides (GE Healthcare) in a dust filtered and humidity 
controlled clean room. The microarrays contained 70-
mer oligo-nucleotides representing 21,329 human genes 
and expressed sequence tags (ESTs), as well as 3871 
additional spots for control purposes. Gene annotations 
were updated by BLAST analysis of all feature sequences 
using ENSEMBL build 55. Arrayswere hybridized on a 
Tecan HS4800PRO hybridization station, using the 
protocol described previously22. Hybridized slides were 
scanned on an Agilent scanner (G2565BA) at 100% laser 
power and 60–90% PMT. After automatic data extrac-
tion using Imagene 8.0.1 (BioDiscovery), printtip Loess 
normalization was performed on mean spot intensities23. 
Dye bias was corrected based on a within-set estimate24.
Data accessibility. In accordance with proposed MI-
AME (Minimum information about a microarray experi-
ment) standards, primary and processed data as well as 
protocols were deposited in Array Express (http://www.
ebi.ac.uk/microarray-as/aer) under accession number 
E-TABM-1112.

Identification of a Recurrence Signature
The cohort was randomly divided in a training set (n= 
75) and a validation set (n= 44). The latter was not 
involved in gene selection to avoid a selection bias. For 
the purposes of discovering the gene signature, patients 
were initially divided in a high risk and a low risk group. 
High risk patients were defined as those with recurrence 
within 1 year (Figure 2). This threshold was based on 
the observation that a DFS <1 year is predictive of 
adverse overall survival as described by Fong et al14. A 
division based on DFS ≥6 months (high risk) and DFS 
>2 years (low risk) was also applied (Figure 2B). Using 
the training set, genes were ranked based on three differ-

ent metrics (signal-to-noise-ratio, t-test statistic and Cox 
proportional hazard ratio). This ranking was done using
a multiple sampling approach selecting 2/3 of the sam-
ples in each iteration. The 75 top ranked genes were used 
to predict the risk class of the samples in the remaining 
1/3 of samples using nearest mean classification9 and 
leave-one-out cross validation (LOOCV). Using these 
predictions a combined area under the curve for 1000 it-
erations was calculated giving an indication of the aggre-
gated predictive power of the 75 gene signatures, where 
a value significantly above 0.5 points to true predictive 
power. The ranking of the genes were averaged over all 
1000 iterations25. From the resulting ranked list, the gene 
signature with the strongest prognostic power (measured 
as overall accuracy of prediction) was determined using 
nearest mean classification and LOOCV starting from 
the best ranked gene and subsequently adding the next 
highest ranked gene in each iteration (forward selec-
tion)9. An independent measure of the predictive power 
was obtained by using the resulting gene signature to 
predict the risk class of the samples in the validation set 
(nearest mean, LOOCV). Kaplan-Meier analyses were 
used to estimate DFS and survival curves for the two 
predicted risk classes were compared using the Mantel-
Cox log-rank test. A power analysis for the logrank test 
was done using the PS program26. Functional gene set 
enrichment analysis was performed using the Babelomics 
4.2 webbased analysis suite including all the databases 
available for the enrichment analysis27.

Analysis of Differential Gene Expression
Gene expression in patients treated with neoadjuvant 
chemotherapy was compared to expression in untreated 
patients using ANOVA28. In a fixed effect analysis, sam-
ple, array and dye effects were modelled. P values were 
determined by a permutation F2-test in which residuals 
were shuffled 5000 times globally. 

Clinical Risk Scores
A univariate Cox proportional hazards regression model 
was used to estimate the hazard ratios of five clinical 
risk scores which were calculated for each patient14–18 A 
multivariate analysis was also performed entering the 
factors with p values below 0.1 in the univariate analysis.

Statistical Testing and Software 
All statistical tests were two-sided and statistical signifi-
cance was assumed for p values less than 0.05. Where ap-
plicable, p values were adjusted for their false discovery 
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rate using the Benjamini-Hochberg method29. Statistical 
analyses were done in R 2.7.0 with additional Bioconduc-
tor packages and SPSS for Windowsversion 15.0 (SPSS, 
Chicago, Illinois, USA).
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SUPPORTING INFORMATION
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Figure S1 Power of the log-rank test 

The statistical power of the log-rank test as a function of the hazard ratio of the gene signature prediction in the validation 
set.
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Category Subcategory Included 
patients

Excluded 
patients

Total P valueb

patients Excluded patients Total P valueb 148

Sex  Male 77 (64.7%) 16 (55.2%) 93 (62.8%) 0.342

Female 42 (35.5%) 13 (44.8%) 55 (37.1%)

Age (Mean; SD) 61.4 (11.43) 63.55 (9.72) 61.82 (11.12) 0.348
Location of primary tumor Rectum 30 (25.2%) 10 (34.5%) 40 (27.2%) 0.316

Colon 89 (74.8%) 19 (65.5%) 108 (73.0%)
Differentiation primary tumor Good 16 (13.4%) 6 (20.7%) 22 (14.9%) 0.084

Moderate 86 (72.3%) 22 (75.9%) 108 (73.0%)
Poor 17 (13.4%) 1 (3.4%) 18 (12.2%)

Nodal Status N+ 66 (55.5%) 16 (55.2%) 82 (55.4%) 0.489
N- 40 (33.6) 13 (44.8%) 53 (35.8%)
Missing 13 (10.9%) 13 (8.7%)

Interval primary tumor and LM Metachronous (>2 
months)

61 (51.3%) 12 (41.4%) 73 (49.4%) 0.342

Synchronous (≤2 
months)

58 (48.7%) 17 (58.6%) 75 (50.6%)

Neoadjuvant chemotherapy Yes 64 (53.8%) 13 (44.8%) 77 (52.1%) 0.893
No 55 (46.2%) 16 (55.2%) 71 (47.9%)

Type of resection Minor (≤3 segments 
resected)

76 (63.9%) 18 (62.1%) 94 (63.5%) 0.857

Major 43 (36.1%) 11 (37.9%) 54 (36.5%)
R0/R1 Resection R0 88 (73.9%) 21 (72.4%) 109 (73.6%) 0.756

R1 29 (24.4%) 8 (27.6%) 37 (25.0%)
Missing 2 (1.7%) 2 (1.4%)

Bloodtransfusion No 86 (72.3%) 17 (58.6%) 103 (69.6%) 0.119
Yes 31 (26.1%) 12 (41.4%) 43 (29.1%)
Missing 2 (1.7%) 2 (1.4%)

Distribution Bilobar 50 (42.0%) 7 (24.1%) 57 (38.5%) 0.076
Unilobar 68 (57.1%) 22 (75.9%) 90 (60.8%)
Missing 1 (0.8%) 1 (0.7%)

Mean number of LM/Patient 2.58 (2.43) 2.41 (1.59) 2.55 (2.28) 0.725
Tumorsize biggest metastases (cm) 4.93 (3.17) 4.03 (2.28) 4.75 (3.02) 0.16
Preoperative CEA (Mean, SD) 79.98 (146.36) 27.8 (81.26) 72.67 (139.99) 0.175
Postoperative CEA (Mean, SD) 12.57 (50.27) 2.39 (2.15) 10.51 (45.06) 0.219
Adjuvant chemotherapy Yes 68 (57.1%) 14 (48.3%) 82 (55.4%) 0.39

No 51 (42.9%) 15 (51.7%) 66 (44.6%)

Abbreviations: LM, lymph nodes; CEA, carcinoembryonic antigen.
a Percentages may not total 100 because of rounding.
b P values were calculated with the use of Mann-Whitney test for continuous variables and Fisher’s exact test for categorical 
variables.

Table S1 Patient- and tumor characteristics of the in- and excluded patientsa 
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Gene Name Training Validation

P valueb HR 95% CI P valueb HR 95% CI

CCDC85A       0.087 0.17 0.02-1.29 0.623 0.05 0-1.65

MYNN          <0.001 169.07 17.94-1593.2 0.784 0.17 0-8.37

RP11-347C12.2 0.001 27.06 4.75-154.14 0.951 1.11 0.04-33.16

CPLX1        0.017 0.05 0.01-0.51 0.784 2.73 0.35-21.28
hsa-mir-103-2 0.029 9.27 1.39-61.82 0.951 1.16 0.06-21.75
FRMD6 0.017 8.59 1.63-45.3 0.737 0.21 0.02-2.59
genomic:ch
rX-142692034-142692102

0.01 10.68 2.39-47.66 0.951 0.55 0.04-8.25

OR5P2        0.012 0.1 0.02-0.48 0.951 1.21 0.05-30.29
C6orf141      0.03 0.08 0.01-0.72 0.935 0.37 0.01-11.06
FAM174B       0.012 20.91 2.82-155.14 0.737 2.68 0.6-12.03
Unknownc        0.021 13.38 1.67-107.32 0.935 0.45 0.02-9.33
RIPK4        0.012 0.07 0.01-0.44 0.784 0.15 0-5.53
GPR143        0.044 0.12 0.02-0.89 0.951 1.63 0.11-23.58
ITSN1         0.012 0.04 0-0.38 0.458 127.3 1.96-8283.46
MAPKAPK2                   0.013 0.03 0-0.38 0.623 63.68 0.79-5107.74
KIAA0562 0.012 10.83 2.01-58.17 0.784 3.56 0.16-77.07
PARN          0.065 9.5 0.92-98.25 0.784 0.27 0.01-7.13
OTUD5         0.012 31.23 2.66-366.01 0.951 1.22 0.05-32.62
ZNF134        0.077 6.58 0.84-51.79 0.69 11.99 0.45-319.46
BAT2 <0.001 6.77 3.06-14.98 0.951 0.93 0.28-3.13

Abbreviations: HR, hazard ratio; CI, confidence interval; DFS, disease free survival.
a Discovered using all samples in training set defining high-risk as DFS ≤ 1 year and low-risk as DFS > 1 year.
b Adjusted for multiple testing with Benjamini-Hochberg.
c Probe sequence cannot be confidently mapped to a transcript or genomic location.

Table S2 Univariate Cox regression analysis for the signature genesa 
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Category Subcategory Paul Brousse UMC Utrecht Total P valueb

Total number of patients UMC Utrecht 46 119

Sex Male 46 (63.0%) 31 (67.4%) 77 (64.7%) 0.627

Female 27 (37.0%) 15 (32.6%) 42 (35.3%)

Age (Mean, SD) 60.98(11.75) 62.04 (11) 61.4 (11.43) 0.621
Location of primary tumor Rectum 16 (21.9%) 14 (30.4%) 30 (25.2%) 0.299

Colon 57 (78.1%) 32 (69.6%) 89 (74.8%)
Differentiation primary tumor Good 12 (16.4%) 5 (10.9%) 16 (13.4%) 0.656

Moderate 50 (68.5%) 36 (78.3%) 86 (72.3%)
Poor 11 (15.1%) 5 (10.9%) 16 (13.4%)

Nodal Status N+ 41 (56.2%) 25 (54.3%) 66 (55.5%) 0.143
N- 19 (26.0%) 21 (45.7%) 40 (33.6)
Missing 13 (9.6%) 13 (10.9%)

Interval primary tumor and LM Metachronous (>2 
months)

32 (43.8%) 29 (63.0%) 61 (51.3%) 0.043

Synchronous (≤2 
months)

41 (56.2%) 17 (37.0%) 58 (48.7%)

Neoadjuvant chemotherapy Yes 54 (74.0%) 36 (78.3%) 64 (53.8%) <0.001
No 19 (26.0%) 10 (21.7%) 55 (46.2%)

Type of resection Minor (≤3 segments 
resected)

40 (54.8%) 36 (78.3%) 76 (63.9%) 0.014

Major 33 (45.2%) 10 (21.7%) 43 (36.1%)
R0/R1 Resection R0 45 (61.6%) 43 (93.5%) 88 (73.9%) 0.001

R1 26 (35.6%) 3 (6.5%) 29 (24.4%)
Missing 2 (2.7%) 2 (1.7%)

Bloodtransfusion No 45 (61.6%) 41 (89.1%) 86 (72.3%) 0.004
Yes 26 (35.6%) 5 (10.9%) 31 (26.1%)
Missing 2 (2.7%) 2 (1.7%)

Distribution Bilobar 37 (50.7%) 31 (67.4%) 68 (57.1%) 0.088
Unilobar 35 (47.9%) 15 (32.6%) 50 (42.4%)
Missing 1 (1.4%) 1 (0.8%)

Mean number of LM/Patient 2.86 (2.75) 2.13 (1.73) 2.58 (2.43) 0.12
Tumorsize biggest metastases (cm) 4.93 (3.17) 4.93 (3.19) 4.93 (3.17) 0.014
Tumor cell percentage  (Mean, SD) 39.70 (17.43) 53.04 (28.18) 45.18 (23.62) 0.004
Necrosis percentage (Mean, SD) 20.82 (15.52) 16.96 (19.73) 19.33 (17.30) 0.014
Fibrosis percentage (Mean, SD) 24.41 (15.33) 16.96 (19.73) 19.66 (17.25) 0.177
Preoperative CEA (Mean, SD) 86.39 (166.14) 67.36 (97.20) 79.98 (146.36) 0.533
Postoperative CEA (Mean, SD) 15.11 (62.48) 8.67 (21.19) 12.57 (50.27) 0.572
Adjuvant chemotherapy Yes 18 (24.7%) 33 (71.7%) 51 (42.9%) <0.001

No 55 (75.3%) 13 (28.3%) 68 (57.1%)

Abbreviations: LM, lymph nodes; CEA, carcinoembryonic antigen.
a Percentages may not total 100 because of rounding.
b P values were calculated with the use of Mann-Whitney test for continuous variables and Fisher’s exact test for categorical 
variables.

Table S3 Patient- and tumor characteristics per centera
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Table S4 Genes differentially expressed between patients treated with neoadjuvant chemotherapy and untreated patients

Gene name P valuea  M value

MGP < 0.001 0.855538

REG1A < 0.001 0.674406

C1QC < 0.001 0.639766

IFI27 < 0.001 0.604821
TYROBP < 0.001 0.589622
TMEM176B < 0.001 0.544941
FCER1G < 0.001 0.540644
DEFA5 < 0.001 0.52404
DCN < 0.001 0.523328
HLA-DRA < 0.001 0.506665
HLA-DPA1 < 0.001 0.435674
HLA-DPB1 < 0.001 0.434246
CCL2 < 0.001 0.43289
CD74 < 0.001 0.422907
COLEC11 < 0.001 0.419372
CD52 < 0.001 0.407947
CST3 < 0.001 0.402686
EFEMP1 < 0.001 0.400427
CYP1B1 < 0.001 0.391459
SLA < 0.001 0.38729
LAPTM5 < 0.001 0.383373
C1QA < 0.001 0.380021
PLXDC2 < 0.001 0.373442
LIPA < 0.001 0.367993
CTSK < 0.001 0.360842
TAGLN < 0.001 0.360381
EGR4 < 0.001 0.353639
MATN4 < 0.001 0.347637
S100A9 < 0.001 0.344839
LXN < 0.001 0.343703
SLC15A3 < 0.001 0.340785
CYBRD1 < 0.001 0.335374
CMTM6 < 0.001 0.334918
BCAT1 < 0.001 0.330798
SPARCL1 < 0.001 0.33079
HLA-DQA1 < 0.001 0.330579
ENY2 < 0.001 0.330529
GPR52 < 0.001 0.325175
C8orf83 < 0.001 0.316285
SNRPB2 < 0.001 0.315692
CCL21 < 0.001 0.315508
CCL19 < 0.001 0.309933
TCEAL3 < 0.001 0.307393
DUSP4 < 0.001 0.306765
BMPR1A < 0.001 0.3038

Gene name P valuea  M value

AC012379.7 < 0.001 0.295964
HLA-DMB < 0.001 0.295288
CEBPD < 0.001 0.293497
MS4A7 < 0.001 0.292674
BLOC1S2 < 0.001 0.29234
MGST3 < 0.001 0.291837
COX7A1 < 0.001 0.29112
TRAM1 < 0.001 0.286865
FABP4 < 0.001 0.285985
geno < 0.001 0.285678
LMCD1 < 0.001 0.283035
FCGR1A < 0.001 0.275731
NPC2 < 0.001 0.271777
HLA-DOA < 0.001 0.270233
PLTP < 0.001 0.268902
CANX < 0.001 0.264815
CASC4 < 0.001 0.264445
RB1CC1 < 0.001 0.256793
GMFG < 0.001 0.256392
HK1 < 0.001 0.251146
UQCRB < 0.001 0.248705
CD48 < 0.001 0.244452
TIMP3 < 0.001 0.244286
RBP2 < 0.001 0.243123
GPX1 < 0.001 0.241845
C1orf54 < 0.001 0.241546
BCL2L10 < 0.001 0.24105
AMPD1 < 0.001 0.238858
LY96 < 0.001 0.237905
DARC < 0.001 0.237157
DACT1 < 0.001 0.237118
NA < 0.001 0.236671
EMP1 < 0.001 0.236582
LHFPL2 < 0.001 0.236535
DAD1 < 0.001 0.234797
OPCML < 0.001 0.233528
HAVCR2 < 0.001 0.233125
CCDC90B < 0.001 0.232219
TGFBR2 < 0.001 0.231656
APLP2 < 0.001 0.231171
ATP6V0E < 0.001 0.228941
TNFAIP8 < 0.001 0.228699
FMO4 < 0.001 0.228325
MAFB < 0.001 0.226949
MRPS16 < 0.001 0.225745
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MYL6 < 0.001 0.225721
RPS23 < 0.001 0.224501
GLRX < 0.001 0.220206
TMED3 < 0.001 0.218812
MTDH < 0.001 0.218269
COX7 < 0.001 0.217932
FBXL5 < 0.001 0.216259
MYADM < 0.001 0.213536
COX8A < 0.001 0.213534
NCF1C < 0.001 0.213385
ARL6IP5 < 0.001 0.212502
C18orf32 < 0.001 0.212458
PTRH2 < 0.001 0.211008
RNASEH2C < 0.001 0.210844
LSMD1 < 0.001 0.207684
CETN2 < 0.001 0.206773
MAF1 < 0.001 0.206624
LHFP < 0.001 0.206429
FAM82B < 0.001 0.206348
AP001453.6-1 < 0.001 0.20601
EHD4 < 0.001 0.205748
TMEM98 < 0.001 0.205489
SNAP23 < 0.001 0.205263
ZNF615 < 0.001 0.204742
MRPL1 < 0.001 0.204568
AC012467.9-1 < 0.001 0.204473
STMN2 < 0.001 0.204399
RABAC1 < 0.001 0.204014
SLCO2A1 < 0.001 0.203402
SERINC1 < 0.001 0.203259
LY6G6E < 0.001 0.20314
MS4A4A < 0.001 0.202261
LTBP2 < 0.001 0.202043
AC174470.1-1 < 0.001 0.201953
RPS27L < 0.001 0.200393
TNS1 < 0.001 0.200238
DDX50 < 0.001 0.200172
AC023024.6 < 0.001 0.199804
TMSB4Y < 0.001 0.199553
PLEKHQ1 < 0.001 0.199008
CORO1C < 0.001 0.198696
SAR1A < 0.001 0.198361
C8orf40 < 0.001 0.196555
genomic < 0.001 0.195571
CD58 < 0.001 0.193634
CPM < 0.001 0.193155
FEM1B < 0.001 0.192746

Gene name P valuea  M value

AP4E1 < 0.001 0.19264
SLC35B2 < 0.001 0.191996
SKP1A < 0.001 0.191538
RAF1 < 0.001 0.191529
HSBP1 < 0.001 0.191362
TSPO < 0.001 0.189687
DYNLT1 < 0.001 0.188951
GMFB < 0.001 0.188915
C11orf10 < 0.001 0.187973
NSMCE1 < 0.001 0.187659
GALNT1 < 0.001 0.187391
RAB6A < 0.001 0.186032
CASS4 < 0.001 0.185644
ATP6AP2 < 0.001 0.185174
GPBP1 < 0.001 0.184014
NOSIP < 0.001 0.183894
ARL3 < 0.001 0.183728
SRP14 < 0.001 0.183463
NDUFS4 < 0.001 0.183354
NDUFA2 < 0.001 0.182962
GLIPR1 < 0.001 0.182689
VPS4B < 0.001 0.182535
UBLCP1 < 0.001 0.181752
ATP5H < 0.001 0.181112
KPNA4 < 0.001 0.179846
TNFSF12 < 0.001 0.1793
PIG-Y < 0.001 0.178836
ABLIM3 < 0.001 0.178014
SPCS3 < 0.001 0.176735
TMEM126A < 0.001 0.176676
GPR34 < 0.001 0.175055
CD59 < 0.001 0.17474
RAB33B < 0.001 0.174147
ANKRD40 < 0.001 0.173975
EXOSC4 < 0.001 0.173958
CNN2 < 0.001 0.173753
UBE2B < 0.001 0.173606
PJA2 < 0.001 0.172364
RYK < 0.001 0.171211
PDCD10 < 0.001 0.170779
MFSD3 < 0.001 0.17019
SIRT1 < 0.001 0.169995
TIMM8B < 0.001 0.169406
SLC10A3 < 0.001 0.169181
C19orf63 < 0.001 0.168829
SSPN < 0.001 0.168148
SCAMP1 < 0.001 0.167932
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GRAMD3 < 0.001 0.167731
PAIP2 < 0.001 0.167588
SCYL3 < 0.001 0.167258
HSPB2 < 0.001 0.165055
GPR18 < 0.001 0.163811
ARHGDIA < 0.001 0.163608
SEC11B < 0.001 0.16275
NDUFB1 < 0.001 0.162722
ARHGAP15 < 0.001 0.162692
PAFAH1B2 < 0.001 0.162241
TOB2 < 0.001 0.161953
PCSK5 < 0.001 0.161807
CORO1B < 0.001 0.160134
TBCB < 0.001 0.157196
DNAJB12 < 0.001 0.157094
BCL7C < 0.001 0.156201
COQ10B < 0.001 0.155564
NDUFA13 < 0.001 0.155177
DHX29 < 0.001 0.152039
LMOD1 < 0.001 0.148742
EDIL3 < 0.001 0.147744
NA < 0.001 0.146649
DPH3 < 0.001 0.146078
MED31 < 0.001 0.145546
ANAPC13 < 0.001 0.145281
TCEB1 < 0.001 0.144743
CCNJ < 0.001 0.143103
ACTR10 < 0.001 0.14252
MAS1 < 0.001 0.141937
C6orf72 < 0.001 0.140791
PURA < 0.001 0.140079
HPS6 < 0.001 0.13969
SNX11 < 0.001 0.138967
THAP1 < 0.001 0.137101
RRAS < 0.001 0.135032
UBAP2L < 0.001 -0.131032
genomic < 0.001 -0.13125
RBMS3 < 0.001 -0.137437
AC114982.2-2 < 0.001 -0.138216
genomic < 0.001 -0.141469
GOLGA4 < 0.001 -0.143045
genomic < 0.001 -0.144057
NCAPD2 < 0.001 -0.145632
genomic < 0.001 -0.148082
SRRM2 < 0.001 -0.148768
UBE2I < 0.001 -0.150461
AMH < 0.001 -0.155392

Gene name P valuea  M value

FAF1 < 0.001 -0.157479
MSH3 < 0.001 -0.158945
NNT < 0.001 -0.159405
UBAP2 < 0.001 -0.159827
IPO9 < 0.001 -0.160119
NOP2 < 0.001 -0.160825
SLC30A5 < 0.001 -0.161221
genomic < 0.001 -0.161632
EXOC5 < 0.001 -0.16179
genomic < 0.001 -0.162694
FAM175A < 0.001 -0.162893
D2HGDH < 0.001 -0.164872
DARS < 0.001 -0.164999
ATP13A1 < 0.001 -0.165995
SPTLC3 < 0.001 -0.166729
PDAP1 < 0.001 -0.167065
genomic < 0.001 -0.167584
RBP5 < 0.001 -0.167774
DFNB31 < 0.001 -0.16792
USP10 < 0.001 -0.167965
ACAD11 < 0.001 -0.168574
SGTA < 0.001 -0.17013
SNAPC1 < 0.001 -0.170296
AGBL1 < 0.001 -0.170514
ZNF273 < 0.001 -0.171191
SDCCAG8 < 0.001 -0.172127
OCIAD1 < 0.001 -0.173122
SMG1 < 0.001 -0.173373
SDHA < 0.001 -0.17342
ALPK1 < 0.001 -0.173541
TNFRSF10B < 0.001 -0.174084
AOF2 < 0.001 -0.175035
AC004878.3 < 0.001 -0.175705
genomic < 0.001 -0.176035
WASH4P < 0.001 -0.17746
SFRS18 < 0.001 -0.179154
ARFGAP3 < 0.001 -0.179922
GANAB < 0.001 -0.181451
TARBP1 < 0.001 -0.181472
MRPL37 < 0.001 -0.182117
CMTM8 < 0.001 -0.182547
SENP6 < 0.001 -0.183199
QDPR < 0.001 -0.183302
RP11-504P24.4 < 0.001 -0.185048
PPM1G < 0.001 -0.188256
TBC1D3C < 0.001 -0.188974
C8B < 0.001 -0.190001
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PHB2 < 0.001 -0.190184
TGOLN2 < 0.001 -0.191156
AK3L1 < 0.001 -0.191319
GM2A < 0.001 -0.191345
LGTN < 0.001 -0.191511
HADH < 0.001 -0.19266
NSUN5 < 0.001 -0.192854
VPS37C < 0.001 -0.193516
SEC16A < 0.001 -0.19377
CITED2 < 0.001 -0.194096
SFRS1 < 0.001 -0.194962
NSUN5C < 0.001 -0.197356
AL603926.6-2 < 0.001 -0.198574
HAUS5 < 0.001 -0.198773
ELF1 < 0.001 -0.199026
XRCC2 < 0.001 -0.200853
PRPF4 < 0.001 -0.201045
TIA1 < 0.001 -0.201246
FKBP14 < 0.001 -0.201602
IQCG < 0.001 -0.202299
GPI < 0.001 -0.202308
TRIM25 < 0.001 -0.20235
genomic < 0.001 -0.202891
AC145146.2-1 < 0.001 -0.203703
MAGI3 < 0.001 -0.203916
EXOSC5 < 0.001 -0.204244
N4BP2L2 < 0.001 -0.204896
CDK2 < 0.001 -0.205157
SFRS16 < 0.001 -0.207366
RPLP2 < 0.001 -0.207586
CCNL1 < 0.001 -0.207685
ZFP42 < 0.001 -0.208984
GMNN < 0.001 -0.210315
AGPAT5 < 0.001 -0.210421
FAM110C < 0.001 -0.210775
MDK < 0.001 -0.211234
ASRGL1 < 0.001 -0.212196
ZNF202 < 0.001 -0.21609
LARP1 < 0.001 -0.217343
AC110285.14-1 < 0.001 -0.21761
genomic < 0.001 -0.21845
FOXK1 < 0.001 -0.218641
AC008268.3 < 0.001 -0.219726
GABRE < 0.001 -0.219965
CRABP1 < 0.001 -0.220304
AL354696.2 < 0.001 -0.220545
CYLC2 < 0.001 -0.221701

Gene name P valuea  M value

BCAR3 < 0.001 -0.221807
AC091565.10-1 < 0.001 -0.222143
AC020663.7 < 0.001 -0.223726
MAN1A1 < 0.001 -0.223938
SRC < 0.001 -0.224959
SLC8A1 < 0.001 -0.2282
PPP3CB < 0.001 -0.228527
C16orf70 < 0.001 -0.228712
genomic < 0.001 -0.229279
TH1L < 0.001 -0.230008
LUC7L < 0.001 -0.230893
CCL25 < 0.001 -0.232265
DNMBP < 0.001 -0.23308
HNRPA2B1 < 0.001 -0.234298
SULT1A4 < 0.001 -0.235575
FNBP4 < 0.001 -0.235902
LOXL2 < 0.001 -0.236463
PILRB < 0.001 -0.237083
TIGD1L < 0.001 -0.238024
ADAM19 < 0.001 -0.238209
LYL1 < 0.001 -0.238333
AK3 < 0.001 -0.238349
NACAP1 < 0.001 -0.241081
U2AF1 < 0.001 -0.241733
GSDMB < 0.001 -0.242933
DERL1 < 0.001 -0.243076
GPC3 < 0.001 -0.244172
RIOK3 < 0.001 -0.245563
RCBTB2 < 0.001 -0.247046
ZNF131 < 0.001 -0.248379
GPD1 < 0.001 -0.249275
KIAA0907 < 0.001 -0.250539
PAQR5 < 0.001 -0.251158
WASF2 < 0.001 -0.25313
MYO6 < 0.001 -0.25365
COG3 < 0.001 -0.254608
CDK5RAP3 < 0.001 -0.25538
CPS1 < 0.001 -0.255848
FZD5 < 0.001 -0.256734
IL1R1 < 0.001 -0.257508
PLCXD1 < 0.001 -0.258013
SIPA1L3 < 0.001 -0.258052
CEP135 < 0.001 -0.259258
SOBP < 0.001 -0.260812
SLC25A3 < 0.001 -0.265847
SIK2 < 0.001 -0.266343
HNRNPM < 0.001 -0.267847
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ECH1 < 0.001 -0.269734
CRYZL1 < 0.001 -0.27077
AC015871.7 < 0.001 -0.270982
RP11-395L14.17 < 0.001 -0.272755
PBX1 < 0.001 -0.274772
VEGF < 0.001 -0.276281
RIT2 < 0.001 -0.278502
CLC < 0.001 -0.279811
ERRFI1 < 0.001 -0.281214
PCK1 < 0.001 -0.282794
genomic < 0.001 -0.283785
genomic < 0.001 -0.291776
C1QTNF3 < 0.001 -0.293965
TMEM212 < 0.001 -0.294305
SNORD107 < 0.001 -0.295221
TMEM132B < 0.001 -0.306597
KRR1 < 0.001 -0.308602
PCBP4 < 0.001 -0.30937
KBTBD6 < 0.001 -0.311858
OR8D1 < 0.001 -0.312165
MAGT1 < 0.001 -0.313552
ADCY2 < 0.001 -0.320801
CDCA7 < 0.001 -0.321695
PTK2 < 0.001 -0.324891
KARS < 0.001 -0.327002
HIST1H2BG < 0.001 -0.329912
KIAA1984 < 0.001 -0.341268
TULP2 < 0.001 -0.343034
genomic < 0.001 -0.345793
RBM11 < 0.001 -0.349049
genomic < 0.001 -0.36352
SCML2 < 0.001 -0.365665
FSIP2 < 0.001 -0.367627
DENND2A < 0.001 -0.371577
ZNF91 < 0.001 -0.371866
genomic < 0.001 -0.372279
IGFBP3 < 0.001 -0.373623
SILV < 0.001 -0.374793
ZKSCAN1 < 0.001 -0.383675
XXbac-BPG154L12.4 < 0.001 -0.38803
PDCL < 0.001 -0.389997
PNN < 0.001 -0.390275
TJP2 < 0.001 -0.39428
NPIP < 0.001 -0.396858
RINT1 < 0.001 -0.398898
RHBDD1 < 0.001 -0.402844
AHSG < 0.001 -0.409878

Gene name P valuea  M value

ZNF14 < 0.001 -0.433266
XXyac-R12DG2.1 < 0.001 -0.435728
ARGLU1 < 0.001 -0.43859
CDC42SE2 < 0.001 -0.442361
AC233263.2-1 < 0.001 -0.443597
genomic < 0.001 -0.445538
C9 < 0.001 -0.450097
KIAA0556 < 0.001 -0.462836
MTBP < 0.001 -0.570936
AC005512.1-2 < 0.001 -0.582029
AP000944.1 < 0.001 -0.699301
CD14 < 0.001 0.343388
CSF1R < 0.001 0.328228
ARF5 < 0.001 0.208272
MXRA8 < 0.001 0.200078
TXNL4A < 0.001 0.191668
CTSD < 0.001 0.174588
GIPC1 < 0.001 0.166936
RUFY1 < 0.001 0.166848
SLC22A2 < 0.001 0.149071
AC026468.7-1 < 0.001 -0.134316
GPR84 < 0.001 -0.13698
KIAA0179 < 0.001 -0.1385
CIAO1 < 0.001 -0.140755
SEC31A < 0.001 -0.141258
TCERG1 < 0.001 -0.166973
ACP1 < 0.001 -0.188327
SLC38A4 < 0.001 -0.201505
KRT82 < 0.001 -0.2196
TYRL < 0.001 -0.280961
AC008869.5-1 < 0.001 -0.298749
GSN < 0.001 0.234904
EEF1D < 0.001 0.195605
MDFI < 0.001 0.183968
FAM173A < 0.001 0.167552
C2orf29 < 0.001 -0.128514
WSB1 < 0.001 -0.148578
PRSS21 < 0.001 -0.149937
ANKRD10 < 0.001 -0.153946
CREBZF < 0.001 -0.160632
GSTP1 < 0.001 0.240778
RAB31 < 0.001 0.214838
PLN < 0.001 0.209154
LYPLAL1 < 0.001 0.193906
QKI < 0.001 0.19079
genomic < 0.001 0.185556
MMADHC < 0.001 0.18359
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ARMET < 0.001 0.18267
SYNPO < 0.001 0.178645
IER3IP1 < 0.001 0.171517
OGN < 0.001 0.171091
CLEC11A < 0.001 0.165919
NGRN < 0.001 0.163705
PSMA3 < 0.001 0.162981
ZCRB1 < 0.001 0.158615
TBCA < 0.001 0.156207
C11orf73 < 0.001 0.147546
STX8 < 0.001 0.147343
TMEM50B < 0.001 0.142424
MYST3 < 0.001 0.140318
SOX18 < 0.001 0.136303
SERTAD3 < 0.001 0.134191
VPS13D < 0.001 -0.132977
MYSM1 < 0.001 -0.14411
UNC84A < 0.001 -0.145014
ESM1 < 0.001 -0.147562
SFRS18 < 0.001 -0.155905
C6orf12 < 0.001 -0.160317
DONSON < 0.001 -0.170755
AP000944.1 < 0.001 -0.19912
ATP10B < 0.001 -0.211137
SLCO1B3 < 0.001 -0.345794
HLA-DRB1 0.001 0.389348
EFR3A 0.001 0.157203
MAP4K2 0.001 0.155359
DPY19L4 0.001 0.148674
ACTR2 0.001 -0.142267
RBM6 0.001 -0.152659
TPX2 0.001 -0.20971
ACTA2 0.001 0.328825
APOD 0.001 0.198873
HOXB7 0.001 0.16739
ASF1A 0.001 0.154525
PYCRL 0.001 0.153974
ACSBG1 0.001 0.149273
RAPGEF4 0.001 0.139441
PTPRA 0.001 0.13717
TUSC2 0.001 0.135669
TMEM219 0.001 0.134658
RHOD 0.001 -0.123482
RP11-545I5.3 0.001 -0.134071
ARPC4 0.001 -0.135805
AC126564.7 0.001 -0.142728
AHSA2 0.001 -0.144559

Gene name P valuea  M value

CCDC122 0.001 -0.15518
RNF213 0.001 -0.155816
FOS 0.001 -0.338612
CETN3 0.001 0.167827
SERTAD1 0.001 0.133475
MCM7 0.001 -0.18169
INSIG1 0.001 -0.295002
ITGB2 0.002 0.248018
EPHA3 0.002 0.241585
NME1-NME2 0.002 0.214904
NAB1 0.002 0.1959
SLC7A7 0.002 0.189545
PPP1R2 0.002 0.180946
FILIP1L 0.002 0.160566
SLC27A1 0.002 0.149278
C21orf91 0.002 0.147539
ATP6V1D 0.002 0.145226
RBX1 0.002 0.143138
EHD1 0.002 0.126762
ATG9B 0.002 -0.119224
KLRC3 0.002 -0.136231
NUDC 0.002 -0.145921
TBC1D4 0.002 -0.168002
AP1GBP1 0.002 -0.185862
ADA 0.002 -0.259567
YIPF5 0.002 0.176941
TRIM13 0.002 0.173605
HSF1 0.002 0.17062
IFI27L2 0.002 0.166931
NUDT3 0.002 0.157117
ANXA11 0.002 0.153948
HS3ST2 0.002 0.147074
PEF1 0.002 0.12097
TUBE1 0.002 -0.126073
COL12A1 0.002 -0.144809
CEACAM8 0.002 -0.1536
ATXN3 0.002 -0.159005
SFRS2 0.002 -0.171244
HBZ 0.002 -0.315253
VSIG4 0.002 0.240838
DDAH2 0.002 0.218349
TM9SF3 0.002 0.210741
NCF2 0.002 0.20911
CHIT1 0.002 0.201889
MS4A6A 0.002 0.187403
GRN 0.002 0.177911
USP14 0.002 0.16896
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MAPRE1 0.002 0.161142
ICMT 0.002 0.146348
NDUFB8 0.002 0.135422
POLB 0.002 0.134877
ZBBX 0.002 0.123796
genomic 0.002 -0.113298
ALS2 0.002 -0.12235
MYO1E 0.002 -0.136151
ANAPC7 0.002 -0.138672
TFDP1 0.002 -0.141073
APBB2 0.002 -0.14688
U3 0.002 -0.150412
ITGAM 0.002 0.249907
SYS1 0.002 0.233451
BACH2 0.002 0.193574
C2orf12 0.002 0.186038
TCEAL4 0.002 0.160741
CCDC92 0.002 0.151228
ZMAT2 0.002 0.150724
EXOC6 0.002 0.13324
ARRB2 0.002 0.123332
CPT2 0.002 -0.120383
FZD7 0.002 -0.13481
DDX56 0.002 -0.138967
TBRG1 0.002 -0.140407
PRDX6 0.002 -0.155143
RGS5 0.002 -0.193762
TAX1BP3 0.003 0.225864
CD47 0.003 0.167877
JAK3 0.003 -0.123217
CBS 0.003 -0.180311
CPNE3 0.003 0.180256
PAN2 0.003 -0.130857
GMDS 0.003 -0.147961
MAP4K4 0.003 -0.155064
SLC38A2 0.003 -0.219405
C13orf15 0.003 0.221349
U2AF1 0.003 -0.128828
PARK7 0.003 0.161697
SRPRB 0.003 0.148255
AC068288.1 0.003 -0.114384
RBM33 0.003 -0.135831
UBE2D1 0.004 0.14177
LRRCC1 0.004 0.215754
S100A11P 0.004 0.191126
CDK2AP1 0.004 0.186404
IQGAP1 0.004 0.168413

Gene name P valuea  M value

SLAMF8 0.004 0.163548
ZNF268 0.004 0.14492
UBE2E2 0.004 0.139553
CD59 0.004 0.130326
C18orf21 0.004 0.123769
SPG21 0.004 0.122743
CDS2 0.004 0.120319
AC124287.10 0.004 -0.129204
AIPL1 0.004 -0.137954
RP3-452M16.1 0.004 -0.160251
DPT 0.004 0.166451
ASPN 0.004 0.395696
DEFA6 0.004 0.39004
MS4A6E 0.004 0.260201
NBPF1 0.004 0.179561
SLC1A3 0.004 0.153503
MARK2 0.004 0.126078
CALHM2 0.004 0.122475
SLC43A3 0.004 -0.117218
NEDD8 0.004 -0.165188
COL4A5 0.004 -0.176086
FAP 0.004 0.190836
NRIP1 0.004 0.160966
CDK4 0.004 0.14369
HERC4 0.004 -0.126748
MMD 0.005 0.159041
PSMB2 0.005 -0.135245
RBBP7 0.005 -0.217858
CFD 0.005 0.233842
CHMP1A 0.005 0.132395
OGFOD2 0.005 -0.11802
genomic 0.005 -0.122342
H2AFY 0.005 -0.126486
SLU7 0.005 -0.144556
genomic 0.005 -0.186212
PRAME 0.005 -0.230958
TALDO1 0.006 0.158597
FAM172A 0.006 0.141075
SDF2 0.006 0.126125
RHOXF2 0.006 -0.237364
PLEKHB1 0.006 0.151217
WBSCR1 0.006 -0.133997
BAT2D1 0.006 -0.151343
CDC42SE2 0.007 0.178731
MMP25 0.007 0.162246
DNTTIP2 0.007 0.12561
SFRS2IP 0.007 -0.133279
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Gene name P valuea  M value

SPIRE1 0.007 -0.153343
CD46 0.007 -0.244792
PITRM1 0.007 -0.122006
NOS1 0.007 -0.137415
MED13 0.007 -0.146236
RANBP1 0.007 -0.194992
SLC39A4 0.007 0.18372
TNKS1BP1 0.007 0.119025
EVI5 0.007 -0.127791
POP4 0.007 0.113743
AP000640.5-1 0.007 0.264503
IFI30 0.007 0.229473
CTNND1 0.007 0.150006
C21orf7 0.007 0.147034
DLG1 0.007 -0.133555
AP4B1 0.007 -0.149776
SORD 0.007 -0.15901
RP11-436K8.1 0.007 -0.177853
COPS5 0.008 0.164894
ZNF588 0.008 -0.191185
TMC5 0.008 -0.226496
TSC22D3 0.008 0.219499
SF3B5 0.008 0.158386
COMP 0.008 0.149513
CD300A 0.008 0.148836
SEC16B 0.008 -0.161135
STOML2 0.009 -0.162643
OXA1L 0.009 -0.173028
SIVA1 0.009 0.15502
COX17 0.009 0.133679
DNAJB11 0.01 0.134097
COPS4 0.01 0.128481
CNTNAP3 0.01 -0.118917
SFRS14 0.01 -0.119222
TAOK1 0.01 -0.123089
RP11-397O8.4 0.01 0.223815
PPP3CB 0.01 0.137012
PRKRA 0.01 -0.140415
HTATIP2 0.01 -0.167465
NA 0.011 -0.123948
genomic 0.011 -0.126591
ZNF623 0.011 -0.146901
ACADM 0.011 -0.176457
ACOX2 0.011 -0.204663
POLA2 0.011 -0.128493
CNOT7 0.011 0.208271
RELL1 0.011 0.157614

Gene name P valuea  M value

GAA 0.011 0.129986
DDX17 0.011 -0.139425
genomic 0.012 0.141704
GABARAPL2 0.012 0.130164
MEF2C 0.012 0.170683
ORMDL2 0.012 0.112995
KBTBD8 0.012 0.109083
C6orf89 0.012 -0.112763
S100A4 0.012 0.270248
ATP5H 0.012 0.148272
PLCD3 0.012 0.107668
THPO 0.012 -0.136544
TOR1AIP2 0.012 -0.156076
SERPINA7 0.012 -0.213522
PTDSS1 0.012 0.154841
GABARAP 0.012 0.131055
PRPF38A 0.012 -0.132492
SLC38A3 0.012 -0.185133
CAPZA2 0.013 0.196522
TTC1 0.013 0.124808
RP5-854E16.1 0.013 -0.118095
UBE2Q1 0.013 -0.292936
SKIV2L2 0.014 0.138501
CYP3A5 0.014 -0.112554
EXOSC1 0.014 0.128965
RNF13 0.014 0.121707
SPTAN1 0.014 -0.114985
SF3B3 0.014 -0.127469
AZGP1 0.014 -0.308959
genomic 0.014 0.1579
TMED9 0.014 0.135758
SPG21 0.014 -0.126299
BLMH 0.014 -0.137372
IER5 0.014 -0.163754
PFKM 0.015 -0.124674
RNF181 0.015 0.12795
RELN 0.015 -0.140821
RHOC 0.016 0.166175
RRM2B 0.016 0.142468
MRPS28 0.016 0.115343
GPR172A 0.016 0.168672
STC2 0.016 -0.150174
SLC17A7 0.016 -0.183985
IFI6 0.017 0.399226
NDUFB7 0.017 0.116195
SLC30A1 0.017 -0.125767
PI4KA 0.017 -0.169717
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Gene name P valuea  M value

ZFR 0.017 0.116855
SVIL 0.017 -0.124322
LUC7L2 0.017 -0.139062
ZNF121 0.017 -0.359435
GNAI2 0.017 0.163855
FAM49B 0.018 0.16355
GSTM3 0.018 0.270821
HMBOX1 0.018 -0.113974
ATF4 0.019 -0.140876
VCAM1 0.019 0.190154
STK38 0.019 -0.167862
CSAG3 0.019 -0.431002
AMD1 0.019 0.12544
ACO1 0.019 -0.112245
SDR39U1 0.019 -0.148529
SERPIND1 0.019 -0.25324
CTSS 0.019 0.239414
RBM18 0.019 0.11904
AC091849.2-1 0.019 -0.129848
ZNF274 0.02 0.149083
FIS1 0.021 0.180842
IQCH 0.021 0.151677
ZNHIT2 0.021 0.134755
FKBP1B 0.021 -0.21594
SSR3 0.021 0.118645
SOD2 0.021 -0.124047
FCGR2B 0.021 0.206397
KIAA0040 0.021 0.136293
MRPS22 0.021 0.131075
YTHDC1 0.021 -0.116253
CRNN 0.022 0.135076
RP4-581F12.2 0.022 0.124732
DAPK3 0.022 0.119715
FNTA 0.022 0.182173
SLIT3 0.022 -0.143049
CCL3 0.023 0.242637
ZNF611 0.023 -0.1079
NGLY1 0.023 -0.143987
SPAG5 0.023 0.180646
PSIP1 0.023 0.169831
FVT1 0.023 0.153943
LLGL2 0.023 0.127875
IL2RG 0.024 0.15185
TTTY7 0.024 0.139818
HTRA1 0.025 0.278675
EML4 0.025 -0.178585
ROCK1 0.025 -0.133597

Gene name P valuea  M value

YWHAZ 0.026 0.13388
UBE2Z 0.026 0.118205
CD8BP 0.026 -0.305308
CREBL2 0.026 0.173964
MGAT2 0.027 0.110992
ZNF614 0.028 -0.128392
EXT1 0.028 -0.200233
C4orf18 0.028 0.223548
S100A13 0.028 0.123432
AURKA 0.028 -0.150518
FOLR3 0.029 -0.113739
LY86 0.029 0.138874
GTF2A2 0.029 0.14975
ROCK2 0.029 -0.189896
CNBP 0.029 0.109054
RBP7 0.03 0.111739
CBWD2 0.03 -0.143738
IL7R 0.032 0.138124
NCAPG2 0.032 -0.144959
ABHD12 0.032 0.138442
SIRPA 0.032 0.121444
GATAD1 0.032 -0.111227
MOXD1 0.033 0.190197
RP11-480I12.9 0.033 0.140645
CDC16 0.033 -0.128238
DAP3 0.033 -0.141483
SYNPO2 0.033 0.191143
AREGB 0.033 0.178348
KNTC1 0.033 -0.116171
VPS13A 0.033 -0.137167
TGFB3 0.034 0.155567
TMX1 0.034 0.125519
SCGB1D2 0.034 0.174542
RP11-345P4.4 0.034 -0.122775
ZNF37A 0.034 -0.162986
KRT15 0.034 -0.117362
NUP155 0.034 -0.132323
MDH2 0.035 -0.184061
ANAPC11 0.035 0.149745
CD83 0.035 0.124599
GLT8D2 0.035 0.110106
CARD6 0.035 0.142974
NUS1 0.036 0.130699
NAGA 0.036 0.119116
TNFRSF18 0.036 0.143307
RP11-93B14.6 0.036 -0.172717
UBL5 0.037 0.127561
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Gene name P valuea  M value

NKTR 0.038 -0.141155
NA 0.038 0.156122
XRCC1 0.038 0.148644
CBX5 0.038 -0.114554
ASS1 0.039 -0.289711
TCEAL8 0.039 0.163485
DLK1 0.039 -0.133012
genomic 0.04 0.158913
AP3S2 0.041 0.153683
HAMP 0.041 -0.332968
ASPH 0.042 0.139692
AC009086.6-1 0.042 0.162688
IARS 0.042 -0.15188
PRKAB2 0.043 -0.102741
PAK1IP1 0.043 0.151653
LILRB2 0.043 0.209717
genomic 0.044 0.150642
ACYP1 0.044 -0.161306
ICOSLG 0.044 0.104937
CHRFAM7A 0.045 -0.140054
RAD21L1 0.045 -0.180417
SDCBP 0.045 0.182232
NBPF4 0.045 0.143871
WDR77 0.046 -0.132862
CCDC6 0.046 0.156356
NUP88 0.046 0.147718
MAP3K7IP2 0.047 0.129909
YPEL5 0.047 0.141696
SPTBN1 0.048 0.14493
COMMD3 0.048 0.131095
CDCA3 0.048 -0.141512
GTF2H3 0.048 -0.111046
PRKAG2 0.05 -0.107397

a P values adjusted for multiple testing with Benjamini-Hochberg.
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Training   Allb Validation 
Allc

Validation 
Strictd

Validation 
UMCUe

Validation 
PBf

Validation 
PB treatedg

Accuracy 87% 57% 61% 41% 63% 58%

Sensitivity 85% 58% 67% 38% 63% 64%

Specificity 89% 55% 55% 44% 64% 40%

PPV 93% 61% 64% 38% 71% 75%
NPV 77% 52% 58% 44% 54% 29%
AUC 0.87 0.57 0.61 0.41 0.63 0.52
ORh 
(P value/corrected P 
value)

43.02
(<0.001/<0.001) 

1.69 
(0.55/0.77)

2.39 
(0.22/0.50)

0.5
(0.64/0.77)

2.8
(0.25/0.50)

1.2 
(1/1)

Abbreviations: DFS, disease free survival; UMCU, UMC Utrecht; PB, Paul Brousse; PPV, positive predictive value; NPV, nega-
tive predictive value; AUC, area under the curve; OR, odds ratio
a High risk (DFS ≤ 1 year) vs low risk (DFS > 1 year).
b Signature trained on all samples in training set and validated on all samples in training set. 
c Signature trained on all samples in training set and validated on all samples in validation set. 
d Signature trained on samples in training set, validated on samples in validation set. For the training step high risk was 
defined as DFS ≤ 6 months and low risk as DFS > 24 months.
e Signature trained on UMC Utrecht samples in training set and validated on UMC Utrecht samples in validation set.
f Signature trained on Paul Brousse samples in training set and validated on Paul Brousse samples in validation set. 
g Signature trained on Paul Brousse samples treated with neoadjuvant chemotherapy in training set and validated on Paul 
Brousse samples treated with neoadjuvant chemotherapy in validation set.
h Odds ratio for DFS ≤ 1 year (High Risk prediction vs Low Risk prediction). P values are based on Fisher’s exact test.

Table S5 Signature performances for predicting DFS as a dichotomous outcomea
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Background: The most limiting factor for effective IVF treatment is successful embryo im-
plantation. Most embryos transferred after IVF fail to implant. Recurrent implantation failure 
(RIF) is an extreme manifestation whereby couples fail to achieve clinical pregnancy despite 

consecutive transfers of good quality embryos. Previous transcriptomic studies have identified endo-
metrial gene expression patterns characteristic of the window of implantation.  Such gene expression 
patterns may be disregulated in RIF patients. Here, we therefore investigated whether endometrial gene 
expression differs for women with RIF and whether a RIF predictive gene set could be identified and 
validated.
Methods and Findings: Mid-luteal phase endometrial biopsies (n=115) were collected during the nat-
ural cycle from two serial cohorts (n=45 and n=70). Each cohort consisted of women with RIF, defined 
as ≥3 failed IVF/ICSI treatments or transfer of ≥10 embryos without the occurrence of a pregnancy, as 
well as controls, who conceived promptly upon IVF/ICSI treatment. Microarray gene expression profil-
ing and subsequent analyses were performed to identify and validate a gene expression signature predic-
tive of RIF. Samples from 43 women with RIF and 72 controls were randomly divided into a signature 
discovery set (n=81, 38% RIF) and an independent validation set (n=34, 35% RIF). A predictive gene 
signature containing 303 genes was identified in the signature discovery set by an iterative cross-valida-
tion approach, and then further validated on an independent set. This showed that the gene expression 
signature was able to predict the RIF phenotype with 100% positive predictive value (PPV, 95%CI: 65-
100%). The negative predictive value (NPV) corresponding to prediction of the absence of RIF was 81% 
(95%CI: 63-92%). Exploration of the dataset indicates that RIF is primarily associated with reduced 
gene expression. Besides reduced expression of several processes associated with cellular proliferation, 
RIF is also characterized by reduced expression of cilium components and many gene-specific transcrip-
tion factors. Based on the strength of the RIF associated expression signature, the RIF patients could be 
further stratified into distinct groups with different implantation success rates, including a group where 
RIF is not associated with expression changes in the endometrium. 
Conclusions: Comparison of endometrial gene expression between a large cohort of RIF patients and 
controls shows that there is an expression signature in the majority of RIF patients that allows them 
to be distinguished from controls with high implantation success. The expression signature also per-
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forms well on an independent validation cohort, 
providing the basis for development of a diagnos-
tic approach to identify the endometrial factor 
in infertility. This will be of value in counselling 
and guiding further treatment of women who fail 
to conceive upon IVF. The RIF associated gene 
sets also suggest new avenues for developing inter-
vention. Evaluation of the RIF expression-based 
predictor in a prospective, multi-center cohort of 
IVF/ICSI patients is an essential next step.

INTRODUCTION

After four decades of in vitro fertilisation (IVF) 
treatment the capability to improve fecundity can 
be considered to have been disappointing. Despite 
advances in assisted reproductive techniques 
(ART), the majority of IVF attempts still do not 
result in a successful pregnancy. Failure of implan-
tation of morphologically sound embryos now rep-
resents the major limiting step in IVF success. A 
significant proportion of couples undergoing IVF 
experience recurrent implantation failure (RIF), a 
devastating occurrence for patients in which serial 
transfers of high quality embryos fail to result in 
a pregnancy. 
 RIF has been defined as the absence of 
implantation after three or more transfers of high 
quality embryos or after placement of 10 or more 
embryos in multiple transfers1,2. Literature on the 
incidence of RIF is scarce. Calculations based on 
outcomes of recent years in our university based 
clinic estimate that 6 to 8 percent of couples 
undergoing treatments which include embryo 
transfers, experience RIF (data unpublished). 
The probability of a systemic underlying cause for 
implantation failure in these patients, rather than 
simply a chance effect, has been studied intensive-
ly2-7. Multiple aetiologies for implantation failure 
have been proposed but until recently the primary 
focus has been on the embryo, and in particular 
the impact of aneuploidy4,8,9. Maternal factors may 
also contribute to this distressing condition and 

the clinical approach to investigating RIF now 
involves the exclusion of thrombophilic gene muta-
tions, autoimmune conditions and uterine anoma-
lies2,6,10,11. In recent years however, it has become 
apparent that a less receptive endometrium could 
represent an important contributor to this condi-
tion10,12,13.
 Recent studies have advanced our under-
standing of the mechanisms which renders the hu-
man endometrium receptive for a limited period in 
the mid-luteal phase of the menstrual cycle, and of 
the biological significance of this putative ‘window 
of receptivity’10,14-16. Although no single, clinically 
relevant morphological, molecular or histological 
marker capable of indicating endometrial receptiv-
ity has been identified, global transcriptomic and 
secretomic analyses of human endometria are now 
providing us with novel insights into patterns of 
gene and protein expression which characterise the 
receptive endometrium.
 Endometrial gene expression has been 
shown to be sensitive to cyclical hormonal regula-
tion15,17-21, ovarian stimulation for IVF22-24 and to 
be disrupted in the presence of gynaecological 
pathologies such as endometriosis25,26 or during the 
use of an intrauterine device27. Genome-wide anal-
yses have yielded insight into mRNA expression 
changes during the natural endometrium cycle28 
and how this differs compared to controlled ovar-
ian stimulation24. Growing evidence supports the 
concept of a receptive gene expression profile21,29,30, 
which may be disrupted in patients experiencing 
RIF12,13,21. The potential value of identifying a gene 
expression profile predictive of RIF is considerable 
as this would not only guide prognosis, but inform 
appropriate and effective therapeutic interven-
tion13,31.
 Thus far studies that directly compare 
endometrial mRNA expression in RIF patients 
with controls, have been limited12 and not subject 
to validation on an independent cohort, a require-
ment to draw any firm conclusions. This is in part 
due to the challenge of recruiting sufficient partici-
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pants willing to undergo an endometrium biopsy. 
In a different approach, a selected subset of genes 
with altered expression in the endometrium dur-
ing the natural cycle of healthy women32 has been 
studied in RIF patients, but a significant associa-
tion with RIF was not found for this particular 
subset of genes31. In the study presented here, we 
sought to rigorously determine whether endome-
trial gene expression differs between women with 
RIF and controls, with the goal of identifying and 
validating a gene expression signature capable of 
distinguishing RIF.

METHODS

Study design and tissue collection
The study consists of two serial cohorts. In each cohort 
women experiencing RIF and fertile IVF/ICSI controls 
participated. The study was approved by the Medical 
Review Ethics Committee of the University Medical 
Center Utrecht and the Medical Review Ethics Commit-
tee of the Academic Medical Center. Written informed 
consent was obtained from all participating subjects. 
 All participants had undergone IVF/ICSI 
treatment in two tertiary referral academic hospitals. 
They were aged ≤38 years at time of biopsy (one patients 
39 and 5 days at biopsy, 38 at diagnosis RIF), had regu-
lar menstrual cycles of 25-35 days, and did not use oral 
contraceptives or an intra-uterine device. 
 RIF was defined as ≥3 failed IVF/ICSI treat-
ments or transfer of ≥10 embryos without the occurrence 
of a pregnancy. A pregnancy was defined as a positive 
HCG serum test or a positive at home urine test 14 days 
after embryo transfer. Patients in which an embryo fac-
tor was expected to be the cause of implantation failure, 
or with poor ovarian response (<4 oocytes retrieved) on 
adequate ovarian stimulation, were excluded. Patients 
with known disturbances in the uterine cavity or endo-
metrium pathology, such as uterine anomalies, hydrosal-
pinx and endometriosis, were excluded. All RIF patients 
were screened for relevant inherited and acquired throm-
bophilias and abnormalities in glycosylated haemoglobin 
(HbA1c) and thyroid-stimulating hormone (TSH) levels, 
and excluded when aberrant. 
 The control group consisted of healthy women 
who had conceived within the first three cycles of IVF or 
ICSI treatment. ICSI treatment was performed when a 
severe andrologic factor was present, IVF was indicated 
when unexplained infertility, tubapathology and a mild 
andrologic factor were aetiologic factors.
 Between June 2006 and November 2007, the 
first cohort of 22 RIF patients and 23 controls (in this co-

hort only ICSI treatment) participated in the University 
Medical Center Utrecht (UMCU) in Utrecht. Between 
October 2011 and May 2013, the second cohort was re-
cruited in the UMCU and the Academic Medical Center 
(AMC), in Amsterdam, consisting of 21 RIF patients 
and 49 controls (26 after ICSI and 23 after IVF treat-
ment).  
 An endometrial biopsy was scheduled 6 or 7 
days after the putative luteinizing hormone (LH) surge 
in a natural cycle in patients and controls, which is 
considered to be a representative day of the window of 
implantation. The biopsy was never performed in the 
first natural cycle after an unsuccessful IVF or ICSI cy-
cle, to eliminate the effect of hormonal influence from the 
ovarian stimulation treatment. Due to scheduling wishes 
of the participants, several biopsies were performed late 
on day 5 or early on day 8 after the LH surge: 1 biopsy 
in the first cohort was performed on the evening of the 
5th day post LH surge, whereas in the second cohort, 7 
biopsies were performed on the evening of the 5th day 
and 9 biopsies on the early morning of the 8th day post 
LH surge. Urinary LH was monitored by a home LH 
ovulation predictor kit (Ovulady, Clindia Benelux, The 
Netherlands). Biopsies were collected using an endo-
metrium sampling device (Endobiops Standard CH9, 
Gynotec,The Netherlands) under sterile conditions. The 
sample was snap frozen in liquid nitrogen and stored at 
-80 °C until use.

Gene expression profiling

RNA isolation
Total RNA was isolated from individual tissue samples 
using Trizol reagent (Invitrogen) following the manufac-
turer’s protocol (including optional centrifugation), fol-
lowed by a purification using the RNeasy Mini Kit (Qia-
gen) and a DNAse treatment using the Qiagen DNA-free 
kit. The yield and quality of total RNA was checked 
by spectrophotometry and by the Agilent Bioanalyser 
(Agilent, Belgium). All 115 samples showed good RNA 
quality, with clear 18S and 28S ribosomal bands and 
RNA integrity numbers (RIN) between 5 and 10.

Microarray hybridization
For each total RNA sample, two expression profiles were 
generated in dye-swap. The samples of both patients and 
controls were compared against a commercial reference 
(Universal Human Reference RNA catalog #740000, 
Stratagene). The microarrays were human whole genome 
gene expression microarrays V2 (Agilent, Belgium) rep-
resenting 34127 H.sapiens 60-mer probes in a 4x44K lay-
out. Probe sequences from this array were re-annotated 
by BLAST-searching against database version 71.37 
at ENSEMBL. cDNA synthesis, cRNA amplification, 
labeling, quantification, quality control and fragmenta-
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tion were performed with an automated system (Caliper 
Life Sciences NV/SA, Belgium), starting with 3 μg total 
RNA from each sample, all as previously described in 
detail33. Microarray hybridization and washing was with 
a HS4800PRO system with QuadChambers (Tecan, Ben-
elux) using 1000 ng, 1-2% Cy5 or Cy3 labeled cRNA per 
channel as described33. Slides were scanned on an Agilent 
G2565BA scanner at 100% laser power, 30% PMT. 

Data normalization
After automatic data extraction using Imagene 8.0 (Bio-
Discovery), the mean spot intensities were normalized 
using quantile normalization34 and the two dye-swapped 
profiles per sample were merged by averaging the fold 
changes. Quality control checks using principal compo-
nent analysis (PCA, sva R package35) indicated batch 
effects as well as a correlation between gene expression 
variation and the time of biopsy relative to the LH surge 
(figure S1A & table S1). Both effects were modelled for 
each gene individually using linear models (limma R 
package36) and the effect estimates were used to trans-
form the data. Because one of the groups consisted of 
only six samples (“cohort 2, batch 2”), rather than fit-
ting a single model including biopsy timing, batch and 
sample class, we opted to estimate the biopsy timing 
effect using all control samples from the first batch of 
the second cohort (n=45). This avoided confounding 
the biopsy timing effect with the batch effect (by only 
including a single batch) or with the sample effect (by in-

cluding only control samples). The effects estimates were 
used to transform the data using LH+7 as a reference 
thereby removing the biopsy timing effect (figure S1B, 
right panel and table S1). Batch effects were similarly 
removed. One batch effect was between the two cohorts. 
The second cohort also separated into two batches which 
had been processed for expression profiling in separate 
runs (figure S1A, B left panels, table S1). The batch ef-
fects were estimated using only control samples (n=72). 
This avoids confounding the batch effect with the sample 
effect (by including only control samples). After estimat-
ing the batch effect the data was transformed using the 
first batch of the second cohort as the reference. Figure 
S1C shows the transformed data used for all subsequent 
analyses, devoid of major biopsy timing or batch effects 
(table S1).

Data analysis

Signature discovery
For RIF signature discovery, a randomly selected subset 
of samples (signature discovery set, n=81, 38% RIF) was 
created whereby the ratio of RIF patients to controls 
was kept similar to the full complement of samples. The 
remaining samples were assigned to the validation set 
(n=34, 35% RIF).
 For signature discovery, array probes with 
a low median intensity in the samples (log2 ≤6) were 
filtered out, as were probes with a standard deviation of 

Category Subcategory RIF patients  Controls p-Valuea

Subjects, n 43 72

Female ageb, mean (range) 34.0 (27-38) 34.6 (26-39) 0.204

BMI, mean (range) 23.7 (19-37) 25.0 (19-53) 0.288

Smokingc, n (%) 1 (2) 8 (11) 0.087
Primary infertility, % 79 90 0.162
Cause of infertilityd, n (%) Andrological 28 (65) 52 (72) 0.110

Unexplained subfertility 6 (14) 15 (21)
Tubal pathology 6 (14) 2 (3)
Unknown 3 (7) 3 (4)

Treatment history before biopsy Embryo transfers, mean (range) 5.3 (3-12) 2.4 (1-18) 2.9 x 10-12
Transferred embryos, mean (range) 7.8 (3-18) 3.1 (1-30) 2.8 x 10-13
Implantations, mean (range) 0.3 (0-2) 1.4 (1-3) 4.0 x 10-15
Implantation ratee, mean % 3 63 <2.2 x 10-16

Abbreviations: BMI, body mass index.
a P values were calculated using the Mann-Whitney test for continuous data and Fisher’s exact test for count data (both 
two-sided). 
b Age at biopsy.
c Number of patients who smoked (range: 1-10 cigarettes). 
d Percentage of patients who were nulliparous at entrance of IVF/ICSI treatment (unknown for 1 patient & 3 controls).
e Implantations/transferred embryos. 
 

Table 1 Patient characteristics at time of biopsy
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Figure 1 Signature discovery and validation

This figure shows SVM classifier results on the signature discovery (A) and validation (B) sets. RIF signature genes were first 
determined on the signature discovery sample set by 100 rounds of cross-validation (figure S2, Methods). Using these 303 
genes, panel A shows SVM classifier scores for the signature discovery set (patients: red, controls: blue) using leave one 
out cross validation. Samples with a score below 0.5 are predicted to be controls, those with a score of 0.5 or higher are 
predicted to be RIF patients (the threshold is shown as a dotted line). Panel B shows all samples from the validation set 
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expression fold-change versus the reference material that 
was below the median standard deviation of all probes. 
Both median intensity and standard deviation were 
based on the signature discovery set measurements. The 
intensity filtering was performed to eliminate lowly ex-
pressed genes, which are inherently more prone to meas-
urement noise. Filtering against low standard deviation 
eliminates stably expressed genes with little variation 
among samples. After filtering expression measurements 
for intensity and standard deviation, 15502 of the 34217 
initial array probes remained (12198 of 22395 unique 
genes).
 Signature discovery consisted of 100 rounds of 
randomly selecting a training subset (4/5 of all samples) 
from the signature discovery set (resampling without 
replacement) which was subsequently used to rank genes 
based on their potential to differentiate RIF patients from 
controls (figure S2). The signal to noise ratio was used 
as the ranking metric37. The 100 top ranked genes were 
used to build a linear support vector machine (SVM) 
classifier (e1071 R package) using the training subset 
as input. The SVM classifier was built with the option 
to compute class probabilities. We termed the resultant 
probability estimate the signature score and used a cutoff 
of 0.5 (equal probabilities for either class) for classifica-
tion (<0.5 control classification, ≥0.5 RIF patient clas-
sification). The trained SVM classifier was employed to 
predict the class of the samples not part of the training 
subset (test subset). This procedure was repeated 100 
times recording the genes selected as well as the predic-
tion results used for generating the ROC curve. After 100 
rounds, genes were ranked based on the number of times 
they appeared in the list of 100 top genes and all genes 
that appeared >5 times or more were selected into the 
final gene signature (figure S2). This final gene signature 

contained 320 array probes which represented 303 unique 
genes. For the sake of consistency, this is referred to as 
the 303-gene signature. Leave-one-out cross-validation 
was used to test the effectiveness of this gene signature 
on the signature discovery set (using an SVM classifier).
Finally, as an independent validation of the gene signa-
ture, an SVM classifier was built using the full signature 
discovery set as input and this classifier was employed 
to predict the class of the samples in the validation set, 
which had not been used in any of the previous steps 
to ensure an independent validation. See figure S2 for a 
graphical representation of the signature discovery and 
validation procedures.
 ROC curves for classifier performance were 
calculated and plotted using the pROC R package38.

Gene function analysis
To explore the processes differentially regulated between 
RIF patient and controls gene set enrichment analysis 
(GSEA)39 was performed using the generic GO slim 
subset of Gene Ontology (GO) terms40 as gene sets 
(database version 2013-03-02). First we calculated the 
t-statistic for every gene by contrasting log2 fold changes 
of RIF patients against controls. Secondly, for every gene 
set/GO term, we calculated a gene set Z-score, based on 
the gene specific t-statistics, which enabled calculation of 
a two-sided p-value for every GO term from the standard 
normal distribution41. Reported p-values were corrected 
for multiple testing using Bonferroni correction. 

Patient Stratification
During the iterative rounds of signature discovery we 
noticed that RIF patients in the signature discovery set 

scored based on the SVM classifier trained on all samples in the signature discovery set. Panel C shows the ROC curves for the 
results shown in A (blue line) and B (green line). The Area Under the Curve (AUC) with the 95% CI is shown next to the curves. 
The dots indicate the point of the ROC curve that corresponds with the threshold used for classification (0.5) 

Signature Discovery Validation

NPV, % (95% CI)a 94.0 (83.8-97.9) 81.5 (63.3-91.8)

PPV,  % (95% CI) 90.3 (75.1-96.7) 100 (64.6-100)

Sensitivity, % (95% CI) 90.3 (75.1-96.7) 58.3 (32.0-80.7)

Specificity, % (95% CI) 94.0 (83.8-97.9) 100 (85.1-100)
Overall accuracy, % (95% CI) 92.6 (84.8-96.6) 85.3 (69.9-93.6)
P valueb 3.83 x 10-13 0.0147

Abbreviations: NPV, Negative predictive value; PPV, positive predictive value; 95% CI, 95 percent confidence interval.
a Confidence intervals were calculated using the Wilson method.
b P values were calculated using Fisher’s exact test (two-sided). 

Table 2 Classification metrics
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Figure 1 Gene set enrichment analysis

Panels A to D show the gene expression of RIF patients compared against controls (log2 fold change or M) and the average 
expression across all samples (log2 sample intensity). Panels A to C each focus on an example of a Gene Ontology term 
which was found to be significant in GSEA. Genes in the GO term up-regulated in RIF patients are shown in yellow, genes 
down-regulated in blue. Shown in red are the genes which are also part of the 303-gene signature. Genes that are not part 
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were not all predicted equally well, with some consist-
ently misclassified as controls, while others were cor-
rectly classified in most cases. To investigate this, the 
signature discovery procedure was repeated, only now 
including all patients and controls (n=115) and using 
1000 resamplings instead of 100. In each iteration the 
outcomes of the predictions were recorded and an overall 
error rate was calculated (false predictions / number of 
predictions) for every patient. The patients were divided 
into three groups based on two, arbitrarily chosen, error 
rate thresholds (0.1 and 0.9).   

RESULTS

Patients and samples
Mid-luteal phase endometrial biopsies were ob-
tained from 43 women with RIF, and 72 controls, 
i.e. women who gave live birth after IVF/ICSI. 
Clinical characteristics of the RIF patients and 
controls are described in Table 1. No significant 
differences in age, BMI, smoking, number of pa-
tients with primary infertility and cause of infertil-
ity were identified between controls and RIF pa-
tients. As a corollary of selection criteria, the mean 
number of embryo transfers carried out before 
endometrial sampling was greater in RIF patients 
than controls (5.3 vs. 2.4), together with the mean 
number of transferred embryos (7.8 vs. 3.1). No 
more than two embryos were inserted in the uter-
ine cavity per transfer and for patients under the 
age of 36, only single embryo transfers were per-
formed during the first two IVF or ICSI attempts. 
The mean implantation rate per replaced embryo 
for RIF patients was 3.2%, compared with 62.7% 
in the control group. Six patients in the RIF group 
reported having a live birth before embarking on 
further unsuccessful IVF/ICSI treatment. Two de-

rived from spontaneous conception and four from 
multiple ART treatments. All six subjects met 
the criteria for inclusion in the RIF group after 
failing multiple IVF/ICSI treatments trying to 
conceive a second child. Nineteen patients (26%) 
from the control population had delivered two live 
births and four patients (6%) delivered three live 
births after ART treatment prior to inclusion in 
the study.

Expression profiles
mRNA expression profiles were successfully ob-
tained from all samples. Principle component 
analysis (PCA) indicated batch effects and an 
effect related to slight variations in the biopsy 
timing (Methods, figure S1 and table S1). The 
batch effects were consistent with the batch-wise 
processing of samples and were successfully re-
moved by statistical modeling (Methods, figure S1 
and table S1). A minor batch effect related to the 
medical center where the biopsy was performed 
was not removed because the number of samples 
was too small to accurately model the effect (n=9 
for AMC versus n=106 for UMC Utrecht). None 
of the other variables (age, BMI, smoking, nature 
of infertility and nature of treatment) showed a 
significant effect on the gene expression profiles 
(figure S3 & table S2). 

Gene signature based prediction
As described in detail in the Methods section, 
samples were randomly assigned into a signature 
discovery set (n=81) and an independent valida-

of the GO term are shown as a blue density map where darker blue indicates higher gene density. Panel D shows all the 
genes of the gene signature. Panel E shows a selection of 85 genes from the 303-gene signature and 35 GO terms in which 
they are involved. The genes selection was based on the number of GO terms associated to the gene (>5), the GO terms 
were selected based on their statistical significance in the GSEA and the number of genes associated (>5). The bars below 
the gene names and to the right of the GO terms indicates whether a gene/GO term is up-regulated in RIF patients (red) or 
down-regulated (green). All other colours are solely for visualization purposes and do not indicate strength of association. 
The rows and columns are clustered based on Euclidean distance. For an unfiltered version see figure S6. 
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GO Identifier Descrip!ion Z-score p-Value

GO:0005634 nucleus -14.82 1.36 x 10-47

GO:0005886 plasma membrane 12.90 5.73 x 10-36

GO:0005694 chromosome -12.64 1.67 x 10-34

GO:0007049 cell cycle -12.16 6.99 x 10-32
GO:0006259 DNA metabolic process -11.62 4.35 x 10-29
GO:0004871 signal transducer activity 11.46 2.79 x 10-28
GO:0034641 cellular nitrogen compound metabolic process -11.06 2.61 x 10-26
GO:0005576 extracellular region 10.61 3.62 x 10-24
GO:0005815 microtubule organizing center -10.34 6.28 x 10-23
GO:0005654 nucleoplasm -10.10 7.60 x 10-22
GO:0003677 DNA binding -9.86 8.37 x 10-21
GO:0051276 chromosome organization -9.43 5.73 x 10-19
GO:0007067 mitosis -9.02 2.46 x 10-17
GO:0006397 mRNA processing -8.64 7.57 x 10-16
GO:0009058 biosynthetic process -8.58 1.30 x 10-15

GO:0005615 extracellular space 8.55 1.69 x 10-15
GO:0051301 cell division -8.47 3.20 x 10-15
GO:0007059 chromosome segregation -8.41 5.28 x 10-15
GO:0005739 mitochondrion -8.38 7.31 x 10-15
GO:0043234 protein complex -8.31 1.27 x 10-14
GO:0003723 RNA binding -8.06 9.98 x 10-14
GO:0005929 cilium -7.39 2.03 x 10-11
GO:0002376 immune system process 6.56 7.42 x 10-09
GO:0022607 cellular component assembly -6.40 2.13 x 10-08
GO:0007267 cell-cell signaling 6.36 2.68 x 10-08
GO:0065003 macromolecular complex assembly -6.19 8.19 x 10-08
GO:0000228 nuclear chromosome -6.18 8.59 x 10-08
GO:0022857 transmembrane transporter activity 6.16 9.95 x 10-08
GO:0030198 extracellular matrix organization 6.08 1.63 x 10-07
GO:0005840 ribosome -6.04 2.06 x 10-07
GO:0005829 cytosol -5.66 2.05 x 10-06
GO:0007155 cell adhesion 5.56 3.53 x 10-06
GO:0040011 locomotion 5.44 7.15 x 10-06
GO:0007165 signal transduction 5.42 7.77 x 10-06
GO:0003735 structural constituent of ribosome -5.42 8.01 x 10-06
GO:0016874 ligase activity -5.38 1.00 x 10-05
GO:0050877 neurological system process 5.35 1.20 x 10-05
GO:0006412 translation -5.18 2.99 x 10-05
GO:0005856 cytoskeleton -5.12 4.01 x 10-05
GO:0043167 ion binding -4.99 8.17 x 10-05
GO:0005730 nucleolus -4.94 1.06 x 10-04
GO:0008168 methyltransferase activity -4.68 3.90 x 10-04
GO:0048870 cell motility 4.34 0.0019
GO:0042393 histone binding -4.15 0.0045

Table 3 GSEA results
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tion set (n=34), keeping the ratio of RIF patients 
to controls similar. Iterative rounds of cross-
validation (figure S2) were applied within the 
signature discovery set to find genes capable of dis-
tinguishing RIF patients from controls. The use of 
cross-validation reduces the risk of over-fitting on 
the signature discovery set. Each iteration results 
in a separate gene set. All genes were then ranked 
according to how frequently they were present in 
the separate gene sets. Selecting all genes with a 
frequency of 5% or higher, results in a 303 gene 
signature (table S3). The 303 genes selected by 
the cross-validation approach are those most suit-
able for distinguishing between the two groups and 
were therefore subsequently employed in a support 
vector machine (SVM) classifier built using the 
entire discovery set (figure S2 and Methods). 
 Figure 1A shows the classification of sam-
ples in the discovery set using the 303-gene classi-
fier. The accuracy of the RIF prediction (positive 
predictive value, PPV) was 90% with a sensitivity 
of 90% (table 2). Most importantly, application to 
the independent validation set confirms the sig-
nature’s ability to distinguish RIF patients from 
controls (figure 1B). All samples classified as RIF 
were indeed RIF patients (PPV = 100%) with 
a sensitivity of 58%. The non-RIF classification 
(NPV) was accurate in 81% of cases (table 2). The 
areas under the ROC curves (figures 1C and S4) 
confirm that gene expression based classification 
in general (figure S4), and the 303-gene signature 
in particular (figure 1C), can robustly classify RIF 
patients.
 An obvious difference between RIF pa-
tients and controls is the frequency of successful 
implantations. Differences in gene expression be-
tween RIF patients and controls could therefore 

be due to the effects of previous pregnancy rather 
than reflecting a more direct link to implantation 
failure. To investigate this, the 303-gene expres-
sion signatures of patients with and without a 
previous pregnancy were compared. No difference 
was found (figure S5), ruling out that the RIF 
status prediction reported here is confounded by 
(the absence of) previous pregnancies.

Functional analysis of RIF endometrial gene 
expression
Besides classification of patients, an additional 
benefit of gene expression analyses is the potential 
to shed light on factors underlying a particular 
condition. A striking characteristic of the RIF 
signature genes is that there are many more genes 
with decreased expression (81%, figure 2D). Gene 
set enrichment analysis (GSEA) of the entire 
expression-profiles using Gene Ontology (GO) 
slim categories indicates more specifically the vari-
ous cellular processes and structures differentially 
affected in RIF patients versus controls (table 
3). Most striking is the down-regulation in RIF 
patients of genes involved in cell cycle regulation 
and cell division (table 3, figure 2A), indicative 
of a reduced rate of cellular proliferation. Besides 
reduced expression of many genes involved in 
general proliferative processes (table 3), the RIF 
endometrium transcriptome also shows reduced 
expression of genes involved in cytoskeleton and 
cilia formation (table 3, figure 2B). The latter is 
of interest given the presence of ciliated cells dur-
ing the implantation window of healthy women42. 
Similar to the number of up-regulated genes in the 
RIF signature, the number of enriched GO catego-
ries with increased expression is more limited, but 

GO Identifier Descrip!ion Z-score p-Value

GO:0005578 proteinaceous extracellular matrix 4.09 0.0057
GO:0003729 mRNA binding -4.03 0.0075
GO:0000003 reproduction -4.01 0.0081
GO:0042592 homeostatic process 3.98 0.0091
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Panel A shows the distribution of the RIF patient classification error rates (n=43). The error rate is the ratio of misclassifications 
to number of classification attempts (see Methods for details). The coloured rectangles denote patient groups with similar 
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do exhibit common features: processes involved in 
extracellular organization and cell motility (table 
3). 
 The gene set enrichment analysis was 
performed on the entire transcriptomes of RIF pa-
tients and controls. For individual genes from the 
RIF signature, figure 2E shows their representation 
within the various functional classes (see figure S6 
for the complete overview of all signature genes). 
The individual signature genes are also listed in 
Table S3. Another feature of the RIF signature 
is the high proportion of transcription factors, 
indicated by enrichment of the GO term DNA 
binding (Table 3). Besides many uncharacterized 
DNA binding proteins, the signature gene set also 
contains established transcription factors such as 
the forkhead transcription factor FOXK2, family 
members of which have previously been implicated 
in ovary development and function43,44.

Further expression-based patient stratification
The gene expression classifier yields a binary re-
sult, classifying subjects as either RIF or control. 
Some RIF patients are incorrectly classified (figure 
1A, 1B). To investigate whether this was a random 
occurrence influenced by the composition of the 
final gene set, the iterative signature discovery 
procedure (figure S2) was repeated using all pa-
tients and controls. Each round of the signature 
discovery procedure consists of predicting patients 
and controls using a different gene set (Methods). 
By assessing the predictions for each round, a ro-
bust classification error rate was determined for 
each patient (figure 3A). Strikingly, one group of 
RIF patients is almost always misclassified (figure 
3A, right, >90% error rate). This indicates that 

misclassification is not a random event and sug-
gests that this subpopulation actually represents a 
distinct class of RIF patients for which the under-
lying cause of RIF is different and not represented 
in the endometrial gene expression pattern.
 Analysis of the classification error rate 
(figure 3A) also indicates two other groups: RIF 
patients with a low classification error rate (figure 
3A, left, <10% error rate) and an intermediate 
group, more difficult to classify by gene expres-
sion (error rate between 10% and 90%). To deter-
mine whether this stratification has any clinical 
relevance, the implantation success rate per IVF 
cycle was determined for the three groups (figure 
3B). By definition all three RIF groups have a 
low implantation success rate. Interestingly, RIF 
patients with an intermediate classification error 
rate have a significantly higher implantation suc-
cess rate compared to the RIF patients with a low 
classification error rate (figure 3B). The higher 
implantation success rate for the intermediate 
group fits with the idea that this group presents an 
intermediate expression-based RIF phenotype as 
judged by the classification error rate. This further 
stratification strengthens the conclusion that ex-
pression-based classification is clinically relevant. 
The RIF patients with the highest classification 
error rate (>90%) seem to have a low implanta-
tion success rate (figure 3B). Although this would 
agree with their status as a distinct group of pa-
tients, suffering from RIF but without presenting 
an aberrant expression signature, the difference in 
implantation success is not statistically significant 
compared to either of the two other groups.   

error rates (low <0.1, medium ≥0.1 & ≤0.9, high >0.9). Panel B shows the IVF implantation rate for the three aforementioned 
patient groups. Implantation rate is defined as implantations per embryo transfer (prior to the biopsy) and includes all 
outcomes: i.e. biochemical pregnancy, miscarriage, live birth. p-Values were calculated using a two-sided Fisher’s exact test 
comparing combined outcomes of all IVF cycles.  was found to be significant in GSEA. Genes in the GO term up-regulated in 
RIF patients are shown in yellow, genes 
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DISCUSSION

Pioneering studies of gene expression changes dur-
ing normal and stimulated endometrial cycles24,28 
have fuelled the suggestion that such processes 
may be perturbed in RIF patients. An early ge-
nome-wide study, directly comparing RIF patients 
with controls has strengthened this12. Conclusions 
can only be drawn from larger studies that allow 
for more robust methods to determine signature 
genes and that incorporate independent validation 
as part of the study design. For RIF, obtaining suf-
ficient samples is particularly challenging since this 
involves undergoing a biopsy that is not required 
for treatment of either patients or controls. Here, 
the number of samples has been sufficiently high to 
determine a gene signature by cross-validation and 
show on an independent set that the signature is 
robustly capable of distinguishing between women 
experiencing RIF and IVF controls. 
 A gene signature that predicts RIF with 
a high PPV offers the ability to identify patients 
whose chances of a successful pregnancy are very 
small, an ability potentially important for coun-
seling. The strong negative predictive value (NPV) 
of 81% should also not be discounted. It indicates 
that, given a non-RIF prediction, the chance of 
an endometrial factor impeding pregnancy is 
small, suggesting a positive outlook for continued 
treatment, especially if embryo quality can be im-
proved.
 Besides demonstrating the presence of 
a clinically relevant gene expression signature in 
the endometrium of RIF patients, the results also 
shed light on other aspects. Apart from exclusively 
endometrial factors, RIF may also be caused by 
impaired embryo quality, a perturbed dialog be-
tween the embryo and the endometrium, or simply 
by chance. These potentially explain the different 
predictive accuracies observed for different RIF 
patients (figure 3A). Some patients are almost al-
ways correctly classified, suggesting that they pos-
sess a strong and distinct RIF endometrial expres-

sion profile. Others are nearly always misclassified 
and therefore more closely resemble an expression 
profile of a healthy, receptive endometrium. The 
latter suggests that the cause of their infertility 
is to be found outside the endometrium. A size-
able number of patients fall in-between the two 
groups, implying that their endometrial expression 
patterns are on a spectrum between the refrac-
tory and receptive endometrium. It is interesting 
to observe that this group of patients has a better 
IVF implantation rate compared to the patients 
with an easily predictable RIF expression signa-
ture. This suggests that the strength of the RIF-
associated expression profile is correlated with the 
severity of the RIF phenotype.
 Gene function analysis shows a strong 
skew towards down-regulation of processes in RIF 
patients. This is consistent with a previous study 
of RIF12 that also reported enrichment for cell cycle 
associated gene function within the set of down-
regulated genes. Interestingly, an endometrium 
lagging behind the normal phase of proliferative 
events has recently been put forward as a cause 
of implantation failure31. Although this may seem 
to fit with the general decrease in proliferation-
associated genes observed in most RIF patients 
here, there are major differences between these 
studies. The genes present on the expression-based 
endometrial receptivity array (ERA31) were deter-
mined from expression studies of the endometrial 
cycle in healthy individuals24,21. When compared 
between RIF patients and controls the ERA test 
does not distinguish between these two groups31. 
The classifier presented here was determined di-
rectly from differential expression between RIF 
patients and controls, which is one reason why it 
performs well in distinguishing between these two 
groups (figure 1). One possibility is that the ERA 
test only determines a less-receptive endometrium 
that is a consequence of a lag in development. The 
signature reported here may reflect more than one 
cause of reduced proliferation, potentially explain-
ing why it works better as a tool to distinguish 
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RIF patients from controls. 
 Clinical application of the 303-gene sig-
nature could be practical after multiple failed IVF 
treatments, when a RIF diagnosis has already been 
established. A signature-based diagnostic test to 
investigate the contribution of an endometrial fac-
tor in implantation failure would be a meaningful 
enhancement on currently performed hysteroscopy 
and thrombophilia/ immunological serum screen-
ings. However, the largest clinical benefit is to be 
found in diagnosing receptive or refractory endo-
metrium prior to the start of IVF/ICSI treatment. 
In both cases validation of the 303-gene predictor 
in a prospective cohort of IVF/ICSI patients is an 
essential next step. 
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SUPPORTING INFORMATION

Figure S1 Correction of biopsy timing and batch effect

Panel A shows PCA plots for the uncorrected profiles of all samples (n=115) with batches (left) and biopsy timing (middle) 
superimposed. The right plot shows the amount of variation in the data explained by each of the first ten principal compo-
nents. Panel B shows the same plots but after correcting for the biopsy timing effect. Panel C shows the results after also 
correcting for the batch effect.
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Figure S2 Signature discovery algorithm

Diagram depicting the data used (blue boxes), analyses performed (numbered circles), output generated (green boxes) and 
performance measured (red boxes) during signature discovery and validation. In the first step the data is split between a 
signature discovery set and a validation set, step 2 involves splitting the signature discovery set into a training and test set. 
The training data is used to identify the 100 genes that best distinguish between RIF patient and controls (step 3). These 100 
genes are employed to build a SVM classifier (step 4) which then attempts to predict the class of the samples in the test set 
(step 5). Step 2 to 5 are repeated 100 times which results in 100 separate 100-gene lists. These 100 lists are combined in a 
single list which is ranked by the occurrence of individual genes in the 100 lists (step 6). All genes which occur 10 times or 
more are included in the final signature (step 7) which is used to build a SVM classifier (step 8). The ninth and last step is to 
use the final classifier to classify the samples in the validation set.  
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Figure S3 PCA plots with patient characteristics and treatment variables

This figure shows PCA plots with 8 different patient characteristics and treatment variables superimposed. Continuous vari-
ables where dichotomized into below and above/equal to median value. The lower right plot shows the amount of variation 
in the data that is explained by each of the first ten principal components.
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Figure S4 Classifier ROC curves

This figure shows ROC curves for classifier performance. It is similar to figure 1C (blue and green curves) with an extra curve 
added (yellow) for the results of the 100 iterations of the cross validation procedure during signature discovery (step 5 in 
figure S6). The Area Under the Curve (AUC) with the 95% CI is shown next to the curves. The dots indicate the point of the 
ROC curve that corresponds with the actual threshold used for classification (0.5). 
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Figure S5 Impact of previous implantation events on classifier outcome (see next page) 

all samples in the signature discovery set with the exception of the sample that is predicted (leave one out cross validation). 
All samples with a signature score below 0.5 are predicted to be controls, those with a signature score of 0.5 or higher are 
predicted to be RIF patients (the threshold is shown as a dotted line). Panel B is similar to A. The samples shown are from the 
validation set which were scored based on a classifier trained on all samples in the signature discovery set. Panel C shows 
boxplots of the signature scores of three groups; controls (blue), RIF patients with (red) and without previous implantation 
(green). The rectangular box represents the interquartile range (IQR), the black horizontal line within the box the median. 
The upper whisker extends to the highest observed value within 1.5 IQR of the upper quartile, the lower whisker to the 
lowest observed value within 1.5 IQR of the lower quartile. Observations outside the maximum ranges of the whiskers are 
shown as individual points. p-Values were calculated with a two-sided Mann-Whitney test.
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Figure S5 Impact of previous implantation events on classifier outcome (see legend on previuous page)
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Figure S6 Functional characterisation 303-gene signature

This figure is similar to figure 2E but now showing all signature genes (n=296) present in the GO database.
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P valuea

Category Subcategory PC1 PC2 PC3 PC4

(A) Before correction

Biopsy timingb LH+5 4.2 X 10-5 0.178 0.382 0.047
LH+6 2.0 x 10-5 0.157 0.623 0.49

LH+7 4.2 x 10-5 3.4 x 10-4 0.058 0.016

LH+8 0.003 0.003 0.069 0.171
Batch Cohort 1 4.2 x 10-5 9.7 x 10-12 1.3 x 10-7 0.866

Cohort 2, Batch 1 2.0 x 10-5 6.2 x 10-7 2.0 x 10-8 0.403
Cohort 2, Batch 2 0.593 1.4 x 10-4 0.342 0.136

(B) After correction for biopsy 
timing
Biopsy timing LH+5 0.32 0.072 0.779 0.342

LH+6 0.091 0.591 0.546 0.825
LH+7 0.432 0.006 0.11 0.399
LH+8 0.767 0.016 0.097 0.33

Batch Cohort 1 3.0 x 10-4 1.4 x 10-12 5.1 x 10-7 0.306
Cohort 2, Batch 1 1.6 x 10-4 1.7 x 10-7 1.0 x 10-7 0.086
Cohort 2, Batch 2 0.628 1.2 x 10-4 0.389 0.114

(C) After correction for batch
Biopsy timing LH+5 0.407 0.081 0.438 0.52

LH+6 0.079 0.815 0.002 0.699
LH+7 0.137 0.158 0.098 0.263
LH+8 0.482 0.599 0.286 0.426

Batch Cohort 1 0.58 0.175 0.938 0.588
Cohort 2, Batch 1 0.426 0.144 0.763 0.575
Cohort 2, Batch 2 0.576 0.777 0.619 0.955

Abbreviations: PC1-4, principal component 1-4; LH, luteinizing hormone (LH) surge.
a P values were calculated using a two-sided Mann-Whitney test contrasting the PC values of samples with a particular vari-
able value against the rest (i.e. PC1 values of LH+5 vs. LH+6/7/8).
b Biopsy was taken X days after luteinizing hormone (LH) surge.

Table S1 PCA of biopsy timing and batch effect corrections
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P valuea

Covariatesb PC1 PC2 PC3 PC4

RIF status (patient/control) 0.577 0.692 0.561 0.209
Medical center (UMCU/AMC) 0.556 0.002 0.606 0.979

BMI (median) 0.349 0.315 0.507 0.157

Smoking (yes/no) 0.571 0.549 0.760 0.744
Implantations (median) 0.618 0.183 0.855 0.910
Age (median) 0.768 0.913 0.750 0.953
IVF cycles (median) 0.845 0.233 0.468 0.292
Nr. embryos replaced (median) 0.430 0.791 0.949 0.313

Abbreviations: PC1-4, principal component 1-4; BMI, body mass index.
a P values were calculated using a two-sided Mann-Whitney test contrasting the PC values of samples with a particular vari-
able value against the rest (i.e. PC1 values of smokers vs. non-smokers).
b For continuous covariates the median value was used to dichotomize the covariates (< median & ≥ median).

Table S2 PCA of covariates

Probe ID Gene symbol Description Ma

HSAE000532 PPWD1 peptidylprolyl isomerase domain and WD repeat containing 1 -0.19
HSAE022203 POC5 POC5 centriolar protein homolog (Chlamydomonas) -0.17

HSAE022471 CSNK1E casein kinase 1, epsilon -0.12

HSAE019770 FAM179B family with sequence similarity 179, member B -0.19
HSAE005427 CPE carboxypeptidase E -0.48

HSAE006018 DCP1B DCP1 decapping enzyme homolog B (S. cerevisiae) -0.11
HSAE010975 TAF7 TAF7 RNA polymerase II, TATA box binding protein (TBP)-associated fac-

tor, 55kDa
-0.15

HSAE014616 SLC1A2 solute carrier family 1 (glial high affinity glutamate transporter), member 
2

-0.24

HSAE021377 MPP5 membrane protein, palmitoylated 5 (MAGUK p55 subfamily member 5) -0.11
HSAE021192 OXSM 3-oxoacyl-ACP synthase, mitochondrial -0.12
HSAE008217 EP300 E1A binding protein p300 0.19
HSAE030183 TNXB tenascin XB 0.12
HSAE011196 KLHDC9 kelch domain containing 9 -0.15
HSAE007316 EID2B EP300 interacting inhibitor of differentiation 2B -0.1
HSAE000275 CAT Catalase -0.17
HSAE020379 CBR4 carbonyl reductase 4 -0.16
HSAE003961 TMEM25 transmembrane protein 25 -0.13
HSAE007811 SLC22A15 solute carrier family 22, member 15 -0.11
HSAE002494 CUL4B cullin 4B -0.12
HSAE004566 FCGBP Fc fragment of IgG binding protein 0.14
HSAE012530 CASP8 caspase 8, apoptosis-related cysteine peptidase -0.07
HSAE001942 OMA1 OMA1 zinc metallopeptidase homolog (S. cerevisiae) -0.11
HSAE014904 CCZ1 CCZ1 vacuolar protein trafficking and biogenesis associated homolog (S. 

cerevisiae)
-0.05

HSAE031372 ZNF257 zinc finger protein 257 -0.13
HSAE002376 H2AFV H2A histone family, member V -0.14

Table S3 Signature genes
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Probe ID Gene symbol Description Ma

HSAE016014 CCDC113 coiled-coil domain containing 113 -0.2
HSAE032669 ZNF415 zinc finger protein 415 -0.18
HSAE013562 ZMYM6 zinc finger, MYM-type 6 -0.12
HSAE015519 RP1-152L7.5 RP1-152L7.5 -0.11
HSAE002271 DZIP3 DAZ interacting protein 3, zinc finger -0.17
HSAE004693 ZNF673 zinc finger family member 673 -0.13
HSAE011062 TDP2 tyrosyl-DNA phosphodiesterase 2 -0.12
HSAE033287 ZNF487P zinc finger protein 487, pseudogene -0.15
HSAE020170 ZNF738 zinc finger protein 738 -0.19
HSAE031067 KCNMB2 potassium large conductance calcium-activated channel, subfamily M, 

beta member 2
-0.19

HSAE011386 LAMA3 laminin, alpha 3 -0.25
HSAE026892 NLRP1 NLR family, pyrin domain containing 1 -0.23
HSAE007958 DIDO1 death inducer-obliterator 1 -0.1
HSAE018217 RP5-1129J21.3 RP5-1129J21.3 -0.18
HSAE002930 TNXB tenascin XB 0.11
HSAE023427 CTD-

2116N17.1
CTD-2116N17.1 0.19

HSAE024971 HIST1H2BE histone cluster 1, H2be 0.09
HSAE022135 AC007292.6 AC007292.6 0.12
HSAE011646 GKAP1 G kinase anchoring protein 1 -0.17
HSAE006812 SP3 Sp3 transcription factor -0.2
HSAE007705 DZIP1L DAZ interacting protein 1-like -0.21
HSAE000804 CCAR1 cell division cycle and apoptosis regulator 1 -0.1
HSAE016921 INTU inturned planar cell polarity effector homolog (Drosophila) -0.15
HSAE012539 FAM133B family with sequence similarity 133, member B -0.1
HSAE013456 ZRANB2 zinc finger, RAN-binding domain containing 2 -0.17
HSAE002193 ZFYVE21 zinc finger, FYVE domain containing 21 -0.1
HSAE021606 RP11-

706O15.3
RP11-706O15.3 -0.07

HSAE019450 ZNF254 zinc finger protein 254 -0.14
HSAE030937 FOXK2 forkhead box K2 -0.06
HSAE002268 CISH cytokine inducible SH2-containing protein 0.22
HSAE012322 DCBLD2 discoidin, CUB and LCCL domain containing 2 -0.2
HSAE000881 SOS2 son of sevenless homolog 2 (Drosophila) -0.1
HSAE001077 EIF4A2 eukaryotic translation initiation factor 4A2 -0.12
HSAE009803 ELL2 elongation factor, RNA polymerase II, 2 0.07
HSAE034109 PPA2 pyrophosphatase (inorganic) 2 -0.12
HSAE009179 TWF1 twinfilin, actin-binding protein, homolog 1 (Drosophila) -0.1
HSAE009528 EED embryonic ectoderm development -0.2
HSAE005215 RWDD2A RWD domain containing 2A -0.08
HSAE013680 SENP7 SUMO1/sentrin specific peptidase 7 -0.23
HSAE001761 BTBD10 BTB (POZ) domain containing 10 -0.06
HSAE032952 TNPO3 transportin 3 -0.03
HSAE012052 KYNU kynureninase 0.52
HSAE014369 CA12 carbonic anhydrase XII -0.47
HSAE008008 CNEP1R1 CTD nuclear envelope phosphatase 1 regulatory subunit 1 -0.03
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Probe ID Gene symbol Description Ma

HSAE010272 SPAG16 sperm associated antigen 16 -0.11
HSAE015672 C17orf67 chromosome 17 open reading frame 67 -0.09
HSAE033077 KIF3A kinesin family member 3A -0.09
HSAE011415 ZNF404 zinc finger protein 404 -0.29
HSAE013758 EML4 echinoderm microtubule associated protein like 4 -0.11
HSAE023428 OGN osteoglycin 0.21
HSAE008504 ZFR zinc finger RNA binding protein -0.1
HSAE010484 FANCG Fanconi anemia, complementation group G -0.11
HSAE027480 KDM6A lysine (K)-specific demethylase 6A -0.09
HSAE016847 ZNF493 zinc finger protein 493 -0.13
HSAE001943 OMA1 OMA1 zinc metallopeptidase homolog (S. cerevisiae) -0.06
HSAE022240 SLC35A2 solute carrier family 35 (UDP-galactose transporter), member A2 0.14
HSAE005948 MYB v-myb myeloblastosis viral oncogene homolog (avian) -0.26
HSAE018195 KCND3 potassium voltage-gated channel, Shal-related subfamily, member 3 0.09
HSAE018201 MBTD1 mbt domain containing 1 -0.12
HSAE002138 SS18 synovial sarcoma translocation, chromosome 18 0.03
HSAE027412 DST dystonin 0.06
HSAE015476 PTGIS prostaglandin I2 (prostacyclin) synthase 0.19
HSAE011055 OGN osteoglycin 0.19
HSAE020336 FAM122B family with sequence similarity 122B -0.22
HSAE015317 TMEM168 transmembrane protein 168 -0.14
HSAE004016 USP15 ubiquitin specific peptidase 15 -0.16
HSAE006357 MNAT1 menage a trois homolog 1, cyclin H assembly factor (Xenopus laevis) -0.1
HSAE000600 TES testis derived transcript (3 LIM domains) -0.03
HSAE000934 TOM1L1 target of myb1 (chicken)-like 1 -0.05
HSAE011421 PBX4 pre-B-cell leukemia homeobox 4 -0.08
HSAE014003 CBX1 chromobox homolog 1 -0.14
HSAE001338 TNFRSF25 tumor necrosis factor receptor superfamily, member 25 -0.16
HSAE014032 C1orf174 chromosome 1 open reading frame 174 -0.06
HSAE019250 MDH1B malate dehydrogenase 1B, NAD (soluble) -0.18
HSAE011842 MAPKAPK5-

AS1
MAPKAPK5 antisense RNA 1 -0.06

HSAE001836 EIF2AK3 eukaryotic translation initiation factor 2-alpha kinase 3 -0.09
HSAE013221 ZC3H4 zinc finger CCCH-type containing 4 -0.1
HSAE010205 FAM208A family with sequence similarity 208, member A -0.08
HSAE021043 PSME4 proteasome (prosome, macropain) activator subunit 4 -0.14
HSAE013883 SLC1A3 solute carrier family 1 (glial high affinity glutamate transporter), member 

3
-0.14

HSAE002020 DUSP6 dual specificity phosphatase 6 -0.19
HSAE003248 ACYP1 acylphosphatase 1, erythrocyte (common) type -0.12
HSAE011498 QTRTD1 queuine tRNA-ribosyltransferase domain containing 1 -0.08
HSAE018659 ETV6 ets variant 6 -0.1
HSAE001585 ORC4 origin recognition complex, subunit 4 -0.1
HSAE022833 CCDC170 coiled-coil domain containing 170 -0.25
HSAE003644 GPN1 GPN-loop GTPase 1 -0.08
HSAE004788 NGLY1 N-glycanase 1 -0.11
HSAE010725 MOK MOK protein kinase -0.11
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HSAE005403 SNX14 sorting nexin 14 -0.13
HSAE004343 SYCP2 synaptonemal complex protein 2 -0.15
HSAE002779 ZNF492 zinc finger protein 492 -0.1
HSAE018198 KIAA1377 KIAA1377 -0.15
HSAE002663 ISCA2 iron-sulfur cluster assembly 2 homolog (S. cerevisiae) -0.07
HSAE029538 DTNA dystrobrevin, alpha 0.15
HSAE015424 LRRC10B leucine rich repeat containing 10B -0.18
HSAE014744 LRRC14 leucine rich repeat containing 14 -0.14
HSAE005719 ERBB2IP erbb2 interacting protein -0.12
HSAE008692 ZYG11B zyg-11 homolog B (C. elegans) -0.1
HSAE020721 DGKZ diacylglycerol kinase, zeta -0.09
HSAE016618 ZNF425 zinc finger protein 425 -0.05
HSAE001849 TMEM68 transmembrane protein 68 -0.05
HSAE016437 RP11-

686D22.8
RP11-686D22.8 -0.11

HSAE004102 FAM166B family with sequence similarity 166, member B -0.07
HSAE001830 BTC betacellulin -0.06
HSAE008612 WDR63 WD repeat domain 63 -0.12
HSAE014596 FAM71E2 family with sequence similarity 71, member E2 0.12
HSAE000694 MRPL45 mitochondrial ribosomal protein L45 -0.05
HSAE019606 LINC00476 long intergenic non-protein coding RNA 476 -0.11
HSAE001712 KLHL3 kelch-like 3 (Drosophila) -0.15
HSAE000571 HSPA1A heat shock 70kDa protein 1A -0.16
HSAE009957 CCDC71 coiled-coil domain containing 71 -0.04
HSAE024874 HOXC4 homeobox C4 -0.13
HSAE007783 PRRG3 proline rich Gla (G-carboxyglutamic acid) 3 (transmembrane) 0.15
HSAE003836 PIK3C2B phosphatidylinositol-4-phosphate 3-kinase, catalytic subunit type 2 beta -0.17
HSAE017699 PRDM10 PR domain containing 10 -0.12
HSAE033212 Unknownb Unknown -0.22
HSAE029507 TUG1 taurine upregulated 1 (non-protein coding) -0.16
HSAE005634 H1F0 H1 histone family, member 0 0.32
HSAE018292 TRIM59 tripartite motif containing 59 -0.21
HSAE004297 ARMC9 armadillo repeat containing 9 -0.17
HSAE029390 MAGI3 membrane associated guanylate kinase, WW and PDZ domain containing 

3
-0.13

HSAE002178 WBP7 Histone-lysine N-methyltransferase MLL4 0.07
HSAE018961 PDSS2 prenyl (decaprenyl) diphosphate synthase, subunit 2 -0.03
HSAE010367 NDUFB4 NADH dehydrogenase (ubiquinone) 1 beta subcomplex, 4, 15kDa -0.05
HSAE001227 ZNF718 zinc finger protein 718 -0.06
HSAE012481 TMX2 thioredoxin-related transmembrane protein 2 0.07
HSAE013709 PLEKHA1 pleckstrin homology domain containing, family A (phosphoinositide 

binding specific) member 1
-0.08

HSAE001201 TDRD7 tudor domain containing 7 -0.06
HSAE005355 CDKN2AIP CDKN2A interacting protein -0.14
HSAE032816 KLHL17 kelch-like 17 (Drosophila) -0.1
HSAE012522 EBF1 early B-cell factor 1 0.04
HSAE022046 NOTCH2 notch 2 0.12
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HSAE030479 OR52I1 olfactory receptor, family 52, subfamily I, member 1 0.08
HSAE010170 DIS3L DIS3 mitotic control homolog (S. cerevisiae)-like -0.05
HSAE019411 RP11-

689P11.2
RP11-689P11.2 -0.12

HSAE030182 FAM201A family with sequence similarity 201, member A -0.07
HSAE017450 DPY19L4 dpy-19-like 4 (C. elegans) -0.12
HSAE021251 XIAP X-linked inhibitor of apoptosis -0.11
HSAE027237 ALDH3A2 aldehyde dehydrogenase 3 family, member A2 -0.17
HSAE012753 DPY19L2P1 dpy-19-like 2 pseudogene 1 (C. elegans) -0.13
HSAE001450 SLC39A2 solute carrier family 39 (zinc transporter), member 2 0.06
HSAE017691 DDX11L2 DEAD/H (Asp-Glu-Ala-Asp/His) box polypeptide 11 like 2 0.17
HSAE010102 PAN2 PAN2 poly(A) specific ribonuclease subunit homolog (S. cerevisiae) -0.12
HSAE030728 NR5A2 nuclear receptor subfamily 5, group A, member 2 -0.13
HSAE007702 CCDC11 coiled-coil domain containing 11 -0.12
HSAE024253 LUC7L3 LUC7-like 3 (S. cerevisiae) -0.21
HSAE010180 HES1 hairy and enhancer of split 1, (Drosophila) -0.13
HSAE003618 TSGA10 testis specific, 10 -0.13
HSAE014580 POM121C POM121 transmembrane nucleoporin C 0.02
HSAE006626 NUP62CL nucleoporin 62kDa C-terminal like -0.16
HSAE001620 EXT2 exostosin 2 -0.13
HSAE009603 GDE1 glycerophosphodiester phosphodiesterase 1 -0.08
HSAE024589 NDUFB5 NADH dehydrogenase (ubiquinone) 1 beta subcomplex, 5, 16kDa -0.12
HSAE010188 TSC2 tuberous sclerosis 2 0.13
HSAE016743 PRPF38A PRP38 pre-mRNA processing factor 38 (yeast) domain containing A -0.1
HSAE032880 ZNF730 Zinc finger protein 730 -0.21
HSAE009304 B3GNT2 UDP-GlcNAc:betaGal beta-1,3-N-acetylglucosaminyltransferase 2 -0.04
HSAE005110 SLC2A8 solute carrier family 2 (facilitated glucose transporter), member 8 0.1
HSAE023646 TMEM204 transmembrane protein 204 0.12
HSAE008410 SHISA3 shisa homolog 3 (Xenopus laevis) 0.23
HSAE017269 TRAF3IP1 TNF receptor-associated factor 3 interacting protein 1 -0.08
HSAE006817 FZD3 frizzled family receptor 3 -0.18
HSAE001956 COMMD3 COMM domain containing 3 -0.1
HSAE005511 LPAR6 lysophosphatidic acid receptor 6 -0.16
HSAE019557 CD276 CD276 molecule -0.08
HSAE011219 DMTF1 cyclin D binding myb-like transcription factor 1 -0.14
HSAE019844 OGT O-linked N-acetylglucosamine (GlcNAc) transferase -0.21
HSAE007934 CNOT7 CCR4-NOT transcription complex, subunit 7 -0.11
HSAE020945 SLC7A11 solute carrier family 7 (anionic amino acid transporter light chain, xc- 

system), member 11
-0.21

HSAE030082 HLA-B major histocompatibility complex, class I, B -0.27
HSAE017421 Unknownb Unknown -0.07
HSAE025366 CC2D2A coiled-coil and C2 domain containing 2A -0.18
HSAE003728 CLGN calmegin -0.21
HSAE014978 NANOS1 nanos homolog 1 (Drosophila) -0.07
HSAE024968 GPR133 G protein-coupled receptor 133 0.08
HSAE001491 TSNAXIP1 translin-associated factor X interacting protein 1 -0.14
HSAE010427 HSPA1L heat shock 70kDa protein 1-like -0.06
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HSAE023884 GRN granulin -0.06
HSAE000025 HMOX2 heme oxygenase (decycling) 2 0.08
HSAE005268 BORA bora, aurora kinase A activator -0.14
HSAE008114 DOK5 docking protein 5 -0.17
HSAE013693 DRAM2 DNA-damage regulated autophagy modulator 2 -0.08
HSAE001682 SLC34A2 solute carrier family 34 (sodium phosphate), member 2 0.28
HSAE033332 Unknown Unknown 0.09
HSAE012471 NONO non-POU domain containing, octamer-binding -0.09
HSAE032360 ACTBP12 actin, beta pseudogene 12 0.12
HSAE004298 ARMC9 armadillo repeat containing 9 -0.13
HSAE011189 DENND2D DENN/MADD domain containing 2D -0.1
HSAE030948 CAPN5 calpain 5 -0.13
HSAE004030 ANAPC5 anaphase promoting complex subunit 5 -0.08
HSAE008084 XPO1 exportin 1 (CRM1 homolog, yeast) -0.1
HSAE002092 AMFR autocrine motility factor receptor, E3 ubiquitin protein ligase -0.33
HSAE006303 LSM14B LSM14B, SCD6 homolog B (S. cerevisiae) -0.03
HSAE014463 SRF serum response factor (c-fos serum response element-binding transcrip-

tion factor)
0.06

HSAE001396 STK33 serine/threonine kinase 33 -0.15
HSAE017690 FAM126B family with sequence similarity 126, member  -0.14
HSAE020161 GOLM1 golgi membrane protein 1 -0.05
HSAE002216 EML4 echinoderm microtubule associated protein like 4 -0.18
HSAE006880 REEP5 receptor accessory protein 5 -0.07
HSAE007003 ZNF550 zinc finger protein 550 -0.1
HSAE005704 HIST2H2AC histone cluster 2, H2ac -0.17
HSAE013304 SETD4 SET domain containing 4 -0.09
HSAE001016 ORMDL1 ORM1-like 1 (S. cerevisiae) -0.11
HSAE012469 TEF thyrotrophic embryonic factor 0.03
HSAE023950 IQCD IQ motif containing D -0.05
HSAE029097 AMY1B amylase, alpha 1B (salivary) 0.48
HSAE017836 SPATA7 spermatogenesis associated 7 -0.12
HSAE002184 ILKAP integrin-linked kinase-associated serine/threonine phosphatase -0.04
HSAE005751 FIGNL1 fidgetin-like 1 -0.12
HSAE004529 ENPP5 ectonucleotide pyrophosphatase/phosphodiesterase 5 (putative) -0.08
HSAE017429 RICTOR RPTOR independent companion of MTOR, complex 2 -0.13
HSAE005562 ZNF558 zinc finger protein 558 -0.11
HSAE027741 ZNF813 zinc finger protein 813 -0.03
HSAE010738 SIX1 SIX homeobox 1 -0.08
HSAE012506 ZBTB49 zinc finger and BTB domain containing 49 -0.1
HSAE033552 CROCC ciliary rootlet coiled-coil, rootletin -0.12
HSAE032557 SLC3A1 solute carrier family 3 (cystine, dibasic and neutral amino acid trans-

porters, activator of cystine, dibasic and neutral amino acid transport), 
member 1

-0.06

HSAE021990 RNPEP arginyl aminopeptidase (aminopeptidase B) -0.07
HSAE032660 NPB neuropeptide B -0.08
HSAE000414 ATP5SL ATP5S-like -0.04
HSAE014170 HLA-G major histocompatibility complex, class I, G -0.18
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HSAE032969 HLA-C major histocompatibility complex, class I, C -0.19
HSAE016907 RBM43 RNA binding motif protein 43 -0.12
HSAE021891 ZNF83 zinc finger protein 83 -0.14
HSAE008338 PIBF1 progesterone immunomodulatory binding factor 1 -0.09
HSAE003626 TSPAN6 tetraspanin 6 -0.18
HSAE013158 SPAG6 sperm associated antigen 6 -0.26
HSAE024786 SRRT serrate RNA effector molecule homolog (Arabidopsis) -0.08
HSAE027749 ACTL9 actin-like 9 0.07
HSAE002971 VWC2 von Willebrand factor C domain containing 2 -0.23
HSAE002682 EFTUD1 elongation factor Tu GTP binding domain containing 1 -0.06
HSAE026502 TRIOBP TRIO and F-actin binding protein 0.07
HSAE009253 NLRP5 NLR family, pyrin domain containing 5 0.15
HSAE000440 STK16 serine/threonine kinase 16 0.06
HSAE007450 ABCD4 ATP-binding cassette, sub-family D (ALD), member 4 -0.12
HSAE004543 ZNF323 zinc finger protein 323 -0.15
HSAE006633 TAS2R40 taste receptor, type 2, member 40 0.27
HSAE017069 NTRK3 neurotrophic tyrosine kinase, receptor, type 3 0.22
HSAE012776 SDCCAG8 serologically defined colon cancer antigen 8 -0.02
HSAE013790 HLTF helicase-like transcription factor -0.19
HSAE011512 MBD4 methyl-CpG binding domain protein 4 -0.07
HSAE006537 ZNF721 zinc finger protein 721 -0.08
HSAE014584 CCDC30 coiled-coil domain containing 30 -0.1
HSAE010374 FAT1 FAT tumor suppressor homolog 1 (Drosophila) -0.11
HSAE024319 CDKN2C cyclin-dependent kinase inhibitor 2C (p18, inhibits CDK4) -0.22
HSAE006041 ZDHHC17 zinc finger, DHHC-type containing 17 -0.18
HSAE025704 CCDC34 coiled-coil domain containing 34 -0.19
HSAE007323 CEP290 centrosomal protein 290kDa -0.15
HSAE027046 UBE2Q2 ubiquitin-conjugating enzyme E2Q family member 2 -0.13
HSAE012714 UBA52 ubiquitin A-52 residue ribosomal protein fusion product 1 0.06
HSAE003564 CDK9 cyclin-dependent kinase 9 -0.07
HSAE026293 Unknown Unknown 0.08
HSAE010971 ADH1C alcohol dehydrogenase 1C (class I), gamma polypeptide 0.05
HSAE000034 SERPINF1 serpin peptidase inhibitor, clade F (alpha-2 antiplasmin, pigment epithe-

lium derived factor), member 1
0.19

HSAE031007 GRIN3B glutamate receptor, ionotropic, N-methyl-D-aspartate 3B -0.14
HSAE004172 RNFT1 ring finger protein, transmembrane 1 -0.1
HSAE011288 HSPH1 heat shock 105kDa/110kDa protein 1 -0.19
HSAE018395 SNHG10 small nucleolar RNA host gene 10 (non-protein coding) -0.12
HSAE017258 CASK calcium/calmodulin-dependent serine protein kinase (MAGUK family) 0.04
HSAE019166 PJA1 praja ring finger 1, E3 ubiquitin protein ligase -0.17
HSAE025842 PTBP3 polypyrimidine tract binding protein 3 0.09
HSAE007756 PPID peptidylprolyl isomerase D 0.02
HSAE006495 C8orf47 chromosome 8 open reading frame 47 -0.14
HSAE002475 AXIN2 axin 2 -0.1
HSAE006190 SPAG17 sperm associated antigen 17 -0.23
HSAE016684 NR1D2 nuclear receptor subfamily 1, group D, member 2 0.12
HSAE002873 CLDND1 claudin domain containing 1 0.08
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HSAE016637 PRPF4B PRP4 pre-mRNA processing factor 4 homolog B (yeast) -0.17
HSAE029270 TMEM215 Transmembrane protein 215  -0.07
HSAE009822 GOPC golgi-associated PDZ and coiled-coil motif containing -0.15
HSAE017125 PPM1D protein phosphatase, Mg2+/Mn2+ dependent, 1D -0.06
HSAE010471 WDYHV1 WDYHV motif containing 1 0.17
HSAE009559 COG6 component of oligomeric golgi complex 6 -0.11
HSAE010643 DCLRE1A DNA cross-link repair 1A -0.1
HSAE018343 HNRNPA3 heterogeneous nuclear ribonucleoprotein A3 -0.08
HSAE006438 MNS1 meiosis-specific nuclear structural 1 -0.19
HSAE009793 FIP1L1 FIP1 like 1 (S. cerevisiae) -0.07
HSAE001155 PNISR PNN-interacting serine/arginine-rich protein -0.12
HSAE000041 STAT3 signal transducer and activator of transcription 3 (acute-phase response 

factor)
0.15

HSAE004908 DKK1 dickkopf 1 homolog (Xenopus laevis) 0.44
HSAE030313 Unknownb Unknown 0.2
HSAE023444 PNRC1 proline-rich nuclear receptor coactivator 1 -0.11
HSAE005572 SMAD9 SMAD family member 9 0.13
HSAE020054 TMEM54 transmembrane protein 54 0.14
HSAE018904 CDK5RAP1 CDK5 regulatory subunit associated protein 1 -0.07
HSAE016335 DCP2 DCP2 decapping enzyme homolog (S. cerevisiae) -0.13
HSAE024037 PSMA1 proteasome (prosome, macropain) subunit, alpha type, 1 -0.08
HSAE003487 DLL1 delta-like 1 (Drosophila) 0.1
HSAE004236 AXL AXL receptor tyrosine kinase 0.06
HSAE024468 TOMM5 Translocase of outer mitochondrial membrane 5 homolog (yeast) 0.06
HSAE021697 LRR1 leucine rich repeat protein 1 -0.14
HSAE031910 SEC14L1P1 SEC14-like 1 pseudogene 1 0.1
HSAE023997 DDX21 DEAD (Asp-Glu-Ala-Asp) box helicase 21 0.07
HSAE001462 EFCAB11 EF-hand calcium binding domain 11 -0.08

a M-values were calculated as the difference between the average M-value of RIF patients and controls. 
b Probe could not be mapped to a known gene.
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General discussion

This thesis describes three different studies that have used gene expression profiling to distinguish 
different disease phenotypes. It is a story of success (chapters 2 and 4) as well as failure (chap-
ter 3) and an illustration of the different aspects that play important roles in the life cycle of a 

gene expression signature striving for clinical relevance. As already mentioned in the introduction, the 
path a gene expression classifier has to take, from concept to clinical implantation, can be a long and 
winding one, but also one worth the effort. Chapters 2, 3 and 4 provide an interesting array of examples 
illustrating these aspects. 
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The long and winding road
 A clear illustration of the large amounts 
of effort and time required from a large number 
of researchers, to obtain success, is provided by 
chapter 2. It describes the transition of a previ-
ously published gene expression signature1 to a 
new technological platform and the subsequent 
validation of the classifier in its updated form. 
The study is performed using two large sets of 
patient samples from nearly all academic medi-
cal centers in the Netherlands. The classifier’s 
relevance lies in the fact that it can detect lymph 
node metastasis in head and neck cancer, an abil-
ity that could significantly improve the assign-
ment of appropriate treatment2. It does so, not in 
isolation, but in combination with techniques for 
patient assessment that are already part of clini-
cal practice. This clearly underlines the fallacy of 
a common misconception that a gene expression 
classifier has to outperform existing methodology3. 
Rather, when a gene expression classifier provides 
information that is independent of other methods, 
combining the output of all the approaches will 
provide the optimal outcome, just like you are sup-
posed to walk on an escalator, rather than stand 
in the way of people who understand this. Another 
interesting aspect is the necessity for transition-
ing the pre-existing gene signature to a platform 
better suited for large-scale implementation in a 
clinical setting. Although in this particular case 
the choice for a self-made microarray platform in 
the initial study1 was guided by the prohibitive 
cost of commercially available microarrays at the 
time, in general it points to the importance of for-
ward thinking in the planning stages of this type 
of study. In other words, the platform transition 
could have been avoided, but at unfeasibly high 
costs for the initial study. By including a com-
pletely independent and multicenter assessment, 
the study described in chapter 2 represents further 
important milestones in the journey towards clini-
cal implementation of the classifier. This does not 
imply that the finish line has been crossed yet for 

the oral cavity lymph node predictor. A necessary 
next step will be to include the assay and the pro-
posed treatment strategy in a prospective study, to 
assess whether the predicted clinical benefit is real 
and measurable. This will also provide an opportu-
nity to familiarize and convince the community of 
clinicians, patients and bodies involved in paying 
for the expenses, that this gene expression classi-
fier is worth implementing.
 That hard work and ambition does not 
guarantee success is probably a secret to none, 
but if a reminder is sought, chapter 3 provides 
an informative example. The aim was to stratify 
patients with a primary tumor of the colon that 
had already metastasised to the liver, metastases 
that were subsequently removed and expression 
profiled. However, an effective classifier remained 
elusive even when different groups of patients and 
different risk definitions were used during signa-
ture discovery and validation. Although this study 
does not definitively prove that there is no such 
gene signature, it is possible that the differences 
between the patients are too small to detect using 
whole tumor gene expression. This provides an 
argument for the use of exploratory pilot studies 
including a relatively small number of patients, to 
determine whether a discriminating signal can be 
detected at all, and whether it is strong enough 
to warrant the extension of the study by includ-
ing additional patients4,5. A second and important 
aspect of this study was that in a subset of sam-
ples from a single medical center (Paul Brousse 
Hospital) the results were suggesting the presence 
of an effective gene signature that could distin-
guish high from low risk patients. A more detailed 
analysis however, revealed that an extraneous 
factor in the form of neoadjuvant chemotherapy, 
which was more prevalent in patient with shorter 
survival times, was probably responsible for this 
signal. Neoadjuvant treatment is, by definition, 
administered prior to the surgical removal of the 
liver metastases and is explicitly intended to im-
pact the cancer lesions6. It is therefore very likely 
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that this treatment (or the lack of it) influenced 
the gene expression profiles obtained in this study 
and thereby provided a false sense of success. Just 
like the previous study, this emphasises the im-
portance of the study design phase, during which 
a careful examination and identification of the 
factors that might influence differences in gene ex-
pression unrelated to the question at hand should 
be identified and avoided or at least controlled if at 
all feasible7. Notwithstanding the negative result, 
this study does provide an interesting insight into 
the possible limits of stratifying patient using gene 
expression profiling.
 Chapter 4 describes the successful iden-
tification and validation of a gene signature that 
can identify women who experience recurrent im-
plantation failure (RIF) during IVF treatment and 
for whom an explanatory factor is lacking. This 
study is a relatively rare example of classification 
not involving neoplasms, and an area where the 
role of gene expression profiling has so far been 
minor8,9, and where its specific use for classifica-
tion purposes has been virtually non-existent. An 
important reason for this lack of activity, is the 
difficulty in recruiting sufficient numbers of women 
with RIF and matching women with a history of 
successful IVF treatment10,11. Although unfor-
tunate, this is entirely understandable given the 
lack of direct benefits but clear inconvenience for 
the study participants. Although this recruitment 
difficulty is especially pressing in this particular 
area of research, it is an issue for many clas-
sification studies. Sufficient patient numbers are 
essential to develop a high quality classifier that 
will generalize to the wider patient population4,12. 
A well-functioning biobank system could offer a 
solution and significantly decrease turnaround 
times, in cases where this is feasible13,14,15. This 
study also highlights the issue of class definition, 
which is essential for identifying the specific genes 
that are discriminatory for particular phenotypes 
and also provides the basis for measuring the 
performance of a classifier. This study suggests 

that the group of RIF women, which is considered 
singular for classification purposes, can be further 
stratified into a group with a clear endometrial 
RIF signature, a group with a weaker signature 
and one where there is no discernible signature. 
From an etiological perspective this makes perfect 
sense and conforms to current understanding of 
the diverse causes underlying RIF16, but given 
that the signature discovery process is dependent 
on a homogenous class definition this apparent 
heterogeneity poses a potential impediment to 
the identification of a successful gene signature. 
The independent validation of the resultant gene 
expression classifier, however, shows it to be a sur-
mountable obstacle in this study, perhaps because 
the presence of “healthy control-like” individuals in 
the RIF group only represents a dilution and not a 
muddling of the RIF signal.      

Is there still room for disease classification based 
on gene expression?
This thesis describes three specific examples of the 
application of gene expression profiles for clinical 
classification, and the wider scientific literature 
provides many more. Their existence proves that 
the people involved in those studies were confi-
dent they would have added value. But is this still 
true in a world where healthy tissue and disease 
genomes are sequenced in ever increasing num-
bers17, and where genome-wide association studies 
(GWAS) are linking DNA sequence variation to a 
myriad of diseases18? And what about the not so 
distant future when many people will have their 
full genome sequence available for inspection, simi-
lar to showing your passport before boarding an 
aeroplane? In other words, are all our efforts going 
the way of the Betamax19? 
 The answer to this question hinges on 
two aspects. Firstly, how much relevant informa-
tion does a genome sequence provide towards a 
particular clinical question, especially relative 
to gene expression profiling and secondly, how 
practical is the clinical implementation of either 
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technique. Clearly these are complicated questions 
which are also largely dependent on the issue and 
specific disease.
 A special niche is occupied by cancer 
because it is essentially a disease of the genome. 
A tentative insight into the relevance of genomic 
data in the context of cancer, is provided by a 
study integrating a large amount of measurements 
techniques, including gene expression and DNA 
sequence, in a large number of tumor types20. This 
study seems to indicate that the general tumor sub-
types they identify, which have clinical relevance, 
are to a considerable extent reducible to either 
gene expression or genomic sequence patterns. To 
extrapolate somewhat wildly, this suggests that 
both types of information are, in this context at 
least, of similar value and relevance and could 
therefore be interchangeable. If this is correct (a 
big if) then the answer to the second question of 
practicability will decide which technique will be 
the used to answer a specific clinical question. Of 
course this assumption is based on a single study, 
which was not specifically focused on patient clas-
sification with the aim to guide treatment. Is, for 
instance, the metastatic or invasive behaviour of 
a tumor purely a function of its genomic make-up 
or are external factors, such as the tumor micro-
environment21 or the immune response22, also of 
relevance? Another important point is that, since 
cancer is a genomic disease, a static picture of our 
genome sequence determined from healthy tissue 
is probably of limited value. This implies that a 
measurement of the current state of the disease 
will have to be performed on tumor and stromal 
tissue, negating any superiority argument of a 
predetermined genome sequence. In other words, 
the jury is still out, but the next decade or so will 
undoubtedly provide increasing clarity about the 
role of different measurements in cancer.
 For most other diseases or conditions 
which are not overtly dominated by genetic fac-
tors, of which there are many, the issue takes on 
a different guise. Here the interaction between 

genomic and environmental factors undeniably 
plays a large role in the disease phenotype, a fact 
which will only be partially reflected in the ge-
nome sequence. This logically leaves an important 
role for measurements other than the genome 
sequence, such as gene expression profiling, in de-
termining the exact underlying disease phenotype, 
ideally of course in concert with the sequence of 
the individual genome. 

What does the future hold for classification?
Having just suggested that genome sequencing, 
gene expression, and other comparable high-
throughput techniques will all still be relevant 
in the future, the next obvious question is what 
that future will entail. As Niels Bohr rightly and 
disappointingly observed, it is difficult to make a 
prediction especially when it concerns the future. 
There are however a number of areas that may 
see significant developments in the near or more 
distant future.
 The first area involves the use of data-
driven or unsupervised class discovery, which was 
first applied in 1999 to identify gene expression 
based classes closely corresponding to two distinc-
tive types of leukemia, acute myeloid leukemia  
(AML) and acute lymphoblastic leukemia (ALL)23. 
Another early success was the subtyping of breast 
cancer which formed the basis of current under-
standing of the molecular underpinning of the dif-
ferent types of breast cancer24,25,26. The technique is 
therefore almost as old as gene expression profiling 
itself and has certainly already made its mark. 
However, a combination of large and ever-growing 
amounts of publicly available datasets, represent-
ing all sorts of cancers and other diseases, and the 
adoption of newly developed class discovery tech-
niques such as non-negative matrix factorization 
(NMF)27,28, are providing new opportunities for 
discovering hitherto unknown or underappreciated 
disease subtypes. Unsupervised class discovery is 
especially well positioned to leverage these public 
datasets since, unlike supervised classification, it 
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does not necessarily need patient metadata re-
garding a specific clinical outcome, the common 
absence and questionable quality of which is a per-
petual irritant to many researchers using public 
data. Another advantage of clinical subtypes that 
are identified from gene expression profiles, is that 
they are also inherently suitable to be classified or 
detected by gene expression, thereby closing the 
circle to supervised classification.   
 Another area with considerable potential 
is blood based gene expression profiling. Blood has 
the advantage that sample taking is comparatively 
easy and, because of blood’s circulatory nature as 
well as its central role in the immune system, in-
formative traces of diseases located in other areas 
are often present. Another advantage is that blood 
collection and analysis is well-established and 
widely implemented, alleviating the need for de 
novo development of infrastructure. It has already 
been used for diverse purposes such as the early 
detection of breast cancer29, Alzheimer’s30 Parkin-
son’s31 disease and in cardiovascular disease32,33. 
Notwithstanding this wide-ranging list, it is still 
a relatively undeveloped field of classification 
research. A cancer specific variation of blood sam-
pling is the isolation and analysis of circulating 
tumor cells (CTC) in the blood34. The emphasis 
here has mainly been on detecting and quantify-
ing their presence as well as determining their 
genetic make-up35,36, but CTC gene expression 
profiling37 could provide additional insights into 
cancer progression and prognosis with a clear use 
in disease classification. CTCs have the important 
advantage of accessibility, which for some primary 
or metastatic lesions is problematic or impossible, 
and they also allow the analysis of occult tumors, 
which by definition cannot be purposely sampled.
 A final area of promise is the large-scale 
integration of biological data, which has already 
been mentioned in the introduction of this the-
sis. In contrast to the examples mentioned in the 
previous two paragraphs, where a fair amount of 
work has already been done, this is a field that 

is still in a nascent state of development, mainly 
because the inhibitive costs of collecting and pro-
cessing data on this scale. There are however a 
few tantalizing glimpses into this future provided 
by, for instance, the study of a single person over 
more than a year using many different types of 
(blood based) measurements (e.g. mRNA, pro-
tein and metabolite levels)38. The study subject 
was the senior author Mike Snyder, incidentally 
leading to the coining of the term snyderome39 
and subsequently narciss-ome40 (both hopefully 
humorously intended). Although it involves only 
a single person and is therefore merely a proof 
of concept, it does show the potential of this ap-
proach. It showed, for instance, that the study 
subject was at risk for developing type 2 diabetes 
(T2D), which was countered by a dietary change. 
Interestingly this diagnosis of the T2D and the 
subsequent recovery was mainly based on the 
traditional measurement of blood glucose and not 
on any of the high-throughput techniques. This 
again emphasises that high-throughput techniques 
do not replace more targeted measurements, but 
will have to act in concert to be effective. The 
high costs and the invasiveness into the personal 
sphere are of course considerable disadvantages of 
this approach as well as the immense complexity 
of the data and the subsequent analysis. Clinical 
implementation on this scale is therefore probably 
a matter of decades not years, although if truly 
revolutionary it might take hold with surprising 
speed. 

Concluding remarks
As this thesis has shown there is clear utility for 
gene expression profiling in a clinical setting. It 
has also illuminated the less shiny side of the coin, 
where results can fall short of stated aims and 
where the path towards clinical implementation is 
not always straightforward. Notwithstanding the 
obstacles, which are an integral part of any sci-
entific endeavour, the potential contribution that 
gene expression classification can offer towards 
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better and more personal health care, make it 
worth the effort. 
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Nederlandse samenvatting

De materiёle wereld om ons heen bestaat uit 
unieke voorwerpen, zowel levend en levenloos, van 
microscopisch klein tot schier oneindig groot. Al 
die voorwerpen hebben hun unieke kwaliteiten 
maar ook hun overeenkomsten. Een Fries paard, 
een Arabische volbloed en een Shetland pony zijn 
duidelijk verschillend maar een ieder bevroed 
onmiddellijk hun overeenkomsten. Dit bewustzijn 
van overeenkomsten en verschillen is essentieel 
voor ons bestaan, bijvoorbeeld als we op onze  
boswandeling een sabeltandtijger tegenkomen en 
een beslissing moeten nemen tussen wegrennen of 
aaien.  
 Ook in de geneeskunde is inzicht in ver-
schillen en overeenkomsten van groot belang. Het 
principe van diagnose en prognose is erop gestoeld. 
Heeft iemand last van een stevige verkoudheid 
of zijn het de eerste tekenen van een ernstigere 
aandoening? En als het een ernstigere aandoening 
is, wat zijn dan de medische opties en zijn deze 
van toepassing op deze persoon met al haar unieke 
eigenschappen? Deze vragen en hun correcte 
beantwoording zijn al eeuwen de basis voor het 
succesvol toepassen van de geneeskunst.
 Uiteraard is er veel veranderd sinds 
de tijd van de Egyptische farao’s en de Griekse 
stadstaten. Een wisselwerking van inzicht en tech-
nologische vooruitgang hebben de effectiviteit van 
de geneeskunst enorm vooruit geholpen. Variёrend 
van de ontdekking en grootschalige productie van 
antibiotica en vaccins, geavanceerde chirurgische 
technieken maar ook de nauwkeurige en snelle 
detectie van de oorzaken van uiteenlopende ziek-
tebeelden - al deze ontwikkelingen hebben een 
grote invloed gehad op de geneeskunst en op de 
menselijke beschaving als geheel. 
 Sinds de jaren negentig is daar een 
nieuwe ontwikkeling aan toegevoegd, te weten 
de grootschalige meting van een verscheidenheid 
aan biologische fenomenen. Een goed voorbeeld 
daarvan is de bepaling van de activiteit van de 

meer dan twintig duizend menselijke genen tege-
lijkertijd, met behulp van een zogeheten micro-
array. De activiteit van deze genen (ofwel gen 
expressie) zijn een afspiegeling van de staat waarin 
(een deel van) het lichaam verkeerd en kunnen 
aldus belangrijke en gedetailleerde informatie ver-
schaffen over de gezondheid van de mens. Helaas is 
het bekijken en begrijpen van tientallen, laat staan 
tienduizenden metingen voor de mens een lastige 
opgave. Gelukkig heeft het voortschrijden van 
het menselijk inzicht ons apparaten in de schoot 
geworpen die bij uitstek geschikt zijn voor deze 
taak, de elektronische calculator oftewel de com-
puter. Met behulp van de computer en de juiste 
programmatuur is het mogelijk geworden om grote 
hoeveelheden informatie te overzien en de daaruit 
verworven inzichten toe te passen.
 Dit proefschrift beschrijft het toepassen 
van gen expressie metingen in combinatie met de 
rekenkracht van computers en een dosis menselijke 
inventiviteit, met als doel een betere diagnose of 
prognose te bereiken dan mogelijk is met de hui-
dige stand van de medische wetenschap. Uiteraard 
met als uiteindelijke doel het verbeteren van het 
welzijn van zij onder ons die getroffen worden door 
ziekte of aandoening.
 Hoofdstuk 1 behelst een algemene intro-
ductie waarin de geschiedenis van gen expressie 
in de geneeskunst wordt beschreven. Tevens wordt 
op het lange proces ingegaan dat doorlopen moet 
worden om microarray metingen toe te passen in 
de dagelijkse medische praktijk. Uiteraard gaan de 
technologische ontwikkelingen door en zijn er in 
de afgelopen jaren nieuwe methodes beschikbaar 
gekomen om gen expressie te meten alsmede tech-
nieken om grootschalige metingen te verrichten, 
zoals de bepaling van onze genoom sequentie. 
Betekenen deze ontwikkelingen dat de technieken 
beschreven in dit proefschrift achterhaald zijn 
of hebben zij unieke kwaliteiten die nog steeds 
waardevol zijn? Getracht wordt om hierop een 
antwoord te geven.
 In hoofdstuk 2 wordt een studie beschre-
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ven waarin gen expressie in hoofd hals tumoren 
wordt gemeten met als doel te voorspellen of er 
uitzaaiingen in de lymfeklieren aanwezig zijn. Dit 
is van belang omdat de huidige detectie technieken 
een bepaalde onnauwkeurigheid hebben. Dit heeft 
als gevolg dat zelfs patiёnten waarbij geen enkel 
teken van lymfeklier uitzaaiing aanwezig is, voor 
de zekerheid toch lymfeklier chirurgie ondergaan 
met alle bijverschijnselen van dien. Een verbete-
ring van de detectie door middel van gen expressie 
bepaling zou derhalve een waardevolle aanvull-
ing zijn. Een eerste aanzet hiertoe is gegeven in 
een eerdere studie waarin dit inderdaad mogelijk 
bleek. In de huidige studie wordt een gelijkaardige 
strategie toegepast met een grote groep patiёnten 
uit acht verschillende academisch medische centra 
in Nederland. Niet alleen is er sprake van een 
grotere en diversere groep dan in de oorspron-
kelijke studie, ook de toegepaste technieken zijn 
specifiek ontworpen om grootschalige toepassing 
in de praktijk mogelijk te maken. Op basis van de 
resultaten van deze studie worden aanbevelingen 
gedaan om tot een betere behandeling te komen 
voor patiёnten waar de waarschijnlijkheid van 
lymfeklier uitzaaiing klein is.
 Niet alle studies behalen hun gestelde 
doel en hoofdstuk 3 is daarvan een goed voor-
beeld. In deze studie wordt de gen expressie 
bepaald van lever uitzaaiingen bij patiёnten met 
darmkanker. Op basis van de gen expressie me-
ting wordt getracht te voorspellen welke patiёnten 
een relatief goede prognose hebben en welke een 
slechtere prognose. Een succesvolle voorspelling 
zou kunnen leiden tot een betere toepassing van 
de mogelijke behandelingen. Een patiёnt met een 
goede prognose zou bijvoorbeeld chemotherapie 
bespaard kunnen blijven omdat de voordelen van 
de behandeling niet opwegen tegen de nadelige 
effecten. Helaas blijkt dat het niet mogelijk is 
om een een gen expressie signatuur te vinden 
dat voorspellende of prognostische waarde heeft. 
Een teleurstellende doch waardevolle uitkomst die 
inzicht geeft in de grenzen van voorspellingen op 

basis van gen expressie.   
 De twee voorgaande studies hebben 
als gemeenschappelijk thema kanker, een gebied 
waarin gen expressie metingen veelvuldig worden 
toegepast. Hoofdstuk 4 betreedt een gebied waarin 
dat zeker niet het geval is. In deze studie wordt 
de gen expressie in de baarmoeder bepaald van 
vrouwen die IVF (in vitro fertilisatie) behandeling-
en hebben ondergaan. Het doel is om vrouwen te 
identificeren die een grote kans hebben op her-
haaldelijk falen van de IVF behandeling, speci-
fiek tijdens de implantatie van het embryo in de 
baarmoeder. Het blijkt dat er inderdaad een gen 
expressie signatuur bestaat die deze identificatie 
mogelijk maakt. Dit biedt goede mogelijkheden 
om gen expressie te gebruiken als een bron van 
informatie die een rol kan spelen bij het nemen 
van beslissingen, bijvoorbeeld over het al dan niet 
voortzetten van IVF behandelingen indien de kans 
op falen hoog is. Tevens biedt de samenstelling van 
het gen signatuur een inzicht in de oorzaken van 
IVF falen. In de toekomst zou dit inzicht kunnen 
leiden tot gericht medisch ingrijpen waarmee de 
kans op falen verkleind kan worden. 
 Tot slot worden in hoofdstuk 5 de belang-
rijkste conclusies van de beschreven studies op een 
rij gezet en wordt tevens een beeld geschetst van 
de mogelijke toekomst van gen expressie bepalin-
gen in de medische wetenschap.
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Dankwoord

Het schrijven van dit proefschrift heeft voor een deel bestaan uit solitair gezwoeg en een dosis eenzame 
wanhoop en inspiratie. Maar zoals de onovertroffen filosofen der kinderziel Bert en Ernie altijd al 
benadrukten, samenwerken is waar het om draait. Zowel in de wetenschap als bij boterhammen met 
pindakaas. En daarom sluit ik dit proefschrift af met het bedanken van iedereen die heeft bijgedragen 
aan het welslagen van deze onderneming.

De eerste in de rij is uiteraard Frank. Het is een cliché, maar zonder jou was er van dit alles niets terecht 
gekomen. Toen ik begon bij jou lag er nog niks vast. Geen concrete beloftes en eisen, alleen maar een plek 
in een groep waar wetenschap centraal stond. Je hebt me al snel veel verantwoordelijkheid en vrijheid 
geboden, maar me nooit aan mijn lot overgelaten. Toen we een aantal jaren later de balans opmaakten 
was de conclusie snel getrokken dat het opgebouwde werk een proefschrift waardig was. Vanaf dat mo-
ment heb je altijd in de gaten gehouden dat wat gebeuren moest ook echt gebeurde. Kortom, dit werk 
is voor een groot deel het jouwe. Mijn dank daarvoor is groot.  

Het begon allemaal in het bioinformatica hok. In de winter gingen de ramen open, in de zomer zorgde 
de airco ervoor dat het vriespunt niet ver ontlopen werd. Patrick, ik heb altijd vermoed dat er eskimo 
bloed door jouw aderen stroomt. Wat omgevingstemperatuur betreft zaten we niet altijd op een lijn, 
maar gelukkig was dat anders als het om werk en aanverwante zaken ging. Onovertroffen als het gaat 
om structuur en overzicht en begenadigd met een natuurlijke passie voor zowel de bio als de informatica. 
Een groot plezier om mee samen te werken, minder kan ik er niet van maken.
Philip, iets minder koelbloedig misschien maar niet minder kundig. En wellicht een paar eeuwen te laat 
geboren om als homo universalis carrière te maken. Ook jij heb passie voor de biologie en de informatica 
maar daar houd het zeker niet op. Altijd een genoegen om marginaal nuttige en volstrekt irrelevante 
trivia door te nemen. Drielandenpunt zegt U, drie? Dan hebben wij zeker niet gedacht aan Neutraal 
Moresnet?! Om daarna diep de krochten van de statistiek in te duiken. 
Katrin, mijn warmbloedige bondgenoot in de strijd om het kwik. We begonnen bijna tegelijk en eindigen 
nu, een beetje onverwacht, op hetzelfde punt. Zonder jou waren de afgelopen jaren nog niet half zo 
leuk geweest. Ook heel fijn dat je hebt kunnen bevestigen dat in Duitsland iedereen, echt iedereen, in 
Lederhosen rondloopt met een liter bier in de hand. Handig die stereotypes!
Saman, the man without a worry. If I was getting a little nervous about getting all the work done on 
time, your presence reminded me to relax. I really enjoyed talking to you, especially about the Zagros 
mountains and all its glories. I also dearly appreciated your knowledge about rearing chickens which 
includes putting olive oil on chicken behinds (don’t ask).
Linda, duidelijk in het arctisch kamp al kon je soms witheet worden als we de verwarming weer eens op 
28 graden zetten. Heb je die puzzel van 27.000 stukjes al af?  
Sandy, steun en redder voor een ieder in nood. Bij jou wist ik altijd zeker dat je je uiterste best ging 
doen om dingen te regelen, op te zoeken of in te dienen. Zo goed zelfs, dat ik me soms schuldig voelde 
dat ik je weer zoveel werk bezorgde. Het laatste jaar was voor jou een heel zwaar jaar en ik hoop dat 
die wolken overdrijven en de zon weer doorbreekt. Als er iemand in dit universum de score bijhoudt dan 
zou dat hoog tijd zijn.
Marian, soms had ik het gevoel dat ik op een boerderij werkte. Koeien, kippen, honden, alles is een keer 
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langs gekomen. Als ik weer eens niet begreep hoe zo’n microarray nou echt in mekaar stak kon jij altijd 
tot in het kleinste detail uitleggen hoe het precies zat. 
Dik, het IMPECT project heeft heel wat voeten en tijd in aarde gehad maar dat lag zeker niet aan jou. 
Met kenmerkende efficiёntie heb je de samples op array gezet. Heel fijn om met je samen te werken.  
Cheuk, soms is een potje visser latijn wat je nodig hebt. Karpers werden groter en groter en dan waren 
de meervallen nog niet eens aan de beurt geweest. Op naar Moby Dick.
Thanasis, never a man in a hurry, a true heir of the Stoics. I really enjoyed your laid-back style and your 
ability to make complex things very simple. The last few years have given you plenty to make sense of,   
good things and bad. I hope that you from now you can mostly worry about teaching Thomas all about 
pressing olive oil and making tzatziki and leave the bad stuff behind.    
Eoghan, the man that shares my dream of a house in the middle of nowhere (and a shotgun to keep it 
that way). I hope you’re going to have a good time in Scotland.
Eva, I enjoyed complaining with you about the world and everything it contains (except perfect us of 
course). All we need is a few more years and we can join the old grumpy toothless people club. 
Loes, bierproever par excellence en liefhebber der arachniden. Als ik iets onthouden heb van gist is het 
wel het bestaan van slx5 & 8. Maar wat ze nou precies doen?
Wim, al die vragen die ik had over de padvinders maar bang was om te stellen zijn nu beantwoord. 
MacGyver heeft jou niets nieuws te leren.
Tineke, met jou kon ik tenminste praten over essentiële zaken des Lunettens. Nu ben ik weer geheel 
onbegrepen. 
Joris, als je jouw kritische blik overleefde dan kon je de wereld aan. En het zorgde voor het nodige 
vuurwerk tijdens werkbesprekingen. Never a dull moment.
Sake, nu je weer terug bent in Nederland kunnen we eindelijk een keer samen met Lunnetjes mee doen.
Mariel, ook al deel je niet mijn interesse voor het maken van tuincompost (onbegrijpelijk), gebrek aan 
passie is bij jou geen probleem. Of ik het met je eens was of niet, leuk was het altijd.   
Nathalie, koffie is het belangrijkste moment van de dag. Daarom begreep ik ook niet waarom je ons 
verliet. Gelukkig zag je al snel in dat dat nooit goed zou gaan en kwam je terug. En alles was weer zoals 
het hoorde. 
Tony, ook al kwam ik nooit op het lab, ik keek altijd zenuwachtig om mij heen als ik, op die zeldzame 
zomerse dag, met slippers naar mijn werk ging. Hoe zit dat eigenlijk met Schotse klederdracht?
Marjoleine, onmisbaar lid van de koffieclub. Altijd leuk om toe te leven naar de vakantie en dan meteen 
daarna weer lekker te klagen dat het nog zolang duurt tot de volgende vakantie. 
En natuurlijk alle studenten die door de de jaren heen langs zijn gekomen.

Dank ook voor de mannen van de ICT, Wim, Dennis, Marc, Eric en Bartjan. Dank voor de laagdrem-
pelige hulpdienst (zelf voor mensen die water over hun laptop gooien) en natuurlijk voor ouderwets gelul 
aan de koffetafel.

Grote dank gaat uit naar mijn collega’s in het hoofd-hals consortium, met name Frank Leusink voor alle 
discussie en het schrijfwerk, Paul Roepman voor al het voorwerk en hulp tijdens de analyses en Robert 
Takes voor de onmisbare klinische input. 
In het CRLM project ben ik veel dank verschuldigd aan Nikol Snoeren, als ik even op een dood punt zat 
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Borel Rinkes voor alle discussie en schrijfwerk.
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