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Abstract 

The current goal of much clinical IVF research is to predict which blastocyst has the greatest 

probability of success. The criteria of such evaluation is that the test must be non-invasive, rapid and 

cost effective. One of the promising approaches is metabolomic analysis of spent blastocyst culture 

media (SBM). Techniques such as mass spectrometry yield enormous analytical data sets and Ai/ML 

analysis has to be deployed. When analysing the metabolomic profile, or any data sets, to generate 

predictive algorithms by Ai/ML software; outcome grouping have to be accurately identified. 

Furthermore, the outcome group has to be clearly inputted with precision. Often the definition of 

success for such test develop is implantation. However, the actual goal is live births, and there is a 

considerable number of loss events between implantation and live birth. Implantation itself is often 

defined as a positive pregnancy test, but this can be transient and superficial attachment, such as seen 

in biochemical pregnancy; clear and prolonged, as in blighted ovum/anembryonic pregnancy or first 

trimester miscarriage, and indeed highly elevated and progressive, as in later trimester spontaneous 

abortions. Blastocyst competence prediction Ai/ML algorithms were generated against two linked 

but distinct outcomes implantation (a positive maternal hCG test) and viable pregnancy (defined as 

heart beat and survival after 16 weeks’ gestation). The two optimum complementary Ai/ML learning 

algorithms generated overlapped in many of the biochemical marker peaks that were used in the 

performance of the algorithms. However, some were unique to the “Viability” algorithm or utilised 

different ranges of the metabolites as cut-offs in decision tree classifications. Although statistically 

there was a significant correlation, this was a non-linear regression. The combined algorithm 

interpretation system of high implantation and high viability scoring, demonstrated an 83.5% 

positive predictive value for selecting viable implanting blastocysts. Since the ultimate goal is to 

increase live birth success rates in IVF, the application of profiling of the blastocyst must consider 

features of trophoblast cell metabolic biochemistry, which largely determines implantation; and early 

metabolic markers of the inner cell mass that reflect embryo viability. 

Keywords: embryo selection; implantation; viability; IVF success; mass spectrometry; spent 

blastocyst culture media; metabolomics; Ai/ML algorithms 

 

Introduction 

Analysis of spent blastocyst culture medium (SBM), by powerful biochemical analytical 

techniques such as Mass Spectrometry, Raman Spectroscopy and NMR, provide huge opportunities 

to develop non-invasive tests for blastocyst and embryomic competency [1,2]. One promising group 
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of molecules being measured are collectively termed metabolites. These can be organic substrates, 

being taken up from the culture media and, or more specifically, organic products [3], byproducts 

and intermediaries from cellular metabolic synthesis pathways of blastocyst cells [4]. These may be 

deliberately secreted or simply leaked into the culture media [5]. As such metabolomic analysis of 

SBM presents as an orthogonal, and therefore complimentary, approach to morphological (visual) 

and even PGT-A scoring. 

The omics’ generation of techniques described can rapidly and sensitivity simultaneously 

resolve thousands of the potential metabolites found, including many not previously known or 

characterised. Furthermore, if output data from these omics technologies is coupled with artificial 

intelligence - machine learning (Ai/ML), biomarker and biomarker relationships to clinical situation 

can easily be established without first characterising the specific metabolites involved: Simply their 

detection and relative quantification as peaks on a spectra is all that is required [6,7]. 

In assisted reproductive medicine the frontier is the identification of IVF blastocysts that have 

the greatest potential to implant. Based on omics’ output spectra, multiple published reports, 

including our own, have described and claimed, Ai/ML algorithms of that can predicts which is the 

optimum IVF blastocyst to transfer [8–10]. 

However, the actual aim is to improve IVF success rates, which is live birth rates [11]. Whilst 

implantation is an important step towards that goal, there are many intermediate failures and losses: 

Implantation itself is often defined as a positive pregnancy test, but this can be transient and 

superficial attachment, such as seen in biochemical pregnancy [12]; clear and prolonged, as in 

blighted ovum/anembryonic pregnancy or first trimester miscarriage [13], and indeed highly 

elevated and progressive, as in later trimester spontaneous abortions [14]. 

Although cutting edge, the move from a research concept to a robust operational system that 

can be utilised by Clinical IVF centres, multiple technical and operational parameters need to be 

overcome and standardised. Thus, previously we described the influence of hatching on the mass 

spectral markers detected in SBM and how that altered predictive algorithms [15]. 

Here we describe how choosing the definition of outcomes and the actual biological reality of 

implantation, viability and data accuracy effects the development of practical real world applicability 

of these metabolite tests and Ai/ML algorithms. 

Material and Methods 

Prospective collection of Mass spectral data analysed between 2013 and 2021, over 12,000 SBM 

from pre-implantation data were analysed by MALDI-ToF mass spectrometry as previously 

described [8]. The mass spectral data files were stored on a secure server and subsequently matched 

to clinical meta data when transferred and outcomes known. 

The metadata included criteria such IVF Centre, chief embryologist, developmental day of 

blastocyst culture SBM sampling occurred (i.e., Day3 or Day5/6 days), hatched or non-hatched, fresh 

transfer, discarded of lyophilised for subsequent FET, Gardener score, ploidy (if tested) and outcomes 

if transferred. The outcomes were: not implanted, implanted, Biochemical Pregnancy, Blighted 

Ovum/Anembryonic pregnancy, spontaneous abortion and Ongoing pregnancy with fetal heart beat 

detected at 16plus weeks of gestation. 

Selected Model Input Data Set 

In order to build a Ai/ML algorithm strict inclusion criteria were used to select input spectra. All 

came from a single IVF centre and the same Embryologist, (The Virginia centre for Reproductive 

Medicine, Reston, Virginia, USA), were Day5 Frozen Embryo transfers (FET), hatched and all PGT-

A tested confirmed Euploid and had outcome data recorded. 

Using this training set of one hundred and twenty SBM spectra. Ai/ML algorithms build on two 

distinct out comes, implantation versus viable pregnancy at 16 weeks of gestation, defined by 

detection of a heart beat at 16 weeks of pregnancy. 
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Test and Validation Set 

The prediction algorithm generated were applied to a data set of Four hundred and forty 

individual blastocyst SBM MALDI-ToF Mass spectra, pre transfer spectra, meeting the following 

selection criteria: All came from a single IVF centre (VCRM) and the same Embryologist, were day 5, 

FET, hatched, but NOT PGT-A tested, and had outcome data recorded, and training set nieve. 

Results 

The two prediction algorithms gave probability based scores on either implantation or “Viable 

pregnancy” as the desired outcome. Although correlating they did not agree in the probability 

predictive scoring in a simple linear manner (see Figures 1 and 2). 

 

Figure 1. Plot of score values for implantation and viability when applied to the Ai/ML build data, illustrating 

non-linear regression correlation and group segregation of clinical outcomes : Green Dots - Blastocyst that 

implant AND ongoing embryo at 16 weeks plus, Yellow Dots - Blastocyst implanted but spontaneously 

aborted; Red Dots - Blastocysts that failed to implant. Dotted line arrows show cut off zone delineating positive 

fraction in a metabolic SBM testing to select blastocyst Embryo’s to transfer. 
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Figure 2. Distribution Plot of score values for implantation and viability when applied to the nieve -

test/validation data. Group segregation of clinical outcomes : Green Dots - Blastocyst that implant AND 

ongoing embryo at 16 weeks plus, Yellow Dots - Blastocyst implanted but spontaneously aborted; Red Dots - 

Blastocysts that failed to implant. Dotted line arrows show cut off Zone delineating positive fraction in a 

metabolic SBM testing to select blastocyst-embryo’s to transfer. 

Indeed, although the correlation was evident and statistically significant, the non-linear 

sigmoidal regression fit indicates a complex relationship, explainable by two overlapping but distinct 

biological metabolisms. 

Interpreting clinical utility of such a metabolic profiled test for an IVF blastocyst embryo 

selection tool, the performance of the combined algorithm was evaluated as scores in both 

“implantation” and “viability” having to be greater than 50% on both algorithms. The performance 

in the validation set closely matched that of the training set data and indicated that this single 

delineation of high probability and low probability had excellent positive predictive test utility: If the 

blastocyst SBM spectra scored greater than 50% in both algorithms there is an 83% positive predictive 

value, i.e., if such a scored blastocyst were transferred it had an 83% probability of implantation and 

a viable pregnancy (see Table 1). 
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Table 1. Meta data and performance characteristic in identifying viable implanting blastocysts. 

 
* other potential cause for failure of viable blastocysts includes Endometrial receptivity defects. 

Discussion and Clinical Interpretation 

Inherent Error and Bias in IVF Outcome Data Sets 

At first glance sample data upon which metabolic omics’ prediction algorithms are built are 

straightforward, blastocyst SBM collected and (preferably tested pre-transfer) when transferred it 

either implanted and resulted in a pregnancy or did not implant. 

However, the failure to implant is not solely down to the competence of the Blastocysts. 

Endometrial receptivity has been estimated to be responsible for IVF failures in anything from 20% 

to 2/3rds of IVF transfers. Thus, there is a significant number of False Negatives (FN) in the data 

classification being fed into Ai/ML programmes and overfitting is common consequence [16]. We 

have no way of correcting such errors of classification, yet Ai/ML relies on the accuracy of such 

classifications. This error has to be allowed for and an estimate of confidence in the data has to be 

allowed for when supervising the Ai/ML generation of algorithms. We are undercounting what is 

classified as True Oositives (TP), over counting True Negatives (TN). Thus the False positive (FP) and 

False Negatives (FN) are always going to be estimates. As such the calculation of accuracy (TP + 

TN/TP+TN+FP+FN) in any blastocyst selection test is going to be an unreliable statistic. 

Given these errors, to achieve an algorithm accuracy score of 70 to 80% is the best logically 

expected, based on input misclassification; and therefore any system claiming 90% and over accuracy 

in prediction of blastocyst competence is highly likely to have over fitted the data [17,18]. 

Here, supervising the Ai/ML programme and limiting the branching levels of decision tree 

algorithms we mitigated the worst extremes of overfitting. Moving toward a “margin of error” 

compensation for the input data. Hence prediction probability output’s values of the SBM being from 

an implanting competent blastocyst never fell below 15% or exceeded 80%. 

However, this is not the only reproductive physiological consideration concerning biological 

outcomes to take into account during the design and creation of a clinically useful IVF Blastocyst 

evaluation test. 

The Biological Metabolic Signature of Implantation versus Viability 

A further important nuance was discovered in our studies on metabolic markers of blastocyst 

competence, that is the more subtle difference between implantation and viable implantation. This is 

reflective of the metabolic switching of the two respective cell types that makeup the implanting 

blastocyst and true embryo which develops (see Figure 3): The trophoblast cells are responsible for 

attachment and endometrial stromal invasion characteristic of human blastocyst implantation. Whilst 

activation of the inner cell mass is responsible for embryo viability i.e., formation of the embryo itself 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 August 2025 doi:10.20944/preprints202508.1774.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.1774.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 7 

 

and all its differentiated tissues. As such the metabolic signatures of the two tissues, although linked 

are not likely to be identical. Thus “viability” will have an overlapping but unique metabolic profile 

to that of implantation alone. 

 

Figure 3. Micrograph of a 5day blastocyst illustrating two tissue types with two different functional metabolic 

profiles: Peripheral Trophoblast – primarily implantation related, and Inner cell mass (ICM)- primarily embryo 

viability metabolism. 

In this work 35 metabolite biomarkers were being factored in the Ai/ML algorithms. However, 

only 19 were common to both implantation and viability algorithms. 

This is consistent with there being two linked, but biologically distinct, cell type metabolisms 

found at this stage of embryology, and hence the non-linear sigmoidal regressions and correlations 

(Figure 1 and 2). 

Nevertheless, despite the confounding factors of misclassification of competent blastocyst failing 

due to endometrial receptivity and the overlapping but different metabolic signature of implantation 

versus viability (Trophoblast and ICM) tissue metabolism; metabolic prediction scoring of SBM did 

separate viable-implanting blastocysts from predominantly non-implanting blastocysts. 

Clinically, a simple cutoff (scoring 50% or above on both algorithms) gave a segregation of high 

potential for success (83% Positive Predictive value) from low potential for success based on SBM 

metabolic profiling. 
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