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Chapter 1

Preface

In this thesis I describe work that I have done during the past four and a half years. Much emphasis was

placed on strong and genuine collaborations with experimental biologists and on dealing with problems

rooted in real data. In these collaborations I tried to bridge the gap between the worlds of experimental

biology and theoretical methodology of the exact sciences. I believe the way to do this is by genuine collab-

orations, when both sides understand the other side’s abilities, problems and limitations. Another aspect I

try to emphasize is translating results from information to knowledge. Much of my curiosity about biology

came from our limited ability to generalize results, and I tried to push my research topics towards this way

of thinking. The spectrum of my research topics is wide, from developmental biology through cancer cell bi-

ology to theoretical statistics, but has the common line of bringing life sciences towards a more quantitative

approach.

The thesis is divided into three chapters. The first chapter describes four projects focused on development

of methods related to the analysis of high-throughput gene expression measurements. The first work is in

the field of multiple testing, a relatively new sub-field of hypothesis testing, which became extremely impor-

tant in the era of high-throughput measurements. The study has the form of a rigorous mathematical article

and deals with the properties of improved FDR procedures, a family of procedures widely used in declar-

ing significance in the multiple hypothesis testing setup. The aim of the second work is to characterize the

properties of measurement noise in oligonucleotide microarrays, a specific technology that was introduced

to measure gene expression on a genome wide scale. We presented a method to extract good estimation for

the noise from small numbers of replicates. The third work is a small but very elegant algorithm to perform

efficient normalization of large microarray datasets, under reasonable assumptions. The fourth work is a

methodology we developed to deal with a specific type of microarrays called exon-arrays, and specifically,

how to identify transcript isoform variation in time course measurements.

In the second chapter I describe four collaborations with experimental biologists. I considered all four as

major projects of my own research. The first study deals with the terminal differentiation of cardiomyocyte

progenitors of the anterior heart field. Following gene expression during this stage, our main observation

was an interesting interplay between bone morphgenic proteins (BMP) and fibroblast growth factors (FGF),

two pathways of central importance in developmental biology. In the second study we present a new way

to measure coupled pre-mRNA and mRNA expression in a genome wide fashion. Moreover, we show how

these measurements can be used as a powerful tool to study the dynamic regulation of transcription. The

third study deals with changes that occur in the composition of expressed isoforms of a gene due to extracel-

lular stimuli. More specifically, we show that the changes in isoforms content, induced by stimulation with

7



8 CHAPTER 1. PREFACE

epidermal growth factor (EGF), are related to the resulting phenotypic change. Last is a study aimed at un-

derstanding the role of EGF in the transition of HER2-positive breast cancer into an invasive form. We used

epithelial breast cells that expressed the HER2 oncogene at a high level and grew them in a three dimensional

cell culture. We showed that stimulus by EGF promoted an invasive phenotype. Using gene expression mea-

surements we suggest a group of genes which might be involved in establishing the invasive form.

Finally, the third chapter is devoted to collaborations in which I played a secondary role. First is a study

that deals with the effect of lacking Connexin 43, a gap junction protein in oocytes, and the possible ways

in which this lack may affect the ability of embryo for implantation. Second is a large scale siRNA screen,

aimed at searching for novel proteins involved in a specific type of DNA repair mechanism; so far only a few

proteins are known to be involved in this process in mammalian cells. Last is a project aimed at providing a

better tool in order to predict microRNA - mRNA interaction in a biological context specific manner.

To summarize: during my PhD I had the opportunity to go through the trajectory from someone who

cannot explain the difference between DNA and RNA to writing papers on basic biological topics. Along

this road I gained a large amount of knowledge from biologists, and also had the opportunity to influence

the way biologists perform their studies.

1.1 List of publications:

∗ =equal contribution

• Amit Zeisel∗ , Or Zuk∗, Eytan Domany. FDR control with adaptive procedures and FDR monotonic-

ity. The Annals of Applied Statistics, 2011, Vol. 5, No. 2A, 943968.

• Amit Zeisel∗, Amnon Amir∗, Wolfgang J Koestler, Eytan Domany. Intensity dependent estimation of

noise in microarrays improves detection of differentially expressed genes. BMC Bioinformatics 2010,

11:400.

• Libbat Tirosh-Finkel∗, Amit Zeisel∗, Miriam Brodt-Ivenshitz∗, Ayelet Shamai, Zhong Yao, Rony Seger,

Eytan Domany and Eldad Tzahor. BMP-mediated inhibition of FGF signaling promotes cardiomy-

ocyte differentiation of anterior heart field progenitors. Development 137, 2989-3000 (2010).

• Amit Zeisel∗, Wolfgang J. Koestler∗, Natali Molotski, Jonathan M. Tsai, Rita Krauthgamer, Jasmine

Jacob-Hirsch, Gideon Rechavi, Yoav Soen, Steffen Jung, Yosef Yarden, and Eytan Domany. Coupled

pre-mRNA andmRNA dynamics unveil operational strategies underlying transcriptional responses

to stimuli. Molecular Systems Biology, 2011, 7:529.

• Chaluvally-RaghavanPradeep, Amit Zeisel,Wolfgang J. Koestler, Jasmine Jacob-Hirsch, BenjaminHaibe-

Kains, Ninette Amariglio, Nir Ben-Chetrit, Anna Emde, Inna Solomonov, Gera Neufeld, Martine Pic-

cart, Irit Sagi, Christos Sotiriou, Gideon Rechavi, Eytan Domany, Christine Desmedt and Yosef Yarden.

Modeling invasive breast cancer: growth factors propel progression of HER2-positive premalignant

lesions. Oncogene 2011 doi:10.1038/onc.2011.547.



 הקדמה
 

דגש רב הושם על שיתופי פעולה . האחרונות שניםהארבע וחצי   במהלך מחקר שביצעתיבעבודה זו אני מתאר 

שיתופי פעולה אלה ניסיתי ב .אמתייםבנתונים שמקורם קרובים עם ביולוגים ניסויים ועל התמודדות עם בעיות 

. יםהמדויקים מהמדע קניםתיאורטיו ולוגיהמתודוזה של אנשי של ביולוגיה ניסויית  םעולה לגשר על הפער בין

, את היכולות של הצד השני מביניםהצדדים שני  בהםהדרך לעשות זאת היא על ידי שיתופי פעולה שאני מאמין 

  .ידע הנאסף לכדי מידעמסה להדגיש הוא בתרגום התוצאות אני מנ ים אותםהיבטה דאח. תיוומגבלו תיובעיו

וניסיתי לדחוף את נושאי , תוצאותאת ה מן היכולת המוגבלת שלנו להכליל עיקרנובעת ב סקרנותי על הביולוגיה

החל בביולוגיה , ומגוון הספקטרום של נושאי המחקר שלי הוא רחב .המחקר שלי כלפי דרך זו של חשיבה

 אבל יש קו משותף של ,תסטטיסטיקה תיאורטיב ועד נושאים תאים סרטנייםהביולוגיה של  התפתחותית דרך

 .מדעי החייםב גישה כמותית יותרב שימוש

בפיתוח של שיטות  יםמתמקדהארבעה פרויקטים  הפרק הראשון מתאר. לשלושה פרקים תהתזה מחולק

תת , מרובות השוואותבתחום  העבודה הראשונה היא. תפוקה גבוההב מדידות ביטוי גנים ניתוחל קשורותה

עבודה היא ה. תפוקה גבוההמדידות ב ן שלשהפך חשוב מאוד בעיד בדיקת השערות יחסית של חדש תחום

ת אלה נמצאות ומשופרות. פרוצדור FDRפרוצדורות  מאפיינים שלבסגנון של עבודה מתמטית העוסקת ב

מטרת . כאשר יש צורך להכריז על מובהקות סטטיסטית במצב של בדיקת השערות מרובות בשימוש נרחב

גנומי בקנה מידה   RNAלמדידת רמות ביטוי של  לוגיהוטכנ של רעש המדידה לאפיין את היא השנייהעבודה ה

על ידי  דידהמהרעש של שיטה לחלץ הערכה טובה  הצגנו ).oligonucleotide microarraysעל פני שבב זעיר (

ע נורמליזציה וציאלגוריתם אלגנטי לבמציגה העבודה השלישית . על המדידה חזרות מספר קטן שלשימוש ב

עבודה הרביעית היא ה. תחת הנחות סבירות) DNA  )microarraysדול של שבבי ך נתונים גערמ של היעיל

 שינויים בהרכב לזהות שהמטרה היא DNAשבב  של מיוחדעל מנת להתמודד עם סוג שפיתחנו מתודולוגיה 

 .בזמנים שונים מדידותבמהלך  י של גן מסויםוצורות הביט

מרכזיים פרויקטים אותם אני רואה כ ,נסיוניים וגיםביולארבעה שיתופי פעולה עם  בפרק השני אני מתאר

תאים שיהווה  של אוכלוסיית אבתאי  של  שלב המיון הסופיב המחקר הראשון עוסק. בעבודת הדוקטורט שלי

גילונו יחסי התבטאות גנים בשלב זה על ידי מעקב אחר . ) cardiomyocytes התאים הפועמים בלב (חלק מ

שהינם קריטיים  BMP -ו  FGF :יתהתפתחותבביולוגיה שני מסלולים בעלי חשיבות מרכזית  בין םינייענמגומלין 

  pre-mRNA-ו mRNA זמנית רמות ביטוי של-בואנו מציגים דרך חדשה למדוד  במחקר השני. לתהליך המיון

ר את מה כדי לחקולשמש כלי רב עוצ ותיכול אלה מדידותאנו מראים כיצד , יתר על כן. גנומי בקנה מידה

חיצוני  יגירו עקבותב גניםביטוי של בשינויים המתרחשים בשלישי עוסק ההמחקר . גנים שעתוקהדינמיקה של 

 גורם הגדילה על ידי גירוי עם מיםנגרהבהרכב הביטוי אנו מראים כי השינויים  ,באופן ספציפי יותר. םתאי של

EGF,   ם גור להבין את התפקיד של מטרתוא מחקר שהאחרון הו .קבות הגירויבע שנוצר תפקודיקשורים לשינוי

ברמה גבוהה  המבטאים שדבתאי השתמשנו  למצב פולשני. HER2התקדמות סרטן שד מסוג ב EGF הגדילה

הראינו כי . לתאים לגדול בצורה תלת ממדית תחדת המאפשרובמעבדה בתרבית מי אשר גודלו HER2 את 



 זהיםאנו מ תנאים אלוב ביטוי גניםשל באמצעות מדידות . ייםגורם לתאים ליצר מבנים פולשנ  EGF גירוי על ידי

תהליך המעבר ממצב פחות אגרסיבי למצב יותר אגרסיבי בסוג ב יםלהיות מעורב עלולים קבוצה של גנים אשר

 זה של סרטן.

הראשון הוא מחקר העוסק בהשפעת . לי תפקיד משני בהם היהשיתופי פעולה להפרק השלישי מוקדש  לבסוף

 להשפיע על יכולת עשוייחסר זה  את הדרכים האפשריות שבהןו, בביציות  Connexin 43לבון בח חסר

על  בקנה מידה גדולגנים  סריקת אוהשני ה המחקר .של ההיריון ההשרשה של העובר ברחם בשלב המוקדם

יקון מנגנון תם חדשים מעורבים בסוג מסוים של חלבוניבמטרה לחפש , siRNA ידי שימוש בהשתקה בשיטת 

נועד לספק האחרון  פרויקטה. בתאי יונקים זה תהליךב לבונים ידועים כמעורביםחעד כה רק מעט  DNAנזקי 

 .ספציפי ביולוגיהקשר בתנאים של  microRNA -ו  mRNAטראקציה בין נאי על מנת לחזות טוב יותרכלי 

להסביר  תייכול התחלתי בו לא צבממ למסלויתה לי הזדמנות לעבור יבמהלך עבודת הדוקטורט שלי ה :לסיכום

של  הלאורכ. מאמרים על נושאים ביולוגיים בסיסייםשל כתיבת כיום ועד למצב   RNA-ו DNA את ההבדל בין

 תה לי הזדמנות להשפיע עליהי לוגיים הניסיוניים איתם עבדתי ואני מקווה שגםוהביזו זכיתי ללמוד רבות מ דרך

 .ביולוגיםים הדרך שבא מתבצעים מחקר

 



Chapter 2

Methodological work

2.1 FDR Control with adaptive procedures and FDR monotonicity

This work is a collaboration with Or Zuk, currently a post-doc at the Broad Institute. In this work we study

some properties of procedures that control or estimate the False Discovery Rate (FDR). These procedures

aim to correct declared statistical significance for multiple testing. Specifically, FDR procedures provide a

bound on the expected value of the fraction of falsely rejected hypotheses, FDR = E(V/R|R > 0)Pr(R > 0),

where R is the number of rejected hypotheses and V is the number of falsely rejected hypotheses. Benjamini

and Hochberg (BH) [Benjamini and Hochberg, 1995] introduced in 1995 a simple procedure and proved that

it provided a bound on the expected value, FDR ≤ q. This procedure became very popular and is used

in almost every study that uses high throughput technologies (the original paper has more than 8000 cita-

tions). Since then, many authors tried to improve the BH bound (see for example [Benjamini et al., 2006],

[Storey et al., 2004]). A common approach to improve the bound is to plug into the BH95 procedure an es-

timator for the number of true null hypotheses, and to create this way modified BH procedures (also called

adaptive procedures). Some authors already used this approach, but the proof for FDR control is not trivial

and can depend on the specific estimator used. Here one should note the difference between FDR control

and FDR estimation. Practically there is a difference in the way FDR control and FDR estimation are applied;

in FDR estimation one is asking what is the FDR (or q-value) of a specific hypothesis, whereas in FDR control

one presets the desired FDR level and then declares the rejected hypotheses. Adaptive FDR procedures using

the FDR estimation approach are less conservative, provide an estimate and are easier to prove. Procedures

that control the FDR are more conservative, enable direct control on q (the FDR level), but their proof is much

more involved. Our first main result is a theorem that provides a bound for such modified BH procedures

that use any estimator, but only for the case of independent statistics. Using this theorem we could prove

control for two new modified procedures we introduced. We show, using both simulations and extensive ex-

pression data, that our procedures provide a tight bound. All published improved procedures were proved

only for the independent case. Using simulations we show that our procedure is more robust against depen-

dencies in the data, with respect to other published procedures, which for data with dependencies violate

the bound in a significant way. The second main result is a theorem that states that BH-like procedures have

a monotonicity property in the case of independent test statistics. In simple words, this means that if one

applies on the same data two BH like procedures A and B, if procedure A always rejects more hypotheses

than procedure B, then the FDR of procedure A is higher than the FDR of procedure B.

Related publication appears as Appendix A:

Amit Zeisel∗ , Or Zuk∗, Eytan Domany. FDR control with adaptive procedures and FDR monotonicity. The

Annals of Applied Statistics, 2011, Vol. 5, No. 2A, 943968. [∗ =equal contribution]
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2.2 Intensity dependent estimation of noise inmicroarrays improves de-

tection of differentially expressed genes

This work is a collaboration with Amnon Amir, a former PhD student at the Weizmann Institute.

Microarrays are a widely use tool to measure gene expression, but as in any experiment, measurement noise

may interfere with correct interpretation. It is often the case that microarray experiments are done with a

small number of samples, hence making correct estimation of the noise difficult.

In this study we characterize the noise distribution in an intensity dependent manner. We found that to a

very good approximation, in Affymetrix microarrays genes with similar intensity levels have identical and

independent noise distributions. We propose a method, based on very few assumptions, to estimate the de-

pendence of the noise on the intensity. Such a noise estimation can be useful when looking for differentially

expressed genes between two conditions with very few samples.

Related publication appears as Appendix B:

Amit Zeisel∗, Amnon Amir∗, Wolfgang J Koestler, Eytan Domany. Intensity dependent estimation of noise

in microarrays improves detection of differentially expressed genes. BMC Bioinformatics 2010, 11:400.

[∗ =equal contribution]

2.3 Lowess correction for an entire dataset

Lowess is a preprocessing procedure aimed at reducing the bias between arrays, under certain assumptions.

The procedure is widely used in normalization of expression arrays, and goes under several names and ver-

sions. As described below, the procedure was designed for pairwise comparisons, hence its expansion to

large numbers of arrays is not trivial. When I started to study this problem I found a simple and compu-

tationally efficient way to expand the procedure. Subsequently I discovered that a method similar to the

one I proposed and which is described below, was published in 2004 under the name ”fast linear loess”, see

[Karla V. Ballman and Therneau, 2004]. Nevertheless I think it is important to include this work in my thesis

because the method is not well documented and here I review all advantages and disadvantages of the pro-

cedure.

When trying to compare microarray expression data from two or more arrays the question that always arises

is: are these microarrays comparable? Since with the current technology we cannot measure gene expression

in absolute standard values, a normalization procedure is required in order to compare the expression levels.

Such a procedure should be part of the preprocessing. Such a correction will produce new expression levels

(different from the measured ones), but based on a certain model (see below) the new values are the correct

ones to be used for comparisons. The main assumption is that for genes with similar expression values (in-

tensities), the noise is similar. I refer to noise as the fluctuating part of a measured signal. According to this,

if the log expression of gene i can be expressed as ãi = log(ai) + ei, where ei ∼ N(µ(ai), σ(ai)
2) is the noise

term. The difference of the log expression levels between two repeats should have zero mean for a group of

genes with similar expression . We assume that most of the measured genes are not differentially expressed

and thus when looking at the difference in expression (of the same gene),it is only due to the noise, and

we expect this noise to be symmetric (without bias to one side). The lowess correction shifts the expression

values of the two arrays that are compared in a way that brings them closer to satisfying this requirement.
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This kind of correction can cause artificial effects of which one should be aware, before using it as default.

Another disadvantage is that this algorithm is built for pairwise comparisons, hence the extension for large

data sets is not straightforward.

Lowess algorithm - The lowess correction algorithm purpose is to remove artificial array-specific bias

and systematic error from the data. Denote by ai, bi the measured expression levels of gene i on two arrays

(a and b). In general the local mean (see below) log
(

ai

bi

)

6= 0. The lowess correction algorithm finds modified

expression variables Ai, Bi, such that they satisfy log
(

Ai

Bi

)

≈ 0.

The correction is done by locally (see below) modifying the ratio
(

ai

bi

)

according to a correction line R,

while keeping for each gene the product of the intensities (aibi) constant. This is done through the following

steps (see figures (2.1)(a),(2.1)(b)):

1. Define Xi = log2(aibi), Yi = log2

(

ai

bi

)

.

2. Define the neighborhood of gene i as the genes j ∈ Nab
i that satisfy Xi − w < Xj < Xi + w, where w is a

window width (usually defined as a percentage from the range of X).

3. Calculate the value of the local correction Ri. R is a polynomial regression of these neighboring points,

where the degree of the polynomial is usually 0 or 1 (R can be approximated as a piecewise linear curve as

the red line in Figure 2.1(a)). For example, if the degree is zero, Ri = (Yj), where j is the index of the genes

in the neighborhood of i and the bar denotes averaging over these genes.

4. Calculate the corrected values Ai, Bi which satisfy: log2(AiBi) = Xi = log2(aibi)

log2

(

ai

bi

)

−Ri = log2

(

Ai

Bi

)

, which leads to:

Ai = 2
Xi+Yi−Ri

2 , Bi = 2
Xi−Yi+Ri

2 (2.1)

if we substitute the expressions for X,Y we get:

Ai = ai2
−

Ri
2 , Bi = bi2

Ri
2 (2.2)

the resulted Ai, Bi satisfy:

log2

(

Ai

Bi

)

≈ 0 (2.3)

where the approximately sign (≈) appears since the correction is done for each i in a sliding window fashion

and hence the correction of its neighbors is slightly different.

Normalizing a data set with more than two arrays

For the case in which we have more than two arrays to compare we need to look carefully at the relations

between the arrays. Take the case of three arrays as an example: here ai, bi, ci = expression of gene i in array

a, b, or c. Denote by ~a = (a1, a2, · · · aN ) the vector of expression values on array a. If we apply lowess first on

arrays ~a and ~b we get the new (corrected) vectors ~Aab and ~Bab; then do the same for ~a and ~c to get ~Aac and

~Cac. The question is to what extent are ~Bab and ~Cac are approximately corrected with respect to each other,

in the sense of lowess? Given that

lowess(~a,~b) ⇒ ~Aab, ~Bab, lowess(~a,~c) ⇒ ~Aac, ~Cac, such that:

⇒ log2

(

Aab,i

Bab,i

)

≈ 0, log2

(

Aac,i

Cac,i

)

≈ 0
(2.4)

we get:

log2

(

Bab,i

Cac,i

)

= log2

(

bi
ci

)

−

[∑

j∈Nac
i

log2
aj

cj

2|Nab
i |

−

∑

j∈Nab
i

log2
aj

bj

2|Nab
i |

]

(2.5)
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In the first (second) sum j runs over the genes that reside in the neighborhood Nac
i (Nab

i ) of gene i, when the

a, c (a, b) comparison is made. If these two neighborhoods contain the same genes, then the index j in the

two sums runs over the same genes (i.e. the neighborhoods of gene i for both comparisons are the same). If

most of the genes do not change, this is indeed approximately the case, and hence:

log2

(

Bab,i

Cac,i

)

≈ log2

(

bi
ci

)

−

∑

j log2
bj
cj

2n
= log2

(

bi
ci

)

−
Rbc,i

2
(2.6)

Thus we can see that the resulting correction for log2

(

Bi

Ci

)

is exactly half of the needed correction (Rbc,i,

the correction we would have gotten had we applied the lowess procedure for~b and ~c). Hence we suggest to

implement a modified procedure (lowessmod), for ~a and ~b and for ~a and ~c. This procedure uses a correction

of twice the size of the standard procedure, R̃ = 2R. Then, although:

⇒ log2

(

Aab,i

Bab,i

)

6= 0, log2

(

Aac,i

Cac,i

)

6= 0 (2.7)

we get:

⇒ log2

(

Bab,i

Cac,i

)

≈ 0 (2.8)

The strategy is to perform the modified pairwise lowess correction for each array to a fictitious reference

array (that preserves neighborhoods). For example, the average array, i.e. Amean
i =

∑#arrays

k=1 Ai,k/#arrays

can serve as such a reference.

The disadvantage of this procedure is that it does not keep the mean log intensities exactly constant. If the

intensity of many genes has changed a lot over the arrays, the procedure has been changed a lot and it could

be inconsistent, because the correction is intensity dependent. The new mean log intensity term is:

log2(BiCi) = log2(bici) + Rab,i +Rac,i = log2(bici) +
1

n





∑

j

log2
aj
bj

+
∑

j

log2
aj
cj





or BiCi ≈ bici





∏

j

aj
bj

aj
cj





1
n

(2.9)

As an example we present relations between 3 arrays a, b, c, where a is a reference array taken as the log

average of b and c. First the original procedure (the first part) was applied on b, and c (figure 2.1(b), then the

procedure lowessmod was applied for a and b, as well as for a and c. In figure 2.1(a) the raw data is presented,

and in Figure 2.1(c) the relation between the two new corrected vectors (corrected by the modified lowess) is

presented. As can be seen, the scatter plot in panel (b) is very similar to the one in panel (c), meaning that the

correction is very close to a simple pairwise lowess correction (between b and c)

To conclude, with respect to other methods (which uses iterative pairwise corrections) this method provides

excellent correction for thewhole dataset in a linear number of pairwise comparisons (i.e. O(n) versusO(n2)).

2.4 Identifying transcript isoform variation (TIV) in time course exon-

array measurements

This work is a collaboration with Wolfgang Koestler from Prof. Yossi Yarden’s lab. It presents the method-

ology we developed for the project described below “Characterization of EGF-induced transcript isoform

variation in mammary cells and its relevance to migration”, see section 3.3.
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(a)−Ratio vs. intensity scatter plot before lowess

 

 

4 6 8 10 12 14 16

−5

0

5

Intensity

lo
g 2(r

at
io

)

(b)−Ratio vs. intensity scatter plot after lowess
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(c)−Ratio vs. intensity scatter plot after lowess, relative to a reference array
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Figure 2.1: Ratio vs. intensity scatter plots. (a)-data before lowess; the red line is the lowess correction line

R, (b)-the data after the two array direct correction (b vs c). (c)-the data after the multiple arrays correction,

(lowessmod(a, b) and lowessmod(a, c), where the reference array a is taken as the average of b and c in log2

scale).

2.4.1 Introduction

Identification and characterization of TIV using transcriptome-widemeasurement by sequencing- ormicroarray-

based technologies will foster a better understanding of the underlying complex regulatory processes. How-

ever, analysis of such rapid changes in high-throughput data imposes several computational challenges we

address herein. We developed a method which reliably identifies genes undergoing TIV, based on Exon

Array measurements of time-course experiments. While most previous studies focused on comparison of

transcript composition from different tissues (for example [Gardina et al., 2006], [Le et al., 2004]) here we fo-

cus on dynamic changes in TIV occurring in response to extracellular stimuli.

Affymetrix Exon Arrays are transcriptome tiling microarrays measuring the expression of most known

or predicted exons by specific probes, whilst lacking probes that span known exon-exon junctions. The

computational challenge of identifying TIV events originates from both technical and biological sources.

Technically, microarray measurements are noisy because of many reasons, such as varying hybridization

efficacy, non-specific hybridization and production defects. Biologically, the two main difficulties arise from

(i) biological variation due to unaccounted for differences in experimental conditions, and (ii) the presence

(in total RNA) of immature transcripts (pre-mRNA) containing introns and exons, which mask the signal

originating from mature transcripts.

The following are the two main novel aspects of our method:

• Previously developed algorithms aimed at identifying TIV relied on prior information about the po-

tential isoforms, which were derived from adopting a gene model. Therefore, most studies used only

the minority of Exon Array probe-sets (PS), e.g. those which interrogate transcript regions defined as
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exons by conservative transcript models (i.e., “core” PS). Such approaches may disregard TIV events

occurring in less well characterized transcripts. Moreover, including “core” PS that interrogate tran-

script regions which are not necessarily expressed in mature mRNA leads to errors originating from

differences between mature and premature mRNA transcripts. Our method uses minimal assumptions

about the underlying transcript models, which allows us to start the analysis with a much larger frac-

tion of PS (“full”) present on Exon Arrays. This is accomplished by estimating the signal distribution

arising from constitutively intronic transcript regions to define truly exonic transcript regions, which

reduces false positive predictions of TIV and leads to discovery of new TIV.

• Previous studies used a standard estimator of the expression variance within groups or between repli-

cates. Using biological replicates and advanced intensity-dependent noise estimation (see Appendix B),

we obtain a more accurate estimation of the noise of the expression. This accurate estimation is highly

beneficial when calculating the statistics of potentially noisy measurements.

These novel steps were combined with filtering of PS with suboptimal properties, definition of gene level

p-values for TIV, and adjustment for multiple testing. Our method can identify a broad spectrum of TIV to

obtain their dynamics.

2.4.2 Methods

• Affymetrix Human Exon 1.0 arrays: exon-arrays are microarrays designed to measure expression lev-

els of a specific genomic location within the transcriptome. The probe-sets (PS) tile the gene transcrip-

tion sequence and cover both introns and exons. Each PS contain 1-4 probes (90% have 4 probes) and

the number of PS per gene depends on the the gene length and can vary from few to few tens. The

total number of PS is 1381294 and they were classified by Affymetrix into three levels according to

the gene model confidence: core (284258 PS)- supported by RefSeq and full length GenBank, extended

(additional 519827 PS)- supported by ESTs, full (577209more PS)- supported by gene predictions.

• Pre-filtering: in order to reduce the possibility for non-specific binding we include only PS where all

probes in the PS perfectly match only one sequence in the putatively transcribed array design content

(“crosshyb type=1” ), for further analysis. Because the goal of our analysis is to find genes that undergo

alternative splicing, we used only PS with known gene symbol. After this pre-filtering we were left

with 669554 PS.

• Filtering: first we used the PS p-value provided by the Affymetrix software (p-value which is similar

the one provided by the MAS5 algorithm). In each array the FDR procedure (at level of 5%) was used

to flag each PS as “ABSENT” or “PRESENT”. The distribution of signals according to this p-value is

presented in Figure 2.2A. Next, a noisy flag was attached to PS whose standard deviation (SD) within

the triplicates was significantly higher (passed a test of 10% FDR) than the SD expected from the noise

estimation. Finally, a threshold of 5 (log scale) was used as the minimal intensity with a reasonable

signal to noise ratio. A PS passed the filtering at a specific time point if: (i) at least two out of the three

repeats were marked as “PRESENT”, (ii) the PS was not flagged as noisy, (iii) the mean intensity over

the “PRESENT” signals was above the signal threshold.

• Noise estimation: since every measurement is noisy, it is very important to know what is the measure-

ment noise in order to define significant change. In Exon-Arrays, like in most gene expression arrays,

the noise is mainly intensity dependent. In order to estimate the noise in a time course experiment du-

plicate or triplicate measurements for each time point are needed. In our dataset we estimate the noise

in an intensity dependent manner from biological triplicates measured at each time point, see Fig. 2.2B.
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• Exon/intron definition: during the development of the algorithm we faced the following conflict: on

one hand, we wish to use a minimal number of assumptions about the definition of an exonic region,

but on the other hand, try to reduce the false positives. In theory almost every PS on the array may be

on an exon (i.e. is part of a mature mRNA), but in reality many PS will be always on introns. In order

to define exons and introns correctly one needs to know exactly which isoforms are expressed in the

system (i.e. accepting a gene model, and knowing what isoforms are expressed). Since this information

is not available, we used the UCSC gene model to learn about expression levels of intronic regions.

Exon-Arrays were designed for hybridization of total RNA, thus we expected to see some expressed in-

trons originating from pre-mRNA.We observed that PS from intronic regions have low expressionwith

respect to exonic regions, see Fig. 2.2C. In practice we used the constitutive introns (PS which belong

to intronic regions in all isoforms included in the UCSC gene model) as representative for intron be-

havior, and then tested each of the potential exons for having significantly higher expression levels. We

corrected our definition of exonic PS as follows: a PS is considered as an exon only if it was expressed

at a higher level than the introns of the same gene, at least at two adjacent time points. Figure 2.2D

presents the distribution of the difference between the mean exon intensity and mean intron intensity

at the same gene, before and after the correction described above. We believe that this correction cleans

false exonic PS from being included in the analysis.

• Gene level fold-change: In the standardAffymetrix expression arrays estimating the gene level FCwas

done using probes on the 3’UTR of the gene. In the new Affymetrix ST series it is taken as the average

over the different probes along the entire gene. Here we estimate the FC as the median FC over all

exonic PS that passed our filtering steps. This FC should be much more accurate because it represents

the change in all parts of the gene, but only from exons.

• PS p-value: when looking for transcript isoform variation the null hypothesis is that any change in the

gene expression should happen simultaneously in all isoforms (i.e. the composition of isoforms did not

change). Based on this null hypothesis, the observed fold change of all exon PS in the same gene should

be similar. Since we have technical noise and some biological variability, the fold change of a PS has

some distribution. The PS p-value should reflect the probability to get the observed inconsistency by

chance, assuming that the null hypothesis is true. As a first step, we should estimate the distribution of

the PS fold change, given that the null hypothesis is correct. We estimate its mean by the median FC of

all PS in the same gene. Since different PS have different expression levels, the variance of the PS FC is

not fixed (even for PS from the same gene), but depends on the expression level of the PS. Since the FC

is the difference on log scale, the FC variance is simply the sum of variances of the two measurements.

Here we use the noise estimation procedure (see the above section), assume normal distribution for

the log expression values and test what is the probability to get the observed value or higher. Denote

Ajik = as the log expression of PS j in gene i at time point k = 1, 2, then Fji = Aji1 − Aji2 is the

log FC of PS j in gene i between time points 1 and 2. According to the null hypothesis and the above

assumptions:

Ajik ∼ N(Ājik, σ̂
2
jik(Ājik)) ∀ i, j, k

Fji = Aji1 −Aji2 ∼ N(µ̂, σ̂2
ji1(Āji1) + σ̂2

ji2(Āji2))

µ̂ = MEDIAN(Fji) ∀ j

(2.10)

and then the PS p-value is obtained from the normal CDF. In such a formulation the resulting p-values

are not completely independent because each PS affects the median, but this dependency becomesweak

when the number of PS is large.
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Figure 2.2: (A) - Signal (log2 scale) distribution of “ABSENT” and “PRESENT” PS according to the Affymetrix

detection p-value. (B) - noise (standard deviation) versus signal intensity, as estimated from the biological

triplicates of each time point. (C) - signal distribution of potential exons and constitutive introns (according to

UCSC genemodel) of PS which passed all the filtering steps (seemethods). (D) - distribution of the difference

between average exon signal and average intron signal (within the same gene) before and after applying the

corrected exon/intron definition; note that before correction 83% of the values are greater than zero and after

the correction 98% are positive.

• Gene level p-value: since our goal is to identify the genes that undergo transcript isoform variation,

we would like to calculate a gene level p-value. The gene level p-value should represent the signifi-

cance of the set of PS p-values, from the same gene. At this stage we analyzed only genes with more

than four expressed exonic PS that passed the filtering at the two compared time points. For each t,

pairwise comparison with t = 0 yielded a set of n PS p-values (p1,t, p2,t, · · · pn,t). We used the Fisher
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inverse chi-square meta p-value (reviewed in [Hong and Breitling, 2008]) to produce the gene level p-

value. We noticed that when producing the gene level p-value, an efficient way to overcome the noisy

nature of the expression measurement was to use the mean PS p-value observed at two adjacent time

points. This heuristic reduces the number of false positives and prevents identification of transient ef-

fects as significant. For a specific gene i, after obtaining the PS p-values for two adjacent time points,

{p1,t1, p2,t1 , · · · pn,t1}, {p1,t2, p2,t2 , · · · pn,t2} , we calculate the gene level statistic:

TFisher = −2

n
∑

b=1

log(
pb,t1 + pb,t2

2
) ∼ χ2

(2n) (2.11)

The gene level p-value is obtained by the chi-square CDF.

• Identifying the candidates that underwent TIV: After deriving the gene level p-values, we apply the

FDR for the gene level p-value obtained at all time points to declare the significant candidates. Tracking

the gene level p-values along the time course we can find the peak time point of the event, and then

look into the gene to determine which type of event occurred and which sequences were involved.
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Chapter 3

Applying quantitative approaches to

biological questions

3.1 BMP-mediated inhibition of FGF signaling lies at the heart of dif-

ferentiation

This work is a collaboration with Libbat Tirosh-Finkel andMiriam Brodt-Ivenshitz from Prof. Eldad Tzahor’s

lab. We study the transition from cardiac progenitors to cardiomyocytes in the chick embryo. In previous

work [Tirosh-Finkel et al., 2006] the protein BMP4 (Bone Morphogenetic Protein 4) was identified as a factor

that can induce anterior heart field (AHF) cells toward their terminal differentiation into cardiomyocytes.

It was observed that explants of AHF in culture treated with BMP4 started to beat after 24 hours, whereas

the untreated control cells did not beat. The aim of our study was to elucidate the molecular processes that

distinguish AHF cells undergoing differentiation from those that do not. As an exploratory step we mea-

sured time dependent gene expression using Affymetrix microarrays, for explants with or without BMP4

treatment. Our first question was: what made these cells beat? In order to beat the cells in the tissue need:

(i) to generate an action potential, (ii) produce channels (gap junctions) to synchronize the signal between

cells, (iii) contain assembled muscle units, called sarcomeres, to turn the electrical signal into a mechanical

one. Following the expression profiles of genes related to these processes, we could identify that the main

transcriptional changes involved sarcomere related genes. Specifically, we identified a set of 20 genes that

contained all component of the sarcomere unit, which were expressed at significantly higher levels in the

BMP4 treated cells than in the control cells (see Fig 1 in the attached paper). To conclude, the building of the

sarcomere is a major process in the BMP4 induced terminal differentiation of the AHF cells.

Our next important observation was that four of the Fibroblast Growth Factor (FGF) pathway ligands were

strongly down-regulated after treatment with BMP4. Since the FGF pathway is an important regulator of

many developmental and organogenesis processes, we next tested its role in the terminal differentiation of

cardiomyocytes. Specifically, using combinatorial perturbations of the BMP and FGF pathways, we found

that reduction in FGF signaling strength is both sufficient and necessary to promote cardiomyocyte differen-

tiation and beating. This set of experiments is depicted in Fig 3B and C in the attached paper. For simplicity

we assign three states to each signaling pathway: higher than endogenous (using ectopic ligand), endoge-

nous, and lower than endogenous (using the corresponding inhibitor). Since we could control only extrinsic

variables (i.e. ligand or receptor levels), in order to interpret the results we qualitatively mapped the differ-

ent states (as depicted in Fig 3.1A) into the biologically relevant plane of intrinsic variables, described in Fig

3.1B. This mapping demonstrated that the level of FGF signaling strength controls beating, and that the role

19
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of BMP in the system is mainly to downregulate FGF.

Figure 3.1: A: sketch of the combinatorial perturbation experiments and the related observed phenotypes. B:

mapping the nine experiments to the plane of intrinsic variables demonstrates that the beating phenotype is

mostly related to an FGF signaling strength threshold.

Further, we could reproduce similar observations in perturbations in vivo, depicted in Fig 4 in the attached

paper. These data (most of which are not described here but can be found in the paper) support our conclu-

sion, that cardiomyocytes are regulated spatiotemporally via BMP-mediated inhibition of FGF signaling.

My contribution to this work started with analyzing the gene expression data. As the work developed and

the collaboration tightened, I became strongly involved in interpreting the results and in the design of new

experiments.

Related publication appears as Appendix C:

Libbat Tirosh-Finkel∗, Amit Zeisel∗, Miriam Brodt-Ivenshitz∗, Ayelet Shamai, Zhong Yao, Rony Seger, Eytan

Domany and Eldad Tzahor. BMP-mediated inhibition of FGF signaling promotes cardiomyocyte differ-

entiation of anterior heart field progenitors. Development 137, 2989-3000 (2010). [∗ =equal contribution]

3.2 Coupled pre-mRNA andmRNA dynamics unveil operational strate-

gies underlying transcriptional responses to stimuli

This work is a collaboration with Wolfgang Koestler from Prof. Yossi Yarden’s lab. This study originated

from an interesting observation we had while looking at the data from another project, about EGF induced

transcript isoform variation. We noted that the signal coming from probesets which interrogate intronic re-

gions is reliable and meaningful.

The aim of our study is to uncover and quantify the dynamics of transcriptional responses to stimuli and

to elucidate the operational strategies that govern them. To this end we introduced a simple method that

allows, for the first time, genome-wide simultaneous measurement of pre-mRNA and mRNA fold change.
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When combined with a new mathematical model for transcription dynamics, time-dependent production

and degradation profiles can be reliably inferred from these measured pre-mRNA and mRNA profiles. Our

transcriptome-wide study reveals that transcript production rates, reflected by pre-mRNA profiles, exhibit a

high dynamic range, and identifies a subset of genes that exhibit novel relations between transcript produc-

tion and mRNA abundance profiles. We identify genes that exhibit pre-mRNA fold changes that exceed by

an unexpectedly high margin those of the associated mRNA. Indeed, such temporally confined production

overshoot is used to solve the conflict between long mRNA half-life and rapid response. In addition we

could identify genes that exhibited unexpected temporal variation of their mRNA degradation rates. Taken

together, our findings reveal complex dynamics of both pre-mRNAproduction andmRNAdegradation rates,

which shape the expression profiles of mRNAs in response to extracellular stimuli.

Related publication appears as Appendix D:

Amit Zeisel∗, Wolfgang J. Koestler∗, Natali Molotski, Jonathan M. Tsai, Rita Krauthgamer, Jasmine Jacob-

Hirsch, Gideon Rechavi, Yoav Soen, Steffen Jung, Yosef Yarden, and Eytan Domany. Coupled pre-mRNA

andmRNAdynamics unveil operational strategies underlying transcriptional responses to stimuli. Molec-

ular Systems Biology, 2011, 7:529. [∗ =equal contribution]

3.3 Characterization of EGF-induced transcript isoform variation (TIV)

in mammary cells and its relevance to migration

This work is done in collaboration with Wolfgang Kostler from Prof. Yossi Yarden’s lab, and with Cindy

Koerner from the group of Prof. Stefan Weimann from DKFZ (Heidelberg, Germany). The following section

is based on the draft of a paper that is in preparation.

3.3.1 Background

Cell function is governed mostly by the repertoire of expressed proteins, which in turn, is considered to be

regulated mainly by regulation of transcription. Increasing evidence, however, implicates the involvement

of co- and post-transcriptional and translational regulatory mechanisms. Some of these, such as microRNA

binding, have been studied widely andwere shown to regulate individual mRNAs or groups of transcripts in

a quantitative way by affecting their stability and/or translation efficacy. Conversely, the aspects of changes

in the qualitative composition of transcripts resulting from such diverse mechanisms as alternative promoter

usage, alternative RNA splicing, alternative RNA polyadenlyation, and RNA editing remain less charac-

terized. Recent global transcriptomic analyses have demonstrated an enormous tissue-specific complex-

ity in the qualitative composition of transcript isoforms and identified some key regulators of transcript

isoform variation (TIV) ([Castle et al., 2008],[Pan et al., 2008], [Wang et al., 2008]). Increasing evidence sug-

gests that cancers are also exhibiting changes in the qualitative composition of many transcripts, but only

few aberrant regulatory mechanisms governing these changes have been characterized ([Karni et al., 2007],

[Kirschbaum-Slager et al., 2004]). Moreover, the functional consequences of tumor-specific TIV largely re-

main unknown. Importantly, studying these changes in the qualitative composition of transcriptomes and

their relevance to functional phenotypes may lead to identification of cancer-specific prognostic markers or

therapeutic targets. Perturbations leading to enhanced activity of the Epidermal Growth Factor Receptor

(EGFR) family of receptor tyrosine kinases rank amongst the most frequent oncogenic insults (reviewed in

([Yarden and Sliwkowski, 2001])). Aberrant activity of the EGFR network is achieved by enhanced produc-
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tion of stimulatory ligands, over-expression of receptors, mutations leading to constitutive receptor activa-

tion or functional inactivation of negative regulators. The potent signaling and transcriptional processes

instigated by the EGFR network suffice to mediate many aspects of malignant growth, such as proliferation,

cell migration and invasion, enhanced DNA repair, and cell survival. Accordingly, model systems using

EGFR signaling have proven relevant to study regulatory mechanisms underlying many cancer phenotypes.

3.3.2 Scientific question

We are addressing the question whether and how EGFR signaling causes changes in the composition of

cellular transcripts. Moreover, we want to determine the kinetics of these changes and the relevance of this

TIV for resulting cellular phenotypes, with special emphasis upon its contribution to cell migration.

3.3.3 Model system

To determine the specific effects of EGFR signaling upon transcript isoform variation, we use an in vitro

model system of EGFR activation. We and others have previously characterized the non-transformed immor-

talized human mammary epithelial MCF10A cell line as a valid model system to study EGF-induced tran-

scriptional processes and demonstrated their relevance to clinical breast cancers ([Amit et al., 2007], [Katz et al., 2007]).

Importantly, EGF stimulation induceswithin hours amigratory and invasive phenotype inMCF10A cells that

depends upon EGF-induced transcriptional induction of multiple migratory genes.

3.3.4 EGF induces transcript isoform variation in a substantial fraction of the transcrip-

tome

To identify genes undergoing transcript isoform variation (TIV), we isolated RNA of biological triplicates of

MCF10A cells stimulated for up to 8 hours with EGF and measured gene expression at the exon level us-

ing Affymetrix Human Exon arrays (see Figure 3.2A). To analyze Exon array data, we have developed an

algorithm that can identify TIV (see Section 2.4 for details). In brief, our analysis combines a very general

gene model with signal information from intronic and exonic probe-sets (PS) to determine expressed exons,

using PS level and gene level statistical tests to identify changes in the transcript composition. We estimate

gene-level FC as the median FC over all exons that passed our filtering steps. Significant up/down regula-

tion at a single time point identifies the gene as up/down regulated, see Figure 3.2B. The algorithm predicts

that few hundreds of genes undergo TIV with high confidence (FDR≤ 10%). The vast majority of TIV events

are supported by databases of isoform predictions and by sequencing of mRNAs or spliced ESTs in different

databases. TIV events comprised a diverse spectrum of changes affecting 5′ transcript ends (e.g. by known

events of alternative promoter usage), sequences within the transcripts (internal events such as cassette exon

inclusion/exclusion) as well as 3′ transcript ends (including known events of mutually exclusive last exon

usage and alternative polyadenlyation site usage, respectively). To validate the TIVs predicted by the algo-

rithm, we performed qPCR and 5-RACE experiments using RNA isolated in an independent, but identical

experiment. We successfully confirmed a subset of the high-confidence (FDR≤ 1%) EGF-induced TIVs pre-

dicted by the algorithm. The set of genes that undergo TIV is not necessarily overlapping with the set of

differentially expressed genes, due to a trade-off of the change between several isoforms, the overall level

of a gene might be considered unchanged in Figure 3.2B. Hence, such analysis opens our view into a new

set of regulated transcripts. We classify the top 500 TIV identified by the algorithm (equivalent to 13% FDR)

according to categories as such as type of event ,peak time, which part of the gene is affected, does the event

affect the coding sequence etc. The distribution of the classified events according to their peak time and type

is shown in Figure 3.2C. As can be seen, while we could observe some TIV peaking already at the first hour,
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the majority of the events peaked 4 hours after EGF stimulation. The most frequent type of event involved

changes in the 5’ side of the gene.
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Figure 3.2: Transcript isoform variation (TIV) accompanies the EGF-induced pro-migratory transition of

MCF10A cells. (A) Design of experiment and analysis: Biological triplicates of MCF10A cells were stimulated

with EGF (20ng/ml) for the indicated intervals and each sample was hybridized separately to Affymetrix

Human Exon 1.0 arrays. For each gene, gene-model information was used to first define probe-sets (PS)

interrogating constitutive introns (red). Putative exonic PS, whose signal was significantly higher than the

introns PS intensity distribution, were considered as exonic PS (blue), whereas all others were omitted. Tran-

scriptionally induced or repressed genes were identified by comparing the median signal of all exonic PS in

unstimulated cells to those of EGF stimulated cells (gene level fold change). EGF-induced TIV events were

identified whenever one or more exonic PS fold changes (FC) deviated significantly from the median FC of

all exons of that gene. (B) Venn diagrams show the number of genes undergoing transcriptional up- and/or

downregulation by EGF (with FDR<5%, corresponding to a 40% increase or decrease in expression), along

with the number of genes in which EGF induced TIV (gene-level TIV FDR<5%). (C) Types of TIV events

induced by EGF stimulus observed in 500 genes, and the peak times of these events. Note that the number of

events exceeds the number of genes exhibiting TIV due to the fact that several TIV events co-occur in some

genes.

3.3.5 TIV is dynamic

These results shows that the relevant time scale of TIV dynamics is similar to that of changes in transcrip-

tion. An example of such a time dependent change, as identified by the microarray measurements is shown

for the LAMA3 gene, Figure 3.3A. In this example two isoforms of the gene LAMA3 were expressed; they

differ by their transcription start site and hence the lengths of the corresponding transcripts are very differ-

ent. Upon EGF stimulation transcriptional induction occurs only for the short isoform (the effect is clearly

detected 60 minutes after stimulation) while the 3’ side of the gene, which is specific to the long isoform, is

going down with a slower kinetics. This is a classic example of an alternative promoter in which EGF- in-

duced specific regulation induces/represses different isoforms of the same gene. To validate our results and
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examine the dynamics of TIV, we used qPCR to measure the time dependent expression of specific isoforms

of several of the identified genes. Of note is the technical difference between the microarray measurements

that interrogate short fragments of the transcript and the qPCR where we measure specific isoforms by de-

signing primers to exon-exon junctions. For each of the selected genes we design isoform specific primers

for the expressed isoforms as well as to a common region of all isoforms, and measure the dynamics over the

time-course, Figure 3.3B. While LAMA3, FBXW7, TSC22D1, VAV3 are alternative promoter events, ASAP2 is

a single cassette-exon, and PTHLH is a combination of 5’ and 3’ events they all show interesting differential

regulation of their isoforms.
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Figure 3.3: (A) EGF-induced alternative promoter usage of the laminin alpha 3 (LAMA3) gene. Upper panel:

Organization of LAMA3 transcript isoforms, vertical boxes represent exons, connected by intronic transcript

regions, with untranslated regions shown in red. Arrow length corresponds to 100kb and it points to the 3

transcript ends. Positions of exonic PS (blue) that passed all filtering algorithms are indicated. Lower panels:

FC (log2 scale) of each PS with respect to its baseline value (t = 0) is shown for the time course. Only PS

with present calls in all replicates of the respective time points compared are depicted. Error bars (brown)

represent standard deviations of signals based on noise estimation from biological triplicates. Note that the

larger isoforms (their median FC is shown by the dashed red line) are not induced by EGF, whereas there

is a significant induction of shorter LAMA3 isoforms (median FC shown by dashed green line) peaking 480

minutes after stimulus. (B) Real time quantitative PCR (qPCR) validation of EGF-induced TIVs. For each

gene, we designed primer pairs specific for at least two expressed specific transcript isoforms, along with

primer pairs spanning regions common to all expressed transcripts (to estimate the contribution of changes

in individual isoforms upon gene level changes). Events represent alternative promoter usage (LAMA3,

FBXW7, TSC22D1, VAV3), cassette exon exclusion/inclusion (ASAP), and both alternative promoter usage

along with alternative 3 transcript end formation (PTHLH). Note that EGF can induce very different dynamic

behaviors of transcript isoforms from the same gene. (The PTHLH measurements will be repeated)
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3.3.6 Functional validation

A major goal of our study is to test whether differential isoform regulation is related to the observed phe-

notype. Since the main functional phenotype in the MCF10A EGF stimulated cells is cell migration, we

designed a small scale isofrom specific siRNA screen. Out of the list of significant TIV genes we selected 36

candidates, based on our ability to design efficient siRNA and on their possible relevance to migration. For

each candidate we designed siRNA oligos to target 2-4 of the expressed isoforms. The general idea is to try to

identify genes whose different isoforms affect migration in a different ways, e.g. knockdown of one isofrom

blocks migration, while the other has no effect.

The screen was based on an assay that measures collective migration of EGF stimulated MCF10A cells. Cells

were plated in 96 well plates, followed by the transfection of each well with a different siRNA. The cells form

monolayers and then an automated scratch is made simultaneously by a robotic arm, Figure 3.4A. The screen

was done with 11 replicates for the isoform specific siRNA and 6 replicates for the gene level siRNA. In each

screened plate three types of controls were used. As negative control, we used a scrambled sequence oligo

(siAllstar from Qiagen). EGFR and CSNK1, two well characterized proteins, were used as positive controls:

while knock-down of EGFR should cause inhibition of migration, knock-down of CSNK1 was shown to be

a most efficient accelerator of migration. The negative control provided a reference point of comparison,

whereas the positive control shows the dynamic range of the assay.

Cells were stained by live-cell dye and images of each well were taken immediately after the scratch and 20

hours later. The average scratch width was measured by processing these images to identify the contour of

the propagating cells, Figure 3.4B. The measured quantity is average migration distance (AMD), defined as

the difference between gap width measured at any time-point and the initial width (t = 0). A relative AMD is

obtained by comparing the AMD in each well to the average AMD over the negative controls. The significant

siRNAs are declared using a t-test and FDR correction. As shown in Figure 3.4C negative control wells are

concentrated around zero relative AMD whereas positive controls deviate to the respectively expected side.

Many of the individual siRNAs shows significant deviation, but we were interested in genes with only one of

the isofrom having a significant effect, or with opposite effects induced by knocking down different isoforms.

3.3.7 Functional effect for a single isoform in PTHLH and LAMA3 genes

Out of the 36 genes in the screen, we could pick for detailed validation two examples. The first is the PTHLH

gene emphasized in Figure 3.4C, in which we targeted four different regions along the gene. We refer to

these regions as isoforms 1,2,3,4. As can be seen in Figure 3.4C, isofrom 2 is the only one which had a

reproducible effect in the scratch assay, while knockdown of all other isoforms did not significantly inhibit

collective migration. To further examine the effect of various isoforms of the PTHLH gene, we repeated

the time lapse microscopy assay with a 4 hours temporal resolution. Figure 3.5A show examples of the

frames taken from representative wells, along with the quantification of AMD which include negative and

positive controls. The quantification suggests linear propagation rate until cells from the two sides start to

feel each other. The rate of propagation (the slope of the migration distance curve) is the parameter which

was affected by the specific siRNA, where isoform 2 is shown to decrease the slope to levels similar to those

seen for knockdown of EGFR.

While running the screen we noticed a problem in quantifying the results from the LAMA3 gene. We noticed

that there is a problem of forming a monolayer of cells after knockdown, and while scratching the layer a big

piece of cells were detached from the layer, causing an inconsistent gap, which was not reliable for the scratch

assay. We interpreted this phenomenon as a problem in cell adhesion, and hence had the idea that LAMA3

TIV related to cell adhesion. To test this we used the real-time cell analysis (RTCA) assay which quantifies the
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Figure 3.4: Functional validation of EGF-induced TIV by an isoform-specific functional siRNA screen. (A)

Screen outline. For each one of 36 selected genes exhibiting high confidence (FDR<15%) EGF-induced TIV

events, we designed 2 siRNA oligonucleotides for every transcript isoform. MCF10A cells were plated in

96-well plates and transfected with the indicated individual oligonucleotides. Gene-level siRNA oligonu-

cleotides and random oligonucleotides served as controls along with siRNAs to EGFR and to CSNK1, re-

spectively, which are known to be strong inhibitor and accelerator of migration, respectively, in MCF10A

cells. 72 hours after plating, MCF10A monolayers were scratched using a robotic pin. (B) Images were

obtained automatically immediately after scratching and 20 hours later. (C) Screen results. Each oligonu-

cleotide (column) was screened in technical triplicates (positions were randomly distributed over 96 well

plates) where each plated screen was repeated >6 times (standard errors of the mean are represented by

error bars). Isoform-specific oligonucleotides, exhibiting phenotypes that were significantly different from

those of the oligonucleotides targeting the alternate isoform(s) of the same gene, were considered hits. As an

example, oligonucleotides targeting specific PTHLH isoforms are shown, along with control oligonucleotides

(random sequence siRNA, siEGFR, siCSNK1).
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amount of cells on a surface using impedance measurements of electrodes on that surface. The advantage of

the RTCA is that it provides continuous measurements without interfering with the cells. The same assay can

also be used to measure migration/invasion when the surface with the electrodes is placed on the other side

of the transwell membrane. We tested LAMA3 isoforms as shown in Figure 3.5B, and these results show that

knockdown of isoform 2 strongly inhibits adhesion, and hence also affects transwell migration. Interestingly,

isoform 1 sometimes shows the opposite effect, suggesting that two different isoforms of the same gene have

opposite functions.
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Figure 3.5: Detailed validation of screen hits. (A) Time lapse microscopy images of a screen hit: PTHLH.

Left panel shows images from time-lapse microscopy for the different siRNA tested. Right panel shows

quantification of AMD for the tested oligos as well as the control oligos. As can be seen the si-isoform2 oligo2

inhibits migration, whereas the other oligos have no effect with respect to the control. (B) Cell adhesion and

transwell migration measured by a Real-Time Cell Analysis (RTCA) after knockdown of LAMA3 and its

individual isoforms. Note that each curve represents a single well, since each oligo was repeated at least

three times. Results shows that knockdown of isoform 2 inhibits both migration and adhesion, whereas

knockdown of isoform 1 does not affect or even promotes adhesion.

3.3.8 Summary

In this work we present one of the first studies that follows the dynamics of TIV after extracellular stimula-

tion. We first show that we can reliably identify such events using genome-wide measurements, and present

an analysis pipeline we developed for this task. Categorization of the identified events suggests that the most

frequent ones involve changes at the 5’ side of the transcripts. TIV occur on a time scale which is similar to

transcription, suggesting that after stimulation a gene might change its isoform composition within hours.

Finally, we used an isoform specific siRNA screen to test the functional relevance of isoforms within the same
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gene for collective migration. The functional relevance is demonstrated in detail for LAMA3 and PTHLH, two

genes whose EGF induced TIV were shown to have an effect. We believe that this type of study is important

for understanding isofrom specific function in the context cancer related phenotypes, such as proliferation

and migration.

3.4 Modeling progression ofHER2-positive breast cancer: a transcriptome-

based 2-hit scenario

This work is a collaboration with Pradeep Chaluvally Raghavan and Wolfgang Kostler from Prof. Yossi

Yarden’s lab. In this project I am a second author, my contribution to the work is in the analysis part and

interpretation of the data. I include the study as one of my main projects since I invested a lot of time and

was part of the project from the beginning to publication.

Breast cancer is an heterogeneous disease; breast tumors are divided into four main subtypes according

to the status of their estrogen receptor (ER) and a receptor kinase called HER2. HER2 is overexpressed in

60-70% of ductal carcinoma in-situ (DCIS), while its frequency among invasive ductal carcinoma (IDC) is

about 20-25%. Our aim, motivated by its relevance to breast cancer, is to study the effect of HER2 over-

expression and its cooperation with the EGF ligand, in the well established normal-like mammary gland

cell line called MCF10A. Phenotypically, MCF10A cells, which grow in a 3D matrix, form hollow spheroids.

When HER2 is overexpressed in these cells (referred to as MCF10A-HER2) the phenotype changes into filled

spheroids. Since HER2 is a receptor from the ErbB family and can form a heterodimer with EGFR and ErbB3

[Yarden and Sliwkowski, 2001] we stimulate these two cell lines (MCF10A and MCF10A-HER2) with EGF.

While the EGF-treated MCF10A cells show a similar phenotype to the unstimulated cells, but with a thicker

layer of cells in the spheroids’ boundary, the EGF-treatedMCF10A-HER2 cells break the spheroid shape and

grow protruded invasive arms into the extracellular matrix (see Fig 1 in the attached paper).

In order to understand better the molecular processes which characterize these phenotypes, gene expres-

sion measurements taken along the time course at 1.5,3,5,7,9 days after plating, of MCF10A, MCF10A+EGF,

MCF10A-HER2,MCF10A-HER2+EGF cells cultured in the 3Dmatrix assay. From comparison of theMCF10A

cells and the MCF10A-HER2 cells we characterized the filled spheroids phenotype and found that HER2

strongly induces genes associated with proliferation and cell cycle. It has been claimed before (by Joan

Brugge’s lab [Debnath et al., 2002]) that the MCF10A-HER2 filled spheroids are similar to DCIS. Using the

data at hand we could compare the changes in expression when moving from MCF10A to MCF10A-HER2

cells to those observed when moving from normal breast to DCIS-HER2(+) samples. We found significant

similarity in these transcriptome variations, which support the phenotypic evidence at hand (see Figure 2 in

the attached paper). The novelty of the MCF10A-HER2+EGF invasive phenotype motivated us to test its sim-

ilarity to the IDC-HER2(+), and to look for a set of genes related to the invasive properties of these cells. From

comparison of theMCF10A+EGF andMCF10A-HER2+EGF cells using a semi supervised approachwe could

identify three groups of genes related to the adhesion and angiogenesis GO terms and to the TGF-β path-

way, which we believe to be involved in the invasive process. To demonstrate the relevance of these genes

we train a classifier with the most predictive genes (about 20 out of the 100) to predict relapse free survival

(RFS). Applying the classifier on independent data from breast cancer patients demonstrated a significant

predictive power for this signature only for the HER2 subtype (see Fig 7 in the attached paper). Comparison

of expression trends in MCF10A to MCF10A-HER2+EGF cells with clinical data, comparing normal breast to

IDC-HER2(+) samples, suggests a strong similarity of genes related to cell cycle, but lack the genes related to

invasiveness. A group of genes shown in Figure 3.6, with concordant expression change between MCF10A

→ MCF10A-HER2+EGF and normal → IDC-HER2 samples, exhibit a strong effect of the signaling strength
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of the EGF pathway. In addition, an expression up/down gradient from the control MCF10A cells (on the

left) to the MCF10A-HER2+EGF combined effect (on the right) demonstrate that levels of the EGF pathway

activity play an important role.

Finally, based on the results of these studies we suggest a two hit scenario for the development of the HER2

Figure 3.6: A: 361 concordant genes between the in vitro and the in vivo datasets. B: GO enrichment analysis

of the concordant genes shows significant representation of cell cycle processes.

invasive cancer disease: HER2 amplification followed by exposure to EGF.

My contribution to this work is mainly analyzing the in vitro gene expression data and its comparison with

the clinical datasets. I also took part in preparing the manuscript and designing the figures.

Related publication appears as Appendix E:

Chaluvally-Raghavan Pradeep, Amit Zeisel, Wolfgang J. Koestler, Jasmine Jacob-Hirsch, Benjamin Haibe-

Kains, Ninette Amariglio, Nir Ben-Chetrit, Anna Emde, Inna Solomonov, Gera Neufeld, Martine Piccart, Irit

Sagi, Christos Sotiriou, Gideon Rechavi, Eytan Domany, Christine Desmedt and Yosef Yarden. Modeling in-

vasive breast cancer: growth factors propel progression of HER2-positive premalignant lesions. Oncogene

2011 doi:10.1038/onc.2011.547.
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Chapter 4

Other collaborations

These are collaborations I was/am involved in (some are still ongoing).

4.1 Implantation disorder related to impaired translation in the oocyte

and in the resulting embryo

This work is a collaboration with Vicki Plaks from Prof. Nava Dekel’s lab. We presented a poster about this

work in the last annual meeting of the society for developmental biology (San-Francisco July 2009).

Abstract: Connexin (Cx) 43, a gap junction protein, is indispensable for normal folliculogenesis. To study

the specific role of Cx43 in the oocyte, we used the ZP3Cre/Cx43loxP strategy and established a murine

model that totally lacks Cx43 in the oocytes and show a substantial depletion in the somatic follicular cells.

Surprisingly, Cx43 depletion affected neither ovarian development nor ovulation but rather severely im-

paired fertility. Mating of ZP3Cre/Cx43loxP females with wild type (WT) males revealed no defects in the

preimplantation development of resultant embryos. However, dynamic contrast enhanced magnetic reso-

nance imaging (MRI) mapped the impaired fertility to the point of embryo implantation. Reciprocal embryo

transfer experiments revealed that the failure to implant rests within the embryo. In order to elucidate the

molecular mechanisms responsible for this implantation disorder, we compared the genome-wide expression

profiles of ovulated oocytes, blastocysts and embryo implantation sites, taken from our model, to same tis-

sues fromWT. Analysis of enrichment by biological functional groups revealed a significant reduction in the

expression of genes related to the translation machinery in both ovulated oocytes and blastocytes. The results

of this study can be potentially utilized for the development of novel treatments of infertility; specifically to

infertility associated with implantation failure.

4.2 RNAi screen for novel human DNA Damage Tolerance Genes

This work is an ongoing collaboration with Omer Ziv from the lab of Prof. Zvi Livneh. Below I describe

briefly the project. My contribution to the project related to the data analysis and experimental design. The

project is at an advanced stage but it is still not mature for publication.
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4.2.1 Background

Genomic DNA is continuously damaged by both internal and external agents, which lead to a daily for-

mation of about 20,000 hits per cell [Friedberg et al., 2006]. DNA damages (also termed lesions) interfere

with DNA replication and gene expression, and unless correctly repaired, can give rise to mutations and

chromosomal abnormalities. In order to cope with DNA damage, all living organisms employ a battery of

DNA repair mechanisms. Nevertheless, occasionally DNA lesions escape repair, and remain in the DNA

during replication, causing arrest of replication forks, and the formation of gaps opposite the damaged sites

[Daigaku et al., 2010], [Karras and Jentsch, 2010], [Lopes et al., 2006]. These gap-lesion structures cannot be

repaired by regular repair mechanisms, and hence pose a threat to the integrity of the genome. To cope with

such scenarios, cells have evolved a second line of defense named DNA damage tolerance, which enables

filling-in of the gaps opposite the lesions, and thereby completion of replication without removing the le-

sions from the DNA. Persistence of replication gaps in the genome might lead to the formation of double

strand breaks (DSBs) and activation of the apoptosis pathway [Batista et al., 2009]. Once the DNA is back

in double-stranded configuration, the lesions are again substrate for DNA repair. A major DNA damage

tolerance mechanism is translesion DNA synthesis (TLS), which utilizes specialized low fidelity DNA poly-

merases that are able to replicate across damaged sites in DNA. Due to the miscoding nature of DNA lesions,

and the biochemical characteristics of the TLS polymerases, the TLS pathway is inherently error-prone, and

needs to be tightly regulated as a means to prevent an escalation in mutational load and to control cancer

risk. Yet, TLS regulation in mammalian cells is poorly understood. Central questions such as how is the

most appropriate TLS polymerase being directed to a specific lesion, and what mechanisms activates TLS

polymerases or keep them away from undamaged DNA, are still awaiting an answer. Figure 4.1 shows the

sequence of events that occur from single strand DNA damage to TLS repair.

4.2.2 A preliminary UV-sensitivity screen

This screening approach is based on the notion that in DNA repair-deficient cells, tolerance mechanisms such

as TLS assume a greater role upon DNA damage induction. Therefore, when a specific siRNA perturbs an

essential tolerance pathway, we expect the cells to be highly vulnerable to the toxic effect of DNA damage.

We chose to use UV irradiation as a DNA damaging agent since it produces primarily two well characterized

DNA lesions which are known substrates of TLS: CPD and 6-4 pp (refer as TT64), see Figure 4.2. In addition,

no mutagen avoidance mechanisms, such as mediated by pumps or channels, are expected to be positively

scored, making the screen more directed to DNA damage tolerance. Yet, genes affecting UV survival for

additional reasons such as cellular growth regulation, metabolism, and programmed cell death are expected

to be positively scored as well. The assay consists of transfection of the cells with Dharmacon’s siRNA

libraries in a 96 well plates format. Following incubation of 48 hours to allow efficient knockdown, cells are

irradiated with UV and maintained under growth conditions for additional 48h. Cell viability is measured

by quantification of the ATP present in each sample, which signals the presence of metabolically active cells.

In order to reduce misinterpretation of toxic effects of certain siRNAs, each sample is normalized using its

corresponding non-irradiated sample transfected with the same siRNA. The following siRNA libraries were

screened in three biological replicas: DNA repair, Cancer related genes, Cell cycle, Ubiquitin ligases, and De-

ubiquitinating enzymes (total of about 1100 siRNAs). To analyze the data we adopted methods from gene

expression (described above), like lowess (see Figure 4.3A) and intensity dependent noise estimations (see

Figure 4.3B). The effect of each siRNA was compared to a set of negative controls and the significance was

obtained using estimation of the p-values. From reasons of experimental setup such as the 96 well plate we

picked a set of 240 hits which passed with FDR of 8% and had an effect (fold change to the control) FC < 0.8
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or FC > 1.5 (see Figure 4.3C).

4.2.3 Secondary Plasmid based screen

A secondary TLS screen is based on the ability of cells to tolerate DNA lesions in the context of non-replicating

plasmids, and hence is more specific to TLS. In the UV screen one cannot be sure about the exact type of stress

induced in the cells and it is hard to connect it directly to the TLS process. The plasmid assay developed by

Omer enables simple and direct quantification of the TLS process. Each plasmid contains a single DNA

lesion opposite a short gap, in between a strong CMV promoter and a Firefly-luciferase (Luc) reporter gene,

see Figure 4.4. Thus, when cells are able to tolerate the damage by TLS, a measurable light signal is produced.

If TLS fails, the RNA polymerase encounters the gap and transcription is assumed to be terminated. Apart

from TLS efficiency, light production is affected also by the transfection efficiency of the cells, as well as their

transcription and translation capability. In order to normalize for these processes, the cells are co-transfected

with similar plasmids that contain a gap without a lesion (referred to as NL) in the context of a different

luciferase named Renilla (Ren) and under the same CMV promoter, see Figure 4.4. The two reporters are

measured sequentially 24 hours after transfection (the substrate of each does not activate the other one). 240

Hits from the preliminary UV-sensitivity screenwere re-screened for TLS across both UV-induced lesions: TT

CPD and TT 6-4 see Figure 4.2, each in four biological replicas. In order to exclude siRNAs that specifically

affect one kind of reporter but not the other one (i.e. Luc but not Ren or visa versa), we repeated the screen

with the firefly and renilla plasmids, both bearing gaps without any lesion.

4.3 Analysis of the TLS plasmid assay

The plasmid assay as describe above is co-transfected into a cell population and provides a readout of two

luminescence reporters (Luciferase and Renila). While one reporter (Luciferase) measures the transcription

from a plasmid with gap and damage, the other (Renila) is used as an internal control and measures the

transcription from a plasmid with gap only. In order to control for effects which are specific to only one of

the reporters, the NL (no lesion) assay was used.

Data structure: both TLS assays (TT64 and CPD) and the NL assay were measured in four biological inde-

pendent repeats. Thus for each gene (i) siRNA we have the measured values:

Li
j, R

i
j , Li

NL,j, R
i
NL,j, j = 1, 2, 3, 4 (4.1)

Where L stand for luciferase, R for renila, and the subscript NL for the NL assay. A natural statistic is:

Ti = Ri − Li − (Rcontrol − Lcontrol)− [Ri
NL − Li

NL − (Rcontrol
NL − Lcontrol

NL )] (4.2)

A difficulty that rises when analyzing this data is that the two numbers measured from the same well are

strongly dependent since the transfection efficacy is not uniform between repeats and between wells in the

same plate. The way we overcome this problem is by a normalization which keeps the difference in each well

as was measured originally, by setting the Renila values to be the same for all replicates and the Luciferase

to fit the measured differences.

Li,new
j = Ri + dij ; dij = Li

j −Ri
j ; Ri,new

j = Ri (4.3)

Under this normalization:

V ar[Li,new
j ] = V ar[dij ] (4.4)
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and the intensity distribution is kept. All three assays (TT64,CPD,NL) were normalized the same way.

When using the new values the variance of the statistic Ti becomes simply:

V ar[Ti] = V ar[Li] + V ar[Li
NL] (4.5)

where the values V ar[Li] are taken from intensity dependent noise estimation, see below Figure 4.5A. Thus

formulating the null hypothesis as:

H0 : Ti ∼ N(0, V ar[Li] + V ar[Li
NL]) (4.6)

we perform the assay for the two types of lesions CPD and TT64, and perform the analysis as described

above. After the p-value is declared we use FDR and a threshold on the effect size. An example of the results

is presented in Figure 4.5 for the TT64 lesion. A summary for both lesions describes the effect size and the

number of hits as a function of the significance shown as in Figure 4.6. As can be seen, the number of hits in

the CPD lesion is significantly lower with respect to the TT64.

4.3.1 Validation in transcription free assay

The advantage of the UV and Firefly/Renilla plasmid screens is that they enable us to examine a large num-

ber of siRNA in a relatively short time. Each of these assay has its own disadvantages; UV is less specific

to TLS and may reflect many other side effects of UV. The Firefly/Renilla plasmid assay is based on the ex-

pression of the reporter protein and thus this expression may reflect differences in transcription, translation,

exporting or stability of the reporter (a problem we where trying to normalize for). In order to overcome this

we developed a qPCR-plasmid based assay, which based on counting the number of closed plasmids in a

given population. In brief, we used the same Firefly/Renilla plasmids, and designed specific qPCR primers

spanning the region of the gap. After extracting the close plasmids (using digestion of open plasmids) the

gap sequence is amplified and relative abundance is quantify by qPCR. The assay was calibrated by Omer to

a medium throughput yield.

We are at the stage of testing the set of 18 best hits using this assay in an independent cellular system.

4.4 Combine gene expression and sequence based prediction to improve

context specific microRNA target prediction

This project is a collaborationwith Noa Bossel from our group and Roi Avraham from the Prof. Yossi Yarden’s

lab. The project is currently led by Noa Bossel, and my contribution was mainly in proposing the initial idea

and in the initial algorithmic development.

4.4.1 Summary

The importance of microRNAs (miRs), a class of short non-coding RNAs has been solidly established in the

past five years. It has been shown that these RNAs are related to processes in development as well as in can-

cer, by their ability to regulate translation and affecting transcript stability by binding to their mRNA targets.

Predicting the targets of a particular miR in a specific context (e.g. tissue) is a complex task. Two key factors

for efficient binding of a miR and mRNA are sequence similarity and accessibility. Since estimating accessi-

bility involves the difficult task of refolding the miR-mRNA complex, most attempts to predict the targets of

a specific miR are based on a sequence similarity score and basic mRNA secondary structure. Therefore the
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available target prediction algorithms are fairly unreliable, predict many false positives and their predictions

are not in agreement. We address the problem of identifying the miRs which play an important role in a

specific experiment, as well as reliably predicting their targets. The main idea is to combine experimental

information from the expression measurements of genes and miRs (in the same samples) with the sequence

based predictions. Taking into account the expression data of both miR and mRNA we also consider a third

key factor for the process, which is the change in expression of the miR/mRNA in the specific context. The

method we suggest provides biologists with a list of miR candidates that play some relevant role in the ex-

periment, as well as the predicted targets of these miRs. We provide also information about the statistical

significance of the prediction, which enables the researcher to focus on the most relevant candidates for fur-

ther investigation. A manuscript that presents the method and its application was submitted.
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DNA Damage

Repair
Failure

Failure (double strand break)

Replication

Tolerance (TLS)

Figure 4.1: Sequential processes from DNA damage to repair or double stand break.
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TT-CPD TT-64

Figure 4.2: Two UV induced DNA damages.
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Figure 4.3: UV screen: A: scatter plots show the normalization needed to compare the results, lower panel
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Figure 4.4: Schematic plasmid structure of the co-transfected vectors, used for the TLS screen.
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The steep rise in availability and usage of high-throughput technologies
in biology brought with it a clear need for methods to control the False Dis-
covery Rate (FDR) in multiple tests. Benjamini and Hochberg (BH) intro-
duced in 1995 a simple procedure and proved that it provided a bound on
the expected value, FDR ≤ q. Since then, many authors tried to improve the
BH bound, with one approach being designing adaptive procedures, which
aim at estimating the number of true null hypothesis in order to get a better
FDR bound. Our two main rigorous results are the following: (i) a theorem
that provides a bound on the FDR for adaptive procedures that use any es-
timator for the number of true hypotheses (m0), (ii) a theorem that proves a
monotonicity property of general BH-like procedures, both for the case where
the hypotheses are independent. We also propose two improved procedures
for which we prove FDR control for the independent case, and demonstrate
their advantages over several available bounds, on simulated data and on a
large number of gene expression data sets. Both applications are simple and
involve a similar amount of computation as the original BH procedure. We
compare the performance of our proposed procedures with BH and other pro-
cedures and find that in most cases we get more power for the same level of
statistical significance.

1. Introduction. The main goal of statistical comparisons (tests) is to calcu-
late the level of statistical significance at which a given null hypothesis is rejected
on the basis of available data. Researchers use this tool in order to present their
findings and support their conclusions. Uncontrolled application of single infer-
ence procedures in a multiple comparison setting can cause a high false positive
rate. Special multiple comparison procedures are used in order to control the prob-
ability of committing such a type I error in families of comparisons.

The need for improved control over the multiplicity effect in biological exper-
iments became acute in the nineties, when the amount of data that could be mea-
sured and stored increased thousands fold. Many new experimental techniques,
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TABLE 1
Numbers of true/false decisions taken when testing m null hypotheses

“Ground truth” Nonrejected Rejected Total
hypotheses hypotheses

Null hypothesis is true U V m0
Null hypothesis is false T S m1
Total m − R R m

which allowed taking a large number of measurements simultaneously, were de-
veloped, along with improved data acquisition and storage capabilities.

For example, in the case of gene expression microarray measurements, a typical
aim is to identify the genes whose expression levels differentiate between healthy
(type A) and diseased (type B) subjects. Genes are tested one by one for differen-
tial expression; the formal way to do this is by posing several thousand null hy-
potheses. A null hypothesis states that a particular variable (e.g., expression level
of gene i) is sampled from the same distribution for both types A,B; one is in-
terested in identifying variables (genes) for which the null hypothesis is rejected
(i.e., genes whose expression does differentiate between types A,B). Such a find-
ing is referred to as a discovery. Denote by m the total number of hypotheses (e.g.,
the number of genes whose expression levels were measured), and assume that
the null hypothesis is true for m0 out of the m (i.e., m0 genes’ expression levels
do not differentiate the two types). For m1 = m − m0 the null hypothesis is false
(the expression levels of types A and B are sampled from different distributions).
A statistical test is performed independently for each variable, producing a p-value
pi , i = 1,2, . . . ,m. On the basis of some thresholding operation on the pi’s, the
null hypothesis is rejected for R tests. The decision to reject (or not) can be correct
or false; When the null hypothesis is rejected for one of the m0 variables for which
it is actually true, we have a “false discovery” (type I error). Table 1 presents the
possible categories to which rejected and nonrejected hypotheses can belong, and
the number of hypotheses in each category.

Out of the R rejected hypotheses, the fraction V/R is falsely rejected. The ex-
pected value of this fraction was termed by Benjamini and Hochberg (1995) (re-
ferred to as BH95) as the False Discovery Rate (FDR),

FDR ≡ E

(
V

R

∣∣∣R > 0
)

Pr(R > 0) ≡ E

(
V

R+
)
,(1.1)

where here and later in the paper the term R+ ≡ max(R,1) is used for brevity. It is
required since V/R is undefined when R = 0 and, thus, this case should be treated
separately—we follow Benjamini and Hochberg (1995) and replace V/R by 0 in
this case. The original BH95 procedure to control the FDR is given as follows:
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1. Denote by q the desired level, 0 < q ≤ 1, of the FDR and define the following
set of constants:

αi = iq

m
, i = 1,2, . . . ,m.(1.2)

2. Sort the p-values pi and relabel the hypotheses accordingly, p(1) ≤ p(2) ≤ · · · ≤
p(m), such that (i) is the index of the hypothesis with the ith smallest p-value.

3. Identify R as

R = max
{
i :p(i) ≤ αi

}
.(1.3)

If no such R ≥ 1 exists, no hypothesis is rejected; otherwise reject all R hy-
potheses (i) = 1,2, . . . ,R.

This procedure has a simple graphical implementation, depicted in Figure 1.
It is referred to in BH95 as “step-up”; in general, there could be more than one
intersection point [of the p(i) and αi lines], in which case the step-up procedure
identifies the intersection with the largest p-value as R, whereas the more conser-
vative “step-down” procedure identifies the lowest one, replacing equation (1.3)
by

R = min
{
i :p(i) > αi

} − 1.(1.4)

FIG. 1. Typical examples for the use of the BH95 and our IBH procedures, for a desired FDR value
of q = 0.1. The sorted p-values (solid line), the αi of equation (1.2) (dashed line) and the γi from
equation (2.1) (dot–dashed line for IBHsum and solid light for IBHlog) are shown, for (a) leukemia
data from Andersson et al. (2007) and (b) breast cancer data from Pawitan et al. (2005). As indicated
in (a), the number of rejections is determined for each procedure by locating the (maximal) value
i = R at which the corresponding lines intersect p(i) (the vertical lines mark the intersection point
between the lines).
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The bound

FDR = E

(
V

R+
)

≤ m0

m
q(1.5)

was proved by BH95 for independent tests, and by Benjamini and Yekutieli (2001)
for a certain type of “positive dependency” called PRDS (Positive Regression De-
pendency on each one from a Subset). The value of m0 is unknown to the re-
searcher, but since m0 ≤ m, this procedure leads to the bound

FDR = E

(
V

R+
)

≤ m0

m
q ≤ q.(1.6)

Clearly, had we known m0, we could have defined a different set of constants
[compare to equation (1.2)]

α′
i = iq

m0
(1.7)

and defining

R′ = max
{
i :p(i) ≤ α′

i

}
(1.8)

would have obtained a larger number R′ ≥ R of rejected hypotheses (still with
FDR ≤ q) than the number R given by the original BH95 procedure, which used
m as an upper-bound on m0. This procedure, based on knowledge of m0, is called
“oracle” (ORC); see Gavrilov, Benjamini and Sarkar (2009). Subsequently, various
improved (also called “adaptive”) procedures were proposed, based on the idea of
estimating the unknown m0 in order to get a more accurate handle on the FDR.
These procedures can be divided into two major classes:

1. Procedures for local FDR estimation: This approach, previously suggested and
applied by Yekutieli and Benjamini (1999), Storey (2002) and Pounds and
Cheng (2006), can be used when one has an estimator m̂0 of m0 that satisfies

m0 ≤ E(m̂0) ≤ m.(1.9)

In procedures of this type one can write the local FDR (lFDR) estimate as [see
Pounds and Cheng (2006)]

t(i) = v̂(p(i))

F̂ (p(i))
,(1.10)

where p(i) is the ordered p-value, v̂(α) is the estimator for the type I errors (in
the rejection region), and F̂ (α) is the estimator for the probability Pr(p ≤ α)

[often estimated for p(i) by i/m]. Since for v̂(α) most methods use

v̂(α) = α
m̂0

m
,(1.11)



FDR CONTROL WITH ADAPTIVE PROCEDURES AND FDR MONOTONICITY 947

any estimator that satisfies equation (1.9) can provide an improved estimator
for the local-FDR by

α
m0

m
≤ E(v̂(α)) = α

E(m̂0)

m
≤ α.(1.12)

When using F̂ (p(i)) = i/m one gets an improved bound on the local-FDR es-
timator:

p(i)

i
m0 ≤ E

(
t(i)

) = p(i)

i
E(m̂0) ≤ p(i)

i
m.(1.13)

This approach is the preferred one in many biological contexts when the investi-
gator wishes to control R, the number of discoveries made (e.g., differentiating
genes to be used in further experiments).

2. Procedures for FDR control: In this approach, one wishes to control the FDR at
a preset level q . This is achieved by defining γi = iq/m̂0 to be used in the same
way as αi and α′

i [see equations (1.2) and (1.7)], leading typically to a larger
number R′ of rejected hypotheses (compared to BH95), with the FDR still be-
ing bound by the desired value q . The advantage of this procedure (presented
in Section 5) is that one retains control of q , the desired level of FDR.

We present in this paper two estimators, m̂0 and m̃0, that satisfy equation (1.9),
and hence can be used trivially for FDR estimation. As opposed to FDR estimation,
proving control of the FDR is far more involved, and constitutes a significant por-
tion of this paper. We provide two new proven procedures for control of the FDR.
We first prove control for these procedures when employed in a step-up manner.
Then, by using a new general monotonicity result for the FDR which we derive,
we show that the step-down versions of our procedures also control the FDR. De-
signing better procedures for FDR estimation and control has drawn a great deal of
attention in recent years, as is demonstrated by the abundance of proposed proce-
dures and many theoretical and experimental papers. However, as far as we know,
only for a few such procedures has control of the FDR been rigorously established:
the original BH95 procedure Benjamini and Hochberg (1995), the two-stage and
multiple-stage adaptive BH procedures Benjamini, Krieger and Yekutieli (2006)
(we refer to the latter as BKY), and Storey’s procedure Storey (2002) (referred to
as STS). All these procedures (except, of course, BH95) claim to give improved
power over BH95. All are derived from a better estimation of m0. Almost all proofs
for FDR control assume independence of the p-values [with the notable exception
of Benjamini and Yekutieli (2001)]. Thus, far less is known about the behavior of
FDR procedures under dependency, where most of our understanding comes from
simulation studies. In addition, the FDR, by its definition [equation (1.1)], is an
expected value. However, the fraction of the false discoveries V/R+ is a random
variable. While the mean value (FDR) was extensively studied, far less attention
has been devoted in the literature to the behavior of this random variable, its vari-
ance and entire distribution. We therefore perform simulations whose purposes are
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as follows: (a) To study the behavior of the various procedures under dependence,
where analytical results are harder to establish, and (b) study the distribution of the
fraction of false rejections (V/R+), which has implications on possible violation
of the bound for a particular realization. Our simulations provide a comparison of
our new procedures to the known ones mentioned above and we show that our new
procedures compare favorably in most cases of interest. We analyze simulated and
real data, and show that for both the new procedures almost always reject more
hypotheses than BH95, while maintaining control even under dependence, and we
therefore refer to these procedures as “Improved BH” (IBH). The real data which
we use is gene expression data obtained from various cancer studies, and we show
that our new procedures allow rejection of more hypotheses at a given confidence
level and thus increase discovery power.

A Matlab package implementing our proposed procedures, including exam-
ples and data sets analyzed in the paper, is provided in the supplementary infor-
mation Zeisel, Zuk and Domany (2010) and in the following URL: http://www.
broadinstitute.org/~orzuk/matlab/libs/stats/fdr/matlab_fdr_utils.html.

2. Preliminaries and theorem on control. In this section we present a the-
orem which provides a general way to build an improved bound for controlling
the FDR using an estimator for m0. Two examples of practical implementation of
the theorem lead to useful procedures described in the next section. The working
assumption we use here is that the p-values are independent. The theorem is not
proven for dependent variables, but our simulations indicate that in most cases we
do control the FDR even under dependence (see Section 5). Our first step is defin-
ing mathematically a family of estimators m̂0 for m0. We define a general modified
BH procedure, in which any one of these estimators is used by replacing m in the
original BH95 procedure [see equations (1.2) and (1.3)] by m̂0. Throughout this
section and the rest of the paper we denote for convenience pi..j ≡ pi, . . . , pj . We
also denote �p = (p1, . . . , pm) the vector of all p-values.

DEFINITION 2.1. An estimator for m0 is a family of functions m̂0 ≡
m̂

(m)
0 : [0,1]m → R, m̂0 ≡ m̂0( �p). We usually omit the index (m), as it is obvi-

ous from the context. We say that m̂0 is a monotonic estimator if it satisfies the
following:

1. m̂
(m)
0 (p1, . . . , pi, . . . , pm) ≥ m̂

(m)
0 (p1, . . . , p

′
i , . . . , pm), ∀pi ≥ p′

i , i = 1,2, . . . ,

m, m ≥ 1.
2. m̂

(m)
0 (p1, . . . , pi, . . . , pm) ≥ m̂

(m−1)
0 (p1, . . . , pi−1,pi+1, . . . , pm), ∀i = 1,2,

. . . ,m, m ≥ 2.

DEFINITION 2.2. Assume w.l.o.g that we have m hypotheses, the first m0 of
which are null. Let �p = (p1, . . . , pm) be the corresponding p-values. The modified
step-up BH procedure with estimator m̂0 is defined as follows:

1. Compute m̂0 ≡ m̂0( �p).

http://www.broadinstitute.org/~orzuk/matlab/libs/stats/fdr/matlab_fdr_utils.html
http://www.broadinstitute.org/~orzuk/matlab/libs/stats/fdr/matlab_fdr_utils.html
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2. For each i define

γi = iq

m̂0
.(2.1)

3. Order the p-values in an increasing order: p(1) ≤ · · · ≤ p(m).
4. Let R = max{i :p(i) ≤ γi}, and reject the hypotheses (1), (2), . . . , (R) (if no

such R exists, do not reject any hypothesis).

This procedure is similar to the original BH95 procedure, with the additional initial
step of estimating m0, and the different set of constants used to determine R. The
modified step-down BH procedure is defined in the same way, except that in step
4 we take R = min{i :p(i) > αi} − 1.

The next theorem gives the bound on the FDR for the above procedure under
the above assumptions [a very similar result was given by Benjamini, Krieger and
Yekutieli (2006)].

THEOREM 2.3. Let m̂0 ≡ m̂0( �p) be a monotonic estimator for m0. Consider
the modified step-up BH procedure defined above. Let m̂

( 	1)
0 ( �p) ≡ m̂0(p2, . . . , pm)

be the same estimator, but disregarding the first (null) p-value p1. Assume that the
null p-values are i.i.d. U [0,1]. Then the procedure satisfies

FDR = E

[
V

R+
]

≤ m0qE

[
1

m̂
( 	1)
0

]
.(2.2)

Here p1 is a representative of one of the true null p-values. The modified estima-
tor m̂

( 	1)
0 which excludes p1 cannot be implemented in practice, as the researcher

does not know which of the p-values are null, but for any estimator m̂0 we can
still consider this hypothetical estimator (in similar vain to the “oracle” procedure
sometimes considered in the literature) and study its statistical properties—it only
serves for a hypothetical auxiliary procedure which is used in the proof of the theo-
rem, and the theorem applies to the practical original procedure with the estimator
m̂0 which does use p1 (as well as all other p-values). The proof of Theorem 2.3 is
given in Zeisel, Zuk and Domany (2010), Supplement A for completeness. In gen-
eral, a direct computation, or bounding of the FDR for a given procedure, is a de-
manding task, which depends heavily on the procedure’s details, and suffers from
complicated dependence on the rejection of different hypotheses, reflected in the
computation of E[V/R+] (this is true even if the p-values themselves are indepen-
dent) and, therefore, there is no general way to prove FDR controlling properties
of various procedures. The advantage of Theorem 2.3 is that it provides a direct
method for proving control for a wide class of procedures, by simply bounding the
reciprocal mean of the estimator for m0. In the next section we use this theorem
to prove control of the FDR for two procedures, based on different estimators m̂0
and m̃0 which we propose. We are not aware of a direct way for proving control of
the FDR for these procedures, thus demonstrating the power and generality of the
theorem.
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3. The proposed procedures. In this section we propose two FDR control-
ling procedures. We show that they achieve direct control of q , the desired value
of the FDR, while producing a list of R′ discoveries satisfying almost always
R′ ≥ R, the corresponding BH95 value. The procedures are particular cases of De-
finition 2.2. According to Theorem 2.3, any estimator that satisfies our monotonic-
ity assumption bounds the FDR by FDR ≤ m0qE[1/m̂

( 	1)
0 ]. Therefore, in order to

show that the FDR is controlled, it suffices to bound E[1/m̂
( 	1)
0 ]. In particular, if

we want to achieve a certain FDR control level q , we need to verify that

E

[
1

m̂
( 	1)
0

]
≤ 1

m0
.(3.1)

Our first estimator is based on

m̂′
0 = 2

m∑
j=1

pj .(3.2)

m̂′
0 was used by Pounds and Cheng (2006) for estimation, but without proving

control of the FDR. The second estimator is based on

m̃′
0 = −

m∑
i=1

log(1 − pi).(3.3)

For both estimators we first show that equation (1.9) is satisfied and, hence, both
can be used for FDR estimation. Next we describe the procedure to be used for
control of the FDR, which is proved by showing, for slightly modified versions of
both estimators (see below), m̂0 and m̃0, that the bound equation (3.1) is satisfied.
Both m̂′

0, m̃
′
0 are monotonic estimators according to Definition 2.1. Our claims are

as follows:

1. Both estimators are conservative, that is, their expectation is at least m0. More-
over, as the statistical power of each individual test increases, and the pi of the
alternative hypothesis approach zero, our estimators converge (in expectation)
to the true value of m0.

2. Both procedures control the FDR—for the list of R′ discoveries we have
FDR ≤ q .

3. In nearly all cases of interest the number of discoveries obtained by our pro-
cedures exceeds the number obtained (for the same value of q) by the BH95
procedure, that is, R′ ≥ R. This holds since nearly always m̂0 ≤ m (exceptions
occur when there are almost no false hypotheses, that is, m and m0 are very
close).

A reasonable requirement from an estimator for m0 should be that it is conser-
vative (i.e., larger than m0 in expectation). We would also like our estimator to be
(approximately) unbiased, at least when all hypotheses are null, since otherwise we
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will get a systematic overestimation of m0 and a corresponding underestimation of
the FDR. Finally, a desirable property is being asymptotically unbiased—that is,
even when there are nonnull hypotheses, when the sample size of the individual
tests grows to infinity, we would want the estimator to converge, on expectation, to
the true value m0. These properties were dealt with in Pounds and Cheng (2006),
where it was shown that m̂′

0 indeed satisfy them. Here we show them for both our
procedures:

CLAIM 3.1. (a) Both estimators are conservative:

E[m̂′
0] ≥ m, E[m̃′

0] ≥ m0.(3.4)

(b) Assume that the sample size of all tests goes to infinity, and, thus, E[pi] → 0
for i = m0 + 1, . . . ,m. Then both estimators converge in expectation to m0:

E[m̂′
0] → m0, E[m̃′

0] → m0.(3.5)

PROOF. (a)

E[m̂′
0] = 2

m∑
j=1

E[pj ] = 2

(
m0∑
j=1

E[pj ] +
m∑

j=m0+1

E[pj ]
)

(3.6)

= m0 + 2
m∑

j=m0+1

E[pj ] ≥ m0,

E[m̃′
0] =

m∑
j=1

E[log(1 − pj )] =
m0∑
j=1

E[log(1 − pj )] +
m∑

j=m0+1

E[log(1 − pj )]
(3.7)

= m0 +
m∑

j=m0+1

E[log(1 − pj )] ≥ m0.

(b) From the two equations above it is clear that as all the alternative E[pj ]
approach zero, the expectation of both estimators converges to m0. �

In order to show control of the FDR using Theorem 2.3, we have to apply
small corrections to both estimators, turning them into conservative estimators
(i.e., overestimating m0). This is due to two reasons: the first is that the bound
on the FDR given in Theorem 2.3 uses m̂

( 	1)
0 (rather than m̂0) and, thus, we “lose”

one of the p-values and need to correct for that. The second reason is that m̂
( 	1)
0

appears in the denominator, and its fluctuations have asymmetric influence on
the FDR bound. This can be illustrated by using Jensen’s inequality which gives
E[1/m̂

( 	1)
0 ] ≥ 1/E[m̂( 	1)

0 ], thus showing that an unbiased estimator for m0 will typi-
cally show a bias when its reciprocal is used. Nevertheless, we show that these two
effects can be overcome by applying a small correction, which becomes negligible
as the number of hypotheses goes to infinity.
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3.1. The IBHsum procedure. Our first estimator is based on m̂′
0 [see equa-

tion (3.2)] that was also used by Pounds and Cheng (2006), but only for esti-
mation and not for control. Since for the m0 variables for which the null hy-
pothesis holds we have ptrue

i ∼ U [0,1] ⇒ E[ptrue
i ] = 1

2 , it is trivial to see that
E[m̂′

0] ≥ m0. To show that E[m̂′
0] ≤ m, we have to make a further assump-

tion regarding the alternative p-values pfalse
i : We denote the distribution of pfalse

i

by f false
i , that is, pfalse

i ∼ f false
i . If all the fi ’s are stochastically smaller [Aven

and Jensen (1999)] than the uniform distribution (f false
i ≤st U [0,1]), we have

E[pfalse
i ] ≤ 1

2 which immediately implies E[m̂′
0] ≤ m [a probability density func-

tion f is said to be stochastically smaller than a probability density function g,
f ≤st g, if F(x) = ∫ x

−∞ f (t) dt ≥ G(x) = ∫ x
−∞ g(t) dt ∀x ∈ (−∞,∞); Aven and

Jensen (1999)].
We introduce the following modified estimator:

m̂0 = C(m) · min[m,max(s(m), m̂′
0)],(3.8)

where C(m), s(m) are universal correction factors that ensure that the condi-
tion (3.1) is satisfied [for details see Zeisel, Zuk and Domany (2010), Supple-
ment B]. The correction factors were computed numerically and are presented in
Figure 2. When m → ∞, C → 1 and s/m → 0, and, therefore, the corrections
become negligible and the estimator m̂0 reduces to m̂′

0.

FIG. 2. The correction functions C(m) and s(m)/m [see equation (3.8)]. As m → ∞ the multi-
plicative correction C(m) approaches one, while the (normalized) threshold s(m)/m [used when
m̂′

0 ≤ s(m)] goes to zero, thus, m̂0 reduces to the uncorrected m̂′
0.
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3.2. The IBHlog estimator. In this section we propose another estimator for
m0, based on m̃′

0 [see equation (3.3)]. Again, since for i = 1,2, . . . ,m0 we
have ptrue

i ∼ U [0,1] ⇒ E[− log(1 − pi)] = 1 and, therefore, E[m̃′
0] ≥ m0. Fur-

thermore, if all the alternative p-values pfalse
i have a distribution which is sto-

chastically smaller than the uniform distribution (f false
pi

(p) ≤st U [0,1]), then

E[− log(1 − pfalse
i )] ≤ 1, and, therefore, E[m̃′

0] ≤ m.
The advantage of using the second estimator m̃′

0 over m̂′
0 is that when

f false
pi

(p) ≤st U [0,1], the alternative hypothesis generates p-values skewed to the

left. Since − log(1 − p) < 2p, ∀p < 1
2 [see equations (3.2) and (3.3)], this typi-

cally implies m̃′
0 ≤ m̂′

0 and, thus, m̃′
0 is typically closer to the true m0. A possible

drawback is that the variance of m̃′
0 is typically larger than that of m̂′

0, which might
result in an instability in the estimation of m0.

Proving control of the FDR for m̂0 is difficult since we need to bound 1/m̂0
which has a complicated distribution. Here we show that the distribution of m̃′

0 is
much simpler, and this enables us to prove control of the FDR by introducing only
a slight additive correction.

CLAIM 3.2. Define the (corrected) estimator:

m̃0 ≡ 2 + m̃′
0 = 2 −

m∑
i=1

log(1 − pi).(3.9)

Assume that the null p-values are i.i.d. U [0,1]. Then the modified BH procedure
with estimator m̃0 and parameter q controls the FDR at level ≤ q .

The proof is achieved by bounding E[1/m̃
( 	1)
0 ] and then using Theorem 2.3. See

Zeisel, Zuk and Domany (2010), Supplement C for full details.

4. Is the FDR monotonic? In this section we take a slight detour from the
study of our proposed procedures to investigate the following question: is it gener-
ally true that by modifying an FDR procedure to be more stringent, one is guaran-
teed to obtain a more conservative control on the FDR? The motivation for dealing
with this question in the context of the current paper (which deals with the control
property of a modified BH procedure) comes from the fact that Theorem 2.3 was
proved only for step-up procedures, which leads us to ask whether it holds also
for the more conservative step-down case. Monotonicity is a natural property that
one might expect when performing statistical tests, as it allows the researcher to
choose a trade-off between maximizing the statistical power and minimizing the
risk of making false discoveries. The analogous question for a single hypothesis
is whether taking a more conservative (lower) p-value cutoff guarantees to reduce
the risk of making a type-I error, and is trivially answered in the affirmative. Our
formulation of the question in the multiple-hypothesis settings using FDR is as
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follows: Given two procedures, B(1),B(2) (possibly parameterized by q or other
parameters), and assuming that for any realization of the p-values, B(2) passes
more hypotheses than B(1), is it true that FDR(1) ≤ FDR(2)? While this statement
seems a natural and plausible property of FDR procedures, we are not aware of
any previous treatment of it in the literature. Here we show that under certain
monotonicity conditions on the alternative hypothesis p-values distribution, one
can prove this monotonicity property of the FDR.

THEOREM 4.1. Let �p = (p1,...,m) be a set of independent p-values. Assume
that f , the marginal probability density function of the alternatives, is monotoni-
cally nonincreasing and differentiable. Let B(i) be two threshold FDR procedures
rejecting R(i)( �p) hypotheses and each having FDR(i), i = 1,2. Assume that for
any q , R(1)( �p) ≤ R(2)( �p),∀ �p. Then it also holds that FDR(1) ≤ FDR(2).

The proof is given in Zeisel, Zuk and Domany (2010), Supplement D. A partic-
ular application of the above theorem is showing that step-down procedures give
better FDR then step-up procedures. Thus, we immediately get the following:

COROLLARY 4.2. The statement of Theorem 2.3 holds also for the step-down
procedure, provided that the alternative f is monotonically decreasing.

The above conditions for monotonicity might appear a bit restrictive, and one
could hope to relax them—for example, require only f ≤st U [0,1] instead of
monotonicity. We have found that, perhaps surprisingly, monotonicity of the FDR
does not hold under such relaxed conditions, by giving an example in which FDR
monotonicity is violated, even for a simple case of independent test statistics (both
null and nonnull), when f ≤st U [0,1], and when the FDR procedures themselves
are monotonic. It is thus not obvious at all that in practice we will always observe
a monotonic behavior of the FDR, and, thus, it is possible to get a higher FDR for
a more conservative procedure.

EXAMPLE 4.3. Let m = 3 and m0 = 1. Let the two alternative hypotheses p-
values be taken from a mixture distribution, pi ∼ εU [0, ε] + (1 − ε)δ(pi − ε) for
some 0 < ε < 1. Thus, p2,p3 are “truncated” uniform r.v.s., having 1 − ε of their
mass concentrated at ε, and the rest (ε) uniformly distributed on [0, ε]; their dis-
tributions are stochastically smaller than U [0,1]. For simplicity of computations,
we assume that ε � 1 and thus look only at the first order in ε, although the exam-
ple’s conclusion holds for any ε > 0. Let P (1) be the procedure always rejecting
the lowest p-value and P (2) be the procedure rejecting the two lowest p-values
(we assume that ties are handled in the same way by both procedures, for example,
by taking p-values in lexicographic order—the precise tie-breaking rule does not
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change the example’s results). We next compute the FDR for both procedures:

FDR(1) = Pr(p1 < p2,p3) = ε[ε2/3 + 2ε(1 − ε)/2 + (1 − ε)2]
(4.1)

= ε + O(ε2),

FDR(2) = (
1 − Pr(p1 > p2,p3)

)
/2 = [1 − (1 − ε) − ε3/3]/2

(4.2)
= ε/2 + O(ε3).

Thus, for ε small enough FDR(1) > FDR(2) and the more conservative procedure
leads, in fact, to a higher FDR.

5. Synthetic data obtained by simulations. We applied our method, as well
as several others (see below), to synthetic data obtained by simulations performed
along the lines of Gavrilov, Benjamini and Sarkar (2009), with full details pre-
sented in Zeisel, Zuk and Domany (2010), Supplement E. The advantage of work-
ing with synthetic data is that several parameters of interest are under full con-
trol, and one can investigate their effect on the quality of different procedures
and bounds. Furthermore, by performing repeated simulations, one can determine
not only the (expected value) FDR but also the entire distribution of V/R+. One
should bear in mind that results based on specific simulations might have limited
applicability and are hard to generalize, since the simulations use specific configu-
rations (e.g., data distribution, test to determine p-values, hypothesis dependency
structure, etc.). A comprehensive simulation capturing all possible behaviors of
the hypothesis is infeasible, but we have tried to explore various different plausi-
ble scenarios which might be encountered in practice, by changing the number of
(total and null) hypotheses and their dependency structure, with both positive and
negative correlations. The simulations produce two kinds of Gaussian random vari-
ables: Z1, . . . ,Zm0 , sampled from the standard normal distribution P0 ≡ N(0,1),
and Zm0+1, . . . ,Zm, sampled from P1 ≡ N(μ1,1), centered on μ1 > 0. All vari-
ables (both null and nonnull) are sampled with covariance ρ (0 ≤ ρ ≤ 1): at the
extreme cases, setting ρ = 0 corresponds to independent variables, whereas ρ = 1
to full (deterministic) dependency. For each Zi the corresponding two-tailed p-
value is obtained, pi = 2�(−|Zi |), where � is the standard Gaussian cumulative
distribution function. The obtained pi ’s have a uniform U [0,1] distribution for
i = 1, . . . ,m0 (corresponding to the null hypothesis) and a distribution stochasti-
cally smaller than uniform for i = m0 + 1, . . . ,m (the alternative hypothesis).

A set of m such variables constitutes a single instance or realization of the data
to be analyzed. To get accurate estimates of the FDR and the V/R+ distribution,
we generated for each simulation 50,000 such realizations, which generally gave
highly accurate and reproducible estimates. Under the null hypotheses all variables
are sampled from the first distribution, m p-values are calculated accordingly and
used as input to one of the procedures with a desired FDR bound q , producing a list
of R rejections. As opposed to real data, here one can go back and identify those
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V among the R that were falsely rejected (i.e., were, in fact, selected from P0).
This way one can keep track of the true values of V/R+, their mean (calculated
over a large number of instances), variance, etc. One important goal of the simu-
lation is comparing our procedures to existing ones. Specifically, we compare our
procedure to the following: (1) the BH95 procedure as described in the Introduc-
tion, (2) the BKY procedure which defines a local (i-dependent) estimator for m0,
given by m̂BKY

0 = m + 1 − i(1 − q), and uses it in the step-down manner of the
BH95 procedure with q∗ = qm/m̂BKY

0 , (3) the STS procedure which introduces
m̂STS

0 = (m + 1 − r(λ))/(1 − λ) as the estimator for m0 where r(λ) = #{pi ≤ λ},
and then uses the step-up BH95 procedure, with q∗ = qm/m̂STS

0 , with the require-
ment that all the rejected pi ≤ λ (throughout this paper we used the STS procedure
with λ = 0.5). We present here two kinds of results derived from such simulations.
First we compare the values of FDR = E(V/R+) obtained by the procedures dis-
cussed above: BH95, BKY, STS, IBHsum and IBHlog when the hypotheses are
dependent. In particular, we demonstrate that for positive correlations ρ > 0 our
IBH as well as the BKY procedures yield, for a given desired value of q , an FDR
that is either less than q or exceeds it slightly. On the other hand, the STS method
produces, for ρ > 0, values of FDR that exceed q by a large margin. The second
aim is to assess the extent to which the value of V/R+, obtained for a particular
realization, will violate the bound, especially for the IBH methods.

As an overview we start by presenting in Figure 3 the performance of our pro-
posed IBHsum procedure for fixed m = 500 and q = 0.05,0.2, and for a wide
range of the parameters m0/m (fraction of alternative hypotheses) and μ1 (signal
strength), by estimating the expected value FDR = E(V/R+) from our simula-
tions. Figure 3a and c are for the independent case and show both step-down and
step-up results. As we can see, the two become identical when the signal (μ1) is
strong or when m0/m is small. Figure 3b and d are for the positively dependent
case (ρ = 0.8) for which the procedure is not proved to control the FDR. Indeed,
we can observe in Figure 3b violation of the FDR level q for large signals (μ1);
this violation of the bound for the dependent case will be discussed later.

5.1. Comparison of several methods under dependency. Here we fixed the sig-
nal parameter μ1 = 3.5, and varied m0/m between 0.2 and 1 (for m = 500). We
present, in Figure 4a, c and e, results obtained for ρ = 0 (complete independence)
and in Figure 4b, d and f for ρ = 0.8 (strong dependence). For each instance we ap-
plied the five procedures with q = 0.05. For STS we chose λ = 0.5, and our IBH-
sum and IBHlog were employed in a step-down manner. Figure 4a and b present
for each method the mean value of V/R+, as a function of m0/m. These means
provide excellent estimates of E(V/R+), and they reveal that, as expected, for
ρ = 0 all methods satisfy the bound E(V/R+) ≤ q . The STS and IBH come clos-
est to saturating the bound, with BKY slightly lower and BH95 significantly lower.
The figures show also the result obtained by an “oracle,” namely, the procedure that
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FIG. 3. Isolines of E(V/R+), measured for the IBHsum procedure by simulations, presented in
the (μ1,m0/m) plane. The solid lines in (a) and (c) are for the step-up procedure and the dashed
lines for the step-down procedure. (a) and (c) are for the independent case (ρ = 0). (b) and (d) are
for the positive dependency case (ρ = 0.8). The FDR levels are q = 0.05 in (a), (b) and q = 0.2 in
(c), (d). In (b) we find E(V/R+) > 0.05 for large μ1, in violation of the bound q = 0.05. The step-up
and step-down procedures tend to coincide for independent p-values and low m0/m; the differences
between them are more significant when the signal is weak (small μ1) and m0/m is high.

uses the known value of m0 in order to determine R′ according to equations (1.7)
and (1.8).

For ρ > 0 no proved upper bound exists for either of the BKY, STS or IBH pro-
cedures. Furthermore, the proof of Benjamini and Yekutieli (2001) for the BH95
procedure does not hold for two-tailed tests: indeed, as can be seen on Figure 4b,
the FDR obtained by the oracle procedure (slightly) violates the bound q = 0.05
for m0/m ≤ 0.3, in agreement with the violation reported in Reiner (2007). There-
fore, it is important to assess the extent to which E(V/R+) obtained by each of
these methods violates the bound q in the presence of positive correlations between
the hypotheses. As seen in Figure 4b, for ρ = 0.8 the STS method produces a mea-



958 A. ZEISEL, O. ZUK AND E. DOMANY

FIG. 4. Results obtained for synthetic data with m = 500 hypotheses; m0 was varied, the FDR was
set at q = 0.05, the mean of the distributions P1 was μ1 = 3.5 and the data were drawn either with
covariance ρ = 0 [(a), (c) and (e)] or ρ = 0.8 [(b), (d) and (f)]. Six methods were compared: oracle
(ORC), BH95, BKY, STS and our two IBH procedures (in a step-down manner), showing E(V/R+)

in (a) and (b), the power E(S)/m1 in (c) and (d), and the standard deviation (st.d.) of V/R+ in (e)
and (f), for the independent case and positively dependent cases, respectively.

sured FDR that overshoots the value q = 0.05 of the bound by more than twice, for
most of the range of m0 values studied. In comparison, the other methods (BH95,
BKY, IBHsum) provide FDR which remains below the bound or exceeds it slightly
for a narrow range of m0. The IBHlog procedure also violates the bound for nearly
the entire range of m0/m, but by much less than STS.

We conclude these comparisons between the different procedures by presenting,
in Figure 4c and d, their power, measured as the fraction of correctly rejected hy-
potheses, or “True Discovery Rate.” For each realization we calculated S = R −V

and plotted the ratio S/m1 = (R −V )/(m−m0), averaged over all instances. This
measure of power is one minus the type two error rate, known as the False Non-
Discovery Rate T/m1 [Genovese and Wasserman (2002)]. For the independent
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case ρ = 0 the power values of the ORC, BKY, STS and both IBH procedures are
very close and much better than that of BH95. For ρ = 0.8 STS has the highest
power, followed closely by the oracle, both IBH and BKY, with a large gap to
BH95. Again, one should bear in mind that STS has the largest number of discov-
eries R, at the cost of violating strongly the bound of 0.05 on the FDR. Interest-
ingly, there is no simple monotonicity relationship between the values of the FDR,
E(V/R+), and the True Discovery Rate E(S/m1).

Figure 4e shows the standard deviation (st.d.) of V/R+ for the independent
case, and Figure 4f for the positively dependent case. As can be seen when the
p-values are independent, the st.d. is very similar for all the procedures, but in-
creases steeply as m0/m → 1. In the case of dependent p-values, the situation
becomes worse; for nearly the entire range of m0/m the coefficient of variance
cv = st.d.(V/R+)/E(V/R+) is greater than 1. Also, as will be mentioned be-
low, for real data the st.d. of the STS procedure is significantly higher than that
of the IBH. These high values of st.d. result from the FDR definition, since the
expectation of V/R+ takes into account many realizations with R = 0 that give,
by definition, V/R+ = 0, making the distribution of V/R+ very nonsymmetric.
A comparison similar to the one presented in Figure 4 for q = 0.05 is presented in
Zeisel, Zuk and Domany (2010), Supplement E, Figure S4 for q = 0.2, and pro-
vides similar observations. We thus conclude that for ρ = 0 our IBH procedures
provide an expected improvement over the BH95 in terms of power and satura-
tion of the bound and their performance is comparable to that of the other adap-
tive methods tested. For dependent variables STS violates the bound on E(V/R+)

much more than the IBHlog and the IBHsum which violate it only slightly.

5.2. Applicability for a particular realization. Controlling the FDR at a level
q means that the average fraction of false rejections is no larger than q . It could
still be the case that on average the fraction of false rejections is controlled, yet
for a large percentage of the realizations one gets many false rejections and a high
proportion of false discoveries. In contrast to the average behavior captured by the
FDR definition, questions involving the distribution of false rejections, affecting
the behavior of a particular realization, were not studied much in the literature
[a notable exception is Owen (2005) who studied the variance of R]. We therefore
set out to address the issue of validity of the bound for a particular realization, by
calculating for the synthetic data the probability Pr( V

R+ ≤ q). This was done for
q = 0.05 for the six procedures (ORC, BH95, BKY, STS, IBHsum and IBHlog,
the latter two in step-down mode). The probability Pr( V

R+ ≤ q) was estimated by
computing, for each procedure, the fraction of realizations in which we indeed got
V
R+ ≤ q . In such a comparison one should bear in mind that a conservative pro-
cedure, such as BH95, restricts the discoveries much more than a procedure that
produces tight bounds (such as the oracle). For example, looking at Figure 4a, we
see that the mean value E(V/R+) of BH95 is much lower than q = 0.05, and,
hence, the weight of the tail of the distribution of V/R+ values that “leaks” to
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V/R+ > 0.05 is very small, whereas for the oracle, which has E(V/R+) ≈ 0.05,
the probability of exceeding 0.05 is close to 0.5, and if we want to guarantee
that Pr(V/R+ < B) ≈ 1, we must set B at a value which is significantly larger
than the FDR bound q . As seen in Figure 5a, the results of IBH are slightly more
conservative than the oracle in the case of independence, while all improved pro-
cedures have fairly similar results. In the case of strong dependency, Figure 5b,
the differences between the procedures are more pronounced; the STS is the most
permissive procedure.

It is very interesting to see that in the case of positive dependent statistics the
probability to violate the bound is smaller, although E[V/R+] is larger. This is
again due to the fact that in these cases we get R = 0 for many realizations, which
means that V/R+ = 0, that is, the variance of V/R+ is increased for positive
correlations, whereas for the independent case V/R+ is very likely to be close
to its expectation. Further study on the distribution of V/R+ is required in order
to shed light on the behavior of different procedures for particular realizations.
Figure 5c and d present the cumulative distribution function (CDF) of V/R+ for
a specific set of parameters, m = 1000,m0/m = 0.7,μ1 = 3.5, q = 0.05, and the
different procedures to be compared, for the independent case (Figure 5c) and for
the positive dependence case (Figure 5d). We would like to emphasize two points:
(1) The CDFs of our improved procedures have very similar behavior to the other
improved procedures. (2) While in the independent case the distribution is close to
symmetric, under dependency the distribution is very nonsymmetric, and, hence,
controlling the mean (of V/R+) is almost irrelevant.

6. Application to gene expression data. As an ultimate test for their utility,
we wanted to asses the performance of our new procedures on real life data, which
typically provide complex and unexpected dependency structures which are hard
to capture in simulations. We therefore applied our procedures that were described
in Section 3 to publicly available expression data. First, we present in full de-
tail how our procedures were applied to two data sets. Next, our procedures were
applied to 33 data sets and results were compared with those obtained by several
other procedures: the original BH95 and the improved bounds of BKY [Benjamini,
Krieger and Yekutieli (2006)] and STS [Storey, Taylor and Siegmund (2004)] with
λ = 0.5.

6.1. Detailed application of our procedures. The first data set used is that of
Andersson et al. (2007) who studied several types of childhood leukemia. We
focus here on the search for genes whose expression separated 6 patients with
normal bone marrow from 11 T-Cell Acute Lymphoblastic Leukemia patients,
which yielded a large number of discoveries (differentiating genes). The num-
ber of hypotheses (e.g., potentially differentiating probe sets) was m = 21,288;
the corresponding reported p-values were ordered and plotted on Figure 1a. Our
estimators for m0, obtained using equations (3.8) and (3.9) for this data, were
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FIG. 5. (a) and (b) shows the probability that a single instance satisfies the desired FDR level q

as a function of m0/m. Results are shown for simulated data with m = 1000 hypotheses, the mean
of the distribution P1 was μ1 = 3.5, and the FDR bound was set to q = 0.05. Five methods are
compared: ORC, BKY, STS and our two IBH procedures (in the step-down manner). (a) ρ = 0 and
(b) ρ = 0.8. The oscillatory behavior of some bounds is caused by finite size effects. (c) and (d) shows
the cumulative distribution function of V/R+ for m0/m = 0.7, (c) ρ = 0 and (d) ρ = 0.8 (obtained
from 106 realizations).

m̂0 = 7093, m̃0 = 6380, and the estimated numbers of discoveries were m − m̂0 ≈
14,000,m − m̃0 ≈ 15,000.

The second study, of Pawitan et al. (2005) on breast cancer, had a relatively
small number of discoveries. The aim was to find genes that differentiated early
discovery breast cancer cases of poor and good outcomes, that is, were differ-
entially expressed between tumors obtained from 38 subjects that died of the
disease and from 121 patients who were alive. The number of hypotheses was
m = 44,611, and our p-values based estimators for m0 (plotted in Figure 1b) were
m̂0 = 38,587, m̃0 = 37,580.

For both studies we have set the desired FDR value at q = 0.1. We plot in
Figure 1 the sorted p-values p(i) versus i/m for these two data sets. In each of the
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two figures we show three FDR lines; the αi of BH95 [see equation (1.3)] and the
values of γi corresponding to our two procedures [see equation (2.1)].

For the first data set the BH95 procedure yields at q = 0.1 a large number
of R = 0.6065 × 21,288 = 12,912 discoveries (see Figure 1a). When we apply
our procedure we get, at the same FDR, R′ = 0.746 · 21,288 = 15,884 (for the
IBHsum) discoveries, that is, 23% more.

The BH95 procedure yields for the second data set (at q = 0.1) R = 499 dis-
coveries. When we apply our procedure we get, at the same FDR, R′ = 621 (for
the IBHsum) discoveries, that is, 24% more.

6.2. Applying our procedures to many data sets. We downloaded from the
ONCOMINE website [Rhodes et al. (2007)] p-value vectors that were obtained
from 33 comparisons, performed on expression data from 19 studies of various
types of cancer: Andersson et al. (2007); Basso et al. (2005); Bittner (2005);
Bullinger et al. (2004); Choi et al. (2007); Chowdary et al. (2006); Graudens et al.
(2006); Koinuma et al. (2006); Laiho et al. (2007); Miller et al. (2005); Pawitan
et al. (2005); Ross et al. (2003); Valk et al. (2004); van de Vijver et al. (2002);
Wang et al. (2005); Watanabe et al. (2006); Yeoh et al. (2002); Zhao et al. (2004);
Zou et al. (2002). Depending on the biological question at hand, either one or
two-tailed tests are appropriate. Therefore, we applied our procedures to both test
types. We focused on two opposing scenarios: those with a small number (less than
2% of m, for the BH95 procedure with q = 0.05) of discoveries, and those with a
large number (more than 10% of m). The 33 sorted sets of pi values are plotted,
versus i/m, in Figure 6, separately for the four types of comparisons that were
made (one/two-tailed test, low/high number of discoveries).

As can be seen in Figure 6, for each type of comparison the sorted p-value curve
has a typical shape. In the case of a large number of discoveries, Figure 6a and c,
the curve is more convex (and flatter near zero) than in the case of a small number
of discoveries, Figure 6b and d. Another clear difference is between the two-tailed
(Figure 6a and b) and the one-tailed (Figure 6c and d) sorted p-value curves. In
the case of two-tailed tests, the entire curve is convex, while for one-tailed tests the
right side of the curve is concave; the reason is that in the latter case there are very
often some hypotheses that are shifted, with respect to the null hypothesis, in the
direction opposite to the one tested for by the one-sided test (for example, if one
looks for up-regulated genes, there are typically also many down-regulated genes,
which produce very high p-values). For detailed treatment of FDR estimation in
the case of one tailed tests see Pounds and Cheng (2006).

We compare here the performance of five procedures: the BH95, BKY, STS,
IBHsum and IBHlog (both IBH in the step-down mode). For each of the improved
procedures we determined the ratio between the number of rejected hypotheses it
yielded and the number of hypotheses rejected by BH95. We present in Table 2
the mean value of this figure of merit and its standard deviation, calculated for the
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FIG. 6. Sorted p-value vectors from 33 expression data sets of various cancer-related comparisons:
(a) two-tailed tests with large numbers of discoveries, (b) two-tailed tests with small numbers of
discoveries, (c) one-tailed tests with large numbers of discoveries, (d) one-tailed tests with small
numbers of discoveries.

data sets of each of the types of comparisons mentioned above, at q = 0.05 and
q = 0.1.

Inspection of Table 2 reveals that for types (a), (b)—of two-tailed tests, irre-
spective of the number of discoveries and FDR level, STS and both IBH proce-
dures give significantly higher improvement over BH95 than the BKY procedure,
with STS performing slightly better than IBHlog, followed by IBHsum. For the
one-tailed test with large numbers of discoveries [type (c)] the mean improvement
of BKY is the highest, while STS and IBHsum are quite similar. IBHlog fails dra-
matically in this case due to the abundance of p-values close to one, giving an
over-estimation of m0. For type (d), one-tailed tests with a small number of dis-
coveries, IBHsum is slightly better than STS and both yield a significantly higher
improvement than BKY. In all four types and for all values of FDR, the standard
deviations of V/R+ of the STS method are significantly higher than those of BKY
and the IBHsum procedures. Furthermore, as shown in Section 5.1 (see Figure 4b),
in the case of positively dependent test statistics the STS procedure loses control
of the FDR in a much more drastic manner than our IBH procedures. Since we
expect that correlations between the expression profiles of different genes will be
present in most data, the STS method may produce unreliable values of the figure
of merit presented here.

In summary, our IBH procedures constitute in all cases a significant improve-
ment over the original BH95; in all but one of the comparison types the improve-
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TABLE 2
Comparison of the improvement in power (ratio between numbers of rejected hypotheses with
respect to the BH95 procedure: R/RBH95) of several methods: BKY [Benjamini, Krieger and

Yekutieli (2006)], STS [Storey, Taylor and Siegmund (2004)], IBHsum and IBHlog in the
step-down version. Mean values and standard deviations (in parentheses) are given

for each of the four types of comparisons

q BKY STS IBHsum IBHlog

(a) Two-tailed, large number of discoveries (10 studies)
0.05 1.110 1.239 1.200 1.222

(0.043) (0.138) (0.110) (0.130)
0.1 1.155 1.258 1.213 1.237

(0.057) (0.117) (0.087) (0.102)

(b) Two-tailed, small number of discoveries (10 studies)
0.05 1.003 1.316 1.231 1.291

(0.003) (0.197) (0.140) (0.179)
0.1 1.017 1.308 1.230 1.275

(0.027) (0.161) (0.117) (0.137)

(c) One-tailed, large number of discoveries (8 studies)
0.05 1.049 1.011 1.014 0.108

(0.019) (0.033) (0.026) (0.306)
0.1 1.062 1.012 1.014 0.108

(0.026) (0.0340 (0.024) (0.305)

(d) One-tailed, small number of discoveries (5 studies)
0.05 0.998 1.027 1.025 0.882

(0.020) (0.052) (0.017) (0.123)
0.1 1.004 1.028 1.031 0.888

(0.031) (0.079) (0.022) (0.120)

ment is significantly better than that of the BKY method. Comparison with STS
yields mixed results, but the edge of STS over IBH in two of the four comparison
types is overshadowed by the fact that STS does not provide a reliable bound for
data sets with positive correlations between probe sets, while IBH remains reliable.

7. Discussion. We addressed the problem of controlling the False Discovery
Rate in the case of a large number of comparisons, or hypotheses to be tested si-
multaneously. Providing a reliable and possibly tight bound on the FDR is an issue
of major importance for analysis of high-throughput biological data, such as ob-
tained using gene expression microarrays. We presented here two estimators of m0,
the number of true null hypotheses. We proved that both estimators can be used
for FDR estimation and, more importantly, for FDR control. Thus, we added two
procedures to the rather limited repertoire of improved FDR procedures for which
control of the FDR is known to hold. Our proof of control relies on a general
theorem, which provides a bound on the FDR for improved procedure using any
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estimator m̂0(p1, . . . , pm) provided a condition of monotonicity is satisfied, and
one is able to bound the reciprocal mean of the estimator. In addition, we proved a
novel result, that FDR procedures satisfy a monotonicity property under some very
plausible assumptions. As a corollary of this theorem, we show that any bound on
the FDR that was proved for the step-up procedure, holds also for the more conser-
vative step-down procedure as well. Our proofs of control hold only for the inde-
pendent case. For the dependent case, results for control are even more scarce, and
limited to certain specific types of dependency. We therefore studied the behavior
of our procedures, compared to others known from the literature, under depen-
dency, using simulations. In addition to studying behavior under dependency, our
simulations also enabled us to understand the distribution of the fraction of false
hypotheses, and, in particular, the probability of violating the bound for a partic-
ular given realization. Further research on this aspect of comparing procedures
is needed and we expect it to provide interesting new insights and measures for
comparisons of different procedures. We finally applied our procedures, as well as
several others, to a large number of cancer-related expression data sets. For both
real and simulated data, our new procedures provided more rejections (separat-
ing genes) than the similar list of Benjamini and Hochberg and the very recently
introduced improved bound of BKY [Benjamini, Krieger and Yekutieli (2006)],
for a fixed desired value of the FDR. In some cases the improved bound of STS
[Storey, Taylor and Siegmund (2004)] gives more rejection than our method, but as
we have shown on synthetic data, when there are positive correlations, STS loses
control of the FDR in a much more pronounced way than our procedure. To sum-
marize: a researcher may either obtain a desired number of differentially expressed
genes at a lower FDR, or get a longer list of such genes at the desired FDR level,
at no added computational cost. We recommend using our IBHlog procedure for
two-tailed tests, and IBHsum procedure for a one-tailed test, to increase discovery
power while controlling FDR levels.
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SUPPLEMENTARY MATERIAL

Supplementary material for: FDR control with adaptive procedures and
FDR monotonicity (DOI: 10.1214/10-AOAS399SUPP; .pdf). In this supplemen-
tary file we provide proofs of the claims and theorem presented in the paper, to-
gether with technical details regarding the proposed estimator and of the simula-
tions performed. The document includes the following sections: Supplement A:
Proof of Theorem 2.3. Supplement B: Designing the IBHsum estimator. Supple-
ment C: Proof of Claim 3.1. Supplement D: Proof of the monotonicity theorem.
Supplement E: Details of the simulations.

http://dx.doi.org/10.1214/10-AOAS399SUPP
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1 Supplement A: Proof of theorem 2.3:

Proof (Thm. 2.3):

Assume w.l.o.g. that the first m0 hypothesis are null, and the next m−m0 are the alternative. As is hinted

from the bound, the key idea used in the proof is to consider a modified (and more liberal) estimator m̂
( 61)
0 ,

which does not take into account one of the null p-values, which we assume w.l.o.g. is p1 (in practice the

researcher does not know which of the p-values are null and which are not, but assuming that at least one

p-value is null, we can still consider this hypothetical estimator as a liberal estimator for m0. In the case

where non of the p-values is null, the theorem follows immediately). We also define the following modified qk:

q
(1)
k ≡ qk

m̂
(61)
0

. From the monotonicity of m̂0 we have:

m̂
( 61)
0 ≤ m̂0, q

(1)
k ≥ qk (1)

In addition, we define the following events:

C
(1)
k ≡

{

max{j : p(1)(j−1) ≤ qj} = k
}

D
(1)
k ≡

⋃

j≤k

C
(1)
j =

{

p
(1)
(j−1) > qj , ∀j = k + 1, ..,m

}

(2)

where p
(1)
(1) ≤ .. ≤ p

(1)
(m−1) are the ordered m− 1 p-values excluding p1.

Since C
(1)
k and m̂

( 61)
0 depend only on p2, .., pm, the following conditional independence relation holds:

C
(1)
k ⊥⊥ p1|m̂( 61)

0 (3)

Before giving our proof, we need the following two lemmas:

Lemma 1 If p1 is independent of p2..m then:

Pr(D
(1)
k |{m̂( 61)

0 , p1 ≤ q
(1)
j }) ≤ Pr(D

(1)
k |{m̂( 61)

0 , p1 ≤ q
(1)
k }), ∀j ≤ k (4)

Proof (lemma 1):

The lemma’s statement involves conditioning on p1 ≤ p. We first prove a point-wise auxiliary claim, condi-

tioning on p1 = p. Let g(p2, .., pm|m̂( 61)
0 ) be the conditional density function of p2, .., pm given m̂

( 61)
0 . Denote

1



fp2..m(p) = Pr(D
(1)
k |{m̂( 61)

0 , p1 = p}). We prove below that f is monotonically non-decreasing. Let p ≤ p′.

Then:

fp2..m(p) = Pr(D
(1)
k |{m̂( 61)

0 , p1 = p}) = Pr(

m
⋂

j=k+1

{p(1)(j−1) > qj}|{m̂( 61)
0 , p1 = p}) =

Pr(

m
⋂

j=k+1

{p(1)(j−1) >
qj

m̂0
}|{m̂( 61)

0 , p1 = p}) =

∫

p2..m

Pr(

m
⋂

j=k+1

{p(1)(j−1) >
qj

m̂0(p, p2..m)
}|{p1 = p, p2..m})g(p2, .., pm|m̂( 61)

0 )dp2..dpm ≤

∫

p2..m

Pr(

m
⋂

j=k+1

{p(1)(j−1) >
qj

m̂0(p′, p2..m)
}|{p1 = p′, p2..m})g(p2, .., pm|m̂( 61)

0 )dp2..dpm =

Pr(

m
⋂

j=k+1

{p(1)(j−1) >
qj

m̂0
}|{m̂( 61)

0 , p1 = p′}) = Pr(D
(1)
k |{m̂( 61)

0 , p1 = p′}) = fp2..m(p′) (5)

Thus f is a monotonically non-decreasing function. Therefore, the average of f over [0, p] is also non-

decreasing in p:

1

p

∫ p

0

fp2..m(x)dx = [
1

p′
+ (

1

p
− 1

p′
)]

∫ p

0

fp2..m(x)dx ≤

1

p′

∫ p

0

fp2..m(x)dx + (1− p

p′
)fp2..m(p) ≤

1

p′

∫ p

0

fp2..m(x)dx +
1

p′

∫ p′

p

fp2..m(x)dx =
1

p′

∫ p′

0

fp2..m(x)dx (6)

And this in fact shows:

Pr(D
(1)
k |{m̂( 61)

0 , p1 ≤ p}) ≤ Pr(D
(1)
k |{m̂( 61)

0 , p1 ≤ p′}), ∀p ≤ p′ (7)

From here the lemma’s claim follows by simple integration, noting that any q
(1)
j can be treated as a constant

given p2, .., pm:

Pr(D
(1)
k |{m̂( 61)

0 , p1 ≤ q
(1)
j }) =

∫

p2..m

g(p2, .., pm|m̂( 61)
0 )

1

q
(1)
j

∫ q
(1)
j

p1=0

fp2..m(x)dp1dp2..dpm ≤

∫

p2..m

g(p2, .., pm|m̂( 61)
0 )

1

q
(1)
k

∫ q
(1)
k

p1=0

fp2..m(x)dp1dp2..dpm = Pr(D
(1)
k |{m̂( 61)

0 , p1 ≤ q
(1)
k }) (8)

The next lemma follows the spirit of [1].

Lemma 2
k
∑

j=1

Pr(C
(1)
j |{m̂( 61)

0 , p1 ≤ qj}) ≤ Pr(D
(1)
k |{m̂( 61)

0 , p1 ≤ qk}) ∀k = 1, ..,m (9)

Proof (lemma 2):

The proof is done by induction. For k = 1, eq. (9) is reduced to:

Pr(C
(1)
1 |{m̂( 61)

0 , p1 ≤ q1}) ≤ Pr(D
(1)
1 |{m̂( 61)

0 , p1 ≤ q1}) (10)

2



And the two quantities are equal, since by definition C
(1)
1 = D

(1)
1 . Assuming the correctness of eq. (9) for

k, we prove it for k + 1 using lemma 1:

k+1
∑

j=1

Pr(C
(1)
j |{m̂( 61)

0 , p1 ≤ qj}) ≤ Pr(D
(1)
k |{m̂( 61)

0 , p1 ≤ qk})+

Pr(C
(1)
k+1|{m̂

( 61)
0 , p1 ≤ qk+1}) ≤ Pr(D

(1)
k |{m̂( 61)

0 , p1 ≤ qk+1})+

Pr(C
(1)
k+1|{m̂

( 61)
0 , p1 ≤ qk+1}) = Pr(D

(1)
k+1|{m̂

( 61)
0 , p1 ≤ qk+1}) (11)

By using eqs. (1, 3) and lemma 2 we are able to express the FDR as:

E

[

V

R+

]

=
m
∑

k=1

Pr(R = k)E[
V

R
|R = k] =

m
∑

k=1

1

k
Pr(R = k)

m0
∑

j=1

Pr(pi ≤ qk|R = k) =

m0

m
∑

k=1

1

k
Pr(R = k, p1 ≤ qk) ≤ m0

m
∑

k=1

1

k
Pr(R = k, p1 ≤ q

(1)
k ) =

m0

m
∑

k=1

1

k
Pr(C

(1)
k , p1 ≤ q

(1)
k ) = m0

m
∑

k=1

1

k

∫

m̂
(61)
0

Pr(C
(1)
k , p1 ≤ q

(1)
k |m̂( 61)

0 )f
m̂

(61)
0
dm̂

( 61)
0 =

m0

∫

m̂
(61)
0

q

m̂
( 61)
0

m
∑

k=1

Pr(C
(1)
k |{p1 ≤ q

(1)
k , m̂

( 61)
0 })f

m̂
(61)
0
dm̂

( 61)
0 ≤

m0

∫

m̂
(61)
0

q

m̂
( 61)
0

Pr(D(1)
m |{p1 ≤ q(1)m , m̂

( 61)
0 })f

m̂
(61)
0
dm̂

( 61)
0 = m0

∫

m̂
(61)
0

q

m̂
( 61)
0

f
m̂

(61)
0
dm̂

( 61)
0 =

m0qE

[

1

m̂
( 61)
0

]

(12)

2 Supplement B: Designing the IBHsum estimator

There are many ways to design the estimator m̂0 such that it will satisfy Thm. 2.3. Here we choose to define

m̂0 using m̂′
0 as:

m̂0 = C(m) ·min



m, (max(s(m), 2
m
∑

j=1

pj)



 (13)

Our goal is to calculate the optimal correction factors C(m) and s(m) such that m̂0 will still satisfy eq. (3.1).

Setting C = 1 and s = 0 gives the (uncorrected) unbiased estimator m̂′
0. We can bound E[ 1

m̂
(1)
0

] by neglecting

the alternative p-values:

E

[

1

m̂
( 61)
0

]

=
1

C(m)
E





1

min
[

m,max(s(m), 2
∑m

j=2 pj)
]



 ≤ 1

C(m)
E





1

min
[

m,max(s(m), 2
∑m0

j=2 pj)
]





(14)

Define the r.v. zm0 = 2
∑m0

j=2 pj and denote its density by h(m0)(zm0). Then:

E

[

1

m̂
( 61)
0

]

≤ 1

C(m)

[

1

s

∫ s

0

h(m0)
z (t)dt +

∫ m

s

h
(m0)
z (t)

t
dt+

1

m

∫ 2m

m

h(m0)
z (t)dt

]

(15)
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We want to find an optimal pair (C, s) satisfying the above inequality. First, assume that we know the value of

s and find the optimal (smallest possible) C for this s. Had we knownm0, and since we want E[1/m̂
( 61)
0 ] ≤ 1/m0

we would have chosen C to be:

C(m,m0, s) = m0

[

1

s

∫ s

0

h(m0)
z (t)dt+

∫ m

s

h
(m0)
z (t)

t
dt+

1

m

∫ 2m

m

h(m0)
z (t)dt

]

(16)

Since in the above equation m0 is unknown we must maximize over all of its possible values C(m, s) ≡
max
m0

C(m,m0, s). We are now left with the choice of s. As we increase s from zero, the maximal C decreases

but at some point it remains constant, since when m0 = m our bound for C is independent of s - we set this

point as the optimal s, s(m) = min{s : s = argmin
s′∈[0,m]

[C(m, s′)]}. Fig. 1 presents an example for the dependency

of C on the m0/m and s.
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m=500,  S=m/20
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Figure S1: An example of the dependency of C(m,m0, s) on m0 for different values of s. The value of s affects

both the location and height of the left maximum, whereas the right maximum (at m0 = m) is independent of

s. We choose s such that the maximum of C is the smallest possible, and take the minimal s which achieves

this. This gives s = 98 for m = 500 and s = 147 for m = 1000.

Using numerical integration we calculate C(m0) for fixed m, its behavior for different values of m and s

is presented in Fig. 1. The value of s controls the location of the left maximum and we choose s to be such

that the maximal C is minimal, this happen when the left maximum is the same as the value at m0/m = 1.

The resulting s(m), C(m) are presented in Fig. 2a and b, and several values of interest are listed in table 2.

We also provide a MATLAB function for computing these values in the companion code.

In the above formula for C(m,m0) the density h
(m0)
z (z) is the density of the uniform sum distribution.

Since calculation of the above integrals with the exact uniform sum distribution cause numerical difficulties we

approximated it by a Gaussian distribution. For large values of m, the approximation converges to the exact

distribution according to the central limit theorem. For small values of m (m ≤ 40), we were able to compare

the C(m) values calculated by the exact uniform-sum distribution with the C(m) which were calculated by

the Gaussian approximation. This comparison shows that Capproximate(m) > Cexact(m), and that the rate

of convergence is faster that 1/m1.1, (see Fig. 2). Thus calculating C(m) using the normal approximation is

conservative (gives higher C) and as expected converges to the values of C calculated by the exact distribution.
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Figure S2: Difference between C(m) calculated using the normal approximation and the C(m) calculated by

the exact uniform sum distribution. The difference is always positive (thus the approximation is conservative)

and the rate of convergence is faster than 1/m.
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m C s

10 1.096981 5

100 1.030604 35

200 1.019915 55

300 1.015671 72

400 1.013267 86

500 1.011709 98

600 1.010554 109

700 1.009688 119

800 1.009 129

900 1.008441 138

1000 1.007968 147

2000 1.00549 217

3000 1.004426 272

4000 1.003808 318

5000 1.003386 359

6000 1.003085 396

7000 1.002844 430

8000 1.002654 462

9000 1.002502 491

10000 1.002366 521

15000 1.001922 645

20000 1.001662 750

25000 1.001482 843

30000 1.001349 928

40000 1.001168 1077

50000 1.001041 1211

60000 1.000949 1332

70000 1.000879 1439

80000 1.000821 1543

90000 1.000774 1641

100000 1.000734 1731

Table S1: Values of correction factors C, s for selected values of m
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3 Supplement C: Proof of claim 3.1

Proof (claim 1):

The proof is accomplished by bounding E[1/m̃
( 61)
0 ] and using Thm. 2.3.

For c ≥ 0, the function φ(x) = 1/(x + c) is convex. Therefore, we can use Jensen’s inequality with this

function and get:

E[1/m̃
( 61)
0 ] = E

[ 1

2−∑m
i=2 log(1− pi)

]

=

∫

p2..m

fp2..m(p2..m)dp2..m
1

2−∑m
i=2 log(1 − pi)

=

∫

p2..m

fp2..m(p2..m)dp2..m
1

E[− log(1− p0)− log(1 − p1)]−
∑m

i=2 log(1− pi)
≤

∫

p2..m

fp2..m(p2..m)dp2..mE
[ −1
∑m

i=0 log(1− pi)

]

= E
[ −1
∑m

i=0 log(1− pi)

]

≤

E
[ −1
∑m0

i=0 log(1 − pi)

]

= E
[ −1
∑m0

i=0 log pi

]

(17)

where p0 ∼ U [0, 1] is an auxiliary random variable defined to be independent of p1..m.

Define Ym0 =
∏m0

i=0 pi. Since p0..m0 are i.i.d. U [0, 1], Ym0 has the following density function:

hYm0
(t) =

(−1)m0

m0!
(log t)m0 (18)

Define also Xm0 = −2 logYm0 , then HXm0
(t) = 1−HYm0

(e−t/2) and

hXm0
(t) =

e−t/2

2
hYm0

(e−t/2) =
e−t/2tm0

2m0+1m0!
(19)

Therefore Xm0 is a chi-square r.v., Xm0 ∼ χ2(2m0 + 2). Using this fact, we get

E[1/m̃
( 61)
0 ] ≤ E[2/Xm0 ] =

∫ ∞

0

e−t/2tm0

2m0m0!
· 1
t
dt =

1

m0

∫ ∞

0

e−t/2tm0−1

2m0(m0 − 1)!
dt =

1

m0
(20)

Therefore, according to Thm. 2.3, we immediately get:

FDR ≤ m0q
1

m0
= q (21)

4 Supplement D: Proof of monotonicity theorem

Proof (Thm. 4.1):

Assume w.l.o.g. that the first m0 hypothesis are null, and the next m − m0 are the alternative. For each

procedure, R is some function of ~p = (p1, .., pm) which depends only on the order statistics ~p() = (p(1), .., p(m)).

We therefore need to prove:

∫

~p

fp1...m(~p)d~p
V1(~p)

R+
1 (~p)

≤
∫

~p

fp1...m(~p)d~p
V2(~p)

R+
2 (~p)

(22)

The Vi’s depend on the exact realization ~p while the Ri’s depend only on the order statistics ~p(), and thus

we can write equivalently:

∫

~p()

g(~p())d~p()
E[V1(~p)|~p()]
R+

1 (~p())
≤

∫

~p()

g(~p())d~p()
E[V2(~p)|~p()]
R+

2 (~p())
(23)

7



Where g is the joint density of the order statistics ~p(), given by:

g(~p()) =
∑

σ∈Sm

fp1...m(σ−1(~p())) (24)

That is, g is obtained by summing over all m! permutations σ on m elements in the symmetric group

Sm, each permutation σ transferring different configuration of the pi’s into the same order statistics vector

~p() = σ(~p) = (pσ1 , .., pσm
), and thus ~p is given by applying the inverse permutation σ−1 to ~p(). Under the

assumption that the p-value are independent and the null p-values are U [0, 1], g can be written as:

g(~p()) =
∑

σ∈Sm

fp1...m(σ−1(~p())) =
∑

σ∈S(m)

[

m
∏

i=m0+1

f(p(σ−1
i

)
]

(25)

In order to show that the inequality (23) holds for the integral, it is enough to show it for each realization

of the order statistics ~p(). Thus, we want to show:

E[V1(~p)|~p()]
R+

1 (~p())
≤ E[V2(~p)|~p()]

R+
2 (~p())

, ∀~p() (26)

Or:

E[V1|~p()] ≤
R+

1 (~p())

R+
2 (~p())

E[V2|~p()], ∀~p() (27)

It is enough to show that eq. (27) holds for the case R1(~p) = k,R2(~p) = k + 1 for some 0 ≤ k ≤ m − 1,

and then it will follow by induction for the case R2(~p) − R1(~p) > 1 . Define the r.v. xj(~p) = 1{p(j)null}, i.e.

the indicator for the event that the j-th order statistic is null.

xj(~p) =







1 σj ≤ m0

0 σj > m0

(28)

where σ here is the permutation transferring ~p to ~p(). We thus need to prove:

E[V |k; ~p()] =
k

∑

j=1

E[xj(~p)|~p()] ≤
k

k + 1

k+1
∑

j=1

E[xj(~p)|~p()] =
k

k + 1
E[V |k + 1; ~p()] (29)

It is therefore enough to prove

E[xj(~p)|~p()] ≤ E[xk+1(~p)|~p()], ∀j < k + 1 (30)

or in other words, that E[xj |~p()] is monotonically non-decreasing in j. We will show that E[xk|~p()] ≤
E[xk+1|~p()] and then the claim follows again by induction.

E[xk(~p)|~p()] =
∑

σ∈Sm

Pr(~p = σ−1(~p())|~p())xk

(

σ−1(~p())
)

=
1

Z(~p())

∑

σ∈Sm

f
(

σ−1(~p())
)

xk

(

σ−1(~p())
)

=

=
1

Z(~p())

∑

σ∈Sm

[

m
∏

i=m0+1

f(p(σ−1
i

))
]

1{σk≤m0} (31)

Where Z(~p()) is a normalization constant depending on the order statistics, and we have used the independence

of all p-values. For each permutation on m elements σ, we define σ′ to be the permutation identical to σ,

except that σk and σk+1 are swapped, i.e. σ′
k = σk+1, σ

′
k+1 = σk. Then we can write:

E[xk|~p()]− E[xk+1|~p()] =

8



1

Z(~p())

∑

σ∈Sm

{

[

m
∏

i=m0+1

f(p(σ−1
i

))
]

1{σk≤m0} −
[

m
∏

i=m0+1

f(p(σ′−1
i

))
]

1{σ′
k+1≤m0}

}

(32)

The usage of the swapped permutation in the above sum makes the value of the two indicators identical,

and thus we sum only over permutations σ such that σk ≤ m0, i.e. when p(k) is null. In the case where p(k+1)

is also null (i.e. σk+1 ≤ m0) the difference is zero and we can omit this case from the sum, while in the case

where p(k+1) is alternative (σk+1 > m0) one element in the product is different and we get:

E[xk|~p()]− E[xk+1|~p()] =
1

Z(~p())

∑

σ∈Sm

1{σk≤m0<σk+1}

[

m
∏

i=m0+1

f(p(σ−1
i

))
][

1− f(p(k))

f(p(k+1))

]

≤ 0 (33)

where the last inequality follows from the monotonicity assumption on f(p).

5 Supplement E: Simulations study details

A simulation study was done in order to determine the performance of the proposed procedure and compare

it to existing procedures. We generated multivariate Gaussian random variables (and corresponding p-values)

in similar to [2] and previous works. First randomize a vector of i.i.d. r.v.s. Y1, , , Ym+1 ∼ N(0, 1); then,

given the parameters m,m0, µ1 and ρ, build the vector X1, , , Xm (which is the test statistics vector) as

follows: the first m0 elements are Xi =
√
ρYm+1 +

√
1− ρYi, and the remaining m −m0 elements are Xi =

√
ρYm+1 +

√
1− ρYi + µ1. Here m0/m is the fraction of true hypotheses, ρ is a dependency factor (the

correlation coefficient between Xi and Xj for i 6= j), and µ1 is the mean of the false hypotheses test statistics

(the signal intensity). The resulting vector X is such that its first m0 variables come from the N(0, 1)

distribution, and the remaining m−m0 variables come from N(µ1, 1) distribution, where for any Xi and Xj

(either both, one or none of them are null) their correlation coefficient is ρ. The p-values were calculated using

2 tailed z-test (p = 2Φ(−|x|)). The number of simulations for each case was 50000, which provided highly

accurate and reproducible results. Since the simulation results depend on several parameters, m0/m, µ1, ρ,m,

we have chosen to vary two parameters at a time, and present the results using isolines of the actual FDR

(or any other quantity). These isoline plotted in Fig 3 describe the performance of the IBHsum and IBHlog

procedures, respectively, on simulated data in the (m0/m, µ1) plane.
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Figure S3: Isolines of E(V/R+), measured for the IBHlog procedure by simulations, presented in the

(µ1,m0/m) plane. The solid lines are for the step-up procedure and the dashed lines for the step-down

procedure. (a) and (c) are for the independent case (ρ = 0). (b) and (d) are for the positive dependency case

ρ = 0.8. The FDR levels are q = 0.05 in (a),(b) and q = 0.2 in (c),(d). In (b) we find E(V/R+) > 0.05 for

large µ1, in violation of the bound q = 0.05. In similar to the behavior for IBHsum, the step-up and step-down

procedures tend to coincide under dependency, while for independent p-values the step-down procedure is

more conservative, especially for weak signal (small µ1).
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Figure S4: Results obtained for synthetic data with m = 500 hypotheses; m0 was varied, the FDR was set

at q = 0.2, the mean of the distributions P1 was µ1 = 3.5 and the data were drawn either with covariance

ρ = 0 [(a), (c) and (e)] or ρ = 0.8 [(b), (d) and (f)]. Six methods were compared: oracle (ORC), BH95,

BKY, STS and our two IBH procedures (in a step down manner), showing E(V/R+) in (a) and (b), the power

E(S)/m1 in (c) and (d), and the standard deviation (st.d.) of V/R+ in (e) and (f), for the independent case

and positively dependent cases, respectively.

11



0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
0

0.01
0.02
0.03
0.04
0.05
0.06
0.07
0.08
0.09
0.1

0.11
0.12
0.13
0.14
0.15
0.16

(a)

E
(V

/R
)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.02

0.04

0.06

0.08

0.1

0.12

0.14

(c)

E
(S

)/
m

1

ρ

 

 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
0

0.01
0.02
0.03
0.04
0.05
0.06
0.07
0.08
0.09
0.1

0.11
0.12
0.13
0.14
0.15
0.16

(b)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.02

0.04

0.06

0.08

0.1

0.12

0.14

(d)

ρ

ORC
BH95
BKY
STS(λ=0.5)
STS(λ=0.1)
IBHsum(step−down)
IBHlog(step−down)

Figure S5: Results obtained for synthetic data with m = 500 hypotheses, (a) and (b) showing the actual FDR

levels (E(V/R+)), versus the correlation between test statistics (ρ); (c) and (d) showing the actual power

(E(S)/m1), versus the correlation between test statistics (ρ). The FDR was set to q = 0.05, the fraction of

true hypotheses set to m0/m = 0.7 in (a)-(c) or m0/m = 0.9 in (b)-(d), the mean of the distributions P1

was µ1 = 1 (weak signal). Seven methods were compared: Oracle (ORC), BH95, BKY, STS (λ = 0.5), STS

(λ = 0.1) and our two IBH procedures (in a step down manner).
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Figure S6: Results obtained for synthetic data with m = 500 hypotheses, (a) and (b) showing the actual FDR

levels (E(V/R+)), versus the correlation between test statistics (ρ); (c) and (d) showing the actual power

(E(S)/m1), versus the correlation between test statistics (ρ). The FDR was set to q = 0.05, the fraction of

true hypotheses set to m0/m = 0.7 in (a)-(c) or m0/m = 0.9 in (b)-(d), the mean of the distributions P1 was

µ1 = 2 (intermediate signal). Seven methods were compared: Oracle (ORC), BH95, BKY, STS (λ = 0.5),

STS (λ = 0.1) and our two IBH procedures (in a step down manner).
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Figure S7: Results obtained for synthetic data with m = 500 hypotheses, (a) and (b) showing the actual FDR

levels (E(V/R+)), versus the correlation between test statistics (ρ); (c) and (d) showing the actual power

(E(S)/m1), versus the correlation between test statistics (ρ). The FDR was set to q = 0.05, the fraction of

true hypotheses set to m0/m = 0.7 in (a)-(c) or m0/m = 0.9 in (b)-(d), the mean of the distributions P1

was µ1 = 4 (strong signal). Seven methods were compared: Oracle (ORC), BH95, BKY, STS (λ = 0.5), STS

(λ = 0.1) and our two IBH procedures (in a step down manner).
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Figure S8: Results obtained for synthetic data with m = 500 hypotheses, (a) and (b) showing the actual FDR

levels (E(V/R+)), versus the correlation between test statistics (ρ); (c) and (d) showing the actual power

(E(S)/m1), versus the correlation between test statistics (ρ). The FDR was set to q = 0.2, the fraction of

true hypotheses set to m0/m = 0.7 in (a)-(c) or m0/m = 0.9 in (b)-(d), the mean of the distributions P1

was µ1 = 1, (weak signal). Seven methods were compared: Oracle (ORC), BH95, BKY, STS (λ = 0.5), STS

(λ = 0.1) and our two IBH procedures (in a step down manner).
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Figure S9: Results obtained for synthetic data with m = 500 hypotheses, (a) and (b) showing the actual FDR

levels (E(V/R+)), versus the correlation between test statistics (ρ); (c) and (d) showing the actual power

(E(S)/m1), versus the correlation between test statistics (ρ). The FDR was set to q = 0.2, the fraction of

true hypotheses set to m0/m = 0.7 in (a)-(c) or m0/m = 0.9 in (b)-(d), the mean of the distributions P1 was

µ1 = 2, (intermediate signal). Seven methods were compared: Oracle (ORC), BH95, BKY, STS (λ = 0.5),

STS (λ = 0.1) and our two IBH procedures (in a step down manner).
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Figure S10: Results obtained for synthetic data with m = 500 hypotheses, (a) and (b) showing the actual

FDR levels (E(V/R+)), versus the correlation between test statistics (ρ); (c) and (d) showing the actual power

(E(V/R+)), versus the correlation between test statistics (ρ). The FDR was set to q = 0.2, the fraction of

true hypotheses set to m0/m = 0.7 in (a)-(c) or m0/m = 0.9 in (b)-(d), the mean of the distributions P1

was µ1 = 4, (strong signal). Seven methods were compared: oracle (ORC), BH95, BKY, STS (λ = 0.5), STS

(λ = 0.1) and our two IBH procedures (in a step down manner).
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Intensity dependent estimation of noise in
microarrays improves detection of differentially
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Abstract

Background: In many microarray experiments, analysis is severely hindered by a major difficulty: the small number
of samples for which expression data has been measured. When one searches for differentially expressed genes,
the small number of samples gives rise to an inaccurate estimation of the experimental noise. This, in turn, leads to
loss of statistical power.

Results: We show that the measurement noise of genes with similar expression levels (intensity) is identically and
independently distributed, and that this (intensity dependent) distribution is approximately normal. Our method can
be easily adapted and used to test whether these statement hold for data from any particular microarray experiment.
We propose a method that provides an accurate estimation of the intensity-dependent variance of the noise
distribution, and demonstrate that using this estimation we can detect differential expression with much better
statistical power than that of standard t-test, and can compare the noise levels of different experiments and
platforms.

Conclusions: When the number of samples is small, the simple method we propose improves significantly the
statistical power in identifying differentially expressed genes.

Background
Microarrays
DNA microarrays are widely used tools for simultaneous
measurement of the expression of thousands of genes.
Applications of microarrays include (1) identifying dif-
ferentially expressed genes between two groups, (2)
monitoring typical temporal or spatial profiles of genes
and (3) classifying samples on the basis of their gene
expression signature. The technical procedure of a typi-
cal experiment contains the following steps: (1) mRNA
is extracted from the sample cells, (2) mRNA is con-
verted to cDNA, (3) cDNA is amplified and labeled, (4)
the labeled cDNA is hybridized to a glass slide contain-
ing complementary probes, (5) the slide is scanned by a
laser, (6) the image is analyzed using a signal processing
algorithm which provides the intensity levels and some
quality control information. Two types of microarrays

are in common use: two color - in which hybridization
is performed on a mixture of (differently labeled) cDNA
obtained from two samples; and single color (also
known as oligonucleotide chip) - in which each sample
is hybridized to a different chip. In this work we focus
on single color oligonucleotide microarrays.

Noise
Similarly to every other measurement technique, micro-
array measurements include noise. We define noise in a
model-independent way: repeating an experiment many
times under identical conditions generates a distribution
of the measured quantity (e.g. the intensity of a single
gene, measured in the same sample). The fluctuating
random variable that gives rise to this distribution is
“noise”, quantified by the standard deviation of this dis-
tribution. Characterizing the noise distribution is impor-
tant for assessing the statistical significance of observed
differential expression.* Correspondence: eytan.domany@weizmann.ac.il
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Differentially expressed genes
When biologists compare the expression levels of a gene
between two conditions (A and B), say by real time
PCR, they repeat the measurements a few times in each
condition. Using these repeats, they can estimate basic
properties of the noise distribution - usually the mean
and the standard deviation - either directly (as proposed
here) or indirectly (as done when a t-test is performed).
Without any estimate of the noise it is not possible to
assign statistical significance to a discovery of differential
expression (i.e. calculate a p-value - the probability to
get the measured or larger difference of expression from
the random fluctuations of the measurement). Practi-
cally implementing this approach when using microar-
rays is difficult because of two main problems: (1) The
high cost of each microarray requires careful design of
the number and type of repeats in each condition. An
insufficient number of repeats can reduce the statistical
power of the experiment, thus lowering the sensitivity to
detect differentially expressed genes, while using a large
number of repeats is very costly. (2) The high through-
put nature of this system enables measurement of thou-
sands of genes simultaneously, while in a typical
microarray experiment the desired result is a small sub-
set of genes. This introduces a need for control of false
positives (type I errors). In contrast to a single gene
experiment, in which classically a p-value of 0.05 suf-
fices, using such a p-value for a microarray (of say
10000 genes) will return ~0.05 × 10000 = 500 genes
which result from random noise, masking the true dif-
ferentially expressed genes we are seeking. To overcome
this problem, several methods for multiple testing (e.g.
Bonferroni, FDR [1]) can be used. However, they usually
pass only genes with a much lower “naive” p-value, and
therefore their use calls for applying more sensitive
methods to estimate single gene p-values.

The aim of this work
We present a method that improves the statistical power
of testing for differentially expressed genes in experi-
ments with small numbers of repeats (or even no
repeats at all). We achieve this by showing that the
main factor that governs noise is the intensity (expres-
sion level) of a gene. Using this, we estimate the mea-
surement noise on the basis of averaging a rough (single
gene based) estimate over a large number of genes with
similar intensity (and hence similar noise distribution).

Literature Survey
The issues of normalization and statistical analysis of
microarray results were the subject of many studies [2]
motivated by the need to reduce the likelihood of
reporting false, noise-generated interpretations of the
biological systems at hand. In this work we do not deal

with the normalization and low-level processing steps
and assume that the data are normalized.
Several papers [3-5] identified intensity as a major fac-

tor governing microarray induced noise. Novak et al. [3]
studied the reproducibility of replicate microarray
experiments by comparing the results of parallel assays
done with mRNA probes synthesized from the same
mRNA sample. They suggest a linear dependency
between the replicates’ mean intensity and replicates’
standard deviation. Tu et al. [4] take this idea forward,
using a systematic experimental design, which enables
them to compare samples taken from the same cell line
but from a different dish. They try to discriminate
between biological and technical noise. They also fit an
exponential function to the standard deviation line, and
find that the hybridization noise has the greatest contri-
bution to the total measurement noise. As a practical
result from these noise characterizations, they propose a
procedure for calculating a p-value for each gene based
on its mean expression level and its fold change.
Another attempt to address this issue was made by
Huber et al. [5], who presented a variance stabilization
approach. They tried to reduce the dependency between
the variance and the mean intensity in order to get a
uniform (intensity independent ) noise distribution.
They were able to do so by a two step transformation of
the data: a linear transformation followed by a sinh-1

transformation. After applying this transformation a
simple fold change cut-off is equivalent to a p-value
cut-off.
A widely used method for detection of differentially

expressed genes, which takes into account the intensity-
dependence of the noise is SAM (Significance Analysis
of Microarrays) [6]. In SAM, an intensity corrected sta-
tistic d is calculated for each gene, and significant genes
are then identified using comparison to random permu-
tations of the groups. The intensity-dependent correc-
tion is obtained by incorporating a constant additive
“fudge factor” s0 in the denominator of the standard
t-statistic. The exact value of s0 is selected to minimize
the dependence of the d statistic on the expression level.
Thus, the fudge factor serves to reduce the significance
of the noisier low-intensity genes (a detailed comparison
with SAM is shown later in the paper).
Another approach provided by Nykter et al. [7] was to

simulate the whole process of microarray measurements
starting from the very low level of spot image analysis.
This approach is useful in order to simulate large scale
microarray data under realistic conditions in order to
test and validate data analysis algorithms. A major com-
prehensive effort to asses the inter- and intra-platform
reproducibility of microarrays was done recently by the
Microarray Quality Control (MAQC) project [8]. The
MAQC study reports intraplatform consistency and high
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level of interplatform concordance. The goal of this
study was to asses reproducibility and not to character-
ize the noise; this was done in a subsequent study by
Klebanov et al. [9], who used the MAQC dataset to
quantify the level of noise in Affymetrix microarrays.
They suggest that the average level of noise in technical
replicates (without biological variability) is quite low, as
exemplified by the lack of bias induced by such noise in
pairwise correlation coefficient estimation.
A generally accepted way to model microarray noise is

as a combination of (intensity independent) additive and
multiplicative components. We claim that such a para-
metrization does not provide a good description of the
noise and its complexity. In Additional file 1: Section 1,
Figure S1, we provide evidence supporting this claim. In
what follows we show that our intensity-dependent
parametrization does have enough flexibility to provide
an accurate description of the noise distribution.

Notations
Throughout this work we use the following notations:
Ii,j - is the measured log2 intensity of a gene i on

microarray j.
I0,i, j - is the true underlying (without the microarray

induced noise) log2 intensity level of gene i on microar-
ray j.
U - are random variables used in modeling the micro-

array induced noise.
 i

2 - is the true variance of gene i.


∧

i
2 - is an unbiased naive estimator for  i

2 .
 i

2 - is the intensity dependent variance estimator
(IDVE) for  i

2 .
Throughout the paper we assume that the measured

(log) intensity can be written as I = I0 + U(I0), where U
is the noise component of the signal which we aim to
characterize (note: this representation is general enough
to allow for multiplicative noise, as discussed below).
In the Results section we show in a more formal way

that for Affymetrix expression data the noise distribu-
tion is indeed mostly intensity dependent, and thus
satisfies our assumptions. The same method can be
used for any other type of data to test validity of these
assumptions. The main point of this paper is to actually
estimate this i.i.d. (independent and identical distribu-
ted) intensity dependent noise. Our proposed approach,
which is based on a local noise estimation, is presented
in the Results section, which contains also several prac-
tical applications to the analysis of microarray experi-
ments. We then demonstrate the advantage of using our
approach by analysis of simulated data and of expression
data from several experiments. We close with a discus-
sion of the issue of experimental design and with some
concluding remarks.

Results
The noise is mostly intensity dependent; formulation
and validation
When repeating a microarray experiment under identi-
cal conditions (experimental repeats) we expect the true
values (the actual expression levels) to be identical, attri-
buting all the differences between repeats to stem from
measurement noise. We refer to experimental repeats as
the scenario where the experiments were repeated with
the same type of cell, but grown on different plates,
using separate RNA extraction etc., in contrast to purely
technical repeats which refers to identical RNA being
hybridized to two different arrays (some issues related
to “biological noise” are discussed in Additional file 1).
In most of our analysis we used a publicly available
dataset GSE19921 described in detail in the Methods
section. Note that if both repeat1 and repeat2 come
from the same distribution, their difference is distribu-
ted with zero mean and twice the variance. An example
of a scatter plot, produced by two technical repeats, is
presented in Figure 1a. In the ideal case (zero noise) all
the dots should be on the diagonal (repeat1 = repeat2),
but as can be seen, the dots are scattered around the
diagonal, with the distance from it reflecting the mea-
surement noise. For an easier estimation of the noise,
Figure 1b shows the difference in expression level
between the repeats (proportional to the standard devia-
tion) as a function of the intensity - the mean expres-
sion of each gene (Figure 1b is obtained from Figure 1a
by a rotation of 45°).
The black lines in Figure 1b present the standard

deviation as a function of the intensity. This smooth
curve is the result of performing a “running average” of
the standard deviation, obtained for each gene i by aver-
aging the standard deviations of all genes within a win-
dow of intensity ±0.5 centered on Ii. It is evident that
the standard deviation of measurement noise decreases
with increasing intensity. In Figure 2 we show that this
scatter plot pattern appears in many cases, by presenting
data for repeats from different tissues and different types
of Affymetrix arrays.
In general we can write the measured signal as I = I0 +

U(I0), where U is the noise term, that according to the
above figures has an intensity dependent distribution.
Note that by expressing the measured signal as I = I0 + U
(I0) we are not limiting our noise model to additive noise
only; the standard parametrization of the form I = I0f + a
can be represented by U(I0) = I0(f - 1) + a. In fact, by
allowing a general intensity-dependent parametrization
we allow an even more flexible description than a combi-
nation of additive and multiplicative noise terms (see
Additional file 1 for more details and fit to data). We
show below that the distribution of U(I0) is normal with
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mean zero and intensity dependent variance. In addition,
we claim that the noise terms for different genes are
independent random variables, and therefore the noise
terms of genes with similar intensities are independent
identically distributed random variables.
The noise term is normally distributed
We now turn to study the noise distribution. As a first
step, this can be done by looking at the distribution of
the difference of two repeats (repeat1-repeat2, as appears
in Figure 1b). The difference of two independent random
variables (r.v.) with the same mean (I0) has zero mean
and a variance which is the sum of the individual var-
iances; in addition, if the two r.v. have normal distribu-
tions, the difference is also normal. While from two
duplicates it is hard to infer about the underlying distri-
bution, if the noise term is i.i.d. for a large number of
genes one can use measurements from all these genes in
order to infer accurately about the distribution. In Figure
3a we plot in blue the experimental probability density
function (pdf) of the difference between the repeats over
all the genes in the array. The manner in which this
smooth pdf is obtained from the data is explained in the
Methods section. We also plot (in red) the fitted normal
pdf (from estimating the mean and variance). As can be
seen, the fit to the normal distribution is very poor. To
quantify this observation we performed several normality
tests [10,11]; the Kolmogorov-Smirnov (KS) test indeed
yielded a very low value (pKS = 0) and the score from the
quantile-quantile (Q-Q) plots with respect to the fitted

normal distribution, shown to the right, is also relatively
low.
Figures 3b and 3c present similar plots (pdf compari-

son and KS score on the left and Q-Q plot on the
right), but here we use genes that belong to specific bins
of mean intensity; Figure 3b is for 5.75 ≤ I ≤ 6.25 and 3c
is for 8.75 ≤ I ≤ 9.25. Both show good fit to the
expected normal distribution (pKS = 0.87 and pKS = 0.15
in Kolmogorov-Smirnov test, respectively). The good fit
to normal distributions shown in Figures 3b and 3c sug-
gests that the noise term is i.i.d and indeed approxi-
mately normally distributed for genes in the same
intensity bin. In Additional file 1: Supplemental Figures
S2-S6 we provide similar plots for a wide range of inten-
sities and intensity bin sizes, which further support our
claim that the normal distribution is a good approxima-
tion, and that this holds when the choice of bin size is
varied. A second observation is that the variance of the
normal distribution changes as we move from one
intensity bin to another. This is exactly the reason for
the poor fit in Figure 3a, since the distribution of mixed
normal random variables with different variances is not
normal. These figures also suggest that the noise terms
for different genes are independent (note that we claim
that the noise terms are independent and not that the
gene expression levels are independent). Additionally,
the mean of all the experimental pdfs is zero, as
expected from data after a normalization procedure
which removes biases.
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Figure 1 Noise is intensity dependent: Typical scatter plot for two experimental repeats. Each dot represents a gene, (a) repeat1 vs. repeat2,
the black line is the diagonal (repeat1 = repeat2), (b) difference vs. mean intensity. The black lines are the running average of the standard
deviation estimator (dataset used: GSE19921).
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The noise variance estimator has a c2 distribution
Expanding this approach to more than two arrays is nat-
ural, by plotting the variance estimator as a function of
the mean expression level, where the mean and variance
estimators for n repeats of gene i are:

I
n

I
n

I Ii i j

j

n

i i j i

j

n

= =
−

−
= =

∑ ∑∧1 1
1

1

2 2

1

, ,( ) (1)

Note that E i i[ ] ∧ =2 2 even in the case of non-normal
distribution, since this is the definition of the unbiased
variance estimator. If the noise of every gene (in each
intensity bin) is normal i.i.d., then the variance estimator
should have a chi-square distribution, more accurately:
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A few points should be kept in mind. The reverse of
the statement made above is not correct; we present the
agreement between the measured distribution of the
variance and the c2 distribution only as supporting
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Figure 2 Intensity dependence appears in many cell and microarray types: Difference vs. mean scatter plots of experimental repeats from:
(a) mouse blastocyst tissue on Affymetrix Mouse 430 array, (b) chick embryo tissue on Affymetrix Chicken Genome Array, (c) breast cancer cell
line on Affymetrix HuGene 1.0 ST array, (d) prostate cancer cell line on Affymetrix HuGene 1.0 ST array. All scatter plots show similar intensity
dependent noise patterns.
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evidence and not as a test for normality (which was
addressed above). Figure 4 shows the distribution of the
variance estimator, where the blue line is the empirical
pdf and the red line is the fit expected from the chi-
square distribution. The two upper panels (Figures 4a
and 4b) are variance estimators based on two repeats
and calculated for different mean intensity bins, while in
the two lower panels (Figures 4c and 4d) variance is
estimated using 8 repeats.
The fit of the distribution of ∧ 2 to the c2 distribution

is good. Nevertheless, it should be noted that based only
on two repeats, results such as shown in Figures 4a and
4b do not suffice to prove that the noise distribution is
i.i.d. The reason is that one can not rule out the possibi-
lity of a hypothetical scenario, in which the distribution
of variances of the genes is chi-square but in a gene
dependent manner (not only intensity dependent and
not i.i.d). To rule out this (unlikely) scenario, note that
under such a scenario the distribution of ∧ 2 should be
independent of the number of repeats, whereas (under

our assumptions) we predict dependency of the c2 dis-
tribution on the number of repeats. Note that if our pre-
dictions are right, in the limit n ® ∞ the distribution
goes to a delta function at s2. We see good fits in Fig-
ures 4c and 4d to narrower c2 distributions than those
of Figures 4a and 4b. In Figures 4e and 4f we show the
dependence of the variance estimator distribution on
the number of repeats. As expected, the mean is almost
independent of the number of repeats (see Figure 4e),
whereas in agreement with eq.(3) the variance decreases
(see Figure 4f) as the number of repeats increases. The
fact that the distribution of the variance estimator
becomes narrower for increasing number of repeats at
the same rate as expected by the the chi-square distribu-
tion, is consistent with normal i.i.d. distributions of the
noise for different genes with similar intensity.

Estimation of the intensity dependent variance
In order to analyze the variance profile, we apply an
iterative robust estimator for the intensity dependent
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variance in constant sized bins (see Methods for details).
The result of this estimation for a dataset containing 8
microarrays (Affymetrix HuGene 1.0 ST) is shown in
Figure 5. Note that these arrays represent 4 different
conditions, with 2 technical repeats in each condition
(see Methods section for details). We therefore used
only a subset of ~104 genes which do not have large dif-
ferences between the conditions (<1.3 fold), but without
any constraints about the variation between the dupli-
cates. Hence we view the n = 8 microarrays as experi-
mental repeats. Panels a-c of Figure 5 show the
properties of this variance estimation using different
numbers of repeats (running bin size of 1 in log inten-
sity units). As can be seen, the variance lines are essen-
tially identical (as expected, E i i[ ] ∧ =2 2 , see eq. (3)),
indicating that a comparison of two microarrays suffices
to estimate the intensity-dependent variance of the
noise. The variance of this variance estimator indeed
decreases as the number of repeats increases, as also

expected from eq. (3) (if the noise is only intensity
dependent, this variance should converge to zero when
the sample size goes to infinity), but the rate of conver-
gence is slow (see also Additional file 1: Supplemental
Figure S9). This demonstrates the large fluctuations in
the naive variance estimator in such a small sample size.
Since there are claims in the literature about a depen-
dency between the noise and the GC content of the
probe [12], we show in Additional file 1: Supplemental
Figure S7 the variance as a function of the GC content
of the probe. As can be seen, the average noise is a flat
line suggesting that the noise is independent of the GC
content.

The MAQC project dataset
The Microarray Quality Control (MAQC) project [8]
was a comprehensive study, aimed at assessing the
reproducibility of microarray results across different
platforms and within the same platform across different
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sites. As part of the project, high quality universal
human reference RNA (sample A) was hybridized on
five identical Affymetrix HG-U133 Plus 2.0 microarrays,
all at the same site (Site # 1). The level of noise in such
experiments is expected to be the lowest one can
achieve, since this is purely technical (hybridization)
noise. We used these five replicates to validate our find-
ings regarding the nature of the noise, and to compare
the noise levels in these MAQC technical repeats with
those of our experimental repeats (the dataset from our
Figures 3, 4, 5). As can be seen in Figures 6, the pdf of
the difference between two repeats in the MAQC data
are quite similar to those of our data (compare to Fig-
ures 3a - 3c). Here also, we observe intensity dependent
noise distribution; for the intensity bin 7 ± 0.25 the dis-
tribution is wider than that of the bin 9 ± 0.25. Here
the fit to normal distribution is again poor when we
lump all intensities together, but becomes good in speci-
fic intensity bins. Figures 6d - 6h are similar to Figures
5a - 5f, and show that estimation of the noise on the
basis of two repeats is as good as the estimation based
on five repeats, and that the width of the distribution of
the variance around its mean value decreases (as pre-
dicted by our noise model) as the number of repeats
increases. The noise levels of the MAQC data are
expected to be different from ours because of the differ-
ent platform, but since the noise is of the same order as
in Figure 5, we can conclude that even for the case of
experimental repeats, the dominant contribution to the
noise comes from hybridization.

Implementation
A naive approach for estimating the noise is to calculate
the variance estimator for each gene, one at a time,
using the n repeats in hand (for example, as is implicitly
done in a t-test or by using SAM). However, in the case
of a small sample size large fluctuations in the variance
estimation (used while calculating the t statistic) lead to
reduced statistical power.
Our proposed method is based on eq. (3); specifically,

on the statement that the mean of the variance estima-
tor is the true variance. We use the fact that the noise is
intensity dependent, and hence by calculating the mean
variance estimator of a (relatively) large number of
genes with similar intensity, we get an estimate of the
true variance which is significantly improved and stabi-
lized versus the one based on a single gene. Using these
intensity dependent standard deviation values, we can
assign statistical significance to the differential expres-
sion of a gene between two conditions using the more
powerful z-test (instead of the t-test or SAM), thus gain-
ing improved statistical power. We demonstrate this
improvement on simulated data and on real experimen-
tal data.

Analyzing data with n ≥ 2 repeats
Consider an experiment with n repeats, denoting the
expression levels of gene i by Ii, j for j = 1, 2...n. Apply
the robust variance estimator procedure outlined in the
Methods section to obtain Ii i,  2 ; where Ii is the mean
expression of gene i over n repeats, and  i

2 is the mean
of the naive (n-repeat based) single-gene variance esti-
mators, obtained by averaging over the (large number
of) genes in the intensity bin of gene i. Note that the
variance of the quantity Ii inis 1 2 . Use this estimate of
the noise distribution to find the differentially expressed
genes between conditions A and B, for each of which
we have n repeats:

1. Calculate I Ii A i A i B i B, , , ,, , ,  2 2 .
2. For each gene calculate the statistic
d I Ii i A i B= −, , .
3. For each gene test the null hypothesis that there is
no difference between the expression of the two
conditions. Formally stated, the null hypothesis is:

H d N i A i B
ni0 0

2 2
: ~ , , ,  +⎛

⎝

⎜
⎜⎜

⎞

⎠

⎟
⎟⎟

(4)

The above suggested p-value calculation is equivalent
to using the z-test which provides higher statistical
power than the corresponding t-test.
Performance on simulated data
As an example, we simulated a data set containing i = 1,
2...1000 “genes”, each with j = 3 repeats, under two
“conditions”. In the first condition (denoted as X) all
expression values were sampled from a normal distribu-
tion with zero mean and unit variance xi,j ~ N(O,1) In
the second condition (denoted as Y ) the first 500 genes
were sampled from the same distribution, i.e. (yi,j ~ N
(O,1)[i = 1, 2...500]) while the next 500 genes were
sampled from a normal distribution with a different
mean (yi,j ~ N(μ1,1)[i = 501, 502...1000]) This simulation
represents the case when out of the 1000 measured
genes, the first 500 are not differentially expressed in
conditions X and Y, while the second set of 500 are.
Next, for μ1 = 1 (a relatively weak signal) we calculated
the p-values for each gene using (i) the standard t-test
and (ii) our suggested method (using z-test). Based on
the known true differentially expressed genes we could
calculate the true positive rate (TPR) and false positive
rate (FPR) for any Benjamini-Hochberg FDR level. This
simulation was repeated 100 times, and the results we
show are averages over these 100 realizations (the simu-
lation code and output is available as Additional file 2).
Figure 7 presents the dependence of the averaged TPR
and FPR levels on the FDR used, for both methods. For
example at FDR of 10%, the average number of genes
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passing when the t-test is used to calculate the p-values
is 0.5, while 14 genes pass, on the average, using our
approach (with FPR of 0.2%). At FDR of 30%, the aver-
age number of genes that pass, using t-test, is 10 and
100 genes pass at the same FDR when our approach is
used (with FPR of 3%). The results of these figures are
also summarized in Additional file 1: Supplemental Fig-
ure S8, where the ROC curve is shown for this same
value of μ1 = 1 as well as for a strong signal (μ1 = 3).
The ROC curves clearly demonstrate the superior per-
formance of our z-test - we gain in TPR without over-
polluting the discoveries significantly by false positives.
Performance on an experimental dataset
In order to test the power gained by using our proposed
method on real data, we studied the experimental dataset
of Amit et al. [13]. This study includes a time course
experiment of gene expression following LPS stimulation
of primary mouse bone marrow dendritic cells, using the
Affymetrix HT-MG-430A mouse gene array. The experi-
ments we analyzed consisted of 9 time points spanning
the first 24 hours following the stimulation, with 2 repeats
of each time point. We used these data (following MAS5
normalization) to identify differentially expressed genes

between consecutive time points. To this end, we applied
several techniques: (1) the standard t-test, (2) the SAM
algorithm [6], (3) passing a threshold of 2-fold change, (4)
our proposed intensity dependent z-test based method dis-
cussed above (with n = 2 repeats). As an example we
show, in Figure 8a, the intensity-dependent noise profiles
measured at two time points (16 and 24 hours following
stimulation), estimated from the two replicates. As can be
seen, the noise dependent intensity profiles derived at the
two time points are similar, with the noise standard devia-
tion decreasing from ~0.8 (at average expression level 4)
to ~0.1 (at average expression levels ≥12). Using this noise
profile, we apply the z-test (as described above), with a
FDR level of 5%. A scatter plot comparison of these two
time points (16 vs 24 hrs) is shown in Figure 8b. Genes
which are identified as differentially expressed are marked
in magenta. As can be seen, 995 candidate genes pass at
FDR of 5%. This is in sharp contrast to detection of differ-
entiating genes using the standard t-test or SAM, both of
which fail to identify even a single candidate gene at this
FDR level.
Figures 8c-8j summarize the number of candidate

genes identified by each method (SAM, 2fold, our
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method) and their overlaps between all consecutive time
points using a FDR of 5% (Benjamini Hochberg proce-
dure [1]). As can be seen, utilizing the intensity-depen-
dent standard deviation yields a highly improved
statistical power compared to the two alternative meth-
ods (SAM and 2-fold change cutoff) as well as the stan-
dard t-test (which identifies differentially expressed
genes only in the 2-4 hours comparison). An obvious
question that arises is the fraction of true and false posi-
tives among the large number of differentiating genes
found by our method. An indirect way to test this is to
consider whether these differentiating genes make “bio-
logical sense”. To this end, a gene ontology term

enrichment analysis was performed on the differentially
expressed genes identified by the z-test method using
the DAVID web tool [14]. For all consecutive time
points tested, a large and significant enrichment is
observed in immune response related genes, such as:
cytokine production, cell death, phagocytosis and the
mitochondrial electron transport chain (Additional file
1: Supplemental Tables S1-S3). Enrichment for immune
system related terms is also observed when testing only
genes uniquely identified by our method and not by the
alternative SAM or 2-fold methods (Additional file 1:
Supplemental Tables S4-S6), while we did not observe
such enrichment when testing the lists of genes that
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were identified uniquely either by SAM or by 2-fold
change (Additional file 1: Supplemental Tables S7-S8).
A more direct way to test whether the genes discov-

ered by our method and not by SAM are true positives
is by an independent experimental validation. We
repeated the experiment of Amit et al [13] and tested,
by qPCR measurements, the expression profiles of 15
selected genes that were found to be differentially
expressed by our method (five of which were not found
by SAM or t-test), and compared their time-dependent
profiles to those obtained by Amit et al using microar-
rays. Indeed, although the experiment was done on dif-
ferent murine bone marrow dendritic cells by different
people at different labs at a different time, the qPCR
profiles of the genes looks very close to those derived
from the the array-based profiles (Additional file 1: Sup-
plemental Figure S10). In particular, note that we vali-
dated the variation of those five genes that were
identified by our method as significantly varying and not
identified as such by either SAM or t-test.
Analyzing data without repeats
We now turn to the case of a single microarray in each
biological condition, without repeats. The only way one
can estimate noise in such a case is by viewing the two
different conditions as two repeats. Of course, one has
to address the question: is it possible to distinguish
between differences due to noise, and the true condition
dependent changes in gene expression, even when there
are no real repeats? Clearly, this scenario is not recom-
mended and one should try to avoid it. Since the techni-
cal noise depends mainly on the mean expression level
while the real biological variation can be gene specific,
naive averaging over the variance estimator (∧ 2 ) in an
intensity bin will produce over-estimation of the var-
iance, because it treats real biological differences also as
noise. Under the assumption that the number of genes
whose expression levels significantly differ between the
two conditions is small, the Robust Variance Estimation
procedure described in the Methods section can par-
tially overcome this problem. In this case, we suggest as
a heuristic to find for each sample the one or two clo-
sest samples (by PCA or any other distance measure),
treat these as repeats and apply the Robust Variance
Estimation procedure.
Experimental design considerations
When performing a DNA microarray experiment, we
need to select the number and type of repeats at each
condition. While having more repeats gives a higher
sensitivity, they cost more. We provide a rough estimate
of the required number of repeats in a typical experi-
ment for detecting differentially expressed genes
between two conditions. We assume that the noise pro-
file of the microarrays is approximately as that shown in
Figure 5e (which seems a typical noise profile for a cell-

line experiment - see also Figure 2). The z-score for a
differentially expressed gene is:

Z
IA i IB i

A i
nA

B i
nB

i =
−

+

, ,

, ,  2 2 (5)

where Ii denotes the mean,  i
2 denotes the variance

of the gene, and n denotes the number of repeats in con-
ditions A, B. Taking nA = nB ≡ n for genes with average
expression of 4 and 8 (s2 ≈ 0.2, 0.04 respectively), we can
predict the minimal fold changes needed to achieve a
3-sigma threshold, for different numbers of repeats.
As can be seen from Table 1, performing more repeats

increases the sensitivity, allowing detection of small fold
changes as statistically significant, since it is compared
to the null hypothesis of identical expression between
the conditions. However, a very small fold change, no
matter how statistically significant it is, may not be bio-
logically relevant. Therefore, when designing a microar-
ray experiment, we need to take into account the
minimal fold change we are interested in detecting,
which will affect the number of repeats needed. For
example, to detect a minimal fold change of 1.5 at inter-
mediate gene expression (I = 8), two repeats at each
condition will suffice (see Table 1). Finally, the question
of how to distribute the available microarrays for a
given experiment is hard to answer. The conflict
between having more conditions and having repeats
always comes up. Assuming that our assumptions about
the noise properties hold, two repeats should suffice to
estimate the noise. Whether repeats are needed for all
conditions - there is no clear answer but we think the
main advantage of having repeats is clearly that they
increase our confidence in the results of the analysis.

Discussion and Conclusions
When using DNA microarrays we are faced with the pro-
blem of a small sample size combined with a large num-
ber of genes, out of which we want to identify a small
differentially expressed subset. Therefore, special care
must be taken to correctly estimate the distribution of
noise for all the genes. Even a small fraction of genes for
which we under-estimate the variance can significantly
contaminate the results with false positives. We showed
here a method for estimation of the technical noise char-
acteristics of the microarrays. Utilizing the fact that the
technical noise is intensity dependent, we are able to use
hundreds of genes with similar intensity to get an accu-
rate estimation of the noise profile. Using the resulting
estimated variance, we propose a reliable and sensitive
method to detect significant changes of expression asso-
ciated with different biological conditions.
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It has been previously shown [9] that the noise level in
microarray experiments is low. While being encoura-
ging, this does not mean that this noise can just be
ignored. Using a small number of repeats often leads to
a noisy estimation of the variance, thus leading to a
reduced statistical power when using t-test statistics on
each gene separately. This can often lead to non-signifi-
cant statistics even on genes with a biologically relevant
change in expression. On the other hand, as evident
from the current study, using the average variance
across all genes can lead to false-positives, due to the
non-uniformity of variance distribution across genes. By
showing that the noise term has approximately normal
i.i.d. distribution for genes with similar average intensity,
and calculating the intensity-dependent noise profile,
one can utilize the low noise levels to accurately identify
differentially expressed genes even when the number of
samples is small.

Methods
Bin size selection
There is no clear criterion to determine the bin size.
The selected bin size is the result of a trade-off; on the
one hand we wish to have in each bin a large number of
points (genes) N, in order to improve the statistics (the
variance is estimated on the basis of N variances mea-
sured from the data), while on the other hand one
wishes to keep the intensity range that defines the bin

small (since genes of similar intensity are hypothesized
to have the same variance). In such a case one should
examine the sensitivity of the results to the bin size
used. We find that having N ≥ 200 elements in each bin
provides a good estimate for the parameters of the
desired distribution. In Figure 3 we use a bin width of
0.5 (in log2 of expression values), which is not optimal,
but as can be seen, does provide a distribution very
close to normal.

Empirical probability density function estimation
The experimental probability density functions f(x) were
evaluated by dividing the range of the variable x that
characterizes the data points (e.g. difference between
repeats) to about 30 - 50 equal bins. The number cho-
sen for each case depended on how many data points
were available; on the one hand, we want to have small
fluctuations of the number of points in a bin, and on
the other hand, we wish to have a sufficient number of
bins to provide information about the probability den-
sity. The counts in each bin were normalized so that the
integral of the resulting histogram is 1, and a simple
smoothing procedure (running average over 5 elements)
was applied.

Robust variance estimation
The simplest way to estimate the variance of the noise
from n repeats is to calculate the variance estimator for
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Figure 7 Increased sensitivity of the proposed method: Example for the comparison between t-test and z-test (our approach) for the case of
1000 simulated “genes”, each with three repeats. 500 out of the 1000 “genes” were truly differentially expressed, (see text for full explanation).
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each gene, and its average over genes with the same
intensity. However, such an estimation can be biased by
a small number of outlier genes whose variance deviates
strongly from the population distribution. Here we pro-
vide an iterative procedure to estimate the intensity
dependent variance. The procedure uses the assump-
tions (which were validated before) about the noise dis-
tribution, and provides some robustness to exclude
outliers. Consider an experiment of n repeats, let Ii,j
with j = 1, 2, . . . n be the measured expression levels of
gene i.

1. Calculate the naive mean and variance estimators
Ii i,  2 for each gene as described in eq. (1).

2. Define the neighborhood of gene i as all genes k
satisfying G k I w I I wk i k i= − ≤ ≤ +{ : } , where w is
a chosen bin size (can be fixed or varied).
3. Calculate the intensity dependent variance estima-

tor (IDVE):  i
i

ij GG i

2 21= ∧

∈∑| |

4. Calculate the two tailed p-value for each gene var-
iance estimator (

∧
i
2 ) using the IDVE  i

2 , as fol-
lows:

p f
t n

dt
p p p

p
i

i
n

i

1
2

0
2

1 1

1
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⎬
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(6)

where (n - 1) is the number of degrees of freedom and
f t

n −1
2 ( ) is the density function. The calculated p is the

probability that a scaled c2 distributed variable with
mean of  i

2 will take a value whose deviation from the
mean is greater than | | i i

2 2− ∧ .

5. Truncate the approximately 1% extreme values of
the distribution. This should be done carefully in a
way that does not bias the mean for asymmetric

Figure 8 Application for time course experiment and comparison to other methods: (a) Estimated standard deviation vs. intensity lines
derived from two repeats of data from t = 16 hrs and from t = 24 hrs after LPS stimulus. (b) Scatter plot of mean intensities measured at t = 16
hrs vs. t = 24 hrs. Blue dots denote genes that were found as non-significantly differentiating (by our method); magenta - differentially expressed
genes, that passed at FDR of 5%; green line - 1 SD. (c)-(j) Venn diagrams of the three groups of genes identified as differentially expressed at 5%
FDR in each comparison of consecutive time points by: 2 fold (yellow), SAM (red), and our method (blue), (data used: GSE17721). Note that t-test
is not part of the comparison since significantly differentiating genes were found at this FDR only in the 2 hr vs. 4 hr comparison.

Table 1 Fold change values needed to achieve p = 0.0026
(3s deviation), as a function of the number of repeats
and the intensity

n = 1 n = 2 n = 3

I = 4 (s ≈ 0.45) 3.73 2.53 2.12

I = 8 (s ≈ 0.2) 1.8 1.51 1.4

The values of s were taken from the example described in the text.
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distributions (such as chi-square): Define the right
cutoff point (outlayers with high variance) by select-
ing the largest point with p > 0.01 (denote it as x2).
To get x1, the corresponding cutoff value on the left,
we solve the integral equation:

tx
x f

n
t dt

tx
x f

n
t dt

n1
2

1
2

1
2

1
2

1
∫ −

∫ −

= −




( )

( )
(7)

These choices of x1 and x2 keep the mean at n - 1.

6. Repeat the process (steps 2 - 5) with the truncated
distribution until it converges (i.e. the IDVE ( ) 2

does not change).

Datasets used
The data used for this analysis is available on-line from
the GEO database. In the first dataset, accession number
GSE19921, the RNA measurements (used here as 8
replicates) were done on the breast cancer cell line T47
D, with duplicates taken under the following conditions:
wild-type T74 D, shEGFP T47 D and two shRNAs
designed to target ERBB3. The 8 microarrays were
viewed as replicates since the RNA measurements
showed only very minor effects of introducing the
shRNA. The second dataset is the MAQC [8], accession
number GSE5350, where we used only the Affymetrix
arrays from Site 1. The third dataset (accession number
GSE17721) from Amit et al [13] is expression data of
mouse dendritic cells after LPS stimulation.

Data preprocessing
Data from the Affymetrix 3’ arrays used, HG-U133 Plus
2.0 in [8] and Affymetrix HT-MG-430A in [13], were
preprocessed using the Affymetrix MAS5 algorithm and
then corrected by a Lowess multi array procedure. The
Affymetrix HuGene 1.0 ST array data were preprocessed
using the Affymetrix PLIER algorithm (with no normali-
zation) and then corrected by a Lowess multi array
procedure.

Additional material

Additional file 1: Supplemental Information, that contains: •
Modeling the noise as additive and/or multiplicative does not work. •
Normality test and sensitivity to bin size. • Microarray noise is
independent of GC content. • Z-test versus t-test. • Issues related to
biological noise. • Enrichment of differentially expressed genes and PCR
validation.

Additional file 2: A MATLAB simulation code for Figure 7.
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standard deviation; IDVE: intensity dependent variance estimator; pdf:
probability density function; cdf: cumulative distribution function.
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Additional file 1: Intensity dependent estimation of noise in microarrays

improves detection of differentially expressed genes

Amit Zeisel∗, Amnon Amir∗, Wolfgang J. Köstler, and Eytan Domany

July 24, 2010

1 Modeling the noise as additive and/or multiplicative does not work

We define technical noise as the variability in intensity of repeats of hybridization of aliquots of the same

sample (following RNA extraction) to identical DNA chips. This variability is therefore due to noise in

the hybridization and fluorescence signal processing. Since the hybridization for each probe involves a

large number of molecules, we assume that noise is not due to discretization effects (σ/
√

n). Two typical

types of noise which can arise are additive and multiplicative.

1. Additive noise: This noise is expressed as I = I0 + U , (I is signal intensity before log transform)

where I0 is the true intensity and U is an intensity independent random variable. It may arise for

example from variability in the background intensity throughout the chip. This leads to constant

absolute noise (as a function of the mean), and a decreasing CV (which is defined as the standard

deviation divided by the mean). Following the log transformation, the additive noise model will

show a decrease in absolute noise as a function of the mean.

2. Multiplicative noise: This noise is expressed as I = I0U , where I0 is the true intensity and U is an

intensity independent random variable. It may arise from fluctuations in the illumination intensity

of the chip or light reaching the CCD. This leads to an increase in absolute noise level (as a function

of the mean) and a constant CV. Following the log transformation, multiplicative noise will be of

constant level.

In the more general case, we can try to model the noise (before log transform) as a linear combination

of these two noise sources: I = I0U +V , where I0 is the true intensity, and U, V are independent random

variables. In this case we expect V ar(I) = I2
0
V ar(U)+V ar(V ). Hence the variance in the measurements

should be quadratic in the average intensity. An example of the (non log-transformed) variance as a

function of the mean is shown in Figure 1. Panel (a) shows the non log-transformed variance vs. mean

scatter plot, with the smoothed variance shown in magenta. While it is an increasing function, it is

clearly non-quadratic. A good quadratic fit only applies for large mean intensities (black line in panel

1



b), which correspond to only 20% of the genes. The data for the lower intensity genes does not fit well

to the model, as can be seen in panel c, therefore indicating that the simple additive and multiplicative

noise model does not suffice to describe the origin of the technical noise. Rather than trying to model

the noise, we will take for each experiment the measured intensity - dependent noise profile.
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Figure S1: Variance vs. intensity and its fit to a combined additive and multiplicative noise model. (a)

scatter of the variance estimator and its running average (magenta line), (b) the fit of the running average

line to the combined noise model. The black line was fitted to a larger range of intensities, and the green

line to a narrower range (c) zoom in to the fit plot were the black line is the same from panel b and the

cyan line is a fit for the low intensity levels only.

2 Normality test and sensitivity to bin size.

We present here tests of normality of the intensity-dependent noise distribution and the effect of the

bin size chosen on the results of these tests. The following figures were obtained for the same data

(GSE19921) and present the same tests as those shown in Fig 3 of the manuscript.

2



−1 0 1

−1

−0.5

0

0.5

1

I=5,ρ=0.99813,n=158

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−1 0 1

0.2

0.4

0.6

,p
ks

=0.8988

−1 0 1

−1

−0.5

0

0.5

I=5.5,ρ=0.99337,n=190

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−1 0 1

0.2

0.4

0.6

0.8

,p
ks

=0.54693

−0.5 0 0.5 1

−0.5

0

0.5

1

I=6,ρ=0.99859,n=263

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−1 0 1

0.2

0.4

0.6

0.8

,p
ks

=0.95152

−0.5 0 0.5

−0.5

0

0.5

I=6.5,ρ=0.99841,n=274

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.5 0 0.5

0.2

0.4

0.6

0.8

1

1.2

,p
ks

=0.76496

−0.5 0 0.5

−0.5

0

0.5

I=7,ρ=0.99805,n=265

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.5 0 0.5

0.2

0.4

0.6

0.8

1

1.2

,p
ks

=0.87173

−0.5 0 0.5

−0.4

−0.2

0

0.2

0.4

0.6

I=7.5,ρ=0.99788,n=300

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.5 0 0.5

0.5

1

1.5

,p
ks

=0.68014

−0.5 0 0.5
−0.5

0

0.5

I=8,ρ=0.99888,n=361

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.5 0 0.5

0.5

1

1.5

,p
ks

=0.77654

−0.4−0.2 0 0.2 0.4

−0.4

−0.2

0

0.2

0.4

I=8.5,ρ=0.99919,n=397

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.5 0 0.5

0.5

1

1.5

,p
ks

=0.90723

−0.2 0 0.2

−0.2

0

0.2

I=9,ρ=0.99801,n=453

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.5 0 0.5

0.5

1

1.5

2

2.5

,p
ks

=0.68763

−0.2 0 0.2 0.4

−0.2

0

0.2

0.4

I=9.5,ρ=0.99407,n=420

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.4−0.2 0 0.2 0.4

0.5

1

1.5

2

2.5

,p
ks

=0.42778

−0.2 0 0.2

−0.2

−0.1

0

0.1

0.2

0.3

I=10,ρ=0.99285,n=411

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.2 0 0.2 0.4

0.5

1

1.5

2

2.5

3

,p
ks

=0.366

−0.2 0 0.2

−0.2

0

0.2

I=10.5,ρ=0.99005,n=354

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.2 0 0.2

1

2

3

4

,p
ks

=0.17498

−0.2 0 0.2

−0.2

−0.1

0

0.1

0.2

0.3

I=11,ρ=0.9948,n=253

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.2 0 0.2 0.4

1

2

3

,p
ks

=0.080264

−0.2 0 0.2

−0.2

−0.1

0

0.1

0.2

0.3

I=11.5,ρ=0.9554,n=159

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.2 0 0.2

0

1

2

3

4

,p
ks

=0.0023385

−0.2 0 0.2
−0.2

−0.1

0

0.1

0.2

0.3

I=12,ρ=0.98309,n=118

qu
an

til
e 

of
 d

at
a

quantile of standard normal
0 0.2 0.4

0

1

2

3

4

,p
ks

=0.36129

−0.1 0 0.1

−0.1

0

0.1

I=12.5,ρ=0.99643,n=53

qu
an

til
e 

of
 d

at
a

quantile of standard normal
−0.1 0 0.1

1

2

3

4

5

6

,p
ks

=0.98034

Figure S2: Normality test plots. Q-Q plot and the estimated pdf of the difference between two repeats

for a range of intensity bins centered at 5− 12.5, with a bin width of 0.2. For each intensity bin we show

on the left the Q-Q plot against the theoretical normal distribution, and on the right the empirical pdf

is compared to the theoretical pdf. For each intensity bin the correlation (ρ), the number of elements in

the bin (n), and the Kolmogorov-Smirnov p-value (pks) are indicated.
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Figure S3: Normality test plots. Q-Q plot and the estimated pdf of the difference between two repeats

for a range of intensity bins centered at 5− 12.5, with a bin width of 0.6. For each intensity bin we show

on the left the Q-Q plot against the theoretical normal distribution, and on the right the empirical pdf

is compared to the theoretical pdf. For each intensity bin the correlation (ρ), the number of elements in

the bin (n), and the Kolmogorov-Smirnov p-value (pks) are indicated.
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Figure S4: Normality test plots. Q-Q plot and the estimated pdf of the difference between two repeats

for a range of intensity bins centered at 5− 12.5, with a bin width of 1. For each intensity bin we show

on the left the Q-Q plot against the theoretical normal distribution, and on the right the empirical pdf

is compared to the theoretical pdf. For each intensity bin the correlation (ρ), the number of elements in

the bin (n), and the Kolmogorov-Smirnov p-value (pks) are indicated.
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Figure S5: Normality test plots. Q-Q plot and the estimated pdf of the difference between two repeats

for a range of intensity bins centered at 5− 12.5, with a bin width of 1.4. For each intensity bin we show

on the left the Q-Q plot against the theoretical normal distribution, and on the right the empirical pdf

is compared to the theoretical pdf. For each intensity bin the correlation (ρ), the number of elements in

the bin (n), and the Kolmogorov-Smirnov p-value (pks) are indicated.
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Figure S6: Normality test plots. Q-Q plot and the estimated pdf of the difference between two repeats

for a range of intensity bins centered at 5− 12.5, with a bin width of 1.8. For each intensity bin we show

on the left the Q-Q plot against the theoretical normal distribution, and on the right the empirical pdf

is compared to the theoretical pdf. For each intensity bin the correlation (ρ), the number of elements in

the bin (n), and the Kolmogorov-Smirnov p-value (pks) are indicated.
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3 Microarray noise is independent of the GC content
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Figure S7: Microarray noise is independent of the GC content: Scatter plots of the variance

square root estimator vs. the GC content of the probe-set and its properties for different numbers of

repeats: (a)-(d) show the scatter and the line estimated by our approach (black line), (e) and (f) show

the average and standard deviation lines.
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4 Z-test versus t-test
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Figure S8: Z-test is more powerful than t-test: ROC curves demonstrating the superior performance

of the z-test over the t-test in identifying differentially expressed genes, on simulated data as described

in the main text. (a) - for weak signal (differentially expressed genes with mean difference of 1 standard

deviation), (b) - for strong signal (differentially expressed genes with mean difference of 3 standard

deviations). The square, star, and circle marks are related to FDR levels of 10, 30, 50% respectively.
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5 Issues related to biological noise

Biological noise is defined as the variability observed in a group of samples taken at the same condition,

in the ideal case where there is no technical noise. Biological noise can arise from differences in growth

conditions (for example cell samples from the same cell line but from different plates), or differences

between samples taken from different individuals. This noise reflects the variability in the population

rather than a measurement artifact. Biological noise is much harder to detect because it does not have

a simple common structure. Unlike in the case of technical noise, we can not assume that intensity

dependence suffices to describe biological variation, and hence we can not use the approach described

above for estimation of the biological noise. In a real dataset the biological and technical noise are mixed

and since we know nothing about the biological noise it is very hard to distinguish between them. The

problem in this case remains to accurately estimate the variance. Figure 9 depicts the slow convergence

of the naive variance estimator when calculated for each gene separately as can be derived from eq. (3).

As can be seen, in order to accurately estimate the variance of each gene separately, a very large number

of repeats is needed.

Since the observed variance contains both technical and biological noise, we can claim that the true

variance is not smaller than the technical noise alone. We suggest to use our approach in order to provide

a lower bound on the variance, by estimating the noise as if had been purely technical. This can be done

using the procedures described above.
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Figure S9: Slow convergence of the naive variance estimator: Coefficient of variance (ratio of

standard deviation to mean) for the variance estimator vs. the number of samples, as expected from

normally distributed samples, see eq. (3).
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6 Enrichment of differentially expressed genes and PCR validation

Differentially expressed genes in pairs of consecutive time points of the data of Amit et al. [1] were

detected using our method (z-test) as described in the main text. The resulting gene lists were analyzed

for functional enrichment using the DAVID web tool [2] using the Affymetrix Mouse Genome 430A 2.0

Array as background. Enrichment analysis was performed for gene ontology terms, tissue expression,

protein domains, functional categories and pathways. Shown are terms which contain at least 20 genes

and with a fold enrichment of at least 2, and are sorted in descending order according to fold enrichment.

Abbreviations used are: GO - gene ontology, PW - pathway, TIS - tissue, FC - functional category,

PD - protein domain.

0.5 hr vs. 1 hr 1 hr vs. 2 hr 2 hr vs. 4 hr

PW:Toll-like receptor signaling pathway GO:regulation of cytokine production GO:early endosome

TIS:Macrophage PW:Toll-like receptor signaling pathway PW:Apoptosis

GO:inflammatory response GO:regulation of mononuclear cell proliferation GO:nuclear import

FC:Apoptosis GO:regulation of lymphocyte proliferation PW:Chronic myeloid leukemia

GO:leukocyte activation FC:electron transport GO:chromatin remodeling complex

GO:hemopoiesis GO:regulation of leukocyte proliferation GO:protein import into nucleus

GO:cell activation GO:electron transport chain GO:protein localization in nucleus

TIS:Bone marrow GO:negative regulation of catalytic activity TIS:Bone marrow

TIS:Mast cell GO:positive regulation of lymphocyte activation GO:cytokine-mediated signaling pathway

GO:hemopoietic or lymphoid organ development GO:positive regulation of cell activation TIS:Macrophage

GO:immune response GO:positive regulation of leukocyte activation FC:nucleotidyltransferase

PD:Nucleotide-binding, alpha-beta plait GO:ribosome

GO:cell proliferation TIS:Macrophage

GO:membrane invagination TIS:Dendritic cell

GO:endocytosis FC: compositionally biased region:Gln-rich

GO:protein domain specific binding

GO:response to wounding

GO:defense response

GO:small GTPase mediated signal transduction

GO:immune system development

TIS:Activated spleen

GO:blood vessel morphogenesis

FC:methylation

GO:regulation of cell cycle

GO:internal side of plasma membrane

PW:Chemokine signaling pathway

GO:positive regulation of immune system process

FC:nucleotide phosphate-binding region:GTP

Table S1: Enriched GO terms for genes identify to be differentially expressed by our method when

comparing: 0.5 hr vs. 1 hr, 1 hr vs. 2 hr, 2 hr vs. 4 hr.

References
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Unbiased reconstruction of a mammalian transcriptional network mediating pathogen responses. Sci-
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4 hr vs. 6 hr 6 hr vs. 8 hr 8 hr vs. 12 hr

PW:Fc gamma R-mediated phagocytosis GO:response to wounding GO:positive regulation of cytokine production

TIS:Amnion TIS:Macrophage GO:regulation of cytokine production

GO:leukocyte differentiation TIS:Amnion GO:protein folding

FC:prenylation GO:defense response TIS:Amnion

GO:membrane invagination GO:cellular response to stress GO:cell cortex

GO:endocytosis TIS:Activated spleen TIS:Macrophage

TIS:Macrophage TIS:Bone marrow

TIS:Bone marrow GO:pigment granule

FC:isopeptide bond GO:melanosome

GO:membrane organization TIS:Mammary tumor. Brca1-/fl

GO:monosaccharide metabolic process GO:positive regulation of cell activation

GO:generation of precursor metabolites and energy GO:electron transport chain

GO:hexose metabolic process GO:positive regulation of leukocyte activation

GO:protein domain specific binding

GO:leukocyte activation

GO:lysosome

GO:lytic vacuole

Table S2: Enriched GO terms for genes identified as differentially expressed by our method when com-

paring: 4 hr vs. 6 hr, 6 hr vs. 8 hr, 8 hr vs. 12 hr.

12 hr vs. 16 hr 16 hr vs. 24 hr

FC:respiratory chain FC:immune response

GO:respiratory chain GO:immune effector process

FC:electron transport GO:regulation of cytokine production

GO:regulation of mononuclear cell proliferation GO:immune response

GO:regulation of lymphocyte proliferation GO:regulation of cell activation

GO:regulation of leukocyte proliferation GO:inflammatory response

GO:electron transport chain GO:positive regulation of response to stimulus

FC:inflammatory response GO:positive regulation of immune response

GO:positive regulation of lymphocyte activation GO:regulation of lymphocyte activation

FC:lysosome GO:regulation of leukocyte activation

GO:positive regulation of cell activation GO:cell activation

GO:positive regulation of leukocyte activation TIS:Bone marrow

PW:NOD-like receptor signaling pathway GO:leukocyte activation

TIS:B-cell GO:positive regulation of immune system process

PW:Toll-like receptor signaling pathway GO:lymphocyte activation

TIS:Bone marrow GO:response to wounding

FC:immune response GO:cell surface

GO:adaptive immune response GO:lysosome

PW:Systemic lupus erythematosus GO:positive regulation of signal transduction

TIS:Ubiquitous. TIS:Macrophage

PW:B cell receptor signaling pathway GO:defense response

TIS:Macrophage GO:external side of plasma membrane

GO:generation of precursor metabolites and energy GO:positive regulation of cell communication

TIS:Mammary tumor. Brca1-/fl GO:vacuole

GO:melanosome PW:Chemokine signaling pathway

GO:pigment granule GO:cell proliferation

GO:lysosome TIS:Activated spleen

GO:lytic vacuole GO:enzyme activator activity

GO:positive regulation of immune system process TIS:Mast cell

GO:locomotory behavior

Table S3: Enriched GO terms for genes identified as differentially expressed by our method when com-

paring: 12 hr vs. 16 hr, 16 hr vs. 24 hr.

[2] Da Wei Huang, Brad T. Sherman, and Richard A. Lempicki. Systematic and integrative analysis of

large gene lists using DAVID bioinformatics resources. Nat Protoc, 4:44–57, 2009.
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0.5 hr vs. 1 hr 1 hr vs. 2 hr 2 hr vs. 4 hr

GO:guanyl nucleotide binding FC:electron transport FC:RRM 1

GO:guanyl ribonucleotide binding GO:electron transport chain FC:RRM 2

GO:vesicle-mediated transport PW:Parkinson’s disease TIS:B-cell

GO:GTP binding ribosomal protein PD:RRM

GO:cytosol GO:structural constituent of ribosome PD:RNA recognition motif, RNP-1

FC:Apoptosis FC:mitochondrion inner membrane GO:protein targeting

TIS:Mammary tumor. C3 PW:Oxidative phosphorylation PD:Nucleotide-binding, alpha-beta plait

GO:immune system development GO:generation of precursor metabolites and energy TIS:Bone marrow

FC:gtp-binding GO:ribosome GO:protein folding

GO:hemopoietic or lymphoid organ development FC:ribonucleoprotein FC:methylation

FC:nucleotide phosphate-binding region:GTP PW:Huntington’s disease GO:spliceosome

GO:cell proliferation GO:positive regulation of immune system process TIS:Amnion

GO:hemopoiesis GO:translation GO:intracellular protein transport

GO:cell activation GO:mitochondrial inner membrane TIS:Macrophage

TIS:Bone marrow PD:RRM TIS:Mast cell

GO:small GTPase mediated signal transduction PW:Alzheimer’s disease GO:cellular protein localization

TIS:Macrophage GO:organelle inner membrane GO:cellular macromolecule localization

GO:mitochondrial part FC:protein biosynthesis

PD:RNA recognition motif, RNP-1 FC:mrna splicing

FC:isopeptide bond FC:rna-binding

GO:positive regulation of response to stimulus GO:RNA splicing

GO:mitochondrial envelope PW:Oxidative phosphorylation

GO:mitochondrial membrane GO:generation of precursor metabolites and energy

PD:Nucleotide-binding, alpha-beta plait FC:mrna processing

GO:ribonucleoprotein complex GO:intracellular transport

TIS:Macrophage FC:Chaperone

FC:mitochondrion FC:acetylation

GO:organelle envelope FC:isopeptide bond

GO:envelope GO:mRNA processing

FC:rna-binding GO:cellular macromolecular complex assembly

Table S4: Enriched GO terms for genes identified as differentially expressed uniquely by our method (not

identified by either SAM, t-test or 2fold change) when comparing: 0.5 hr vs. 1 hr, 1 hr vs. 2 hr, 2 hr vs.

4 hr.

4 hr vs. 6 hr 6 hr vs. 8 hr 8 hr vs. 12 hr

PW:Fc gamma R-mediated phagocytosis GO:response to wounding GO:regulation of cytokine production

TIS:Amnion TIS:Amnion GO:protein folding

FC:prenylation TIS:Macrophage TIS:Amnion

GO:leukocyte differentiation GO:defense response TIS:Macrophage

TIS:Macrophage TIS:Activated spleen TIS:Bone marrow

GO:endocytosis GO:cellular response to stress PD:RRM

GO:membrane invagination FC:Chaperone

TIS:Bone marrow GO:nuclear envelope

GO:monosaccharide metabolic process GO:immune effector process

FC:isopeptide bond PW:Parkinson’s disease

GO:protein domain specific binding FC:ribosomal protein

GO:generation of precursor metabolites and energy FC:immune response

GO:hexose metabolic process GO:protein domain specific binding

GO:lytic vacuole PW:Nucleotide-binding, alpha-beta plait

GO:lysosome

GO:membrane organization

FC:immune response

Table S5: Enriched GO terms for genes identified as differentially expressed uniquely by our method (not

identified by either SAM, t-test or 2fold change), when comparing: 4 hr vs. 6 hr, 6 hr vs. 8 hr, 8 hr vs.

12 hr.
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12 hr vs. 16 hr 16 hr vs. 24 hr

FC:electron transport GO:regulation of cell activation

TIS:B-cell FC:immune response

GO:electron transport chain GO:regulation of lymphocyte activation

TIS:Mammary tumor. Brca1-/fl GO:regulation of leukocyte activation

PW:B cell receptor signaling pathway GO:immune response

FC:lysosome GO:cell activation

TIS:Bone marrow TIS:Bone marrow

FC:mitochondrion inner membrane GO:leukocyte activation

FC:immune response GO:lymphocyte activation

PW:Parkinson’s disease GO:positive regulation of response to stimulus

GO:cell leading edge GO:lytic vacuole

TIS:Macrophage GO:lysosome

PW:Toll-like receptor signaling pathway GO:cell surface

TIS:Amnion GO:external side of plasma membrane

PW:Fc gamma R-mediated phagocytosis GO:inflammatory response

GO:generation of precursor metabolites and energy GO:positive regulation of immune system process

PW:Huntington’s disease TIS:Macrophage

GO:glucose metabolic process GO:positive regulation of signal transduction

TIS:Dendritic cell GO:vacuole

GO:GTPase activity GO:positive regulation of cell communication

PD:Small GTP-binding protein GO:response to wounding

GO:vacuole TIS:Mast cell

GO:defense response

PW:Chemokine signaling pathway

GO:cell proliferation

GO:phosphatase activity

Table S6: Enriched GO terms for genes identified as differentially expressed uniquely by our method (not

identified by either SAM, t-test or 2fold change), when comparing: 12 hr vs. 16 hr, 16 hr vs. 24 hr.
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1hr vs. 2hr 2hr vs. 4hr 12hr vs. 16hr

GO:nuclear lumen GO:DNA replication GO:phosphorus metabolic process

GO:DNA binding GO:transcription, DNA-dependent GO:phosphate metabolic process

FC:Transcription GO:ncRNA processing FC:nucleotide-binding

GO:transcription GO:RNA biosynthetic process

GO:intracellular organelle lumen GO:chromosome

GO:organelle lumen GO:chromosomal part

GO:membrane-enclosed lumen FC:cell division

GO:ncRNA metabolic process

GO:cell division

FC:DNA damage

GO:DNA metabolic process

FC:mitosis

GO:mitotic cell cycle

GO:protein complex biogenesis

GO:protein complex assembly

PD:Zinc finger, C2H2-type/integrase, DNA-binding

GO:DNA repair

FC:zinc finger region:C2H2-type 1

GO:mitosis

GO:nuclear division

GO:organelle fission

GO:M phase of mitotic cell cycle

GO:response to DNA damage stimulus

FC:cell cycle

PD:ZnF-C2H2

PD:Zinc finger, C2H2-like

PD:Zinc finger, C2H2-type

GO:nuclear lumen

GO:nucleoplasm

GO:macromolecular complex assembly

GO:nucleolus

FC:zinc finger region:C2H2-type 2

GO:intracellular organelle lumen

GO:organelle lumen

GO:membrane-enclosed lumen

GO:nucleoplasm part

GO:cell cycle phase

Table S7: Enriched GO terms for genes identified as differentially expressed uniquely by SAM (not

identified by either 2fold or our method) when comparing: 1 hr vs. 2hr, 2 hr vs. 4 hr, 12 hr vs. 16 hr.

0.5 hr vs. 1 hr 4 hr vs. 6 hr 6 hr vs. 8 hr

GO:intracellular signaling cascade FC:transferase FC:zinc-finger

FC:zinc FC:hydrolase FC:transferase

TIS:Thymus TIS:Thymus FC:zinc

FC:nucleotide-binding FC:metal-binding GO:zinc ion binding

GO:zinc ion binding GO:transition metal ion binding TIS:Thymus

GO:transcription GO:cation binding GO:transition metal ion binding

FC:Transcription GO:ion binding FC:metal-binding

FC:metal-binding GO:metal ion binding

GO:purine ribonucleotide binding GO:cation binding

GO:ribonucleotide binding GO:ion binding

TIS:Testis FC:phosphoprotein

TIS:Brain

FC:nucleus

Table S8: Enriched GO terms for genes identified as differentially expressed uniquely by 2 fold threshold

(not identified either by SAM or our method) when comparing: 0.5 hr vs. 1 hr, 4 hr vs. 6 hr, 6 hr vs. 8

hr.
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Figure S10: Comparison between microarray and qPCR profiles for the data of Amit et al:

The profiles of 15 selected genes, identified as differentially expressed by our method (when comparing:

0.5 hr vs. 1 hr, 1 hr vs. 2 hr, 2 hr vs. 4 hr) were compared to qPCR profiles obtained by us in

an independently performed experiment. The genes Rffl, Sh3bgrl2, Gadd45a, Pdrm1, Tnfsf9, which

were not identified by the SAM method or t-test as significantly varying between time points, in fact

do exhibit variation. Note that errorbars in the qPCR curves represent standard deviation for three

technical repeats, while in the microarray curves errorbars indicate standard deviation as estimated by

our method.
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INTRODUCTION
Heart formation encompasses an orchestrated series of cellular
events; even subtle alterations in this process can lead to serious
cardiac disorders. Congenital heart disease, the most common of
all birth defects in humans, arises from abnormalities in the early
stages of cardiogenesis. The vertebrate heart is formed from two
mesoderm populations or ‘heart fields’, termed the first and second
heart fields, which arise from common origins and express both
distinct and overlapping molecular markers (Black, 2007;
Buckingham et al., 2005). In the chick, the anterior heart field
(AHF) is located in the distal pharyngeal mesoderm of branchial
arches 1 and 2 that contributes to the right ventricle and proximal
outflow tract, while secondary heart field (SHF) marks the
pharyngeal mesoderm (splanchnic mesoderm) in posterior
branchial arches, caudal to the outflow tract, that gives rise to the
most distal part of the outflow tract (Waldo et al., 2001). Hence,
the arterial pole of the heart contains cardiac progenitors from both
the AHF and SHF.

AHF cells are cardiac progenitor cells located outside the heart
that contain multipotent progenitor cells that differentiate into
myocardial, endocardial and smooth muscle cells, in both chick and
mouse models (Kelly et al., 2001; Mjaatvedt et al., 2001; Nathan

et al., 2008; Tirosh-Finkel et al., 2006; Verzi et al., 2005). The
coordinated differentiation of SHF/AHF cells is thought to be
under tight spatial and temporal control, yet the molecular details
of this dynamic step are not clear. In addition, the nature of the
signal that keeps these progenitor populations in an undifferentiated
state is unknown.

The transition from progenitors to differentiated cells is crucial
for successful organogenesis. Many signaling pathways were
shown to influence cardiac progenitor cell proliferation and
differentiation. For example, recent studies have shown that the
Wnt/-catenin pathway plays distinct roles at various stages of
cardiac development by triggering the renewal and expansion of
cardiac progenitors, and blocking their differentiation (for a review,
see Tzahor, 2007). BMP and FGF signals are initially required for
cardiac specification, and later for the differentiation of cardiac
progenitors in chick and frog embryos (Olson and Schneider,
2003). Loss-of-function studies in mice underscored the essential
roles of the BMP and FGF signaling pathways in cardiogenesis
(Rochais et al., 2009), although the precise dynamics of these
signaling pathways during early heart development is often masked
when analyzed by means of conventional genetic loss-of-function
experiments.

BMP signaling pathway promotes the specification of the AHF
mesoderm into the cardiac rather than into the skeletal muscle
lineage (Tirosh-Finkel et al., 2006). Furthermore, BMP signaling is
crucial to the differentiation of SHF/AHF progenitors in the chick
(Tirosh-Finkel et al., 2006; Waldo et al., 2001). More recently, it
was demonstrated that BMP-Smad1 signaling negatively regulates
second heart field proliferation in the mouse (Prall et al., 2007).
FGF signaling, too, plays multiple key roles during heart
development, such as induction of cardiogenesis, proliferation,
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SUMMARY
The anterior heart field (AHF) encompasses a niche in which mesoderm-derived cardiac progenitors maintain their multipotent
and undifferentiated nature in response to signals from surrounding tissues. Here, we investigate the signaling mechanism that
promotes the shift from proliferating cardiac progenitors to differentiating cardiomyocytes in chick embryos. Genomic and
systems biology approaches, as well as perturbations of signaling molecules, in vitro and in vivo, reveal tight crosstalk between
the bone morphogenetic protein (BMP) and fibroblast growth factor (FGF) signaling pathways within the AHF niche: BMP4
promotes myofibrillar gene expression and cardiomyocyte contraction by blocking FGF signaling. Furthermore, inhibition of the
FGF-ERK pathway is both sufficient and necessary for these processes, suggesting that FGF signaling blocks premature
differentiation of cardiac progenitors in the AHF. We further revealed that BMP4 induced a set of neural crest-related genes,
including MSX1. Overexpression of Msx1 was sufficient to repress FGF gene expression and cell proliferation, thereby promoting
cardiomyocyte differentiation. Finally, we show that BMP-induced cardiomyocyte differentiation is diminished following cranial
neural crest ablation, underscoring the key roles of these cells in the regulation of AHF cell differentiation. Hence, BMP and FGF
signaling pathways act via inter- and intra-regulatory loops in multiple tissues, to coordinate the balance between proliferation
and differentiation of cardiac progenitors.
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septation and alignment of the outflow tract, which affect both the
first and second heart fields (Alsan and Schultheiss, 2002; Hutson
et al., 2006; Ilagan et al., 2006; Kelly et al., 2001; Park et al., 2008;
Reifers et al., 2000; Zhang et al., 2008).

In this study, we explored the signals that control the transition
from progenitor to differentiated cells during cardiogenesis. To
achieve this, we used a wide range of bioinformatics and
developmental methods ranging from genome-wide transcriptome
analyses and combinatorial perturbations of signaling molecules in
chick embryos, both in vitro and in vivo. Our results demonstrate
a temporal order in signaling mechanisms in which BMP signals
induce cardiomyocyte myofibrillogenesis by blocking FGF
signaling within the AHF niche. We further show that FGF-ERK
signaling inhibits the differentiation of AHF progenitors. We also
found that BMP4 induced a set of neural crest-related genes, and
that cranial neural crest cells are required for the BMP-dependent
cardiomyocyte differentiation. Finally we overexpressed the BMP4
target gene Msx1 in vitro and in vivo, and show that it is sufficient,
by itself, to induce cardiomyocyte differentiation and beating in
AHF explants. Taken together, these novel findings suggest that the
BMP-MSX-FGF signaling network in the AHF niche regulates
cardiac progenitors by crosstalk between the endoderm, ectoderm
and neural crest cells.

MATERIALS AND METHODS
Eggs, embryos and explant culture assays
Fertilized white eggs were incubated for 2-3 days at 38.5°C in a humidified
incubator to reach stage 10 (Hamburger and Hamilton, 1992). AHF
explants were dissected as described [previously termed SpM (Tirosh-
Finkel et al., 2006)]. RT-PCR analysis was performed either immediately,
or after 3, 12 or 24 hours in culture on a collagen drop covered with 0.5 ml
of dissection medium (10% fetal calf serum, chick embryo extract 2.5%
and pen/strep 0.5% in MEM medium) in a four-well plate. In some
experiments, Human recombinant BMP4 (Sigma, 200 ng/ml), recombinant
Fc-Noggin protein (500 ng/ml, R&D Systems), FGF3 or FGF8 (200 ng/ml,
R&D Systems), or the inhibitors SU5402 (20 M) (Calbiochem), U0126
(30 M) or SB203580 (30 M) were added to the dissection medium.

RT-PCR
Complementary DNA (cDNA) was synthesized from DNase-treated total
RNA, using an M-MLV reverse transcriptase-mediated extension of
random primers (Promega). The cDNA product was amplified using
different sets of primers directed for cardiac and skeletal muscle markers
(sequences are available upon request).

BrdU assay for explant culture
Explants were incubated with the dissection medium for 20 hours, and
BrdU was added at a final concentration of 10 M for an additional 45
minutes. To stop the reaction, explants were fixed in 4% PFA, and BrdU
incorporation was assessed by immunofluorescence staining.

Whole mount in situ hybridization
Whole-mount in situ hybridization was performed as previously described
(Tirosh-Finkel et al., 2006).

Chick embryo manipulations
Implantation of cell aggregates was carried out according to Tirosh-Finkel
et al. (Tirosh-Finkel et al., 2006). For bead implantation experiments,
heparin-acrylamide beads (Sigma) were incubated with human
recombinant BMP4 (100 ng/l), FGF8 (500 ng/l), Noggin (1 g/l) or
SU5402 (10 mM) on ice for 2 hours. Control beads were soaked in carrier
protein (0.1% bovine serum albumin or DMSO). Beads were inserted into
cultured embryos using tungsten needles. Embryos were returned to the
incubator for an additional 24 hours, and then fixed in 4%
paraformaldehyde (PFA) and processed for the in situ hybridization
analysis. DiI (Molecular Probes) labeling experiments were described
(Tirosh-Finkel et al., 2006). To label AHF cells, embryos were placed

ventral side up in new culture plates, incubated for an additional 24 hours,
fixed with 4% PFA and cryo-sectioned. For protein translation experiments,
CHX (10 g/ml) was added to the AHF explants at the indicated times.
Dorsal neural tube ablation was performed at stage 8, as previously
described (Rinon et al., 2007; Tzahor et al., 2003), and ablated embryos
were developed to stage 10, at which time AHF dissection was carried out.

Viral injections
To infect the AHF in vivo, concentrated retroviruses RCAS-mMsx1 and
RCAS-GFP were injected into the head mesoderm of stage 8-9 chick
embryos. Retrovirally infected chicks were then harvested at stage 18, and
subjected to immunohistochemistry or in situ hybridization analyses.

Immunohistochemistry
For paraffin wax-embedded sections, embryos were fixed in 4% PFA,
embedded in paraffin wax and sectioned at 10-15 m using a Leica
microtome. For frozen sections, explants were fixed with 4% PFA, left
overnight in 30% sucrose embedded in OCT and sectioned at 10 m.
Sections were blocked with 5% whole goat serum in 1% bovine serum
albumin in PBS, prior to incubation with primary antibody. Antibodies:
Myomesin 2, 1:40; MF20 (MHC), 1:1; tropomyosin, 1:40; G3G4 (Brdu
antibody), 1:100; pHis3, 1:400 (Santa Cruz); Caspase 3, 1:40 (Cell
Signaling), pERK, 1:50; 3C2, 1:5. Secondary antibodies: Cy2, Cy5 or Cy3-
conjugated anti-mouse or rabbit IgG (Jackson ImmunoResearch
Laboratories), 1:100.

Data analysis
mRNA expression levels were measured at 0, 3, 12 and 24 hours for both
control and BMP4-treated AHF cells. Total RNA was isolated and
hybridized on Affymetrix GeneChip Chicken Genome Arrays. CEL files
were normalized according to the ‘MAS5’ algorithm, using the Affymetrix
Expression Console. The value 5 (log base 2 scale) was used as the
threshold for detection level. Noise in the expression levels was estimated
based on the two duplicate samples taken at t12 hours, for both control
and BMP4-treated cells. Sets of significantly and differentially expressed
genes (SDEG) with 5% false discovery rate (FDR) were identified. Distinct
SDEG with different time-dependent expression profiles in control versus
BMP4-treated AHF cells were found (483 genes, at 30% FDR). Fig. S1 in
the supplementary material shows the expression heatmap of these genes,
which were divided into seven clusters. The genes in each cluster are listed
in Table S1 in the supplementary material.

The microarray data can be downloaded from the Gene Expression
Omnibus under ‘BMP-mediated inhibition of FGF signaling promotes
cardiomyocyte differentiation of anterior heart field progenitors’ (accession
number GSE19698).

RESULTS
BMP4 induces expression of a wide array of
myofibrillar sarcomeric genes
In this study, we sought to investigate the molecular mechanisms
underlying the transition of cardiac progenitors in the AHF niche
into differentiated cardiomyocytes in the heart. We have
previously characterized explants dissected from stage 10
embryos with cardiogenic potential (Tirosh-Finkel et al., 2006).
These cells contribute to the distal pharyngeal mesoderm of the
first two branchial arches (Nathan et al., 2008); thus, we refer to
them as AHF explants. Administration of BMP4 induced beating
of AHF-derived cardiomyocytes after 16-24 hours of culture
(Tirosh-Finkel et al., 2006). To understand the molecular
mechanism through which BMP4 induces beating, we performed
a genome-wide microarray screen, using the Affymetrix
GeneChip Chicken Genome Array, to measure gene expression
(at time courses 0, 3, 12 and 24 hours) in naïve and BMP-treated
AHF cells (Fig. 1A and see Fig. S1 in the supplementary
material). An unsupervised analysis for distinct temporal
expression profiles revealed ~400 genes, grouped into seven
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clusters, the profiles of which significantly differed between
control and BMP4-treated cells. Particularly noteworthy was the
enrichment of myofibrillar sarcomeric genes that were strongly
upregulated by BMP4 in cluster 3 (see Fig. S1 and Table S1 in
the supplementary material).

During early embryogenesis, myocardial cells contain
disorganized sarcomeres and an immature electrophysiological
system, whereas more differentiated cardiomyocytes are
characterized by an increase in sarcomeric organization and
electrophysiological maturation – the two components that must be
in place for emergence of contractions (Martin-Puig et al., 2008).
A search among the transcripts that showed significant upregulation
between untreated and BMP4-treated AHF explants did not reveal
any genes associated with cardiac action potential or with gap
junctions (see Fig. S2 in the supplementary material; data not

shown). However, we did observe marked (2-6 fold) induction of
20 sarcomeric genes in BMP4-treated AHF cells (Fig. 1B). BMP4
induced the expression of sarcomeric genes (e.g. Titin, Myosin-
binding protein C, Myomesin, Actinin and others; Fig. 1B) that
encode for thick myosin myofilaments, as well as sarcomeric
components that facilitate formation of the sarcomeric structure by
associating with both Actin and Myosin. Induction of sarcomeric
genes by BMP4 was verified by RT-PCR (Fig. 1E and Fig. 3; data
not shown). Furthermore, BMP4 induced myofibrillar organization
as shown by immunofluorescence staining for the sarcomeric
proteins Myosin Heavy Chain (MHC), Tropomyosin and
Myomesin2 (Fig. 1D).

In the absence of ectopic BMP4, it is likely that endogenous
BMP2 and BMP4, which are expressed in AHF explants (Tirosh-
Finkel et al., 2006) promote the upregulation of sarcomeric genes.

2991RESEARCH ARTICLEBMP-FGF crosstalk in cardiogenesis

Fig. 1. BMP4 induces global myofibrillar sarcomeric gene expression in AHF progenitors. (A)The dissection of stage 10 AHF explants
(orange) cultured at various time points in the presence or absence of BMP4. Following RNA purification, a microarray screen was performed.
(B)Microarray data showing a variety of sarcomeric genes in control (broken blue lines) and BMP4-treated (pink) samples. (C)Structural model of a
sarcomere incorporating the genes found in the array. (D)Immunostaining for the indicated sarcomeric proteins in AHF explants treated with or
without BMP4 for 24 hours. (E)RT-PCR analysis for the indicated sarcomeric genes of AHF explants treated with either BMP4 or Noggin.
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To further explore this possibility, we treated AHF explants with
either BMP4 or its antagonist Noggin. Relative to untreated AHF
explants, BMP4 induced sarcomeric gene expression, as shown by
RT-PCR, while Noggin treatment blocked their expression (Fig.
1E). Taken together, these results suggest that BMP signaling plays
a crucial role in the transition of cardioblasts into beating
cardiomyocytes by globally increasing myofibrillar gene
expression and facilitating sarcomeric protein architecture.

BMP4 induces the expression of its synexpression
group and suppresses that of the FGF
synexpression group
Next, we searched the microarray dataset to gain further insights
into the molecular mechanisms underlying BMP-induced
cardiomyocyte differentiation. We first noticed the upregulation
of BAMBI, SMAD6, BMPRII and Sizzled, members of the BMP4
synexpression group (Fig. 2A and see Fig. S3A in the

RESEARCH ARTICLE Development 137 (18)

Fig. 2. BMP4 suppresses the FGF synexpression group and induces its own synexpression group. (A)Microarray data set showing that
BMP4 induces its own synexpression group: a set of genes that share a complex ‘spatial’ expression pattern and function in the same signaling
pathway (depicted in the model). In general, members of synexpression groups are believed to function as a negative-feedback mechanism.
(B)BMP4 blocks the FGF synexpression group. (C,D)In situ hybridization screen, in whole-mount and sectioned embryos, for the BMP4 (C) and FGF
(D) synexpression groups at the indicated stages of cardiogenesis in the chick. Left, ventral view; middle, lateral view; right, transverse sections at
the indicated axial level (marked by the broken line).
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supplementary material). Synexpression groups designate sets of
genes that share a complex ‘spatial’ expression pattern, are
simultaneously up- or downregulated, and are thought to
function in the same biological process (Niehrs and Pollet,
1999). The BMP4 synexpression group, first identified in
Xenopus embryos, is believed to function as a negative-feedback
mechanism to attenuate BMP4 signaling (Karaulanov et al.,
2004). We suggest that Sizzled, which was strongly induced by
BMP4 in both in vitro and in vivo analyses (Fig. 2A; see Fig.
S3A,E in the supplementary material) and is a known antagonist
of BMP signaling in Zebrafish and Xenopus (Lee et al., 2006;
Muraoka et al., 2006), belongs to this group. In summary, BMP4
induces its own synexpression group that presumably functions
as a negative-feedback mechanism.

As the FGF signaling pathway plays well-established positive
roles during cardiac development, we also used our microarray
data to examine changes in this pathway. Surprisingly, four FGF
family ligands (FGF3, FGF8, FGF18 and FGF19) were
significantly downregulated by BMP4 (Fig. 2B). In addition,
SEF, Sprouty2, PEA3 and ERM, all members of the FGF
synexpression group (Brent and Tabin, 2004; Kovalenko et al.,
2006), were downregulated by BMP4 treatment in AHF
explants (Fig. 2B; see Fig. S3B in the supplementary material).
Collectively, our gene expression data reveal that BMP4
efficiently blocks FGF signaling in differentiating AHF
explants.

To verify the relevance of these two sets of gene families during
AHF development, we determined their expression patterns using in
situ hybridization in chick embryos (Fig. 2C,D). Members of the two
synexpression groups were expressed during AHF development in a
mutually exclusive manner: BMP4 synexpression group members
were expressed in the ventral pharynx, adjacent to the cardiac
outflow tract (Fig. 2C), whereas members of the FGF synexpression
group displayed a redundant expression pattern in the dorsal
pharyngeal endoderm and in the overlying ectoderm (Fig. 2D; see
Fig. S3C in the supplementary material). The mutually exclusive
relationship of the two synexpression groups is demonstrated by the
expression of FGF19 and BMP4 in serial tissue sections (Fig. 3A).
Interestingly, in the chick FGF ligands are almost not expressed in
the AHF mesoderm unlike their expression in the mouse (Watanabe
et al., 2010). Based on analysis of their expression patterns, we
propose that AHF mesoderm cells that migrate underneath the
pharynx into the heart are regulated by a tight crosstalk between
endoderm/ectoderm-derived FGFs and BMP4, to enable the
differentiation of AHF progenitors within the heart (Fig. 3A).

Inhibition of the FGF-ERK signaling pathway is
both sufficient and necessary to promote
cardiomyocyte differentiation and beating
Beating of cardiomyocytes is a readily visible readout for their
differentiation. To establish the conditions under which
cardiomyocyte differentiation/beating is observed, we undertook a

2993RESEARCH ARTICLEBMP-FGF crosstalk in cardiogenesis

Fig. 3. Inhibition of the FGF-ERK signaling pathway is sufficient and necessary to promote cardiomyocyte differentiation and beating.
(A)Model of the mutual expression pattern of FGF and BMP4 synexpression groups. Left panels show two consecutive sections subjected to in situ
hybridization for BMP4 and FGF19. On the right, an illustration of AHF cells migrating towards the heart, initially receiving FGF signals and later
receiving BMP signals nearer the heart. (B)Schematic matrix depiction of experiments performed under nine distinct combinations of BMP and FGF
signals: increased (ectopic BMP4 or FGF3/8), intermediate (endogenous) and reduced (by ectopic Noggin or SU5402, respectively). Crosses mark
experiments in which no beating was observed in AHF explants; a red heart indicates beating. (C)RT-PCR analysis of the combined influence of BMP
and FGF signaling pathways on cardiac lineage markers, myofibrillogenesis and FGF family members. The colored numbers in the top row identify
the corresponding experiments, as shown in B. (D)Model showing the targets of the different pharmacological inhibitors within the FGF signaling
pathway. The results presented in B,C reflect at least five independent experiments.
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systematic combinatorial approach to perturb the BMP and FGF
signaling pathways (Fig. 3B). Each pathway was placed in one of
three states: endogenous, inhibited (by adding Noggin for BMP
signaling, and SU5402 for FGF signaling) or stimulated (by adding
the corresponding ligand). First, BMP4 induced AHF
differentiation/beating (experiments 6 and 3 in Fig. 3B), in a

manner that was indistinguishable from the administration of
SU5402 (experiment 2). Moreover, inhibition of FGF signaling (by
SU5402) induced beating even when the endogenous BMP signal
was dampened by Noggin (experiment 1), whereas in the presence
of either FGF8/FGF3, Noggin or both, no beating was observed
(experiments 8, 4 and 7, respectively). Importantly, in the
combined presence of FGF8 and FGF3, BMP4-induced beating
was blocked (experiment 9). The phenotypic results (beating) of
the different combinatorial manipulations (Fig. 3B) were consistent
with the expression levels of various genes measured using RT-
PCR (Fig. 3C).

The concentrations of Noggin, SU5402, ectopic FGF and ectopic
BMP are extrinsic variables (e.g. under direct experimental control)
that reflect continuous values, although they were used here as
binary (on/off) variables. In the AHF explant cultures, the
biologically relevant variables that control differentiation/beating
are FGF signal strength (FGFss) and BMP signal strength
(BMPss). Signal strength is defined as the actual magnitude of the
signal within the cell, a feature that is controlled by the extrinsic
variables, as well as by other biological factors (e.g. receptor
numbers, members of the BMP and FGF synexpression groups,
and the like). In addition, FGFss and BMPss are coupled by cross-
regulation between the two signaling pathways (note the discussion
in Fig. S4 in the supplementary material, which depicts a ‘beating
diagram’ in terms of the FGF and BMP signal strengths).
Strikingly, our experimental results indicate that inhibition of
FGF signaling is both sufficient and necessary for the
differentiation/beating of AHF cells in vitro (Fig. 3B,C).
Accordingly, we suggest that inhibition of FGFss below a certain
level, either by SU5402 or by BMP4, constitutes the key parameter
in the differentiation of cardiomyocytes (see Fig. S4 in the
supplementary material).

Depending on the cellular context, the FGF stimulus can activate
distinct signaling pathways such as ERK, AKT, PKC and P38
(Fig. 3D). To probe the precise molecular mechanism by which
pathways downstream to FGF signaling suppress AHF
differentiation, we used pharmacological inhibitors of the ERK
(U0126) and P38 (SB203580) pathways. Treating AHF explants
with these inhibitors demonstrated that inhibition of the FGF-ERK
signaling pathway was sufficient to promote cardiomyocyte
differentiation and beating, whereas inhibition of P38 did not (Fig.
3C,D).

FGF signaling represses cardiogenesis in the AHF
in vivo
We then tested the effects of BMP and FGF signaling on AHF cells
in vivo (Fig. 4). Implantation of BMP4-soaked beads into the head
mesoderm of stage 9-10 chick embryos induced ectopic expression
of the cardiac marker NKX2.5 in the first branchial arch (BA1),
whereas Noggin-soaked beads repressed NKX2.5 expression in the
distal part of BA1 (Fig. 4A,D, respectively). In order to validate the
in vitro finding that BMP4 blocks FGF signaling, we used both
BMP4-expressing HEK-293 cells and BMP4 beads. Indeed, BMP4
efficiently blocked FGF8 expression in the dorsal region of the
pharyngeal endoderm (Fig. 4B; data not shown). To demonstrate
the inhibitory action of FGF signaling on cardiogenesis, we
implanted either FGF8 or SU5402 beads adjacent to the AHF of
stage 9-10 chick embryos. Whereas FGF8 repressed NKX2.5
expression in distal BA1 (Fig. 4C), SU5402 induced its expression
(Fig. 4E). Hence, our in vivo findings indicate that BMP and FGF
signaling pathways play opposing roles during cardiogenesis within
the AHF niche.

RESEARCH ARTICLE Development 137 (18)

Fig. 4. BMP and FGF signaling pathways play opposing roles
during AHF development in vivo. (A-E)In vivo implantation of beads
soaked with the different signaling molecules (indicated in the
rectangle above each experiment) into the mesoderm of stage 10 chick
embryos. In situ hybridization for the indicated genes (marked in
purple) was performed following overnight culture of these embryos
(~stage 12). Left panels show ventral views; middle and right panels
show transverse sections of 10� and 40� magnification, respectively.
The plane of sectioning and the location of the bead are marked with
broken lines or circles; white arrowheads represent induction, whereas
black arrowheads represent repression of the indicated genes. In B,
HEK-293 cells overexpressing BMP4 were implanted (marked with an
asterisk). All of the in vivo experiments were repeated at least three
times; representative results from most of the embryos are shown.
nt, neural tube; ph, pharynx; as, aortic sac; oft, outflow tract.
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BMP4 and inhibition of FGF signaling decrease cell
proliferation in the AHF
The FGF-ERK signaling pathway is widely known as a potent
inducer of cell proliferation. Given the distinct expression
patterns of the FGF and BMP4 synexpression groups (Fig. 2),
we compared the proliferative status within the AHF niche and
the expression patterns of FGF and BMP4 synexpression groups
(Fig. 5A). Immunofluorescence staining for pERK in transverse
sections of stage 12 embryos was correlated with the FGF
synexpression domain in the dorsal pharynx, whereas pSMAD
staining, a readout for BMP signaling, overlapped with the
BMP4 synexpression domain in the ventral pharynx (Fig. 5B-J).

Notably, BrdU staining, which is indicative of proliferating cells,
broadly overlapped with the FGF expression domain and pERK
staining. This analysis revealed that cell proliferation gradually
decreases along the AHF adjacent to the cardiac outflow tract,
where BMP4 is expressed. Furthermore, both BMP4 and
SU5402 strongly reduced cell proliferation in AHF explants, as
evidenced by p-Histone H3 (Fig. 5K-M) and BrdU staining (Fig.
5N-Q).

We next determined how increasing concentrations of BMP4
affect the proliferation/differentiation states of AHF explants.
Evidently, cell proliferation (number of cells, BrdU and p-Histone
H3) was reduced in a dose-dependent manner, reaching a
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Fig. 5. BMP-mediated FGF inhibition correlates
with reduced proliferation. (A)Model showing the
tight linkage between the FGF-expressing domain and
ERK signaling, as well as BMP4 expression and SMAD
signaling. (B-J)Immunostaining of transverse sections
of stage 12 embryos with the indicated antibodies.
White arrowheads represent BMP-derived p-SMAD
staining, whereas black arrowheads correspond to the
FGF/BrdU/p-ERK proliferative domain.
(K-P)Proliferative analysis by immunostaining for the
indicated antibodies of AHF explants treated with
either BMP4 or SU5402. (Q)Quantification of the
results in N-P. (R)Increasing concentrations of BMP4
affect AHF cell number after 24 hours. (S)Percent
MHC-positive cells. (T)BrdU-stained cells.
(U)pHistone3 positive cells. nt, neural tube;
ph, pharynx; ov, otic vesicle; oft, outflow tract.
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maximum response at 100 ng/ml. By contrast, the number of
MHC+ cells was significantly increased only at 200 ng/ml,
suggesting a threshold (ON/OFF) phenomenon (Fig. 5R-U). Taken
together, we suggest that FGF-ERK signaling maintains a pool of
cardiac progenitors within the dorsal domain of the AHF by
promoting their proliferation, thereby blocking their differentiation.
By contrast, BMP4-mediated inhibition of FGF signaling within
the ventral domain of the AHF reduces proliferation and promotes
differentiation, as these progenitors reach the anterior pole of the
heart.

BMP4-MSX signaling represses FGF genes and
promotes AHF cardiomyocyte differentiation
In order to obtain a mechanistic insight into the inhibition of
FGFs (FGF8, FGF3, FGF18 and FGF19) by BMP4 and the
subsequent differentiation of AHF cells, we sought first to define
the temporal window during which this inhibition takes place.
Accordingly, AHF explants were cultured in the presence of
BMP4 for different time intervals. The expression pattern of the
FGF genes was significantly downregulated within the first 6
hours (Fig. 6A). This inhibition could be produced either through
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Fig. 6. BMP-MSX signaling
represses FGF genes and promotes
AHF differentiation non cell
autonomously. (A-C)RT-PCR analysis
of FGF gene expression in control and
in BMP4-treated AHF explants, in the
presence or absence of the protein
synthesis inhibitor cycloheximide
(CHX). ‘t’ indicates the number of
hours after BMP4 treatment (A); or
the time of CHX application (B,C).
The graphs below each PCR panel
present schematically the expression
levels of the induced repressor and
the FGF genes, with gray vertical bars
marking the times of the experiments
and broken vertical lines indicating
the times at which CHX was
introduced. (D)Microarray dataset
showing that BMP4 induces neural
crest related genes prior to
myofibrillogenesis. (E)In situ
hybridization analysis of some of the
genes in D. (F,G)RT-PCR (F) and
immunostaining (G) results of AHF
explants infected with control
retroviruses (RCAS GFP), with or
without BMP4, compared with AHF
explants infected with the mouse
RCAS Msx1 retroviruses. (H-J)In vivo
misexpression of control retroviruses
(RCAS GFP or RCAS mMsx1) in the
head mesoderm injected at stage 8-9
and analyzed at stage 17 (after 48
hours). Transverse sections subjected
to in situ hybridization for FGF18 and
FGF8 (H) or stained with antibodies
against p-Histone and the viral
protein 3C2 (I). (J)Quantification of
the data from multiple embryos (n5).
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SMAD proteins, via the induction of a repressor, or through
downregulation of an activator of FGF genes. To test whether the
inhibition of FGF genes is caused by transcription and
translation of a BMP4-induced target, we used the protein
synthesis pharmacological inhibitor cycloheximide (CHX).
Notably, FGF mRNAs were unchanged when BMP4 was added
in the presence of CHX (Fig. 6B), indicating that BMP-mediated
inhibition of FGF genes is likely to be indirect, via repressive
activity of an intermediate protein, rapidly produced after BMP4
stimulation. Moreover, delayed applications of CHX into BMP4-
treated explants demonstrated that the intermediate protein is
translated and effectively inhibits FGF genes within 4-6 hrs after
BMP4 treatment (Fig. 6C).

We therefore re-examined our dataset of AHF explants treated
with BMP4 at 3 hours for potential repressors that were
upregulated by BMP4 prior to the inhibition of the FGF genes.
Interestingly, eight transcription factors, mostly known for their
roles in neural crest cells, were significantly upregulated by BMP4
in this time-frame: MSX1, MSX2, ID1-4, DLX5, SMAD7 (Fig.
6D,E). Because both MSX and ID genes have previously been
shown to play important roles in second heart field development in
mouse (Chen et al., 2007) and frog (Martinsen et al., 2004)
embryos, we decided to focus on them for further gain-of-function
analyses (Fig. 6F-J). Strikingly, overexpression of the mouse Msx1
(mMsx1) using retroviral infection of AHF explants induced
cardiomyocyte differentiation and beating along with an
upregulation of the sarcomeric genes and MHC protein,
comparable with that induced by BMP4 application (Fig. 6F,G).
RCAS-mediated ID2 overexpression had no effect (data not
shown). Importantly, FGF genes were downregulated in the Msx1-
infected explants, albeit to a lesser extent compared with BMP4
application, which could be due to the delay in the production of
the viral gene.

Next, we investigated the effect of Msx1 overexpression on FGF
genes in vivo (Fig. 6H). Concentrated mouse Msx1 viruses were
injected into the head mesoderm of stage 10 embryos and analyzed
after 48 hours at about stage 18. Both FGF8 and FGF18 were
significantly reduced in the Msx1-infected embryos compared with
the GFP control embryos (Fig. 6H). We then explored whether
Msx1 could affect cardiomyocyte differentiation downstream to the
FGF-ERK signaling. Indeed, Msx1 overexpression resulted in a
significant decrease in p-Histone staining compared with control
embryos (Fig. 6I,J). Taken together, we demonstrate that Msx1,
like BMP4, can repress FGF genes in vitro and in vivo and
promote robust cardiomyocyte differentiation in AHF progenitors.

BMP-mediated cardiomyocyte differentiation
requires cranial neural crest (CNC) cells
The robust upregulation of cranial neural crest markers (Fig. 6D)
prompted us to investigate the involvement of neural crest cells in
AHF differentiation. In fact, it has been shown that FGF signaling
(particularly FGF8) was elevated after neural crest ablation in chick
embryos (Rinon et al., 2007; Waldo et al., 2005). In the chick,
MSX1/2 are expressed in CNC cells (Fig. 6E), whereas in the
mouse they have broader expression patterns in the AHF niche
(endoderm, mesoderm ectoderm and CNC cells) (Chen et al.,
2007). Therefore we speculated that MSX genes, which are
strongly induced by BMP4, promote cardiomyocyte differentiation
in a non-cell autonomous manner involving a crosstalk between the
endoderm, ectoderm and CNC cells with the cardiac progenitors.
We first analyzed cranial neural crest markers in AHF explants
using RT-PCR and SOX9 immunostaining (Fig. 7A). SOX9
staining, as well as that of the cranial neural crest markers, MSX1,
MSX2, SEMA3, PAX7, DLX5 and ID1, were hardly detected in
freshly dissected AHF explants. By contrast, a sharp increase in the
levels of these genes and of SOX9 protein, was detected after 20
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Fig. 7. Neural crest cells are
present within the AHF niche
and contribute to the BMP-
induced cardiomyocyte
differentiation.
(A) Immunostaining for SOX9 in
AHF control explants at the
indicated time, its quantification
(graph) and RT-PCR analysis of
neural crest markers in the AHF
explants. (B) Immunostaining for
SOX9 and MHC in AHF and BMP4-
treated explants, quantification of
SOX9 cells (graph), and RT-PCR of
neural crest, FGF and sarcomeric
markers. (C)Same as in B, but for
cranial NC-ablated embryos.
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hours of culture. We conclude from this experiment that AHF
explants promiscuously upregulated neural crest gene program in
culture. Alternatively, the residual CNC cells in the explants can
expand very rapidly.

To further investigate the role of CNC cells in the BMP-driven
AHF differentiation, we performed CNC ablation in stage 8 chick
embryos (Rinon et al., 2007; Tzahor et al., 2003). Despite the
known regenerative ability of these cells, AHF explants that were
dissected from CNC-ablated embryos failed to undergo BMP4-
induced cardiomyocyte differentiation, clearly observed in control
AHF explants treated with BMP4 (Fig. 7B,C). Interestingly, BMP4
is still able to block, albeit less efficiently, FGF gene expression in
AHF explants dissected from CNC ablated embryos (Fig. 7C).
Hence, cranial neural crest cells are required for the BMP-induced
cardiogenesis in AHF explants, in agreement with the key roles of
cranial and cardiac neural crest cells in the migration and
differentiation of both secondary heart field (Hutson et al., 2006;
Waldo et al., 2005) and cranial paraxial mesoderm (Rinon et al.,
2007) progenitors.

DISCUSSION
The AHF contains a pool of cardiac progenitor cells that lies outside
the linear heart tube, in the splanchnic mesoderm on the ventral side
of the pharynx. Cardiac progenitors within the AHF are maintained
in a proliferative and undifferentiated state by multiple signaling
mechanisms that have thus far been poorly defined (Fig. 8A).
Abnormal transition of proliferating cardiac progenitors into
differentiating cardiomyocytes severely affects cardiac looping and
outflow tract extension, processes that are generally associated with
congenital heart disease. Our study reveals that the transition from
cardiac progenitors to cardiomyocytes depends on dynamic input
from the BMP and FGF signaling pathways in various tissues along
the topography of the AHF niche (Fig. 8A,B). Although FGF-ERK
signaling is initially required to maintain AHF progenitors in an
undifferentiated state, BMP-MSX signaling, at the entrance to the

cardiac outflow tract, blocks the FGF-ERK pathway. In this study,
we demonstrate that it is this key step that lies ‘at the heart’ of
cardiomyocyte differentiation (Fig. 8B).

BMP signaling promotes AHF myofibrillogenesis
and beating
BMP molecules, like their homolog in flies [Decapentaplegic
(Dpp)], have been demonstrated to be both sufficient and necessary
for the differentiation of cardiac progenitors in both first and
second heart fields or in embryonic stem cells (Behfar et al., 2002;
Frasch, 1995; Prall et al., 2007; Schlange et al., 2000; Schultheiss
et al., 1997; Shi et al., 2000; Tirosh-Finkel et al., 2006; Waldo et
al., 2001). Previous studies in both chick and mouse models (Prall
et al., 2007; Waldo et al., 2001) have demonstrated the negative
effect of BMP signaling on the proliferation of progenitor cells
within the AHF. How BMP attenuates cell proliferation was
previously not clear. Our findings close this gap, by showing that
differentiation-promoting/proliferation-attenuating BMP activity is
mediated by inhibition of the FGF signaling pathway. Because the
inhibition of FGF-ERK signaling also induced myofibrillogenesis,
we conclude that the evolutionary conserved effect of BMP
signaling on myofibrillogenesis is conceivably indirect, via
inhibition of FGF signaling.

Opposing activities of the BMP and FGF signaling
pathways during cardiogenesis
We suggest that BMP signaling affects AHF cells in two phases: it
is initially required to ‘lock’ mesoderm progenitors into the
cardiogenic lineage (Tirosh-Finkel et al., 2006) whereas, at later
stages, during which AHF cells approach the cardiac outflow tract,
BMP signaling represses AHF proliferation [our data and Prall et
al. (Prall et al., 2007)] by blocking FGF signaling, to promote
accurate deployment of AHF progenitors to the looping heart (Fig.
8B). Importantly, FGF signaling plays a key role in the survival and
expansion of mesoderm-derived cardiac progenitors (cardioblasts)

RESEARCH ARTICLE Development 137 (18)

Fig. 8. BMP-MSX-FGF signaling network within the AHF regulates cardiac progenitors proliferation and differentiation by crosstalk
between the endoderm, ectoderm and neural crest cells. (A)The AHF niche contains cardiac progenitors that are maintained in a multipotent
and undifferentiated state by signals from the surrounding tissues such as the pharyngeal endoderm, ectoderm and neural crest cells, as depicted in
the left section. A schematic drawing of the expression patterns of BMP, MSX, FGF and MHC molecules is shown on a similar section (right). (B)A
model for the combinatorial, sequential effects of BMP, acting via MSX, on FGF-ERK signaling and the downstream effects on the specification,
proliferation and differentiation of AHF cells during cardiogenesis. BMP signaling initially induces cardiac lineage specification (and blocks skeletal
muscle specification). Subsequently, cardiac progenitors are exposed to high levels of FGF-ERK signaling, which facilitates the survival and proliferation
of cardiac progenitors and blocks their premature differentiation. At later stages, during which AHF cells approach the cardiac outflow tract, BMP-
MSX signaling represses FGF-ERK and AHF proliferation, promoting accurate deployment of differentiating AHF progenitors to the looping heart.
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within the AHF, consistent with recent genetic studies in the mouse
(Ilagan et al., 2006; Park et al., 2008; Watanabe et al., 2010; Zhang
et al., 2008). Our results indicate that, in addition, FGF signals,
which are restricted to the pharyngeal endoderm and ectoderm in
the chick, act to block the premature differentiation of AHF cells,
highlighting the importance of blocking FGF signaling as a key
step in the differentiation of cardiomyocytes (Fig. 8B).
Interestingly, the inhibitory effect of the FGF pathway on the
differentiation of AHF progenitors was masked because of the
positive requirement of this pathway for the survival of cardiac
progenitors. In line with our studies, Hutson et al. have uncovered
similar inputs of the BMP and FGF signaling pathways on SHF
progenitors by showing that FGF8 signaling is required to maintain
the SHF in a proliferative undifferentiated state, while BMP is a
strong myocardial differentiation signal (Hutson et al., 2010).

Proliferation versus differentiation
The relationship between proliferation and differentiation is a classic
example of a biological yin and yang, the idea being that cessation
of proliferation leads to differentiation. In most cells, proliferation
is dependent on ERK signaling, which facilitates the transition
through the early G1 phase of the cell cycle. Our data indicate that
BMP treatment or the direct inhibition of the FGF-ERK pathway
strongly suppressed AHF proliferation. Whether this step is
accompanied by the induction of sarcomeric gene activator(s) or
‘repression of a repressor’ of these genes, is currently under
investigation. It has been shown that the withdrawal of proliferation
signals initiated premature muscle differentiation in somites
(Amthor et al., 1999). We propose that proliferation-promoting
signals act as suppressors of differentiation during embryogenesis.

Neural crest cells are involved in the BMP-FGF
crosstalk within the AHF niche
The AHF niche (Rochais et al., 2009) contains mesodermally
derived cardiac progenitors that are exposed to signals from the
pharyngeal endoderm, ectoderm and neural crest cells (Fig. 8A).
These tissues robustly express the FGF and BMP synexpression
groups: the ‘FGF zone’, which is located at the dorsal edges of the
pharynx and is highly proliferative (pERK+ and BrdU+), and the
‘BMP zone’ at the ventral pharynx near the outflow tract, which is
characterized by a lower proliferative index (pERK– BrdU–

pSMAD+) (Figs 2 and 5). We suggest that any perturbation of the
delicate balance of BMP and FGF signals within the niche should
lead to abnormal heart development. Other signaling mechanisms
undoubtedly feed into this complex regulatory system.

In this study, we also demonstrated that neural crest cells, are
important players in the BMP-MSX-FGF signaling circuit.
Ablation of the dorsal part of the cranial neural tube (Rinon et al.,
2007), where CNC cells reside, abrogated the effect of BMP4 on
cardiomyocyte differentiation (Fig. 7B,C). Neural crest ablation in
the chick resulted in increased FGF8 signaling and elevated
proliferation in the secondary heart field (Hutson et al., 2006;
Waldo et al., 2005) and cranial paraxial mesoderm (Rinon et al.,
2007). Taken together, these studies suggest that both cardiac
neural crest (interacting with SHF progenitors) and cranial neural
crest cells (in the AHF niche) buffer proliferative signals
(presumably FGFs) secreted from the endoderm and ectoderm in
order to promote myocardial and myogenic differentiation, as well
as migration into the outflow tract and branchial arches,
respectively. Other examples of non-cell autonomous roles of
cardiac/cranial neural crest in the regulation of the AHF niche were
demonstrated in mice lacking either Smad4 (Jia et al., 2007) or the

BMP receptor Alk2 (Kaartinen et al., 2004) in neural crest cells.
Both of these mouse models revealed abnormal differentiation of
AHF/SHF progenitors and severe OFT defects. Furthermore, these
studies are consistent with a BMP-dependent signaling mechanism
involving neural crest cells that regulate AHF/SHF progenitors.

Using gain-of-function approaches in vitro and in vivo, we
showed that MSX1 promotes robust cardiomyocyte differentiation
and beating along with downregulation of FGF genes (Fig. 6).
These findings suggest that MSX1 functions between the BMP and
FGF genes to promote cardiomyocyte differentiation (Fig. 8B). In
line with this, genetic studies in mice in which Msx genes have
been shown to play an important role in the second heart field:
double knockout of Msx1/2 resulted in increased proliferation of
the second heart field niche (Chen et al., 2007). Importantly, the
expression of Msx1/2 in the mouse is seen in the ectoderm,
endoderm, mesoderm and neural crest cells, whereas in the chick
they seem to be restricted to the neural crest. How exactly Msx1
represses FGF gene expression is currently not clear. Because we
observed a sharp upregulation of CNC markers in our explants, it
could be that MSXs are induced in the FGF-expressing cells and
block their transcription directly. Alternatively, a more plausible
scenario is a non-cell autonomous loop in which BMP signaling
induces MSX expression in CNC cells, which in turn secrete
another signal(s) that suppresses FGF expression. We have tested
retinoic acid as a candidate for such a mechanisms. We found that
although retinoic acid is able reduce FGF8 RNA in vitro, it is not
sufficient to block expression of other FGF genes or to induce
cardiomyocyte differentiation by itself (data not shown).

Universal cross-regulation of the BMP and FGF
signaling pathways
Our study uncovered mutually exclusive expression patterns of
BMP and FGF synexpression groups within the AHF, presumably
acting as self-regulatory, internal negative-feedback loops in the
BMP and FGF signaling pathways, and providing another level of
regulation that could compensate for variations in interconnectivity
among them (Benazet et al., 2009). Our study on cardiogenesis,
and that of Benazet et al. on limb patterning (Benazet et al., 2009),
suggests that the crossregulation between different signaling
pathways is more robust than intra-pathway self-regulation. The
crosstalk between the BMP and FGF signaling pathways has been
widely documented in diverse biological settings (Benazet et al.,
2009; Bilican et al., 2008; Huang et al., 2009; Maatouk et al., 2009;
Pajni-Underwood et al., 2007; Weisinger et al., 2008). Moreover,
it has been shown that the BMP-FGF crosstalk regulates the
epicardial versus myocardial lineage switch at the inflow pole of
the heart although this occurs without any apparent effect on the
proliferation of these cardiac progenitors (van Wijk et al., 2009).

The signals regulating progenitor cell number and their
differentiation capacity during embryogenesis may also regulate
progenitor cell number postnatally, during normal or pathological
processes, or during in vitro cardiogenesis using embryonic stem
(ES) and induced pluripotent stem (iPS) cells. Our findings
highlight the challenges inherent in directing the differentiation of
these cells into cardiomyocytes, as manipulation of these processes
involves not only a thorough understanding of the interacting
signaling pathways, but also the ability to accurately control the
temporal order in which they are brought into play.
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Supplemental Information

Fig.  S1:  Expression  heatmap of  SDEGs  with  significantly  different  time-dependent 
expression  profiles in  AHF  versus  AHF+BMP4.  The  genes  were  divided  into  seven 
clusters according to their temporal change. The list of genes in each cluster is available in 
supplementary table 1.

Supplementary Table 1: 

Cluster 
1

Cluster 2 Cluster 3 Cluster 
4

Cluster 5 Cluster 6 Cluster 7
ATP5C1 NR2F2 CAMK2A LOC421552 GPC3 MIB1 LOC424271

SLC10A4 C1QL3 ALPI HKDC1 AHNAK2 AMN1 BAPX1

STMN2 TFAP2B KIF9 TATDN1 LOC417741 PTPN14 P20K

NOG SIX3 UNC93A TAP1 LOC417741 RCJMB04_1a24 FANCA

FZD6 GSTO1 EVPL ARHGAP1 NR0B1 LOC769727 BLNK

PADI1 LOC772356 AGR2 ZNF232 LOC418200 LIN54 LOC425213

WNT16 FCGBP FAM3B DMBT1 MSX2 XYLB LOC426312

LOC422672 SLC39A8 PDGFC LOC769120 CSRP2 RCJMB04_21a21 SOCS2

LOC422672 CCDC84 ALPK3 DPYS UPK1B RCJMB04_23i8 COL14A1

TOR1AIP1 ARSJ ADCY8 PRRX1 LOC418200 SIL1 XRCC3

ANXA1 DLL1 HOXB3 MAP3K8 VLDLR TXNDC10 ASTL

PAK1 CGNRH-I KLHL31  WISP1 UNG UPP1

B3GALNT2 ARSJ SGMS1  BMPER KIAA0319L CXCL14

LOC421075 PAX6 FGFR3  SOX14 LOC424668 SOSTDC1
LOC417056 //
/ 
LOC417083 //
/ 
LOC768350 //
/ YFV /// YFVI IQCE NAT1  SGK EPB41L3 CRABP1

MRPS25 FGF12 ADCY8  UPK1B RCJMB04_2c16 DLX1

LOC422968 RCJMB04_30k7 EMP1  BLB1 LOC425840 CHGA

AKR1D1 GSTA1 RBM20  AQP5 LOC419755 GSTA3

 PDLIM4 RCJMB04_7i20  BTG2 MYO1B COL14A1



Cluster 
1

Cluster 2 Cluster 3 Cluster 
4

Cluster 5 Cluster 6 Cluster 7
 TMTC4 ALDH1A2  PENK TMTC2 STOM

 LOC416235 BMP2  KRT15 OSBPL1A NXPH1

 ITGB3 LOC420209  PLD5 SLC25A1 LPL

 DKK1 PEX16  PSCA RCJMB04_25a7 ISLET-2

 LOC427336 TNNT2  TIMP3 CDC5L RSPO3

 KIAA0430 MYL4  HTR1E B3GNTL1 LOC423224

 LOC395159 MAPK12  LOC423451 LOC428753 PTPRZ1

 TRIM2 SNAP25  GSC LOC395452 IL15

 CTTNBP2 NINJ2  FZ-8 KCNB1 PPP1R14C

 SFRS12 ALDH1A2  HS3ST2 CADM2 LOC769486

 HMGA2 CHODL  KRT14 EGFL7 ZPLD1

 MICAL3 ASB2  LOC769149 SLC35F5 NPY

 CEPU-SE GSN  FIBIN RCJMB04_19l23 LOC417756

 GPBP1L1 KRT19  RCJMB04_17o8 ASRGL1 HPSE2

 NKTR SOD3  BETA3 KLHDC2 SPRY1

 LOC771055 RCJMB04_32a22  LOC772254 PRKACB TMEM16A

 CREB3L2 RCJMB04_2f9  LOC769860 LOC423782 MMP9

 CCDC88C ST6GALNAC1  LOC395378 LOC417372 CHD1

 CAMSAP1L1 TNNI1  RCJMB04_21l11 SEC24D CYP27C1

 THSD7A SNTB1  ERC1 LOC421307 RCJMB04_24e23

 TMTC4 RCJMB04_2f9  SMAD7 NBEAL1  

 ROCK2 LOC772080   LOC426312  

 EPRS PRPS2   PLOD1  

 SRC PNOC   FABP7  

 GCHFR BLB2   LOC770209  

 TOP2A PLSCR1     

 CDCA3 RCJMB04_1a13     

 BCLAF1 SNAP25     

 PHLDA2 MYOM2     

 LOC770004 SCTR     

 ASPM PTN     

 GET PGC     

 KCNAB1 CHODL     

 BIRC5 SRL     

 LOC417909 MAT1A     

 LOC395632 NEXN     

 JMJD1C
BVES /// 
POPDC3     

 SFRS12 ATP6V1C2     

 PITX1 RCJMB04_5p23     

 LOC424393 MB     

 IPO9 LOC421019     

 RCJMB04_1g20 PRPS2     

 AKAP8L FGFBP1     

 FST
CDH13 /// 
LOC776611     

 SNRPG KRT15     

 HIST1H1C KREMEN1     

 ZFR NEXN     

 

LOC426827 /// 
LOC770038 /// 
LOC770065 /// 
LOC776772 LOC421889     

 MYH10 FKBP1B     

 SFRS2IP LOC772190     



Cluster 
1

Cluster 2 Cluster 3 Cluster 
4

Cluster 5 Cluster 6 Cluster 7
 EIF3A LOC772190     

 LOC424393 PRPS2     

 LOC427941 DUSP26     

 AKAP12 NEXN     

 GATA3 SMYD1     

 LIN28B TPM1     

 KIF4A RPL9     

 LOC422838 TH     

 AQR TTN     

 LOC431601 CPM     

 LIN28 LOC425711     

 SMC2 VGLL1     

 LOC416348 PTN     

 LOC418421 MATN2     

 CCDC88C ACTN2     

 CENPH ANXA8L2     

 FGB SSPN     

 MIA3 SLC25A4     

 RPS25 POPDC2     

 LOC427846 HHEX     

 MLLT1 NEBL     

 LOC423325 ATP2A2     

 SLBP BIN1     

 SOX3 EPAS1     

 GINS1 APOBEC2     

 CCND1 TPM1     

 NEDD9 ADPRHL1     

 LOC419240 AHNAK2     

 DACT2 KBTBD10     

 DACT2 BAMBI     

 BMPR1B TTN     

 CYP26C1 NEBL     

 CCND1 MATN2     

 MCM2 TTC8     

 HES5 IRX4     

 VEGFA EEF1A2     

 MYCN MYL3     

 LOC419390 ANXA8L2     

 CYP26C1 HTATIP2     

 FGF3 RGS4     

 PRR5 LOC423610     

 FGF3 ADC     

 AADACL4 PROX1     

 PDGFA IRX4     

 RCJMB04_35a17 AHNAK2     

 NPM3 CD44     

 PDGFA LAD1     

 RCJMB04_1d13 POPDC2     

 IL17RD MYH7B     

 EYA2 LOC416033     

 FGF18 KERA     

 MYCN ADD3     

 FGF8 UNC45B     



Cluster 
1

Cluster 2 Cluster 3 Cluster 
4

Cluster 5 Cluster 6 Cluster 7
 FSTL4 CAP2     

 FGF19 SMYD1     

 LGMN RGS18     

 RARB LOC429077     

 RCJMB04_1f15 ASB12     

 FIGF OXCT1     

 NPM3 LECT1     

 FOXC2 MYBPC3     

 CCDC109B LOC427259     

 RELN LOC426853     

 LOC769609 LOC424460     

 CA10 CALD1     

 LOC421390 WNT3A     

 PDLIM4 RCJMB04_1c1     

 CYTL1 TRIM55     

 LRIG3 LOC770869     

 WSCD2 RCJMB04_7f20     

 HOMER2 RCJMB04_12d15     

 GBX2 BMP5     

 DUSP4 RCJMB04_2l21     

 LOC418948 HMGCLL1     

 FZD8 VCAM1     

 SLITRK4 LOC419204     

 LOC422929 LOC424271     

 SLITRK4 PTP4A1     

 LOC770922 WNT3A     

 LOC426585 LOC395524     

 EPHB1 SMPX     

 RIF1 SLC18A2     

 RCJMB04_1i4 WDR22     

 HEY1 PLA2G4A     

 SLC18A3 RCJMB04_37h11     

 ETV4 RCJMB04_2l21     

 LOC771069 LOC420768     

 RPL10A ZDHHC16     

 CPNE4 CCDC125     

 RCJMB04_28f9 LRRC6     

 BCAT1 IVD     

 LOC423952 SLC25A1     

 LOC772356 TUBA1A     

 RLX3 LOC428141     

 RCJMB04_4k14 PRICKLE1     

 SLC1A4      

 IRF1      



Fig. S2: Expression profile of gap junction proteins Connexin 43 and 45.  Expression 
profile (left) and RT-PCR results (right) of Connexin 43 and 45 showing no significant change 
between AHF and AHF+BMP cells.

Fig. S3: RT-PCR and in-situ hybridization of BMP and FGF synexpression groups 



a, RT-PCR of  BMP4 synexpression group showing upregulation in response to BMP4 b, c 
FGF molecules and the FGF synexpression group showing downregulation in AHF+BMP. d, 
in-situ hybridization of  FGF synexpression group members  SEF  and PEA3. e, schematic 
diagram of  a dorsal  view of a stage 9 embryo implanted with cells expressing HA-BMP4 
(orange  circle).  Ectopically-applied  BMP4  induced  expression  of  SIZZLED in  vivo.  The 
location of the cell aggregates is indicated by asterisk.  



Fig. S4: Qualitative mapping of the nine experimental points described in Fig. 
3B to the plane of the biologically relevant variables BMPss and FGFss 

T denotes the observed FGFss threshold for beating.

Supplementary Discussion

Detailed explanation of Fig. 3B

The experiments depicted in the matrix depicted in Fig. 3B describe the dependency 

between a phenotypic property, i.e. beating, and the activity of the FGF and BMP 

signaling  pathways.  The  rationale  behind  these  experiments  was  based  on  the 

following  hypothesis:  BMP  potentiates  cardiogenesis  (beating)  by  inhibiting  FGF 

signaling activity, therefore suppression of FGF alone is necessary and sufficient for 

cardiogenesis (beating). In this set of experiments we controlled four variables: the 

concentrations of Noggin, SU5402, ectopic FGF, and ectopic BMP. We refer to these 

as  extrinsic  variables  since  they  are  externally  controlled.  Despite  them  being 

continuous variables in reality, for clarity they are depicted as on/off variables (e.g. 

adding ectopic FGF, Noggin, or neither). The extrinsic variables were used to control 

a set  of  intrinsic  variables  which we believe to be of  biological  relevance.  In our 

system the biologically relevant variables are FGF signal strength (FGFss) and BMP 

signal  strength  (BMPss),  and  we  aim  to  define  how  beating  depends  on  these 

variables. Signal strength is defined as the amount of signaling which is transferred 

into the cell; it could be measured, in principle, by counting the number of molecules 

phosphorylated  by  the  signaling  cascade  per  unit  time.  For  example,  by  adding 

ectopic FGF (an externally controlled variable) FGFss is indirectly increased. This is 
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referred to  as  indirect  control  because the FGFss does  not  depend  only  on the 

amount of FGF ligand but also on the amount of FGF receptors (FGFR) present and 

on  various  other  factors  (such  as  presence  of  inhibitors).  Note  that  Noggin  and 

SU5402 inhibit  the BMP and FGF pathways in  different ways, but changing their 

concentrations indirectly affects the levels of BMPss and FGFss. 

Based on knowledge from the current study we address the question of how the 

experiments  depicted  above  can  be  mapped  onto  the  plane  of  the  biologically 

relevant variables (i.e. the BMPss-FGFss plane). Fig. S4 qualitatively describes such 

a mapping. Experiment 5 in which FGF and BMP levels are endogenous (where cells 

do not beat) is used as a reference state for the mapping. In experiments #1,2 and 3 

(where beating was observed) the FGFss is very low because SU5402 was added, 

and the BMPss varies according to treatment: low level for Noggin or high level for 

ectopic  BMP.  Note  that  in  experiment  #3  the  FGFss  is  similar  to  the  levels  in 

experiments #1,2.  Since adding ectopic  BMP reduced the amount of  FGF ligand 

levels, one would expect a synergetic effect of SU5402 and BMP, however this is not 

the case because SU5402 suppresses FGF signaling (downstream to the receptor), 

and the amount of BMP added could not affect the FGFss. In experiment #6 ectopic 

BMP was added, trivially causing higher levels of BMPss. However, since BMPss 

represses  the amounts  of  secreted  FGF ligand,  adding  BMP causes  an  indirect 

effect,  of  lower  FGFss;  in  fact,  it  became  sufficiently  low  so  that  beating  was 

observed. In experiments #4,7 (where no beating was observed) the BMPss was low 

because the inhibitor (Noggin) reduced the amount of bound BMP/BMPR complexes; 

in addition it indirectly caused slightly higher levels of FGFss, while in experiments 

#7,8 (no beating) adding ectopic FGF further increased the FGFss. In experiment 9 

both  ectopic  BMP and  FGF were added;  in  this  case  the ectopic  BMP strongly 

reduced the amount of FGF ligand (like in experiment #6), but this lack of ligand is 

compensated by adding ectopic FGF ligand. The result was high BMPss but only 

intermediate levels of FGFss, and no beating was observed.

Fig. S4 reflects our hypothesis, that the main factor controlling the beating property is 

the FGFss variable. The horizontal line emphasizes this issue by dividing the plane 

into  beating  and  non-beating  regions  simply  by  a  FGFss  threshold.  Using  the 

mapping from the experimental points of Fig. 3b to their relevant position in Fig. S4, 

our hypothesis seems to be consistent with the experimental observations.
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Transcriptional responses to extracellular stimuli involve tuning the rates of transcript production
and degradation. Here, we show that the time-dependent profiles of these rates can be inferred from
simultaneous measurements of precursor mRNA (pre-mRNA) and mature mRNA profiles.
Transcriptome-wide measurements demonstrate that genes with similar mRNA profiles often
exhibit marked differences in the amplitude and onset of their production rate. The latter is
characterized by a large dynamic range, with a group of genes exhibiting an unexpectedly strong
transient production overshoot, thereby accelerating their induction and, when combined with
time-dependent degradation, shaping transient responses with precise timing and amplitude.
Molecular Systems Biology 7: 529; published online 13 September 2011; doi:10.1038/msb.2011.62
Subject Categories: computational methods; RNA
Keywords: half-life; operational strategy; pre-mRNA; transcriptional response

Introduction

A major component of cellular response to changing condi-
tions is a shift of the transcriptome to a new state, which is
more adequate for facing the new environment. In eukaryotes,
this shift is governed by a highly dynamic interplay between
epigenetic, co-transcriptional and post-transcriptional pro-
cesses, which determine the temporal concentration profiles
of RNAs by controlling their production and degradation
(Orphanides and Reinberg, 2002; Garneau et al, 2007). The
most commonly used mathematical description of the
transcriptional response is expressed by the following differ-
ential equation (Gorini and Maas, 1957):

dM

dt
¼ b� aM ð1Þ

Here, M is the mRNA concentration, dM/dt is its rate of change
with respect to time t, b denotes the rate of transcript
production and a is the transcript degradation coefficient.
Response of a gene to stimulus is commonly described as an
abrupt shift of its b and/or a to new values, which then remain
constant (see Figure 1A, B, D and E). mRNA concentration
then approaches its new asymptotic value, b/a, with kinetics
determined solely by the mRNA degradation coefficient a

(Alon, 2007). Thus, a small steady-state value of a implies
slow dynamics (a long mRNA half-life, T1/2¼ln2/a) and also
supports an economically favorable low production rate
(Shalem et al, 2008; Elkon et al, 2010).

Notably, many organisms across the phylogenetic tree
exhibit rapid rise times of long-lived mRNAs, in contradiction
to this simple model. In bacteria, accelerated production can
be achieved by time-delayed negative autoregulation (Rosen-
feld et al, 2002) and in yeast through transcriptional control by
an incoherent feed-forward loop (Mangan and Alon, 2003;
Mangan et al, 2003). In mammalian systems, however, the
operational strategies which govern transcript production and
degradation profiles remain less well characterized.

Important case studies for dynamics of transcript production
and degradation are exposure to serum, pathogen components
such as lipopolysaccharide (LPS), or growth factors like the
epidermal growth factor (EGF). These stimuli initiate well-
characterized signaling cascades that culminate in orche-
strated transcriptional responses involving primary and
secondary response genes (PRGs and SRGs; Cochran et al,
1983; Lau and Nathans, 1987; Iyer et al, 1999; Amit et al, 2007;
Medzhitov and Horng, 2009). PRGs include immediate-early
genes (IEGs), whose mRNA expression often peaks during the
first hour and delayed early genes (DEGs), which mostly peak
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during the second hour and mainly comprise delayed PRGs
(Amit et al, 2007; Tullai et al, 2007; Hao and Baltimore, 2009).
While PRGs are rapidly induced by pre-existing transcription
factors, without de novo protein synthesis (Herschman, 1991;
Byun et al, 2009; Hargreaves et al, 2009; Ramirez-Carrozzi
et al, 2009; Wang et al, 2009), induction of SRGs depends upon
newly synthesized activators. Correct identification of tran-
scripts as PRG or SRG is of central importance in order to
understand the networks that govern the response to stimulus.
According to currently accepted views, IEGs primarily
comprise transcriptional regulators and are mostly encoded
by short, intron-poor and short-lived transcripts. Their rapid
induction is facilitated by permissive chromatin structures and
by swift attenuation of pre-existing negative regulators
(Hargreaves et al, 2009; Avraham et al, 2010). Expression of
IEGs is controlled by activation-dependent feedback (e.g.,
receptor endocytosis), by negative autoregulation and by
DEGs (Sassone-Corsi et al, 1988; Carballo et al, 1998; Amit
et al, 2007). The latter regulate IEGs by transcriptional
repression, destabilization of IEG transcripts or by attenuating
the signaling pathways that lead to IEG induction. Regulation
of DEGs remains less understood. The lag in their expression
has been attributed to their distinct promoter properties, and to
delays in transcription initiation and elongation (Tullai et al,
2007; Ramirez-Carrozzi et al, 2009). Intriguingly, many DEGs

encode for long-lived mRNAs, yet they are rapidly induced
(Tullai et al, 2007).

The aim of our study is to uncover and quantify the
dynamics of transcriptional responses to stimuli and to
elucidate the operational strategies that govern them. To this
end, we introduced a simple method that allows, for the
first time, genome-wide simultaneous measurement of pre-
mRNA and mRNA expression. When combined with a new
mathematical model for transcription dynamics, production
and degradation profiles (i.e., time-dependent functions)
can be reliably inferred from these measured pre-mRNA and
mRNA profiles. Our transcriptome-wide study reveals that
transcript production rates, reflected by pre-mRNA profiles,
exhibit a high dynamic range, and identifies a subset of
genes that exhibit novel relationships between transcript
production and mRNA abundance profiles. In particular,
we identify genes that exhibit pre-mRNA fold changes (FCs)
that exceed by an unexpectedly high margin those of the
associated mRNA. Indeed, such temporally confined produc-
tion overshoot is used to solve the ‘conflict’ between long
mRNA half-life and the need for rapid response. Taken
together, our findings reveal complex dynamics of both
pre-mRNA production and mRNA degradation rates, which
shape the expression profiles of mRNAs in response to
extracellular stimuli.
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Figure 1 Pre-mRNA and mRNA response profiles for stimulus-induced production and degradation changes. Different time-dependent production rates (green) and
degradation coefficients (gold) are shown in the left column. Resulting pre-mRNA (red) and mRNA (blue) profiles, obtained by numerically solving Equations (4) and (5),
are presented for mRNAs with initial half-lives of 30 and 120 min in the middle and right columns, respectively. All strategies yield a 5-fold change in the steady-state
mRNA level, pre-mRNA profiles closely mimic production, while mRNA FC profiles are delayed and may be qualitatively different. (A) Five-fold step increase of
production rate at time t¼0. A rapid increase of pre-mRNA levels is followed by slower mRNA response. Dashed black line indicates the rise time to half of the aimed
level, determined by the mRNA half-life. (B) Signal-induced 5-fold step decrease of degradation rate. Pre-mRNA levels reflect unchanged production; mRNA
accumulates now more slowly compared with (A). (C) Signal-induced transient overshoot in production rate accelerates mRNA induction, particularly for mRNAs with
long initial half-lives. (D) Five-fold step decrease in production rate at t¼0. (E) Degradation driven downregulation: response time is shorter due to reduction of the
mRNA half-life. (F) A transient overshoot in degradation accelerates response time of downregulated genes.
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Results

Inference of production and degradation profiles
requires measurement of pre-mRNA and mRNA
dynamics

Cellular response to stimuli involves time-dependent variation
of the production rate b and the degradation coefficient a of
Equation (1). Exact inference of two unknown functions (a(t)
and b(t)) from the time-dependent mRNA abundance M(t)
alone is impossible. Furthermore, the expression profiles of
transcripts with typical mRNA half-lives track very poorly the
profile b(t) of RNA production (Barenco et al, 2009; Hao and
Baltimore, 2009). Thus, independent assessments of produc-
tion or degradation rates (Fan et al, 2002; Shalem et al, 2008;
Hao and Baltimore, 2009) are necessary.

Direct measurements of a(t) and b(t) involve interference
with the system: prototypical methods induce transcription
arrest (e.g., by actinomycin D, ActD) followed by measure-
ments of mRNA decay to obtain mRNA half-lives. More
recently introduced methods involve biosynthetic tagging by
averaging the incorporation of labeled nucleotides (e.g., 4-
thiouracil, 4-sU) over a certain time interval to measure newly
synthesized RNA (Miller et al, 2011; Rabani et al, 2011;
Schwanhausser et al, 2011). When combined with measure-
ments of mRNA abundance, either method can be used to infer
production and degradation rates. Transcription arrest may
alter transcript stability and thereby the measurement may
affect the properties one wishes to measure. Methods based on
incorporation of labeled nucleotides are more promising, and
the underlying assumptions, that cellular uptake and incor-
poration of tagged nucleotides is constant over stimulus, and
that labeled transcripts are spliced, exported from the nucleus
and degraded at the same rate as their unlabeled counterparts,
may be valid. By contrast, our method involving simultaneous
and direct measurements of mRNA and pre-mRNA abundance
profiles, M(t) and P(t), is not only much simpler, but also free
of any ‘interference’ with either transcription or mRNA
degradation. Moreover, since no time interval for labeling is
required, our method allows for tracking of pre-mRNA and
mRNA profiles at high temporal resolution.

Mathematical modeling of the transcription
process

We extended the ‘minimal model’ of Equation (1) and describe
production of a particular transcript in terms of P(t) and M(t).
Dynamics of these variables are described by two coupled
linear differential equations of the form

dP

dt
¼ bðtÞ � a1PðtÞ ð2Þ

dM

dt
¼ a1PðtÞ � a2ðtÞMðtÞ ð3Þ

Here, b is the (time-dependent) production rate of pre-mRNA,
a1 denotes the conversion (splicing) coefficient of pre-mRNA
to mRNA and a2(t) represents the degradation coefficient of
mRNA. This simple model relies on the following main
assumptions:

(i) Time-dependent production rate: in principle, the produc-
tion rate of a particular transcript may depend on the
activity of various proteins (e.g., transcription factors, Pol
II and so on), and may occur monotonically or in
transcriptional bursts (Suter et al, 2011). We assume that
all these can be absorbed in an effective (gene-specific)
time-dependent production rate b(t) (Larson et al, 2011;
Suter et al, 2011). We do not introduce explicit dependence
of b on either P or M, because Pol II most likely elongates
across the distal transcription units irrespective either of
the number of polymerases recruited or of previous
rounds of transcription (Darzacq et al, 2007; Hager et al,
2009; Singh and Padgett, 2009; Wada et al, 2009; Larson
et al, 2011; Suter et al, 2011).

(ii) For most genes, the measured data can be explained and
fitted well without incorporating in the model processes
involving storage or transport of mRNA to specific cellular
compartments (e.g., export to the cytoplasm). The main
approximation introduced by this assumption is that even
though mRNA is degraded only in the cytoplasm, in our
model degradation is proportional to M(t), the total mRNA
(rather than to the cytoplasmic fraction). Since the vast
majority of the mRNA transcripts we study do localize to
the cytoplasm (data not shown) and export of newly
synthesized mRNA to the cytoplasm occurs much faster
than mRNA degradation, using a2M as the degradation
rate is a good approximation.

(iii) Degradation of pre-mRNA in the nucleus, beyond its
conversion to mRNA, is minimal. Hence, all pre-mRNA
lost (in Equation (2)) is converted and reappears as mRNA
(in Equation (3)).

(iv) The conversion coefficient a1 is independent of time and is
not affected by the stimulus.

As described below, assumptions (iii) and (iv) were confirmed
experimentally. Finally, our model conforms with the fact that
pre-mRNA splicing temporally coincides with other processing
events such as capping, RNA editing and poly(A)-tail addition
(Hirose and Manley, 1998; Orphanides and Reinberg, 2002;
Proudfoot et al, 2002).

In both quantitative PCR (qPCR) and microarray measure-
ments, the output signal for different nucleotide sequences is
characterized by different amplification and hybridization
efficiencies. Hence, these measurements yield reliably only
relative concentrations, for example, FC, measured, for each
transcript, with respect to its concentration in some reference
condition. Throughout this study, we used the pre-stimulus
state, t¼0, as our reference, and all relative concentrations
shown are the FC with respect to this reference. Hence, we
used a trivial transformation of variables to cast Equations (2)
and (3) in a form that presents the dynamics of normalized FC
variables, X̂(t)¼X(t)/X(0), where X stands for any of the
quantities P, M, b, a:

dP̂

dt
¼ a1½b̂ðtÞ � P̂ðtÞ� ð4Þ

dM̂

dt
¼ a2ð0Þ½P̂ðtÞ � â2ðtÞM̂ðtÞ� ð5Þ
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These are the actual dynamic equations we used to infer for
each transcript its normalized, time-dependent production and
degradation rates b̂(t) and â2(t). These rates were inferred (see
Materials and methods) from measurements of the corre-
sponding P̂(t) and M̂(t). Note that for fast conversion, that is,
a1b1, Equation (4) can be rewritten (using first order Taylor
expansion) as b̂(t)EP̂(tþ 1/a1), demonstrating that the
production FC profile is given, to good approximation, by
the time-shifted pre-mRNA FC.

Pre- and post-stimulus values of conversion coefficients
a1(t) were determined by direct measurements (see below in
subsection Conversion with a constant coefficient dominates
pre-mRNA outflux) while degradation coefficients a2(0) were
derived from the transcript FC profiles by optimization of the
fit to the data (see Materials and methods).

The predicted transcript responses to different
production and degradation profiles

To demonstrate the time-dependent FC of pre-mRNA and
mRNA generated by our model, we solved numerically
Equations (4) and (5) for different time-varying forms of
transcript production b̂(t) and degradation â2(t). We find that
the temporal pre-mRNA profile closely resembles the time-
dependent transcript production rate b̂(t) for both upregulated
and downregulated transcripts (Figure 1).

In contrast, the profile of mRNA is affected also by
degradation and exhibits much slower kinetics, particularly
for mRNAs with long half-lives (Elkon et al, 2010). In terms
of end point steady-state levels, a 5-fold increase in production
(Figure 1A) is equivalent to a 5-fold reduction in degrada-
tion (Figure 1B). However, the response time, that is, the
time until half the end point change is reached, is much longer
in the latter case. Our simulations of upregulation also
demonstrate that a simple step to new production or
degradation rates cannot generate the rapid dynamics of
transcriptional responses that were in fact observed across a
series of experimental conditions (Iyer et al, 1999; Amit
et al, 2007, 2009), especially for medium to long-lived mRNAs.
In contrast, as seen in Figure 1C, marked acceleration of the
response of even long-lived mRNAs can be achieved by a
strategy of production overshoot (defined as a transient
increase of the pre-mRNA FC to values that exceed at
least twice the maximal mRNA FC). Thus, unlike the
response time to simple step changes in b and/or a2, which
is governed by a2 alone (Alon, 2007; Shalem et al, 2008; Elkon
et al, 2010), our results emphasize the importance of
short pulses of production to achieve rapid transcriptional
induction.

Simulations of responses to different strategies that lead to
downregulation are shown in Figure 1D–F. In order to
accelerate downregulation, cells have to transiently increase
degradation rates; otherwise even complete arrest of produc-
tion will result in decay at a rate not faster than the initial half-
life of the transcript.

Another point to note is the insensitivity of the mRNA
profiles to the precise value of the conversion coefficient a1.
The reason is that typically conversion times are much shorter
than mRNA half-lives (Supplementary Figure S1A).

Measuring pre-mRNA and mRNA expression using
intronic and exonic probe sets

As a model system for studying strategies of mammalian
transcriptional responses to extracellular signals, we used the
human mammary epithelial MCF10A cell line. Within 8 h of
stimulation with EGF, MCF10A cells develop a migratory and
invasive phenotype that requires de novo transcription of pro-
migratory genes (Amit et al, 2007; Katz et al, 2007).
Importantly, under our experimental conditions MCF10A cells
remain viable for over 10 days, but do not proliferate, thus
precluding the confounding effect of mRNA dilution due to cell
division (see Materials and methods).

We extracted total RNA from biological triplicates at 7 time
points following stimulation, hybridized these samples to 21
Affymetrix GeneChip Human Exon 1.0 ST Arrays, and
measured, for the first time, transcriptome-wide dynamics of
mRNA and pre-mRNA. The key to this advance was using
signals from exonic and intronic probe sets (PS), both present
on these arrays (Figure 2A). Owing to the instantaneous
degradation of introns that were spliced out of pre-mRNA
(Singh and Padgett, 2009), the signal of intronic PS reflects the
amount of the respective pre-mRNA (validated for example for
the VCL gene by comparing Figures 2D and 3C). Exons, on the
other hand, are common to both pre-mRNA and mature
mRNA. Because mature mRNA abundance vastly exceeds that
of pre-mRNA (the ratio of their steady-state levels equals the
ratio of their half-lives), the signals of exonic PS are dominated
by mRNA.

We classified each PS as interrogating exons or introns, by
combining annotation-based criteria with constraints on
signal quality and intensity (see Supplementary information).
Properly weighted intronic readings were used to assess, at
each time point, the gene-level pre-mRNA expression, while
gene-level mRNA expression levels were computed by
combining signals from the gene’s exonic PS. Of note, our
strategy of using signals from intronic PS to measure changes
in pre-mRNA expression may be applicable to most multi-
cellular organisms: Analysis of the number of intron-contain-
ing genes and the size of their introns revealed that the
majority of genes, from C. elegans to human, contain introns
that are large enough to be interrogated by one or more PS
(Supplementary Figure S2). The main limitation in this
methodology may reside in (i) the paucity of intronic PS in
existing microarray platforms and (ii) difficulty to detect gene-
level intronic FC above noise level in less abundant transcripts.
Analysis of three biological replicates of each time point
permitted us to reliably detect gene-level exonic FC for about
8000 genes. In nearly half of those, a sufficient number of
intronic PS (see Materials and methods) were present and
exhibited a signal clearly exceeding noise level, thus allowing
definition of gene-level intronic FC values (see Supplementary
information and Supplementary Figure S3).

Genome-wide time-dependent pre-mRNA and
mRNA transcriptional responses to EGF
stimulation

By measuring the FC of pre-mRNAs (introns) and mRNAs
(exons) at 7 time points, we identified 441 transcriptionally
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Figure 2 EGF induces distinct transcriptional dynamics of pre-mRNAs and mRNAs in MCF10A cells. (A) Experimental outline: MCF10A mammary epithelial cells were
stimulated with EGF for the indicated intervals and RNA was hybridized to Affymetrix Exon Arrays. Annotation and signal intensity-based filtering was performed to define probe
sets (PS) interrogating exons (blue marks) and introns (red). Fold changes (FCs) of intronic and exonic PS were weighed separately to define the pre-mRNA and mRNA FC for
each gene. (B) Pre-mRNA and mRNA profiles of 441 transcriptionally induced genes. The left (right) heatmap displays mRNA (pre-mRNA) expression, as defined by the gene-
level exon (intron) FC profiles; genes are grouped according to the peak time of their mRNA expression and within each such group ordered according to the peak time of their pre-
mRNA FC. Finally, within each subgroup the transcripts were ordered according to the correlation between the pre-mRNA and mRNA profiles (rightmost panel). The order of
genes is the same in both heatmaps. Note that the log-transformed expression values of each row were centered and normalized (separately for pre-mRNA and mRNA, owing to
their different dynamic range). Hence, the log-FC values at t¼0 are not uniformly 0. Green lines on the bar on the left indicate genes with production overshoot (i.e., the maximal
FC of intronic PS exceeded that of exonic PS by42-fold). Genes chosen for detailed validation (Figure 3) are indicated. (C) Scatter plots comparing gene-level intron (pre-mRNA)
and exon (mRNA) FC during EGF stimulation. Genes with mRNA FCp1.5 over the whole time course (grey dots), transcriptionally induced genes with production overshoot
(green dots) or without (red dots) are shown. Note the similarity of mRNA FC of overshooting and non-overshooting genes. (D) Space-time description of probe-level FC of an
overshooting gene. Upper panel: Genomic organization of the vinculin (VCL) gene (122 kb). Arrow length corresponds to 50 kb. Positions of exonic (blue) and intronic (red) PS are
indicated. Lower panels: FC (log2 scale) of each PS with respect to its baseline value is shown for the time course outlined in (A). Only PS with present calls in all replicates of the
respective time points compared are shown. Error bars (in gold) represent standard deviations. Note that intronic and exonic PS display different behavior and dynamic range.
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induced genes (with maximum FC exceeding 2.1 for pre-
mRNA and 1.5 for mRNA, see Supplementary information for
choice of cutoffs). Figure 2B displays the time-dependent FC
profiles of these genes. Genes were first grouped according to
the peak time of their mRNA FC; members of each group were
then internally ordered according to the peak time of their

pre-mRNA. Finally, each subgroup of transcripts that shared
both mRNA and pre-mRNA peak times was sorted by the
correlation between the two profiles (see right bar on Figure 2B
and Supplementary information). As expected, the onset and
peak expression time of introns typically preceded that of
exons (Figure 2B; Supplementary Figure S1B–E). Surprisingly,
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Figure 3 Genes with distinct mRNA expression profiles exhibit production overshoot. Real-time quantitative PCR (qPCR) measurements of expression FC profiles of
selected genes with production overshoot (A–F) or no production overshoot (G, H), in a high-resolution time course following stimulation of MCF10A cells with EGF.
Dots represent averages of technical triplicates, solid lines represent best fit (see Supplementary information) of pre-mRNA (red) and mature mRNA (blue). Production
profiles (green lines) and degradation (gold) were inferred from these measurements. Half-lives (t1/2) of pre-mRNAs were measured as described in the text, whereas
those of mRNA were estimated from fit to the data (see Materials and methods).
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most genes exhibited markedly different temporal profiles of
mRNA and pre-mRNA expression (Figure 2B, right bar). For
instance, the mRNA of LAMC2 peaked 8 h after EGF stimula-
tion, while its pre-mRNA had reached its maximum FC already
after 20 to 30 min (Figures 2B and 3E). Strikingly, genes with
similar peak times of mRNA expression exhibited clearly
distinct pre-mRNA dynamics. Intuitively, genes with similar
pre-mRNA profiles would be more likely to share common cis-
regulatory elements compared with genes exhibiting similar
mRNA profiles. Our analyses of genes sharing either similar
pre-mRNA or mRNA profiles, however, did not reveal a
significant enrichment in known transcription factor-binding
DNA sequence motifs (data not shown). Importantly, by
20 min after EGF stimulus, pre-mRNA levels of most upregu-
lated mRNAs had already increased (see heatmaps in
Figure 2B), suggesting that the initial regulation of these genes
occurs via the primary transcriptional response, whereas the
amplitude and duration of induction of these genes may be
differentially shaped by newly synthesized transcriptional and
post-transcriptional regulators.

Complementary time-dependent amplitude information
revealed that most of the induced genes exhibited much
higher and narrower peaks of pre-mRNA FC compared with
mRNA FC (Figures 2C and 3). Whereas the early FC of many
pre-mRNAs tremendously exceeded that of their respective
mRNAs, their FCs at later time points were comparable. In
particular, the peak pre-mRNA FC of 18% (79/441) of the
induced genes exceeded the peak FC of their corresponding
mRNAs by 42-fold (green lines on the bar in Figure 2B and
green dots in Figure 2C). We refer to these as genes exhibiting
production overshoot. The role of a brief pulse of production
which significantly exceeds the eventual mRNA FC is to
accelerate the rise of mRNA abundance and thereby shorten
response time. Production overshoot is the strategy of choice
to overcome the ‘dynamic barrier’ imposed by long mRNA life
times on the ‘classical’ step rise in production described above
(Figure 1A). Production overshoot is not synonymous (see
Figure 2C) to having either higher long-time mRNA FC or to a
transient peak of mRNA abundance.

Genes exhibiting production overshoot are
mostly PRGs

Production overshoot was typically found in genes exhibiting
significantly earlier onset and peak of production, as well as
earlier mRNA peak time compared with genes without
overshooting introns. For example, within the first 40 min of
EGF stimulation pre-mRNA levels had increased by 42-fold in
96% of the overshooting versus 45% of the non-overshooting
genes (Supplementary Figure S1B–E). Such rapid kinetic
characteristics identify genes with production overshoot as
PRGs. To examine this notion, we considered a data set of 98
genes identified as PRGs in glioblastoma cells stimulated with
the platelet-derived growth factor in the presence of cyclohex-
imide (Tullai et al, 2007). Thirteen (13%) of these PRGs were
also transcriptionally induced by EGF in our MCF10A cells.
Nine out of these thirteen PRGs (69%) exhibited production
overshoot in MCF10A cells indicating highly significant over-
lap (Po4.0E�06, hypergeometric test). Functional annotation

analysis (Huang da et al, 2009) of the overshooting genes
revealed their significant enrichment by functional categories
associated with cell adhesion and motility (Supplementary
File 1).

A typical example of production overshoot is shown in
Figure 2D for the vinculin (VCL) gene, which encodes for a
tension sensor localized to focal adhesions. Here, EGF
stimulation leads to a transient, 16-FC in expression of intronic
PS, reached 40–60 min after stimulation and rapidly fading
thereafter. In contrast, exonic PS display delayed and much
more subtle changes, exhibiting a peak FC of 2 between 120
and 240 min followed by a slow decrease. Note that in large
genes such as VCL (122 kb) or ITGA2 (105 kb, Supplementary
Figure S4), the space-time dependence of intronic PS reflects
the propagation of the initial wave of polymerases sweeping
along the gene (Singh and Padgett, 2009; Wada et al, 2009;
Figure 2D).

Inferring transcript production and degradation
dynamics from pre-mRNA and mRNA profiles

To obtain time-dependent transcript production and mRNA
degradation rates, we measured pre-mRNA and mRNA
expression profiles by qPCR (see Materials and methods and
Supplementary Figure S5) in a frequently sampled time course
experiment. We selected 12 upregulated genes (indicated in
Figure 2B), 9 with production overshoot and, for comparison,
3 without production overshoot. Additionally, we profiled
MYC as well as three dramatically induced IEGs: HBEGF,
NR4A1 and PTGS2 (IEGs would otherwise have been under-
represented in our analyses due to lack of a sufficient number
of intronic PS, see Materials and methods). Results for
downregulated genes are described later (Figure 4).

Overshooting pre-mRNA levels occurred in genes with
diverse mRNA profiles, such as exhibiting transient or
sustained induction, high or low level fold change, and early
or late peaks (Figure 3; Supplementary Figure S5). Genes, for
which exon arrays did not reveal an overshoot in intron
profiles, did not exhibit overshoot in qPCR measurements
either (Figure 3G and H; Supplementary Figure S5), validating
the array results. Transcript production and degradation
dynamics (Figure 3, b̂(t) and â2(t) are shown in green and
gold curves, respectively) were inferred from measured pre-
mRNA and mRNA time courses (as described in Materials and
methods).

Importantly, these functions were obtained without any
interference with the transcriptional response.

In an independent experiment, we measured the values of
the pre-mRNA conversion coefficient a1, in the pre-stimulus
steady state as well as following stimulation, using transcrip-
tion arrest during short temporal intervals (see below,
Supplementary Figure S6A). These values were found to
be highly similar across all transcripts analyzed. Since the
relevant time scale of conversion is a few minutes, the
problems associated with the severe disruption of the cells
(caused by transcription arrest) have not yet taken effect and
the results are reliable. By contrast, the pre-stimulus mRNA
degradation coefficients a2(0) could reliably be determined
without transcription arrest, by fitting our data (see Materials
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and methods), and exhibited wide variation between tran-
scripts. Analysis of the statistical error of the inferred profiles
(described in Supplementary information) shows that the
observed temporal variations are statistically significant.

Profiles shown in Figure 3 reveal that the overshoot in pre-
mRNA levels reflects an overshoot in the production rate. In
contrast to pre-mRNA levels, mRNA levels often peaked while
production had already decreased much below its peak level,
or even returned to its initial level (e.g., see NR4A1 and VCL in
Figure 3B and C). Some of the genes also exhibited a second,
albeit much smaller, peak of production (e.g., TUFT1 in
Figure 3D and CD55 in Supplementary Figure S5).

mRNA degradation coefficients of several genes also
exhibited non-monotonic behavior, including stabilization at
long times (e.g., AREG and HBEGF; Figure 3G and H),
demonstrating that cells delicately balance degradation with
time-varying production to establish the desired temporal
mRNA profiles. The inferred EGF-induced changes of mRNA
stability at long times were qualitatively confirmed by

experiments employing transcription arrest (Supplementary
Figure S6B). The inferred (slightly o2-fold) stabilization in
AREG and HBEGF (see Figure 3G and H) was confirmed, while
the actual measured degradation times were significantly
longer than the ones inferred without transcription arrest (pre-
stimulus for AREG 69 versus 26 min, for HBEGF 28 versus
18 min), indicating the extent to which such methods are
comparable.

Downregulated genes

An important aspect of transcriptional response involves
downregulation of many transcripts. Due to the typically long
mRNA half-lives, the timing of transcript production shut-
down is hard to determine from mRNA data. We identified 364
downregulated genes characterized by exon FCo0.7 and/or
intron FCo0.5. Time-dependent mRNA and pre-mRNA
temporal profiles of these genes emphasize again the mis-
match between mRNA and production profiles (Figure 4A).
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Transcription dynamics of six genes, measured at high
temporal resolution (Figure 4B), revealed non-trivial produc-
tion dynamics, mostly involving pronounced early shut-down
followed by partial restoration of production. Importantly, in
our experimental system, mRNA downregulation always
involved a decrease of production (versus relying on mRNA
degradation only, e.g., Figure 1F).

Conversion with a constant coefficient dominates
pre-mRNA outflux

Inference of production and degradation profiles from our
model was derived assuming that the pre-mRNA to mRNA
conversion coefficient a1 does not vary with time. An
alternative scenario, of conversion slowing down (due to
either saturation of the pre-mRNA processing machinery (Patel
et al, 2002; Pessa et al, 2006; Singh and Padgett, 2009) or to

prolonged nuclear retention of incompletely processed tran-
scripts (Prasanth et al, 2005)), could lead to pile-up of pre-
mRNA and interfere with correct estimation of production
rates. To exclude this possibility, we directly calculated the pre-
mRNA conversion coefficients (a1) from measurements of pre-
mRNA decay following transcription arrest. This was done for
both unstimulated MCF10A cells and EGF-stimulated cells,
yielding very similar decay rates of pre-mRNA under the two
conditions (Figure 5A; Supplementary Figure S6A), confirm-
ing our modeling assumptions: indeed, a1 remains unchanged
over a large range of pre-mRNA concentrations.

Another explicit assumption of our model is that the half-life
of pre-mRNA is mainly determined by conversion to mRNA,
rather than by degradation. Conceivably, a significant level of
pre-mRNA degradation by the nuclear RNAi machinery, that
changes in the course of the stimulus (Bousquet-Antonelli
et al, 2000; Hargreaves et al, 2009; Guang et al, 2010), could
also contribute to the increased pre-mRNA levels, which we
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attributed to sharply increased production. Because for most
genes the ratio of pre-mRNA to mRNA is very low—even close
to the peak of pre-mRNA—assessing the quantitative impact of
pre-mRNA degradative processes is quite challenging. To
accomplish this, we analyzed two highly induced genes
(PTGS2 and NR4A1), both exhibiting overshooting pre-mRNA.
We arrested transcription near the point of maximum pre-
mRNA accumulation (at which the pre-mRNA to mRNA ratio
was high enough), and measured pre-mRNA, mRNA and exon
FCs by qPCR. Since the copy number of exons is preserved by
pre-mRNA conversion, but not preserved when pre-mRNA is
degraded, loss of exons would be indicative of non-negligible
pre-mRNA degradation. We found that conversion was the
predominant process of pre-mRNA depletion; the rapid decay
of pre-mRNA was accompanied by nearly constant exon
abundance and an increase of mRNA (Figure 5B).

Production overshoot accelerates the induction of
mRNAs

Our results demonstrate that the production dynamics of many
induced genes do not exhibit a simple step increase
(Figure 1A); rather, production overshoot is the strategy of
choice (Figure 1C) and is most likely employed in order to
accelerate mRNA response. Therefore, we compared the
temporal profiles of mRNAs of induced transcripts with and
without pre-mRNA overshoot. To eliminate the confounding
effect of mRNA half-life, we first grouped genes into sets of
similar half-lives, and then compared the dynamics of
transcripts within each set. mRNA half-life was estimated for
all induced genes using the fitting procedure as described in
Materials and methods.

Beyond revealing the expected faster response and earlier
peak times for short-lived versus long-lived mRNAs (Shalem
et al, 2008; Hao and Baltimore, 2009; Elkon et al, 2010), our
analyses demonstrated clearly shorter response times for
genes exhibiting production overshoot across the entire range
of mRNA half-lives (Figure 6). Similar results were obtained,
when information on mRNA half-lives from another data
source, which employed biosynthetic labeling (genomic
run-on) methods to calculate mRNA half-lives in different cell
lines, was used (Friedel et al, 2009; Supplementary Figure S7).

Production overshoot is a generic operational
strategy enabling accelerated response

To evaluate the generality of production overshoot in
transcriptional responses, we studied two additional very
disparate cell types subjected to different types of stimuli,
namely LPS-stimulated murine bone marrow-derived primary
dendritic cells (DCs), and human embryonic stem cells
(hESCs) exposed to retinoic acid (RA). Binding of LPS to
Toll-like receptor-4 at the plasma membrane instigates
signaling cascades that culminate in the activation of
transcription factors such as NFkB, which induce an inflam-
matory response and maturation of DCs (Medzhitov and
Horng, 2009; Supplementary Figure S8A). By contrast, RA
diffuses through the cell membrane and forms a transcription
regulatory complex with the RA receptor, which promotes

hESC differentiation toward ectodermal (i.e., neuronal) fates
within several days (Supplementary Figure S8B; Boyer et al,
2005).

In both systems, the temporal profiles of pre-mRNAs and
mRNAs during the very initial phase of the transcriptional
response to stimulation revealed transcripts exhibiting pro-
duction overshoot, along with several known changes in
mRNA stability accompanying transcriptional induction (Hao
and Baltimore, 2009; Figure 7; Supplementary Figure S9). The
observed occurrence of production overshoot in the three very
different stimulated systems described herein demonstrates
that this operational strategy is a general characteristic of
mammalian transcriptional responses to extracellular cues.

Discussion

Transcriptional responses of cells to external signals involve
orchestrated changes in transcript production and degradation
rates. These changes are often assumed to be simple shifts of
production and degradation to new constant values. By
combining mathematical modeling with measured temporal
profiles of pre-mRNA and mRNA abundance in response to
extracellular stimuli, we obtained, with unprecedented resolu-
tion, the time-dependent behavior of the processes that control
transcript induction, that is, production and degradation. We
discovered and quantified a most prominent feature of the pre-
mRNA profiles of many genes, reflecting a transient pulse of
production of previously unanticipated high dynamic range.
Thus, production FC can exhibit a large overshoot over
eventual mRNA FC. Moreover, genes with similar mRNA peak
times exhibit a wide variation in production peak times,
suggesting that the expression of such genes may be governed
by different regulatory elements. Most EGF-induced genes
initiate their production within the first hour after stimulation
(Supplementary Figure S1B and C, blue curves). Two recently
published studies addressed related issues. The first used
global run-on and sequencing (Gro-seq) in a breast cancer cell
line after estradiol stimulation (Hah et al, 2011), while the
second used pulse labeling by 4sU in LPS-stimulated DCs.
In agreement with our results, the first study reported that a
large fraction of the transcriptional response was executed very
rapidly, while the ensuing change of mRNA abundance was
delayed by intervals that varied between 1 and 3 h. In contrast,
the second study reported that changes in total mRNA lagged
behind the corresponding changes in newly synthesized RNA
by a fairly uniform interval of 15–30 min (Rabani et al, 2011).

Beyond production, the temporal profiles of mRNA induc-
tion are shaped also by degradation (Barenco et al, 2009; Hao
and Baltimore, 2009). Our quantitative assessment properly
weighs the relative contributions of production and degrada-
tion to the dynamics of transcriptional responses.

Production overshoot is instrumental, together with time-
dependent degradation, in shaping precisely transient expres-
sion profiles, to bring a transcript to the right level at the right
time and for the right duration. We found that most genes
exhibiting production overshoot are bona fide PRGs and are
enriched by executors of the phenotypic response to stimula-
tion. These genes encode for relatively long-lived mRNAs,
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whose levels may be maintained at an economically favorable
low production rate in the absence of stimuli.

Whether the overshoot is a digital all-or-none phenomenon,
tuned only by the fraction of cells responding to stimulation
(Podtschaske et al, 2007) or by the duration of production
(Lahav et al, 2004; Suter et al, 2011), is an open question.
Alternatively, it may comprise a graded transcriptional
response in individual cells, demonstrated, for example, by
independent NFkB binding to adjacent regulatory sites
(Giorgetti et al, 2010). The underlying molecular mechanisms
may also include cooperative action of transcription factors,
regulation of the number of polymerases traveling across the
gene, and regulation of polymerase processivity (Baugh et al,
2009; Wada et al, 2009). The very rapid offset kinetics of
overshooting pre-mRNA production, which often precedes
significant changes in mRNA abundance, suggests that if cells
use feedback to induce this decrease, its mechanism likely

relies on sensing the levels of pre-mRNA or nuclear mRNA,
rather than of cytoplasmic mRNA or protein. An attractive and
likely alternative to feedback is a mechanism of ‘prewired
control’—production is designed to have a transient pulse-like
profile. In different cellular model systems, we found that
different genes exhibit production overshoot at different times,
suggesting that the molecular mechanisms governing produc-
tion overshoot may be gene and context dependent, and will
require additional studies. Our findings are an essential
prerequisite for such studies.

We believe that our demonstration of how similar mRNA
profiles can be generated by very different production profiles
constitutes an important conceptual advance. The insights
gained by our modeling approach and experiments provide a
consistent framework toward quantitative elucidation of
operational and molecular strategies used by cells to regulate
transcriptional responses to extracellular signals.
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Materials and methods

Cell culture and stimulation

MCF10A cells were cultured as described in Katz et al (2007) and
stimulated with EGF (20 ng/ml) for the indicated intervals. Bone
marrow-derived murine DCs from C57BL/6 mice were prepared as
previously described (Amit et al, 2009) and stimulated with LPS
(100 ng/ml). H9 human ESCs were cultured as described in Supple-
mentary information and stimulated with all-trans RA (1 mM). For RNA
decay experiments, ActD was used as indicated to arrest transcription.

RNA isolation and microarray hybridization

RNAwas isolated using the PerfectPure RNA Cultured Cell Kit (5 Prime,
Hamburg, Germany) including DNAse 1 digestion and rRNA depleted.

Samples were processed as recommended by the microarray manu-
facturer and hybridized to Affymetrix GeneChip Human Exon 1.0 ST
arrays. Microarray data are deposited in Gene Expression Omnibus
(accession number GSE24391).

Real-time qPCR

For qPCR of pre-mRNA and mRNA, respectively, forward primers were
positioned in the second intron and exon, respectively, and a shared
reverse primer was positioned in the third constitutive exon. For
amplification of exon mRNA, primer pairs were positioned in the third
exon. All qPCRs were performed using Power SYBR Green PCR Master
Mix (Applied Biosystems, Foster City, CA) on a 7900HT Fast Real Time
PCR System platform (Applied Biosystems) along with non-template
controls, melt curve analysis and cDNA dilution series. Detailed
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methods and curve fitting are described in Supplementary information
and primer sequences are listed in Supplementary File 1.

Microarray data analyses

Affymetrix Expression Console (parameters: Annotation confidence—
full, Summarization method—iterPLIER include DABG, Background—
PM-GCBG, Normalization method—none) was used, followed by
normalization of all arrays together using a Lowess multi-array
algorithm and signal-dependent noise estimation, as described in
Zeisel et al (2010). Annotation and signal-based information was used
to define exonic and intronic PS. Intronic and exonic PS were used to
calculate the gene-level FC of pre-mRNAs and mRNAs. A detailed
description of microarray data processing is given in Supplementary
information and Supplementary Figures S3 and S10.

Inference of transcript production and degradation
profiles

Pre-mRNA, mRNA and exon FC were measured for selected genes
using qPCR at up to 27 time points. For all measurements, the average
of three technical replicates was plotted versus time. In order to infer
the production profile, we used Equation (4). A particular 5-parameter
functional form P̂fit (t) (see Supplementary information) was used and
the parameters were determined by best fit to the data. The value of the
pre-mRNA conversion coefficient was determined for each transcript
(see Figure 5A and Supplementary Figure S6A). The time derivative of
the fitted function was taken (analytically) and Equation (4) was
inverted to yield an analytic form of the production profile,

b̂ðtÞ ¼ 1

a1

dP̂fit

dt
þ P̂fit

Next, for each gene, the pre-stimulus mRNA degradation rate a2(0) and
degradation profile â2(t) were inferred in a nested iterative procedure.
A particular 7-parameter form was assumed for this function (see
Supplementary information). The main iterative procedure is the
following: start with an initial guess â2(t)¼1, optimize (as described
below) the pre-stimulus coefficient to get a2

(1)(0); using this value,
optimize the degradation profile to get a new â2(t), optimize again
a2(0) to obtain the next optimal a2(0) and iterate until convergence.

We describe here the optimization procedure for the case of fixed
a2(0). We took an initial guess â2

(0)(t), substituted it for â2(t) in the right
hand side of Equation (5), together with the analytic fitted function
P̂fit(t). Next, we integrated Equation (5) numerically to yield an
approximate M̂(0) (t). The least squares deviation of this function from
the measured data was calculated, and new values for the parameters
were set to define â2

(1)(t). The process was iterated until convergence to
a function â2(t) that gave the best fit to the measured M̂(t). A similar
iterative process was used to optimize the pre-stimulus degradation
coefficient for a given degradation profile (â2(t)).

The error of the inferred functions, estimated on the basis of the
qPCR measurement noise, is explained in Supplementary information
and presented, for a single transcript, NR4A1, in Supplementary Figure
S11.

Functions used for fit

The functions used to fit the pre-mRNA and degradation FC profiles,
P̂fit (t) and â2(t) are described in detail in Supplementary information.

Supplementary information

Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
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1 Supplementary Information

1.1 Cell culture

The non-transformed human mammary epithelial MCF10A cell line was obtained from ATCC (Manas-

sas, Virginia, USA) and maintained in full medium composed of 1:1 DMEM:F12(HAM), 10 µg/ml insulin,

100IU/0.1mg per ml Penicillin/Streptomycin (all from Biological Industries, Beit Haemek, Israel), 0.5 µg/ml

hydrocortisone (Calbiochem, La Jolla, CA, USA), 5% heat-inactivated horse serum (ATCC), 0.1 µg/ml cholera

toxin and 10 ng/ml EGF (all from Sigma-Aldrich, Rehovot, Israel). For experiments, subconfluent, low pas-

sage MCF10A cells were harvested by careful trypsinization, washed, and plated for 24 hours in full medium

without EGF. Cells were then starved for 24 hours in DMEM:F12(HAM) containing 0.9% horse serum and

antibiotics, followed by stimulation with EGF (20 ng/ml final concentration) for the indicated intervals. All

time course experiments involving MCF10A cells were repeated thrice in independent experiments. For iso-

lation of naive murine dendritic cells (DCs), bone marrow mononuclear cells were harvested from femora and

tibiae of 6 week-old female C57BL/6 mice and enriched by lysis of erythrocytes. Mononuclear cells were grown
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on non-adherent plastic Petri dishes for 10 days in RPMI medium (GIBCO, Carlsbad, CA) supplemented with

10% FBS (HyClone), 1% L-glutamine, 1% MEM non-essential amino acids, 1% sodium pyruvate, 1% peni-

cillin/streptomycin (all from Biological Industries), 2-beta-mercaptoethanol (50µM, Merck), and GM-CSF

(15 ng/ml; Preprotech, Rocky Hill, NJ, USA). Floating cells were transferred to new petri dishes on day

6, resulting in a primary dendritic cell culture (>80% purity, Supplementary Figure S8). For stimulation,

LPS (from Sigma-Aldrich) was added to a final concentration of 100 ng/ml for the indicated intervals. Data

shown represent the results of technical triplicate measurements from a single experiment. Maturation of

CD11c+ DCs was verified by flow cytometric analysis staining for CD40, 0 and 24 hours after LPS stimulation

(Supplementary Figure S8A). All animals were maintained under specific pathogenfree conditions and were

handled according to protocols approved by the Weizmann Institute Animal Care Committee in compliance

with international guidelines. Human embryonic stem cells (hESCs; line H9) were kindly provided by Prof. J.

Itskovitz (Technion Israel Institute of Technology). Cells were grown on feeder layers of irradiated mouse em-

bryonic fibroblasts and maintained in DMEM:F12(HAM) (Biological Industries) hESC media containing 15%

Knockout Serum Replacement, 1% Penicillin-Streptomycin-Glutamine, 1% MEM-Non Essential Amino Acids,

0.2% 2-mercaptoethanol (all from Gibco) and 8ng/ml bFGF (Preprotech). For experiments, hESCs (passage

51) were harvested using 0.1% collagenase (Gibco), transferred to dishes coated with (1:20X) GF-reduced Ma-

trigel (BD Biosciences) in hESC media supplemented 1:1 with conditioned medium (i.e., medium which had

been used for 24h to grow irradiated mouse embryonic fibroblasts). Following 2 days in culture, the medium

was replaced with hESC medium lacking bFGF, with or without all-trans retinoic acid (RA; Sigma-Aldrich,

final concentration 1µM) for the indicated intervals. Data shown represent the results of technical triplicate

measurements from one experiment that was repeated independently.

1.2 RNA isolation and microarray hybridization

Total RNA was isolated using the PerfectPure RNA Cultured Cell Kit (5 Prime, Hamburg, Germany) in-

cluding DNAse 1 digestion according to the manufacturer’s instructions. RNA integrity, content and purity

were assessed by agarose gel electrophoresis and spectrophotometrically (Nanodrop ND-1000, Wilmington,

Delaware), respectively. For oligonucleotide microarray hybridization, 1.0 µg total RNA from MCF10A cells

stimulated with EGF for 0, 20, 40, 60, 120, 240 or 480 minutes (3 separate biological replicates of each time

point) were rRNA depleted (RiboMinus Human/Mouse Transcriptome Isolation Kit, Invitrogen) and RNA

integrity confirmed using a Bioanalyzer (2100 Bioanalyzer, Agilent, Palo Alto, CA). Subsequent steps of sense

strand cDNA synthesis using the fragmentation and biotin labeling were performed using reagents provided

by the array manufacturer and samples were hybridized to Affymetrix GeneChip Human Exon 1.0 ST arrays

(Affymetrix, Santa Clara, CA, USA). Microarray data are deposited in Gene Expression Omnibus (accession

number GSE24391).

1.3 Real-time quantitative PCR (qPCR)

Sequence information from the UCSC genome browser (http://genome.ucsc.edu) was used to set up reactions

for pre- and mature mRNA amplification employing forward primers in the second intron and exon (or further

downstream if mandated by sequence constraints), respectively, and a shared reverse primer positioned in the
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third constitutive exon of expressed transcripts. This primer design ensures similar reaction conditions and

detection of pre-mRNA production close to the time of its onset, whilst enabling preferential amplification

of processively elongating transcripts (Singh & Padgett, 2009; Wada et al, 2009). For estimation of the

pre- to mature RNA ratio, additional pairs amplifying the third constitutive exon (or a further downstream

exon) were designed. The general primer design strategy is shown in Supplementary Figure S5A. Primer3

(http://fokker.wi.mit.edu/primer3/input.htm) was used for designing primers. Primer pairs were checked for

their specificity in silico (http://genome.ucsc.edu) and primer sequences are listed in Supplementary Table 1.

For qPCR, 2µg RNA (for stimulation experiments) or 10µl of isolated RNA (for RNA decay experiments) were

reverse transcribed using random primers and the High-Capacity cDNA Reverse Transcription Kit (Applied

Biosystems, Foster City, CA). qPCR reactions were run in a 2-step cycling protocol (initial denaturation at

95C for 10 minutes, then 40 cycles of 95C for 15 seconds and 60C for 1 minute, followed by acquisition of

dissociation curves) using Power SYBR Green PCR Master Mix (Applied Biosystems) on a 384-well 7900HT

Fast Real Time PCR System platform (Applied Biosystems). Every reaction included all time points for all

analyzed transcript species of the same gene on the same plate, along with non-template controls, melt curve

analysis to ensure the uniqueness of amplification products, and cDNA dilution series to calculate the efficacy

of primers. Primer efficacy was calculated and only primer pairs with an efficacy >0.9 were used. No RT

controls were performed to exclude DNA contamination. Human glyceraldehyde-3-phosphate dehydrogenase

(GAPDH, MCF10A cells), mouse GAPDH (DCs) or TATA box binding protein (TBP, hESCs) were used as

endogenous controls for normalization in stimulation experiments. All data shown are mean fold changes (and

additional standard deviations in Supplementary Figures S5B, S8, and S9) from technical triplicates calculated

using the comparative Ct method (Pfaffl, 2001; Schmittgen & Livak, 2008).

1.4 RNA decay experiments

For short-term pre-mRNA decay experiments (including those also measuring exons and mature mRNA),

Actinomycin D (ActD, from Sigma-Aldrich) was added to unstimulated or EGF-stimulated cells at time 0.

To achieve rapid ActD uptake and maximum Pol II inhibition we used a final concentration of 10µg/ml ActD

(Perry & Kelley, 1970). Samples were harvested by direct lysis every 4 minutes up to 28 minutes. For long-

term mature mRNA decay measurements, unstimulated or EGF-stimulated cells were pre-incubated for 30

minutes with Actinomycin D (5µg/ml final concentration) to ensure near complete conversion of pre-existing

pre-mRNA and lysed 0, 30, 60, 90, 120, 240, or 480 minutes later. Equal efficacy of RNA extraction was

ensured by spiking lysates with B. subtilis RNAs (Affymetrix GeneChip Eukaryotic Poly-A RNA Control Kit)

and subsequent qPCR for prokaryotic Dap transcripts. Extracted RNA was additionally spiked with 0.1µg

of RNA from Saccharomyces cervisiae (kind gift of Naama Barkai) and equal loading in subsequent qPCR

experiments confirmed by amplification of the yeast Act1 mRNA. All RNA decay experiments were performed

thrice and data from technical triplicates of one representative experiment are shown.

Data analysis
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1.5 Microarray preprocessing

Affymetrix GeneChip Human Exon 1.0 ST Arrays were scanned to produce CEL files for the 21 arrays used. To

extract the data at the probeset (PS) level, Affymetrix Expression Console software was used with the following

parameters: Annotation confidence - full, Summarization method - iterPLIER include DABG, Background -

PM-GCBG, Normalization method - none. A Lowess multi-array algorithm (Ballman et al, 2004) was used

for normalization of all arrays together and intensity dependent noise estimation was performed as previously

described (Zeisel et al, 2010). Out of 1.3 million probe sets (PS) of the array, 666,916 PS, which could be

assigned to known genes and in which all probes were uniquely aligned with perfect match (crosshyb type= 1),

were used for further analyses. To control for the signal quality, we used FDR of 5% (separately for each array)

on the Affymetrix PS p-values, and a signal threshold. The signal of a PS at a specific time point is called

“present“, if the following two conditions are satisfied: (i) all three PS p-values from biological repeats of a

time point pass the 5% FDR, and (ii) the average signal of the three repeats is higher than 3 (log2 scale).

Only present PS were considered for further analyses. The typical number of PS that passed all these criteria

was 270,000. The distribution functions of measured signal intensity from intronic and exonic PS that passed

the PS-level quality filter described above are shown in Supplementary Figure S3A. Intronic PS are expressed

at lower, but still detectable levels.

1.6 Definition of PS as interrogating exonic or intronic transcript regions

The UCSC gene model, which contains 66803 full-length transcripts, was used as a reference gene model

(downloaded from http://genome.ucsc.edu/). At the first step, PS which interrogate intronic regions in all

known transcripts were assigned as constitutive intronic, while the rest were classified as putative exonic.

Since introns’ abundance is low, their signal is naturally weaker. We used this idea to purify the list of exonic

PS: For each time point the signal distribution of constitutive introns was estimated and then each putative

exonic PS was tested with the null hypotheses of its signal coming from the signal distribution of intronic PS.

Only exonic PS for which the signal was found to be significantly higher than the introns’ signal distribution

at two or more adjacent time points were considered as exonic PS, while the rest were omitted from further

analysis.

1.7 Determining gene level exon/intron fold change from the genes PS

After classifying each PS as exonic or intronic, we integrated their fold change (FC) to calculate two numbers,

which summarized the gene-level exonic or intronic FC. The FC of each PS was calculated with respect to

its value at t = 0 using the average expression of the triplicate measurements at each time point. Next, we

defined two alternative exon gene level FC values: the 50th and top 90th percentiles from the FC values of

exonic PS over the gene. In the same manner, we defined the two alternative intron gene level FC values, as

the 50th and 90th percentiles from intronic PS. Note that these gene-level intronic (exonic) FC values were

calculated only for genes with at least 4 ”present“ PS for introns (exons). If the number of present intronic

PS was less than 10, we used the PS with the highest FC value (instead of the top 90%). We decided to use

the FC based on 50th percentile for exonic gene-level FC and the 90th percentile for the intronic FC, for the

following reasons. First - heterogeneity of the intronic signals. The FC of different intronic PS of the same
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gene many times exhibit large biologically driven heterogeneity. The most obvious reason is that during the

initial phase of transcription, while the first wave of elongating Pol II moves down the gene at a speed of

approximately 4kb per minute, the introns behind the front may have already attained a high FC while those

downstream have not. The times for which this is the case depend on the genomic size of the transcribed gene

and may range from less than a minute to more than one hour (Singh & Padgett, 2009; Tennyson et al, 1995;

Wada et al, 2009). Thus, even for average-sized genes of 27kb (Venter et al, 2001), the last intron will likely be

induced with a lag of more than 6 minutes. As can be seen in Figure 2D, for early times (less than 40 minutes

after stimulation) using the median (50th percentile) FC to represent the intron gene level FC would imply

that transcription of the gene has not started yet, which is incorrect. We are keen on catching rapid changes

in production as early as possible. Thus, because pre-RNA FC reflects production which, in turn, is measured

by the introns, we use the intron FC 90th percentile to define the gene-level FC. As opposed to introns, the

different exonic PS of the same gene tend to have a more homogeneous behavior, because the exonic signal is

dominated by the pool of preexisting mRNA rather than the exons of the currently transcribed pre-mRNA.

Therefore the exonic gene-wide FC can be represented by the less fluctuative 50% percentile (we did check

the effect of using 90th percentile also for exons and it did not alter the picture significantly, Supplementary

Figure S10). We decided to use the 50th percentile for exons also for another reason: the set of PS that

we identified as exonic may be contaminated by intronic PS that were misclassified as exonic (e.g., putative

exonic PS which have a high signal, but whose dynamics resemble those of intronic PS). Using for the exons

FC the 90th percentile could be sensitive to this non-exonic contamination. Overall, 7968 genes were identified

as expressed on the basis of their exonic signals (i.e. they passed our filter for expressed genes, as described

above). For 3422 of these genes, the intronic PS also passed the filters of reliable FC detection. We assessed

the extent to which two factors, the number of intronic PS (placed on the Affymetrix exon array) and the

mRNA signal intensity, govern our ability to detect gene-level intronic FC. We present histograms for both

groups of genes those with detected and undetected gene-level intronic FC. In Supplementary Figure S3B we

show a histogram of the number of genes according to their number of intronic PS. We observe that genes

with detected intron gene-level FC had significantly more intronic PS than genes of the complementary group,

which had only very few intronic PS. Our ability to detect intronic FC depends, albeit more weakly, also on

the intensity of the exonic (mRNA) signal, as shown in Supplementary Figure S3C; genes with undetected

intronic FC have somewhat lower mRNA intensities. We analyzed the noise associated with determining the

exonic and intronic gene-level FC, using a previously described method of noise estimation (Zeisel et al, 2010).

The results are shown in Supplementary Figure S3D, where the intensity dependent standard deviation (std)

is plotted, versus log-intensity, for the measured exonic and intronic gene-level signals, separately for all the

time points measured. When the log-intensity is above a threshold of 4, the std is less than 0.18 for all time

points, transcript types (exons/introns) and intensities. Hence the std of any measured FC (remember these

are log(base 2)-transformed variables) is less than 0.18
√
2 = 0.25. Thus, a 2 FC is 4 std above a FC of 1.

1.8 Definitions of production overshoot and induction by EGF

We defined a gene as exhibiting production overshoot, if its maximal (over the time course) gene-level intronic

FC (using the 90th percentile) exceeded that of the maximal gene-level exonic FC (using the 50th percentile)

by more than 2-fold. Supplementary Figure S10 shows that this definition of production overshoot is robust
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against using different choices of the exonic and intronic gene-level FC. We define a gene as induced by EGF

stimulation if it has a ”present” signal along the whole time course, its maximal gene-level exonic FC (using

the 50th percentile) is >1.5 and its maximal gene-level intronic FC (using the 90th percentile) is >2.1. The

different thresholds for exon and intron FC were set according to the natural bias introduced by taking the 90th

percentile for the introns. This bias between the 50th and 90th percentiles was estimated by the differences

between the means of the two intronic maximal FC value distributions, i.e. of the introns, using 50th and

using 90th percentile. This difference was about 0.5 (log2 scale); thus, instead of using a threshold of 1.5 on

the introns (with 50th percentile) we used the equivalent 2.1 ≈ 2log2(1.5)+0.5 FC for the intronic gene-level FC

at the 90th percentile.

1.9 Estimating correlations between exons and intron profiles in Figure 2B

In the rightmost bar of Figure 2B we present the correlation between the exonic gene-level FC and the intronic

gene-level FC. Since our time course is not uniformly sampled (sampling rate between 20 minutes and 4 hours),

we linearly interpolated the profiles every 20 minutes to get an equally spaced sampling, and then calculated

the Pearson correlation of the two 25-component vectors.

1.10 Functions used to fit the qPCR time course profiles:

All qPCR time course profiles were fitted using the averaged data from three technical replicates each for

measuring pre-mRNA, exon, and mRNA FC. Fitting the pre-mRNA FC with P̂ (fit)(t): First, for each qPCR

profile of measured pre-mRNA FC we determined by inspection an onset time, ton, as the first time point at

which the measured fold change exceeded two-fold (i.e. was clearly above the associated noise level). For each

measured pre-mRNA a temporal profile of the following functional form was fitted:

P̂ (fit)(t′) =







1 t′ = t− ton ≤ 0

f1(t
′) + f2(t

′) t′ ≥ 0







(1)

where:

f1(t
′) = 1 + (a3 − 1)(1− e−a4t

′) (2)

f2(t
′) = a1

(a2t
′)n2

1 + (a2t′)n1

(3)

The rationale behind these functions is the following: The first function starts at FC of 1, allowing a non-

zero initial slope (corresponding to a jump in production at t = 0) and approaching a long-time asymptotic

value (of ) exponentially, at a rate a4, also determined by the fitting procedure. Such functions are the solution

of eq. (2) for the case of a discontinuous jump of the production rate to a constant value. The second function

was chosen to reflect a possible peak of production. For n2 > 1 the function starts at 0 with a vanishing slope,

increases to a peak and decreases algebraically to zero at long times (for n1 > n2). The fit parameter a1 is the

amplitude of the function and the parameter a2 sets the time scale. The peak position, width and asymptotic

decay of the function are governed by a2, n1 and n2. For two genes presented in Figure 3 (TUFT1 ) and 4
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(SLC7A5 ), we used an additional function f3(t
′) = k1e

−k3(t
′
−k2)

2

in order to fit the observed second pulse in

the pre-mRNA profile. Fitting the degradation coefficient profile α̂2(t): Again we used

α̂2(t
′) =







1 t′ = t− ton ≤ 0

g1(t
′) + g2(t

′) t′ ≥ 0







(4)

The same ton was used as above, and the functions g1, g2 had the following forms:

g1(t
′) = 1 + (b3 − 1)(1− e−b4t

′) (5)

g2(t
′) = b1

(b2t
′)m2 − (b2t

′)m3

1 + (b2t′)n1

(6)

The rationale behind choosing these functions is along the same lines as described above. The function g1

represents a simple smooth change of the fold change from 1 to an asymptotic new value. The second function

allows additional flexibility; we first tried again a form that allows a single peak (or minimum) and found

that in order to obtain a good fit to M̂(t′) a functional form that allows a decrease followed by an increase

(or the opposite order) was necessary. The fitting procedure is described in the section Inference of transcript

production and degradation profiles in the Materials and Methods of the main text, and involves iterations to

fit α2(0) and α̂2(t
′). The robustness of the fitted function to the measurement noise of the qPCR was estimated

and presented in Supplementary Figure S11. To estimate these errorbars we sampled 10 profiles of pre-mRNA

and mRNA from the distribution at each time point as estimated from the three replicates (see Supplementary

Figure S3D). Next we repeated the fitting procedure (estimating P̂ (fit)(t′), α2(0) and α̂
(fit)
2 (t′)) 10 times and

presented the profiles as mean ± standard-deviation.

1.11 Curve fitting in RNA decay experiments

To estimate the decay rates (half-lives) of transcript FC after transcription arrest by ActD, we assume that

the transcript decay has an exponential form. Since transcription inhibition is not perfect, the asymptotic

value after inhibition is not zero. Hence, a two-parameter profile was used to fit:

F (t) = k + (1− k)e−αt (7)

where k is the asymptotic value and α is the decay rate

α =
log(2)

t1/2
(8)

In experiments measuring conversion coefficients, we compare the pre-mRNA decay in unstimulated cells to

the decay in EGF-stimulated cells in which transcription was arrested near the peak of pre-mRNA induction.

Since the starting point of pre-mRNA levels in the unstimulated cells is much lower (with respect to the

stimulated case), a similar level of transcription inhibition will result in different asymptotic constants. Thus,

when fitting the parameters to the decay curves we optimize both α and k, and expect to get similar values

of α, but different k. In the mRNA decay experiments, we compare the decay in unstimulated cells with that

observed in cells pre-stimulated (with EGF) for 4 hours. We expect less variation in the asymptotic values,

since similar inhibition levels are expected and the differences in initial levels are smaller. Therefore, when

fitting the parameters to the profiles we force a similar k and obtain α.

7



2 Modeling transcription

Our aim is to write down a simple dynamic model, which governs RNA concentration. Most previous descrip-

tions focus on a minimal model including only the mRNA concentration. Here, we take the opportunity to

refine the model by including more components. The model includes two RNA species, pre-RNA and mRNA,

and can be expressed as:

dP (t)

dt
= β(t)− α1P (t)

dM(t)

dt
= α1P (t)− α2(t)M(t)

(9)

with a steady state solution:

Pss =
β

α1
,Mss =

β

α2
⇒

Pss

Mss
=

α2

α1
=

tP1/2

tM1/2
(10)

P (t),M(t) are the pre- and mature mRNA concentrations at time t, α1 is the conversion constant, α2(t) is

the time-dependent degradation coefficient, and β(t) is the production rate. Note that the system can easily

be solved analytically for fixed (independent of time) α1, α2, β. An analytic solution can be written as:

P (t) =

(

P0 −
β

α1

)

e−α1t +
β

α1

M(t) =

(

M0 −
α1P0 − β

α2 − α1
−

β

α2

)

e−α2t +
α1P0 − β

α2 − α1
e−α1t +

β

α2

(11)

Since we cannot easily measure the absolute value of RNA concentrations, but only their fold change

(relative abundance), it is a practical step to change the variables to the fold change with respect to t = 0, at

which time we assume the system was at a steady state, parameterized by:

β(0) = α1(0)P (0)

P (0)

M(0)
=

α2(0)

α1(0)

(12)

In terms of the transformed fold change variables,

P̂ =
P

P (0)
, M̂ =

M

M(0)
, α̂ =

α

α(0)
, β̂ =

β

β(0)
, (13)

Equations (2-3) in the main text become:

dP̂ (t)

dt
= α1(0)

[

β̂(t)− α̂1P̂ (dt)
]

dM̂(t)

dt
= α2(0)

[

α̂1P̂ (t)− α̂2(dt)M̂(t)
]

(14)

An analytical solution for the case of step changes: β, (β → aβ) and/or α2, (α2 → α2/b) and/or α1 (α1 → cα1)

at t = 0 can be written in the fold change form:

P̂ (t) =
(

1−
a

c

)

e−cα1t +
a

c

M̂(t) =

(

1−
1− a

c
1
bc −

α1

α2

− ab

)

e−
α2

b t +
1− a

c
1
bc −

α1

α2

e−cα1t + ab

= (1− ab)e−
α2

b t + ab+
1− a

c
1
bc −

α1

α2

(

e−cα1t − e−
α2

b t
)

(15)
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The response time for this case in terms of the rise time to the asymptotic value, P̂ → 1 + 1
2

(

a
c − 1

)

, M̂ →

1 + 1
2 (ab− 1), for pre-mRNA is:

tP1/2 =
log(2)

cα1

(16)

while for mature mRNA it is hard to write an explicit term, but tM1/2 should satisfy:

1

2
= e−

α2

b tM
1/2 +

a
c − 1

(

1
bc −

α1

α2

)

(ab − 1)

(

e−cα1t
M
1/2 − e−

α2

b tM
1/2

)

(17)

The fold change of exons, which are a transcript region shared by pre-mRNA and mature mRNA, can be

written as:

Ê =
M(t) + P (t)

P (0) +M(0)
=

M̂M(0) + P̂P (0)

P (0) +M(0)
=

M̂ + P̂ α2(0)
α1(0)

α2(0)
α1(0)

+ 1
(18)

By additionally measuring the FC of exons, it is possible to extract the fraction α2(0)/α1(0), from the above

equation (assuming steady state at t = 0):

α2(0)

α1(0)
=

Ê − M̂

P̂ − Ê
(19)

Note that in practice this ratio is hard to extract from our measurements, because of the small differences

between Ê and M̂ , which are of the same order as the measurement errors of qPCR. However, this ratio also

predicts that in the initial phase of induction, where P̂ − Ê > 0, the numerator should be positive and Ê > M̂

, while in later phases, when the P̂ starts to fall, both numerator and denominator should switch sign at the

same point. This means that there is a special t, where the three curves Ê, M̂ , P̂ intersect. Indeed, profiles

shown in Supplementary Figure S5 demonstrate that this is often the case.

3 Supplementary Figures and File

Supplementary File 1: Functional annotation analysis of genes with overshooting production

and primer sequences used for qPCR experiments.
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Supplementary Figure S1: Onset and peak times of gene-level intron and exon fold changes (A) pre-mRNA

half-life has a small effect on mRNA dynamics: simulation results for the case of 5-fold step induction of

transcript production rate, for the case of pre-mRNA half-lives of 1,3, or 10 minutes (solid, dashed, dash-dot

lines, respectively), and for mRNA half-lives of 60 (middle panel) or 120 (right panel) minutes. Results show

that varying pre-mRNA half-lives over a 10-fold range has only a minor effect on mRNA dynamics. (B) The

cumulative distribution function by gene-level intronic FC peak times is shown for all 441 transcriptionally

induced genes (blue); 79 overshooting genes (green) and for 362 non-overshooting genes (red). (C) Same as

(B) for intronic onset times (defined as the time when FC > 2). Kolmogorow-Smirnov (KS) tests, comparing

the red and green curves, indicated significantly earlier peak (p = 8.10E − 17) and onset (p = 1.19E − 20)

times of gene-level intron FC for genes with overshooting introns. (D) and (E): In analogy to (B) and (C),

histograms of the onset times (D) and peak times (E) of gene-level exon changes are shown. Again, KS tests

indicated significantly earlier peak (p = 1.70E − 07) and onset (p = 1.16E − 07) times of gene-level exon

FC, for genes with overshooting introns. Note that the intronic peak and onset times clearly preceded the

corresponding exonic times.
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Supplementary Figure S2: Number of exons, intron length, mRNA length and pre-mRNA length of six different

organisms Annotated full-length transcripts for six eukaryotic organisms were downloaded from the UCSC

Genome Browser (http://genome.ucsc.edu/). For each organism, the distributions of the number (per gene)

of exons, the total number of intronic nucleotides, and the lengths of mRNAs and pre-mRNAs are shown on

a logarithmic scale. Note that already in simple multicellular organisms (such as C. elegans) there is a clear

difference between pre-mRNA and mRNA lengths for most genes. Thus, for most multicellular organisms it is

possible to analyze pre-mRNA and mRNA expression, using intronic and exonic probes, as done in the present

study.
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Supplementary Figure S3: Signal distributions of intronic and exonic PS (A) Distribution of measured signal

intensity of all intronic and exonic probesets (PS) that passed the PS-level quality filter (described in Supple-

mentary Information, Microarray preprocessing). The distribution of intronic expression levels is is shifted to

lower values with respect to the exonic PS. (B) Histograms of the number of intronic PS (on the Affymetrix

exon array) are shown for genes with detectable gene-level intronic FC (red) and (blue) for genes with unde-

tected gene-level intronic FC (i.e., genes whose intronic signals did not pass the filters). Note that for each

gene at least 4 intronic PS had to be expressed to define a detected gene-level intronic FC (Supplementary

Information, Microarray preprocessing). (C) Histograms of the mRNA (gene-level exonic) signals for the same

two groups of genes as in (B). Genes whose gene-level intronic FC was not detectable have lower gene-level

exonic signal intensity. (D) Estimated intensity-dependent standard deviation of the gene-level intronic and

exonic signals for biological triplicate measurements taken at different time-points. Intron gene-level signal is

slightly more noisy than exonic gene-level signal, but the standard-deviation is less than 0.18 when the signal

is not very low.
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Supplementary Figure S4: Transcriptional induction of a large non-overshooting gene (ITGA2 ) Upper panel:

Top - genomic organization of the ITGA2 gene (genomic size 105kb). Vertical rectangles represent exons

and are connected by intronic regions. The arrow indicates the direction of transcription. Bottom - positions

of exonic (blue) and intronic (red) probesets are indicated. Lower panels: Fold change (log2 scale) of each

probeset (PS) with respect to its baseline values is shown for the time course experiment outlined in Figure

2A. Error bars (in gold) represent the signal range of biological triplicates. Only PS with present calls (see

Supplementary Information) in all replicates from the respective time points are shown. Note that intronic

PS (red dots) display different dynamics from exonic PS (blue dots). However, in contrast to the VCL gene

shown in Figure 3, the dynamic range of the FC of intronic PS did not exceed by much that of the exonic PS.
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Supplementary Figure S5: Real time quantitative PCR (qPCR) measurements of exons, pre-mRNAs and

mRNAs of genes induced/repressed by EGF in MCF10A cells (A) Schematic positioning of primers for qPCR

validation experiments is shown. (B) Means and standard deviations from technical triplicates of qPCR

reactions for exons (black), pre-mRNA (red) and mRNA (blue) of the fold change (relative to t = 0), as a

function of time following stimulation, for MYC, HBEGF, NR4A1, PTGS2 and the 12 EGF-induced genes

that were listed on the left in Figure 2B, and 6 down-regulated genes from Figure 4.
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Supplementary Figure S6: Decay rates of pre-mRNA and mRNA in unstimulated and EGF-stimulated

MCF10A cells RNA decay was measured as described in the legend to Figure 5, by qPCR after transcription

arrest using Actinomycin D in unstimulated cells and in cells pre-stimulated with EGF. (A) Pre-mRNA de-

cay was measured for 4 additional genes (with EGF-induced overshooting pre-mRNA dynamics) by applying

transcription arrest in unstimulated MCF10A cells (green curves) and in cells stimulated (red) for 20 minutes

(PLAT, TUFT ) or for 40 minutes (LAMC2, PLAUR) with EGF (transcription was arrested at the peaks of

pre-mRNA induction). The results demonstrate that pre-mRNA conversion is practically unaffected by EGF

stimulation. (B) EGF-induced changes in mRNA decay rates: Starved MCF10A cells were stimulated for

4 hours by EGF (blue symbols) or unstimulated (magenta symbols) but left for 4 more hours in starvation

medium, before addition of Actinomycin D (ActD, 5µM). RNA was extracted at the indicated time points

starting 30 minutes after transcription arrest and mRNA was measured by qPCR. mRNA decay curves are

shown for genes, for which inferences of mRNA production and degradation rates (see Figure 4) did (AREG,

HBEGF ) or did not (PLAUR, TUFT1 ) reveal an EGF-induced change in transcript stability at long times.The

inferred changes of stability are in agreement with those measured here, while the actual degradation times

obtained with transcription arrest are longer. 16



20 40 60 120 240 480
0

20

40

60

80

20 40 60 120 240 480
0

20

40

60

80

0 60 120 240 480
1

1.5

2

2.5

3

3.5

0 60 120 240 480

2

4

6

8

20 40 60 120 240 480
0

20

40

60

80

20 40 60 120 240 480
0

20

40

60

80

0 60 120 240 480
1

1.2

1.4

1.6

1.8

2

0 60 120 240 480
1

2

3

4

5

20 40 60 120 240 480
0

20

40

60

80

20 40 60 120 240 480
0

20

40

60

80

0 60 120 240 480
1

1.2

1.4

1.6

1.8

2

2.2

0 60 120 240 480
1

2

3

4

5

6

F
o
ld

 c
h
a
n
g
e
 t
o
 t
=

0
F

o
ld

 c
h
a
n
g
e
 t
o
 t
=

0
F

o
ld

 c
h
a
n
g
e
 t
o
 t
=

0

Exon Intron Exon Intron

30min<t1/2<90min

360min<t1/2<480min

480min<t1/2<720min

Time(min)Time(min)Time(min) Time(min)

A

B

C

overshoot (n=9)

non-overshoot (n=28)

%
 o

f 
g
ro

u
p

 s
iz

e
%

 o
f 
g
ro

u
p

 s
iz

e
%

 o
f 
g
ro

u
p

 s
iz

e

overshoot (n=11)

non-overshoot (n=54)

overshoot (n=9)

non-overshoot (n=30)

Supplementary Figure S7: Pre-mRNA production overshoot accelerates the response time of mRNAs Same

analysis as shown in Figure 6, but with mRNA degradation times determined by metabolic labelling with 4sU

for 60 minutes followed by microarray analyses of labelled and unlabelled RNA in (Friedel et al, 2009). Genes

that were transcriptionally induced by EGF stimulation of MCF10A cells (as described in Legend to Figure

2) were grouped according to their mRNA half-lives Results are shown for three representative groups with

half-lives between (A) 30 to 90 minutes (B) 360 to 480 minutes, and (C) 480 to 720 minutes, respectively

(due to the labelling period no information was available for mRNAs with half-lives < 30 minutes). The

two columns on the left depict the percentage of genes, whose exons and introns peaked at the indicated time

points, green for overshooting and brown for non-overshooting genes. The two columns on the right present the

mean temporal expression FC profiles for exons and introns, for the overshooting (green) and non-overshooting

(brown) genes. Note that within each group of genes with similar half-lives we observe earlier mRNA peak

times for the genes with pre-mRNA production overshoot. Comparison with Figure 6 indicates that the main

observation (faster response of overshooting genes) is unaltered, even though the degradation times obtained

by the two methods did differ.
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Supplementary Figure S8: LPS-induced activation of dendritic cells (DCs) and retinoic acid (RA)-induced

differentiation of human embryonic stem cells (hESCs) (A) Left panel: Bone-marrow derived DCs were pre-

pared as described in Supplementary Information, incubated with the indicated antibodies and subjected to

FACS analysis. Left panel: Expression of the DC marker CD11c in unstimulated DCs. Right panel: FACS

analysis of unstimulated DCs (light grey) and of DCs stimulated for 24 hours with LPS (100ng/ml, dark

grey) showing LPS-induced upregulation of the activation marker CD40. (B) hESCs were incubated with

RA (1µM). RNA was isolated at the indicated time points and expression of pluripotency markers (NANOG,

OCT4 ) and differentiation markers (RARB, HOXA1 ) was measured by qPCR.
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Supplementary Figure S9: Real time quantitative PCR (qPCR) measurements of pre-mRNAs and mRNAs of

genes induced by LPS stimulation of dendritic cells (DCs) and by retinoic acid stimulation in human embryonic

stem cells (hESCs) (A) DCs were harvested, cultured and LPS-stimulated as described under Supplementary

Information. RNA was isolated at the indicated time points and qPCR was used to measure the expression

of pre-mRNAs (red) and mRNAs (blue). Data shown are means and standard deviations from technical

triplicates. (B) hESCs were cultured and stimulated with RA as described under Supplemental Information.

RNA was isolated at the indicated time points and qPCR was used to measure the expression of pre-mRNAs

(red) and mRNAs (blue). Data shown are means and standard deviations from technical triplicates.
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Supplementary Figure S10: Scatter plots and heatmaps comparing fold changes (FC) of introns and exons

according to different cutoffs (A) The peak FC of gene-level introns observed after EGF stimulation is plotted

against the peak FC of exons, with each plot using different percentiles of the averaged intron and exon signals

to define gene-level FC. Grey dots indicate genes for which, over the whole time course, exon FC (using 50th

percentile) was ≤ 1.5. Transcriptionally induced genes (for which gene-level exon FC (using 50th percentile)

exceeded 1.5 at least at one time point) are marked by either green or red dots. Green dots denote overshooting

genes for which the maximum gene-level intronic FC (using 90th percentile) exceeded the maximum gene-level

exonic FC by a factor of 2 or more, and red dots non overshooting genes. The four subfigures correspond

to different definitions of the gene-level exonic/intronic FC, as indicated on the axes. Note that the behavior

of genes with production overshoot is robust to the choice of percentiles used to define exonic and intronic

gene-level FC. (B) to (D): Throughout our analyses presented in the main text, we used gene-level 50th (90th)

percentiles for exons (introns) to define 441 genes as transcriptionally induced for which the gene-level exonic

FC exceeded 1.5 and the gene-level intronic FC exceeded 2.1 (see Supplementary Information for reasons for

choice of these percentiles and cutoffs). Heatmaps presented here show, for the same 441 genes, the effect of

changing the percentiles used to define the exonic and intronic gene-level expression. The left pair of heatmaps

(B) used 50th percentile for exons and 90th for introns, the middle pair (C) used the 90th percentile for both

and the right pair (D) used the 50th percentile for both. For each such pair the genes were grouped first

according to their exonic peak expression FC times. Next, genes were sorted within each group according

to the intronic peak FC times. Note the robustness of our main findings (e.g. wide range of delays between

pre-mRNA and mRNA peak times, imperfect correlation between the two profiles) against the particular

definition of gene-level expression used.
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Supplementary Figure S11: Estimation of the error of fitted functions: Estimation of the error of the fitted

and inferred functions, on the basis of the estimated qPCR measurement noise. The error bars were estimated

by simulating 10 measurements of 10 pre-mRNA and mRNA profiles using the noise distribution of the three

technical replicates of qPCR measurements. After generating 10 randomly drawn pre-mRNA and mRNA

profiles, (see Supplementary Information) we performed the fitting process for each of the 10 cases, and

calculated the means and standard deviations of the fitted curves P̂ fit(t) and M̂fit(t), and of the inferred

functions β̂(t) and α̂2(t).

21



Appendix E: Modeling invasive breast cancer:

growth factors propel progression of HER2-

positive premalignant lesions.
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Modeling invasive breast cancer: growth factors propel progression

of HER2-positive premalignant lesions

C-R Pradeep1,8, A Zeisel2, WJ Köstler1,9, M Lauriola1, J Jacob-Hirsch3, B Haibe-Kains4,5,
N Amariglio3, N Ben-Chetrit1, A Emde1, I Solomonov6, G Neufeld7, M Piccart4, I Sagi6,
C Sotiriou4, G Rechavi3, E Domany2, C Desmedt4 and Y Yarden1

1Department of Biological Regulation, Weizmann Institute of Science, Rehovot, Israel; 2Department of Physics of Complex Systems,
Weizmann Institute of Science, Rehovot, Israel; 3Department of Pediatric Hemato-Oncology and Functional Genomics, The Chaim
Sheba Medical Center and Sackler School of Medicine, Tel Aviv University, Tel Aviv, Israel; 4Institut Jules Bordet, Translational
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Structural Biology, Weizmann Institute of Science, Rehovot, Israel and 7Cancer Research and Vascular Biology Center, The Bruce
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The HER2/neu oncogene encodes a receptor-like tyrosine
kinase whose overexpression in breast cancer predicts poor
prognosis and resistance to conventional therapies. However,
the mechanisms underlying aggressiveness of HER2 (human
epidermal growth factor receptor 2)-overexpressing tumors
remain incompletely understood. Because it assists epidermal
growth factor (EGF) and neuregulin receptors, we over-
expressed HER2 in MCF10A mammary cells and applied
growth factors. HER2-overexpressing cells grown in extra-
cellular matrix formed filled spheroids, which protruded
outgrowths upon growth factor stimulation. Our transcrip-
tome analyses imply a two-hit model for invasive growth:
HER2-induced proliferation and evasion from anoikis
generate filled structures, which are morphologically and
transcriptionally analogous to preinvasive patients’ lesions.
In the second hit, EGF escalates signaling and transcrip-
tional responses leading to invasive growth. Consistent
with clinical relevance, a gene expression signature based
on the HER2/EGF-activated transcriptional program can
predict poorer prognosis of a subgroup of HER2-over-
expressing patients. In conclusion, the integration of
a three-dimensional cellular model and clinical data
attributes progression of HER2-overexpressing lesions
to EGF-like growth factors acting in the context of the
tumor’s microenvironment.
Oncogene advance online publication, 5 December 2011;
doi:10.1038/onc.2011.547

Keywords: adhesion; breast cancer; EGF; HER2;
hypoxia

Introduction

In affluent countries, approximately one in eight women
develops breast cancer during her lifetime (Smigal et al.,
2006). Breast tumors can be subclassified according to
clinical and histological features, including expression of
the estrogen receptor (ER) and a kinase called HER2
(human epidermal growth factor receptor 2), but recent
genome-wide transcriptome studies have refined this
classification (Perou et al., 2000). HER2 is over-
expressed in 40–70% of ductal carcinomas in situ
(DCIS), premalignant lesions of the breast, whereas
overexpression of HER2 (ERBB2/neu) occurs in just
20–25% of invasive ductal carcinomas (IDCs). The latter
subgroup exhibits relatively poor clinical prognosis
because of increased rates of metastatic spread (Slamon
et al., 1987; van de Vijver et al., 1988; Virolle et al.,
2003). Whether HER2-overexpressing DCIS develops
into relatively virulent IDC is currently debated.

One confounding issue is the inability of HER2 to
bind ligands, in contrast to other members of its family,
such as the epidermal growth factor receptor (EGFR),
which can bind multiple growth factors (GFs). Accord-
ing to one model, the high basal kinase activity of HER2
allows the receptor to signal in the absence of a
stimulatory ligand (Lonardo et al., 1990). An alternative
model attributes the transforming function of HER2 to
its ability to form heterodimers with ligand-activated
receptors, thereby prolonging signals (Riese et al., 1995;
Pinkas-Kramarski et al., 1996; Klapper et al., 1999).
Employing a model system, Muthuswamy et al. (2001)
uncovered yet another attribute of HER2. Their system
comprised MCF10A mammary cells grown in extra-
cellular matrix (Petersen et al., 1992). Ectopic expression
of chimeric HER2 molecules that can be homodimerized
by synthetic ligands revealed that HER2 homodimers,
unlike EGFR homodimers, can induce the generation of
multiacinar structures with filled lumen (Muthuswamy
et al., 2001).

Relevant to the possibility that HER2 and GFs
collaboratively contribute to cancer progression,
analyses integrating clinicopathological and gene
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expression data indicated that invasion programs
associate with prognosis (Desmedt et al., 2008a), and
GFs collaborate with HER2 in tumor progression
(Muller et al., 1996; Valabrega et al., 2005). Herein,
we address such collaborative interactions by using
HER2-overexpressing MCF10A cells, as well as data
from clinical specimens. When grown in a three-
dimensional (3D) matrix, HER2-overexpressing cells
formed filled spheroids resembling DCIS, and upon
exposure to EGF, they protruded invasive arms.
Transcriptomic analyses of this preinvasive to invasive
transition identified three upregulated modules, in line
with a model that attributes breast cancer progression to
GFs acting on oncogene-initiated preinvasive lesions.
Importantly, the state of expression of these three
modules could stratify patients with HER2-overexpres-
sing IDCs into different prognostic groups, suggesting
that ongoing activation of these invasive transcriptional
programs is crucially involved in the metastatic spread
of HER2-overexpressing mammary tumors.

Results

GFs induce invasion of HER2-overexpressing spheroids
Although monolayers of the nontransformed MCF10A
mammary cell line, a well-established cellular model
(Muthuswamy et al., 2001), require exogenous EGF for
optimal survival, we noted that a significant fraction of
cells survived and gave rise to relatively small acini when
grown in the absence of EGF, in a natural preparation of
extracellular matrix (Matrigel (BD Bioscience, Franklin
Lakes, NJ, USA); Supplementary Figure S1A). Because
an EGF-blocking antibody, Cetuximab, completely abol-
ished acinus formation, we assume that survival in 3D
cultures depends on autocrine or matrix-derived GFs. To
examine the functions of HER2 in the absence or presence
of GFs, we infected cells with retroviral particles encoding
both HER2 and the green fluorescent protein (GFP)
(Ueda et al., 2004). A clone that expressed HER2 at levels
comparable to those displayed by two commonly used
HER2-positive cancer cell lines was selected (Supplemen-
tary Figure S1B). Because studies using chimeric versions
of EGFR and HER2 concluded that the corresponding
heterodimers confer an invasive phenotype (Zhan et al.,
2006), we expected EGF to increase invasiveness of

HER2-overexpressing cells. To this end, we plated
MCF10A cells on Matrigel-coated Transwell filters in
the presence or absence of EGF, and stained cells that had
migrated through the filter. As expected, the over-
expressed HER2 enhanced both basal and EGF-induced
cellular invasion in a monolayer (two-dimensional)
configuration (Figure 1a).

To test the effect of HER2 and EGF on the ability of
spheroids to invade through matrix barriers, cells were
suspended in Matrigel and then plated on top of filters.
Following 18 days of incubation in the absence or
presence of EGF, the spheroids that formed on the filter
were removed from the upper face, whereas cell clusters
that reached the lower face were photographed. Inter-
estingly, we observed invasiveness only in the case of
HER2-overexpressing MCF10A cells that underwent
treatment with EGF (Figure 1b). To closely examine
this, we cultured HER2-overexpressing MCF10A cells
in a reconstituted 3D extracellular matrix and followed
individual spheroids in a time-lapse manner. Under
these conditions, single MCF10A cells developed clonal
aggregates, whose luminal cells gradually underwent
apoptosis to form hollow structures surrounded by a
single-cell rim and a basement membrane (Figure 1c).
When grown in the presence of either EGF or
neuregulin b-1, control spheroids displayed thicker walls
and a slightly delayed apoptosis, but HER2-overexpres-
sing spheroids exhibited a much longer delay. A similar
delay was reported when a chimeric HER2 was
stimulated from within the cell using a synthetic ligand
(Muthuswamy et al., 2001). Remarkably, when cultured
in the presence of GFs, the filled HER2-overexpressing
acini progressively protruded arms that invaded into
the matrix.

To quantify the effects of EGF and HER2, we
developed a morphometric assay (Supplementary
Figures S1C and D). Analyses of acini confirmed that
HER2 overexpression promoted transformation of
circular acini into irregular structures. Yet another
alteration, into arm-protruding structures, was induced
by GFs. Conceivably, GFs recruit HER2 into hetero-
dimers, to activate the kinase of the ligand-less receptor
and promote invasion. In line with this scenario,
covalent crosslinking experiments indicated replacement
of HER2 homodimers by EGFR/HER2 heterodimers
upon EGF treatment (Supplementary Figure S1E).
Moreover, acini expressing a catalytically inactive

Figure 1 HER2 delays intraluminal apoptosis and GFs induce invasive arm formation by MCF10A spheroids grown in extracellular
matrix. (a) MCF10A and MCF10A/HER2 monolayers (50 000 cells) were plated on Matrigel-coated Transwell chambers and
incubated for 12 h in the presence or absence of EGF (20 ng/ml). Thereafter, the opposite face of the Transwell filter was stained using
crystal violet. The lower part presents quantification of the number of cells that migrated to the other side of the filter. (b) MCF10A
and MCF10A/HER2 cells were suspended in 5% Matrigel and 2000 cells were plated on a Matrigel-coated Transwell filter separating
two compartments of a Transwell chamber. After 18 days of incubation in the absence or presence of EGF, spheroids were removed
from the upper face of the filter, whereas cells located on the lower face were observed using fluorescence microscopy. The lower part
shows quantification of the number of invading colonies per field. Bars represent s.d. of triplicate determinations. (c) Confocal
microscopy images of acini of MCF10A and MCF10A/HER2 cells plated in Matrigel for the indicated times in the absence or presence
of EGF or neuregulin (NRG)-1b (each at 20 ng/ml). Each series represents time-lapse images from the same acinus (bar, 50 mm).
(d) Flow diagrams of RNA sampling for microarray analyses. The schemes present multicellular structures exhibited by MCF10A and
MCF10A/HER2 cells grown in extracellular matrix, in the absence or presence of EGF. RNA was isolated at the indicated time points
and used for hybridization to DNA arrays.
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HER2 mutant (D845N; Supplementary Figure S1F)
exhibited cleared lumina and failed to protrude invasive
arms (Supplementary Figure S1G), suggesting that
HER2/EGFR heterodimers, as well as kinase activity,
are required for the EGF-induced outgrowths.

Patients’ DCIS and HER2-overexpressing spheroids
share proliferation-driving and apoptosis-evading gene
programs
We speculated that genetic programs stimulated in
MCF10A cells by an overexpressed HER2 bear
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relevance to DCIS and IDC. Therefore, we extracted
RNA at 4 to 5 time points from acini that were grown
either in the absence or in the presence of EGF, and
hybridized the samples to DNA arrays (see Figure 1d).
Comparison of control and HER2-overexpressing
MCF10A cells, grown in the absence of EGF, identified
a large set of differentially expressed genes (Supplemen-
tary Figure S2A, Supplementary File 1; sheet 1), for
which enriched Gene Ontology (GO) annotations are
shown in Supplementary File 2 (sheets 1 and 2) (Huang
da et al., 2009). Consistent with previous reports that
attributed to HER2 an ability to inhibit apoptosis while
stimulating proliferation of MCF10A cells (Muthuswamy
et al., 2001), enriched GO terms in a group of 490 genes,
which are higher in MCF10A/HER2 cells, included
primarily cell proliferation modules (Supplementary
Figure S2B and Supplementary File 2; sheet 2), along
with prosurvival genes, whereas a few pro-apoptosis
genes were downregulated (Supplementary Figure S2C).

Conceivably, the effect of HER2 on MCF10A
proliferation reflects the association of this oncogene
with enhanced luminal proliferation in patients with
HER2þ DCIS (van de Vijver et al., 1988). In line with
this, Gene Set Enrichment Analysis (Subramanian et al.,
2005) comparing normal breast epithelia and HER2þ

DCIS specimens (Balleine et al., 2008) showed a
significant enrichment of genes distinguishing between
MCF10A and MCF10A/HER2 cells (Supplementary
Figure S3A; false discovery rate (FDR) o0.1%). More-
over, a group of shared genes, exhibiting concordant
changes in both MCF10A vs MCF10A/HER2 spheroids
and in the comparison of normal breast epithelia vs
HER2-positive DCIS, were significantly enriched for
functions related to cell proliferation/survival (Supple-
mentary Figures S3B and C, Supplementary File 2; sheet
3). In conclusion, the identification of shared profiles of
mRNAs proposes that HER2-overexpressing spheroids
not only phenocopy HER2þ DCIS to some extent, but
that these structural similarities may also be achieved by
similar transcriptional programs.

EGF alters the morphology of HER2-overexpressing
spheroids and promotes breakdown of their basement
membrane
Morphological analyses revealed that unlike untreated
HER2 overexpressors, GF-treated spheroids gained
vimentin and fibronectin, partly lost E-cadherin, and
displayed disrupted Laminin V-containing basement
membranes (Figures 2a and b), in line with previous
reports (Muthuswamy et al., 2001; Debnath et al., 2002;
Zhan et al., 2006). To further study the effects of GFs,
we cultured 5-day-old HER2-overexpressing acini with
beads that were decorated with immobilized EGF
molecules. Images captured 48 h later showed that acini
comprising HER2-overexpressing cells extended arms
toward nearby located EGF-coated beads, but control
MCF10A spheroids displayed no directional outgrowths
(Supplementary Figure S4). Taken together, these
observations confirm the ability of GFs to regulate
adhesion molecules and induce directed invasive growth
of HER2-overexpressing acini.

EGF-induced invasive growth of HER2-overexpressing
mammary spheroids transcriptionally associates with
cellular adhesion, TGFb signaling and response to
hypoxia
To resolve transcriptional modules driving invasive
growth, we analyzed EGF-stimulated, HER2-overex-
pressing cells and identified 336 differentiating genes
(Supplementary File 1, sheet 2), along with several
enriched pathways and processes (Supplementary File 2;
sheets 5 and 6). We focused on a group of 130
up-regulated genes, which exemplify the general ability
of HER2 to augment EGF signals. Analysis of GO
terms and pathway enrichment indicated that unlike the
above described ontological uniformity of HER2-
associated transcription, the effect of EGF was char-
acterized by process multiplicity. The most significantly
enriched pathway was transforming growth factor-b
(TGFb) signaling (Supplementary File 2; sheet 6). Of the
enriched biological processes (FDR o15%; Supplemen-
tary File 2; sheet 6), we focused on angiogenesis (also
called response to hypoxia) and cell adhesion, because
both processes were reflected by treated acini. For each
process, we consulted the appropriate database (KEGG
for TGFb signaling; GO for cell adhesion and angio-
genesis), and focused on the subset of genes that
exhibited notable upregulation on treatment of
MCF10A/HER2 cells with EGF. Heatmaps corre-
sponding to the three subsets of genes are presented in
Figure 2c.

Transcriptomic similarities between HER2-
overexpressing IDCs and EGF-treated spheroids
To validate the clinical relevance of the 3D model to
IDCs, we analyzed a clinical gene expression data set
comprising both HER2þ IDC specimens and histologi-
cally normal breast tissues (Chen et al., 2010). As
expected, Gene Set Enrichment Analysis showed
enrichment (FDR o25%) of genes characteristic to
EGF-treated MCF10A/HER2 cells in the set of genes
distinguishing HER2þ IDC samples from normal
tissues. We identified 361 concordant genes distinguish-
ing both HER2þ IDCs from normal epithelia, as well as
EGF-treated MCF10A/HER2 cells from untreated
MCF10A cells (Figure 3a; threshold of 5% FDR).
Beyond concordant patterns of upregulated and down-
regulated genes, EGF alone moderately altered expres-
sion of the concordant 361 genes in MCF10A acini, but
maximal effects were achieved by the combination of
EGF treatment and HER2 overexpression. Interest-
ingly, GO analysis of the concordant group revealed
predominance of proliferation genes (Figure 3b and
Supplementary File 2; sheet 4), but genes contributing to
invasive growth were relatively rare. A likely reason may
be that the invasive front of breast tumors often
represents a minor fraction of clinical specimens.

Transcriptional programs launched by HER2 and EGF
cooperatively enhance BMP/TGFb signaling
Coordinate upregulation of bone morphogenic proteins
(BMPs) and other BMP/TGFb pathway components,
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along with downregulation of the antagonist pseudor-
eceptor BAMBI (BMP and activin membrane-bound
inhibitor), was confirmed using quantitative real-time
PCR (Figure 4a; refer to red arrows in Figure 4b).
Consistently, immunoblotting validated sustained
upregulation of the receptor BMPR2 and downregula-
tion of BAMBI (Figure 4c), and stimulation with BMP2
induced phosphorylation of SMAD proteins in HER2
overexpressors (Figure 4d). In line with SMAD-con-
trolled invasive growth, knockdown of SMAD4
(Figure 4e) inhibited invasiveness (Figures 4f and g).
Thus, the combination of HER2 overexpression and
stimulation with EGF coordinately regulates multiple
components of the TGFb/BMP module. These observa-
tions extend previous reports that identified collabora-
tive interactions between HER2 and the TGFb pathway
in breast cancer (Seton-Rogers et al., 2004; Ueda et al.,
2004).

Lysyl oxidases and other proteins associated with
responses to hypoxia are induced by EGF in lumen-filled
HER2-ovexpressing acini
HER2 overexpression upregulated several angiogenic
factors in acini of MCF10A cells, and EGF enhanced
this induction (Figures 5a and 2c). The inferred
angiogenesis module is presented in Figure 5b: coordi-
nate upregulation of several components is likely
because of the induction of the endothelial PAS domain
protein 1 (EPAS1), a subunit of the hypoxia-inducible
transcription factor-2a, the induction of which was
confirmed using immunoblotting (Figure 5c). In addi-
tion, two lysyl oxidases (LOX and LOXL2), which can
oxidize collagen and elastin (Akiri et al., 2003), under-
went upregulation at the mRNA level, which we
confirmed at the level of the LOXL2 protein
(Figure 5c). As several hypoxia-inducible genes are well
understood, but the oncogenic roles of the LOXs
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Figure 2 Morphological and transcriptional effects of HER2 overexpression and EGF treatment of mammary spheroids. (a) Acini of HER2-
overexpressing MCF10A cells were grown for 8 days in Matrigel in the absence or presence of EGF, before immunostaining with 4,6-diamidino-
2-phenylindole (DAPI) and with the indicated antibodies (scale bar, 50mm). (b) Acini of HER2-overexpressing MCF10A cells were grown in the
absence or presence of EGF for the indicated time intervals, before immunoblotting (IB) with the indicated antibodies. (c) RNA expression
levels of genes whose variation of expression during acinar morphogenesis is different in untreated versus EGF-treated MCF10A/HER2 cells
and in MCF10A (control) cells. Expression levels were normalized and the genes grouped according to their known functions: adhesion, BMP/
TGFb signaling and angiogenesis/response to hypoxia.
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are currently emerging (Kirschmann et al., 2002;
Akiri et al., 2003; Erler et al., 2006), we focused on
the latter.

Inhibition of LOX activity using b-aminopropionitrile
abrogated formation of invasive acini of MCF10A/
HER2 cells (Figures 5d and e) without affecting cell
proliferation, implying that secretion of LOXs is
required for invasiveness, probably because these
enzymes control matrix stiffness (Levental et al., 2009).
Accordingly, treatment of MCF10A/HER2 cells with a
recombinant LOXL2 induced their invasive outgrowths
(Figure 5f), even in the absence of EGF, as well as
enhanced invasion through a filter coated with collagen
type I (Figures 6a and b). To address potential
collaboration between LOXs and matrix metalloprotei-
nases, we combined b-aminopropionitrile and a general
inhibitor of matrix metalloproteinases (GM6001), and
observed complete inhibition of invasion of MCF10A/
HER2 cells (Figures 6c and d). In aggregate, these
observations propose that EGF-induced activation of
an angiogenesis-like switch contribute to the invasive
potential of HER2-overexpressing acini.

The combination of HER2 overexpression and EGF
treatment enhances expression of a large module of cell
adhesion mediators
EGF signaling has previously been implicated in evasion
from anoikis, a form of programmed cell death
associated with disturbed integrin signaling (Collins
et al., 2005). In accordance, we found that the
combination of EGF treatment and HER2 overexpres-
sion strongly induced more than 60 adhesion-related
genes, including the integrin-linked kinase (ILK), a wide
spectrum of integrins (for example, aV, a2, a3, a5, a6,
b1, b4, b5 and b8) and their respective ligands, such as
Laminin and Milk Fat Globule EGF factor 8 (MFGE8/
lactadherin; Figure 2c). Notably, it is known that b4
signaling is necessary for HER2-initiated mammary
tumorigenesis (Guo et al., 2006), and ILK plays a
critical role in progression of such tumors (Pontier et al.,
2010). Transcriptional induction of ILK, MFGE8, aV
and b5 was confirmed by using quantitative real-time
PCR (Figure 6e; see scheme in Figure 6f), and increased
levels of ILK and MFGE8 were also verified by
immunoblotting (Figure 6g).
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Figure 3 Transcriptomic similarities of HER2-overexpressing IDC specimens and EGF-treated invasive spheroids of MCF10A/
HER2 cells. (a) Heatmaps of 361 concordant genes, which are differentially expressed in MCF10A/HER2 spheroids treated with EGF,
in comparison with MCF10A spheroids, either untreated or treated with EGF for increasing time intervals. The status of expression of
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genes according to their GO annotation and the respective FDR values (see Supplementary File 2).
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Secretion of MFGE8, which binds heterodimers of
integrin aV and integrin b5 or b3 and activates ERK, is
required for branching morphogenesis of the mammary
gland (Ensslin and Shur, 2007). In line with this report,
we found that exogenous MFGE8 activates ERK

phosphorylation (Figure 7a) and enhances invasiveness
of HER2-overexpressing cells (Figures 7b and c).
Moreover, exogenously added MFGE8 specifically
enhanced formation of invasive outgrowths by acini
of HER2-overexpressing spheroids (Figure 7d). As
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Figure 4 Multicomponent activation of the TGFb/BMP module of HER2-overexpressing acini upon treatment with EGF.
(a) Untreated (blue line) and EGF-treated MCF10A/HER2 cells (red line) were grown in Matrigel. Total RNA was isolated at
the indicated time points, subjected to reverse transcription and analyzed by real-time PCR with primers specific to the indicated genes.
(b) Schematic presentation of the transcriptionally induced TGFb/BMP module. Narrow arrows indicate transcriptional upregulation
(except for BAMBI, which is downregulated) and P letters symbolize phosphorylation. ACVR, activin receptor; BMPR, BMP
receptor. (c) Immunoblot analysis was performed on HER2-overexpressing acini treated without or with EGF for the indicated time
intervals, using antibodies to BMPR2 and BAMBI. (d) MCF10A/HER2 cells were grown for 10 days in Matrigel in the presence of
EGF. Thereafter, EGF was removed and 24 h later cells were stimulated with BMP2 (10 ng/ml) for the indicated time intervals, before
immunoblotting using an antibody specific to the phosphorylated forms of SMAD1, 5 and 8. (e) MCF10A/HER2 cells were
transfected with small interfering RNA (siRNA) oligonucleotides specific to SMAD4 (or control siRNA), and grown for 48 h before
immunoblotting. (f) MCF10A/HER2 cells were transfected with control siRNA or with SMAD4 siRNA, and 48 h later they were
incubated for 12 h in Transwell chambers coated with Matrigel. Cells that invaded into the lower compartment were stained using
crystal violet. (g) Quantification of the migration signals of the cells presented in (f).
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(a) Total RNA was subjected to analysis of the indicated genes by PCR, as in Figure 4a. (b) Schematic presentation of the angiogenesis
module. Narrow arrows indicate transcriptional upregulation. AREG, amphiregulin. (c) Immunoblot analysis was performed on
HER2-overexpressing acini treated without or with EGF for the indicated time intervals, using hypoxia-inducible transcription
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Figure 6 LOXL2 and secreted integrin ligands are involved in the enhanced migratory response of HER2-overexpressing cells to
EGF. (a, b) MCF10A/HER2 cells (50 000 cells) were plated on type I collagen-coated Transwell chambers and then incubated for 24 h
in the absence or presence of recombinant LOXL2 enzyme (1 mM). Cells that invaded into the lower chamber of the Transwell
membrane were stained using crystal violet, photographed and relative cell invasion quantified in triplicates. (c, d) MCF10A and
MCF10A/HER2 cells (50 000 cells) were plated on type-I collagen-coated Transwell chambers and incubated for 24 h with EGF in the
absence or presence of a general matrix metalloproteinase (MMP) inhibitor (GM6001) or a LOX inhibitor (b-aminopropionitrile
(BAPN)). Cells that invaded into the lower part of the Transwell chamber were stained using crystal violet, and relative cell invasion
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time intervals, using MFGE8 or ILK antibodies.
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expected, inhibition of MFGE8 action by using an
integrin aV blocking antibody attenuated invasive
growth (Figure 7d), and stable knockdown of MFGE8
(Figure 7e) inhibited the EGF-induced formation of
invasive structures (Figures 7f and g). These effects of
MFGE8 were extended to HER2-overexpressing human
breast cancer cells grown in Matrigel. EGF treatment of
SKBR3 and BT474 cells increased the size, irregularity
and branching of their acini, but MFGE8-blocking
antibodies (to integrin aV) or a LOX inhibitor reversed
this phenotype, similar to the effect of the HER2-specific
antibody trastuzumab and the EGFR/HER2 dual
kinase inhibitor GW2974 (Supplementary Figure S5).
In conclusion, transcriptional induction of specific
ligands and their cognate integrins is essential for
EGF-induced invasion of HER2-overexpressing mam-
mary cells.

An in vitro-based cumulative gene signature predicts
survival of HER2-positive breast cancer patients
Our results demonstrated that coexpression of genes
belonging to three transcriptional modules, including
several genes known to precondition and nourish the
metastatic niche (for example, LOX and vascular endothe-
lial growth factor), accompanies the acquisition and
maintenance of an invasive phenotype in vitro. Assuming
that persistent expression of this molecular switch critically
determines the clinical outcome of patients with early-stage
invasive breast cancer, we evaluated the prognostic value of
these genes by using nine publicly available microarray
data sets as a training set (Supplementary File 3; sheet 1).
After excluding patients who received systemic adjuvant
treatment, genes from all three modules were individually
assessed through a Cox model with relapse-free survival
(RFS) in the HER2 subtype (Supplementary File 3; sheet
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2), and 25 genes of high prognostic value (Po0.1) were
selected (Supplementary File 3; sheet 3) as a combined
signature (hereafter HER2/EGF signature). This signature
provided a strong predictor of RFS in patients with
HER2þ tumors only (Figure 8a; upper row). Performance
of the signature was evaluated in an independent test set
comprising 344 patients who received no systemic adjuvant
therapy (Wang et al., 2005; Minn et al., 2007). This analysis
corroborated the ability of the HER2/EGF signature of 25
genes to discriminate patients with a favorable outcome
from those with high relapse rates, specifically in the
HER2þ subtype (hazard ratio¼ 4.1, 95% confidence
interval: 1.1–14.5, P¼ 0.03; see Figure 8a; lower row).

Using the test set, we compared the prognostic
performance of the HER2/EGF signature relative to
both clinical parameters and previously published gene
signatures (Figure 8b) for each breast tumor subtype. As
expected, the resulting Forest plots indicated that
several first-generation signatures, which were devel-
oped to derive prognostic guidance in patients with ER-
positive breast cancers, retained prognostic significance
in the ERþ/HER2� group, but none performed well in
the ER�/HER2� subtype (Figure 8b). In contrast,
HER2/EGF along with three recent gene signatures,
reliably predicted RFS in the HER2þ group, out-
performing not only histopathological characteristics,
but also the first-generation signatures. In conjunction
with the invasive phenotype that we observed in vitro,
the prognostic power of the HER2/EGF signature
supports a two-hit progression model for HER2-over-
expressing lesions, as we discuss below.

Discussion

HER2 is amplified in a large fraction of DCIS cases, but
only 20–25% of IDCs exhibit overexpression (Slamon
et al., 1987; van de Vijver et al., 1988). These
observations established the notion that HER2 acts as
a first hit, which is followed by a second, invasion-
promoting hit affecting only a fraction of DCIS lesions.
Previous reports proposed that TGFb (Seton-Rogers
et al., 2004) and 14-3-3-z (Lu et al., 2009) serve as second
hits. Similarly, a transgenic mouse model indicated that
HER2 and TGFa cooperate in mammary tumorigenesis
(Muller et al., 1996). On the basis of an in vitro 3D
cellular system and clinical data, the present study
identifies EGF-like factors as a potential second hit.

The following sequence of events may provide
biochemical grounds for the proposed two-hit model:

(i) HER2 induces proliferation and evasion from
apoptosis: Normally, mammary ducts acquire cavities
through cell divisions with the metaphase plates
perpendicular to the apical surface (Jechlinger et al.,
2009), and by disengagement of inner cell layers from
the basement membrane (Simpson et al., 2008). We
found that overexpression of HER2 endows cells with
transcriptional attributes that evade luminal apoptosis,
in line with a previous report (Debnath et al., 2002).
Concomitantly, HER2 signaling disrupts apical–basal
polarity (Figure 2a), likely by associating with components
of the PAR complex (Aranda et al., 2006).

(ii) GFs enhance an intraluminal response to hypoxia: It is
conceivable that decreased intraluminal oxygen levels
within filled structures initiate a rudimentary hypoxic
reaction, which is exaggerated by GFs (Figure 5b). More-
over, hypoxia is known to enhance metastatic potential
through the induction of matrix-modifying enzymes, which
increase matrix stiffness (Erler and Weaver, 2009; Levental
et al., 2009).

(iii) Collaborative induction of invasive growth: Neither
HER2 nor EGF can launch invasion across basement
membranes, but their collaboration is very effective. The
underlying mechanisms likely require amplification of
EGF-induced intracellular signals and coordinate activa-
tion of the BMP/TGFb, angiogenesis and integrin
modules. Congruently, ectopic expression of TGFb in
MCF10A cells expressing activated HER2 strongly induced
migration (Seton-Rogers et al., 2004; Ueda et al., 2004).

Based on results obtained with the 3D model system
and their reflection in clinical outcome (Figure 8a), we
propose that neither HER2 amplification nor the
presence of GFs is sufficient for development of IDCs,
but their co-occurrence can instigate metastasis.
According to the proposed model, expansion of foci of
ductal hyperplasia is limited by intraluminal apoptosis,
unless they overexpress HER2, which drives prolifera-
tion and forms DCIS. The more virulent scenario
combines HER2 amplification with GFs, thereby
switching a robust, autostimulatory program. This
model predicts that exposure to GFs can identify a
relatively aggressive class of HER2-overexpressing
tumors. Such GFs may derive from autocrine secretion,
or from paracrine sources including stromal cells,
surgical wounds (Tagliabue et al., 2003) and tumor-
associated myeloid cells (Rilke et al., 1991).

Although it is based on an in vitro cell-stroma system, the
predictive power of the HER2/EGF signature exceeds the
prognostic value of clinical parameters such as tumor size
and grade, but it remains restricted to patients belonging to
the HER2þ group (Figure 8b). In addition, the newly
defined signature outshines all previously described gene
signatures, except two good prognosis immune signatures
(STAT1 and IRMODULE) (Teschendorff et al., 2007;
Desmedt et al., 2008a) and the Decorin (DCN) signature
(Farmer et al., 2009). Future studies will examine the
possibility that GFs can serve as the long-awaited prognostic
markers of high-risk DCIS lesions. Already, the gene
signature we identified provides a novel tool to predict
prognosis in patients with HER2-overexpressing IDCs,
based upon on-going expression of an invasive program.
Whether this signature can also identify therapeutic targets
in patients with HER2-positive breast cancers is an
intriguing possibility that requires further investigation.

Materials and methods

Reagents, cells and buffers
MCF-10A cells were obtained from the ATCC (Manassas,
VA, USA) and maintained in medium containing 10 mg/ml
insulin, 0.1mg/ml cholera toxin, 0.5mg/ml hydrocortisone, 5%
horse serum and 10 ng/ml EGF. Recombinant MFGE8 was
from R&D Systems (Minneapolis, MN, USA).
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Figure 8 An invasive signature predicts survival of HER2-overexpressing patients. (a) Kaplan–Meier analyses of RFS of
breast cancer patients grouped into three major subtypes, according to ER and HER2 status. Nine breast cancer microarray data
sets were used as a training set (upper row), along with an independent test set (lower row; VDX data set; Supplementary File 3,
sheet 1). Tumors were stratified according to high (red), medium (green) or low (blue) expression of the HER2-associated invasive
signature comprising 25 genes (Supplementary File 3, sheet 3). Hazard ratios (HRs; average and 95% confidence interval), patient
numbers and P-values are indicated. Note that the prognostic value of the HER2/EGF signature is confined to the HER2 subtype.
(b) Forest plots summarizing HRs of relapse in the test set of breast cancer patients (VDX data set). The area of each square and its
arms respectively represent the number of patients and the 95% confidence intervals corresponding to the listed clinical parameters
(top part) and published gene signatures (lower part), including the HER2/EGF signature (highlighted bar) we describe herein. Note
that the red boxes indicate statistical significance and that the number of relapse events in low-grade ER�/HER� tumors was too small
for analysis.
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Retroviral infection
pBMN-HER2-IRES-EGFP (from Carlos Arteaga, Nashville,
TN, USA) was co-transfected with a retroviral packaging
plasmid pSV-c-env-MLV into 293T retrovirus-packaging cells
using FuGENE (Roche Applied Science, Indianapolis, IN,
USA). Cells were transduced with virus-containing medium
72h later and after 5 passages cells stably expressing GFP were
sorted by flow cytometry.

Cell proliferation assay
The MTT (3-(4,5-dimethylthiazol-z-yl)-2,5-diphenyl tetrazo-
lium bromide) was used as previously described (Pinkas-
Kramarski et al., 1996).

Morphogenesis assay
Trypsinized cells were re-suspended in Dulbecco’s modified
eagle (DME)/F12 medium supplemented with 2% horse
serum, insulin, cholera toxin and hydrocortisone. Eight-
chambered plates (BD Biosciences) were coated with 35 ml
growth factor reduced Matrigel (BD Bioscience) per well. The
cells were mixed 1:1 with assay medium containing Matrigel
(4%) and EGF (20 ng/ml), and 400ml added to each chamber.

Indirect immunofluorescence
Acini were fixed in methanol–acetone and slides blocked in
goat serum (10%) containing buffer. Secondary blocking was
performed in buffer containing goat anti-mouse F(ab0)2
fragments (20 mg/ml). Primary antibodies were incubated
15–18 h at 4 1C and secondary antibodies for 1 h. Confocal
microscopy was performed using Bio-Rad Radiance 2000
microscope (Bio-Rad, Oberkochen, Germany).

Quantitative PCR and oligonucleotide microarrays
RNA was isolated using a Versagene kit (Gentra Systems,
Minneapolis, MN, USA). Complementary DNA was gener-
ated using Invitrogen SuperScriptII (Invitrogen, Carlsbad,
CA, USA). Real-time PCR was performed using SYBR Green
I (Carlsbad, CA, USA). All experiments were carried out in
triplicates, and results were normalized to b2 microglobulin.
For microarrays, 1.0mg RNA was labeled, fragmented and
hybridized to Affymetrix HuGENE 1.0 ST oligonucleotide
arrays (Applied Biosystems, Foster City, CA, USA). Primer
sequences are listed under Supplementary File 3 (sheet 4).

Microarray data analysis
CEL files were normalized according to the ‘sketch quantile
RMA’ algorithm (Affymetrix Expression Console). The value 5
(log2 scale) served as threshold. Because of technical reasons we
excluded samples from day 3 of the EGF-untreated group. Pair-
wise comparisons consisted of two tests. (1) Find (t-test; FDR 5%)
genes whose average expression in the experiments involving the
two cell types was different. (2) Identify genes whose expression
exhibited significant variation over time. (3) Differentiating genes
are the union of the two lists obtained by (1) and (2).

Analysis of public gene expression data sets
Ten breast cancer microarray data sets were used. Hybridiza-
tion probes were mapped to Entrez GeneID as described (Shi
et al., 2006). RFS was used as an end point. If RFS was not
available, we used distant metastasis-free survival. We
censored the survival data at 10 years to have comparable
follow-up (Haibe-Kains et al., 2008; Desmedt et al., 2008a).
Molecular subtypes were defined by model-based clustering in
a two-dimensional space defined by ESR1 (ER) and ERBB2
(HER2) scores (Desmedt et al., 2008b).

Development of the HER2/EGF signature
The HER2/EGF metastasis index was computed for each
sample:

index ¼ 1

Sj j
X

i2S

xi

where S is the set of genes used to compute the index, and xi is
the expression of a gene included in S. Genes in S were identified
if they were significantly associated with prognosis in the
HER2þ subgroup (training set). Each index was rescaled such
that quantiles 2.5 and 97.5% are equaled to �1 and þ 1,
respectively. We estimated hazard ratios using Cox regression
(Cox, 1972). For ternary classification of individual gene
expressions, signature scores or the HER2 metastasis index,
the cutoffs were selected to be the tertiles in each data set and in
each subtype separately. The resulting ternary classification was
encoded as 0, 0.5 and 1 for the low, intermediate and high
groups, respectively. The Kaplan–Meier product-limit estimator
was used to display time to event curves based on this
classification. Log-rank tests were used to test differences
between curves (Therneau and Grambsch, 2000). Sensitivity
and specificity for binary classifications were estimated through
the nearest neighbor estimation method used in time-dependent
receiver operating characteristic curves (Heagerty et al., 2000).
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LEGENDS TO SUPPLEMENTARY FIGURES

Supplementary Figure S1. HER2 heterodimers and their kinase activity are involved in 

the increased invasiveness of HER2-overexressing MCF10A monolayers and acini

A: MCF10A cells  were  plated  in  MatrigelTM in  the  presence  of  EGF (20 ng/ml;  regular 

medium), or in the absence of exogenous EGF. A third culture dish was incubated in the 

presence of Cetuximab (10 µg/ml), an EGFR-blocking antibody, in the absence of EGF.

B: MCF10A  cells  were  infected  with  retroviral  particles  (pBMN-HER2-IRES-EGFP) 

encoding HER2 and GFP, and stably expressing clones (VH: very high; H: high; M: medium) 

tested for expression of ectopic HER2 using immunoblotting (IB). Parental cells (WT) and 

cells infected with an empty vector (Vec) are also shown. The right hand panel shows HER2 

expression levels in the three sublines of MCF10A-HER2 cells and in two breast cancer cell 

lines. Whole cell extracts and immunoblotting (IB) were employed. HER2 expression levels 

were normalized according to the cellular level of ERK2 (lower panel).

C: Phase microscopy images of structures formed by the indicated cells plated in MatrigelTM 

and treated  for  10  days  with  EGF or  with  NRG-1β.  Arrows indicate  invasive  structures 

(bar=50 micrometer).

D: Morphometric image analysis of 120 acini treated as in C for 10 days. 

E: MCF10A and MCF10A-HER2 cells were stimulated for 10 minutes at 37°C with EGF (10 

ng/ml). Cells were later extracted in the presence of a crosslinking reagent (BS3; 2mM) and 

lysates  subjected  to  immuoprecipitation  (IP)  with  anti-HER2  antibodies,  followed  by 

electrophoresis  (using  a  6.5%  polyacrylamide  gel)  and  immunoblotting  (IB)  with  the 

indicated antibodies. Monomers and dimers are indicated.

F:  MCF10A  cells  stably  overexpressing  a  kinase-dead  mutant  of  HER2  (D845N)  were 

established by viral infection. Monolayers of drug-selected cells, expressing wild type HER2, 

D845N-HER2 or an empty GFP vector, were serum starved for 24 hours and then stimulated 



with EGF (20 ng/ml) for 5 minutes. Cell extracts were subjected to immunoblotting (IB) with 

the indicated antibodies, including an antibody to the HER2’s phosphorylation site at tyrosine 

1248.

G:  MCF10A cells stably expressing a kinase-dead mutant of HER2 (D845N) were plated in 

MatrigelTM in  the  presence  of  EGF or  NRG-1β  (each  at  20  ng/ml).  Confocal  images  of 

individual  acinar  structures  were  obtained  at  the  indicated  time  points  (scale  bar=50 

micrometer). Note that each series represents time-lapse images taken from the same acinus.

Supplementary  Figure  S2:  Analysis  of  transcripts  expressed  by  control  and  HER2-

overexpressing MCF10A cells

A: Expression heatmaps of genes that differentiate MCF10A-HER2 from MCF10A cells at 

increasing time of growth in extracellular matrix. Genes that were up-regulated in MCF10A-

HER2 cells are marked by a rectangle.

B and C: Expression heatmaps of the subsets of the genes shown in A that belong to the Cell 

Proliferation (B), Cell Survival and Pro-apoptosis (C) GO terms. 

Supplementary Figure S3. Transcriptomic similarities of HER2-overexpressing DCIS 

lesions and spheroids formed in vitro by MCF10A-HER2 cells

A: Comparison of heatmaps of genes differentially expressed in either MCF10A-HER2 (vs. 

MCF10A) cells cultured for the indicated times, or in normal mammary tissues vs. HER2-

overexpressing DCIS lesions. A false discovery rate (FDR) of 20% was used as threshold. 

The comparison yielded 268 concordant  genes,  of which 246 genes were up-regulated in 

HER2-overexpressing spheroids or lesions (p=1.46E-11; significant hypergeometric p value). 



B: Annotation analysis of the concordant list of up-regulated genes from A, arranged by the 

respective FDR values. Number of genes (n) and p values are indicated. Note enrichment for 

proliferation and survival genes. 

C: Expression heatmaps of specific concordant genes (from A) belonging to the indicated 

GO terms. 

Supplementary Figure S4. Stimulation with EGF induces the disruption of the Laminin 

V envelope and enhances directional outgrowth of HER2-overexpressing of spheroids

Phase microscopy images of MCF10A and MCF10A-HER2 spheroids that were grown for 5 

days in MatrigelTM, and then incubated with biotinylated EGF-coated streptavidin beads for 

48 additional hours. Dotted circles indicate the positions of beads. The yellow arrows mark 

invasive structures and the white arrows label non-invasive structures.

Supplementary Figure S5:  Effects  of  specific  drugs on  EGF-induced invasiveness  of 

HER2-overexpressing breast cancer cell lines grown in extracellular matrix

SKBR3 and BT474 cells were plated in  MatrigelTM  and treated without or with EGF for 4 

days. Thereafter, the cultures were grown for 8 additional days in the absence or presence of 

the indicated concentrations of the anti-HER2 antibody Trastuzumab (25 µg/ml), the dual 

HER2  and  EGFR  kinase  inhibitor,  GW2974  (100  nM),  the  lysyl  oxidase  inhibitor,  β-

aminopropionitrile (BAPN; 200 nM), or a blocking antibody to integrin alpha 5 (25 µg/ml). 

The phase contrast images were taken on day 12.
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