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A molecular staging model for accurately
dating the endometrial biopsy

W. T. Teh 1,2,3,13, J. Chung1,4,13, S. J. Holdsworth-Carson1,2,5, J. F. Donoghue1,2,
M. Healey1,2, H. C. Rees2,6, S. Bittinger2,6, V. Obers7, C. Sloggett4,8,
R. Kendarsari9,10, J. N. Fung11, S. Mortlock 9, G. W. Montgomery 9,
J. E. Girling 1,12 & P. A. W. Rogers 1,2

Natural variability in menstrual cycle length, coupled with rapid changes in
endometrial gene expression, makes it difficult to accurately define and
compare different stages of the endometrial cycle. Here we develop and
validate a method for precisely determining endometrial cycle stage based on
global gene expression. Our ‘molecular staging model’ reveals significant and
remarkably synchronised daily changes in expression for over 3400 endo-
metrial genes throughout the cycle, with themost dramatic changes occurring
during the secretory phase. Our study significantly extends existing data on
the endometrial transcriptome, and for the first time enables identification of
differentially expressed endometrial genes with increasing age and different
ethnicities. It also allows reinterpretation of all endometrial RNA-seq and array
data that has been published to date. Our molecular staging model will sig-
nificantly advance understanding of endometrial-related disorders that affect
nearly all women at some stage of their lives, such as heavy menstrual bleed-
ing, endometriosis, adenomyosis, and recurrent implantation failure.

The endometrium plays an essential role in embryo implantation,
placentation and success or otherwise of pregnancy in all mammals. A
fundamental understanding of human endometrial biology underpins
our knowledge of everyday physiological and pathological processes
that include uterine receptivity, pregnancy, menstruation, heavy
menstrual bleeding, recurrent implantation failure, endometriosis,
adenomyosis, endometrial cancer and pelvic pain. Nearly all women
during their lifetime will see their gynaecologist for one or more
endometrial-related health problems1. Despite this impact on quality
of life for most women, the endometrium remains understudied rela-
tive to the healthcare burden of endometrial-related disorders, with

endometriosis2, menstrual problems1 and contraceptive-related
bleeding issues3 as prime examples.

There are two methodological challenges that have a profound
impact on endometrial research: the large normal variation in men-
strual cycle length, and the huge variability in gene expression across
the cycle. Compared to other tissues in the body, the endometrium
undergoes dramatic cyclical changes in gene expression4,5. Daily and
sometime hourly changes in expression are driven by increased cir-
culating estrogen from the developing ovarian follicles during the
proliferative phase of the cycle, then by progesterone from the corpus
luteum following ovulation, and in non-conception cycles, during
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menstruation after the demise of the corpus luteum and the loss of
circulating progesterone. This rapidly changing gene expression
within a highly variable length menstrual cycle has made accurate
comparisons between matched samples difficult at best, and often
impossible. As a consequence, studies linking endometrial gene
expression to various endometrial-related pathologies such as fibroid-
related heavymenstrual bleeding, reduced endometrial receptivity for
implantation, and endometriosis, seldom replicate6–9.

A critical variable in assessing differential endometrial gene
expression between samples is accurate menstrual cycle staging.
There is large variability betweenwomen in overall cycle length, aswell
as days ofmenstrual bleeding, and follicular and luteal phase lengths10.
In a study of over 30,000women, only 12.4% had a 28-day cycle11. Most
had menstrual cycle lengths between 23 and 35 days, with a normal
distribution centred on day 28, and over half had cycles that varied by
5 days or more from cycle to cycle. There was a 10-day spread of
observed ovulation days for a 28-day cycle, with themost commonday
of ovulation being day 15. Another large study of 612,613 ovulatory
cycles reported a mean length of 29.3 days from 124,648 subjects12.
The mean follicular phase length was 16.9 days (95% CI: 10–30) and
mean luteal phase length was 12.4 days (95% CI: 7–17). Part of the
variability in cycle length between women was due to age, with a
consistent shortening of the average cycle length by about 3 days from
30 down to 27 days between ages 25 and 4512,13.

Methods currently in use for estimating endometrial cycle stage
have limitations. Endocrine methods measuring the luteinising hor-
mone (LH) surge or peripheral blood estrogen and progesterone are
indirect and do not allow for variability over time in endometrial
response. Ultrasound scans to detect follicle size and/or ovulation do
not provide an obligatory correlation with endometrial development.
Recording the commencement of lastmenstrual period (LMP) gives an
accurate fix on amajor endometrial event, but as a single fixed point in
the cycle is of limited use for accurately comparing different stages of
cycles of variable length. Histopathology of the endometrium is the
most direct measure of endometrial stage and normalcy14, although
this is a subjective method with inherent inaccuracy even among
experts15. Although significant advances have been made using endo-
metrial gene expression to determine cycle stage, particularly in the
mid-luteal phase around the time of embryo implantation4,16,17, these
methods do not cover the whole cycle.

A more precise method for normalising endometrial gene
expression across the menstrual cycle will provide a major contribu-
tion to understanding endometrial function and provide foundational
information to investigate the pathophysiology of common gynaeco-
logical conditions such as heavy menstrual bleeding, recurrent
implantation failure and endometriosis.

Therefore, the first aimof this study was to develop and validate a
new method for accurately determining menstrual cycle stage based
on changing endometrial gene expression. The second aim was to
demonstrate the functional utility of the new method by using nor-
malised endometrial gene expression data to identify genes that
change expression most rapidly across the menstrual cycle, as well as
investigate the effects of increasing age and ancestry on differential
gene expression in the endometrium. We have previously demon-
strated strong genetic effects on endometrial gene expression with
some evidence for genetic regulation of gene expression in a men-
strual cycle stage-specific manner18,19. However, to date no-one has
identified differentially expressed endometrial genes between women
of different ancestries, despite well-established differences in genetic
makeup.

Results
Subject Details
Themedian age of all subjects (study 1, 2 and Illumina HT-12 validation
study) at timeof endometrial biopsywas 33 years (range 18–49).Of the

total of 358 subjects, 214 had confirmed endometriosis, 131 did not
have endometriosis and in 13 endometriosis status was unknown.
Similarly, 167 had had a prior clinical pregnancy, 183 had never been
pregnant, and pregnancy status information was unavailable for the
remaining 8.

The average age at time of endometrial biopsy of the 236 sub-
jects in Study 1 fromwhich the final molecular model was developed
was 31.1 years (range 18–49). All these women provided endometrial
biopsies at the time of diagnostic laparoscopy for suspected endo-
metriosis, with the primary symptom for investigation being pelvic
pain. 168 (71%) had endometriosis and 68 (29%) did not. Of the
236 subjects, 60 (25%) had had a successful prior pregnancy (Sup-
plementary Table 1). Fertility intention information was available for
136 of the women (Supplementary Table 2). Only 28 women repor-
ted problems conceiving (defined as trying for more than 12 months
to conceive), of whom 10 went on to have successful pregnancies,
and only 6 out of 96 subjects reported pregnancy loss due to mis-
carriage, although this number could have been higher due to
missing data. All subjects reported regular menstrual cycles and
normal endometrium as assessed by at least one experienced
pathologist.

Analysis 1: Development of the ‘molecular staging model’ to
assign cycle stage for secretory stage samples only
Splines were fitted to RNA-seq expression data for each of 20,067
genes from 96 endometrial samples where 2 or 3 independent
pathology reports agreed to within 2 post-ovulatory days (Fig. 1,
panel 1). For each endometrial sample, an estimated post-ovulatory
day (POD) was obtained using the day whichminimisedmean squared
error (MSE) between the observed expression and the expected
expression across all genes. Examples of MSE plots are shown in the
Fig. 1, panel 2. There was a strong correlation between the POD cycle
time calculated from the lowest MSE value and the average of the
pathology estimates (r = 0.9297) (Fig. 1, panel 3). To illustrate that
larger, less precise, units of time can be used to estimate cycle time
using the same method, an additional model was built using the
pathology-assigned 3 secretory cycle stages (i.e., early-, mid-, and late-
secretory). The cycle time estimated from the 3 stagesmodel showed a
strong correlation to the cycle time estimated from the 14-day POD
model (r = 0.9807) (Fig. 1, panel 4).

Analysis 2:Molecular stagingmodel using 7pathology stages for
the whole cycle with RNA-seq and array expression data
In Analysis 2 we modelled RNA-seq expression data from all 236 sam-
ples collected in Study 1. These samples had been classified by routine
pathology into 1 of 7 cycle stages. Because the majority of the pro-
liferative phase samples were not assigned as early, mid or late by the
pathologist, we re-assigned all samples labelled as proliferative into
early, mid, and late by fitting a penalised cubic regression spline (k = 3)
using gene expression data from samples classified by the pathologists
as menstrual, proliferative, and early secretory (Fig. 2a). Then a pro-
liferative time point was estimated from the minimised MSE between
the observed expression and the expected expression across all genes
(Fig. 2b). The proliferative samples were then split into equal sized
groupsof early,mid, and late using this timepoint (Fig. 2c).A penalised
cyclic cubic regression spline (k = 8) was fit for all 20,067 genes using
the 7 stages of the menstrual cycle, which included the re-assigned
early, mid and late proliferative samples (Fig. 2d). Each endometrial
sample was then assigned a ‘day’ or ‘model time’ using the time which
minimised theMSEbetween the observed expressiondata for all genes
and their corresponding gene models (Fig. 2e). ‘Model time’ is a rela-
tive timepoint in the cycle and does not correspond to a real day.
Under the assumption that all 236 women were approximately uni-
formly distributed across the menstrual cycle, the data were trans-
formed so that the distance in time between each sample was identical
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(Fig. 2f). This ranked all the samples in order from the start to the end
of the cycle, removing the need for cycle stages or an idealised 28-day
cycle. At this point the x-axis was changed to show the percentage of
the way through the menstrual cycle that each sample was. The new
time points were also compared to the pathology-derived cycle stages
to get an approximation how themodel time corresponds to stages in
the menstrual cycle (Fig. 2g). Gene curves were then refitted using the
newlyderived cycle times for each samplewith a penalized cyclic cubic
regression spline (k = 30) (Fig. 2h). For visualisation purposes, nor-
malisation of gene expression for cycle stage was then derived by
subtracting the expected expression from the observed expression
(i.e., calculating the residuals) and re-adding the mean (Fig. 2i).

Validation of the molecular staging model
Various validation studies were undertaken using the molecular sta-
ging model. As an initial check, data from Analysis 1 using POD to
develop the secretory model was plotted against secretory stage data
from the final molecular staging model generated in Analysis 2
(Fig. 3a). A second comparisonconfirmed that usingonly3 cycle stages
(early, mid and late secretory from only 1 pathologist) gave similar
results to having more frequent daily POD information from 2 or 3
independent pathologists (Fig. 1, panel 4). To assess the repeatability
of the molecular staging model method, Analyses 1 and 2 were repe-
ated using Illumina HT-12 data and the results compared for the 198
samples that hadbothRNA-seq and IlluminaHT-12 data (Fig. 3b). There
was a high level of correlation in cycle stage determination using data
from the 2 different gene expression platforms, with slightly more
variation being seen in the mid-proliferative phase. Additionally, vali-
dation using unsupervised methods with initial groupings based on a
PCA plot (Supplementary Fig 1) and not using pathology dating
information at all also yielded a high level of concordance between the

molecular staging model and the validation model (Supplementary
Fig 2). The correlation between the two models was 0.989 and the
mean absolute difference between estimated sample cycle times was
1.67%. Peripheral blood estradiol and progesterone levels were not
used to help determine cycle stage and could therefore be considered
as an independent variable. Estradiol (N = 159) and progesterone
(N = 187) data were plotted against molecular staging model cycle
stage and showed typical expected menstrual cycle distributions
(Fig. 3c, d).

Reanalysis of published data
The molecular staging model was used to re-analyse 3 published
endometrial gene expression datasets available on GEO (GSE65099,
endometrial samples from GSE141549, and GSE180485). These
datasets were chosen because they contained endometrium from
natural cycles with attached estimates of cycle stage and plots. We
first produced a principal component analysis (PCA) plot using our
own RNA-seq dataset (N = 266) with cycle stage as determined by
the molecular staging model (Fig. 4a). This PCA plot has a char-
acteristic pattern with samples clustering according to cycle stage
as determined using the molecular staging model, with no outliers.
We then generated PCA plots from each of the 3 published datasets.
The PCA plot using data from GSE14154920 is shown in Fig. 4b, with
samples labelled as per information in GEO as menstrual, pro-
liferative, secretory and unknown. There is mixing of proliferative
samples with menstrual and secretory ones within the PCA plot
when using the GEO assigned labels. The same PCA plot using data
from GSE141549 but with cycle stage assigned by our molecular
staging model has minimal overlap between different cycle stages
(Fig. 4c), demonstrating that the molecular staging model accu-
rately aligns with PCA analyses of endometrial gene expression data

Repeat steps 1 and 2 
using the 3 secretory 
stages instead of POD

Validation 2

●

●

●

●●

●

●

●

●●

●

●●

● ●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

r =0.98075

6

7

5 10
Cycle Time from POD Secretory Model

C
yc

le
 T

im
e 

fro
m

 3
 S

ta
ge

s 
M

od
el

Step 2:
Estimate post-ovulation day

of 96 samples

1.0

1.5

2.0

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Post−Ovulation Day

M
ea

n 
Sq

ua
re

 E
rro

r

Estimate
Model

Pathology

Sample X210475
P2

0.5

1.0

1.5

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Post−Ovulation Day

M
ea

n 
Sq

ua
re

 E
rro

r

Estimate
Model

Pathology

Sample X210470
P2P1

1.0

1.5

2.0

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Post−Ovulation Day

M
ea

n 
Sq

ua
re

 E
rro

r

Estimate
Model

Pathology

Sample X210244
P2 P1

Validation

●●●●
●

●

●

●

●

●

●

●

●

●

●

●

●

● ●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●

●
●

●

●

●

●

●

● ●
●

●
●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

●

●
● ●

●

●

●

●

●

●

●

●

●
●

●

●

●

r =0.9297

5

10

5 10
Average Post−Ovulation Day from Pathology

Po
st

−O
vu

la
tio

n 
D

ay
 fr

om
 M

od
el

 (5
−F

ol
d 

C
V)

●●
●

●
●

●

●

●

●

●
● ●

●

●

●

●

●●

●
●

●
●

●

●

●

●

●

●●

●

● ●

●

●

●

●

●

●

●

●

●
●● ●

●
●

●

●

●

●

●●
●●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

● ●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●

Radj
2 = 0.8107

2

4

6

8

10

5 10
Post−Ovulation Day

lo
g 2
( C

PM
)

ENSG00000106688

●
●
●
●

●

●
●

●
●

●●●●

●

●

●

●

●

●●

●

●

●

●

●● ●

●

●●

●

●

●
● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

● ●
●

●

●

●
●

●

●
●

●

●

●

●

●
●

●

●
●

●●

●

●●●●●●●

●

●

●
●●

●

●●

●

●

Radj
2 =0.65534

5

6

7

5 10
Post−Ovulation Day

lo
g 2
(C

PM
)

ENSG00000188313

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●●

●

●
●

●
●

●

●

●●

●

●

●
●

●

●
●

●

●

●

●
●●

●

●

●

●

● ●

●

●

●

●

● ●

● ●

●

●

●

●

●

●

●

●

●
●

●

●

●
●●●●●●●

●●●

●

Radj
2 =0.1728

−4

−2

0

2

4

5 10
Post−Ovulation Day

lo
g 2
(C

PM
)

ENSG00000163464

●

●
●

●

●

●

●

●

●

●
●●

●

●

●

●

●

●

●

●

●

●

●
●

●
● ●

●

●

●
●

●●

●

●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●
●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●●

● ●

●

●

●

●

●

●

●

●

●●

●

●

●

●
●

●

● ●

●

Radj
2 = 0.0977

−0.5

0.0

0.5

1.0

1.5

5 10
Post−Ovulation Day

lo
g 2
(C

PM
)

ENSG00000260852

●

●

●

●

●
●

●
●

●

●

●

●

●

●

● ● ●●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

● ●

●

●

●

●

●

●
●

●

●

●

●

●

●

●●

●

●

●
●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●
●

●
●

●

●

●●

●

●
●

●

●

●

●

●

●

●

●

●

●● ●●●●●

Radj
2 = 0.309

2.8

3.2

3.6

4.0

4.4

5 10
Post−Ovulation Day

lo
g 2
(C

PM
)

ENSG00000103047

●

●

●

●
● ●

●

●

●
●

●

●
●

●

●

●

●

●

●
●

●

●

●
●

●●

●

●

●
●●

●
● ●

●

●

●

●
●●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●
●

●
●

●

●

● ●

●

●

●

●

●

●

●
●

● Radj
2 = 0.482

1

2

3

4

5

5 10
Post−Ovulation Day

lo
g 2
(C

PM
)

ENSG00000167984

Step 1:
Model gene expression of 20,067 genes

1. 2. 3.

4.

P1

Fig. 1 | Analysis 1: Development of themolecular stagingmodel to assign cycle
stage for secretory stage samples only. Panel 1. Examples of regression spline
fitting to expression data for individual genes from 96 endometrial samples taken
between post-ovulatory days (POD) 1–14. Splines were fitted to a total of 20,067
genes. The error bands surrounding the regression lines represent the 95% con-
fidence interval. Panel 2. Plots showing post-ovulatory time that gives lowest Mean
Squared Error (MSE) using spline data for all 20,067 probes for 3 different

endometrial samples (solid line). Dotted lines show POD estimates from 2 inde-
pendent evaluations by experienced pathologists. Panel 3. Correlation between
average POD from 2 or 3 independent pathology evaluations and the POD time at
which the lowest MSE occurred. Panel 4. Correlation between the estimated POD
from the POD secretory model and the estimated cycle time from the 3 stages
secretory model. Source data are provided as a Source Data file.
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across the menstrual cycle. In a similar fashion, but with a smaller
dataset from GSE6509921, samples reported as LH + 6 to LH + 10 do
not group in a consistent fashion by PCA (Fig. 4d). When the same
samples are assigned cycle stage times by the molecular staging
model, the same PCA analysis shows consistent grouping according
to cycle stage for all samples, with 2 outlying samples on the PCA
plot being reassigned as proliferative and not secretory (Fig. 4e).We
repeated the PCA comparison approach using 36 RNA-seq endo-
metrial data sets deposited in GSE180485 (Supplementary Fig 3).
These samples are from a study called EndoTime to determine
whether the accuracy of timing of luteal phase endometrial biopsies
based on urinary ovulation testing could be improved bymeasuring
the expression of a small number of genes using a continuous, non-
categorical modelling approach17. We produced identical PCA plots
with the first showing samples labelled with percentage cycle times
derived from our molecular model, and the second using the
EndoTime model eLH+ estimates. While our percentage data shows
a steady progression through the cycle in concordance with the PCA
plot, the eLH+ days 4-5 data points are widely spread (i.e., these
samples have significantly different molecular profiles despite the

EndoTime model calling them as similar), and several of the eLH+
days 8–10 samples are grouped together suggesting that this ver-
sion of the EndoTime model cannot reliably discriminate between
these post LH surge days.

Changes in Endometrial Gene Expression with Increasing Age
and Different Ancestries
Using our RNA-seq data (n = 266, 20,067 genes analysed) with
menstrual cycle staging calculated using the molecular staging
model, a total of 60 endometrial genes showed significant changes
in expression with increasing age. Examples of 2 significant genes
are shown in Fig. 5a. Re-running the age analysis using the original 7
cycle stage pathology data instead of the staging from the mole-
cular staging model reduced the number of age-related significant
genes from 60 to 32, providing evidence that the molecular staging
model provides a superior approach for identifying differentially
expressed genes. To further explore the effects of aging on endo-
metrial gene expression, an additional n = 87 Illumina microarray
endometrial samples from GSE141549 were analysed and combined
with our RNA-seq differential expression results as part of a meta-
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Fig. 2 | Analysis 2: Development of themolecular stagingmodel to assign cycle
stage for thewholemenstrual cycle. Figure 2a. Example of a spline curve fitted to
menstrual, combined proliferative and early secretory expression data. The error
bands surrounding the regression line represent the 95% confidence interval.
Figure 2b. Menstrual, proliferative and early secretory samples with estimated
molecular cycle stage calculated from minimum mean squared error data. Figure
2c. Combined proliferative samples reassigned into early,mid and late proliferative
groups containing equal numbers. Figure 2d. Example of a spline curve fitted to
data from all 7 stages of the cycle using reclassified proliferative cycle stage
information and pathology-derived menstrual and secretory staging. The error
bands surrounding the regression line represent the 95% confidence interval.
Figure 2e. Comparison of cycle time within the 7 cycle stages estimated from the

model and pathology-derived cycle stage. Figure 2f. Under the assumption that 236
women underwent surgery at random stages of the menstrual cycle, data from
236 samples were transformed to be uniformly spaced along the x-axis on a
0–100 scale. This transformation allows each sample to be identified as being a
percentage of the way through the menstrual cycle. Figure 2g. Plot showing rela-
tionship between pathology staging and the percentage of cycle from the mole-
cular staging model. Menstrual is 0–8%, proliferative is 8–58% and secretory is
58–100%of themolecular stagingmodel cycle respectively. Figure 2h, i. Expression
data for ENSG00000187231 replotted using derived ‘percentage’ cycle times and
then normalised across the menstrual cycle. The error bands surrounding the
regression line represent the 95%confidence interval. Source data are provided as a
Source Data file.
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analysis. Considering only genes in both datasets, this reduced the
number of genes tested to 12,868, which still included 32 of the
60 significant genes from our original dataset. 65 significant genes
were found in the GSE141549 data when analysed on its own. How-
ever, when the 2 data sets were combined (n = 353), 206 significant
genes were identified across the whole menstrual cycle (Supple-
mentary Table 3). We then split the samples into 3 cycle stages;
menstrual, proliferative and secretory (equivalent to 0–8%, 8–58%
and 58–100% of the molecular staging model cycle respectively)
and analysed each stage of the cycle separately (Fig. 5b). Of note,
nearly all (218/222 [98%]) of the genes showing significant changes
with age were found in samples taken in the secretory phase of the
cycle (Supplementary Data 1). A gene ontology enrichment analysis

was run using the 218 genes from secretory samples that changed
significantly with age (Supplementary Data 2). The top biological
processes enriched with upregulated genes were related to axo-
nemes, cilia andmicrotubules while the top processes enrichedwith
downregulated genes were related to blood vessels, endothelial
cells and angiogenesis.

Ancestry of subjects as defined by a previous study19 was used to
look for differences in endometrial gene expression using pairwise
comparisons of each ancestry group. In our Australian population the
majority of subjectswere of Europeanancestry, however, despite small
numbers in other groups significant differences in gene expression
were identified between the groups (Supplementary Fig 4, Supple-
mentary Table 4 & Supplementary Data 3).
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Fig. 4 | Reanalysis of published data. Figure 4a. PCA plot using 266 endometrial
samples coloured to show the molecular staging model cycle stage. The PCA plot
has a characteristic pattern with the samples in cyclic pattern corresponding to
approximate cycle stage order. Figure 4b. PCA plot using Illumina microarray data
from GSE14154920, with samples identified as menstrual, proliferative, or secretory
by the authors. Note significantmixing of proliferative samples withmenstrual and
secretory ones. Figure 4c. The samePCA plot using data fromGSE141549with cycle

stage assigned by the molecular staging model. Note minimal overlap between
different molecular staging model cycle stages. Figure 4d. PCA plot using RNA-seq
data fromGSE6509921with samples identified as LH + 6 to LH+ 10 as reported in the
study. Figure 4e. The same PCA plot using data from GSE65099 with cycle stage
assigned by themolecular stagingmodel. Note reassignment of 2 outlying samples
on the PCA plot as proliferative and not secretory. Source data are provided as a
Source Data file.
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Fig. 3 | Validation of the NGS Molecular Staging Model. Figure 3a. For endo-
metrial secretory samples, POD predicted from the secretory molecular staging
model was compared against the full molecular staging model. Note, POD 1 is
approximately 58% of the way through the cycle. Figure 3b. Illumina HT-12 micro-
array data were also available from 198 endometrial samples used to generate the
molecular staging model. A validation study was run comparing NGS vs Illumina

data. The molecular staging model results showed a strong correlation when
comparing the 2 different gene expression platforms. Figure 3c, d. Peripheral blood
progesterone (n = 187) and estrogen (n = 159) data plotted against the molecular
staging model cycle stage showed expected typical menstrual cycle-stage dis-
tribution. Source data are provided as a Source Data file.
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Differential gene expression across the cycle using the mole-
cular staging model
To investigate changing gene expression across the cycle, all samples
with RNA-seq data from Study 1 (n = 236) were ranked in chronological
order from start to end of themolecular stagingmodel cycle. A ‘sliding
window’ approach was then used to compare differential gene
expression (DGE) between samples 1–8 versus samples 9–16, followed
by samples 2–9 versus 10–17, then 3–10 vs 11–18 and so on for all
samples across the menstrual cycle. Group sizes were arbitrarily set at
8 because this represents 3.4% of the 236 samples or approximately
1 day assuming amean cycle length of 28 days.Moderated t-tests were
used to identify differentially expressed genes with P < 0.05 following
multiple testing correction, at each window. Using adjusted P values,
488 unique genes significantly changed expression during menstrua-
tion, 44 during the proliferative phase, and 2921 during the secretory
phase. Peak times of rapid change in gene expression occurred during
menstruation (3% of the way through the cycle), late proliferative
(51%), POD3 (66%), POD5 (71%), POD11 (94%) and POD13 (98%) (Fig. 6a).
Examples of 12 endometrial genes showing significant and very rapid
changes in expression across different stages of the menstrual cycle
are provided in Fig. 6b.

The original Endometrial Receptivity Analysis (ERA) publication
identified 238 genes that show major changes in expression before,
during and after the time of embryo implantation at POD 3–722. Of
these 238 genes, 207 were recognised in our NGS data, and 70% of
these (145/207) changed expression significantly between cycle times
66 ± 2% and 76 ± 2% (POD 3–7). Supplementary Fig 5 shows the 6most
significantly down-regulated genes and the 6 most significantly up-
regulated ERA genes that we identified.

Discussion
Wehavedeveloped and validated amethod for accurately determining
endometrial cycle stage based on global gene expression. We did this
by generating mathematically defined curves fitted to RNA-seq
expression data from 236 endometrial samples for each of 20,067
genes. From these curves we then found the time of the cycle that
minimised a loss function (mean squared error) which gives the bestfit
for all genes simultaneously for any individual endometrial sample. By
placing the 236 samples in chronological order from the start to end of
the menstrual cycle and converting the x-axis to percentage, we cre-
ated a method for both defining how far through the cycle any given
sample is, as well as being able to normalise gene expression for cycle
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Fig. 5 | The impact of age on endometrial gene expression. Figure 5a. Two
examples from the 60 endometrial genes that change expression significantly with
increasing age. Statistical analysis used two-sided empirical Bayes moderated
t-tests implemented in limma35 with corrections for multiple comparisons per-
formed using the Benjamini-Hochberg method (ENSG00000180543: t = 6.025,
p = 5.82e-9, padj = 5.84e-5; ENSG00000164778: t = −5.886, p = 1.29e-8, padj = 8.22e-
5). Expression data were plotted following normalisation for changing expression
across the menstrual cycle (n = 266 RNA-seq samples, 87 samples from

GSE14154920). Figure 5b. Expression data for 2 genes plotted separately for men-
strual, proliferative, and secretory samples (n = 266). Statistical analysis used two-
sidedempirical Bayesmoderated t-tests implemented in limmawith corrections for
multiple comparisons performed using the Benjamini-Hochberg method (secre-
tory phase ENSG00000147113: t = −5.074, p = 1.43e-6, padj = 0.010; secretory phase
ENSG00000174175: t = −4.429, p = 2.09e-5, padj = 0.013). Source data are provided
as a Source Data file.
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stage so that gene expression differences between any 2 samples can
be compared.

Our work has immediate translational application. Being able to
accurately identify differentially expressed genes from relatively small
numbers of samples will substantially increase the prospect of identi-
fying genes linked to different endometrial pathologies, thus helping
to identify biomarkers for diagnosis and potential targets for therapy.
Similarly, detailed knowledge of normal gene expression profiles
throughout the endometrial cycle will assist in identifying ‘off-target’
effects during clinical trials of new therapeutics. Accurate cycle staging
is also critical for synchronisation of frozen-thaw embryo replacement
during in vitro fertilization treatment. Longer-term, improved under-
standing of endometrial disorders such as heavy menstrual bleeding,
endometriosis and adenomyosis will lead to improved outcomes for
many women.

Our molecular model for staging the endometrium creates many
new research opportunities in benign gynaecology. There is a com-
pelling argument formore research in this field given the considerable
financial and quality of life burdens that endometrial-related disorders
have on patients and their families. The total direct and indirect costs
of abnormal uterine bleeding in the UK and USA were reported more
than 10 years ago as greater than £1.2 billion and $37 billion,

respectively1. More recently in the USA, heavy menstrual bleeding
(HMB) with uterine fibroids had a mean all-cause total cost of $16,762
per patient, while HMB only was $11,135 compared to a control cohort
at $6,69123. In 2011, in the UK, it was estimated that in England and
Wales approximately 1.5 million women were affected by HMB
annually. HMB is the fourth most common reason for referral to
gynaecology services in the UK and approximately 20% of 1.2 million
referrals to specialist gynaecology services concern women with HMB
in the UK1. In addition to the financial impact, women with
menstruation-related symptoms have lower scores on several domains
of quality of life such as general health and physical, mental, social and
occupational functioning during their periods24. A recent review of the
economic burden of endometriosis determined the overall direct
medical cost range to be from US$1459 to US$20,239 per patient per
year, and the indirect costs between US$4572 and US$14,0792.

Endometrial cycle stage classification is currently based on his-
topathological criteria first published over 70 years ago14. The ongoing
need for endometrial cycle staging is evidenced by the fact that this
1950 paper has received over 3,500 citations25, the most for any study
in obstetrics and gynaecology. Accuracy of pathology dating has well
established limitations. It hasbeen reported that accuracy in dating the
same POD between different pathologists using Noyes criteria was
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left−right determination factor 1
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long intergenic non−protein coding RNA 2274
LINC02274
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DEPP1 autophagy regulator
DEPP1

●
●

●●
●●

●

●
●

●

●●
●
●
●●●●

●

●●●●

●
●

●
●

●
●

●

●

●

●

●

●
●

●●

●

●

●

●

●●
●

●

●

●

●●

●

●

●

●

●

●

●

●

●●
●

●
●

●●

●●

●

●

●

●
●
●●

●●

●

●

●
●

●

●●

●●

●●●

●

●

●

●

●
●

●●●●

●
●

●

●
●

●

●●

●

●

●●
●

●

●●●
●

●
●

●

●

●

●

●

●

●
●

●
●

●

●●

●●●
●
●

●●●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●●●

●●●

●
●●●
●●●

●
●
●●
●

●

●

●

●●

●

●
●

●

●

●

●
●

●
●
●

●
●●

●

●
●

●

●●

●

●
●
●

●

●

●
●

●
●
●

●

●

●●●●

−5.0

−2.5

0.0

2.5

5.0

7.5

0 20 40 60 80 100
Model Cycle Time

lo
g 2
(C

PM
)

cytochrome P450 family 3 subfamily A member 5
CYP3A5

●●●●●●●●●●●●●●

●

●●

●

●

●●●●●●●●●●●●●●●●●●

●

●

●●●●●●●●

●

●●●●

●

●

●●

●●●●●●

●

●●●●
●
●●●
●
●●●
●

●

●
●

●

●

●
●
●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●●
●

●

●

●

●

●

●

●●
●●

●

●●
●

●

●

●

●

●
●●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●
●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●●

●

●

●

●

●

●

●

●●

●
●

●

●●●●

●

●
●●

●

●

●

●

●

●●●

●

●●●
●
●●

●●
●

●

●

●
●
●●●●●

●●
●
●
●●●●●●●●●●●●●

●

●
●

●

−5.0

−2.5

0.0

2.5

5.0

0 20 40 60 80 100
Model Cycle Time

lo
g 2
( C

PM
)

3−hydroxy−3−methylglutaryl−CoA synthase 2
HMGCS2
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phospholipase A2 group IVF
PLA2G4F
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coagulation factor II, thrombin
F2
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solute carrier family 24 member 4
SLC24A4
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serpin family A member 4
SERPINA4
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OCIA domain containing 2
OCIAD2
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shisa family member 3
SHISA3
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LHFPL tetraspan subfamily member 3
LHFPL3

a

b

Fig. 6 | Changing gene expression across the cycle. Figure 6a. Genes from RNA-
seq analysis that significantly change expression (Padj <0.05) over 3.4% of the cycle
(approximately equal to a 24-hour window) at different stages of the menstrual
cycle. Statistical analysis used two-sided empirical Bayes moderated t-tests, tested
relative to a threshold fold change of 1.2, implemented in limma35 with corrections
formultiple comparisons performed using the Benjamini-Hochbergmethod. Using
adjusted P values, 488 unique genes significantly change expression during

menstruation, 44 during the proliferative phase, and 2921 during the secretory
phase. Peak times of rapid change in gene expression approximately correspond to
menstrual (3% of the way through the cycle), late proliferative (51%), POD3 (66%),
POD5 (71%), POD11 (94%) and POD13 (98%). Figure 6b. Examples of 12 genes that
change expression significantly at different times across the cycle. Source data are
provided as a Source Data file.
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poor, ranging from 18 to 40%, rising to 60–68% for POD dating within
1 day and to65–81% for datingwithin 2days15. The same study reported
that accuracy and interobserver reproducibility were unaffected by
refresher training, suggesting the limits of histological dating have
been reached. By contrast, our model reliably identifies significant
differences in gene expression from day to day through the cycle (see
Fig. 6) and can assign a time point on a scalemore refined than a single
day. In addition, our model accurately determines endometrial stage
regardless of cycle length and does not rely on measurement of
external events such as changes in circulating hormones or fixed time
points such as ultrasound detection of ovulation or first day of men-
strual bleeding. How accurate these results are in terms of cycle stage
is more difficult to ascertain. The comparison of NGS versus Illumina
data from the same samples (Fig. 3b) shows that at times of the cycle
where gene expression is changing rapidly, such as menstruation and
implantation (see Fig. 6a), there is very high concordance between the
2 different methods. This agreement suggests that results at these
stages of the cycle are accurate to within less than 3-4% or approxi-
mately 1 day. At other times, such as during most of the proliferative
phase, there is less agreement, suggesting an accuracy of 7–11% or 2-3
days. By contrast, pathology dating during the proliferative phase is
limited to early,midor late. The use ofpercentage to describe distance
through the cycle removes difficulties in comparing different length
cycles. The human menstrual cycle is inherently variable in overall
length and in the relative lengths of the menstrual, proliferative and
secretory phases10–13. This variability makes accurate comparisons
between endometrial samples challenging. For example, 10 days post
last menstrual period (LMP) can be proliferative endometrium in one
woman and secretory in another. Similarly, POD6 can be pre-receptive
in one case and post-receptive in another. By defining cycle stage in
terms of the percentage of the way through the menstrual cycle that
the endometrium is (which still allows precise mapping to events such
asmenstruation and ovulation), it is possible to accurately synchronise
all endometrial samples to their own well-defined point in the cycle.
From our data, menstrual is 0–8% of the cycle, proliferative is 8–58%
and secretory is 58–100%.

Another advantage of the molecular staging model is that it
generates mathematically defined curves (splines) for expression
levels of all genes across the cycle. This allows gene expression from
different stages of the cycle to be readily normalised for comparison
studies. It also provides information on expression profiles for every
gene and can be used across different gene array platforms. As part of
the validation studies undertaken for the molecular stagingmodel, we
used the same methods to derive a similar staging model using Illu-
mina HT-12 data from 198 samples that also had RNA-seq data. This
exercise demonstrated a high degree of agreement in the twomodels’
cycle stage between the RNA-seq and Illumina HT-12 data sets, con-
firming that the molecular staging model method gives robust out-
comes when used with different transcriptomics platforms.

Endometrial expression data in GEO and other databases can now
be precisely staged and reinterpreted using this methodology. To
support this claim, we have reinterpreted 3 published data sets and
generated PCA plots to demonstrate that the molecular model pro-
vides accurate timing for all samples in each data set. We show good
agreement between the molecular staging model and most of the
published staging but identify several samples in each published data
set that are misclassified. With relatively small sample sizes, a few
misclassified samples can severely reduce the ability to identify dif-
ferentially expressed genes. Based on these results, we suggest the
need for caution in interpreting endometrial gene expression studies
with small sample sizes and/orwhere the authors have not been able to
incorporate accurate cycle staging into their analyses.

This day-to-day volatility in gene expression during the secretory
phase provides a compelling explanation for the consistent lack of
agreement between studies comparing gene expression where

comparison groups contain all stages of the secretory phase com-
bined. Use of the molecular staging model to accurately assign cycle
stage and account for these rapid changes in gene expression data will
significantly enhance our ability to compare endometrial gene
expression between experimental groups and identify real differences
due to phenotype or treatment.

The molecular staging model reveals remarkably synchronised
and dramatic changes in expression formany genes at different stages
of the cycle. The model delivers highly accurate cycle staging because
most of the variance in endometrial gene expression is due to cycle
stage, and not other factors. Over 50% of the gene models had an
adjusted R-squared value greater than 0.19 and 30% were over 0.36,
indicating that the proportion of variance in gene expression
explained by modelling cycle time is considerable. Based on this var-
iance, we have been able to identify 3453 genes that change expression
significantly within a 3.4% window of the endometrial cycle (which
approximately equates to a 24-hour period in a 28-day cycle). Of these,
488 were during menstruation, 44 during the proliferative phase, and
2921 during the secretory phase. These changes are remarkably con-
sistent between samples and synchronised between the 3453 genes
within each sample (see for example Fig. 6 and Supplementary Fig 5). It
is these cycle-driven changes that provide the statistical strength and
remarkable chronological consistency of our modelling across the
cycle. If very few genes changed expression across the cycle, most of
the expression curves would be relatively flat and there would be no
obvious global minimum in the mean squared error plots. Instead, the
highly dynamic patterns of gene expression ensure that the mean
squared error plots give robust results for predicting a time in the
cycle. It is also important to reiterate that the mean squared error
solution is simultaneous for all 20,067 genes, giving confidence that
significant changes in expression for individual genes are real.

Because most of the variance in endometrial gene expression is
linked to cycle stage, cycle stage determination using the molecular
staging model is unlikely to be influenced by other variables that
impact on gene expression during themenstrual cycle. This is because
even if a pathological condition changed the expression 100’s of
genes, it will onlyminimally influence the accuracy of themodel which
is based on significant changes in the expression of several 1000’s of
genes. The overwhelming contribution of cycle stage variance to the
accuracy of the molecular model provides the rationale for the gen-
eralisability of the model to endometrial samples taken from women
with a wide range of uterine phenotypes and pathologies during the
menstrual cycle.

The Endometrial Receptivity Analysis (ERA) is a clinical test used
to determine if the endometrium is at the optimal stage of the men-
strual cycle for embryo implantation. The testwasoriginally basedon a
group of 238 genes that change expression rapidly around the time of
implantation22, thus allowing the relative expression profiles to be
equated with ‘pre-receptive’, ‘receptive’ and ‘post-receptive’ endome-
trium. We correctly predicted that using the molecular staging model
to identify endometrial genes with rapidly changing expression pro-
files would also identify many of the ERA genes. As well as identifying
70% of the ERA genes we also found many hundreds of additional
genes that change expression significantly around the time of
implantation, reinforcing how complex endometrial function is at this
critical stage of the menstrual cycle.

Using the molecular staging model to normalise gene expression
across the cycle we were able to identify, for the first time, numerous
endometrial genes that change expression significantlywith increasing
age (SupplementaryTable 3). Importantly, whenweperformed ameta-
analysis by adding a published dataset from another laboratory and
analysing it using our method, the number of significant genes was
increased; a result that supports our original finding. An interesting
finding from this study was that when examining menstrual, pro-
liferative and secretory stages separately, nearly all the genes that
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showed DGE with increasing age did so in endometrial samples taken
in the secretory phase. This suggests that it is the endometrial
response to progesterone that changes with increasing age, or at least
genes with biological actions related to secretory phase events such as
implantation, early pregnancy or the late secretory transition to
menstruation. One explanation for not identifying significant changes
in gene expression during themenstrual phase is low subject numbers
(total N = 28 with 0 genes significant). But for the proliferative phase
from N = 165 subjects we found only 4 significant genes while for the
secretory phase withN = 160 subjects there were 218 significant genes.
These data highlight the fundamental difference between proliferative
and secretory endometrium and bring in to question the biological
relevance of comparing these two very different tissues.

The most significant up and down regulated GO pathways with
increasing age have strong biological plausibility (Supplementary
Data 2). Upregulated pathways include axoneme assembly, micro-
tubule bundle formation and cilium assembly. Microtubules are pre-
sent in nearly all cells and play a prominent role, along with ciliated
cells, in well characterised changes to the endometrial luminal epi-
thelium during the secretory phase. Although the functional relevance
is not clear, the transition from luminalmicrovilli to pinopodes around
the expected time of embryo implantation is thought to be a key
morphological marker for endometrial receptivity26. More recent evi-
dence has found an increased incidence of luminal epithelial micro-
tubule abnormalities in the endometrium of women with
adenomyosis, possibly due to increased inflammation27. Blood vessel
development and regulation of endothelial cell proliferation were the
top 2 down regulated GO biological pathways. The endometrium is a
site of rapid cyclical angiogenesis, vascular development and break-
down, with spiral arterioles developing their classical shape and other
endometrial vessels growing to match the increasing thickness of the
endometrium28. Age-related alterations in endometrial angiogenic or
vascular potential could be expected to have profound effects on
endometrial function, and in particular fertility and subsequent
placentation.

Future endometrial DGE studies should account for age when
performing statistical modelling. It seems likely that use of the mole-
cular staging model will identify other gynaecological conditions that
influence endometrial DGE and hence need to be accounted for in
subsequent analyses.

There are limitations to the current study that need to be con-
sidered. The 236 endometrial samples used to develop the menstrual
cycle staging model in analysis 2 were nearly all taken from women
undergoing diagnostic laparoscopy to investigate pelvic pain and
suspected endometriosis (IVF subjects with secretory stage endome-
trium thatwere used in analysis 1 were not included in the finalmodel).
Of the 236 women, 173 were diagnosed with endometriosis. Whether
this population can be considered as having normal endometrium is
open for debate. However, as reported in Supplementary Tables 1 & 2,
60 of the 236 women had delivered 1 or more live births, with 38 of
these 60 also being diagnosed with endometriosis. The ability to carry
a normal pregnancy to a successful outcome is evidence that the
endometrium was functionally ‘normal’ in these women, and suggests
that if there are pathological differences in the endometrium of
womenwith endometriosis, they are either not universal, or not severe
enough to preclude normal endometrial function. Further, the 140
womenwho hadnot been pregnant were on average 6.2 years younger
than those that had had a successful pregnancy (29.2 vs 35.4 years of
age), suggesting thatmanyhadnot yet tried to conceive and couldwell
have ‘normal’ endometrium. While it is possible that gynaecological
pathologies that affect endometrial gene expressionmay exist in some
of our 236 subjects, the conclusion from thiswork, asdiscussed earlier,
is that the predominant driver of changing endometrial gene expres-
sion is menstrual cycle stage, and not phenotypic factors. If pheno-
types that do influence gene expression are identified in the future, for

example age and ethnicity in the current work, then these can be
corrected for in the model and this will reduce variability and increase
sensitivity of future studies.

The relative lengths of the menstrual, proliferative and secretory
phases in the molecular staging model are determined by the dis-
tribution of women at each stage of the menstrual cycle. Wemade the
assumption that our population of 236 women were randomly dis-
tributed across the cycle although it is possible that this was not the
case. Hence some phases in the molecular staging model could be
compressed or extended over time compared to the normal popula-
tion. This does not alter the validity of the model for the relative
position of the samples in chronological order across the cycle but
doesmean thatmapping ofmolecular stagingmodel onto cycle stages
may update as larger studies are performed.

In conclusion, we have developed and validated a method for
accurately determining endometrial cycle stage based on global gene
expression. Our ‘molecular staging model’ reveals significant and
remarkably synchronised daily changes in expression for over 3400
endometrial genes at different stages of the cycle, with most change
occurring during the secretory phase. These major day-to-day differ-
ences in endometrial gene expression provide a compelling explana-
tion for the failure of studies that lack accurate cycle staging to reach
consensus on genes of interest. Our study supports selected previous
findings and significantly extends existing data. Using the molecular
staging model to normalise expression data we can demonstrate sig-
nificant changes in endometrial gene expression with increasing age.
The molecular staging model provides a wealth of new data on
endometrial gene expression and establishes a method for investi-
gating the role of the endometrium in critical biological events such as
uterine receptivity for embryo implantation as well as gynaecological
pathologies such as endometriosis and menstrual disorders.

Methods
Subject recruitment and tissue collection
This work was approved by the Human Research Ethics Committee of
the Royal Women’s Hospital, Melbourne, Australia (Projects 11–24 and
16–43 for Study 1) andMelbourne IVF (Project 13/17 for Study 2), and all
subjects gavewritten informed consent. Study subjects did not receive
compensation for participating. A total of 358 endometrial samples
were collected for this study, comprising 264 samples taken at the time
of diagnostic surgery from women reporting pelvic pain with sus-
pected endometriosis (‘Study 1’) and 94 samples from individuals
undergoing IVF (‘Study 2’).

Some of the 358 subjects have had data published as part of
previous studies investigating genetic regulation of endometrial gene
transcription. Specifically, 123 Illumina Human HT-12 v4.0 samples
were included in a 2017 study18, 229 Illumina Human HT-12
v4.0 samples in a 2018 study29, and 169 & 206 RNA sequencing sam-
ples in studies from 202019,30.

Endometrial tissue samples (collected by curette or Pipelle
biopsy) were obtained for gene expression analysis, along with blood
samples for DNA extraction and hormone assays, patient ques-
tionnaires, past and present clinical histories, pathology findings and
surgical notes. All subjects were premenopausal and free from hor-
mone treatment at the time of biopsy. Endometrial tissue samples
were split and either stored in RNAlater (Life Technologies, Grand
Island, NY, USA) at 4oC before being stored at -80oC for total RNA
extraction, or formalin fixed and processed routinely for histological
assessment.

Histological dating of endometrium
All 358 endometrial samples were routinely evaluated14 by at least one
experienced pathologist and allocated to one of sevenmenstrual cycle
stages. Menstrual cycle stage definitions, assuming a standardised
28 day cycle, and numbers of samples in each group were as follows:
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Stage 1 =menstrual (n = 18, days 1–4), 2 = early proliferative (n = 5, days
5–7), 3 = mid proliferative (n = 104, days 8–11), 4 = late proliferative
(n = 29, days 12–15, includes ‘interval’), 5 = early secretory (n = 64, days
16–19, or post ovulation days 2–5), 6 = mid secretory (n = 76, days
20–23, or post ovulation days 6–9), 7 = late secretory (n = 40, days
24–28, or post ovulation days 10–14). Twenty-two biopsies taken by
Pipelle did not have adequate tissue for reliable pathology reporting. If
the pathology report crossed two definitions (e.g. mid/late secretory),
then the later cycle stage was used. The exception to this was in the
secretory phase where post-ovulatory day (POD) range crossed 2 cycle
stages with the majority of the days in the earlier stage, i.e. POD 4–6 =
early secretory. If the pathology report only recorded ‘proliferative’ or
‘secretory’, then mid-proliferative or mid-secretory was assigned,
resulting in elevated numbers in these 2 cycle stages. A subset of
secretory stage samples (n = 164) underwent additional evaluation and
were assigned an individual post-ovulatory day by a further 1 or 2
pathologists working independently of each other and the previous
assessment. Endometrial samples for which the pathologist reported
any abnormalities or evidence of exogenous hormone had already
been excluded from the study.

RNA-seq and gene expression array data preparation
Of the 358 endometrial samples, 290 had Illumina Human HT-12 v4.0
performed and 266 underwent RNA-seq (198 samples had both tech-
niques performed). Total RNA was isolated from endometrial samples
using the Allprep DNA/RNA Mini Kit (Qiagen, CA) as per the manu-
facturer’s instructions29. Briefly, RNA quality was checked using a
Bioanalyzer 2100 (Agilent Technologies, CA) and RNA concentration
was measured using a NanoDropND-6000 (Thermo Fisher Scientific,
USA). All samples were high quality with an RNA integrity number
greater than 8. Expression profiles in endometrial tissue were gener-
ated by hybridizing 750ng of cRNA to Illumina Human HT-12 v4.0
Beadchips.

RNA samples were treated with Turbo DNA-free kit (Thermo
Fisher Scientific, USA) prior to RNA-seq library generation19. Stranded
RNA-seq libraries were prepared using the Illumina TruSeq Stranded
Total RNA Gold protocol which includes ribosomal depletion
(Illumina, USA).

RNA-seq data processing
Raw sequencing reads were quality checked using FastQC v0.11.7 and
MultiQC v1.6. Low quality reads and contaminating HiSeq Illumina
adapter sequences were trimmed using Trimmomatic v0.3631. Trim-
med reads were aligned against the human reference genome
(Ensembl Homo sapiens GRCh38 release 84) using HISAT2 v2.0.532.
Transcript assembly was performed using StringTie v1.3.1 and the
EnsemblHomo sapiensGRCh38 release 91 reference annotation. Reads
mapping to each known transcript were quantified in StringTie33 to
generate transcript-, exon- and intron-level expression matrices for
each individual. Raw gene count matrices were also produced using a
Python script provided by StringTie.

Normalisation of RNA-Seq and array expression values
Genes expressed at a low level by RNA-seq, i.e. genes with counts per
million (CPM) <0.5 in > 80% of the samples, were removed. Raw gene
counts were normalized for composition bias and total raw reads
(library size) using the Trimmed Mean of M (TMM) method in the
edgeR R package34. Normalized counts were converted to CPM and
log2 transformed (log2-CPM). Batch effects from sequencing were
removed using the ComBat function from the sva R package (Leek
et al., 2020). To load and normalise the microarray data, the R
packages limma35 and lumi36 were used. Background correction and
robust spline normalization (RSN) produced logged values of probe
intensity and ComBat was used to remove microarray batch effects.
For probes to be included in the array analysis, annotation probe

quality was required to be “Good” or “Perfect” and detection p-
value < 0.05 in at least 20% of samples.

Genotyping
For determination of ancestry, DNA samples from each of the 358
individuals were genotyped on HumanCoreExome or Infinium Psy-
chArray chips (Illumina, USA)19. Quality control (QC) was performed in
PLINK29. Following QC, a total of 282,625 SNPs (hg19) were phased
using Shapelt V2 and taken forward to imputation using the haplotype
reference consortium reference panel (version r1.1 2016) on the
Michigan Imputation Server. SNPs with low imputation quality
(R2 < 0.8), missing rate >5%, minor allele frequency (MAF) < 1×10–4, and
Hardy–Weinberg equilibrium<1×10−6 after imputation were removed.
The remaining SNP positions were lifted over to the Ensembl genome
build 38 (GRCh38) using CrossMap v.0.2.8. SNPs failing to lift-over
were assigned to their new GRCh38 position manually based on
dbSNP151 GRCh38 patch release 7 (GRCh38.p7), leaving 6,230,993
SNPs for further analysis.

Hormone assays
Estradiol and progesterone concentrations were measured in bloods
taken at the time of endometrial sampling. Some of these hormone
data have been published previously37. An additional 28 bloods were
assayed for progesterone (Serum P was tested on the Roche Cobas
e601 immunoanalyser, utilising electrochemiluminescence (ECLIA).
The lower limit of detectionwas0.06 ng/mL. The inter-assay at a target
mean of 1.4 ng/mL returned a CV% of 3.7. The intra-assay at a target
mean of 1.5 ng/mL returned a CV% of 6.5). This gave a total of 187
progesterone results and 159 estradiol results that could be plotted
against the molecular staging model cycle stage.

Analysis 1
Development of the ‘molecular stagingmodel’ to assign cycle stage for
secretory stage samples only: All secretory stage sampleswithRNA-seq
data from Study 1 and Study 2 where 2 or 3 independent pathology
assessments agreed on the post-ovulatory day (POD) to within 2 days
(n = 96 of a possible 180 secretory stage samples) were selected for
analysis 1. For each gene, batch-corrected expression was fit to POD
using a penalised cubic regression spline using 3 knots implemented
with the generalised additive model (gam) function from the mgcv R
package38. Each curve was used to obtain the expected expression
value for each gene for any given day. For each sample, an estimated
POD was obtained using the day which minimised the mean squared
error (MSE) between the observed expression and the expected
expression across all genes.

Alternatively, this procedure can be describedminimising d in the
loss function:

L dð Þ=
X

g2G
yg � f g dð Þ

� �2

ð1Þ

where d is the POD constrained between 1 and 14 days, g is a gene in
gene set G, yg is the observed expression of gene g, and fg(d) is the
spline function that describes the expected expression of gene g for
day d. Additionally, K-fold cross-validation where K = 5 was performed
to ensure the model was not overfitting.

To illustrate that using larger, less precise, units of time can be
used to estimate cycle time using the same method, an additional
model was built using the pathology-assigned 3 secretory cycle stages
(i.e. stages 5, 6, and 7 corresponding to early-, mid-, and late-secretory
respectively) instead of the pathology-assigned POD (i.e. 1–14 days).
Using the RNA-seq batch-corrected expression data, each gene was fit
using the samepenalised cubic regression spline (k = 3) as a functionof
stage, and curves were generated for each gene. Cycle time was esti-
mated for each sample by selecting the time point in the stage (from
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4.5 to 7.5) that minimised the MSE between the observed expression
and the expected expression across all genes. As validation, cycle time
estimated from the 3 stages model was compared to the cycle time
estimated from the 14-day POD model.

Analysis 2
Molecular staging model using 7 pathology stages for the whole cycle
with RNA-seq and array expression data: The method for developing
the POD of cycle prediction model was replicated with some mod-
ifications using all samples from Study 1 (N = 236 for NGS) classified
into 7 cycle stages by histopathology. Because the majority of the
proliferative phase samples were not assigned as early, mid or late by
the pathologist, we re-assigned all proliferative samples into early, mid
or late by fitting a penalised cubic regression spline (k = 3) using
menstrual, proliferative, and early secretory gene expression data. A
proliferative time point was estimated using the time-point which
minimised the mean squared error between the observed expression
and the expected expression across all genes. The proliferative sam-
ples were then split into equal groups of early, mid, and late using this
timepoint. This approach assumes thatpatients presenting for surgery
in a public hospital system will approximate a uniform distribution
across the menstrual cycle, so the number of early, mid, and late
proliferative samples will be approximately equal. Once the pro-
liferative samples were assigned to early, mid and late stages, a pena-
lised cyclic cubic regression spline (k = 8) was fit using the 7 stages.
Each endometrial sample is then assigned a ‘day’ from themodel using
the time which minimises the mean squared error between the
observed expression data for all genes and their corresponding gene
models. This is equivalent to minimising the loss function in Eq. (1),
except now d can represent any timepoint in the cycle. This ‘day’ is a
relative timepoint in the cycle and does not correspond to a real day.
Continuing with the assumption that all 236 women were approxi-
mately uniformly distributed across the cycle, the data are trans-
formed so that the distance in time between each sample is identical.
This process in effect ranks all the samples in order from the start to
the end of the cycle, and no longer relies on assigning days from an
idealised 28-day cycle. The x-axis was then scored from 0–100 so that
the individual scores for each sample represented the percentage of
the way through the menstrual cycle that each sample was.

The gene curves were then refitted using the new derived cycle
times for each sample with a penalized cyclic cubic regression spline
(k = 30). For visualisation purposes, normalisation of gene expression
for cycle stage was then derived by subtracting the expected expres-
sion from the observed expression (i.e. calculating the residuals) and
re-adding the mean.

Validation of the molecular staging model
Several studies were conducted to assess how endometrial gene
expression data that were generated using the molecular staging
model performed.

The first validation study as part of Analysis 1 was to compare
results from the secretory stage that had daily POD pathology, and
hence substantiallymore accurate cycle stage information, with results
that only used 3 pathology stages across the secretory phase. The
similar results from the 2 different pathology inputs validated the use
of pathology data dividing the endometrium into 7 cycle stages to
develop themolecular stagingmodel across thewholemenstrual cycle.

The second validation study was to repeat Analyses 1 and 2 using
Illumina HT-12 data and then compare results for the 198 out of
358 samples that had both RNA-seq and Illumina HT-12 data.

The third validation study was to repeat Analysis 2 using unsu-
pervised methods (i.e. without the use of pathology cycle stage
information). K-means clustering (k = 5) was performed using the first
2 dimensions after dimensionality reduction principal component
analysis (PCA) (Supplementary Fig 1). Clusters were ordered by their

distance between each other, and for each gene, expression was fitted
using a penalised cyclic cubic regression spline (k = 6) using the
ordered cluster number as a proxy for cycle time. Identical to Analysis
2, for each sample, an optimal cycle time was obtained by calculating
the time that minimised the MSE, and subsequently all times were
transformed to be uniformly distributed on a scale from 0 to 100.
Cycle time estimates from the validation model were compared to the
Analysis 2 cycle times, however, since time 0 for the validation model
was not expected to correspond to the start ofmenstruation, timewas
offset by the earliestmenstrual sample (identified byAnalysis 2) before
assessing performance (Supplementary Fig 2).

The fourth validation study was to determine whether indepen-
dent endocrine data supported the molecular staging model. For a
subset of samples where endocrine data were available, peripheral
bloodestradiol (n = 159) andprogesterone (n = 187) levelswereplotted
against the cycle stage from the molecular staging model.

The molecular staging model was also used to re-analyse 3 pub-
lished datasets available in GEO (GEO DataSets ID: GSE6509921,
GSE14154920 and GSE18048517). Principal component analysis (PCA)
plots from these data sets were replotted with the unaltered cycle
stage from the original publication and our molecular staging model
cycle stage for comparison.

Application of the molecular staging model
Themolecular stagingmodel for gene expression across themenstrual
cycle was applied to 3 questions: Does (1) age or (2) ancestry have any
influenceonendometrial gene expression, and (3) atwhat stages of the
cycle does gene expression change most rapidly? Differential expres-
sion analysis was performed with the predicted cycle time as an
additional factor in the linear model, modelled as a regression spline.
Empirical Bayes moderated t-tests, implemented in the R limma
package, were used to assess if genes were differentially expressed.

Age of patient at biopsy was analysed as a continuous variable
using all subjects with RNA-seq data (N = 266). Since differential
expression effects due to age were identified, subsequent differential
gene expression (DGE) analyses included age as a factor when fitting
the linear model. To further explore the effects of age on endometrial
gene expression n = 87 subjects from GSE141549 were also analysed,
and a meta-analysis was performed using the weighted Fisher’s
method for combining p-values implemented in the metapro R
package39, where weights were proportional to each study’s sample
size. Ensembl ID’s from the current data were matched with the Illu-
mina probe ID’s from GSE141549 resulting in 12,868 genes in common
between the 2 data sets. If multiple probes matched to the same
Ensembl ID, the probe with the greatest mean expression was used.
Analyseswere run for thewholemenstrual cycle, and separately for the
menstrual, proliferative and secretory phases. After multiple hypoth-
esis correction, genes with false discovery rate (FDR) corrected
P <0.05were considered to be differentially expressed. Gene ontology
enrichment analysis was performed using the clusterProfiler R
package40.

Ancestry of subjects as defined by a previous study19 was used to
look for differences in endometrial gene expression using pairwise
comparisons of each ancestry group. Genetic ancestry of subjects was
assigned using principal component analysis (PCA). Briefly, genotype
data from participants was merged with the 1000 Genomes P3v5
reference data using markers common to both cohorts. Population
clusters were determined using the first 5 PCs and were annotated
according to the five 1000 genomes super populations (European,
Eastern Asian, Admixed America, African, Southern Asian).

To investigate changing gene expression across the cycle all
samples with RNA-seq data from Study 1 (n = 236) were ranked in
chronological order from start to end of the cycle. A ‘sliding window’
approach was then used to compare DGE between samples 1–8 versus
samples 9–16, followed by samples 2–9 versus 10–17, then 3–10 vs
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11–18 and so on for all samples across themenstrual cycle. Group sizes
were arbitrarily set at8because this represents 3.4%of the 236 samples
or approximately 1 day assuming a mean cycle length of 28 days.
Moderated t-tests with a fold-change cut-off of 1.2, as implemented in
limma’s treat function, were used to identify differentially expressed
genes with Padj < 0.05 at each window.

To validate a subset of genes we identified as having rapidly
changing expression around the timeof embryo implantation,we ran a
comparison with genes identified in the original Endometrial Recep-
tivity Analysis (ERA) publication22. The ERA identified 238 genes that
showmajor changes in expression before, during and after the time of
embryo implantation at POD 3–7. We identified all endometrial genes
that showed significant changes in expression within any given 24 hr
period at the same time of the menstrual cycle to confirm that our list
contained a high proportion of the ERA genes.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The RNA-seq data generated in this study have been deposited in the
Gene Expression Omnibus database under accession number
GSE234354 and the Illumina HT-12 microarray data under accession
number GSE234368. Additional public datasets used are available on
GEO with accession numbers GSE65099 (PMID: 26418742), GSE141549
(PMID: 32859947) and GSE180485 (PMID: 35092277). Homo sapiens
reference genome GRCh38 and genome annotation were obtained
from Ensembl (release 91). Source data are provided with this paper.

Code availability
The code for our model is available as an R package at https://github.
com/jessicachung/endest (DOI: 10.5281/zenodo.8321573) and an R
Shiny application is available at https://github.com/jessicachung/
endspect. Analysis scripts for this manuscript can be found at
https://github.com/jessicachung/endo_model_paper. Endest is pub-
lished pursuant to the terms located in the applicable repository at
github.com which terms permit reproduction, publication and adap-
tation of endest solely for non-commercial purposes. Publication of
endest at github.com is not subject to the publication terms applicable
to Nature publications.
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