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Worldwide, infertility is a rising problem. A couple's lifestyle, age and environmental exposures can interfere with reproductive health. The scientific field tries to understand the various processes how male and female factors may affect fertility, but translation to the clinic is limited. I here emphasize potential reasons for failure in optimal treatment planning and especially why current prediction modelling falls short. First, Assisted Reproductive Technology (ART) has become a mainstream solution for couples experiencing infertility, while potential causes of infertility remain unexplored or undetermined. For instance, the role of men is generally left out of preconceptional testing and care. Second, regularly used statistical or computational methods to estimate pregnancy outcomes miss important biological and environmental factors, including features from the male side (e.g., age, smoking, obesity status, alcohol use and occupation), as well as genetic and epigenetic characteristics. I suggest using an integrated approach of biostatistics and machine learning methods to improve diagnostics and prediction modelling in the fertility clinic. The novelty of this concept includes the use of empirically collected information on the sperm epigenome combined with readily available data from medical records from both partners and lifestyle factors. As the reproductive field needs well-designed models at different levels, derivatives are needed. The objectives of patients, clinicians, and embryologists differ slightly, and mathematical models need to be adapted accordingly. A multidisciplinary approach where patients are seen by both, clinicians and biomedically skilled counsellors, could help provide evidence-based assistance to improve pregnancy success. Next, when it concerns factors that may change the ability to produce optimal embryos in ART, the embryologist would benefit from a personalized prediction model, including medical history of the patient as well as genetic and epigenetic data from easily accessible germ cells, such as sperm.
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Introduction

According to an estimate by the World Health Organisation (WHO), fifteen percent of reproductive-aged couples worldwide are affected by infertility (1). The contribution of the male partner is not negligible. Depending on the geographical region, estimated infertility due to men ranges from 20% (in Sub-Saharan Africa) to 70% (in the Middle East). Rates of male factor involvement in Western regions lays in between these two extremes, in Europe this rate is 50% (2). Moreover, after excluding hormonal disorders, anatomical or functional problems (such as varicocele), sexual problems, chromosomal abnormalities or genetic diseases, it has been reported that 70% of male infertility remains unexplained (3). Assisted Reproductive Technology (ART) is one way to overcome this issue. ART is frequently used, but it is certainly not the ultimate solution for all. Since its introduction in 1978 (4), more than 10 million people have been born through this technique worldwide (5). But, as the world population is estimated to drop with 50% before the end of this century (6), ART seems to become only a drop in the ocean. At its current (success) rate it will not solve the burden of rapid decrease in world population growth. The reason for this is diverse. First, limited countries offer public funding for fertility treatment. Hence, this treatment is not affordable for all economic classes of the society. Next, even in wealthy countries, not all couples suffering from infertility attend the clinic and drop-out rates after a first consult are 50%. Reasons for withdrawal are emotional distress and a seemingly poor prognosis (7). Considering clinical studies, it takes 3 ART cycles to reach a success rate of 50% (8–11). Not all patients undergo three cycles. Consequently, fertility treatment provides help for far less than 50% of couples suffering from infertility and most of these couples remain childless (10, 12, 13). In other words, ART treatment, fertility health care and current prevention measures (if applied) have reached their limits. Ideally, fertility care should encompass prevention, diagnosis and treatment of infertility. The current work provides a brief overview of the (economic) burden and highlights some missed opportunities to combine scientific knowledge, epidemiology, mathematical modelling methodologies and clinical care. On-going efforts in other clinical areas where Artificial Intelligence (AI)-based tools have been implemented already will be discussed and new insights will be added to improve quality of patient care in centres for reproductive medicine.



Epidemiology of male infertility and the price of ART: are we overselling ART treatment in its current form?

A recent report estimated that the total costs for one cycle with a fresh embryo leading to a live birth varied between 4,108 and 12,314 euro, depending on the country. New birth means new future taxpayers and hopefully fewer impact of the growing ageing population (14). Although we do not believe that fertility treatment will solve the general decline of the human population, it may have some advantages economically, in most countries. However, from a treatment perspective, a failure that exceeds 50% is tremendous. Next to the psychological distress couples encounter before and during treatment, fertility treatment is a financial ruin, for patient and government. Would the same failure rate still be acceptable in other clinical domains, such as in effectiveness of new vaccines or in development of new therapeutic drugs? Additional financial consequences -not always included in estimates of ART cost- are related to the procedure itself, such as ovarian hyperstimulation syndrome, premature delivery, absence from work, and doctors' visits related to psychological distress, especially if ART fails (15–17). While cost-effectiveness of fertility treatment is not the aim of this work, it would be worth to estimate also beneficial effects of infertility prevention. If governments put more resources on prevention in young men and women, invest in research on better clinical modelling techniques supporting diagnosis and treatment, and in screening programs of susceptible subpopulations, the financial investments for fertility treatment could be reduced.

Scientists all over the world demand for more action from governments, through funding and focussed research opportunities (18–20). There is a general agreement about a fundamental research gap in reproductive health. Compared to other clinical fields, research and funding opportunities to prevent or treat infertility has fallen behind. This may be due to other priorities, such as research on cancer, obesity-related disorders, and the emergence of COVID-19 in 2020. Although studies on these diseases are of high importance, the burden of infertility is well-established and expected to grow exponentially in the coming decades. Notably, subfertility is associated with other health related issues, including metabolic diseases, cancer, and early mortality (21). Hence, evaluation of male fertility could serve as a prognostic biomarker of future disease risk, suggesting that a comprehensive approach would benefit multiple aspects of the patient's health. Furthermore, long-term health effects of ART in offspring are still a concern not completely elucidated (22). Studies comparing outcomes of ART use vs. spontaneous conception show differences in preterm birth rates and weight for gestational age on the short term, and a higher risk for cardiovascular diseases on the long-term in people born after ART (5). Other problems overlooked are psychiatric disorders. While ART tries to overcome age-related issues in couples, it has been shown through multiple studies that older fathers have a higher risk to father a child with a psychiatric disorder (23).



Female age as a major prognostic factor in current ART prediction modelling

Because of a high financial burden and the observation that cumulative live-birth delivery rates decrease dramatically by female age (10), some countries impose age limits for females and a maximum number of cycles (24). While female age is generally accepted as a predominant prognostic factor, women of same age have different pregnancy outcomes. Several studies have tried to improve prediction modelling in ART and especially to ameliorate its outcome. As such, we also followed this female-only approach and searched for a wider set of prognostic maternal factors, including ovulation problems, gonadotrophin dose, transport problems, pituitary inhibition, and implantation problems. We performed a prognostic Random Forest modelling algorithm on 8,000 in vitro fertilization (IVF) cycles and concluded that this was still not sufficient to yield good prediction performance for pregnancy outcomes (25). More recent studies also including female data and several supervised machine learning algorithms provide promising perspectives (26–28). While this indicates that the field is eagerly searching for an optimal tool to predict live birth before ART, the list of predictors remains relatively short and incomplete. Male characteristics and lifestyle factors of both partners are not considered in these novel mathematical models. Preconceptional data is generally limited to the age of the female partner. Next, these studies remain rather exploratory, as they include data from only one centre or geographical area. Finally, current clinical studies do not consider genetic inheritance of familial disorders or parental epigenetic profiles. In brief, these models cannot be used in decision making before the start of ART. They cannot adequately support clinicians in advising their patients whether it is worth starting treatment. We believe that prediction accuracy could be significantly increased if the number of selected features becomes higher -but well-thought- and based on scientific knowledge.



A silent impact of men on a couple's pregnancy success

Increasing evidence support an underestimated effect from men on fertility success, in clinic and in the general population. Below we summarize factors with proven impact on pregnancy success. These determinants of sub- or infertility include intrinsic and extrinsic preconceptional exposures. If their roles on the sperm epigenome and semen quality are better understood prediction in clinic would become more accurate. Next, implementation of AI-based methodologies would help tackle the amount of information collected before or during treatment.


The role of male age on infertility

While age of women is currently a major focus in ART decision-making, there is also a tendency that men delay fatherhood. In the US, paternal age at first child rose from 27.4 to 30.9 years, between 1972 and 2015 (29). It is known that advanced paternal age affects pregnancy success (30), and increases the risk for neuropsychiatric disorders in offspring; reviewed in Pediatric Research (23). Examples include a prospective study in 782 healthy couples (not attending the fertility clinic) where, regardless of the woman's age, men above the age of 30 had a significant reduction in the chance to father a child. More dramatic effects were seen in a subgroup of patients attending the fertility clinic (30). Our most recent research in an IVF setting suggests that male age interferes with embryo growth (31). Embryos grew slower with increasing age of the father, while no effect was seen by maternal age. Similar age-related effects have been shown in mice by other research groups. Older males produced fewer offspring and in vitro experiments showed adverse effects on blastocyst development and pregnancy success if males were older than 12 months (32). However, male age is currently not part of predictive models that are in regular use in ART.



The effects of quality of sperm and embryo characteristics on pregnancy success

It is well known that the second most important factor affecting ART success is quality of oocyte, semen sample and embryo. However, also here most research is still female-oriented. Female age, egg productivity and embryo quality are major areas of attention in clinic. Besides IVF, incorporating techniques such as intracytoplasmic sperm injection (ICSI) are often used to by-pass issues of poor semen quality, but overall success rates remain disappointing (33, 34). Over the last decades multiple attempts have been performed to ameliorate predictions on ART outcomes through semen analyses before fertilization, but progress has been stagnated. Besides standard semen analyses, literature suggests to additionally assess sperm fragmentation assays after gradient centrifugation or swim-up. However, there is still no consensus about the optimal standard test method. For instance, the following methods are being used, but clearly defined guidelines and thresholds are missing: alkaline comet assay (detecting DNA strand breaks), terminal deoxynucleotidyl transferase-mediated dUTP-biotin nick end labelling (TUNEL) test (detecting DNA fragmentation), sperm chromatin structure assay (SCSA) or sperm chromatin dispersion test (SCD) (35). After six editions of a WHO-supported manual explaining how semen parameters of a normal man should be (36), experts agree that “the current procedure of semen examination does not guarantee better prognosis, nor can it sufficiently predict success of embryo implantation and progress of a healthy full-term pregnancy”. These were the concluding words at a recent International Webinar meeting of the European Academy of Andrology (EAA) (37).

Another important issue in ART is lack of evidence-based embryo grading methods. Embryo selection before implantation is generally based on a visual observation of morphologic characteristics by an embryologist. Although this method has been widely adopted for many years, recent studies have developed algorithms and computational models to improve this ranking system (38). However, these prediction models are often time-consuming and not always feasible, as they need expensive and elaborate imaging techniques (e.g., time-lapse imaging) (39). Most reports do not take into account variability of the patient population or preconceptional layers of exposures, sample sizes are limited (40), and validation tests on a large scale are missing (41). Numerous attempts have been performed to design the best-performing mathematical model to obtain successful pregnancy outcomes, and even the latest approaches including female allocation criteria to predict prognosis of “life birth”, are not satisfactory (42). More precisely, well-known Templeton and Nelson IVF-prediction models (43), and a latest adaptation of the Van Loendersloot prognostic model, do not answer all questions of patients and clinicians at different time points during treatment (44). In a review by Simopoulou et al., the authors conclude with the following discouraging note: “It is unrealistic to expect that any of these models could successfully become a tool in the hands of embryologists or physicians” (43). The field clearly needs a novel and scientifically supported approach. AI tools combined with a well-designed preprocessing of biological data may offer better prognostics (see our proposal below).



The role of preconceptional obesity in future fathers on fertility

Potential risk factors from the preconceptional environment are currently not included in treatment trajectories. In some situations -such as if the mother is experiencing problems related to obesity- she is advised to improve her lifestyle before initiating ART. Although, this is not a general rule. Overall, patients in the fertility clinic are not better informed about influences from lifestyle factors on fertility, than the general population (45). This is certainly a missed opportunity in some clinics. Considering the effects of obesity, male infertility is most likely one of the underestimated “sequelae” of men living with obesity. For instance, through extensive systematic reviews, including a total of over 115,000 men, it has been shown that high BMI is associated with an increase in incidence of abnormal sperm count and a reduction in sperm motility (46, 47). Obese men are more likely to experience infertility (OR = 1.66, 95% CI: 1.53–1.79) and their rate of live birth per cycle of ART is significantly lower compared to men with a normal BMI (OR = 0.65, 95% CI: 0.44–0.97). Furthermore, obese men have a 10% absolute risk increase of pregnancy non-viability (47). An interesting observation is a co-occurring increase of obesity and infertility in certain regions of the world. For instance, prevalence of male obesity in Saudi Arabia increased from 18.5% in 1997 to 30.8% in 2016 (48). At the same time, the male factor contribution to infertility in the Middle East has become extremely high, 60%–70% (2). This is in line with our observation in a Flemish population of infertile men, recruited in a pilot IVF study between 2014 and 2017. We observed that 19.4% of men attending the fertility clinic was obese; while in the same period, only 8.5% of same age men was obese in the general population in Flanders (p < 0.001) (31). These results point to a possible influence of male obesity on a couple's fecundity. We believe this is even the case when semen parameters are clinically normal, as ICSI patients were excluded in our study.

Notably, clinical studies show that paternal weight not only lead to a decrease in fertility rate, but also it may also affect embryo kinetics (49). Other preconceptional conditions, such as tobacco smoking, alcohol or drug use, and occupational or environmental pollutants have also been suggested to harm embryo growth (50). These are factors not always questioned in clinic but discussed here below.



Influences of smoking behaviour on male fertility

Evidence exists that smoking increases failure rates of ART. A German study in about 300 couples documented that odds ratios of IVF and ICSI failures for male smokers vs. non-smokers are 2.65 (95% CI: 1.33–5.30) and 2.95 (95% CI: 1.32–6.59), respectively (51). Results from a meta-analysis shows a significant association between cigarette smoking and reduced sperm quality, even if smoking behaviour was moderate (52). Next to conventional semen parameters, the sperm epigenome can also become affected by tobacco use. Jenkins et al. showed that DNA methylation patterns were different in sperm from smokers vs. non-smokers (53). This suggests that the germ cell epigenome is susceptible to toxins from cigarette smoking. As will be explained further, epigenetic “signatures” can persist through fertilization and influence embryo development and offspring health. In this context, two independent historical studies showed a link between paternal smoking and increased risk for obesity (54) and asthma in offspring (55). Other studies suggested that smoking of the father may also contribute to non-familial sporadic heritable retinoblastoma (56). However, more research is needed to confirm these results. Although long-term health outcomes in offspring are not the main scope of this review, potential disadvantages of paternal smoking before conception on next generation's health are noteworthy in the context of public health and prevention of diseases.

Interestingly, speculations based on biological recovery -and a “reset” of the sperm epigenome- such as from other harmful exposures to the ovary and germ cells (e.g., after chemotherapy) postulate that smoking cessation for a period of 3–6 months would be beneficial for a successful ART treatment (57). According to Vanegas et al., smoking cessation in future mothers -but also in future fathers- could reduce the probability of failing ART, particularly in favour of increased live birth rates (58). It has been suggested that in case men are unable to quit smoking, supplementation of antioxidants may be useful because smoking provokes a state of oxidative stress in the testes. However, these kinds of interventions have not sufficiently been tested yet and should be verified.



A view on the effects of environmental chemicals and occupational exposures on male reproductive health

The general population is exposed to air pollution and environmental chemicals on a daily basis, such as endocrine disruptors (EDCs) found in personal care products (59), plastics or food packaging (60), and the surrounding environment (61). EDCs are known to disrupt the endocrine and metabolic homeostasis in the body, but other potential consequences include decreased reproductive function (60, 62, 63), neurodevelopmental delays in children (64), and increased risk of diabetes (65), or other chronic disorders via transgenerational inheritance of these exposures (66). A worrisome observation is the fact that exposure to EDCs has increased more than ten-fold over a period of ten years (61). Considering findings from animal experiments, showing that environmental chemicals can have short and long-term effects on reproductive health and next generations (67), the ubiquitous presence of chemicals may well tip the epigenetic balance and (re)program an individual for developing chronic conditions later in life, including infertility. Next to animal testing, there is a growing field of toxicology modelling, including the development of Adverse Outcome Pathways (AOPs). This framework provides a way to better understand biological responses and molecular effects from a specific chemical exposure. It is based on results from in vitro and in silico tests; but, the role of the epigenome has been understudied. Additionally, AOPs often misses information from longitudinal human studies and a potential link with infertility in human. We believe it is possible to integrate knowledge from these different fields -toxicology and AOP development, epigenetics and epidemiology- and create a novel comprehensive technology, which the fertility clinic urgently needs. For instance, before ART takes place, a short, structured survey or screening about earlier exposures could help to better understand the environment—sperm epigenome interaction and its impact on reproductive health. Especially in specific situations, such as through industrial pollution, specific lifestyle, nutritional conditions and/or a man's occupation. The latter may be an important unexplored reason for sub- or infertility, but still not in question when it comes to preconceptional care in couples. If these data are added in electronic health records, they could easily be added in prediction modelling when a couple seeks for treatment or undergo ART procedures. If not already implemented through a national or regional health care program, patients would benefit from an additional consultation provided by a counsellor skilled in biomedical sciences. In some cases, it may be advisable that men limit specific exposures at work or in their daily life (during a period of at least 3 months) before they conceive a child. Current policies at work are designed to protect future mothers and their child, but men remain out of scope.




The sperm epigenome: a new diagnostic tool to better understand infertility and to predict pregnancy outcomes?

Despite the exponential growth in the field of machine learning, a recent call for more clinical studies testing predictive models demonstrates the need for improvement in multiple clinical areas (68). We believe that new insights in pre-conceptional male influences, and the role of sperm epigenetics in infertility would considerably help inform clinicians and patients in the fertility clinic. Changes in epigenetic patterns do not involve the genetic code, but include cellular mechanisms such as DNA methylation, histone modification, and expression of ncRNAs (non-coding RNAs). Changes in the epigenome play an important role in gene expression. For instance, dysregulation of DNA methylation (hypermethylation or hypomethylation) may contribute to infertility. The use of the sperm epigenome as a diagnostic tool in the fertility clinic has already been suggested (69, 70), but its implementation and especially the understanding of changing patterns in the epigenome over time -or in specific patients- is still in its infancy. We assume this is due to the many challenges this research involves. First, human infertility is a complex disorder and difficult to replicate in animal models (71). While experiments in laboratory animals have their limitations, studies in cattle support evidence that sperm transcriptome and methylome profiles may be useful in fertility assessment (72, 73). Second, in human studies, collecting exposure data in a prospective way is time consuming and a comprehensive approach is missing. The few studies exploring genome-wide epigenetic marks in human sperm to explore a link with infertility were based on cross-sectional designs and confounding factors were not considered (74). Moreover, case-control studies where infertile men were compared with fertile sperm donors did not match for age, or controls were selected within a specific clinical setting (75). Third, most infertility-related studies only focused on a small, predefined set of (imprinted) genes, such as IGF2, H19, SNRPN or MEST (76–78). Finally, to our knowledge only a few research groups assessed genome-wide methylation patterns in sperm related to male infertility, but results are not consistent (74, 75, 79, 80). In the meantime, commercial epigenetic tests in sperm have been brought on the market and may be promising (81). While this field is still evolving and novel epigenetic biomarkers related to infertility are being discovered (82), progress has also been made regarding the origin of epigenetic aberrancies in sperm cells and (potentially) associated male infertility. For instance, a limited number of independent genome-wide studies show that sperm DNA methylation is sensitive to ageing (83–88), obesity (89–91), smoking (53), the use of cannabis (92), and earlier neoadjuvant treatment (93). Men experience a wide range of (mixtures of) exposures throughout life, including age or lifestyle-related influences, intake of medication, exposure to occupational harmful substances and compounds of environmental pollutants (94, 95). We believe that identification of a well-defined set of epimutations as an intermediate link between specific exposures or “cocktails” of exposures and infertility, better knowledge about the attributed effects, and integration of these into mathematical modelling may facilitate prediction of pregnancy success. In this context, we earlier introduced a paradigm called “Paternal Origins of Health and Disease” or POHaD to stress the need for more research on the role of the father in (in)fertility and offspring health (90).



Integration of epigenetic biomarkers, preconceptional and clinical information in novel mathematical modelling in the fertility clinic

Bringing different areas of research together, including epigenetics, epidemiology and innovative mathematical technologies would benefit the fertility clinic and its patients. Suggestions to apply epigenetic data in advanced machine learning analysis in similar medical fields sound promising (96). However, inclusion of epigenetic and preconceptional male features remains a rare and uncommon practice. If epigenetics is applied, areas of application include classification of diseases such as prostate cancer, metastatic brain tumours, breast cancer, neurodevelopmental syndromes, and coronary heart disease. Most studies used supervised machine learning methods, and the two most popular (and successful) methods tested were support vector machine (SVM) and random forest (97). Noticeably, a recent study tested a deep learning approach in several cancer types. Starting from expression patterns of 720 genes known to mediate epigenetic processes (“epifactors”) and a limited set of patient profiles, Cheng et al. used a Cox-nnet artificial neural network (ANN) framework to predicted patient outcomes, including a prognostic index (equivalent to hazard ratios) (98). Another recent effort to predict progression of Alzheimer's disease was designed by Chen et al. (99). Also here, a deep neural network-based model was able to outperform conventional machine learning approaches.

In the area of reproductive health, Tournaye et al. proposed in 2017 the creation of novel diagnostic algorithms with a stronger emphasis on genetics. However to our knowledge, their concept has not been further developed thus far (100). We believe that a combined approach would be highly effective. For instance, inclusion of a theoretical model—a traditional regression-based biostatistical model or the use of multiscale models- in feature selection for ML modelling would leverage current treatment strategies. This synergism may also offer a better prediction performance and decrease the computational power needed (101, 102). We here propose to fill the gap by carefully assessing and evaluating novel models in the fertility clinic (illustrated in Figure 1). Such models need a specific approach considering challenges and needs inherent to ART and its patients. For instance, ART records may include some complexity; hence, currently used off-the-shelf machine learning (ML) methods will not suffice to answer questions in this couple-oriented setting. To provide a personalized prognosis (e.g., taking into account male and female preconceptional data), new methods are needed to handle complicated datasets with various data types, including categorical, ordinal, numerical, time-to-event, missing data, etc., and to approach clustering of the data (e.g., multiple embryos per patient, parity, multiple cycles at different time points, fresh or thawed cycles, etc.). Next, regardless of the format and complexity of the available large data sets in clinic, incorporation of knowledge on biological processes or interactions is mostly based on literature, animal experiments and often few human data (e.g., from small sample sizes, but with high-dimensional information). A current challenge is selection of the most relevant variables needed to predict the outcome of interest accurately, especially when including epigenetic datasets. We suggest performing pre-processing procedures through classical statistical analysis on experimentally available data and/or publicly available data on methylome, transcriptome, or proteome (depending on the outcome of interest). After identification of a set of specific biomarkers, integration of such epigenetic markers in ML analysis would be highly informative to advise patients at specific important timepoints. First, before the start of treatment (or at any point during treatment) these theory-driven ML models could help to decide on the best treatment strategy. Second, these models could provide an individualized plan to improve a patient's chance of having a child, before or at the start of ART. Individual advice on potential reversibility of infertility is extremely valuable in this case. Third, the use of these models could help the embryologist in scoring or ranking embryos of a given couple. The use of complementary methodologies may also help identifying causality (101), which is an important goal in research on human infertility. For instance, state-of-the art combinations of computational models and algorithms could help define the attributed effects of earlier exposures or lifestyles on a person's ability to become a parent; hence, an individualized “fertility score” could be defined. Finally, we anticipate that further development in this field of research will provide valuable information to the general public about male factors that are related to failed pregnancies. Another interesting future application one can envision—once epigenetic biomarkers of disease inheritance are being developed—is prediction of offspring health and disease.
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FIGURE 1
Building of a mathematical model to predict outcomes in a fertility setting, including data from clinic, laboratory test, sperm epigenetics, and preconceptional information from future mothers and fathers. The term “(epi)genetic biomarkers” can be interpreted as epigenetic modifications (such as DNA methylation levels or ncRNA expression profiles), but also as a set of genes mediating epigenetic processes. We propose using guided feature extraction steps (through scientific knowledge and human logic) before the creation of a predictive model. The way how this could be performed is via a stepwise approach using biostatistics as a pre-processing step (needed to carefully include biomarkers and/or select data based on specified criteria, cutoffs, magnitudes of change, etc.), followed by AI-based technologies and external validation testing (not shown). This will finally provide output at different levels: supporting patients, clinicians and embryologists at different time points, before treatment (providing an answer about the best treatment option), during treatment (embryo selection), after implantation (pregnancy success), and finally (if relevant) at birth (offspring health).


Obviously, external validation tests will be needed before implantation in clinic. To obtain a tool that supports healthcare professionals and improve patient care, the following processes are needed: (1) models need to operate on a hospital record system and extract relevant patient information; (2) models need to be integrated in a clinical workstation used by the treating physician (nurse or counsellor) and result in a user-friendly interface. For instance, feature selection procedures may help generate novel models that can operate with more sparse data sets.



Conclusion

While ART has been the ultimate solution to by-pass infertility for over forty years, in only half of the cases treatment is successful. The fertility clinic is facing a major problem. We believe this is due to several reason: (1) there is a female-only approach in most preconceptional clinical practices; (2) the field is missing evidence-based prognostic factors based on male and female characteristics; (3) there is limited understanding of the etiology of infertility in most (male) patients and clinics are generally treatment-oriented; (4) there is still limited translation from recent findings in animal models to the fertility clinic; (5) clinicians have insufficient insights on preconceptional male influences and underlying epigenetic mechanisms; (6) new insights in prediction modelling are growing, although this area of study is still in its infancy, and the field is equally missing a golden standard in embryo selection or modelling. As suggested in the current review, these major challenges in clinic could be circumvented by implementation of novel epigenetic insights in environment-fertility relationships, male and female characteristics, and using state-of-the-art combinations of computational mathematics and modelling. Via this transdisciplinary approach, it would be possible to develop a model that estimates the chance to successfully conceive at different time points, such as before the start of treatment and at every step of treatment. It would provide an optimal individual advice on potential reversibility of infertility, informed by a multidisciplinary team; and, it would help to increase success of embryo selection once treatment has started.

Next to an improved and adequate patient care, further research and novel insights bridging traditional statistical modelling with the generation of ML algorithms would equally inform policy makers how to tailor an evidence-based prevention program. Australia is one of the few countries who have built a framework to work towards a “National men's health strategy” plan (103). They mainly focus on health promotion programs for prospective young fathers. As indicated above, infertility is a complex disorder. It could be a consequence of harmful exposures earlier in life, but it can also reflect other conditions not yet clinically relevant. Hence, better insights and improvement in modelling may have important implications, in clinic and in the context of preventative healthcare measures.
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