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Capsule: A biomarker signature for a novel endometrial disruption independent of 

endometrial luteal phase timing accurately identifies IVF patients with poor 

endometrial prognosis and a >3-fold increased risk of endometrial failure.  
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ABSTRACT 

Objective: To propose a new gene expression signature that identifies endometrial 

disruptions independent of endometrial luteal phase timing and predicts if patients are 

at risk of endometrial failure. 

Design: Multicentric, prospective study. 

Setting:  Reproductive medicine research department in a public hospital affiliated 

with private fertility clinics and a reproductive genetics laboratory. 

Patient(s): Caucasian women (n=281; 39.4±4.8 years old with a BMI of 22.9±3.5 

kg/m2) undergoing hormone replacement therapy between July 2018 and July 2021. 

Endometrial samples from 217 patients met RNA quality criteria for signature 

discovery and analysis. 

Intervention(s): Endometrial biopsies collected in the mid-secretory phase. 

Main Outcome Measure(s): Endometrial luteal phase timing-corrected expression of 

404 genes and reproductive outcomes of the first single embryo transfer (SET) 

following biopsy collection to identify prognostic biomarkers of endometrial failure.  

Result(s): Removal of endometrial timing variation from gene expression data allowed 

patients to be stratified into poor (n=137) or good (n=49) endometrial prognosis groups 

based on their clinical and transcriptomic profiles. Significant differences were found 

between endometrial prognosis groups in terms of reproductive rates: pregnancy 

(44.6% vs. 79.6%, p-value=3.8E-5), live birth (25.6% vs. 77.6%, p-value=5E-10), 

clinical miscarriage (22.2% vs. 2.6%, p-value=0.0066), and biochemical miscarriage 

(20.4% vs. 0%, p-value=0.0023). The relative risk of endometrial failure for patients 

predicted as a poor endometrial prognosis was 3.3-times higher than those with a 

good prognosis. The differences in gene expression between both profiles were 

proposed as a biomarker, coined the Endometrial Failure Risk (EFR) signature. Poor 
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prognosis profiles were characterized by 59 up-regulated and 63 down-regulated 

genes mainly involved in regulation (17.0%), metabolism (8.4%), immune response 

and inflammation (7.8%). This EFR signature had a median accuracy of 0.92 

(min=0.88, max=0.94), median sensitivity of 0.96 (min=0.91, max=0.98), and median 

specificity of 0.84 (min=0.77, max=0.88), positioning itself as a promising biomarker 

for endometrial evaluation.   

Conclusion(s): The EFR signature revealed a novel endometrial disruption, 

independent of endometrial luteal phase timing, present in 73.7% of patients. This EFR 

signature stratified patients into two significantly distinct and clinically relevant 

prognosis profiles providing opportunities for personalized therapy. Nevertheless, 

further validations are needed prior to implementing this gene signature as an artificial 

intelligence (AI)-based tool to reduce the risk of patients experiencing endometrial 

failure. 

 

Key words (10/10): endometrial prognosis, artificial intelligence, machine learning, 

endometrial timing, precision medicine, patient stratification, endometrial-factor 

infertility, gene expression signature, endometrial transcriptomics, window of 

implantation displacement. 
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INTRODUCTION 

 

A key factor for reproductive success in assisted reproduction treatments (ARTs) is 

the status of the maternal endometrium during embryo implantation and fetal 

development. The endometrial cycle is reflected by the cyclic structural and functional 

changes of the endometrium across the menstrual cycle, and particularly during the 

mid-secretory phase, to prepare for the “window of implantation” (WOI) (1–5). 

Following successful embryo implantation, the decidua (specialized layer of the 

endometrium) actively encapsulates the trophectoderm to support placentation and 

provide adequate vascularization for optimal fetal growth (6). Thus, approaches that 

predict and prevent endometrial-factor infertility could substantially improve ART 

outcomes by supporting the establishment and maintenance of pregnancy (7,8).  

 

There is a lack of consensus in the minimum number of implantation failures with good-

quality embryos derived from ovum donation or with confirmed euploid karyotypes 

required to diagnose recurrent implantation failure (RIF) (9,10). The disparities in 

clinical classification and heterogeneous etiology of RIF confounds its diagnosis and 

leaves the exact prevalence unclear (9–14). As clinical symptoms cannot be prevented 

and do not provide sufficient criteria to stratify patients, patients might be misclassified 

and receive inefficient treatment. Indeed, most studies using clinical criteria for RIF 

identified no or few differentially expressed genes between samples of affected 

patients (15,16), reflecting the molecular heterogeneity of RIF.  

 

To overcome these healthcare challenges, high-throughput molecular technologies 

are combined with artificial intelligence (AI) algorithms to provide a deeper 
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understanding of infertility-related pathogenesis (7,17–21). These molecular insights 

are then applied in genomics-driven precision medicine approaches to characterize 

complex diseases, and ultimately, improve patient diagnosis and prognosis (22). 

Employing genomics in reproductive medicine has the potential to go beyond treating 

the clinical manifestations of disease progression (23), by leveraging the patients’ 

heterogeneous molecular profiles for precise stratification and revealing new targets 

for preventive measures (24–26). 

 

In this regard, current diagnostic tools for endometrial-factor infertility use 

transcriptomics to date the endometrial biopsy in the mid-secretory phase, exceeding 

the accuracy and objectivity of traditional endometrial progression staging by Noyes’ 

histological criteria (1,7,17,19,20). However, the clinical utility of synchronizing the 

endometrium by adjusting the timing of progesterone administration based on the 

patient’s transcriptomic endometrial dating profile remains controversial (27–34). 

Independent randomized clinical trials found no improvement in reproductive 

outcomes (34), indicating the inefficacy of this clinical intervention and highlighting the 

need for alternative treatments and/or a refined target patient population that benefits 

from this strategy. 

 

Combining these precision medicine approaches with transcriptomics and AI 

algorithms; our group recently proposed a novel molecular taxonomy of RIF and a new 

clinical algorithm for endometrial-factor infertility that considered two molecular causes 

of implantation failure: a WOI displacement that indicates a dysregulated endometrial 

timing; and a WOI disruption that indicates an endometrial alteration independent of 

endometrial timing (18). Transcriptomic analysis revealed these two WOI phenotypes 
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were presented exclusively or simultaneously and patients with RIF had significantly 

more WOI disruptions but similar frequency of WOI displacements, compared to 

controls (18). These findings suggested WOI disruptions had stronger associations to 

implantation failure than WOI displacements and shifted the paradigm for the study 

and treatment of endometrial-factor infertility (18). In addition, this work by Sebastian-

Leon et al. highlighted the importance of removing the transcriptomic variation due to 

cyclical endometrial tissue changes (i.e., the effect of endometrial timing) that, if not 

corrected, could mask the significant disruptions in endometrial gene expression 

(15,16). However, given this hypothesis-driven research was conducted 

retrospectively and in silico with publicly available data, the reproductive outcomes of 

the cycle following the biopsy collection were not available (15). This clinical follow-up 

is required to discover biomarkers for WOI disruption in patients with a higher risk of 

endometrial failure. 

 

Based on these genomics-driven precision medicine strategies, this proof-of-concept 

study aimed to discover a biomarker panel that could identify endometrial disruption, 

independent of endometrial timing, to predict, and ultimately prevent, poor 

reproductive outcomes in in vitro fertilization (IVF) patients. 

 

MATERIAL AND METHODS 

Ethics statement 

This study was approved by the Ethics Committee of the Instituto Valenciano de 

Infertilidad, Valencia, Spain (1810-FIVI-066-PD/1810-FIVI-048-PD). Written informed 

consent was obtained from all recruited patients (n=281). 
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Participants, collection of endometrial biopsies and reproductive outcomes 

This prospective, multicentric study was conducted between July 2018 and July 2021 

at five private fertility clinics in Spain. Participants (n=281) were scheduled for 

endometrial evaluation due to medical indications or ≥2 implantation failures of 

idiopathic origin. All patients met the following inclusion criteria: 18-50 years old, with 

a body mass index (BMI) of 19-30 kg/m2, undergoing hormone replacement therapy 

for SET, presenting an endometrial thickness >6.5 mm with trilaminar structure in 

proliferative phase before progesterone administration, and serum levels of estradiol 

(E2) >100 pg/mL and progesterone (P4) <1 ng/mL on the tenth day of estrogen 

treatment (17). Endometrial biopsies were collected following an average of 114.5 ± 

7.2 h of progesterone (duration ranged from 82 to 172 h), and processed as we 

previously described (17). 

 

Baseline patient characteristics including age, BMI, the number of IVF attempts, the 

quality of the embryo transferred (defined in the Supplemental Methods), and 

reproductive outcomes (i.e., pregnancy, live birth, biochemical and clinical 

miscarriage) for each attempt, were obtained from internal medical records. 

Information about IVF attempts in other fertility clinics was included if recorded (only 

in 47.7% of patients). 

 

Study design 

First, a custom RNA-seq gene panel [the Endometrial Failure Risk (EFR) panel] 

comprising 404 biomarkers of endometrial luteal phase timing and/or potential 

disruption was designed and employed to determine the risk of endometrial failure 

among 217 IVF patients (Supplemental Figure 1.1). The endometrial timing-corrected 
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expression of the EFR panel was used to study the differential expression associated 

to endometrial disruption together with clinical characteristics of IVF patients to stratify 

the population as having poor or good endometrial prognoses, according to a semi-

supervised learning process (Supplemental Figure 1.2). The distinct transcriptomic 

patterns of each prognosis group were associated to the differences in reproductive 

outcomes of SET following biopsy collection, and the differentially expressed gene 

signature was proposed as biomarker of endometrial disruption (Supplemental Figure 

1.3). Finally, the gene expression signature was used to supervise machine learning 

algorithms to evaluate the biomarker capacity of this signature to distinguish 

endometrial competence. The predictive performance of the models was assessed 

through the accuracy, sensibility, and specificity over 100 iterations of five-fold 

stratified cross-validation (Supplemental Figure 1.4). 

 

Constructing the Endometrial Failure Risk (EFR) gene panel 

Supplemental Figure 2 illustrates the workflow for the EFR panel gene selection. A 

whole-transcriptome endometrial dataset (GSE58144, n=115) retrieved from Gene 

Expression Omnibus (GEO) (35) was processed to correct the endometrial 

progression effect, using linear models in limma (version 3.46.0) (36), and unmask 

genes related to endometrial disruption (16). These genes were ranked according to 

an informativity score (CorrelationAttributeEval) in Weka (version 3.8.2, 2017-12-22) 

(37) to evaluate their worth by measuring their correlation with endometrial pathology. 

Gene sets with increasing gene signature size were developed by adding the most 

informative genes in a stepwise manner, and their predictive performance was 

analyzed using Support Vector Machine (SVM) (38) and Random Forest (RF) (39) 

algorithms. After calculating predictive performance with a stratified 5-fold cross-
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validation (default parameters; 80:20; 100 iterations) using the Weka R package (40), 

optimal signature size was determined for each algorithm, as the one with the fewest 

genes and highest accuracy. Finally, genes we previously prioritized for transcriptomic 

endometrial dating (17) were also included in the EFR panel to be able to remove the 

endometrial luteal phase timing variation. 

 

Endometrial biopsy processing, sequencing and transcriptomic preprocessing 

Total RNA was extracted, and only samples that met our quality criteria were 

sequenced using the TruSeq Targeted RNA Illumina protocol and our custom EFR 

panel, in the Illumina NextSeq 550 platform with a paired-end design of 150 cycles 

and 4M reads/sample, as previously described (17). Raw transcriptomic data was 

processed and normalized using limma, to filter low-quality raw counts (Q<30) and 

low-read samples (<2M) (17). Possible batch effects were detected using principal 

components analysis (PCA) and corrected with linear models in limma. Finally, 

endometrial luteal phase timing effects were detected using our TED model (17) (see 

Supplemental Methods) and removed using limma. 

 

EFR biomarker signature identification 

A preliminary classification of patients was based on the patients’ history of 

reproductive outcomes and transcriptomic patterns corrected for endometrial luteal 

phase timing. This approach eliminated the gene expression variation related to the 

cyclic tissue changes that mask endometrial disruption (16,18), and was used prior to 

applying semi-supervised machine learning based on self-labelled techniques (see 

Supplemental Methods) (41).  

 

Jo
urn

al 
Pre-

pro
of



 13 

Once, the genomic-driven disease taxonomy was established, the differentially 

expressed genes obtained between the final good and poor prognosis groups were 

proposed as the EFR biomarker signature. The limma R package was used to identify 

the statistically significant differentially expressed genes [false discovery rate (FDR)-

adjusted p-value<0.05]. 

 

Functional characterization of the EFR signature 

The biomarker signature genes were annotated for functional interpretation databases 

by consulting Kyoto Encyclopaedia of Genes and Genomes (KEGG) human pathways 

(42) (release 99.0, 2021-08-01) and Gene Ontology (GO; version 2021-07-02; 

employing only experimental annotations) (43). Functional terms were manually 

summarized into categories according to their description in the database and 

presented as a bar plot using ggplot2 (44). 

 

EFR signature capability as biomarker of endometrial disruption 

To estimate the prediction capability of the EFR signature to distinguish poor and good 

endometrial prognosis profiles, we implemented predictive models based on SVM 

algorithm. Using a stratified 5-fold cross-validation process (repeated 100 times), the 

accuracy, sensitivity, and specificity were estimated. The range of values obtained 

across the 100 iterations were presented as a boxplot using ggplot2. 

 

Statistical analysis 

Rates for reproductive outcomes [i.e., pregnancy rate (PR), cumulative pregnancy rate 

(CPR), live birth rate (LBR), biochemical miscarriage rate (BMR), and clinical 

miscarriage rate (CMR)] were calculated as defined in the Supplemental Methods. 
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Descriptive statistics were used for transcriptomic and clinical characteristics of 

patients to compare prognosis or WOI displacement groups. Continuous variables 

were presented as an overall mean ± standard deviation while discrete variables were 

presented as counts and percentages. Groups were compared using Wilcoxon rank-

sum test for continuous variables and Fisher’s exact test for discrete variables. All 

statistical analyses were conducted in R. All graphical results were generated with 

ggplot2. 

 

Gene expression validation by RT-qPCR 

Quantitative real-time polymerase chain reaction (RT-qPCR) was performed to 

validate the expression of the top four differentially expressed genes between patients 

with poor (n=10) and good (n=10) endometrial prognoses. RNA (200-220 ng) was 

reverse transcribed into cDNA using the PrimeScript Reagent Kit (Perfect Real Time, 

Takara, Japan) on a Thermocycler T3000 (Biometra, Ireland). RT-qPCR was 

performed on a StepOnePlus Real-Time PCR System (Applied Biosystems, USA) 

using Power-Up SYBR Green (Thermo Fisher Scientific, USA) and standard 

conditions. Supplemental Table 1 lists the specific primers (Invitrogen, Thermo Fisher 

Scientific) used. Universal human RNA (Agilent, Spain) and water were respectively 

included as positive and negative controls. Each sample was analyzed in duplicate 

and relative gene expression (normalized to beta actin) was calculated using the ΔΔCt 

method (50). 

 

RESULTS 

Preliminary sequencing with the 404-gene EFR panel 

The EFR panel evaluated 404 genes: 139 that predict endometrial disruption and 310 
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that serve as biomarkers of endometrial dating or timing. Notably, 45 genes 

overlapped in these two endometrial factors. 

 

Of the 281 endometrial samples collected, we excluded 56 samples for having low-

quality or insufficient RNA; six samples containing a low number of sequencing reads 

(Supplemental Figure 3A); and two samples that had low gene expression after 

normalization (Supplemental Figure 3B). Thus, 217 patients were considered in the 

downstream analysis. After correcting batch effects from sequencing runs 

(Supplemental Figure 3C) and removing the transcriptomic variation due to 

endometrial cyclic changes (endometrial luteal phase timing; Supplemental Figure 

3D), there were no other confounding technical or clinical factors (Supplemental Figure 

4). 

 

A genomic-driven endometrial taxonomy for patient stratification based on a 

novel endometrial disruption independent of endometrial timing  

Fourty-four patients were initially categorized as acute RIF (aRIF) based on the 

inability to carry a pregnancy to term following 3 to 9 SETs. Alternatively, 40 patients 

were categorized as acute Fertile (aFertile) because they reached full-term pregnancy 

at the first SET after biopsy. Notably, following this clinical acute criteria, 133 (61.3%) 

patients remained unclassified for having insufficient attempts (Supplemental Figure 

5A) and no transcriptomic differences were found between the aRIF and aFertile 

groups (the lowest FDR was 0.3027). Incorporation of transcriptomic data with this 

initial acute clinical classification allowed us to stratify patients with poor (n=137, 

63.1%) or good (n=49, 22.6%) endometrial prognoses; leaving only 31 samples 
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(14.3%) unclassified due to the lack of recognition by the algorithms (Supplemental 

Figure 5B).  

 

EFR biomarker signature identification and functional characterization  

122 genes were identified as significantly different (30.2% of all panel genes, 

FDR<0.05) between patients with good and poor endometrial prognoses, including 63 

down-regulated and 59 up-regulated in patients with poor endometrial prognosis 

(Table 1 and Figure 1A), and proposed as the EFR biomarker signature. 

Transcriptomically, endometrial biopsies clustered by prognosis (Figure 1B) and the 

signature genes had functions that were mainly related to regulation (17%); 

metabolism (8.4%), the immune system and inflammation (7.8%); protein processes 

(7.3%), signalling (6.9%), transport (6.1%), the cell cycle, proliferation and 

differentiation (5.3%) (Figure 1C and Supplemental Table 2). The poor prognosis 

profile was distinguished by a down-regulation of 27/39 (69.2%) functional groups. We 

highlight the functions with higher proportions of down-regulated genes as 

steroidogenesis and steroid signalling (77.8%), hormone-related (80.0%), the nervous 

system (81.3%), gametogenesis and reproduction (85.7%), oxidative stress and 

response to O2 (88.9%), as well as cell action potential and polarization (100%) (Figure 

1D). Few functional groups, including cell migration, extracellular matrix and glucose 

homeostasis contained a larger proportion of up-regulated genes (60.9%, 62.5% and 

62.5% up-regulated genes, respectively; Figure 1D). 

 

Differences in clinical reproductive outcomes authenticated the EFR signature’s 

clinical relevance  
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There were no significant differences in the age or BMI of patients predicted to have 

good/poor endometrial prognosis (all p>0.05). Women predicted to have poor 

endometrial prognosis previously underwent significantly more SETs than those with 

good endometrial prognosis (2.8 vs. 1.6; p<0.0001), however, there were no 

significant differences in embryo quality (p=0.4679) between groups (Supplemental 

Table 3). The lack of differences in the proportion of out-of-phase endometria (57% in 

poor vs. 47% in good, p=0.25) between good and poor prognosis groups 

(Supplemental Table 3) distinguished this signature from established endometrial 

luteal phase timing phenotypes (displaced or on-time). Therefore, the significant 

differences (p<0.0001) between the reproductive outcomes of women predicted to 

have poor and good endometrial prognoses validated the clinical relevance of our 

transcriptomic signature. Specifically, poor endometrial prognosis was associated with 

a 34.5% decline in PR (p=3.8E-05), a 52% reduction in LBR (p=5E-10), a 19.6% rise 

in CMR (p=0.0066), and 20.4% increase in BMR (p=0.0023) (Figure 2A). Further, 

patients with a poor endometrial prognosis only achieved a CPR of 42.3% after the 

ninth SET, while patients with a good prognosis had an 83.7% CPR at the fifth attempt 

(Figure 2B). 

 

The relative risk of implantation failure or miscarriage in women predicted to have poor 

endometrial prognosis was respectively 2.7 and 11.5 compared to women with good 

endometrial prognosis. However, when failures in implantation or ongoing pregnancy 

were considered together, the relative risk of endometrial failure (not achieving a live 

birth in the next SET) for patients with poor endometrial prognosis was 3.3. 

 

EFR signature biomarker’s predictive capability 
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The 186 samples labelled with poor (n=137) or good (n=49) endometrial prognoses 

were used to evaluate the signature’s predictive performance. The 122 differentially 

expressed genes between poor/good endometrial prognoses proposed as the EFR 

biomarker signature were employed to train the model. Cross-validation yielded a 

median accuracy of 0.92 (min=0.88, max=0.94), sensitivity of 0.96 (min=0.91, 

max=0.98), and specificity of 0.84 (min=0.77, max=0.88) (Figure 2C). Notably, 

163/186 (87.6%) samples were classified correctly in almost 90% of all cross-

validation models, while 151/186 (81.2%) samples were well-classified correctly in 

100% of the iterations. Twelve and eleven samples were misclassified consistently, in 

<50% or 50–90% of models, respectively (Figure 2D). 

 

Clinical algorithm results after evaluating both WOI factors. 

Next, we grouped samples according to both potential causes of implantation failure, 

endometrial luteal phase timing (displaced or on-time) and endometrial disruption 

(good or poor prognosis) and compared the patients’ reproductive outcomes. There 

were no significant differences between the patients with displaced and on-time WOI 

in terms of BMI (p=0.8740), average number of SETs (p=0.0879), and embryo quality 

(p=1). However, patients with a displaced WOI were significantly older (40.4 vs. 38.3 

years old; p=0.0044) (Supplemental Table 4). Once patients were stratified by 

prognosis (endometrial disruption), the proportion of patients with poor prognosis was 

similar (p=0.2458) between displaced and on-time groups.  

 

Experimental validation of genes related to the EFR signature 

The expression of the top four differentially expressed genes in the poor prognosis 

group was validated by RT-qPCR. Progestagen-associated endometrial protein 
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(PAEP) and G-coupled protein receptor 110 (GPR110), which were found up-

regulated by RNA-seq, were significantly overexpressed in the poor prognosis group, 

compared to good prognosis group [FC=6.157 (p=0.0288) and FC=11.803 

(p=0.0350), respectively; Supplemental Figures 6A-B]. Meanwhile, the expression of 

fibrinogen beta chain (FGB) and solute carrier 16 member 6 (SLC16A6), which were 

found down-regulated by RNA-seq, did not reach a statistically significant difference 

[FC=1.582 (p=0.2475) and FC=2.311 (p=0.4376), respectively; Supplemental Figures 

6C-D]. 

 

DISCUSSION 

Advances in the diagnosis and treatment of RIF have been limited by its elusive 

etiology, the discrepancies in clinical classification (mainly due to the lack of 

consensus over the minimum number of pregnancy attempts) (9,10), and the 

heterogeneous molecular profiles of affected patients (15). Based on current clinical 

practice, patients with RIF may be misclassified and/or receive inefficient treatment 

(9,10). Thus, the aim of this study was to propose a novel gene expression signature 

that could identify endometrial disruptions independent of endometrial luteal phase 

timing. Using a semi-supervised learning artificial intelligence strategy together with 

the endometrial gene expression obtained from our custom EFR panel, we stratified 

patients according to poor or good endometrial prognoses and demonstrated how this 

signature reliably predicted gene expression patterns that corresponded with 

significant differences in PR, LBR, CMR and BMR. When considering both WOI 

factors (disruption and timing) in our study cohort, poor endometrial prognoses 

(disruption) affected 73.7% of patients, whereas WOI displacements only affected 

54.3%; 41.9% of patients presented a displaced WOI and were predicted to have a 
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poor endometrial prognosis, while only 12.4% of patients presented with a displaced 

WOI and were predicted to have a good endometrial prognosis. These results offer a 

possible explanation as to why other studies reported there was no clinical benefit of 

personalizing embryo transfers based on transcriptomic dating of the endometrium 

(34). According to our clinical algorithm, only patients with a displaced WOI and a good 

endometrial prognosis (12.4% of our cohort) would be better off with this approach. 

Patients with poor endometrial prognosis (73.7% of our cohort) would have suboptimal 

reproductive outcomes even though their WOI was on-time. This highlights an unmet 

healthcare need for IVF patients with endometrial disruptions (18) and underscores 

the importance of additional prospective studies to further characterize patients based 

on these two molecular causes for trying tailored treatments.  

 

Contemplating endometrial luteal phase timing together with a prevalent disruption or 

poor endometrial prognosis shifts the paradigm in studies about the endometrium. Our 

innovative methodology based on transcriptomics and AI models led us to develop 

new endometrial biomarker taxonomies related to endometrial luteal phase timing 

and/or endometrial disruption (16,18). There were 30 genes overlapping between the 

previously published TED signature (17) and the EFR signature presented herein, 

emphasizing their correlation despite the lower fold change of biomarkers for 

endometrial disruption versus endometrial timing (16). 

 

AI algorithms offer powerful approaches for patient stratification, by combining high-

throughput molecular data and clinical variables (45). Clinical translation of these 

approaches will require careful supervision of how the machine learning is initially 

trained (46). However, semi-supervised learning methodology implementing accurate 
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clinical diagnostic criteria and patient-specific genomic data to establish relevant 

molecular taxonomies will be indispensable for advancing precision medicine (23) 

especially within the context of endometrial-factor infertility. Predictive biomarkers can 

stratify patients with endometrial failure even if the number of their attempts were 

insufficient to meet clinical RIF classification criteria (41). To our knowledge, this is the 

first study to apply semi-supervised learning to the endometrium, conferring an 

advantage over previous models that were only trained with clinical classifications and 

did not leverage the underlying molecular heterogeneity of the condition (15). The lack 

of gene expression differences between RIF and control patients with our initial clinical 

classification reinforced findings from Macklon´s group and the molecular 

heterogeneity among RIF patients (15,16). 

 

The EFR signature comprised 122 genes, including 44 genes newly associated to an 

endometrial gene expression signature and a single common gene with Koot’s pioneer 

endometrial timing-independent signature for endometrial pathology (15). Here, we 

only considered biopsies collected in the endometrial mid-secretory phase, when 

patients had received progesterone for 82 to 172 h. Although this signature is 

independent of endometrial luteal phase timing, further studies are required to confirm 

if the signature is detectable in other phases of the endometrial cycle. PAEP is well 

characterized in endometrial tissue and was the most up-regulated gene (FC=3.18) in 

the poor endometrial prognosis profile. However, the levels we observed were 10-fold 

lower compared to previous studies where changes in endometrial timing were 

considered (19,47). Alternatively, FGB, related to the plasma membrane and vesicle 

transport by secretory granules, was the most down-regulated gene. This gene 

accumulated polymorphisms that hinder production of fibrinogen and its associated 
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anti-inflammatory activity (48)  and was recently related to the dysregulated pathways 

in RIF (49). FOXP1, the most predictive gene, is a transcription factor mediated by 

estrogen that has established functions in regulation, leukocyte differentiation, and 

response to lipids and chemokines. This gene is associated to breast (50) and 

endometrial cancer (51), and endometriosis-related fibrosis (52), but was never 

included in an endometrial gene signature until now. With FOXP1 and the FOX 

transcription factor family being associated with regulation of the menstrual cycle and 

implantation (53–56), this evidence reinforces our prior study (57) and affirms that 

alterations in endometrial regulation are an underlying cause of endometrial failure. 

 

Our clinical algorithm considers the two WOI factors, endometrial timing and 

disruption, to stratify IVF patients based on four possible phenotypes: displaced/on-

time and poor/good prognosis. This model is promising for preventive and precision 

medicine in endometrial-factor infertility, as it combines the robust prediction 

parameters of the TED model (17) and the EFR biomarker signature’s predictive 

capability reported herein. In contrast to other transcriptomic-based endometrial dating 

tools (17,19,58–60), our bioinformatic methodology removes the molecular variation 

associated to the cyclic menstrual changes, providing deeper insights for identifying a 

new kind of disruption independent of endometrial luteal phase timing by the EFR 

signature. Further, the EFR biomarker signature was developed based on 

reproductive outcomes and effectively classifies patients predicted to have positive or 

negative reproductive outcomes in the first SET following biopsy collection. All these 

facts, point out to a more potential clinical utility than existing tools that only predict the 

window of implantation without showing significant differences in reproductive 

outcomes as have been reported (27–34) and we have shown in our findings. While 
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our strategy appears promising, the classification presented herein needs further 

refinement prior to clinical implementation. Larger sample sizes and validation in 

independent samples are required to ensure model generalization (61). Healthcare 

professionals will need to be adequately trained to ensure technical reproducibility. 

Longitudinal assessments including several menstrual cycles in the same patient are 

recommended to confirm inter-cycle reproducibility and to gain a comprehensive 

understanding of the reliability of the EFR panel. Additional studies should assess the 

relationship between a poor endometrial prognosis and the presence of benign 

disorders that potentially compromise endometrial function and/or embryo 

implantation (62). 

 

Inspired by the MammaPrint risk signature for breast cancer (63,64), the EFR 

signature could become a next-generation tool used to classify patients based on 

endometrial prognosis, to predict reproductive outcomes prior to undergoing IVF, 

potentially experiencing RIF and/or losing valuable embryos. While treatments for 

patients with poor endometrial prognosis remain to be determined, clinically identifying 

these patients is the first step towards improving their care. 
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FIGURE & TABLE LEGENDS 

Figure 1. Transcriptomic and functional characterization of the endometrial failure risk 

(EFR) signature. (A) Volcano plot showing the 122 EFR signature genes. Red and blue dots 

were used to differentiate EFR genes that were significantly up-regulated or down-regulated 

in poor prognosis samples, respectively, while grey dots represented genes (n=282) whose 

expression was not significantly different (FDR>0.05) between poor and good prognoses 

groups and were not included in EFR signature. (B) Principal component analysis highlighting 

the transcriptomic behaviour of endometrial samples from patients predicted to have poor 

(orange) or good (green) endometrial prognosis based on genes included in EFR signature. 

Notably, the transcriptomic variance explained by the first and second principal components 

(PC1 and PC2, respectively) reached 23.1%. (C) Pie chart depicting the overall proportion of 

EFR signature genes included in each functional category. (D) The EFR signature genes were 

classified into 39 functional groups. Red and blue bars were used to differentiate genes that 

were significantly up-regulated or down-regulated in poor prognosis samples, respectively. 

Figure created with BioRender.com. 
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Figure 2. Clinical meaning and prediction capability of the EFR signature.  (A) Clinical 

outcomes of the single embryo transfer following biopsy collection. Rates for pregnancy, live 

birth, clinical and biochemical miscarriage were calculated as described in the Supplemental 

Methods. Statistical differences were evaluated using Fisher’s exact test. (B) Comparison of 

cumulative pregnancy rates. Notably, many patients predicted to have a good endometrial 

prognosis achieved pregnancy with a single transfer (63.3%) and reached the maximum 

number of pregnancies (83.7%) at the fifth transfer, while patients predicted to have poor 

endometrial prognosis were only able to achieve a cumulative pregnancy rate of 42.3% at the 

ninth transfer. (C) Boxplots for the EFR signature prediction parameters (sensitivity, 

specificity, and accuracy) calculated over 100 iterations of 5-fold stratified cross-

validation. (D) Histogram showing the proportion of patients that were successfully classified 

during the aforementioned cross-validation procedure. Figure created with BioRender.com. 

 

Figure 3. Evaluation of reproductive outcomes following single embryo transfer (SET) 

based on the two WOI factors. Patients were initially classified according to transcriptomic 

endometrial dating by TED (28) (A), as per current clinical practice. This approach 

distinguishes between patients whose window of implantation (WOI) was considered 

displaced or on time. These groups were then stratified according to their endometrial 

disruption (B), as determined by our semi-supervised stratification. In all cases, the 

reproductive outcomes of the first SET after biopsy collection were compared using Fisher´s 

exact test. (NS) = No significant differences; *p<0.05; **p<0.01; ***p<0.001. Figure created 

with BioRender.com. 

 

Table 1. Endometrial Failure Risk (EFR) Signature´s genes. Complete list of the 122 genes 

included in the endometrial failure risk (EFR) signature. Gene name and ID, Fold change (FC) 

related to poor prognosis and adjusted p-value by false discovery rate (FDR) are indicated.  
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Supplemental Figure 1. Study design. (1) The 404-gene Endometrial Failure Risk (EFR) 

panel comprising genes related to endometrial dating and/or recurrent implantation failure 

(RIF) was employed for custom RNA-sequencing in 217 patients that met quality criteria. The 

transcriptomic profiles obtained with the EFR panel were corrected for the effect endometrial 

luteal phase timing using the TED model. (2) Patients were broadly classified according to an 

acute clinical classification (aRIF or aFertile) based on how many IVF attempts it took to 

achieve a full-term pregnancy and a semi-supervised learning procedure was then used to 

predict whether these patients had a poor or good endometrial prognosis based on their 

transcriptomic profile. Reproductive outcomes were compared between the two prognosis 

groups. (3) Differentially expressed genes between the prognosis groups were established as 

the EFR biomarker signature. (4) The prognostic EFR signature was cross-validated (5-fold, 

100 times) to evaluate the predictive performance and capability to reliably distinguish 

between prognosis groups. Figure created with BioRender.com. 

 

Supplemental Figure 2. In silico gene selection procedure for Endometrial Failure Risk 

(EFR) panel. The EFR panel was compiled from two different sources. The GSE58144 whole-

transcriptome dataset from GEO was preprocessed according to the artificial intelligence (AI)-

based taxonomy described in Sebastian-Leon et al., 2018. Endometrial progression was 

corrected following guidelines for biomarker discovery in the endometrium (16). This data was 

them employed for an in silico pathological gene discovery (28). Then, a transcriptomic 

endometrial dating (TED) signature (28) was added to the EFR panel to correct for endometrial 

displacement bias. Figure created with BioRender.com. 

 

Supplemental Figure 3. Endometrial Failure Risk (EFR) dataset preprocessing. (A) 

Number of sequencing reads per sample. Colors indicate the nine different sequencing runs. 

Samples with fewer than 2 million reads were considered low-quality samples and were 

excluded from subsequent analysis (n=6, indicated with vertical black arrows). (B) Distribution 

of Voom and quantiles-normalized expression data pointed two samples with anomalous 
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behavior (indicated with black vertical arrows) that were excluded from further analysis. 

Principal components analyses highlighted batch effects related to the (C) sequencing run and 

(D) endometrial displacement classified by TED model. Linear models were used to correct 

each effect. PC1: First principal component. PC2: Second principal component. Figure 

created with BioRender.com. 

 

Supplemental Figure 4. Evaluation of possible batch effects related to clinical and 

experimental variables. Principal components analysis (PCA) plots for endometrial 

transcriptomic data. Data were color coded according to: (A) patient age (years) at the time of 

biopsy collection; (B) body mass index (BMI) at the time of biopsy [where normal indicates a 

BMI of <25 kg/m2, overweight indicates a BMI of 25-30 kg/m2, and obese indicates a BMI of 

>30 kg/m2]; (C) the clinic where the biopsy was collected; (D) RNA extraction batch; (E) RNA 

integrity number (RIN); (F) Percentage of RNA fragments >200 nucleotides (DV200). PC1: 

First principal component. PC2: Second principal component. Figure created with 

BioRender.com. 

 

 

Supplemental Figure 5. Patient stratification process for good and poor prognosis. (A) 

Initial acute clinical classification of patients was based on the number of single embryo 

transfers the patients underwent in total n, and whether or not they achieved a full-term 

pregnancy. In total, 44 patients were classified as acute RIF (aRIF; orange) because they did 

not achieve full-term pregnancy following ≥3 attempts; 40 patients were classified as acute 

fertile (aFertile; green) because they achieved a full-term pregnancy at the first attempt; and 

133 patients (61%) remained unclassified (grey) for falling between these criteria. (B) Our 

semi-supervised artificial intelligence approach integrating clinical variables and endometrial 

transcriptomic data redistributed patients (shown by the dotted arrows) into poor (n=137; 

orange) or good (n=49; green) endometrial prognosis groups, leaving only 14% of patients 

unclassified (grey). Figure created with BioRender.com. 
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Supplemental Figure 6. RT-qPCR validation. The top four differentially expressed genes 

between patients predicted to have poor and good endometrial prognosis were selected for 

RT-qPCR validation. Bar plots show the relative mRNA expression of (A) PAEP, (B) GPR110, 

(C) SLC16A6, and (D) FGB in poor (n=10) and good (n=10) prognosis groups. *p<0.05. 

 

Supplemental Figure 7. Variability due to endometrial dating effect correction. In a first 

step, the endometrial timing effect was constrained by taking biopsies only in mid-secretory 

phase. In a second step, the remaining endometrial variability was identified by classifying 

them into four secretory-phases profiles and was corrected for the WOI displacement effect.  

 

Supplemental Table 1. Specific primers used for RT-qPCR. The sequence of the 

four primer pairs used to determine endometrial PAEP, GPR110, FGB and SLC16A6 

gene expression by qRT-PCR are shown. qRT-PCR: quantitative real-time 

polymerase chain reaction. 

 

Supplemental Table 2: Functional characterization of the 122-gene EFR signature 

associated with poor endometrial prognosis. Term name is the functional name assigned 

in Gene Ontology or KEGG databases. *Functional groups were manually grouped under 39 

umbrella functions, numbered as follows: Inmune system & inflamation = 1; Regulation = 2; 

Cell cycle, proliferation & differenciation = 3; Apoptosis = 4; Binding = 5; Adhesion = 6; 

Metabolism = 7; Nucleic Acids processes = 8; Lipid metabolism & signaling = 9; Proteins 

processes = 10; Steroidogenesis & Steroid signaling = 11; Nervous system = 12; Cellular 

membrane = 13; Golgi & ER = 14; Organelles & Vesicles = 15; Catalytic activity = 16; 

Extracellular matrix = 17; Necroptosis = 18; Signaling = 19; Transport (secretion, 

endo/exocytosis) = 20; Hormones = 21; Cell migration = 22; Oxidoreductase = 23; 

Development, growth & morphogenesis = 24; Cytoskeleton & microtubules = 25; Epigenetics 
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& Gene expression = 26; Glucose homeostasis = 27; Protein degradation = 28; Cell 

projections & cillia = 29; Muscle contraction/relaxation = 30; Vitamins = 31; Cell senescence 

& longevity = 32; Ion exchange & homeostasis = 33; Gametogenesis & reproduction = 34; 

Oxidative stress & response to O2 = 35; Cell action potential & polarization = 36; 

Cardiovascular, coagulation & blood pressure = 37; Phosphorylation = 38; Other = 0. 

 

Supplemental Table 3. Patient demographics and baseline reproductive characteristics. 

Continuous variables are presented as mean (standard deviation) and discrete variables were 

presented as the number of patients and proportion of the total (%). BMI = body mass index; 

SET = single embryo transfer; Displaced = Out-of-phase endometrium; On time= In-phase 

endometrium. HEQ = High embryo quality; UEQ = Uncertain embryo quality. ***p<0.001. 

Endometrial dating according to TED model (See Supplemental Methods). 

 

Supplemental Table 4. Patient demographics, baseline reproductive characteristics and 

endometrial prognosis by endometrial dating. Continuous variables were presented as 

mean (standard deviation) and discrete variables were represented as the number of patients 

and proportion of the total. BMI = body mass index; Displaced= out-of-phase endometrium; 

On time= in-phase endometrium; SET = single embryo transfer; HEQ = High embryo quality; 

UEQ = Uncertain embryo quality. **p<0.01; ***p<0.001. Endometrial dating according to TED 

model (See Supplemental Methods). 
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Table 1. Endometrial Failure Risk (EFR) Signature´s genes. Complete list of the 122 

genes included in the endometrial failure risk (EFR) signature. Gene name and ID, Fold 

change (FC) related to poor prognosis and adjusted p-value by false discovery rate 

(FDR) are indicated.  

Gene ID Gene Name FC FDR 

PAEP Progestagen Associated Endometrial Protein 3.1873 9.12E-07 

GPR110 Adhesion G Protein-Coupled Receptor F1 2.3304 3.68E-05 

CHST1 Carbohydrate Sulfotransferase 1 2.0292 0.0004 

POSTN Periostin 1.8936 0.0009 

BCL2L10 BCL2 Like 10 1.8549 0.0001 

TSPAN8 Tetraspanin 8 1.8098 0.0179 

CYP3A5 Cytochrome P450 Family 3 Subfamily A Member 5 1.7966 0.0092 

SFRP4 Secreted Frizzled Related Protein 4 1.7778 1.23E-06 

BAI2 Adhesion G Protein-Coupled Receptor B2 1.7138 0.0018 

ITGA8 Integrin Subunit Alpha 8 1.7033 0.0005 

PMEPA1 
Prostate Transmembrane Protein, Androgen 

Induced 1 
1.7026 3.35E-07 

CLU Clusterin 1.6771 3.68E-05 

MUC16 Mucin 16, Cell Surface Associated 1.6288 0.0001 

MYH7B Myosin Heavy Chain 7B 1.6034 0.0116 

SCGB2A2 Secretoglobin Family 2A Member 2 1.5859 0.0326 

STC1 Stannioclacin 1 1.5800 0.0033 

FOXP1 Forkhead Box P1 1.5332 3.94E-13 

C10orf10 DEPP1 Autophagy Regulator 1.5093 0.0004 

LRRC17 Leucine Rich Repeat Containing 17 1.5020 0.0001 

SERTAD4 SERTA Domain Containing 4 1.4805 7.63E-07 

COL16A1 Collagen Type XVI Alpha 1 Chain 1.4786 0.0024 

C1orf133 SERTAD4 Antisense RNA 1 1.4381 0.0065 

MAPK8IP3 
Mitogen-Activated Protein Kinase 8 Interacting 

Protein 3 
1.4275 0.0003 

ABCC3 ATP Binding Cassette Subfamily C Member 3 1.4181 0.0124 

MFAP5 Microfibril Associated Protein 5 1.4030 0.0033 

MFAP2 Microfibril Associated Protein 2 1.3990 0.0005 

GPX3 Glutathione Peroxidase 3 1.3960 0.0198 

EDN3 Endothelin 3 1.3627 0.0053 

SORCS1 
Sortilin Related VPS10 Domain Containing 

Receptor 1 
1.3563 0.0322 

DUSP2 Dual Specificity Phosphatase 2 1.3545 0.0264 
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SLPI Secretory Leukocyte Peptidase Inhibitor 1.3463 0.0197 

BICD1 BICD Cargo Adaptor 1 1.3427 1.99E-05 

CRABP2 Cellular Retinoic Acid Binding Protein 2 1.3395 0.0040 

ARID5B AT-Rich Interaction Domain 5B 1.3247 1.31E-05 

EVC EvC Ciliary Complex Subunit 1 1.3157 0.0011 

C2CD4B C2 Calcium Dependent Domain Containing 4B 1.3091 0.0109 

ANO1 Anoctamin 1 1.3014 0.0053 

CLDN4 Claudin 4 1.2867 0.0216 

IGF2 Insulin Like Growth Factor 2 1.2854 0.0134 

SYNE2 
Spectrin Repeat Containing Nuclear Envelope 

Protein 2 
1.2756 5.71E-06 

VAV3 Vav Guanine Nucleotide Exchange Factor 3 1.2644 0.0286 

ITGA9 Integrin Subunit Alpha 9 1.2562 0.0084 

OBFC2A Nucleic Acid Binding Protein 1 1.2266 0.0032 

WEE1 WEE1 G2 Checkpoint Kinase 1.2190 6.54E-06 

RAB40B RAB40B, Member RAS Oncogene Family 1.2100 0.0042 

BCL6 BCL6 Transcription Repressor 1.1891 0.0084 

ID4 Inhibitor Of DNA Binding 4, HLH Protein 1.1878 0.0156 

CD55 CD55 Molecule (Cromer Blood Group) 1.1806 0.0493 

LETM2 
Leucine Zipper And EF-Hand Containing 

Transmembrane Protein 2 
1.1754 0.0179 

CYBRD1 Cytochrome B Reductase 1 1.1647 0.0116 

LIMK2 LIM Domain Kinase 2 1.1614 0.0022 

C14orf45 Basal Body Orientation Factor 1 1.1526 0.0053 

C16orf70 Phagosome Assembly Factor 1 1.1514 0.0022 

FOSL2 FOS Like 2, AP-1 Transcription Factor Subunit 1.1412 0.0193 

SCAMP1 Secretory Carrier Membrane Protein 1 1.1296 0.0264 

CTDSP2 CTD Small Phosphatase 2 1.1099 0.0166 

RNF19A 
Ring Finger Protein 19A, RBR E3 Ubiquitin Protein 

Ligase 
1.1058 0.0250 

HMGN3 
High Mobility Group Nucleosomal Binding Domain 

3 
1.0988 0.0286 

ACTN1 Actinin Alpha 1 1.0983 0.0322 

ENY2 
ENY2 Transcription And Export Complex 2 

Subunit 
-1.0932 0.0466 

PSMB10 Proteasome 20S Subunit Beta 10 -1.1231 0.0053 

ARHGDIA Rho GDP Dissociation Inhibitor Alpha -1.1245 0.0433 

PRPF4 Pre-MRNA Processing Factor 4 -1.1397 0.0348 
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COPG1 COPI Coat Complex Subunit Gamma 1 -1.1433 0.0006 

RACGAP1 Rac GTPase Activating Protein 1 -1.1496 0.0042 

PNP Purine Nucleoside Phosphorylase -1.1519 0.0143 

STEAP4 STEAP4 Metalloreductase -1.1550 0.0270 

BDH1 3-Hydroxybutyrate Dehydrogenase 1 -1.1744 0.0030 

ECI2 Enoyl-CoA Delta Isomerase 2 -1.1862 0.0178 

ANK3 Ankyrin 3 -1.2084 0.0433 

IL15 Interleukin 15 -1.2233 0.0198 

GSN Gelsolin -1.2241 0.0076 

GLIPR1 GLI Pathogenesis Related 1 -1.2251 0.0166 

CBR3 Carbonyl Reductase 3 -1.2252 0.0124 

ATP6V0E2 ATPase H+ Transporting V0 Subunit E2 -1.2304 0.0082 

DYNLT3 Dynein Light Chain Tctex-Type 3 -1.2323 0.0199 

S100A4 S100 Calcium Binding Protein A4 -1.2478 0.0041 

BUB1B 
BUB1 Mitotic Checkpoint Serine/Threonine Kinase 

B 
-1.2482 0.0451 

IDH1 Isocitrate Dehydrogenase (NADP(+)) 1 -1.2488 0.0124 

PLA2G16 Phospholipase A And Acyltransferase 3 -1.2498 0.0124 

EPHB3 EPH Receptor B3 -1.2530 0.0396 

OAZ3 Ornithine Decarboxylase Antizyme 3 -1.2581 0.0013 

PYCR1 Pyrroline-5-Carboxylate Reductase 1 -1.2597 0.0007 

FAM155B NALCN Channel Auxiliary Factor 2 -1.2618 0.0116 

ECHS1 Enoyl-CoA Hydratase, Short Chain 1 -1.2621 3.68E-05 

CSRP2 Cysteine And Glycine Rich Protein 2 -1.2647 0.0023 

TLR4 Toll Like Receptor 4 -1.2716 0.0065 

CTSW Cathepsin W -1.2764 0.0322 

CEP55 Centrosomal Protein 55 -1.3021 0.0264 

BARD1 BRCA1 Associated RING Domain 1 -1.3064 0.0014 

PLA2G4A Phospholipase A2 Group IVA -1.3101 0.0008 

ATP1B1 ATPase Na+/K+ Transporting Subunit Beta 1 -1.3202 0.0113 

FOXO1 Forkhead Box O1 -1.3330 0.0018 

BIRC3 Baculoviral IAP Repeat Containing 3 -1.3496 0.0007 

CRISP3 Cysteine Rich Secretory Protein 3 -1.3498 0.0397 

LMCD1 LIM And Cysteine Rich Domains 1 -1.3627 0.0012 

PSMB8 Proteasome 20S Subunit Beta 8 -1.3783 3.68E-05 

CD81 CD81 Molecule -1.3888 0.0104 
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ALDH1A3 Aldehyde Dehydrogenase 1 Family Member A3 -1.3891 0.0007 

SQLE Squalene Epoxidase -1.3905 0.0001 

KMO Kynurenine 3-Monooxygenase -1.4107 0.0434 

RPRM 
Reprimo, TP53 Dependent G2 Arrest Mediator 

Homolog 
-1.4121 0.0061 

SPP1 Secreted Phosphoprotein 1 -1.4130 0.0242 

ANGPTL1 Angiopoietin Like 1 -1.4381 0.0017 

HPRT1 Hypoxanthine Phosphoribosyltransferase 1 -1.4394 1.43E-05 

ATP6V1A ATPase H+ Transporting V1 Subunit A -1.4484 0.0040 

CDK1 Cyclin Dependent Kinase 1 -1.4651 0.0084 

ENPEP Glutamyl Aminopeptidase -1.4704 0.0441 

TH Tyrosine Hydroxylase -1.5149 0.0113 

G0S2 G0/G1 Switch 2 -1.5183 0.0226 

PROS1 Protein S -1.5297 0.0025 

STAR Steroidogenic Acute Regulatory Protein -1.5342 0.0005 

DKK1 Dickkopf WNT Signaling Pathway Inhibitor 1 -1.5425 0.0005 

BANK1 B Cell Scaffold Protein With Ankyrin Repeats 1 -1.5553 0.0005 

KCNJ2 
Potassium Inwardly Rectifying Channel Subfamily 

J Member 2 
-1.6602 0.0119 

SLC7A2 Solute Carrier Family 7 Member 2 -1.6919 0.0038 

PROK1 Prokineticin 1 -1.7218 0.0106 

OLFM4 Olfactomedin 4 -1.7759 0.0458 

IFNG Interferon Gamma -1.9666 0.0033 

CXCL13 C-X-C Motif Chemokine Ligand 13 -2.0690 0.0001 

SLC16A6 Solute Carrier Family 16 Member 6 -2.2113 9.12E-07 

FGB Fibrinogen Beta Chain -2.3652 0.0108 
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