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Abstract

Our model of the bovine estrous cycle is a set of ordinary differential equations which generates hormone profiles of successive
estrous cycles with several follicular waves per cycle. It describes the growth and decay of the follicles and the corpus luteum,
as well as the change of the key reproductive hormones, enzymes and processes over time. In this work we describe recent
developments of this model towards the administration of prostaglandin F2�. We validate our model by showing that the
simulations agree with observations from synchronization studies and with measured progesterone data after single dose
administrations of synthetic prostaglandin F2�.
© 2012 Elsevier Inc. All rights reserved.
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1. Introduction

Throughout the last decades, increasing amounts of
biological data have become available, and mathemat-
ical modeling aims at relating and interpreting these
data with the help of powerful computational tools and
efficient algorithms. As part of the rapidly expanding
research field systems biology, this approach is highly
interdisciplinary, and requires a close collaboration be-
tween mathematicians and natural scientists. Although
a few models are already available [1–4], systems bi-
ology modeling in animal sciences is still at an early
stage of development [5].

The purpose of this paper is to demonstrate how
dynamic mathematical models can enhance the under-
standing of synchronization in the bovine estrous cycle.

* Corresponding author. Tel: �49 30 84185 335; Fax: �49 30
84185 107
E-mail address: stoetzel@zib.de (C. Stötzel).

093-691X/$ – see front matter © 2012 Elsevier Inc. All rights reserved.
ttp://dx.doi.org/10.1016/j.theriogenology.2012.04.017
The model used in this article is based on a model that
was presented in previous studies [4,6]. It describes the
key feedback mechanisms within the bovine estrous
cycle, and generates hormonal profiles of successive
estrous cycles over time. The long-term goal of devel-
oping such a model of the endocrine mechanisms in the
bovine is to assist with research and application in drug
testing, management decision making, or therapeutic
strategies. On the one hand, we want to contribute to a
better understanding of the complex biological mecha-
nisms that drive the estrous cycle, and on the other hand
we aim to exploit the predictive abilities of such a
mathematical model, e.g., by simulating external influ-
ences. The short-term goal and current aim of this
article is to validate and improve the existing model,
thus to make a step towards a reliable model, which
makes predictions more adequate.

The starting point of our work was the validation of

the model used in [6]. For this purpose we investigated
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how adequately the model simulations match available
information. Experimental data required for model val-
idation would for example consist of measured hor-
monal concentrations of healthy, untreated, individual
cows at different stages of estrous cycle. Unfortunately,
measurements published in literature are rare and do
often not meet the requirements for validation; ob-
served time scales are often too small or too coarse, or
too few substances are measured. Therefore, we were
looking for alternative information that we could mon-
itor with the model. We wanted to check the correct-
ness of the model for a specific scenario where the
system answer is known. More precisely, synchroniza-
tion protocols [7] drew our attention to prostaglandin
F2� (PGF2�). In veterinary medicine, PGF2� and its
analogues are administered to cows mainly to make use
of their luteolytic action, e.g., in estrus synchronization
protocols. It is known that the sudden rise of this
hormone at certain stages of the estrous cycle results in
an immediate decay of the responsive corpus luteum
(CL), and an immediate fall of progesterone levels in
plasma. In a first validation step of our model, we
simulated the administration of PGF2� and compared
he outcome of our simulation with known responses
eported in literature. Furthermore, we used measure-
ents taken after single injections of PGF2� to validate

our simulation.
The above described validation is an iterative pro-

cess. Whenever simulations with the original model
were not satisfactory, adjustments to the model were
made. In particular, during simulations for the admin-
istration of hormones, we figured out that this model
still had some shortcomings regarding the growth and
decay of the CL. A replacement of mechanisms in-
volved in ovulation and the refinement of luteolysis
became necessary.

The objective of this paper is to describe the adjust-
ments to the original model, and to show that the
advanced model captures the known effects after
PGF2� administration.

2. Materials and methods

Our modeling approach aims to reproduce how the
various components involved in the bovine estrous cy-
cle function together. Instead of only investigating in-
dividual parts, we describe the biological system on the
whole-organism level, in order to capture the most
important dynamic feedback mechanisms. We mostly
consider regulatory mechanisms (inhibitory and stimu-

latory effects of hormones), and model them as contin- o
uous functions over time. The model in [4] was con-
structed by first defining a number of key components
of the system and their interactions, which were then
represented in a flow chart. Subsequently, a set of
differential equations was derived to describe the rela-
tions within the flow chart mathematically. For every
model component, e.g., a hormonal concentration or the
follicular capacity to produce hormones, one ordinary
differential equation (ODE) was developed. The depen-
dencies between the components are described in the
right hand sides of the ODEs. Hill functions are used to
model inhibitory and stimulatory relations. A slightly
modified version of the model in [4] with improved
luteolysis was used in [6], which we will refer to as the
original model in the following. The model derived in
this paper is the result of several adjustment of the
original model, which will be described in detail. An
overview of the final model is given in Figure 4. As we
aim to validate our model with the help of external
manipulations, we will describe the background of this
administration first, before going into the details of the
model advancements.

2.1. Background of PGF2� administration - estrus
synchronization protocols

Protocols of estrus synchronization consist of consec-
utive administration of different hormones or their ana-
logues following a certain order. They have the goal to
synchronize the estrus of individual females in order to
facilitate timing of following artificial insemination, inde-
pently of estrous cycle stage at the start of the protocol.
They are commonly used in cattle and in other domestic
and non-domestic species [8]. Our approach to validate
the model of the bovine estrous cycle was to include
synchronization protocols as described in [7,9]. Here, we
restrict ourselves to single and double administrations of
PGF2�, which is used in these protocols as single or
ouble injection. We model the administration of PGF2�

at different stages of the estrous cycle.
The PGF2� is responsible for the onset of luteolysis

n the cow. With luteolysis the luteal phase of the cycle
nds and a new estrus can take place. The PGF2�

induces functional luteolysis by reducing progesterone
production followed by structural luteolysis with tissue
degeneration and cell death [10,11]. The PGF2� is syn-
thetized in the endometrium and released in pulses,
regulated by estradiol (E2), progesterone (P4) and oxy-
ocin (OT) during the estrous cycle [12–14]. In animal
roduction, administration of synthetical analogues of
GF2� (e.g., Cloprostenol, Luprostiol, Tiaprost) or

riginal PGF2� (e.g., Dinoprost) is used for various pur-
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poses in the cow, such as induction of estrus or synchro-
nization protocols. The effect of the treatment depends on
the stage of estrous cycle which determines the respon-
siveness of the CL on the luteolytic effect of PGF2� [11].
At midluteal stage of the estrous cycle administration of
PGF2� leads to luteolysis within a few hours. This results
in a decrease of P4 concentration, increase of E2, a peak of
he Luteinizing Hormone (LH) and ovulation [15].

Virtual administration of PGF2� to the cow model
was conducted on various days of the estrous cycle.
With the original model, the simulation outcome of the
model after PGF2� application was not as expected,
which gave us a starting point to improve the model.

2.2. Advancements in the model

To improve the model with respect to the expected
effects of a single PGF2� injection, we introduced some
ew features which are described in this section. A list
f the Hill functions—sigmoidal functions to model
nhibitory or stimulatory effects as described in [4]—
an be found in Appendix B. Here H� and H� denote

scaled positive, respectively negative Hill functions.
Parameter values are specified in Appendix C.

In the former model, the equation for the CL de-
scribed the change of the capacity of the CL to produce
P4. For reasons described later in this section, we now
interpret this equation as the development of the size
(e.g., diameter) of the CL over the cycle. This is also
advantageous as soon as we deal with ultrasound mea-
surements for the corpus luteum. Likewise, the equa-
tion for the follicles (Foll) now describes the develop-
ment of the total size of all follicles.

2.2.1. Drug administration
We add an additional model component for ana-

logues of PGF2�, denoted PGFsyn in the following. It is
reported that PGF2� and its analogues have a very short
alf-life [16,17], thus we chose to model PGFsyn with a
apid decay. Furthermore, it is known that PGF2� ana-
ogues have an up to three times higher biological
ctivity than original PGF2� [17]. Even low doses of

PGFsyn cause a peak in PGF2� that exceeds the natural
level [18]. Due to this high potency of PGFsyn, we
hose to model PGFsyn with a three times higher rela-
ive level compared to normal PGF2� levels. We model

the effect of the synthetical analogue by summing the
level of PGFsyn to the normal PGF2� level.

To model the rise of PGFsyn in the system, we take a
function which is zero before dosing time (tD), and has a
sharp left-skewed peak with maximum shortly after tD.
This leads to a slight delay in the effect of the injection. As

suggested in [19] and based on techniques described in
[20], we take the probability density function of the Gam-
ma-distribution with fixed shape parameter � � 2, and
inverse scale parameter � leading to a left-skewed curve
which has its maximum at t � 1/�. The change of con-
entration of synthetic PGF2� is calculated as

d

dt
PGFsyn(t) � D · �2 · tmod(t) · exp (�� · tmod(t))

� cPGFsyn
· PGFsyn (t).

he parameter D represents the amount of administered
rug scaled to obtain the designated height of the rel-
tive level of PGFsyn, see Figure 1. The parameter

cPGFsyn denotes the clearance rate constant of PGFsyn.
he modified time function tmod denotes time after
osing, and is given by

tmod(t) � max(0, t � tD)

The rise of PGFsyn is large right after dosing time and
approaches zero quickly thereafter, leading to a rapid
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2.2.2. Improvement of luteolysis
In [4], the rise of PGF2� triggering the decay of

the CL was modeled as a black box, depending with
large delays on P4 only. In [6], this was improved as
nzymes were introduced that stimulate PGF2�, and
he model became more robust. However, in simu-
ating the administration of PGF2� we detected that

the modeling of luteolysis still had some shortcom-
ings. It is known that after the administration of
PGF2� the responsive CL decays immediately [21].
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PGF2�, to appear a couple of days later compared to
the original model. To account for this effect, we
now model the mechanisms that lead to a rise in
PGF2� differently. The development of the model
regarding luteolysis is illustrated in Figure 2.

Instead of leaving only the enzymes (Enz) being re-
sponsible for PGF2� levels as in [6], we now also include
OT as another initiator of PGF2� [22]. The E2 stimulates
OT synthesis in the granulosa cells [23] and the effect
of OT on PGF2� [13]. We assume that OT production
depends on the surface of the CL and thus quadratically on
CL size, and that it is cleared with constant rate cOT. The
equation for the rise and fall of OT is now

d

dt
OT (t) � H17

� (E2) · CL(t)2 � cOT · OT (t).

The OT together with Enz are now responsible for the
rise of PGF2�. With the function H16

�(Enz & OT),
hich represents a stimulatory effect if the levels of
nz and OT are both high, and the constant clearance

ate cPGF, the equation for PGF2� becomes

d

dt
PGF(t) � H19

� (Enz&OT) � cPGF · PGF(t).

In the former model, PGF2� triggered luteolysis di-
ectly, independent of estrous stage. However, it is
nown that the CL is resistant to the action of PGF2� at

early luteal stage. We therefore remodeled the action of
PGF2� on the CL. According to [11], the direct action
f PGF2� on the CL is mediated by local factors: endo-

thelin-1-system, cytokines, and nitric oxide. The expres-
sion of these interovarian substances is upregulated by
PGF2�, and strictly depends on the stage of the CL. Sum-

arizing these local factors, we introduce a new compo-
ent to our model and call it interovarian factors (IOF).
OF is stimulated by PGF2� only if the CL has reached a

certain size, and is cleared with constant rate cIOF,

d

dt
IOF(t) � H18

� (PGF&CL) � cIOF · IOF(t).

The rise of the interovarian factors now induces
luteolysis.

2.2.3. Improvement of ovulation
In the original model, LH was the initiator of ovulation,

responsible for decay of the dominant follicle, and at the
same time the initiator of the rise of the CL 4.5 days after
the LH peak. A delay differential equation was needed to
model this effect. The atretic follicles disappeared from
the system, and the CL emerged independently of the size

of the just ovulated dominant follicle.
However, it is known that thecal and granulosa cells
of the ruptured follicle transform to small and large
luteal cells which form the rising CL [24]. Therefore, to
make the model more realistic and to be able to account
for different sizes of the dominant follicle [25], we
changed the involved mechanisms. The ovulatory fol-
licle now directly influences the initiation of CL
growth, and no further delay differential equation is
needed. The old and new mechanisms are illustrated in
Figure 3. The equations for the follicular size (denoted
Foll) and the CL are modified as follows:

d

dt
Foll(t) � H̃11

� (FSHBld) � (H12
� (P4)

� H13
� (LHBld)) · Foll(t),

d

dt
CL(t) � SF · H13

� (LHBld) · Foll(t) � H14
� (CL)
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Fig. 3. Changes in the mechanisms involved in ovulation. “�” marks a
stimulatory effect, “T” denotes a threshold within a Hill function. Arrows
without description mean a transitition, and “�” marks a degraded sub-
stance. In both models, ovulation includes the degradation of the follicles,
and the formation of the CL, triggered by LH. In previous models (A), the
CL arose independently from the size of the follicles, only regulated by the
timepoint of the LH peak. In (B), a new dependency is introduced as
the degraded follicles transform to the newly arising CL, making thus the
size of the CL directly dependent on the follicles.
� H15
� (IOF) · CL(t).
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In the model, the part of the follicles decaying due to
LH, i.e., the ovulated follicle, is now preserved in the
system, forming the rising CL. The scaling factor SF is
included to keep the relative levels of the substances
between 0 and 1. Further growth of the CL is still
modeled by a self-growth, i.e., a positive influence of
the CL on its own size from a certain size on. Since the
CL therefore starts to grow earlier now, the threshold
and rate of self-growth have been adjusted.

2.2.4. Further modifications
Because the development of the CL depends on

three mechanisms (an initiating impulse from LH, a
self-growth and the decay caused by the interovarian
factors), the level of the CL changes as follows: Right
after ovulation the CL starts to grow, reaches the size
needed for self-growth, and then grows with constant rate
until the rise of PGF2�. In the original model, with the
former mechanisms of delayed rise of the CL after ovu-
lation, the course of CL was interpreted as “capacity to
produce P4”, and thus the P4 profile looked similar. Avail-
able experimental data for P4 lead us to modify its pro-
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duction in the model. In particular, data from a study with c
single dose PGF2� administration showed that the P4 pro-
le stayed low for about 10 days after the PGF2� admin-

stration. Therefore, and since it is known that P4 produc-
tion of the CL is not absolutely proportional to the CL size
[26], the mechanisms leading to the rise of P4 were ad-
justed to obtain a P4 production which is lower at start of

L growth compared to later luteal stages. We now in-
erpret the equation for CL as development of the “size of
he CL”, and assume that production of P4 depends on the

surface size and thus quadratically on CL. The equation
for P4 becomes

d

dt
P4(t) � cCL

P4 · CL(t)2 � cP4 · P4(t).

In the former model, the capacity of the follicles to
produce E2 and inhibin (Inh) was described in one
quation, and E2 and Inh levels were proportional to the

relative level of this component. For consistency rea-
sons we now also assume a quadratic relationship be-
tween the follicles and E2, respectively Inh, and the
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d

dt
E2(t) � cFoll

E2 · Foll(t)2 � cE2 · E2(t),

d

dt
Inh(t) � cFoll

Inh · Foll(t)2 � cInh · Inh(t).

Diminishing the former delay for inhibin on FSH has
been possible by augmenting the threshold for in-
hibin until its negative influence on FSH synthesis
arises, at the same time steepening the regulatory
effect on FSH. Moreover, the production rate of
inhibin as well as its clearance rate have been low-
ered in order to defer the simulated inhibin curve.
The FSH threshold for its influence on the follicles
has also been increased. The fact that we were able to
dispose of this delay without changing the differen-
tial equation at all was only possible because the
delay was quite short (1.41 days in [6]).

A flow chart of the complete mechanisms of the
model is shown in Figure 4.

3. Results and discussion

The here presented advanced model of the bovine
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estrous cycle consists of 15 ordinary differential equations
and 60 parameters, generating successive estrous cycles of
21 days with three follicular waves per cycle. It does not
contain time delays anymore. Therefore, there is no longer
a need for a delay differential equation solver. We now
use a linear implicit Euler method with extrapolation,
implemented in the code LIMEX [27]. Parameters are
identified with the software NLSCON developed at the
Zuse Institute. This software uses subtle mathematical
techniques, such as affine covariant Gauss-Newton meth-
ods that take into account sensitivities and linear depen-
dencies of the parameters [28,29].

Our model of the bovine estrous cycle is dimen-
sionless in the sense of [30], i.e., the numerical
values of the components are independent of the
standard of measurement. Simulated hormone levels
and ovarian components have been scaled to be be-
tween 0 and 1 by dividing the equation by its max-
imum output level. Once we have measurement data
available we will scale the functions to the corre-
sponding quantities by scaling the involved parame-
ters. This can be done because until now none of the
parameters has a fixed value verified by experiments.
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3.1. Simulation of single administration of PGF2� at
ifferent stages of the cycle

The changes in the model described in the previous
ection have led to the following changes in the simulation
esults (Fig. 5). In contrast to the previous model, after
dministration of PGF2� on Day 10 after ovulation the CL
ow decays immediately to zero. P4 levels follow shortly

after. Right after administration, PGF2� does not have high
levels right anymore, but stays low for 21 days. The most
important difference between the outcome of the former and
the advanced model can be observed in the follicles. Before,
the administration of PGF2� did not affect regular fun-
tion, anovulatory waves stayed anovulatory. Now, the
ext arising follicular wave does not decay but contin-
es to rise, leading to ovulation.

In Figure 6 we can observe that virtual administra-
ion of PGF2� in the early luteal stage does not lead to
decay of the CL, while at later time points of the cycle

t results in an immediate decay of the responsive CL,
n LH peak, and ovulation during the following follic-
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dministration, in (B) we can observe that giving PGF2� ten days af
ays after administration.
lar wave. d
.2. Simulation of repeated administration of PGF2�

at different stages of the cycle

As described in Section 2.1, protocols of estrus syn-
chronization often contain two administrations of
PGF2�. It is known that the success of these protocols
depends on the time interval between the two doses
[31]. We thus investigated several time intervals with
our model. In Figure 7, the effect of this application on
he follicles is shown. On day zero, PGF2� is adminis-
ered to six cows in different phases of their cycles. A
igh peak in the course of Foll of a cow corresponds to
he ovulatory wave of this cow. As can be observed in
igure 7A, a single dose of PGF2� results in an ovula-

tion in the next follicular wave in some cows (cow3,
cow4, cow5, cow6), while in other cows (cow1 and
cow2) it does not have any effect. In Figure 7B, a
second dose of PGF2� is given to the same cows seven
ays after the first application. Here too, some cows
re affected by this administration (cow1 and cow2
re responsive), while others are not affected. This is
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CL is not responsive to PGF2� early after its rise. The
cows affected by the first dosage are now in the early
luteal stage and thus not responsive to the second
dosage, while the cows not responsive at the first
administration are now in a later luteal stage where
they respond to PGF2�. This suggests giving the
econd application when the cows affected by the
rst dosage are again in the phase of their estrous
ycle where they have a responsive CL. In Figure
C, the second dose is given 14 days after the first
ose, leading to a synchronization effect within al-
ost all of the cows under investigation.
Before the first administration to the cows in Figure
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Fig. 7. Simulation results for the follicles of six different cows d
administration, when the cows are each in a different stage of their est
In (A), a single dose of PGF2� is given, which impacts the cycle of at
fter the first dosage, now influencing the cycle of two other cows (co
ow influencing four cows (cow3, cow4, cow5 and cow6).
, the ovulation timepoints of the cows were evenly c
istributed, while after double administration within 14
ays they were brought much closer together, such that
he cows ovulate within a timespan of 4.5 days. This is
onsistent with the double injection 11 to 14 days
part in common synchronization protocols as re-
iewed in [31]. Only for some cows in a certain stage
f their cycle (e.g., cow 5 in Fig. 7C), the synchro-
ization effect in our model is not as desired, which
s in line with observations after presynch protocols
32]. Nevertheless, this result validates our model in
he sense that it captures the known effects after this
ertain external manipulation of the bovine estrous
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3.3. Comparison with progesterone measurements
after single administration of PGF2�

In a recent study performed at the institute of animal
reproduction, Department of Veterinary Medicine at
Freie Universität Berlin, a single dose of 5 mg PGF2�

was injected to seven cows, and plasma progesterone
concentrations were measured before and after the ad-
ministration. In particular, blood was collected every
morning (8:00h) and evening (17:00h) before the injec-
tion, every four h after the injection, and twice a day
after ovulation, detected by ultrasound.

Model parameters have been identified so that the
simulated P4 level matches the given data. Note that we
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Fig. 8. Simulation of a single dose of PGF� and its impact on other
components of the model. Parameters have been fitted such that the
simulated P4 levels match the given experimental P4 data. With the set
of identified parameters, we can investigate the course of the other model
components. In particular, we can observe that ovulation occurs six days
after injection. (C) Relative levels of selected other hormones.
now observe and simulate concentrations instead of rela- c
tive levels for progesterone. Certain parameter units there-
fore have to be adapted adequately. In Figure 8A an
example of measured P4 concentrations for one of the
examined cows is shown, together with the simulated P4

concentration. Ovulation has been detected by ultrasound
a couple of days after the PG injection. This is well
captured in the simulation. Not only does this approve our
model, we can also observe substances that are not mea-
sured within the experiment, and our simulation gives us
insight into the development of these substrates after a
single PGF2� injection. For example, in Figure 8C we
observe a GnRH peak after administration of PGF2�,

hich can be understood as an increase in pulse frequency
nd is in the scope of expected observations.

. Conclusions

In this work we have enhanced the model of the
ovine estrous cycle which was introduced in [4,6]
owards the simulation of synchronization protocols.

e have replaced the mechanisms regarding ovulation
nd refined the modeling of luteolysis. The new com-
onents representing oxytocin and interovarian factors
ave been introduced, integrated, and connected to the
ther components of the model. To eliminate time de-
ays, certain growth and decay rates, as well as several
hresholds and steepness factors have been adjusted. To
ccount for effects observed in experimental data, the
elationship between CL growth and the rise of P4

levels has been modified, the action of Foll has been
adjusted accordingly. We have validated our model by
capturing the synchronization effect of double PGF2�

administration. In our model, the responsiveness of the
corpus luteum is the decisive factor for synchronization
effects after PGF2� injection.

We have shown simulation results for cows with
three follicular waves per cycle. Different parameter-
izations can also lead to cycles with different wave
numbers or irregular wave patterns, but those simula-
tions would go beyond the scope of this work. The
original motivation of developing a model of the bovine
estrous cycle [4] was to better understand the underly-
ng biological mechanisms and dynamics, but this mo-
ivation is not exclusive.

In the future, the model of the bovine estrous cycle
ould be used within study planning or evaluation, for
ducational purposes or to assist management deci-
ions. The model could be integrated into existing mod-
ls, e.g., metabolic networks [1]. New models could
lso be developed for other aspects interacting with the

ycle, e.g., stress, negative energy balance, or milk
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production, and then coupled to the model presented in
this work. Further applications could be the modeling
of pathologic situations, e.g., cystic ovarian disease,
anestrous, or inflammation. The model could be used to
deeper investigate their interaction with fertility hor-
mones of the cow. Further, an optimal control problem
could be formulated to design synchronization proto-
cols regarding optimal dosing and frequency. A future
refinement could require the inclusion of reactions that
take place on single-cell level, e.g., receptor binding
mechanisms as in [33]. The level of detail will be
adjusted according to the applications. The direction of
future research will highly depend on future collabora-
tions and input from animal reproduction experts. The
prospectives will thus depend crucially on the available
experimental data and interest of animal scientists in
systems biology methods.

Acknowledgments

The authors would like to thank Marike Boer for
discussions about luteolysis, Vishal Suthar for provid-
ing the progesterone data from the PGF2� study, and

eter Deuflhard for the provided support. Susanna Rö-
litz and Claudia Stötzel have been supported by the
FG Research Center MATHEON ‘Mathematics for Key

Technologies’ in Berlin, Germany.

References

[1] Baldwin RL. Modeling Ruminant Digestion and Metabolism.
Chapman & Hall 1995.

[2] Hill SR, Knowlton KF, Kebreab E, France J, Hanigan MD. A
model of phosphorus digestion and metabolism in the lactating
dairy cow. J Dairy Sci 2008;91:2021–32.

[3] Dijkstra J, Neal HD, Beever DE, France J. Simulation of nutri-
ent digestion, absorption and outflow in the rumen: model
description. J Nutr 1992;122:2239–56.

[4] Boer HMT, Stötzel C, Röblitz S, Deuflhard P, Veerkamp RF,
Woelders H. A simple mathematical model of the bovine es-
trous cycle: follicle development and endocrine interactions. J
Theor Biol 2011;278:20–31.

[5] Woelders H, Te Pas MFW, Bannink A, Veerkamp RF, Smits
MA. Systems biology in animal sciences. Animal 2011;5:
1036 – 47.

[6] Boer HMT, Röblitz S, Stötzel C, Veerkamp RF, Kemp B,
Woelders H. Mechanisms regulating follicle wave patterns in
the bovine estrous cycle investigated with a mathematical
model. J Dairy Sci 2011;94:5987–6000.

[7] Stevenson JL, Dalton JC, Santos JE, Sartori R, Ahmadzadeh A,
Chebel RC. Effect of synchronization protocols on follicular
development and estradiol and progesterone concentrations of
dairy heifers. J Dairy Sci 2008;91:3045–56.

[8] Schiewe MC, Bush M, Phillips LG, Citino S, Wildt DE. Com-

parative aspects of estrus synchronization, ovulation induction,
and embryo cryopreservation in the scimitar-horned oryx,
bongo, eland, and greater kudu. J Exp Zool 1991;258:75–88.

[9] Lauderdale JW. ASAS centennial paper: contributions in the
journal of animal science to the development of protocols for
breeding management of cattle through synchronization of es-
trus and ovulation. J Anim Sci 2009;87:801–12.

10] McCracken JA, Custer EE, Lamsa JC. Luteolysis: A neuroen-
docrine-mediated event. Physiol Rev 1999;79:263–323.

11] Skarzynski DJ, Ferreira-Dias G, Okuda K. Regulation of luteal
function and corpus luteum regression in cows: hormonal con-
trol, immune mechanisms and intercellular communication. Re-
prod Domest Anim 2008;43:57–65.

12] Silvia WJ, Lewis GS, McCracken JA, Thatcher WW, Wilson L
Jr. Hormonal regulation of uterine secretion of prostaglandin
F2� during luteolysis in ruminants. Biol Reprod 1991;45:
655–63.

13] Asselin E, Goff AK, Bergeron H, Fortier MA. Influence of sex
steroids on the production of prostaglandins F2� and E2 and
response to oxytocin in cultured ephithelial and stromal cells of
the bovine endometrium. Biol Reprod 1996;54:371–99.

14] Xiao CW, Liu JM, Sirois J, Goff AK. Regulation of cycloox-
ygenase-2 and prostaglandin F synthase gene expression by
steroid hormones and interferon-� in bovine endometrial cells.
Endocrinology 1998;139:2293–9.

15] Schallenberger E, Schams D., Bullermann B, Walters DL. Pul-
satile secretion of gonadotrophins, ovarian steroids and ovarian
oxytocin during prostaglandin-induced regression of the corpus
luteum in the cow. J Reprod Fertil 1984;71:493–501.

16] Stellflug JN, Louis TM, Hafs HD, Seguin BE. Luteolysis, estrus
and ovulation, and blood prostaglandin F after intramuscular
administration of 15, 30 or 60 mg prostaglandin F2�. Prosta-
glandins 1975;9:609–15.

17] Kroker R. Beeinflussung der Uterusfunktion KR. In: Löscher
W, Ungemach F, Kroker R, editors. Pharmakotherapie bei
Haus- und Nutztieren; 6th ed. Buchverlag: Parey; 2003, p.
168–71.

18] Ginther OJ, Araujo RR, Palhão MP, Rodrigues BL, Beg MA.
Necessity of sequential pulses of prostaglandin F2� for com-
plete physiologic luteolysis in cattle. Biol Reprod 2009;80:
641–8.

19] Reinecke I. Mathematical modeling and simulation of the fe-
male menstrual cycle. Ph.D. Thesis; Freie Universität Berlin;
2009.

20] Keenan DM, Veldhuis JD. A biomathematical model of time-
delayed feedback in the human male hypothalamic-pituitary-
leydig cell axis. Am J Physiol Endocrinol - Endocrinol Metab
1998;275:E157–76.

21] Hixon JE, Hansel W. Evidence for preferential transfer of pros-
taglandin F2� to the ovarian artery following intrauterine ad-
ministration in cattle. Biol Reprod 1974;11:543–52.

22] Kotwica J, Skarzynski D, Miszkiel G, Melin P, Okuda K.
Oxytocin modulates the pulsatile secretion of prostaglandin F2�

in initiated luteolysis in cattle. Res Vet Sci 1999;66:1–5.
23] Voss AK, Fortune JE. Estradiol-17� has a biphasic effect on

oxytocin secretion by bovine granulosa cells. Biol Reprod 1993;
48:1404–9.

24] Rathbone MJ, Kinder JE, Fike K, Kojima F, Clopton D, Ogle
CR, Bunt C. Recent advances in bovine reproductive endocri-
nology and physiology and their impact on drug delivery system
design for the control of the estrous cycle in cattle. Adv Drug

Deliv Rev 2001;50(3);50:277–320.



[

[

d
r

L

1426 C. Stötzel et al. / Theriogenology 78 (2012) 1415–1428
[25] Rodgers RJ, Irving-Rodgers HF. Morphological classification
of bovine ovarian follicles. Reproduction 2010;139:309–18.

[26] Kastelic JP, Bergfelt DR, Ginther OJ. Relationship between
ultrasonic assessment of the corpus luteum and plasma proges-
terone concentration in heifers. Theriogenology 1990;33:
1269–78.

[27] Deuflhard P, Nowak U. Extrapolation integrators for quasilinear
implicit ODEs. Progr Sci Comp 1987;7:37–50.

[28] Nowak U, Deuflhard P. Numerical identification of selected rate
constants in large chemical reaction systems. Appl Numer Math
1985;1:59–75.

[29] Deuflhard P, Nowak U. Efficient numerical simulation and
identification of large chemical reaction systems. Berichte der
Bunsenges Bunsengesellschaft für Phys Chem 1986;90:940–6.

[30] Lin CC, Segel LA. Mathematics Applied to Deterministic Prob-
lems in the Natural Sciences; vol. 11. Society for Industrial
Mathematics; 1988.

[31] Murugavel K, Yániz JL, Santolaria P, López-Béjar M, López-
Gatius F. Prostaglandin based estrus synchronization in postpartum
dairy cows: an update. J Appl Res Vet Med 2003;1:51–65.

32] Stevenson JS, Phatak AP. Rates of luteolysis and pregnancy in
dairy cows after treatment with cloprostenol or dinoprost. The-
riogenology 2010;73:1127–38.

33] Röblitz S, Stötzel C, Deuflhard P, Jones H, Azulay DO, van der
Graaf P, Martin S. A Mathematical Model of the Human Men-
strual Cycle for the Administration of GnRH Analogues. ZIB-
Report 11-16. Berlin: Zuse Institute Berlin; 2011, p. 11–6.
Available at: http://vs24.kobv.de/opus4-zib/frontdoor/index/
index/docId/1273.

Appendix A. Equations

The model describing the bovine estrous cycle with-
out external manipulation consists of 15 ordinary dif-
ferential equations with 60 parameters. For virtual ad-
ministration of PGF2� we use one additional ordinary
ifferential equation (ODE) containing three extra pa-
ameters.

GnRH:

d

dt
GnRHHypo(t) � SynGnRH(t) � RelGnRH(t) (1)

SynGnRH(t) � cGnRH,1 · �1 �
GnRHHypo(t)

GnRHHypo
max �

RelGnRH(t) � (H1
�(P4 & E2) � H2

�(P4)) · GnRHHypo(t)

d

dt
GnRHPit(t) � RelGnRH(t) · H3

�(E2)

� cGnRH,2 · GnRHPit(t) (2)

FSH:

d

dt
FSHPit(t) � SynFSH(t) � RelFSH(t) (3)
SynFSH(t) � H4
�(Inh)

RelFSH(t) � (bFSH � H5
�(P4) � H6

�(E2)

� H7
�(GnRHPit)) · FSHPit(t)

d

dt
FSHBld(t) � RelFSH(t) � cFSH · FSHBld(t) (4)

H:

d

dt
LHPit(t) � SynLH(t) � RelLH(t) (5)

SynLH(t) � H8
�(E2) � H9

�(P4)

RelLH(t) � (bLH � H10
� (GnRHPit)) · LHPit(t)

d

dt
LHBld(t) � RelLH(t) � cLH · LHBld(t) (6)

Follicles and corpus luteum:

d

dt
Foll(t) � H̃11

� (FSHBld) � (H12
� (P4)

� H13
� (LHBld)) · Foll(t) (7)

d

dt
CL(t) � SF · H13

� (LHBld) · Foll(t) � H14
� (CL)

� H15
� (IOF) · CL(t) (8)

Hormones produced in the ovaries:

d

dt
P4(t) � cCL

P4 · CL(t)2 � cP4 · P4(t) (9)

d

dt
E2(t) � cFoll

E2 · Foll(t)2 � cE2 · E2(t) (10)

d

dt
Inh(t) � cFoll

Inh · Foll(t)2 � cInh · Inh(t) (11)

Enzymes, oxytocin and inter-ovarian factors:

d

dt
Enz(t) � H16

� (P4) � cEnz · Enz(t) (12)

d

dt
OT(t) � H17

� (E2) · CL(t)2 � cOT · OT(t) (13)

d

dt
IOF(t) � H18

� (PGF & CL) � cIOF · IOF(t) (14)
PGF2� and synthetic prostaglandin

http://vs24.kobv.de/opus4-zib/frontdoor/index/index/docId/1273
http://vs24.kobv.de/opus4-zib/frontdoor/index/index/docId/1273
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d

dt
PGF(t) � H19

� (Enz & OT) � cPGF · PGF(t) (15)

d

dt
PGFsyn(t) � D · �2 · tmod(t) · exp(�� · tmod(t) )

� cPGFsyn
· PGFsyn(t)

tmod(t) : � max(0, t � tD)

ppendix B. List of hill functions

Positive resp. negative Hill functions are defined as

�(S(t);T, n) : �
S(t)n

Tn � S(t)n
,

h�(S(t);T, n) : �
Tn

Tn � S(t)n.

The Hill functions listed below are the full notations of
the Hill functions mentioned in Section 2.2, in Appen-
dix A. They represent a majority of the mechanisms
shown in Fig. 4.

H1
�(P4 & E2) � mP4&E2

GnRH · (h�(P4(t); TP4
GnRH,1, 2)

� h�(E2(t), TE2
GnRH,1, 2)

�h�(P4(t); TP4
GnRH,1, 2) · h�(E2(t), TE2

GnRH,1, 2))

H2
�(P4) � mP4

GnRH,2 · h�(P4(t), TP4
GnRH,2, 2)

H3
�(E2) � mE2

GnRH,2 · h�(E2(t), TE2
GnRH,2, 5)

H4
�(Inh) � mInh

FSH · h�(Inh(t), TInh
FSH, 5)

H5
�(P4) � mP4

FSH · h�(P4(t); TP4
FSH, 2)

H6
�(E2) � mE2

FSH · h�(E2(t); TE2
FSH, 2)

H7
�(GnRHPit) � mGnRH

FSH · h� (GnRHPit(t); TGnRH
FSH , 1)

H8
�(E2) � mE2

LH · h�(E2(t); TE2
LH, 2)

H9
�(P4) � mP4

LH · h�(P4(t); TP4
LH, 2)

H10
� (GnRHPit) � mGnRH

LH · h�(GnRHPit(t); TGnRH
LH , 5)

˜
11
� (FSHBld)

� mFSH
Foll · h�(FSHBld(t); T̃FSH

Foll(t), 2), T̃FSH
Foll(t)

� TFSH
Foll · h�(Foll(t); TFoll

FSH, 2)

H12
� (P4) � mP4

Foll · h�(P4(t); TP4
Foll, 5)
H13
� (LHBld) � mLH

Ovul · h�(LHBld(t); TLH
Ovul, 2)
H14
� (CL) � mCL

CL · h�(CL(t), TCL
CL, 2)

H15
� (IOF) � mIOF

CL · h�(IOF(t); TIOF
CL , 5)

H16
� (P4) � mP4

Enz · h�(P4(t); TP4
Enz, 5)

H17
� (E2) � mE2

OT · h�(E2(t); TE2
OT, 2)

18
� (PGF & CL) � mPGF&CL

IOF · h�(PGF(t)

� PGFsyn(t); TPGF
IOF, 5) · h�(CL(t); TCL

IOF, nCL
IOF, 10)

19
� (Enz & OT)

� mEnz&OT
PGF · h�(Enz(t); TEnz

PGF, 5) · h�(OT(t); TOT
PGF, 2)

ppendix C. Parameter values

[·] stands for the unit of the substance, usually a
oncentration, and can be specified from measure-
ents. Typical units are [FSH] � [LH] � IU/l, [P4] �

g/mL, and [E2] � pg/ml. If units of FSH and lutein-
zing hormone (LH) differ in pituitary and blood, re-
ease-terms have to be scaled adequately. t denotes
‘time’”; in our model [·] stands for “‘days’”

Par. No. Symbol Value Unit

1 GnRHHypo
max 16 [GnRHHypo]

cGnRH,1 2.75 �GnRHHypo�

�t�
mP4&E2

GnRH 2.05 1/[t]
4 TE2

GnRH,1 0.0972 [E2]
5 TP4

GnRH,1 0.35 [P4]
6 mP4

GnRH,2 1.91 1/[t]
7 TP4

GnRH,2 0.252 [P4]
8 mE2

GnRH,2 0.99 �GnRHPit�

�GnRHHypo�
9 TE2

GnRH,2 0.648 [E2]
10 cGnRH,2 1.63 1/[t]

11 mInh
FSH 4.21 [FSH]/[t]

12 TInh
FSH 0.118 [Inh]

13 bFSH 0.948 1/[t]
14 mP4

FSH 0.293 1/[t]
15 TP4

FSH 0.152 [P4]
16 mE2

FSH 0.396 1/[t]
17 TE2

FSH 0.312 [E2]
18 mGnRH

FSH 1.23 1/[t]
19 TGnRH

FSH 0.0708 [GnRHPit]

20 cFSH 2.73 1/[t]

21 mE2

LH 0.376 [LH]/[t]

22 TE2

LH 0.243 [E2]
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Par. No. Symbol Value Unit

23 mP4

LH 2.71 [LH]/[t]
24 TP4

LH 0.0269 [P4]
25 bLH 0.0141 1/[t]

26 mGnRH
LH 2.22 1/[t]

27 TGnRH
LH 0.69 [GnRHPit]

28 cLH 12.0 1/[t]
29 mFSH

Foll 0.562 [Foll]/[t]
30 TFSH

Foll 0.57 [FSH]
31 TFoll

FSH 0.22 [Foll]
32 mP4

Foll 1.1 1/[t]
33 TP4

Foll 0.126 [P4]
34 mLH

Ovul 3.49 1/[t]
35 TLH

Ovul 0.171 [LH]

36 SF 0.2 [CL]/[t]
37 mCL

CL 0.0353 [CL]/[t]
38 TCL

CL 0.1 [CL]
39 mIOF

CL 41.39 1/[t]
40 TIOF

CL 1.32 [IOF]
41 cCL

P4 2.25 �P4�⁄�CL�2

�t�
2 cP4 1.41 1/[t]

43 cFoll
E2 2.19 �E2�⁄�Foll�2

�t�

44 cE2 1.23 1/[t]
Par. No. Symbol Value Unit

45 cFoll
Inh 1.41 �Inh�⁄�Foll�2

�t�
46 cInh 0.475 1/[t]

47 mP4
Enz 3.58 [Enz]/[t]

48 TP4
Enz 0.77 [P4]

49 cEnz 2.98 1/[t]
50 mE2

OT 1.59 �OT�⁄�CL�2

�t�
1 TE2

OT 0.143 [E2]
52 cOT 0.644 1/[t]
53 mPGF&CL

IOF 39.68 [IOF]/[t]
54 TPGF

IOF 1.22 [PGF]
55 TCL

IOF 0.6 [CL]
56 cIOF 0.298 1/[t]

57 mEnz&OT
PGF 53.91 [PGF]/[t]

58 TEnz
PGF 1.43 [Enz]

59 TOT
PGF 1.087 [OT]

60 cPGF 1.23 1/[t]

D 3.7 [PGF]

� 100 1/[t]

cPGFsyn
5.5 1/[t]



Conditional Deletion of Bmal1 in Ovarian Theca Cells
Disrupts Ovulation in Female Mice
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Rhythmic events in female reproductive physiology, including ovulation, are tightly controlled by
the circadian timing system. The molecular clock, a feedback loop oscillator of clock gene tran-
scription factors, dictates rhythms of gene expression in the hypothalamo-pituitary-ovarian axis.
Circadian disruption due to environmental factors (eg, shift work) or genetic manipulation of the
clock has negative impacts on fertility. Although the central pacemaker in the suprachiasmatic
nucleus classically regulates the timing of ovulation, we have shown that this rhythm also depends
on phasic sensitivity to LH. We hypothesized that this rhythm relies on clock function in a specific
cellular compartment of the ovarian follicle. To test this hypothesis we generated mice with de-
letion of the Bmal1 locus in ovarian granulosa cells (GCs) (Granulosa Cell Bmal1 KO; GCKO) or theca
cells (TCs) (Theca Cell Bmal1 KO; TCKO). Reproductive cycles, preovulatory LH secretion, ovarian
morphology and behavior were not grossly altered in GCKO or TCKO mice. We detected phasic
sensitivity to LH in wild-type littermate control (LC) and GCKO mice but not TCKO mice. This decline
in sensitivity to LH is coincident with impaired fertility and altered patterns of LH receptor (Lhcgr)
mRNA abundance in the ovary of TCKO mice. These data suggest that the TC is a pacemaker that
contributes to the timing and amplitude of ovulation by modulating phasic sensitivity to LH. The
TC clock may play a critical role in circadian disruption-mediated reproductive pathology and could
be a target for chronobiotic management of infertility due to environmental circadian disruption
and/or hormone-dependent reprogramming in women. (Endocrinology 157: 913–927, 2016)

Precise timing of physiological events is critical for nor-
mal reproductive physiology. In female mammals

rhythmic events in the reproductive tract are normally
kept tightly entrained to (synchronized with) the light:
dark (L:D) cycle (1, 2). A salient feature of the mammalian
reproductive cycle is the preovulatory increase or “surge”
in serum LH (3–6). In rats and mice, the LH surge occurs
during the late afternoon and early evening of proestrus (3,
7). The daily pattern of ovulation is thought to be reliant
on the timing of this gonadotropin surge (6, 8, 9). Rhyth-
mic LH secretion depends on the activity of pacemaker

neurons in the central clock or suprachiasmatic nucleus
(SCN) (10, 11), GnRH neurons in the preoptic area and
positive feedback from ovarian estradiol (12). Lesions that
destroy the SCN or mutations that disrupt the activity of
SCN neurons are known to affect both the timing and
amplitude of the LH surge, block ovulation, and disrupt
reproductive cycles (13, 14).

The substrate for circadian rhythms is a feedback loop
of interacting transcriptional regulators or clock genes re-
ferred to collectively as the molecular clock. The core pace-
maker includes the transcriptional activator BMAL1, its
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binding partner CLOCK and the repressors PERIOD
(Per1–Per3) and CRYPTOCHROME (Cry1 and Cry2)
(15). Rhythms of Bmal1 expression are maintained by the
balanced activity of the transcriptional activator ROR�

and the repressor REV-ERB�, both regulated by the
BMAL1:CLOCK complex (16, 17). Mutations altering or
abolishing clock gene expression, especially Bmal1, have
considerable negative impacts on fertility (1, 2, 18, 19).
Although each tissue of the hypothalamo-pituitary-ovar-
ian (HPO) axis is composed of cell-autonomous circadian
oscillators, physiological function has been best described
in the pituitary gland (20–22) and ovary (23). Clock func-
tion in the ovarian follicle has been linked to folliculogen-
esis, with rhythms of clock gene expression only appearing
during the late stages of follicular maturation (preantral-
antral; Ref. 24, 25). Rhythms of clock gene expression in
the follicle are dependent on FSH and proliferation of gap
junction proteins (26, 27) during follicular maturation. In
granulosa cells (GCs), the clock drives rhythms of clock-
controlled gene expression, including the LH receptor
(LHR) (Lhcgr), prostaglandin synthase (Ptgs2 or Cox2),
and steroidogenic factors like steroidogenic acute regula-
tory protein (StAR) and 3�-hydroxysteroid dehydroge-
nase (3�-HSD) (27–32). Less evidence has accrued for
clock function in theca cells (TCs), although rhythms of
clock gene expression have been reported. The ovarian
clock is also critical for maintaining adequate progester-
one (P4) secretion from luteal cells (18, 30) with both
global (18) and targeted (30) deletion of the Bmal1 locus
having been shown to impair uterine implantation in mice.

Growing evidence suggests that the ovarian clock plays
a role in the timing of ovulation. We have reported phasic
sensitivity to gonadotropins in the ovary (33) and that the
timing of ovulation depends in part on the timing of this
period of increased sensitivity (34). Equine LH (eLH),
given to rats after suppression of endogenous hormone
with a systemic GnRH receptor antagonist, produces a
light-entrained circadian rhythm of oocyte release marked
by a nighttime peak of sensitivity (34). Thus, the ovarian
clock may dictate, either in concert with the SCN or in-
dependently, the timing of ovulation by regulating sensi-
tivity of the preovulatory follicle to gonadotropins. How-
ever, these experiments failed to adequately define the
influence of temporal cues that originate in the SCN. It is
possible that rhythmic patterns of systemic hormone se-
cretion (eg, corticosterone, leptin, etc.,) or inputs from
descending autonomic nerves (parasympathetic nerves)
convey timing cues to the ovary and singularly drive the
rhythm of sensitivity to gonadotropins (35). To address
this notion we developed transgenic mice with targeted
deletion of the Bmal1 gene in specific cellular compart-
ments of the ovarian follicle. Female mice expressing

Cyp17-iCre (TCs) or Cyp19-Cre (GCs) transgenes were
bred with mice homozygous for floxed alleles of the Bmal1
locus to generate ovary cell-specific conditional knockout
(KO) mice (Cyp17-Cre;Bmal1flx/flx [TCKO] and Cyp19-
Cre;Bmal1flx/flx [GCKO]). We hypothesized that animals
with conditional KO of Bmal1 would be subfertile and
display a marked change in the daily rhythm of sensitivity
to gonadotropins. We predicted that this effect would be
the result of circadian disruption within a specific cell-type
in the ovary, most likely resulting in altered expression of
clock-controlled genes important for phasic sensitivity to
gonadotropins. Our results reveal that the clock in ovarian
TCs regulates the timing of clock-controlled genes, includ-
ing the LHR, and plays a considerable role in the timing of
ovulation by maintaining a stable rhythm of ovarian sen-
sitivity to gonadotropins.

Materials and Methods

Animal welfare assurance
All experiments and procedures were conducted according to

the National Institutes of Health Guidelines for the Care and Use
of Animals and were approved by the University Committee for
Animal Resources at the University of Rochester School of Med-
icine and Dentistry.

Experimental animals
For our initial ovulation timing experiments, we used adult or

juvenile (21–31 d old) female C57BL6/J mice. Ovarian cell type-
specific Bmal1 knockout mice were developed in our laboratory
by combining existing strains of cell type-specific CRE-express-
ing mice with mice carrying floxed alleles of the Bmal1 locus
(generated by Dr Christopher Bradfield, University of Wiscon-
sin-Madison) provided to us by Dr Joseph Takahashi (University
of Texas Southwestern Medical Center). Briefly, Cyp17-iCRE
(17�-hydroxylase-CRE; TC specific, provided by Dr Cheymong
Ko, University of Illinois) (36, 37) and Cyp19-CRE (aromatase-
CRE; GC specific, provided by Dr JoAnne S. Richards, Baylor
College of Medicine) (38) males were bred with Bmal1flx/flx fe-
males to generate heterozygous Cyp17 or Cyp19-Cre�/�;
Bmal1flx/� offspring. These mice were then bred to homozygos-
ity for the floxed Bmal1 alleles. For the generation of
experimental mice male carriers of the Cyp17/19-Cre transgenes
that were homozygous for floxed Bmal1 were then bred to Cre
null;Bmal1flx/flx females to generate confirmed Cyp17/19-Cre�/�;
Bmal1flx/flx mice. For all experiments we used female Cyp17-
Cre�/�;Bmal1flx/flx (referred to as TCKO mice), Cyp19-Cre�/�;
Bmal1flx/flx (referred to as GCKO mice) or littermate controls
(LCs) (Cre-null;Bmal1flx/flx; referred to as LC throughout). All
mice were generated on a congenic C57BL6/J background.

Generation of transgenic fluorescent reporter mice
and ovarian morphological analysis

To confirm the cell type specificity of the GCKO and TCKO
mice both strains (GCKO [Cyp19cre/�;Bmal1flx/flx] and
TCKO [Cyp17cre/�;Bmal1flx/flx]) were bred with B6.129(Cg)-
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Gt(ROSA)26Sortm4(ACTB-tdTomato,-EGFP)Luo/J transgenic
reporter mice (referred to as TOM-GFP mice) purchased from
The Jackson Laboratory (stock number 007676). TOM-GFP
mice possess floxed alleles of the membrane targeted tdTomato
(mT) cassette and express red fluorescence in all cells and tissues.
In cells expressing CRE recombinase the mT cassette is deleted
allowing for free expression of the mG or eGFP locus just down-
stream. A combined ROSA and �-actin promoter drives the flu-
orescent reporters leading to enhanced membrane-associated
fluorescent signal. For histological analyses tissues including the
ovary, liver and pituitary gland from adult (3–4 mo old) trans-
genic mice (TCKO;TOM-GFP or GCKO;TOM-GFP) were re-
covered in 10% neutral-buffered formalin and fixed in the dark
for 48 hours. Tissues were encased in low melting point agarose
at 37°C (8% in HEPES-buffered sterile saline and sectioned with
a vibratome at 500-�m thickness). Whole mounts of fixed tissue
were placed on a slide with HEPES-buffered sterile saline, cover
slipped, and imaged at �5 with a Nikon C-DSD115 fluorescence
compound microscope (Nikon USA).

To confirm normal ovarian morphology in transgenic mice
ovaries were recovered from 3- to 4-month-old adult GCKO and
TCKO mice, fixed in 10% Neutral Buffered Formalin, paraffin
embedded, sectioned at 5-�m thickness, and stained with hema-
toxylin/eosin (H�E) (University of Rochester Pathology Core).
Brightfield images of H�E-stained ovary tissue from GCKO and
TCKO mice were taken at 5� magnification with a Zeiss Primo
Star compound microscope (Carl Zeiss, Inc). To determine
whether follicular development is altered in TCKO mice, we
measured ovarian morphology in 4-week-old equine gonado-
tropin (eCG)-primed LC and TCKO mice as described in (39).
Brightfield images of H�E-stained ovarian tissue (5-�m sections
every 30 �m) from LC and TCKO mice were used to count
structures including primordial follicles, primary follicles, pre-
antral follicles, antral follicles, atretic follicles, and corpora lutea
across the entire rostro-caudal extent of the tissue. A labeling
system was developed in MS Paint (Microsoft) to track and re-
cord the structures and data were expressed as percentage of the
total structures counted. By recording images and carefully ex-
amining the image sequence we were able to avoid duplicate
counts. Total ovarian area was also estimated by setting the scale
for ovary cross-section images in ImageJ after micrometer scope
calibration. A polygon tool was used to trace each section and the
area measurement was calculated by ImageJ and integrated into
mm2. The distance between cross-sections and the number of
cross-sections were multiplied by this value to approximate a
prism model of the ovary.

Measuring ovarian sensitivity to gonadotropins in
vivo with an acute ovulation induction assay

We measured ovarian sensitivity to LH with our acute ovu-
lation induction assay as previously described with slight mod-
ification (34). This approach allowed us to measure the acute and
time-dependent response of the ovarian follicles in vivo to ex-
ogenous LH with (adults) or without (juvenile mice) necessary
suppression of the endogenous LH and FSH surges. Regardless
of age and previous treatment this approach relies on examina-
tion of the oviducts 14–16 hours after acute treatment with a
rupture-inducing injection of eLH. In this method, the animal is
treated only once with eLH and euthanized for oocyte counting,
thus precluding repeated measurements. Adult mice (�60 d old)

were housed in running wheel cages and reproductive cycles were
monitored by vaginal lavage for a minimum of 14 days before
treatment (see Supplemental Materials and Methods). Mice re-
ceived a single injection of the GnRH receptor antagonist Cet-
rotide (CET; AEterna Zentaris) (500 �g; im under light isoflu-
rane anesthesia) at zeitgeber time (ZT)5 (ZT is in reference to the
12:12 L:D cycle, where ZT0 � time of lights on) on the morning
of proestrus. After CET treatment, groups of mice were treated
with a single injection of eLH (200 IU/mouse in 100-�L sterile
saline, ip) or 100 �L of sterile saline vehicle every 3 hours from
ZT12 (time of lights off) on proestrus to ZT9 on estrus (the next
day). For experiments in constant darkness (DD) mice of the
same age were released into DD and injected with CET at cir-
cadian time (CT)5 (CT is a measure dependent on the activity of
the animal, CT12 � onset of the activity period) on proestrus
followed by eLH at CT12, CT18, CT24/0, and CT6 (the mid-
point of the inactivity period) the next day (estrus). In both ex-
periments, mice were euthanized 14–16 hours after eLH treat-
ment, and the oviducts were removed followed by recovery and
counting of cumulus oocyte complexes (COCs).

Juvenile mice were weaned on postnatal day (PND)23 and
transferred to a wheel running cage. For experiments in a 12:12
L:D cycle, animals were injected with eCG (5 IU ip in sterile
saline; Sigma) between ZT11.5 and ZT12 on PND29. Mice were
then injected 37 hours later at ZT0.5–ZT1 with CET (500 �g im
under light isoflurane anesthesia) followed by eLH (200 IU ip) or
saline vehicle every 3 hours from ZT12 on to ZT9 the next day.
For experiments in DD, mice were released into DD on PND25,
primed with eCG on PND29, and treated with CET (500 �g im)
at CT0.5 on PND31. Mice were then treated with eLH on
PND31 at CT12, CT18, CT24/0, and CT6.

For experiments with transgenic mice carrying cell type-spe-
cific deletion of Bmal1 in the ovary, we repeated the experiment
in adult LC, GCKO, and TCKO mice maintained under a 12:12
L:D cycle. Mice were treated with CET at ZT5 on proestrus
followed by eLH (200 IU) at ZT18 or ZT6 on the next day
(estrus). As before, mice were euthanized and oviducts were re-
covered for COC counts 14–16 hours later. Because we deter-
mined that the rhythm of ovarian sensitivity occurred in eCG-
primed juvenile mice with a similar phase as cycling adults on
proestrus we conducted subsequent experiments on juvenile-
primed LC, GCKO, and TCKO mice. Because prepubertal mice
fail to produce a significant preovulatory LH or FSH surge, and
we are providing these mice with exogenous chorionic gonado-
tropins to stimulate follicular growth, we opted not to provide
CET-mediated suppression to this group. This approach allowed
us to eliminate the confounding effect of attenuated gonadotro-
phic support. Juvenile (24–30 d old) LC, GCKO, and TCKO
mice were primed with eCG at ZT11.5–ZT12 as above and
treated with eLH (200 IU ip) beginning 36 hours later every 3
hours from ZT0 to ZT18. Mice were sacrificed 14–16 hours
after treatment and COCs were recovered and counted.

Quantitative real-time PCR analysis of ovarian
clock gene and clock-controlled gene mRNA
abundance in the ovary

Reproductive cycles were monitored in adult TCKO, GCKO,
and LC mice for a minimum of 17 days and only mice with 2
confirmed cycles were included in our analysis. Animals were
euthanized on proestrus at ZT0, ZT6, ZT12, and ZT18 and on
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estrus at ZT24/0 (ZT0� lights on). Ovarian tissue was recovered
and frozen in liquid nitrogen. After extraction with TRIzol
(Sigma) 250 ng of total RNA was used for cDNA synthesis using
the Maxima First Strand cDNA Synthesis kit with DNase treat-
ment (Thermo Scientific). Quantitative real-time PCR was car-
ried out using the Luminaris Color HiGreen qPCR Master Mix
(Thermo Scientific) according to the manufacturer’s instruc-
tions. Samples were analyzed with gene-specific primers for core
clock genes (Bmal1, Clock, Cry1, Per1, and Rev-erb�) and
clock-controlled genes, including the LH (Lhcgr) and FSH re-
ceptor (Fshr) (see Supplemental Table 1 for primer sequences).
�-Actin was included as a housekeeping gene. Primer sequences
were drawn from the Harvard/Massachusetts General Hospital
Center for Computational and Integrative Biology PrimerBank
database (pga.mgh.harvard.edu) and were independently veri-
fied by NCBI BLAST sequence analysis. Data are presented as
change in mRNA abundance over time and were analyzed using
the ��CT threshold cycle method. Data were normalized to the
housekeeping gene �-actin and analyzed relative to the level of
mRNA abundance in tissues from LC mice.

Data analysis
For in vivo ovarian sensitivity assays the number of COCs as

a function of time were analyzed with one-factor ANOVA fol-
lowed by Neuman-Keuls post hoc tests. Data were also analyzed
as a function of time [times genotype and their interaction with
a two-factor ANOVA followed by Bonferroni post hoc compar-
isons. Absolute levels of LH at ZT12 on proestrus after CET-
mediated suppression were analyzed with an unpaired t test. The
percentage of ovarian structures was analyzed as a function of
genotype [times structure with two-factor ANOVA followed by
Bonferroni post hoc tests. Ovarian tissue volume was analyzed as
a function of genotype using an unpaired student t test. The
dose-response effects of eLH on proestrus were analyzed as a
function of dose � time with a two-factor ANOVA followed by
Bonferroni post hoc tests. Rhythms of serum LH and P4 were
analyzed as a function of time [times genotype and their inter-
action with a two-factor ANOVA followed by Bonferroni post
hoc tests. Rhythms of relative mRNA abundance were analyzed
with CircWave (R. A. Hut, University of Groningen, The Neth-
erlands) nonlinear regression software to test for significant
rhythmicity and determine the “center of gravity” or peak of
mRNA abundance. CircWave is an F-tested forward harmonic
regression process that automatically detects the number of suit-
able harmonics using F-test criterion and is a well-established
method for statistical confirmation of rhythmicity (40). Circ-
Wave analyses were used as a statistical criterion for referring to
a give data series as being rhythmic. Quantitative PCR data were
also analyzed with two-factor ANOVA followed by Bonferroni
post hoc tests for pairwise comparison with confirm between
genotype effects. With the exception of CircWave all other plot-
ting and statistics were done using GraphPad Prism software
(GraphPad). All data are presented as mean � SEM and the
threshold for significance was set at P 	 .05.

Results

Circadian rhythms of ovarian sensitivity to LH in
adult C57BL6/J mice

We have previously reported a light-entrained and free-
running rhythmofovarian sensitivity to eLHin female rats

after suppression of endogenous LH (34). We observed an
increased percentage of ovulating rats and COCs recov-
ered during the night (ZT12–ZT24) and subjective night
(CT12–CT24). We reasoned that this rhythm depends on
the activity of the clock in cells of the ovarian follicle. To
examine the role of the ovarian clock in the timing of
ovulation in mice it was first necessary to confirm a
rhythm of sensitivity to LH in cycling female mice. To that
end we applied our acute ovulation induction assay with
slight modification. As we have reported in rats, circulat-
ing LH levels were suppressed in mice after a single injec-
tion of Cetrorelix depot on the late morning of proestrus
(Figure 1A). We next verified the dose-response to exog-
enous gonadotropins by injecting cycling, CET-treated
mice with eLH (50, 200, or 800 IU) on proestrus at ZT18
or the next day at ZT6 (estrus). As expected, mice showed
agreater responseatZT18onproestrus, regardlessofdose
(Figure 1B).

As in female rats, adult female C57BL6/J mice dis-
played significant diurnal rhythms of ovulation in re-
sponse to phasic eLH (Figure 1D). One-factor ANOVA
confirmed a significant effect of time (F � 7.07, df � 7, P 	

.001) with peak oocyte release in response to eLH given
between ZT12 and ZT21 (P 	 .05 vs ZT3–ZT9). This
peak was followed by a precipitous decline in oocyte re-
lease in response to eLH by ZT3 on estrus (Figure 1C).
Although not reaching significance, there appears to be a
slight increase in the response to eLH at ZT9 (Figure 1C).
We also observed a significant rhythm of induced ovula-
tion in mice maintained in DD for at least one full cycle
(F � 6.43, df � 3, P 	 .05). Similar to the data from
entrained mice, those free-running in DD showed a peak
ovulatory response to eLH between CT12–CT24 fol-
lowed by a considerable decline by CT6 the next day (es-
trus) (Figure 1D).

Circadian rhythms of sensitivity to eLH in juvenile
gonadotropin-primed C57BL6/J mice

Evidence suggests that clock function depends on go-
nadotropin-stimulated follicular maturation (24, 26).
Thus, we hypothesized that the timing of ovarian sensi-
tivity to gonadotropins set by the ovarian clock is an innate
property of the mature ovarian follicle. To address this
hypothesis we examined the rhythm of induced ovulation
in juvenile eCG-primed female mice. As in adult cycling
mice, we observed a robust rhythm of ovarian sensitivity
to eLH (F � 8.53, df � 7, P 	 .0001). This rhythm peaked
during the dark phase at ZT18 (P 	 .05 when compared
with ZT0–ZT9 on estrus) (Figure 1E). We also observed
a rhythm of ovarian sensitivity to eLH in juvenile eCG-
primed mice maintained in DD for several days before eLH
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treatment (F � 12.10, df � 3, P 	 .001) (Figure 1F). As in
adult cycling mice, oocyte release in response to eLH
peaked during the subjective night between CT12 and
CT18 in juvenile eCG-primed mice (P 	 .05 when com-
pared with CT0 and CT6 the next day) (Figure 1F).

Conditional KO of Bmal1 in ovarian TCs abolishes
the rhythm of ovarian sensitivity to eLH

Our data suggest that the ovarian clock may play a role
in the timing of ovulation by setting a window of sensi-
tivity to gonadotropins. We hypothesized that this critical

Figure 1. Circadian rhythms of ovarian sensitivity to phasic eLH treatment in adult and juvenile eCG-primed C57BL6/J mice. A, Serum levels of LH
at ZT12 on proestrus were suppressed by treatment with CET (n � 4; *, P 	 .05 vs saline [n � 5]). B, Dose-response curve for eLH treatment. All 3
doses (50, 200, or 800 IU; n � 3–4 per treatment) stimulated more oocyte release at ZT18 (*, P 	 .001). C, Rhythm of ovarian sensitivity to eLH in
adult C57BL6/J mice (n � 3–6 per treatment time; *, P 	 .05 vs ZT3, ZT6, and ZT9). D, Free-running circadian rhythm of sensitivity to LH in
C57BL6/J mice (*, P 	 .05 vs ZT6; n � 3–6 per treatment time). E, A diurnal rhythm of sensitivity to eLH in juvenile eCG-primed mice (**, P 	
.001 vs ZT0–ZT9 on estrus, n � 3–6 per treatment time). F, A circadian rhythm of responsiveness to eLH in juvenile-eCG-primed mice housed in
DD (*, P 	 .05 vs the nadir at CT6 on estrus, n � 3–4 per treatment time). In F, the time of CET injection (CT5) is not shown due to scaling of the
x-axis. In C–F, saline failed to stimulate ovulation. Data are presented as mean � SEM and fit to a nonlinear regression (see Materials and
Methods). The shaded areas in C–F indicate the dark phase.
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period of sensitivity depends on rhythms of clock-con-
trolled gene expression and enzyme activity in one (or
both) of the primary endocrine cell compartments of the
follicle (23). Admittedly, it is also possible that this win-
dow of sensitivity is determined by inputs from the SCN,
of either a neural or humoral nature (23). In an effort to
address this hypothesis we generated ovarian cell type-
specific conditional Bmal1 KO mice to selectively disturb
clock function in the 2 primary endocrine cell compart-
ments of the ovarian follicle (GCs and TCs). The cell-type
specificity of Bmal1 deletion was confirmed by breeding

GCKO and TCKO mice with a fluorescent reporter strain
wherein every cell normally expresses membrane associ-
ated tdTomato but only express enhanced Green Fluores-
cent Protein in the presence of CRE recombinase (TOM-
GFP mice). As shown in Figure 2, expression of CRE-
driven Green Fluorescent Protein was limited to GCs (both
mural and cumulus) lining the inside of the follicle in
GCKO mice (Figure 2A) and TC/stromal cells (SCs) on the
outside border of the follicle and the interstitial space in
TCKO mice (Figure 2B). Signal in TCKO mice appears
sparse due to the less compact and defined distribution of

TCs/SCs in the ovary (37). Imaging
of tissue sections from the pituitary
gland (Figure 2C) and the liver (Fig-
ure 2D) confirm that CRE expres-
sion was largely confined to the
ovary, although some cells did ex-
press CRE recombinase in these tis-
sues (	5% of those observed;
GCKO tissues shown). This pattern
of expression is nearly identical to
that originally reported in both
Cyp17-iCre and Cyp19-Cre mice
(36–38). These data suggest that
CRE-driven deletion of the floxed
Bmal1 alleles occurred only in the
TC/SC or GC compartments of the
ovarian follicle.

Ovarian tissue from adult GCKO
and TCKO mice failed to reveal any
gross morphological abnormalities
(Figure 2, E and F). We confirmed
this conclusion with a more detailed
analysis of ovarian morphology in
juvenile eCG-primed LC and TCKO
mice (Supplemental Figure 1). We
detected a significant effect of struc-
ture analyzed (F � 172.9, P 	 .001)
and an interaction between structure
[times genotype (F � 5.55, P 	 .05),
but we did not detect a significant
effect of genotype alone (F � 3.04 �
10�7, P � .05). When compared
with LCs, the percentage of primor-
dial follicles (P 	 .05) was reduced
and the percentage of preantral fol-
licles (P 	 .01) was increased in
TCKO mice. The remaining struc-
tures, including antral and atretic
follicles, were not affected in TCKO
mice. Most importantly, we did not
detect a difference in the number of

Figure 2. Targeted deletion of Bmal1 in specific cellular compartments in the ovary of GCKO
and TCKO mice. Targeted deletion of Bmal1 in granulosa (GCKO) and theca/stromal (TCKO) cells
of the ovary using the CRE:LOX system. Transgenic GCKO (Cyp19-Cre;Bmal1flx/flx) and TCKO
(Cyp17-Cre;Bmal1flx/flx) mice were crossed with TOM-GFP mice to produce TCKO-TOM-GFP and
GCKO-TOM-GFP transgenic mice (see Supplemental Methods). As shown in A, CRE-driven eGFP
expression in GCKO-TOM-GFP is nearly completely limited to the mural and cumulus GC layer
with little to any GFP expression detected in the TC/SC compartment or the ovarian surface
epithelium (OSE). B, In TCKO-TOM-GFP mice, CRE-driven GFP is more dispersed and spotty in the
interstitial cells and limited the TC layer of larger antral follicles with no signal detected in the GC
compartment or surface epithelium. Representative images of whole mount (C) pituitary gland
and (D) liver from a GCKO mouse. A small number of cells in these tissues from both transgenic
strains were positive for GFP (	5%). Scale bars: 0.25 �m shown in A (A and B), 0.05 mm shown
in C (C and D), and 0.25 mm shown in E (E and F). Images are representative of 3–4 mice per
genotype (LC, GCKO, and TCKO).
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CL and the overall tissue volume between TCKO and LC
mice (Supplemental Figure 1B).

It is notable that we did not detect significant eGFP
signal in the SCN of TCKO or GCKO mice, indicating that
CRE-mediated deletion of Bmal1 did not disturb central
clock function (data not shown). This assertion is sup-
ported by the observation that both GCKO and TCKO
mice maintained normal, light entrained rhythms of loco-
motor activity when compared with LCs (Supplemental
Figure 2A). Moreover, BMAL1 staining within SCN neu-
rons was evident in both GCKO (Supplemental Figure 2B,
top) and TCKO (Supplemental Figure 2B, bottom) mice.
Also in agreement with the lack of an influence of the
ovarian KO on central clock function, we found that re-
productive cycles (Figure 3, A and B), serum LH levels
(Figure 3C), and serum P4 levels (Figure 3D) on proestrus
were normal in both GCKO and TCKO mice.

To determine the effects of targeted molecular clock
disruption in ovarian follicular cells, we applied our acute
ovulation induction assay to adult female GCKO, TCKO,
and LCs. As shown for adult female C57BL6/J mice (see
Figure 1C), we found a rhythm of ovarian sensitivity to
eLH in LC mice characterized by greater oocyte release in
response to eLH given at ZT18 when compared with a
basal response at ZT6 (P 	 .05) (Figure 4A, left panel). We
detected a similar pattern of ovarian sensitivity in GCKO
mice, although the amplitude was diminished (P 	 .05
ZT18 vs ZT6) (Figure 4A, middle panel). Notably, we did
not detect a day-night difference of oocyte release in re-
sponse to eLH in TCKOs (P � .05 ZT18 vs ZT6) (Figure
4A, right panel). Analysis of ovarian sensitivity in juvenile
eCG-primed mice provided additional confirmation of
our finding in adult cycling mice. In both GCKO (F �
3.57, df � 6, P 	 .01) and LC (F � 3.77, df � 6, P 	 .01)
mice we detected a significant diurnal rhythm of ovarian
sensitivity to eLH with peaks at ZT12 and ZT9, respec-
tively (Figure 4B). However, we did not observe a signif-
icant rhythm of ovarian sensitivity to eLH in TCKO mice
(F � 2.02, df � 6, P � .09). Comparisons with two-factor
ANOVA (time [times genotype; time, F � 4.99, df � 6, P 	
.001 and genotype, F � 6.62, df � 2, P 	 .01) reveal that
peak oocyte release in response to exogenous LH was
blunted in TCKOs relative to LCs (P 	 .05 at ZT9 and
ZT12) and GCKO (P 	 .05 at ZT6 and ZT12) mice (Fig-
ure 4B). In agreement with the marked decline in rhythmic
sensitivity to gonadotropins in TCKO mice, we found these
mice to be subfertile relative to both GCKO mice and LCs
(see Table 1). TCKO mice produced fewer viable litters (only
56% of crosses with a nonsibling Cre null:Bmal1flx/flx males)
and approximately half as many pups per litter as LC and
GCKO mice (TCKO 3.3 � 1.8 vs GCKO 5.7 � 2.2 and LCs
6.4 � 1.8, P 	 .05 by ANOVA) (Table 1).

Altered rhythms of clock gene and clock-controlled
mRNA abundance in the ovaries of conditional
Bmal1 knockout mice

We hypothesized that the timing of ovarian sensitivity
to gonadotropins depends on rhythms of CCG expression
in follicular cells. In particular we had predicted, based on
the literature and on our own work that GCs were the
primary “gonadotropin-sensitive” oscillator in the follicle
(23). Thus, we predicted that clock-controlled gene ex-
pression in GCs, including the rhythmic expression of
LHRs, was critical for the maintenance of phasic sensitiv-
ity to gonadotropins. To our surprise, our data reveal that
the timing of ovulation may depend more on clock func-
tion in the ovarian TC (Figure 4 and Table 1). To better
define the role of the molecular clock in each ovarian cell
type, we measured the abundance of clock and clock-con-
trolled gene mRNA in ovaries recovered from GCKO,
TCKO, and LC mice every 6 hours from ZT0 to ZT24 on
proestrus. As shown in Figure 5, we detected diurnal
rhythms of clock gene mRNA abundance, including
Bmal1, Per1, and Rev-erb� (all P 	 .05 by CircWave as
denoted in Figure 5) in ovaries from LC mice. In LC mice
Bmal1 mRNA levels peaked in the late portion of the dark
phase (ZT21.55 � 1.6). This rhythm of Bmal1 expression
was attenuated in both GCKO and TCKO mice (both P �
.05 by CircWave) (Figure 5). Two-factor ANOVA (geno-
type � time; genotype F � 26.35, df � 2, P 	 .0001 and
time F � 6.87, df � 4, P 	 .001) confirmed a significant
decline in Bmal1 expression at ZT18 in both GCKO (P 	
.001) and TCKO (P 	 .001) mice compared with the same
time in LCs. Further, the center of gravity or “peak” of
Bmal1 mRNA abundance was delayed in the ovaries of
both GCKO (ZT0.74 � 1.6) and TCKO (ZT3.25 � 1.5)
mice. Per1 mRNA abundance was also rhythmic in the
ovary from LCs, with a peak in the middle of the light
phase (ZT8.49 � 1.67). This rhythm persisted (P 	 .05 by
CircWave) in targeted KO mice although the rhythm was
slightly phase advanced and attenuated relative to LCs
(GCKO mice, ZT4.13 � 1.4; TCKO mice, ZT4.44 �
0.96) (Figure 5). Again, two-factor ANOVA (genotype
F � 25.92, df � 2, P 	 .001 � time F � 6.71, df � 4, P 	
.001) confirmed a significant decline in ovarian Per1
mRNA levels in both GCKO and TCKO mice near the
peak (ZT6–ZT12) of Per1 mRNA abundance in LC mice
(P 	 .05 for both). CircWave analysis did not detect a
significant rhythm of Cry1 mRNA abundance in our LC
or KO mice. Like Per1, Rev-erb� mRNA abundance was
also rhythmic in LC mice with a peak at midday
(ZT5.64 � 1.7) followed by a nadir in the latter portion of
the dark phase as determined by CircWave. As expected,
the peak of Rev-erb� mRNA level preceded (and was
nearly antiphase to) the peak of Bmal1 abundance. We did
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not detect a statistically significant effect of genotype (F �
0.23, df � 2, P � .80) or time (F � 1.96, df � 4, P � .13)
on Rev-erb� mRNA abundance, due largely to an appar-
ent increase in variance across time points in TCKO and
GCKO mice (Figure 5). Analysis with CircWave con-

firmed results of ANOVA, indicating an absence of rhyth-
micity in both conditional KO strains. We also did not see
an effect of targeted Bmal1 KO on the phase of Rev-erb�

mRNA abundance. Two-factor ANOVA (genotype F �
7.59, df � 2, P 	 .01 and time F � 6.99, df � 4, P 	 .001)

Figure 3. Reproductive cycles, serum LH, and serum P4 levels on proestrus are not altered by conditional Bmal1 deletion in the ovary of GCKO
and TCKO mice. A, Representative reproductive cycle graphs from LC, GCKO, and TCKO transgenic mice. B, Analysis of (top) cycle length and
(bottom) percentage of time spent in each day of the cycle reveals no significant difference between LC, GCKO, and TCKO transgenic mice (n � 9
per group). C, Serum LH measured on proestrus from ZT3–ZT18 reveals that both GCKO and TCKO transgenic mice had appreciable surges of
serum LH with both rhythms peaking at ZT12 (*, P 	 .05, n � 3–4 samples per time point). D, Levels of serum P4 at ZT6 and ZT18 on proestrus
were not significantly affected by targeted deletion of Bmal1 in either GCKO or TCKO transgenic mice (n � 3 samples per time point except for
ZT6 in LC mice [n � 2]). Data are labeled according to genotype and time of serum collection. All data are presented as mean � SEM.
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and CircWave (P 	 .05) confirmed a significant rhythm of
Clock mRNA abundance in TCKO mice peaking during the
middle of the subjective day (ZT4.83 � 1.51). We did not
detect similar rhythms in the ovary of LC or GCKO mice.

We next determined whether the altered rhythms of
clock gene mRNA abundance we observed in TCKO mice
resulted in irregular patterns of clock-controlled gene ex-
pression in the ovary. We measured the level of LH (Lhcgr)
and FSH (Fshr) receptor mRNAs in whole ovaries col-
lected every 6 hours from ZT0–ZT24 on proestrus. As
shown in Figure 6, we detected a significant diurnal
rhythm of Lhcgr mRNA abundance in LC mice that
peaked during the early portion of the light phase
(ZT2.4 � 1.4) (Figure 6). Unlike the rhythm of Bmal1
mRNA abundance, the rhythm of Lhcgr expression per-
sisted in GCKO mice with a peak close to lights on
(ZT1.98 � 1.59) (Figure 6). This rhythm was abolished in
TCKO mice, as confirmed by both CircWave (P � .05)
and two-factor ANOVA (genotype, F � 5.63, df � 2, P 	
.01 � time, F � 6.53, df � 4, P 	 .001). Dampening of this

rhythm was associated with a decline of the daytime peak
and a spike of Lhcgr mRNA levels at ZT24 in TCKO mice,
which was not detected in GCKO mice or LCs (P 	 .05 vs
both) (Figure 6). We did not detect a significant phase shift
of Lhcgr expression in either GCKO or TCKO mice (when
compared with LCs). Although Fshr mRNA appeared to
fluctuateacross theday inall3strains,wecouldonlyconfirm
a rhythm in GCKO mice (P 	 .05 by CircWave). As with
Lhcgr, we did not detect a significant effect of genotype on
Fshr mRNA abundance in the ovary in any strain at any of
the time points examined (Figure 6). This result was also
confirmed by two-factor ANOVA (genotype, F � 1.28, df �
2, P � .29 � time, F � 3.80, df � 4, P 	 .05).

Discussion

The influence of the timing system on female reproductive
physiology is well known, with the SCN playing a pivotal
role in the timing of events in the hypothalamo-pituitary-

Figure 4. Phasic sensitivity to LH is disrupted in adult and juvenile eCG-primed conditional Bmal1 TCKO mice. A, Rhythm of sensitivity to eLH in
cycling adult LC (n � 3; both ZT18 and ZT6), GCKO (ZT18 n � 5, ZT6 n � 4), and TCKO (ZT18 n � 5, ZT6 n � 6) mice. Both LC and GCKO
transgenic mice displayed strong diurnal rhythms of eLH sensitivity with peak responses to eLH treatment at ZT18 (*, P 	 .05 vs ZT6) for both. In
contrast, adult cycling TCKO mice did not maintain a rhythm of sensitivity to eLH (P � .05 ZT18 vs ZT6). B, Diurnal rhythms of sensitivity to LH in
juvenile-eCG-primed LC (n � 4–8 per time of treatment), GCKO (n � 5–6 per time of treatment), and TCKO (n � 4–6 per time of treatment)
mice. Both LC (open circles) and GCKO (gray squares) mice displayed diurnal rhythms of responsiveness with significant peaks of responsiveness to
eLH treatment at ZT9–ZT12 (*, P 	 .05 vs troughs at ZT0, ZT3, and ZT18). TCKO mice (black triangles) did not show a significant rhythm in
response to phasic eLH. Data are presented as mean � SEM and in B data are fit to a nonlinear regression (see Materials and Methods). In B, #
indicates difference between TCKO and GCKO, and � indicates a significant difference between TCKO and LC mice.

Table 1. Fertility of Targeted Bmal1 KO Mice

Genotype Dams
Average Matings
per Dama

% Viable
Litters (Total)

Mean (SEM)
Pups/Litter

LC 12 2 88% (24) 6.4 (1.8)
GCKO 12 1.6 94% (18) 5.7 (2.2)
TCKO 12 1.2 56% (16) 3.3 (1.8)b

a Mated with Cre null;Bmal1flx/flx non-sibling male.
b P 	 .05 by ANOVA vs LC and GCKO.
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ovarian axis (10, 41). Evidence has also accumulated in
support of a contribution from peripheral oscillators in-
cluding the ovary (42). We have previously reported a
circadian rhythm of ovarian sensitivity to gonadotropins
in rats which is independent of the timing of the endoge-
nous LH surge (34). This rhythm, not surprisingly, peaks
during the night. These data suggest that the ovarian clock
may contribute to the timing of ovulation by setting a
window of LH sensitivity. Although the follicle receives
multiple timing cues from the SCN (23), logic dictates that

a critical physiological system (eg, the reproductive axis)
with strict temporal requirements might rely on redundant
activity of central and peripheral oscillators. However, the
weight of these contributions remains largely unknown
(43). We applied our ovulation induction assay to mice
and confirmed rhythmic sensitivity to LH, with a peak
response also limited to the early/middle portion of the
night when mating is likely to occur (44). These data ex-
tend our previous results and support our general hypoth-
esis. It has been suggested that LH sensitivity is pro-

Figure 5. Rhythms of clock gene mRNA abundance in whole ovary are disrupted in both GCKO and TCKO transgenic mice. Abundance of clock
gene mRNA in ovaries recovered from LC (n � 3), GCKO (n � 3), and TCKO (n � 3) mice on proestrus. LC mice displayed diurnal rhythms of
Bmal1, Per1, and Rev-erb� mRNA abundance (P 	 .05 indicated in top right of each panel). Rhythms of Bmal1 and Rev-erb� mRNA abundance
were disrupted in both GCKO and TCKO mice. Although still rhythmic, the absolute level of Per1 mRNA was suppressed in both GCKO and TCKO
mice. Although not significant by CircWave analysis, Cry1 mRNA abundance oscillated at low amplitude with a peak near midday in LC mice and
was altered in both GCKO and TCKO mice. Clock mRNA displayed a low amplitude rhythm in TCKO mice that was not detected in LC or GCKO
mice. Data are presented as mean � SEM; n � 3 samples per time point except for ZT24 in TCKO mice (n � 2). (#, P 	 .05 GCKO vs TCKO; *, P 	
.05 LC vs GCKO or TCKO). Values for target mRNA abundance were calculated using the ��CT method as described in Materials and Methods
with �-actin as the reference gene. Data were fit to a nonlinear regression (see Materials and Methods).
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grammed during puberty and that the rhythm we observed
depends almost entirely on the persistence (or absence) of
gonadotrophic support. It is true that treatment with CET
leads to a precipitous decline in gonadotrophic support for
the developing follicle (45, 46). To address this issue we
measured the timing of ovarian sensitivity in juvenile (	31
d old) mice primed with eCG. Chorionic gonadotropin has
a long half-life in rodent serum ranging from 40–72 hours
(47) and is used to stimulate folliculogenesis 48–72 hours
before a “trigger” injection of LH (48, 49). Because go-
nadotropin secretion is low in the juvenile mouse this CET
treatment was unnecessary, but initially included to con-
trol for the effects of blocking endogenous LH (3, 50).
Juvenile eCG-primed mice displayed a rhythm of sensitiv-
ity to eLH that declined in the face of persistent gonado-
trophic support for the ovarian follicles (ZT0–ZT6 on the
second day after priming). Moreover, this rhythm showed
peak and trough phases akin to those detected in adults,
indicating that the phase of sensitivity is established early
in development and may be an innate property of the ma-
ture follicle.

To identify the ovarian pacemaker responsible for this
rhythm, we used the CRE-LOX system to generate ovar-
ian cell type-specific conditional Bmal1 knockout mice.

BMAL1 is a core component of the oscillator and the only
single locus whose deletion leads to near complete clock
disruption (17). We used CRE-driven fluorescent reporter
mice to verify that CRE expression was largely restricted
to the intended ovarian cell type and that BMAL1 expres-
sion in the SCN and rhythms of behavior were not affected
in GCKO or TCKO mice. We found very limited expres-
sion of CRE-driven GFP outside of the ovary, including
the anterior pituitary, liver (see Figure 2) and oviduct (not
shown). Our findings are in agreement with the initial
reports describing the development of both the Cyp17-
iCre and Cyp19-Cre transgenic lines (36, 38). We found
that TCKO mice were subfertile when compared with
both GCKO and LC mice marked by mating difficulties
and fewer offspring per litter, although most reproductive
functions (eg, estrous cycles, P4, and LH levels) were un-
affected. A limitation of our approach is that P4 levels
were assessed on proestrous rather than metestrus or di-
estrus. Thus, it is possible that there is an undetected drop
in P4 levels during the brief luteal phase in our TCKO and
GCKO mice. Because we did not measure implantation
rate (30), we cannot make strong conclusions regarding
luteal P4 levels. However, the decline in offspring we ob-
served matches the reduction in response to exogenous LH

Figure 6. Conditional KO of Bmal1 in TCs alters rhythms of LHR mRNA abundance in the ovary. Rhythms of Lhcgr and Fshr expression in whole
ovary tissue recovered from LC (n � 3), GCKO (n � 3), and TCKO (n � 3) transgenic mice. In both LC and GCKO mice we detected a significant
diurnal rhythm of Lhcgr mRNA abundance (P 	 .05 for both) that was abolished in TCKO transgenic mice. There was a marked increase in Lhcgr
expression at ZT24 in TCKO mice (#, P 	 .05) when compared with the same time point in both LC and GCKO mice. A low amplitude oscillation
of Fshr mRNA expression was detected in GCKO transgenic mice with a peak in the morning (ZT1.99). Daily variation of Fshr mRNA abundance
was not significant in either LC or TCKO transgenic mice. Data are presented as mean � SEM. n � 3 ovaries from 3 different mice per time point.
#, P 	 .05 GCKO vs TCKO; *, P 	 .05 LC vs GCKO or TCKO. Only those rhythms labeled directly with a P value were considered significant by
CircWave analyses. Values for target mRNA abundance were calculated using the ��CT method as described in Materials and Methods, with �-
actin as the reference gene. Data were fit to a nonlinear regression (see Materials and Methods).
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we detected in cycling TCKO mice, again supporting the
conclusion that conditional Bmal1 KO in TCs affects ovu-
lation but not luteal P4 levels or implantation.

Although we measured serum LH in both TCKO and
GCKO mice, we did not directly measure this hormone in
our Bmal1flx/flx; Cre null LC mice. However, the timing
and amplitude of LH secretion during the mouse estrous
cycle is well known and has recently been described in the
literature (3, 50–52). Because we saw no gross deficits in
fertility among our LC mice (Table 1) we can safely assume
they produce a normal LH surge on proestrus. We also did
not detect any gross deficits in folliculogenesis among
TCKO mice. We did observe a slight decline in the number
of primordial follicles and a modest increase in the per-
centage of preantral follicles. It is possible that an unde-
tected increase in early atresia in TCKO mice or more
rapid progression to the preantral stage accounts for this
apparent decline in follicular reserve. Nonetheless, this
does not appear to account for the decline in fertility we
observed. Although able to reproduce, TCKO KO mice
were less successful and produced on average half as many
offspring. To directly assess the role of the clock in TCs we
measured ovarian sensitivity to eLH across the 24-hour
day. Both LC and GCKO mice displayed rhythmic sensi-
tivity to eLH peaking at ZT18, but this rhythm was
blunted in TCKO mice. To eliminate the confounding in-
fluences of CET treatment and a mature HPO axis we
examined this rhythm in juvenile eCG-primed mice. In this
experiment CET treatment was avoided to eliminate any
confounding effects of the drug on Cyp19 expression in
GCs (53). Juvenile eCG-primed LC and GCKO mice also
displayed rhythmic sensitivity to eLH. We did not detect
a rhythm of LH sensitivity in TCKO mice, suggesting that
the oscillator in TCs is necessary for phasic responsiveness
to LH. Because clock gene expression rhythms in the ovar-
ian follicle appear to be linked to follicular development
(ie, only more mature preantral and antral follicles express
a rhythm of clock gene expression), we cannot feasibly
dissociate the timing of ovarian sensitivity from the de-
velopment of the follicle either across the cycle or in re-
sponse to eCG-priming. Our results simply support the
conclusion that the clock in the ovarian follicle, at that
time when said follicles reach their peak of maturity and
are ready to respond, will do so in a rhythmic fashion that
is independent of any temporal cues from the SCN. This
conclusion is drawn largely from our data in juvenile eCG-
primed LC mice that failed to ovulate after approximately
40 hours of priming (ZT0–ZT3) and the dampened
rhythm in TCKO mice primed with eCG. Further, the
acute drop in ovulation in response to eLH at ZT15–ZT18
in these mice, notably only 51–54 hours after eCG priming

when mature follicles are certainly still able to respond,
supports our assertions.

LH, acting through its G protein-coupled receptor, ini-
tiates a cascade of cellular signaling events leading to cel-
lular differentiation and altered gene expression (54). Pre-
vious studies have examined the daily variation in LHR
gene (Lhcgr) expression in the ovary and isolated GCs (27,
30, 55). Combined, these data indicate that the clock
drives rhythmic Lhcgr expression in luteinized GCs. We
hypothesized that the blunted rhythm of sensitivity to LH
we observed in TCKO mice was due to an attenuated
rhythm of clock-controlled gene expression in TCs. We
observed significant diurnal rhythms of Bmal1, Per1, and
Rev-erb� mRNA abundance in ovaries from LC mice.
These rhythms were suppressed in GCKO and TCKO
mice, indicating that deletion of Bmal1 leads to altered or
even abolished rhythms of clock gene expression in both
GC and TC. We next examined the influence of Bmal1 KO
on the timing of Lhcgr and Fshr mRNA abundance in the
ovary. In both LC and GCKO mice we observed signifi-
cant diurnal rhythms of Lhcgr mRNA abundance with
peaks at ZT2.4 and ZT1.98, respectively. This rhythm
was altered in TCKO transgenic mice that displayed a
large increase in Lhcgr mRNA at ZT24. The altered
rhythm of Lhcgr mRNA abundance we have observed in
TCKO mice is likely due to the suppression of Bmal1
mRNA in these cells. Because we did not analyze gene
expression directly in isolated TCs or theca interna tissue
it is possible that the rhythm of Lhcgr and Fshr mRNA
abundance we measured in TCKO mice is generated by
GCs that are indirectly influenced by clock disruption in
TCs. Further targeted analysis of the effects of Bmal1 KO
in isolated GCs and TCs is warranted. In mammals the TC
produces androgens that are critical for normal folliculo-
genesis (39, 56). The LHR is expressed at high levels in the
TC wherein LH stimulates steroidogenesis through up-
regulation of steroid acute regulatory protein (StAR) and
Cyp17 gene expression (57, 58). LH enhances follicular
development through its impacts on TC androgen secre-
tion (59). Data from bovine and rodent models confirm
considerable changes in gene expression across multiple
loci in the TC after exposure to LH (60, 61). The expres-
sion of LHR is under the direct control of the molecular
clock, as treatment with PER2 or CLOCK siRNA leads to
down-regulation of Lhcgr expression (62). Conversely,
LH and FSH can alter the timing of clock gene expression
in the ovary (for review see Ref. 23). Our data suggest that
suppression of ovarian sensitivity to LH in TCKO is the
result of abnormal rhythms of Lhcgr expression in TCs.
Although this is certainly a reasonable interpretation,
there are several possible alternatives. Because we did not
measure ovarian sensitivity across the entire 24-hour day
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or in DD it is possible that TCKO dramatically shifts the
peak of sensitivity to a fine window in the late night. It is
also possible, as previously alluded to, that deletion of the
clock in TCs leads to indirect deficits in GC function which
in turn leads to the decline in sensitivity in TCKO mice.

Although both novel and significant, our results con-
flict with a recent study indicating that deletion of Bmal1
in steroid-producing cells of the ovary using a steroido-
genic factor 1 (SF-1)-Cre;Bmal1flx/flx transgenic model
leads to marked reduction in P4 secretion and implanta-
tion failure (30). Their findings leave little doubt that def-
icits in implantation are due to a decline of ovarian P4
secretion. How then can we explain this discrepancy? It
may be resolved by understanding differences in temporal/
spatial expression of the ovary-targeted CRE drivers used.
Both Cyp19 and Cyp17 mRNA expression levels vary dur-
ing folliculogenesis (63, 64). Cyp19 and Cyp17 expression
levels increase nearly 40-fold during follicular develop-
ment, starting low in primary follicles and reaching a peak
in large preovulatory follicles (63, 65). Further, evidence
indicates that both Cyp17 and Cyp19 expression is dra-
matically down-regulated after the LH surge (66, 67). In
contrast, SF-1 expression is more ubiquitously expressed
with significant levels reported in primary, secondary and
tertiary follicles (68–70). Hinshelwood et al reported
weak SF-1 expression limited to the TC/SC compartment
and exceedingly low levels of SF-1 in luteal cells, suggest-
ing that SF-1 is not the primary regulator of P4 secretion
during pregnancy (70). This finding is supported by ge-
nome wide studies showing a near 3-fold decline in SF-1
expression after luteinization (60). In contrast, others have
recorded significant SF-1 signal in both ovarian cell types
and confirmed that SF-1 regulates estradiol synthesis in
GCs (69, 71). These data lead us to conclude that deletion
of Bmal1 in ovarian follicles is enhanced in our transgenic
mice during late folliculogenesis, resulting in robust cir-
cadian disruption in preovulatory follicles that is poten-
tially silenced after luteinization.

Our data reveal, for the first time, that circadian clock
function in the TC appears to be necessary and sufficient
for a normal rhythm of ovarian sensitivity to gonadotro-
pins and thus precise timing of ovulation in mice. More-
over, we have determined that this rhythm of sensitivity
may be directly linked to rhythmic expression of LHR
mRNA in the TC. A change in the diurnal rhythm of Lhcgr
mRNA abundance is associated with an attenuated
rhythm of sensitivity and an overall decline in fertility in
TCKO mice. The TC is the primary androgen-producing
cell in the ovary and androgen secretion from TCs repre-
sents a tipping point in the balance between normal fol-
liculogenesis (low levels of androgen) and abnormal fol-
licular growth (excess androgen). Our own data reveal

that excess androgen exposure during sexual develop-
ment, a treatment that produces a Polycystic Ovary Syn-
drome phenotype in mice, leads to considerable circadian
disruption, irregular reproductive cycles and infertility
(72, 73). Here we reveal that TCs, acting as the ovarian
pacemaker for gonadotropin sensitivity, could play a crit-
ical part in the etiology of infertility due to environmental
and/or genetic influences.
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causative effects has the potential to provide new insights into the 
etiology of reproductive diseases and novel diagnostic and clinical 
technologies for infertility treatment.

RESULTS
We report a large meta-analysis of genome-wide association studies 
(GWAS) of 251,151 individuals for AFB and 343,072 individuals for 
NEB from a total of 62 cohorts of European ancestry. We identify  
12 independent loci (10 of which are new and 2 of which were previ-
ously identified in a study on age at first sexual intercourse11) that are 
significantly associated with AFB and/or NEB in men, women or both 
sexes combined (Table 1). Follow-up analyses identified a number of 
genetic variants and genes that likely drive the GWAS associations.  
We also quantified the genetic overlap with biologically adjacent 
reproductive, developmental, neuropsychiatric and behavioral  
phenotypes. A detailed description of all materials and methods is 
available in the Supplementary Note.

Meta-analysis	of	GWAS
Associations of AFB (mean ± s.d., 26.8 ± 4.78 years) and/or NEB 
(mean ± s.d., 2.3 ± 1.43 children) with SNPs imputed from NCBI Build 
37 HapMap phase 2 data were examined in 62 cohorts using multi-
ple linear regression under an additive model, in men and women 
separately (Supplementary Note). Associations were adjusted for 
principal components, to reduce confounding by population strati-
fication15, as well as for the birth year of the respondent and its square 
and cube to control for nonlinear birth cohort effects (Supplementary 
Tables 1 and 2, and Supplementary Note). NEB was assessed only for 
those who had completed their reproductive period (age ≥45 years for 
women and ≥55 years for men), while AFB was only assessed for those 
who were parous. Quality control was conducted in two independent  
centers using QCGWAS16 and EasyQC17 (Supplementary Note). 
Results were subsequently submitted to meta-analysis for the 2.4 million  
SNPs that passed quality control filters (Supplementary Note) and 
are reported for men and women combined and separately.

Human reproductive behavior—AFB and NEB—has been associated  
with human development1,2, infertility3,4 and neuropsychiatric  
disorders5. Reproductive tempo (AFB) and quantum (NEB) are 
cross-cutting topics in the medical, biological, evolutionary and 
social sciences and are central in national and international policies6.  
Advanced societies have experienced a rapid postponement of AFB,  
with the mean AFB of women now being 28–29 years in many  
countries7. This increase in AFB has been linked to lower fertility 
rates, unprecedented rates of childlessness (~20%) and infertility, 
which affects 10 to 15% of couples8. An estimated 48.5 million couples 
worldwide are infertile, with a large part of subfertility, particularly in 
men, remaining unexplained9. Although infertility has been related 
to advanced AFB, ovulation defects, failure of spermatogenesis, and 
single-gene or polygenic defects, the causal effects for these factors 
remain unsubstantiated10.

Recently, genetic and clinical research has focused on proximal 
infertility phenotypes3,4,10,11. AFB and NEB represent accurate meas-
ures of complex reproductive outcomes, are frequently recorded and 
consistently measured, and are key parameters for demographic 
population forecasting12. There is evidence of a genetic component 
underlying reproduction, with heritability estimates of up to 50% 
for AFB and NEB (Supplementary Fig. 1)6. A recent study attrib-
uted 15% of the variance in AFB and 10% of the variance in NEB to 
common genetic variants13. There are also sex-specific differences in 
human reproduction, related to the timing of fertility, fecundability 
and sex–genotype interactions (Supplementary Note). Researchers 
have given less attention to traits such as NEB because of an erroneous 
and frequently repeated misinterpretation of Fisher’s fundamental  
theorem of natural selection14 that the additive genetic variance in 
fitness should be close to zero. This misreading of the theorem had 
a naively intuitive appeal: genes that reduce fitness should be passed 
on less frequently. Fisher, however, actually argues that fitness is 
moderately heritable in human populations (for a discussion, see the 
Supplementary Note). As no established genes are currently avail-
able for clinical testing of infertility10, isolating genetic loci and their 

The	genetic	architecture	of	human	reproductive	behavior—age	at	first	birth	(AFB)	and	number	of	children	ever	born	(NEB)—has		
a	strong	relationship	with	fitness,	human	development,	infertility	and	risk	of	neuropsychiatric	disorders.	However,	very	few		
genetic	loci	have	been	identified,	and	the	underlying	mechanisms	of	AFB	and	NEB	are	poorly	understood.	We	report	a	large	
genome-wide	association	study	of	both	sexes	including	251,151	individuals	for	AFB	and	343,072	individuals	for	NEB.	We	identified	
12	independent	loci	that	are	significantly	associated	with	AFB	and/or	NEB	in	a	SNP-based	genome-wide	association	study	and		
4	additional	loci	associated	in	a	gene-based	effort.	These	loci	harbor	genes	that	are	likely	to	have	a	role,	either	directly	or	by	affecting	
non-local	gene	expression,	in	human	reproduction	and	infertility,	thereby	increasing	understanding	of	these	complex	traits.	

Genome-wide analysis identifies 12 loci influencing 
human reproductive behavior

A full list of authors and affiliations appears at the end of the paper.
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We applied a single genomic control at the cohort level and 
performed meta-analysis of results using a sample-size-weighted 
fixed-effect method in METAL (Supplementary Note). The PLINK 
clumping function isolated ‘lead SNPs’—those with the lowest P value 
for association that are independently associated—using an r2 thresh-
old of 0.1 and a distance threshold of 500 kb. For AFB, we identified 
ten loci associated at genome-wide significance (P < 5 × 10−8 for 
combined results and P < 1.67 × 10−8 for sex-specific results adjusted 
for multiple testing), of which 9 were significantly associated in both 
sexes combined and 1 was associated in women only (n = 154,839) 
(Fig. 1a and Table 1). Three loci were significantly associated with 
NEB: two in both sexes combined and one in men only (n = 103,736) 
(Fig. 1b, Table 1 and Supplementary Note). One locus on chromo-
some 1 reached significance for association with both AFB and NEB 
with r2 = 0.57 between the two lead SNPs, suggesting a shared genetic 
basis for the two traits (Table 2). A statistical test of sex-specific effects 
confirmed that differences are mainly due to variation in sample size 
and not variation in effect size (Supplementary Note).

As for other complex traits18, the quantile–quantile plots of the 
meta-analyses exhibited strong inflation of low P values (Fig. 2), sug-
gesting that, although cohorts controlled for the top principal compo-
nents and cohort-level genomic control was applied (Supplementary 
Note), residual population stratification may remain. However, the 
LD Score intercept method19 as well as a series of individual and 
within-family regression analyses using polygenic scores as predic-
tors20,21 (Supplementary Note) indicated that the observed inflation 
was almost entirely attributable to a true polygenic signal, rather than 
population stratification.

Gene-based	GWAS
To increase the power to find statistically significant associations and 
causal genes, we additionally performed a gene-based GWAS using 
VEGAS22,23. The results confirmed top hits from the single-SNP 
analyses. For AFB, seven loci from the SNP-based GWAS were also 
represented in the gene-based analysis (Supplementary Table 3), and 
three additional loci emerged, represented by SLF2 (chromosome 10),  
ENO4 (chromosome 10) and TRAF3-AMN (chromosome 14). For 
NEB, one locus from the SNP-based GWAS was represented in the 
gene-based analysis—GATAD2B (chromosome 1)—and one new 
locus on chromosome 17 was identified (Supplementary Table 4).

Causal	variants
To identify functional and potentially causal variants, both coding and 
regulatory, within loci identified in the SNP-based GWAS (Table 1),  
we first performed an in silico sequencing annotation analysis using 
the post-GWAS pipeline reported by Vaez et al.24. This showed that 
rs10908557 on chromosome 1 is in high linkage disequilibrium 
(LD) with nonsynonymous SNPs in CRTC2 (rs11264680; r2 = 0.98) 
and CREB3L4 (rs11264743; r2 = 0.94) (Supplementary Table 5). 
Interestingly, rs11264743 is considered ‘deleterious’ and ‘probably 
damaging’ by SIFT and PolyPhen, respectively (Ensembl release 83). 
In addition, rs2777888 on chromosome 3 is in high LD with two 
nonsynonymous SNPs in MST1R (rs2230590, r2 = 0.95 and rs1062633,  
r2 = 0.95) (Table 1 and Supplementary Table 5).

We subsequently performed a comprehensive analysis using results 
from the Encyclopedia of DNA Elements (ENCODE)25 and Roadmap 
Epigenomics26 projects, as integrated in RegulomeDB27, to identify 
variants that likely influence downstream gene expression via regula-
tory pathways. Among all SNPs that reached P < 5 × 10−8 in the meta-
analyses (n = 322), 50 SNPs in five loci showed the most evidence of 
having functional consequences (Table 1 and Supplementary Table 6).  ta
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Two sets of SNPs on chromosome 1 (18 SNPs) and chromosome 3 
(25 SNPs) stand out in particular. The most promising SNP in the 
chromosome 1 locus (rs6680140) is located in a site of acetylation of 
histone H3 at lysine 27 (H3K27ac), often found near active regula-
tory elements, and lies in a DNase I hypersensitivity cluster where 
eight proteins are anticipated to bind. One of these proteins is cAMP 
responsive element binding (CREB)-binding protein, encoded by 
CREBBP. In the chromosome 3 locus, rs2526397 is located in a 
transcription factor binding site and is an expression quantitative 
trait locus (eQTL) for HYAL3 in monocytes, while rs2247510 and 
rs1800688 are located in H3K27ac sites and DNase I hypersensitivity 
clusters where a large number of transcription factors are expected 
to bind (Supplementary Table 6). An analysis using Haploplotter 
showed that rs2247510 and rs7628058 in the chromosome 3 locus 
are among the 5% of signals showing the most evidence of positive 
selection in the population. The same applies to the lead SNP of the 
chromosome 14 locus for NEB (rs2415984).

Causal	genes
Information on the function and anticipated relevance of genes  
in the 12 loci identified in the SNP-based GWAS that are most  
likely to be causal on the basis of all evidence discussed below is 
provided in Table 2.

Cis-	and	trans-eQTL	and	meQTL	analyses
Identifying alterations in gene methylation status and/or expression 
levels in relation to GWAS-identified variants may help prioritize causal 
genes. We examined associations with gene expression and methylation 
status for the 12 independent lead SNPs in whole-blood BIOS eQTL  
(n = 2,116) and methylation quantitative trait locus (meQTL; n = 3,841) 
databases in cis and trans28,29. Seven SNPs were associated in cis with the 
expression of 54 unique genes (Table 1 and Supplementary Table 7).  
Five of these seven SNPs were in high LD (r2 > 0.8) with the strongest 
eQTL for at least one of the genes within the corresponding locus, 
indicating that the SNP associated with AFB or NEB and the SNP most 
significantly associated with expression tag the same functional site: 
rs10908557 (associated with the expression of CRTC2 and SLC39A1), 
rs1160544 (AFF3), rs2777888 (RBM6, RNF123 and RBM5), rs2721195 
(CYHR1, GPT, RECQL4 and PPP1R16A) and rs293566 (NOL4L). Three 
SNPs were associated with the expression of a total of eight genes in 
trans (Table 1 and Supplementary Table 8). Of these SNPs, only 
rs2777888 was in high LD (r2 > 0.8) with the strongest eQTL for three 
of its five associated genes: LRFN1, LAMP2 and FGD3.

The meQTL analysis showed that 11 of the 12 independent lead 
SNPs were associated with DNA methylation of a total of 131 unique 
genes in cis (Table 1 and Supplementary Table 9). Seven of the 11 
SNPs were in high LD (r2 > 0.8) with the strongest meQTL for one 
of the corresponding methylation sites: rs10908557 (associated with 
methylation of CRTC2, SLC39A1, CREB3L4, DENND4B and RAB13), 
rs1160544 (AFF3), rs2777888 (CAMKV), rs6885307 (C5orf34), 
rs10056247 (JADE2), rs2721195 (CYHR1) and rs13161115 (EFNA5). 
Three of the SNPs were associated with the same genes for both meth-
ylation and gene expression in cis: rs10908557 (CRTC2), rs1160544 
(AFF3) and rs2721195 (CYHR1) (Supplementary Tables 7 and 9). 
Three SNPs were associated with methylation of a total of ten genes 
in trans (Table 1 and Supplementary Table 10). Of these SNPs, only 
rs2777888 was in high LD (r2 > 0.8) with the strongest meQTL for 
a corresponding methylation site (ASAP3). Of note, rs2777888 was 
also a trans-eQTL.

Gene	prioritization
We used four publicly available bioinformatics tools to systematically 
identify genes that are more likely than neighboring genes to cause 
the associations identified by our GWAS. Of all genes that reached  
P < 0.05 in analyses using Endeavor30, MetaRanker31 and ToppGene32, 
eight genes were prioritized for both AFB and NEB: TPM3, GRM7, 
TKT, MAGI2, PTPRD, PTPRM, RORA and WT1. DEPICT—a fourth 
comprehensive and unbiased recently described gene prioritization 
tool33—identified three genes in GWAS significant loci as likely being 
causal for AFB (MON1A, RBM6 and U73166.2) (Supplementary 
Tables 11 and 12).

Gene-based	results	from	RegulomeDB
An analysis using RegulomeDB identified 50 SNPs in five loci that 
most likely have regulatory consequences (Supplementary Table 6). 
Eighteen and 25 of these SNPs are within the chromosome 1 and 
chromosome 3 loci, respectively. Among the genes that, at a protein 
level, bind at the site of one or more of the 18 variants in the locus on 
chromosome 1 are CREBBP, HNF4A, CDX2 and ERG. These genes 
may act upstream in the causal pathway and influence the expres-
sion of causal genes at this locus. Of the 25 SNPs on chromosome 
3, 10 were eQTLs for RBM6 in monocytes and 7 were eQTLs for 
HYAL3 in monocytes. Among the genes that, at a protein level, bind 
at rs2247510 and rs1800688 in the chromosome 3 locus are ARID3A, 
REST and TFAP2C, as well as HNF4A and CDX2, which also bind at 
the chromosome 1 locus.

Figure 1 Manhattan plots of SNPs for age at first birth and number of children ever born in single-genomic-control meta-analysis. (a,b) SNPs are plotted 
on the x axis according to their position on each chromosome against association with AFB (a) and NEB (b). The solid blue line indicates the threshold 
for genome-wide significance (P < 5 × 10−8), and the red line represents the threshold for suggestive hits (P < 5 × 10−6). Blue points represent SNPs in 
a 100- kb region centered on genome-wide significant hits. Loci are annotated with the names of the genes closest to the significant SNPs.
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table 2 Function and potential relevance for genes in GWAs-identified loci that are most likely causal on the basis of all available 
evidence

Lead SNP Gene Chr. Evidence Gene function and potential role in reproduction and (in)fertility Ref.

rs10908557 CRTC2 1 G, V, ctQ, ctM,  
Q lymph. (R)

Functions as a Ca2+- and cAMP-sensitive coincidence sensor; promotes CREB target gene  
expression; signal mediator in FSH and TGF-β1 steroidogenesis in ovarian granulosa cells

42

rs10908557 CREB3L4 1 N, V, cQ, cM Has a role in protein maturation; involved in spermatid differentiation and male germ cell  
development; expressed in prostate, oocytes, fallopian tube and mammary gland

44,45

rs10908557 GATAD2B 1 V, Q monoc. (R) Transcriptional repressor and a component of nucleosome remodeling complex Mi2/NuRD; 
increased expression in endometriosis; linked to a common gynecological disorder that causes 
pelvic pain and infertility

58,59

rs10908557 SLC39A1 1 V, cQ, cM Zinc uptake transporter; major zinc regulator in prostate cells; involved in the regulation of zinc 
homeostasis by cumulus cells in the oocyte

60,61

rs10908557 DENND4B 1 cM Paralog of DENN1A, which has been implicated in polycystic ovary syndrome; expressed at the 
protein level in the cervix

46,62

rs1160544 AFF3 2 cQ, cM Lymphoid nuclear transcriptional activator implicated in tumorigenesis; same family as AFF3 
and AFF4 (FMR2 family member 4); transcriptional regulator in testicular somatic cells;  
essential for male germ cell differentiation and survival in mice

63,64

rs1160544 LINC01104 2 G, V Unknown
rs2777888 HYAL3 3 cM, Q monoc. (R) Hyaluronidases, including HYAL3, are involved in degradation of hyaluronan, a major  

glycosaminoglycan of the extracellular matrix; acquired during sperm maturation in the  
epididymis and involved in sperm function and the acrosome reaction; required for in vitro 
cumulus penetration in mice, although its absence is not associated with infertility (perhaps 
compensated for by other hyaluronidases)

65

rs2777888 RBM6 3 V, cQ, cM, DEPICT,  
Q monoc. (R)

Involved in RNA splicing 66

rs2777888 RNF123 3 V, cQ, cM,  
Q liver (R)

Has a role in cellular transitioning from quiescence to a proliferative state through its E3 
ubiquitin ligase activity toward cyclin-dependent kinase inhibitor 1B, which controls cell cycle 
progression in G1 phase

66–68

rs2777888 RBM5 3 V, cQ Involved in cell cycle regulation; regulator of pre-mRNA splicing; involved in spermatogenesis 
and fertility in mice

47

rs2777888 MON1A 3 V, cM, DEPICT Involved in the movement and trafficking of proteins (for example, ferroportin) through the  
secretory apparatus

69

rs2777888 U73166.2 3 DEPICT Unknown
rs2777888 MST1R 3 N, V, cM,  

MetaRanker,  
ToppGene and 
Endeavor

Cell surface receptor for MSP with tyrosine kinase activity, expressed on ciliated epithelia  
of the mucociliary transport apparatus of the lung; involved in host defense, expressed in sperm; 
may act in a regulatory system of ciliary motility, together with MSP, which sweeps eggs along 
the oviduct; expressed in mucous membrane and mammary gland

70

rs10056247 JADE2 5 G, V, cM Involved in histone acetylation
rs13161115 EFNA5 5 cM Involved in development and differentiation of the nervous system and folliculogenesis  

regulation; required for normal fertility in female mice; expressed in embryonic stem cells  
and embryoid bodies

50

rs6885307 HCN1 5 G, cM Hyperpolarization-activated cation channel that contributes to the native pacemaker current  
in, for example, neurons; HCN1 channels are present in kisspeptin (Kiss1) neurons in the  
rostral periventricular area of the third ventricle (RP3V), which provide an excitatory drive to 
gonadotropin-releasing hormone (GnRH)-expressing neurons that control fertility

71

rs2347867 ESR1 6 G, cM, binds  
at rs4851269  
on chr. 2 (R)

Transcription factor involved in estrogen-responsive gene expression; essential for sexual  
development and reproductive function in women; genetic variants in ESR1 may influence  
susceptibility to endometriosis or female fertility in patients with endometriosis; involved  
in male fertility by transferring estrogen effect; expressed in myometrium, endometrium, oocytes, 
uterus and fallopian tube

51,52, 
72–74

rs10953766 FOXP2 7 G, cM, binds  
at rs6997  
on chr. 3 (R)

Transcription factor expressed in fetal and adult brain that is involved in speech and language 
development; involved in regulation of neuronal development in the embryonic forebrain;  
expressed in mucous membrane and myometrium

75

rs2721195 CYHR1 8 cQ, cM Histidine-cysteine-rich protein involved in spermatogenesis 53
rs2721195 GPT 8 V, cQ, cM, Q monoc. 

(R)
Involved in intermediary metabolism of glucose and amino acids; may have a role in  
spermatogenesis via testicular glucose metabolism, which is pivotal for the normal occurrence  
of spermatogenesis; levels in the normal range are positively associated with metabolic and  
endocrine abnormalities in women of reproductive age and negatively associated with FSH 
levels, independent of obesity

76,77

rs2721195 RECQL4 8 V, cQ, cM Processing of aberrant DNA structures that arise during DNA replication and repair;  
predominantly expressed in testis

78

rs2721195 PPP1R16A 8 V, cQ, cM, Q monoc. 
(R)

Regulator of protein phosphatase PP1β; present in the sperm tail where it interacts with  
proteins that are important in sperm structure and motility; expressed in mammary gland  
and fallopian tube

79

rs293566 NOL4L 20 cQ, cM Component of cytoplasm and nucleoplasm; expressed in umbilical vein

Evidence categories include the nearest gene (G), nonsynonymous variants (N), gene-based GWAS performed in VEGAS (V), eQTLs in cis and/or trans (ctQ), meQTLs in cis and/or 
trans (ctM), eQTLs (Q) in lymphoblasts (lymph), monocytes (monoc) or liver based on RegulomeDB (R), gene prioritization using either DEPICT or MetaRanker, ToppGene and  
Endeavor, and protein binding at SNPs based on RegulomeDB (R). Chr., human chromosome on which the gene is located; FSH, follicle-stimulating hormone; CREB, cAMP  
response element–binding protein; TGF-β1, transforming growth factor β1; MSP, macrophage-stimulating protein. SNIPPER was used for the literature search, with the search 
terms “fertility,” “sperm,” “ovum” and “reproduction.”
Gene Network was used to find the tissue or organ with high expression for a given gene (AUC > 0.8).
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Five genes encode proteins that bind at the site of both SNPs on 
chromosome 2 that reach P < 5 × 10−8 in the meta-analysis of GWAS. 
One of these is REST; another one, ESR1, is the most likely causal gene 
in the chromosome 6 locus.

Functional	network	and	enrichment	analyses
Functional network analysis using five prioritized candidate gene sets 
as input (Supplementary Note) showed no significantly enriched 
biological function. No biological function was significantly enriched 
after correction for multiple testing using the Benjamini–Hochberg 
procedure. Similarly, no reconstituted gene sets and cell or tissue types 
were significantly enriched in the GWAS meta-analysis results based 
on results from the DEPICT analysis (Supplementary Tables 13–20). 
The lack of significantly enriched genes, tissue sets and biological 
functions reflects the need for a larger sample size but also the distal 
nature of the phenotypes, which are influenced by a mixture of bio-
logical, psychological and socioenvironmental factors.

Polygenic	prediction
To assess the predictive power of our results, we produced polygenic 
scores for AFB and NEB with sets of SNPs whose nominal P values  
ranged from P < 5 × 10−8 (using only genome-wide significant SNPs) 
to 1 (using all SNPs that passed quality control) using PRSice34 
(Supplementary Note). We then performed a series of four differ-
ent out-of-sample predictions in four independent cohorts: HRS, 
LifeLines, STR and TwinsUK. Across the four cohorts, the mean pre-
dictive power of a polygenic score constructed from all measured SNPs 
is 0.9% for AFB and 0.2% for NEB (Supplementary Fig. 2). Despite the 
low predictive power of the polygenic scores, the results showed that 
an increase of 1 s.d. in the NEB polygenic score is associated with a 9% 
(95% confidence interval (CI) = 5–13%) decrease in the probability  
of women remaining childless, with no significant association  
in men (Supplementary Table 21). When we controlled for right- 
censored data using a survival model for AFB, we found that an increase  
of 1 s.d. in the AFB polygenic score was associated with an 8% (95%  
CI = 7–10%) reduction in the hazard ratio of reproduction in women 
and a 3% (95% CI = 1–5%) reduction in men (Supplementary Table 22).  
As an additional test, we examined whether the aforementioned poly-
genic scores for AFB and NEB could predict related fertility traits such 
as age at menopause and age at menarche (Supplementary Table 23). 
Our estimates indicated that an increase of 1 s.d. in the AFB polygenic 
score was associated with a 3% decrease in the probability of natural 
menopause at any age (95% CI = 1–5%) and a 20-d increase in age at 
menarche (95% CI = 0.4–40 d).

Genetic	association	with	related	traits	and	diseases
Several loci for which the associations with AFB and NEB reached 
genome-wide significance are associated with behavioral and repro-
ductive phenotypes. The lead SNPs in the chromosome 2 and chromo-
some 3 loci have been associated with educational attainment35 and 
the locus on chromosome 5 has been associated with age at menarche2, 
while the locus on chromosome 6 has recently been associated with age 
at first sexual intercourse11 (Supplementary Table 24). Some of the 38 
loci for age at first sexual intercourse that were recently identified11 
in 125,667 UK Biobank participants were also associated with AFB 
(in or near RBM6–SEMA3F and ESR1) and NEB (in or near CADM2 
and ESR1). The lead SNPs for RBM6–SEMA3F (rs2188151) and ESR1 
(rs67229052) are in LD with our lead SNPs for AFB on chromosome 3  
(r2 = 0.44) and chromosome 6 (r2 = 0.94), respectively. An in silico 
pleiotropy analysis showed that our lead SNP in the chromosome 3 
locus (rs2777888) is in LD (r2 = 0.59) with rs6762477, which has been 

associated with age at menarche2, while other SNPs in the same locus 
have been associated with HDL cholesterol36 (rs2013208, r2 = 0.81) 
and body mass index (BMI)37 (rs7613875, r2 = 0.81) (Supplementary 
Table 5). We next performed an exploratory analysis using the proxy 
phenotype method38 to examine whether the SNPs strongly associ-
ated with AFB in women are empirically plausible candidate SNPs 
for related traits such as age at menarche and age at menopause 
(Supplementary Note). After controlling for multiple testing, we 
identified three AFB-associated SNPs near rs2777888 on chromosome 
3 (rs9589, rs6803222 and rs9858889) that are also associated with age 
at menarche (P < 4.10 × 10−4). None of the AFB- or NEB-associated 
SNPs are associated with age at menopause.

We performed a bivariate LD score regression analysis39 to esti-
mate the pairwise genetic correlation with 27 publicly available 
GWAS results for traits associated with human reproductive behavior 
(Supplementary Note). AFB showed significant and positive genetic 
correlation with the human (reproductive) developmental traits of 
age at menarche, voice breaking, age at menopause, birth weight 
and age at first sexual intercourse, as well as with years of education. 
Conversely, having more AFB-increasing alleles was associated with 
a lower genetic risk of smoking (ever, number of cigarettes and later 
onset) and with lower insulin-resistance-related phenotypes, that is, 
BMI, waist–hip ratio adjusted for BMI, fasting insulin, triglyceride 
levels and risk of diabetes (Fig. 3 and Supplementary Table 25).  
All genetic correlations remained significant after Bonferroni cor-
rection for multiple testing (P < 2.6 × 10−3). Years of education  
(P = 6.6 × 10−14) and age at first sexual intercourse (P = 1.14 × 10−15) 
are the only traits that showed significant and negative genetic corre-
lation with NEB. We also observed significant genetic correlations of  
rg = 0.86 (standard error (SE) = 0.052) for AFB and rg = 0.97 (SE = 0.095)  
for NEB between men and women, implying that most genetic  
effects on reproductive behavior resulting from common SNPs are 
shared by both sexes.

DISCUSSION
This GWAS is a large-scale genetic epidemiological discovery effort 
for human reproduction, with implications for population fitness and 
physiological mechanisms linking hypothesized genes and observed 
phenotypes. Related studies previously focused on reproductive  
life span40,41, age at first sexual intercourse11 and more proximal  
infertility phenotypes2–4, largely overlooking AFB and NEB. The 
rapid postponement of AFB and increased infertility and involuntary 
childlessness in many societies7 make it important to uncover the 
genetic and biological architecture of reproduction. We identify ten 

Figure 2 Quantile–quantile plots. (a,b) SNPs for AFB (a) and NEB (b) 
in single-genomic-control meta-analysis. The gray-shaded areas in the 
quantile–quantile plots represent the 95% confidence bands around  
the P values under the null hypothesis.
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new and confirm two recently identified genetic loci that are robustly 
associated with AFB and NEB, as well as variants and genes within 
these loci that potentially drive these associations. Four additional 
loci were identified in a gene-based GWAS.

Two loci that show interesting results in follow-up analyses are 
located on chromosomes 1 and 3. The lead SNPs of the chromosome 
1 locus for AFB and NEB are in LD with likely functional nonsyn-
onymous SNPs in genes encoding (i) CREB-regulated transcription 
co-activator 2 (CRTC2), which at the protein level acts as a critical 
signal mediator in follicle-stimulating hormone (FSH) and transform-
ing growth factor (TGF)-β1–stimulated steroidogenesis in ovarian 
granulosa cells42; and (ii) CREB protein 3 like 4 (CREB3L4)43, which 
in humans is highly expressed in the prostate, ovaries, uterus, placenta 
and testis and has a role in spermatid differentiation44 and male germ 
cell development45. The lead SNP and/or functional variants in LD 
with it are also associated with the methylation status of these two 
genes and expression of CRTC2 in whole blood and lymphocytes. 
Three promising functional variants in the chromosome 1 locus reside 
in binding sites of the transcriptional co-activator CREBBP. In addition 
to a direct effect of the above-mentioned nonsynonymous SNPs on 
protein function, the associations of AFB and NEB with variants in the 
locus on chromosome 1 may thus be mediated by alterations in cAMP 
responsive element binding in men and women. The locus on chromo-
some 1 also harbors DENND4B, a paralog of DENND1A, implicated in 
polycistic ovary syndrome (PCOS)46. Whereas DENND1A is expressed 
at the protein level in the ovary and testis, DENND4B is expressed in 
the cervix and its function and role are less well understood.

The lead SNP of the locus on chromosome 3 (rs2777888) is associated  
with methylation and expression of several genes, in cis and trans, that 
are known to have a role in cell cycle progression and/or sperm function.  

First, rs2777888 is associated with the expression of RNF123 (or KPC1) 
in cis, which has a role in cellular transition from quiescence to a 
proliferative state. Second, rs2777888 or functional variants in LD 
with it may influence the cell cycle by altering the expression of RBM5 
and RBM6 (RNA-binding motif proteins 5 and 6). The former has a 
role in cell cycle arrest and apoptosis induction and regulates haploid 
male germ cell pre-mRNA splicing and fertility in mice. Rmb5-mutant 
mice exhibit spermatid differentiation arrest, germ cell sloughing and 
apoptosis, leading to lack of sperm in ejaculation47. Third, rs2777888 
affects expression of LAMP2 in trans, which is located on the X  
chromosome and encodes a lysosomal membrane protein involved in 
the acrosome reaction, that is, the enzymatic drill allowing sperm to  
penetrate and fertilize ova48. LAMP2 is expressed at the protein level in 
male and female reproductive organs with an effect size of rs2777888 
for LAMP2 mRNA expression that is almost twice as large in women 
than it is in men (Supplementary Fig. 3). This suggests an impor-
tant role for the lysosome in both sperm and ova. Finally, functional 
variants in the chromosome 3 locus are associated with the mRNA 
expression of HYAL3 (hyaluronoglucosaminidase 3) in monocytes. 
The encoded protein degrades hyaluronan, which also has an impor-
tant role in sperm function and the acrosome reaction47,49.

Functional follow-up experiments could disentangle the potential 
interplay between many candidate genes in the loci on chromosomes 
1 and 3 in reproductive behavior and, given our in silico results, infer-
tility. This can be extended to candidate genes in the remaining loci 
identified in the present study, some of which are relevant for fertility: 
mice lacking Efna5 (chromosome 5 NEB locus) are subfertile50, ESR1 
on chromosome 6 encodes an estrogen receptor51,52 and CYHR1 on 
chromosome 8 is involved in spermatogenesis53. Such experiments 
would help in understanding whether binding of estrogen receptor 1,  
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encoded by ESR1 in the locus on chromosome 6, at the site of func-
tional variants in the locus on chromosome 2 drives or mediates the 
association with AFB in the chromosome 2 locus, as well as to identify 
and characterize causal genes. Recent developments in high-through-
put, multiplex mutagenesis using CRISPR/Cas9 allow such experi-
ments to be performed using in vivo model systems54.

AFB and NEB are not only driven by biological processes, but are 
also subject to individual choice and personal characteristics such 
as personality traits, as well as by the historical, cultural, economic  
and social environment (for example, effective contraception and 
childcare availability). Demographic research has shown a strong 
positive association between AFB and educational attainment12. We 
show that the associations between fecundity, reproductive behavior 
and educational attainment are partly driven by genetic factors and 
identified loci that are associated with AFB as well as with, for exam-
ple, age at first sexual intercourse11 and educational attainment35.

Our findings could lead to insights into how postponing reproduc-
tion may be more detrimental for some, on the basis of their genetic 
make-up, than others, fuel experiments to determine ‘how late can 
you wait’ (ref. 55) and stimulate reproductive awareness. Causal genes 
in the loci we identified could potentially serve as novel drug targets, 
to prevent or delay age-related declines in fertility and sperm quality 
or to increase assisted reproductive technology efficiency, but further 
characterization is needed. Our study examines the genetics of repro-
ductive behavior in both men and women, and, to our knowledge, it 
is the first that is adequately powered to identify loci in both women 
and men. We also provide support for Fisher’s theorem that fitness 
is moderately heritable in human populations. Although the effect 
sizes of the identified common variants are small, there are examples 
of GWAS-identified loci of small effect that end up leading to impor-
tant biological insights56,57. Many of our findings suggest a role for 
sperm quality, which is one lead for researchers to pursue. Because 
current sperm tests remain rudimentary, our findings could serve as 
a basis for ‘good quality’ sperm markers. We identified both coding 
and regulatory variants that are potentially causal, as well as a set of 
genes that could underlie the associations we identified. Follow-up 
experiments in animal models are required to confirm and character-
ize the causal genes in these loci.

URLs. Analysis plan predeposited at the Open Science Framework 
website, https://osf.io/53tea/; Gene Network, http://129.125.135.18
0:8080/GeneNetwork/; ReproGen, http://www.reprogen.org/data_
download.html; Sociogenome, http://www.sociogenome.com/; Social 
Science Genetic Association Consortium, http://thessgac.org/.

METHODS
Methods and any associated references are available in the online 
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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ONLINE	METHODS
GWAS of reproductive behavior study design in brief. Genome-wide asso-
ciation analyses of AFB and NEB were performed at the cohort level accord-
ing to a prespecified analysis plan (Supplementary Note). Cohort-uploaded 
results were imputed using the HapMap 2 CEU (r22.b36) or 1000 Genomes 
Project reference sample. Cohorts were asked to only include participants of 
European ancestry, with no missing values for all relevant covariates (sex, birth  
year and cohort-specific covariates), who were successfully genotyped  
over the whole genome and passed cohort-specific quality control filters.  
We followed the quality control protocol of the GIANT Consortium’s recent 
study of human height20 and employed QCGWAS16 and EasyQC17 software, 
which allowed us to harmonize the files and identify possible sources of error 
in association results.

Cohort association results (after applying the quality control filters) were 
combined using sample-size-weighted meta-analysis with genomic control 
correction within each study, implemented in METAL80. SNPs were considered 
genome-wide significant at P values smaller than 5 × 10−8 (α = 5%, Bonferroni 
corrected for 1 million tests). The meta-analyses were carried out by two inde-
pendent analysts. Detailed results for each genome-wide significant locus are 
shown in in Supplementary Figures 4–29.

The total sample size of the meta-analyses is n = 251,151 for AFB pooled 
and n = 343,072 for NEB pooled. The PLINK clumping function81 was used 
to identify the most significant SNPs in associated regions (termed lead 
SNPs). Detailed cohort descriptions, information about cohort-level geno-
typing and imputation procedures, cohort-level measures and quality control 
filters are shown in Supplementary Tables 26 and 27 and discussed in the 
Supplementary Note.

Dominant genetic variation in fertility. We applied a method recently devel-
oped by Zhu et al.82 to estimate dominant genetic effects on the basis of the 
genetic relatedness of unrelated individuals. Our results, based on combined 
TwinsUK and LifeLines samples, showed no evidence of dominant genetic 
effects for either NEB (1.0 × 10−7, SE = 0.07; P = 0.45) or AFB (0.02, SE = 0.08; 
P = 0.43). Results are shown in Supplementary Table 28 and discussed in the 
Supplementary Note.

Bivariate and conditional analyses. As joint analysis of correlated traits may 
boost power for mapping functional loci, we applied a recently developed mul-
tiple-trait analysis method83 to test the association between each variant and 
the two correlated traits AFB and NEB simultaneously using multivariate anal-
ysis of variance (MANOVA) (Supplementary Table 29 and Supplementary 
Note). The analysis was performed on the basis of the genome-wide meta-
analysis summary statistics for each single trait. Although this analysis did not 
identify additional genome-wide significant loci (λ = 0.995), it did account for 
the correlation between the two phenotypes, thus improving the strength of 
two signals on chromosomes 1 and 5, indicating possible pleiotropic architec-
ture for AFB and NEB (Supplementary Fig. 30). The analysis also provided 
a conditional association test of the genetic effect of each variant on AFB 
including NEB as a covariate and the genetic effect on NEB including AFB as 
a covariate (Supplementary Fig. 31).

Population stratification. We used two methods to assess whether our GWAS 
results exhibited signs of population stratification (Supplementary Note). 
First, we used the LD Score intercept method described in Bulik-Sullivan et al.19  
to test whether inflation in χ2 statistics was due to confounding biases such as 
cryptic relatedness and population stratification. In all six cases, the intercept 
estimates were not significantly different from 1, suggesting no appreciable 
inflation of the test statistics attributable to population stratification. Second, 
we conducted a series of individual and within-family regressions using poly-
genic scores as predictors20,21,38 on a data set of dizygotic twins (STR and 
TwinsUK). The regression analyses showed that within-family regression 
coefficients for both AFB and NEB were statistically different from 0 when 
the P-value threshold was sufficiently high (Supplementary Figs. 32 and 33, 
and Supplementary Tables 30 and 31).

Sex-specific effects. In addition to the pooled GWAS for which results are 
presented in the main text, we also ran sex-specific GWAS meta-analyses 

for AFB and NEB (Supplementary Note). The sample sizes for sex-specific 
analysis were as follows: AFB in women, n = 189,656; AFB in men, n = 48,408; 
NEB in women, n = 225,230; NEB in men, n = 103,909. Our results identified 
six genome-wide significant (P < 5 × 10−8) independent SNPs for AFB in 
women and one genome-wide significant independent SNP for NEB in men 
(Supplementary Figs. 34 and 35, and Supplementary Table 32). We also 
used LD Score bivariate regression and GREML bivariate analysis to estimate  
the genetic correlation between men and women on the basis of the sex-specific  
summary statistics from the AFB and NEB meta-analyses. Our estimates 
based on LD bivariate regression indicated genetic correlations between the 
sexes of rg = 0.86 (SE = 0.052) for AFB and rg = 0.97 (SE = 0.095) for NEB. 
Results are shown in Supplementary Tables 33 and 34 and discussed in the 
Supplementary Note.

Polygenic score prediction. We performed out-of-sample prediction and cal-
culated polygenic scores for AFB and NEB, on the basis of genome-wide asso-
ciation meta-analysis results, and used regression models to predict the same 
phenotypes in four independent cohorts: HRS, LifeLines, STR and TwinsUK 
(Supplementary Fig. 2 and Supplementary Note). We ran ordinary least-
squares (OLS) regression models and report R2 as a measure of goodness of 
fit for the model. In addition, we tested how well our polygenic scores for NEB 
could predict childlessness at the end of the reproductive period (using age 45 
for women and 55 for men; Supplementary Table 21). Because AFB is observed 
only in parous women, we adopted an additional statistical model to account 
for censoring (Cox proportional hazard model; Supplementary Table 22)  
and selection (Heckman selection model; Supplementary Table 35). We addi-
tionally tested the predictive value of our polygenic scores for AFB on age 
at menarche (TwinsUK) and age at menopause (LifeLines) (Supplementary 
Table 23). Finally, we examined whether variants associated with menopause 
are associated with AFB. We calculated a polygenic score for age at menopause 
based on recent GWAS results from Day et al.40 and applied the predictor to 
the LifeLines and TwinsUK cohorts (Supplementary Table 36).

Genetic correlations. We used information from 27 publicly available GWAS 
data sets to estimate the number of genetic correlations between AFB or NEB 
and related traits (Fig. 3 and Supplementary Table 25) via LD Score bivariate 
regression. Details on these phenotypes are provided in the Supplementary 
Note. A conservative Bonferroni-corrected P-value threshold of P < 1.85 × 10−3  
(= 0.05/27) was used to define significant associations. We also tested the 
correlation between NEB and AFB using bivariate GREML analysis on the 
Women’s General Health Study (WGHS; n = 40,621).

Lookups and proxy phenotypes. Following up on the results of genetic 
overlap with other phenotypes, we tested in a quasi-phenotype replication 
setting whether the SNPs strongly associated with AFB in women were empiri-
cally plausible candidate SNPs for age at menarche and age at menopause 
(Supplementary Note). We used a two-stage approach applied in other con-
texts38,84. In the first stage, we conducted a meta-analysis of AFB excluding 
cohorts that were part of the meta-analysis for the phenotype we intended to 
replicate. We merged the SNPs from this meta-analysis with the publically 
available association results for the most recent GWAS on age at menarche2 
and age at menopause40 from the ReproGen consortium website1. SNPs that 
were not present in both studies considered were dropped from the analysis. 
We aligned alleles and directions of effect using EasyStrata software85. We then 
selected independent SNPs with P < 1 × 10−5, using the clump procedure in 
PLINK81 (window size of 1,000 kb and LD threshold of r2 > 0.1) to identify 
the most significant SNPs in the associated regions included in both files. 
We defined ‘prioritized SNP associations’ as those that passed the Bonferroni 
correction for the number of SNPs tested (0.05/122 = 4.10 × 10−4, for both 
age at menarche and age at menopause). Our results identified three SNPs 
after Bonferroni correction that could be used as good candidates for age at 
menarche. We did not find any clear ‘candidate SNP’ for age at menopause 
(Supplementary Fig. 36).

Gene-based GWAS analysis. We performed gene-based testing with the  
full GWAS set (~2.5 million HapMap-imputed SNPs) for both phenotypes 
using VEGAS (Supplementary Tables 3 and 4, and Supplementary Note)22,23. 
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This software has the advantage of accounting for LD structure and allowing 
a gene to be defined as a range with boundaries beyond the edges of the gene 
to include intergenic regions in the analysis. We defined genes including an 
additional 50-kb window around each gene. We considered every SNP for the 
gene-based analysis, ran the analyses for each chromosome with up to 106 
permutations and considered P < 2.5 × 10−6 as the threshold for significance 
(0.05/~20.000 genes).

eQTL and meQTL analyses. For each of the 12 SNPs identified in the GWAS, 
local (cis; exons or methylation sites <1 Mb from the SNP) and genome-wide 
(trans; exons or methylation sites >5 Mb from the SNP) effects were identified 
by computing Spearman rank correlations between SNPs and local or global 
exons and methylation sites (Supplementary Note). Bonferroni correction 
for multiple testing was performed for the 12 SNPs tested (P < 2.5 × 10−6 for 
cis-meQTL analysis, P < 1 × 10−8 for trans-meQTL analysis, P < 1.2 × 10−6 
for cis-eQTL analysis, P < 1.3 × 10−8 for trans-eQTL analysis). For each of the 
significant associations, the corresponding exons or methylation sites were 
selected, the strongest eQTLs were identified for these elements and the LD 
between the strongest eQTLs and the corresponding SNP identified in the 
GWAS was computed. LD was computed using BIOS genotypes (genotypes 
used for eQTL and meQTL mapping).

Functional variant analysis using RegulomeDB. We used RegulomeDB27 to 
identify variants among the 322 SNPs that reached P < 5 × 10−8 for associa-
tion with AFB and/or NEB in the meta-analysis of GWAS results that likely 
influence regulation of gene expression (Supplementary Note). RegulomeDB 
integrates results from the Roadmap Epigenomics26 and ENCODE86 projects. 
SNPs showing the most evidence of being functional—defined by having a 
RegulomeDB score <4—were subsequently examined in more detail in terms 
of effects on gene expression (eQTLs) and their protein-binding capacity 
(Supplementary Table 6).

Gene prioritization. Potentially causal genes for the associations identified  
by GWAS were identified using four previously described bioinformat-
ics tools: ToppGene4, Endeavor5, MetaRanker6 and DEPICT7. To this end,  
we first retrieved positional coordinates for all lead SNPs according to 
GRCh37/hg19 using Ensembl BioMart. These coordinates were used to extract 
all genes located within 40 kb of lead SNPs from the UCSC table browser.  
The identified genes then served as input for ToppGene and Endeavor.  
Genes with established roles in fertility served as training genes in this  
procedure, that is, BRCA1, EGFR, ERBB2, ERBB3, ERBB4, HSD17B1, RBM5, 
ESR1, ESR2 and FSHB. For MetaRanker, we provided SNPs that reached  
P < 5 × 10−4 and their chromosomal positions as input, together with the 
above set of training genes. Because ToppGene, Endeavor and MetaRanker 
are biased toward larger and well-described genes, we also performed a gene 
prioritization procedure using DEPICT7. All SNPs that reached P < 5 × 10−4 
in the meta-analysis served as input, and information on prioritized genes, 
gene set enrichment, and tissue and cell type enrichment was extracted. Genes 
were subsequently prioritized if they (i) reached P < 0.05 in DEPICT or (ii) 
reached P < 0.05 in ToppGene, Endeavor and MetaRanker (Supplementary 
Table 37).

Functional network and enrichment analyses. DEPICT was used to identify 
gene set, cell type and tissue enrichment, using the GWAS-identified SNPs 
with P < 5 × 10−4 as input (Supplementary Note). Because of the relatively 
small number of identified loci, DEPICT was only able to perform these analy-
ses for AFB and NEB pooled and for AFB in women. To construct a functional 
association network, we combined five prioritized candidate gene sets into 
a single query gene set that was then used as input for functional network 
analysis24. We applied the GeneMANIA algorithm together with its large set of 
accompanying functional association data87. We used the Cytoscape software 
platform88, extended by the GeneMANIA plugin (data version 8/12/2014, 
accessed 24 April 2016)89. All the genes in the composite network, from either 
the query or resulting gene sets, were then used for functional enrichment 
analysis against Gene Ontology (GO) terms90 to identify the most relevant 
terms, using the same plugin89.

Gene–environment interactions. Previous research based on twin studies 
shows differential heritability of fertility behavior across birth cohorts91,92. 
We used the Swedish Twin Register (STR) to examine whether the effect of a 
polygenic score for AFB or NEB varied across birth cohort. We followed the 
analysis presented in the recent GWAS of education35 and divided the sample 
into six groups on the basis of year of birth. Each group spanned five birth 
years, with the oldest ranging from 1929–1933 and the youngest born from 
1954–1958. Supplementary Table 38 reports the estimated coefficients from 
these regressions. The results indicate a U-shaped trend in AFB and a linear 
decline in NEB, but they do not provide any clear evidence of interaction 
effects between the polygenic scores and birth cohort. We additionally tested 
the interaction effects for educational level and the polygenic scores for AFB 
and NEB in three different samples (LifeLines, STR and HRS). Supplementary 
Table 39 reports the estimated coefficients from these regressions. The results 
indicate that years of education are positively associated with AFB in both the 
LifeLines and STR cohorts and negatively associated with NEB in the HRS 
cohort. With the exception of NEB in the HRS cohort, we found no evidence 
of gene–environment effects with education.

Robustness checks. To estimate the robustness of our results for AFB, we 
conducted two additional analyses. First, we estimated how the coeffi-
cients changed if we controlled for educational attainment. Using data from 
deCODE, we ran an additional association analysis using the ten loci that were 
genome-wide significant in the meta-analysis (P < 5 × 10−8). The analysis 
was restricted to individuals born between 1910 and 1975 who also had data 
available on completed education. The total sample size was 42,187 (17,996 
males and 24,191 females). The analysis was adjusted for sex, year of birth 
(linear, squared and cubed), interaction between sex and year of birth, and 
the first ten principal components. Education is measured by years of educa-
tion, ranging between 10 and 20 years. Supplementary Table 40 reports the 
association results before and after adjusting for educational attainment. Our 
analysis shows that effect sizes shrink after including educational attainment 
as a covariate, with an average reduction of around 15%. We also estimated 
the effect of a polygenic risk score for AFB calculated from meta-analysis data 
excluding the deCODE cohort. The polygenic risk score remained highly sig-
nificant. The effect of 1 s.d. for the AFB score decreased from 0.19 years (69 d) 
without controlling for education to 0.16 years (59 d) when we controlled for 
years of education. Second, we estimated how the coefficients changed after 
controlling for educational attainment and age at first sexual intercourse using 
the UK Biobank cohort (n = 50,954). We ran two association models: the first 
followed the GWAS analysis plan with no additional covariates, and the second  
added years of education and age at first sexual intercourse as covariates.  
The results are presented in Supplementary Figure 37 and Supplementary 
Table 41. Our analysis shows that the effect sizes of our top hits are highly 
concordant (R2 = 0.94). The inclusion of educational attainment and age at first 
sexual intercourse as covariates weakened the effect sizes on average by 40% 
and increased the P values of the estimated coefficients. Overall, we interpret 
this additional analysis as a robustness test that confirms that the top hits from 
our meta-analysis are robust to the inclusion of the confounding factors of 
educational attainment and age at first sexual intercourse.

Positive selection. We performed Haploplotter analysis93 to examine whether 
lead SNPs and/or functional variants identified using RegulomeDB showed 
evidence of positive selection. Three variants showed standardized integrated 
haplotype scores <–2 or >2, indicating that these variants represent the top 5% 
of signals in the population. These SNPs are (i) rs7628058 on chromosome 3 for  
AFB, an eQTL for RBM6 in monocytes; (ii) rs2247510 on chromosome 3 for 
AFB, an eQTL for RBM6 and HYAL3 in monocytes and a binding site for a 
range of transcription factors; and (iii) rs2415984, the lead SNP in the chromo-
some 14 locus for NEB. Results are presented in Supplementary Table 42.

Data availability. Results can be downloaded from the SOCIOGENOME and 
SSGAC website. Data come from multiple studies, most of which are subject 
to a MTA, and are listed in the Supplementary Note. Correspondence and 
requests for materials should be addressed to the corresponding authors or 
info@sociogenome.com.
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