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Abstract

The objective was to identify a set of genes whose transcript abundance is predictive of a cow’s ability to become pregnant following artificial
insemination. Endometrial epithelial cells from the uterine body were collected for RNA sequencing using the cytobrush method from 193
first-service Holstein cows at estrus prior to artificial insemination (day 0). A group of 253 first-service cows not used for cytobrush collection
were controls. There was no effect of cytobrush collection on pregnancy outcomes at day 30 or 70 or on pregnancy loss between days 30 and
70. There were 2 upregulated and 214 downregulated genes (false discovery rate < 0.05, absolute fold change >2-fold) for cows pregnant at
day 30 versus those that were not pregnant. Functional terms overrepresented in the downregulated genes included those related to immune
and inflammatory responses. Machine learning for fertility biomarkers with the R package BORUTA resulted in identification of 57 biomarkers
that predicted pregnancy outcome at day 30 with an average accuracy of 77%. Thus, machine learning can identify predictive biomarkers
of pregnancy in endometrium with high accuracy. Moreover, sampling of endometrial epithelium using the cytobrush can help understand
functional characteristics of the endometrium at artificial insemination without compromising cow fertility. Functional characteristics of the
genes comprising the set of biomarkers is indicative that a major determinant of cow fertility, at least for first insemination after calving, is
immune status of the uterus, which, in turn, is likely to reflect the previous history of uterine disease.

Summary Sentence
Machine learning of endometrial transcriptome collected via cytobrush identified 57 biomarkers predictive of day 30 pregnancy success with an
average accuracy of 77%.
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Introduction

Sustainability and profitability of the dairy industry depends
upon milk production and fertility. In fact, greenhouse gas
emissions per unit of production decrease as milk yield or
fertility increases [1-3]. Achieving high fertility in a dairy
herd is also important from an economic perspective [4, 5].
Reproductive failure is the single most important cause of
culling [6], with 32% of lactating cows culled per year in
the United States [7]. Development of tools to distinguish
phenotypically or genetically fertile females from infertile
ones could be used to guide management decisions regarding
raising, breeding, and culling. This information could also
expand the range of reproductive phenotypes used for genetic
selection. The most commonly collected reproductive phe-
notypes used for genetic selection are daughter pregnancy
rate, days open, and conception rate. All of these traits are
limited in utility due to low heritabilities, difficulties in mea-
surement, and large impacts of management on phenotype
[8]. Development of new reproductive phenotypes that are
easy to collect and which possess high heritabilities would be
advantageous.

Machine learning is a subfield of artificial intelligence that
involves learning from training models to develop predictions
of unobserved data [9]. Implementation of this technology
in animal reproduction is emerging. For example, machine
learning was used to identify 50 genes whose transcript abun-
dance in the endometrium predicted ability of cows to achieve
pregnancy after embryo transfer and artificial insemination
with 96.1% accuracy [10]. In another study, eight genes
were identified whose transcript abundance in the bovine

embryo could discriminate between embryos with high and
low competence for pregnancy with an accuracy of 85% or
greater [11]. In the present study, endometrial samples from
the uterine body collected at the time of artificial insemination
via cytobrush were used to identify transcriptomic markers of
subsequent pregnancy using machine learning. The result was
a set of genes whose transcript abundance is predictive of a
cow’s ability to become pregnant after insemination.

Methods
Ethics

All animal procedures were approved by the University
of Florida Institutional Animal Care and Use Committee
(IACUC202200000013, approved March 2, 2022).

Cytobrush preparation

Cytobrushes were prepared as previously described [12].
Briefly, trimmed endocervical sampling brushes (Viamed,
Miami Lakes, FL, USA) were individually packaged and
sterilized by gas autoclave. Prior to collection, the cytobrush
was removed from the sealed package and inserted into the tip
of a conventional 0.5 cc artificial insemination (Al) pipette.
An Al sheath (Agtech Inc., Manhattan, KS, USA) and chemise
(Agtech) were placed over the cytobrush for protection.

Cows

The study was performed at North Florida Holsteins in Bell,
Florida (29°43'N 82°51'W) from March through May of
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2022. A total of 168 first-service, lactating multiparous Hol-
stein cows and 25 first-service, lactating primiparous Holstein
cows (193 total) were used for collection of endometrial
epithelium from the uterine body using the cytobrush tech-
nique. Another 192 first-service multiparous cows and 61
first-service primiparous cows (253 total) were used as con-
trols in which no cytobrush sample was collected. The control
group was examined to evaluate whether the cytobrush collec-
tion procedure compromised fertility. Lactating, first-service
dairy cows were chosen for the study as compared to some
other types of cows because fertility is often compromised in
this type of animal.

All cows were subjected to a modified DoubleOvsynch
ovulation synchronization procedure [13, 14], starting at
~43 days after calving (day —27 relative to insemination)
with two injections of prostaglandin F2a on days —3 and
—2 relative to insemination. All injections were administered
intramuscularly. Insemination was on the morning of day
0, immediately after collection of endometrial epithelium.
Control cows were inseminated but not subjected to
cytobrush collection. All cytobrush samples were collected
by one technician. Artificial insemination was performed by
multiple farm personnel according to the farm’s standard
operating procedures.

Pregnancy outcomes after Al were determined by transrec-
tal ultrasonographic examination of the reproductive tract at
day 30 and day 70 after Al by farm veterinarians.

Collection and processing of endometrial
epithelium

On day 0, the day of Al each cow was restrained in a
palpation rail after the first milking in the morning. The
pipette containing the cytobrush assembly was inserted into
the vagina and guided transrectally through the cervix into
the uterine body. Once in the uterine body, the sheath covering
the cytobrush was retracted slightly to expose the cytobrush.
The cytobrush was then rotated five times, the sheath was
extended over the cytobrush, and the assembly was removed
from the cow. The cytobrush was then removed from the Al
pipette and placed in a 2-mL microcentrifuge tube containing
1 mL of diethyl pyrocarbonate—treated Dulbecco phosphate
buffered saline and stored on ice until processing (within 2 h of
collection). Immediately following cytobrush collection, cows
were artificially inseminated with a single straw of frozen—
thawed semen by farm technicians.

Cells were collected from cytobrushes as follows. Micro-
centrifuge tubes containing the cytobrush were vortexed for
1 min. The brush was removed from the tube while scraping
any remaining cells on the side of the tube. The brush was then
discarded. Samples were centrifuged for 400 x g for 7 min. Fol-
lowing centrifugation, the pellet was removed and placed in a
cryotube (Electron Microscopy Sciences, Hatfield, PA, USA).
Samples were snap frozen in liquid nitrogen and subsequently
stored at —80°C.

Statistical analysis of effect of cytobrush on
pregnancy rate

Pregnancy rates comparing animals subjected to the cytobrush
collection procedure to control animals were analyzed by the
GLIMMIX procedure of SAS software v9.4 (Cary, NC, USA)
with pregnancy as a binomial variable and with group (i.e.,
cytobrush vs control) and parity (i.e., 1 vs others) in the model.
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Sample homogenization and RNA extraction

Endometrial epithelial cell pellets from the 193 cows col-
lected at day O (day of Al) were thawed and transferred
to individual 2-mL tubes containing a mixture of 1.4- and
2.8-mm zirconium oxide beads from the Precellys CKMix
Tissue Homogenizing Kit (Bertin Corp., Rockville, MD, USA).
The samples were supplemented with 350 uL of RNA lysis
buffer (RLT) buffer from the Qiagen RNeasy Micro Kit
(Qiagen, Germantown, MD, USA) containing 1% (v/v) B-
mercaptoethanol (Sigma-Aldrich, St. Louis, MO, USA). Sam-
ples were homogenized in the Precellys 24 Tissue Homoge-
nizer (Bertin Corp.) for two 10-s cycles at 6200 rpm. The
supernatants were transferred to sterile 2-mL microcentrifuge
tubes and centrifuged for 15 min at 21 380x g and 4°C. Super-
natants were removed once again and transferred to sterile
2-mL microcentrifuge tubes, and RNA extraction proceeded
according to the Qiagen kit protocol. Once extracted, RNA
concentration was determined using Qubit 2.0 Fluorometer
(Thermo Fisher Scientific, Waltham, MA, USA) and RNA
integrity number (RIN) was assessed using an Agilent 2100
Bioanalyzer (Agilent Technologies, Inc., Santa Clara, CA,
USA). The average RIN across the samples was 8.01 with a
standard deviation of 0.76.

Library preparation and sequencing

Library preparation and sequencing were performed at the
University of Florida Interdisciplinary Center for Biotechnol-
ogy Research Gene Expression Core and NextGen Sequencing
Cores, respectively, using procedures described by Haveman
et al. [15]. Briefly, the NEBNext Poly(A) mRNA Magnetic
Isolation Module (New England Biolabs, Ipswich, MA, USA)
was utilized to isolate mRNA from 100 ng of total RNA. The
NEBNext Ultra II Directional RNA Library Prep Kit (New
England Biolabs) and SPT Labtech mosquito LV liquid han-
dling instrument (SPT Labtech, Melbourn, UK) were used for
RNA library construction with 1/2 of poly A-enriched RNA
and 1/§ reaction volume. Double-stranded complementary
DNA was synthesized, adaptors were ligated to the samples,
and each uniquely barcoded library was enriched by 12 cycles
of amplification. A total of 193 barcoded libraries were sized
on the Agilent Bioanalyzer and quantified with the Qubit 2.0
Fluorometer. These individual libraries were then pooled in
equimolar concentration for sequencing, with a target of 50
million reads per sample with a total of 4 lanes. Illumina
NovaSeq 6000-S4 was used to sequence the libraries for 2
x 150 cycles. One lane generated 2.5-3 billion paired-end
reads with an average Q30% > 92.5% and Clusters Passing
Filter (PF) =85.4%. The BCL2fastQ function in the Illumina
BaseSpace portal was used to generate FastQ files.

Data processing

Reads were trimmed with the cutadapt (v3.4) program [16]
to remove adaptors and low-quality bases with a phred-like
score <20 and reads <65 bases. The cleaned reads were
individually mapped to the Bos taurus (ARS-UCD1.3) refer-
ence genome from the NCBI database using the read mapper
of the STAR package (Spliced Transcripts Alignment to a
Reference, v2.7.9a) [17]. Mapped reads underwent further
processing with HTSeq (High-Throughput Sequence Analysis
in Python, v2.0.3) [18], samtools, and scripts developed in-
house at University of Florida Interdisciplinary Center for
Biotechnology Research to remove potential PCR duplicates
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and to choose and count uniquely mapped reads for gene
expression analysis. Read counts were normalized by library
size and used for subsequent analyses.

Differentially expressed genes between pregnant
and non-pregnant animals

Differentially expressed genes (DEG) between pregnant and
non-pregnant animals at day 30 and day 70 after insemi-
nation, as well as animals that experienced pregnancy loss
between day 30 and day 70, were determined using the
edgeR package (v3.42.4) [19] in R software (v.4.2.3). Genes
with less than one count per million were filtered out before
normalization [20]. Filtered data were normalized through
weighted trimmed mean of M-values [21]. Next, observation
weights were used for robust estimate of the negative bino-
mial dispersion parameter for each gene and for estimating
regression parameters. Finally, a negative binomial generalized
log-linear model was fit to read counts for each transcript
and conduct genewise likelihood ratio tests for the coefficient
contrast [22]. The matrix of contrast was built based on
the comparisons between the groups. P values were adjusted
with the Benjamini-Hochberg procedure, and the DEG were
defined as those with a false discovery rate (FDR) <0.05 and
absolute fold change (FC) >2.

Functional analysis of the downregulated genes from the
edgeR analysis of the day 30 pregnant versus non-pregnant
comparison was assessed using the Database for Annotation,
Visualization, and Integrated Discovery (DAVID) [23, 24]. R
Software was used to generate the bubble plots from DAVID
analysis using the enriched Gene Ontology and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) terms. In addition, R
software was used to generate the volcano plots of the DEG.

Identification of biomarkers

Biomarker genes were identified using the R package
BORUTA (v.8.0.0) [25]. This method was chosen based on the
outputs of the software BioDiscML [26], which automatizes
the steps for model selection. For biomarker identification,
the number of transcripts (features) inputted to the BORUTA
algorithm was filtered by using those differentially expressed
transcripts between pregnant and non-pregnant cows at day
30 with an FDR <0.1. The BORUTA algorithm was then
run 10 times up to when the algorithm did not identify
new biomarkers. The sparse partial least-squares discriminant
analysis, or sPLS-DA method [27], was employed to select the
most discriminative combination of biomarkers transcripts
from a given number of variables, i.e., the molecular signature
providing the most accurate prediction of pregnant and non-
pregnant cows at day 30. The evaluation of each combination
was done by running a support vector machine algorithm with
linear kernels with the caret package (v.6.0-94) [28]. The 193
samples were randomly divided into three parts consisting
of 64, 64, and 65 samples. The two parts consisting of 64
samples were used to train the model and the remaining part
of 65 samples was used for testing the model. This procedure
was repeated 100 times for each combination.

Results
Pregnancy rate

Of the 193 cows that underwent cytobrush collection, 42.0%
(81/193) were pregnant at day 30 after insemination. A total
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Figure 1. Volcano plot displaying upregulated (shown in red) and
downregulated (shown in green) genes (FDR < 0.05 and absolute
fold-change >2-fold) when comparing pregnant animals at day 30 after
artificial insemination to non-pregnant animals. Non-significant genes are
shown in black.

of 15 of 81 pregnant cows at day 30 experienced pregnancy
loss by day 70 (18.5%). Thus, 66 of 193 cows (34.2%)
were pregnant at day 70. Of the 253 control cows, 45.1%
(114/253) were pregnant at day 30 after insemination. A total
of 21 of 114 pregnant cows at day 30 experienced pregnancy
loss by day 70 (18.4%). Therefore, at day 70, 93 of 253
control cows (36.8%) were pregnant. There was no statistical
difference between cows subjected to the cytobrush collection
and control cows not subjected to collection with regard to
pregnancy rate at day 30 (P =0.6354), pregnancy rate at day
70 (P =0.6048), and pregnancy loss (P =0.9075). There were
also no significant effects of parity (results not shown).

Differentially expressed genes between pregnant
and non-pregnant cows

A summary of expression of all genes are presented in
Supplementary File S1. Using an FDR of <0.05 and absolute
FC >2 as a cutoff, there were 216 DEG (2 upregulated genes
and 214 downregulated genes) comparing cows pregnant
versus nonpregnant at day 30 after Al as shown in Figure 1.
For pregnancy at day 70 after Al, there were 148 DEG (2
upregulated genes and 146 downregulated genes). A total of
137 DEG (1 upregulated gene and 136 downregulated genes)
for pregnancy at day 70 were also DEG for pregnancy at
day 30. A comparison of gene expression between cows that
were pregnant at both days 30 and 70 versus those that were
pregnant at day 30 but not at day 70 revealed only three DEG,
with all being downregulated in cows that were pregnant at
both days (FDR < 0.05 and absolute FC > 2). Two of these
genes, actin gamma 2 (ACTG2) and desmin (DES), were
among the sets of DEG at day 30 and day 70.

Functional characteristics of downregulated DEG (FDR
<0.05 and absolute FC > 2) for pregnancy at day 30 were
analyzed by DAVID. Inflammatory and immune response,
chemokine-mediated signaling pathways, and neutrophil
chemotaxis were overrepresented in the Gene Ontology
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Figure 2. Bubble plots showing functional annotations overrepresented in the genes downregulated in pregnant cows at day 30 (FDR <0.05 and
absolute fold-change >2-fold) using Gene Ontology (A) and KEGG pathway (B). The size of the bubble is proportional to the number of genes enriched in

the term.

results (Figure 2A). Hematopoietic cell lineage, NF-kappa B
signaling, chemokine signaling, and retinol metabolism were
overrepresented in the KEGG pathway results (Figure 2B).

Fertility biomarkers

Each run of the BORUTA algorithm generated between 33
and 40 biomarkers. The specific biomarkers were not the
same in each run and there was a total of 87 potential unique
biomarkers identified. The 87 transcripts were analyzed by
the sPLS-DA method to identify the most discriminative com-
bination of transcripts when the number of biomarkers were
set at from 10 to 87. In total, 77 combinations of biomarkers
were analyzed. Using this approach, the most discriminative
set of biomarkers were a set of 57 transcripts whose identity
is shown in Table 1. A total of 28 biomarker genes were
upregulated in cows that became pregnant at day 30 while 29
biomarker genes were downregulated. Distribution of samples
based on the whole transcriptome can be seen in the prin-
cipal component analysis (PCA) plot in Figure 3A, and then
according to the expression of the 57 biomarkers in Figure 3B.
The PCA plot is a type of scatterplot where samples are
clustered based on their similarity. The separation of samples
belonging to cows that resulted pregnant or not was clearly
improved according to the expression of the biomarker genes
(Figure 3B) compared to the expression of the whole tran-
scriptome (Figure 3A). The average accuracy for prediction of
pregnancy at day 30 using 100 rounds of prediction was 77%
(range: 65% to 88%; average sensitivity and specificity was
82% and 69%, respectively). All the parameters describing
the biomarkers’ performance are shown in Table 2.

Discussion

Advances in ‘omics technologies, where data on thousands of
phenotypes can be generated in a single assay, and machine

learning techniques, in which computers are used to develop
predictive algorithms, have created the possibility of develop-
ment of new biomarkers for economically important traits in
livestock production. One trait for which biomarkers would
have utility in the dairy industry is female fertility. Identi-
fication of females that are fertile or infertile would allow
new approaches for improving reproductive function and
profitability of dairy operations. Females that are infertile
could be culled or assigned to reproductive management pro-
grams tailored for less-fertile animals. Moreover, discovery of
genetic variants associated with expression of the biomarkers
(so-called expression QTL, [29]) could be used to increase
accuracy of genetic estimates of reproductive traits. Here,
we have shown the use of RNA-sequencing in combination
with machine learning to identify 57 biomarkers of fertility in
lactating dairy cows with an average sensitivity and specificity
of prediction of 82% and 69 %, respectively. Functional char-
acteristics of the genes comprising the set of biomarkers are
indicative that a major determinant of cow fertility, at least
for first insemination after calving, is immune status of the
uterus, which, in turn, is likely to reflect the previous history
of uterine disease.

Remarkably, these markers were identified in samples
of endometrial epithelium collected at a time and position
removed from the presence of the embryo. In particular, the
endometrial epithelium was harvested from the body of the
uterus at day 0, the day of timed artificial insemination,
which is 4 to 5 days before the embryo enters the uterus
[30]. Once entering the uterus, the early embryo resides in
the uterine horn and not the uterine body [31]. Endometrium
was collected from the uterine body because it was deemed
less likely to result in damage to the endometrium than if
endometrial cells were collected in the uterine horn. Indeed,
there was no difference in pregnancy rate between cows
subjected to cytobrush sampling and those that were not.
It was also reasoned that gene expression in the uterine body
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Table 1. The list of biomarkers and corresponding absolute fold change (FC) between pregnant and non-pregnant cows at day 30 after insemination?®

Gene ID Gene definition FC FDR
NM_206970.1 triggering receptor expressed on myeloid cells 1 (TREM1) —15.1866 1.34E-08
XM_025001090.1 PREDICTED: tyrosine-protein phosphatase non-receptor type substrate 1-like —5.2136 3.16E-09
(LOC104973826), transcript variant X2
XM 024975574.1 PREDICTED: aldehyde oxidase 2 (AOX2), transcript variant X2 —2.7869 1.82E-03
LOC101905517 — —2.5686 4.80E-04
XR_804895.3 PREDICTED: uncharacterized LOC104971235 (LOC104971235), ncRNA -2.1806 3.70E-03
XM_024995833.1 PREDICTED: extracellular matrix protein 2 (ECM2), transcript variant X1 —2.1266 2.11E-03
NM_001076164.2 protein phosphatase 1 regulatory subunit 3C (PPP1R3C) —2.0674 3.26E-05
XM _024999645.1 PREDICTED: uncharacterized LOC112448856 (LOC112448856), transcript —-2.0369 1.79E-03
variant X1
XM_003585891.5 PREDICTED: interferon induced protein 44 like (IFI44L) -2.0120 8.03E-07
XM_024981599.1 PREDICTED: Rh family C glycoprotein (RHCG), transcript variant X1 —1.9515 1.02E-02
XR_817181.3 PREDICTED: uncharacterized LOC104970645 (LOC104970645), transcript —1.8639 7.40E-03
variant X2, ncRNA
NM_001194964.1 C-C motif chemokine receptor 10 (CCR10) -1.7853 7.03E-05
NM_001098140.1 Src homology 2 domain containing E (SHE) —1.7666 2.75E-02
XM_024993411.1 PREDICTED: POTE ankyrin domain family member G-like (LOC618219) —1.7087 7.79E-02
XM _003586816.5 PREDICTED: KIAA1755 (KIAA175S) —1.6621 6.18E-03
XR_003036567.1 PREDICTED: U6 spliceosomal RNA (LOC112448180), ncRNA —1.6554 2.70E-02
NM_001142485.2 SPEG complex locus (SPEG) -1.5996 6.34E-04
XM_002697051.6 PREDICTED: collagen type VII alpha 1 chain (COL7A1) —1.5893 1.76E-04
NM_174209.2 uveal autoantigen with coiled-coil domains and ankyrin repeats (UACA) -1.5719 5.11E-02
XM_015461355.2 PREDICTED: tetraspanin 32 (TSPAN32), transcript variant X8 —1.4820 3.91E-02
NM_174730.2 PYD and CARD domain containing (PYCARD) —1.4669 7.53E-05
NM_001034668.3 MHC class II antigen (BLA-DQB) —1.4177 4.40E-04
XM_010804458.2 PREDICTED: kelch domain containing 10 (KLHDC10), transcript variant X3 —1.3995 2.52E-02
NM_181014.2 monoamine oxidase A (MAQOA) —-1.3769 9.46E-03
NM_174676.3 RAS p21 protein activator 3 (RASA3) —1.3168 1.82E-04
XR_003038123.1 PREDICTED: uncharacterized LOC112449547 (LOC112449547), ncRNA -1.2637 1.30E-02
NM_001078092.1 WW domain containing oxidoreductase (WWOX) —1.2163 1.51E-02
NM_001098912.1 fumarylacetoacetate hydrolase (FAH) —1.1497 7.20E-03
NM_001206262.1 5',3'-nucleotidase, mitochondrial (NT5M); nuclear gene for mitochondrial —1.1465 6.17E-02
product
NM_001103095.1 fat storage inducing transmembrane protein 2 (FITM2) 1.0984 1.51E-02
XM_015475466.2 PREDICTED: malectin (MLEC), transcript variant X1 1.1084 6.47E-03
NM_174135.3 prolyl 4-hydroxylase subunit beta (P4HB) 1.2339 4.63E-03
NM_001046091.2 protein disulfide isomerase family A member 5 (PDIAS) 1.2378 1.91E-02
NM 174333.3 protein disulfide isomerase family A member 3 (PDIA3) 1.2541 3.44E-03
NM_001081609.2 transmembrane p24 trafficking protein 3 (TMED3) 1.2610 7.04E-03
NM_001192963.1 solute carrier family 2 member 13 (SLC2A13) 1.2682 5.35E-03
NM_001099121.2 Dna] heat shock protein family (Hsp40) member C10 (DNAJC10) 1.2891 1.29E-03
NM_174700.2 heat shock protein 90 beta family member 1 (HSP90B1) 1.3063 2.54E-03
NM_001038048.2 nucleoporin 50 (NUPS50) 1.3132 2.07E-04
NM_001035394.1 LIM and SH3 protein 1 (LASP1) 1.3397 6.63E-03
XM_005223170.3 PREDICTED: RAB7A, member RAS oncogene family (RAB7A), transcript 1.3402 7.04E-03
variant X1
NM_001192439.2 solute carrier family 2 member 10 (SLC2A10) 1.3427 1.71E-02
XM_024987334.1 PREDICTED: heterogeneous nuclear ribonucleoprotein U like 2 1.3531 2.77E-02
(HNRNPUL2), transcript variant X1
XM_024980497.1 PREDICTED: MAX network transcriptional repressor (MNT), transcript 1.3538 6.89E-03
variant X1
NM_001099391.2 golgi associated RAB2 interactor family member 4 (GARIN4) 1.3953 7.96E-02
XM_005215930.3 PREDICTED: nucleobindin 2 (NUCB2), transcript variant X1 1.3999 1.20E-02
NM_001244612.1 insulin like growth factor 1 receptor (IGF1R) 1.4040 1.13E-02
XM _010818457.3 PREDICTED: histone H2B type 1 (LOC104975676) 1.4171 6.59E-02
NM_001076290.2 TATA-box binding protein like 1 (TBPL1) 1.4183 2.30E-02
XM _005214293.4 PREDICTED: ADP ribosylation factor like GTPase 5B (ARLSB), transcript 1.4703 1.52E-02
variant X1
XM _024976678.1 PREDICTED: family with sequence similarity 177 member B (FAM177B), 1.4726 7.97E-02
transcript variant X1
XM _025000381.1 PREDICTED: La ribonucleoprotein domain family member 4B (LARP4B), 1.5128 2.77E-03
transcript variant X6
NM_001105035.1 actin like 6A (ACTL6A) 1.5446 1.67E-02
NM_001075467.2 homer scaffold protein 2 (HOMER2) 1.5584 2.58E-02
XM_024978019.1 PREDICTED: nucleobindin 1 (NUCB1), transcript variant X2 1.5860 3.08E-02
XM_005223936.4 PREDICTED: myelin basic protein (MBP), transcript variant X3 1.7064 5.10E-03
LOC788672 - 1.7102 1.10E-02

2Note that a gene defined as a biomarker might not be necessarily a differentially expressed gene according to the definition used (false discovery rate < 0.05

and fold change > 12I).
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Figure 3. Principal component analysis (PCA) plots showing pregnant (red) and non-pregnant (black) animals at day 30 of pregnancy according to the
expression of the whole transcriptome (A) and the biomarker genes (B), i.e., before (A) and after (B) separation by the identified biomarkers.

Table 2. Evaluation metrics corresponding to the classification of preg-
nancy status at day 30 based on the expression of the 57 biomarker genes

Average Range
Accuracy 0.77 0.65-0.88
Kappa 0.51 0.27-0.76
Sensitivity 0.82 0.56-0.98
Specificity 0.69 0.48-0.92
Positive predictive value 0.78 0.64-0.94
Negative predictive value 0.74 0.52-0.95
Precision 0.78 0.64-0.94
Recall 0.82 0.56-0.98
F1 0.80 0.67-0.89
Prevalence 0.57 0.46-0.69
Detection rate 0.47 0.34-0.58
Detection prevalence 0.60 0.42-0.76

is an accurate reflection of gene expression elsewhere in the
uterus. A recent experiment indicates that expression of genes
by the endometrium is mostly uniform throughout the length
of the uterus early in the estrous cycle. When sampled at day
2 after ovulation, expression of 99.8% of genes examined did
not differ between endometrium collected in the uterine body,
middle uterine horn, or upper uterine horn [32].

The endometrium at day O is under hormonal control
characterized by the predominant actions of estradiol whereas
progesterone starts to be the major hormone affecting the
endometrium when the embryo is present [33]. Perhaps other
markers of fertility could be identified if endometrial tissue
was sampled later in the estrous cycle. Day 0 was chosen for
the current experiment because, in terms of practical applica-
tions, this is a stage of the estrous cycle when a female is most
likely to be accessible to a technician collecting endometrial
samples.

Most of the DEG associated with pregnancy success were
downregulated in females that became pregnant after insemi-
nation. Functional ontology analysis was indicative that many
of these genes were overrepresented in pathways associated
with immune function and inflammation. It is proposed,
therefore, that an important determinant of whether a cow
became pregnant after insemination is the status of immune
activation in the uterus, with cows with less active inflam-
mation or immune reactivity being predisposed to fertility.
Such a hypothesis is consistent with Maillo et al. [34], where
genes associated with inflammation and the immune sys-
tem were downregulated at day 3 of pregnancy in oviductal

isthmus tissue of heifers in which multiple embryos were
transferred endoscopically into the oviduct. There is also a
well-established negative association between prior incidence
of disease, of both uterine and extra-uterine origin, with cow
fertility [35]. Prior occurrence of metritis early postpartum
can have carryover actions that reduce pregnancy rate after
embryo transfer later in the postpartum period [36]. Uterine
infection is a particular problem of the postpartum cow and
especially the postpartum dairy cow [37, 38]. It is, possible,
therefore, that the markers discovered here will be less useful
for bovine females where the incidence of uterine inflamma-
tory disease is low.

In contrast to the identification of many DEG associated
with pregnancy outcomes at days 30 and 70 of pregnancy,
there were few DEG associated with pregnancy loss in preg-
nant females that occurred between days 30 and 70. Such
a result suggests that biological causes of pregnancy loss
during this period are largely independent of status of the
uterus at the time of insemination. This inference is some-
what surprising because pregnancy loss has been reported to
be higher in cows that previously experienced reproductive
tract inflammation or disease in some [39], but not all [40],
studies. Perhaps, the failure to find many DEG associated with
pregnancy loss was because uterine inflammation is not as
important a determinant of pregnancy loss as for establish-
ment of pregnancy. Also, there were fewer observations of
pregnancy loss than pregnancy rate at day 30, which could
have contributed to the lower number of DEG for the latter
trait.

An important, but unresolved, question is whether a female
that is competent to establish pregnancy after insemination
at a specific estrus is inherently fertile, or if fertility status is
inconsistent from estrous cycle to estrous cycle. This question
has relevance for the effectiveness of the markers for predict-
ing future fertility as well as present fertility. Repeatability
estimates of traits used to estimate dairy cow fertility are
low. The repeatabilities of daughter pregnancy rate, heifer
conception rate, and cow conception rate in US Holsteins are
0.13,0.12,and 0.07, respectively [41,42]. Silva et al. [43] esti-
mated that the repeatability of fertility traits like days open,
calving interval, and daughter pregnancy rate ranged from
0.06 to 0.12 in Brazilian Holstein cattle. On the other hand,
studies in which populations of bovine females were subjected
to repeated rounds of insemination or embryo transfer have
identified populations of cows that consistently become preg-
nant [44-46]. Markers which identify these females will be
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particularly valuable for use in reproductive management and
genetic selection.

In summary, this study illustrated that machine learning,
a developing artificial intelligence technology, is capable of
discovering biomarkers useful for identifying dairy cows
with high likelihood of establishing pregnancy after artificial
insemination. As the name implies, machine learning requires
constant learning to improve the accuracy of the system [9].
While a 77% accuracy in use of the biomarkers to predict
pregnancy success is promising, collection and analysis of
additional animals will improve the accuracy of prediction
and extend results to wider populations of cows besides
lactating dairy cows. An additional outcome of the study
was the finding that cytobrush sampling of the uterine
endometrium can be performed without compromising cow
fertility, at least when done at day 0 relative to insemination.
Thus, the technique can be useful for sampling endometrium
in cows that have been inseminated without risking the
pregnancy.
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