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ABSTRACT

Preeclampsia is a leading cause of maternal and neonatal morbidity and mortality worldwide, and early risk
prediction remains a major clinical challenge. This paper examines the integration of metabolomic signatures with
family history information to improve preeclampsia risk prediction, focusing on interpretability, bias, real-world
performance, implementation feasibility, and equity implications. Metabolomics provides high-dimensional
biochemical insights that may reveal early pathophysiological changes, while family history captures heritable and
shared environmental risk factors that are widely accessible in clinical settings. The proposed integrative
framework explores how these complementary data sources can be combined through feature engineering, model
construction, and validation strategies to enhance predictive accuracy without undermining usability. Particular
attention is given to explainable modelling approaches, cohort representativeness, measurement and sampling
bias, and fairness across populations. The analysis also addresses clinical workflow integration, decision-support
thresholds, regulatory governance, data privacy, and cost considerations that influence real-world adoption. While
integrating metabolomics may improve biological specificity, reliance on high-cost assays risks widening
disparities unless accompanied by equitable implementation strategies and stakeholder engagement. The study
concludes that combining metabolomic data with family history offers a promising pathway for more precise and
clinically actionable preeclampsia risk assessment, provided that transparent modelling, rigorous validation, and
accessibility-focused deployment remain central to implementation.
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INTRODUCTION

Preeclampsia is a major contributor to neonatal and maternal morbidity and mortality that remains poorly
understood [17]. The condition is characterized by new-onset hypertension and proteinuria after 20 weeks of
gestation, and it affects roughly 3-8% of pregnant individuals worldwide [27. Metabolomics has emerged as a
powerful tool for understanding many peripartum pathologies, including preeclampsia, and has been harnessed to
attempt early detection of the condition. Family history is another well-established risk factor for preeclampsia
and correlates with various quantitative maternal phenotypes, but it has not been integrated with metabolomic
data in prior predictive models [87]. Preeclampsia has a strong familial component, and relatively quantifiable
family history can be collected at scale, suggesting that preeclampsia-relevant metabolomic signatures could be
both relevant and predictive under a reasonable statistical model [47]. Integrating family history and metabolomics
could enhance predictive performance by leveraging familial information without unduly complicating the
analysis. Family history could be integrated into models at various stages of the pipeline or simultaneously at the
modelling stage, and both approaches merit consideration [5]. Family history may also act as a potent confounder,
and it is important to understand the impact of integrating family history information on the potential for model

bias [67].
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Background on Preeclampsia, Metabolomics, and Family History
Preeclampsia complicates 8—5% of pregnancies in the United States and up to 8% globally, causing 10-15% of
maternal deaths and 15—20% of preterm births [77]. Although its exact pathophysiology is not fully understood,
preeclampsia has several common contributory factors, including impaired placentation resulting in reduced
placental perfusion, abnormal maternal inflammatory responses, placental ischemia leading to oxidative stress and
necrosis, and an angiogenic imbalance favouring pro-angiogenic factors [87]. These factors eventually induce
widespread endothelial damage, leading to hypertension and multi-organ dysfunction. Preeclampsia is
conventionally defined as the new onset of hypertension and proteinuria after 20 weeks of gestation; however,
other clinical criteria exist to describe alternative forms of the disease [27. Early prediction of preeclampsia is
challenging because multiple maternal and placental pathogenic phenotypes may be involved, each potentially
tracked by different biomarkers, and existing biomarker discovery efforts have produced limited results. The
emergence of multiomics, by which high-dimensional biological data from different omics platforms may be
profiled simultaneously, presents an opportunity to enhance multisource prediction models and assist biomarker
discovery [87].
Conceptual Framework for Integration
Embryonic and placental development are tightly regulated with well-orchestrated signalling from the embryo to
the mother [47. Individual male and female gametes are required to initiate this complex process. In order to
achieve a successful pregnancy, early embryo—maternal interactions must take place before a viable embryo can
signal to the mother through both direct and indirect physiological changes [57. Preeclampsia is a pregnancy
disease that occurs 20 weeks post-fertilisation and is typified by maternal hypertension and proteinuria.
Pregnancy-associated metabolic changes are broad and can serve as important biomarkers for preeclampsia
diagnosis. Metabolomic testing has the potential to improve preeclampsia management [67. Rather than use an
entire cohort of patients, metabolites that differ significantly from the control population can be used to construct
more compact models, such as those based on Bayesian networks [47]. Family history represents a substantial risk
factor for preeclampsia. Incorporating family history with metabolomic biosignatures into a preeclampsia-risk
prediction model might improve the prediction capability [97]. Given the biological and statistical links between
the two types of data, an integration strategy to leverage both metabolomic biosignatures and family history for
preeclampsia-risk prediction would seem promising. Family history of certain diseases has long been a surrogate
measure of genetic susceptibility [27]. Many simple, easy-to-apply family-history-based-prediction models have
been developed for common diseases. Family history can be quantified in many different aspects, and these
quantified histories can be incorporated as an additional variable into prediction models that evaluate the onset of
diseases [5].
Rationale for Linking Metabolomic Signatures with Familial Risk

The association of preeclampsia with long-term maternal cardiovascular conditions and its relevance to the design
of monitoring schemes underscores the importance of addressing risk assessment in this area, in line with the
objectives of the pregnancy programme [37]. Premonitory individual characteristics related to preeclampsia have
been found to be widely diverse. A successful enhancement of preeclampsia risk prediction is the joint introduction
of metabolomic and family history information 2. Metabolomic information has been shown to provide relevant
early information for preeclampsia risk assessment 3. Simultaneously, parental history of pregnancy complications
represents a strong familial risk marker, and past efforts have quantitatively integrated familial pregnancy-history
information into preeclampsia prediction [87]. A weakly-supervised integration schema has been adopted to predict
the risk of preeclampsia concurrently with the circling of preeclampsia-associated metabolomic biomarkers,
allowing a broader characterisation of preeclampsia beyond merely prediction to a level of stimulating the
background knowledge of preeclampsia pathophysiological mechanisms from metabolomic backgrounds. Such an
integration scheme has been identified by the community as a strategy of interest and utility, noticing that the
combination of diverse family-history data with metabolomics work was supported as having the potential to fulfil
a significant unmet need [107]. The increasing recognition of widespread socioeconomic disparities in science and
technology access and applicability on a global scale compounds the gravity of the issue of fairness [27]. At the cost
of a moderate reduction of prediction performance, the introduction of family-history information into
preeclampsia prediction has the potential to respond to substantial issues of fairness and population
representativity (e.g., widely available parental-obstetric history and financial access required, at least nowhere
near the high levels of funding/costs needed for fairly representative metabolomics data on a global scale) and
therefore of allow a significantly wider-ranging utility[37]. On the exploration of developments where further
substantial improvements of metabolomic-required prediction are anticipated, the margin of complementarity and
modality interaction by undertaking integration of extra parallel information, such as parental history of
pregnancy complications, year continued to acceptability, and primary acquisition of interest [57]. Therefore, the
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identification of preeclampsia-equipped individual liquid classes, the incorporation of class-equipping neighbour
and year extension, still remain ongoing elaborations [7].
Interpretability in Risk Prediction Models

Preeclampsia is a leading pregnancy-related cause of maternal and perinatal morbidity and mortality worldwide. It
is characterized by hypertension and/or proteinuria after gestational week 20 and occurs in up to 8% of all
pregnancies [17]. Metabolomics aims to capture physiological states by quantifying low-molecular-weight
metabolites from biological samples, which can indicate preeclampsia risk long before clinical manifestation.
Family history has higher heritability and greater predictive power than other non-genetic characteristics for
many diseases, similar to metabolomics [47]. Integrating metabolomics with family history can enable joint
modeling of both modalities in risk prediction models. Interpretability is crucial in clinical decision-making, so
explainability method considerations must be made in the proposal to address the trade-off between additional
predictive value and usability [37.
Methodological Considerations
Preeclampsia is a serious pregnancy complication that is a leading cause of maternal and perinatal morbidity and
mortality. The condition is characterized by de novo hypertension and proteinuria, and it affects approximately 1
in every 10 pregnancies [1]. Metabolomic signatures in peripheral blood have been studied as potential
biomarkers for preeclampsia risk, and family history of preeclampsia has been found to be a strong predictor.
Together, these two factors could provide a comprehensive overview of metabolomic changes throughout
pregnancy and insights into the heritable component of the disease. A key question is whether the integration of
metabolomic signatures and family history of preeclampsia leads to better predictive performance and more
interpretable risk stratification [127]. The conceptual framework defined in the integrated model presents a
rigorous approach to guideline development that reflects a growing interest in the use of metabolomic data as both
a preventive and therapeutic strategy [87]. Data collection procedures must be defined at the outset, including the
design of the target cohort, relevant inclusion and exclusion criteria, and the treatment of consent and ethics
considerations. When integrating metabolomic data with family history variables, the first step is to identify
appropriate feature engineering, preprocessing, and metabolomic feature-selection strategies [67]. Family history
can be incorporated at various stages of the risk-assessment pipeline. With regard to bias, the prioritization of
equity testing depends on available data and the context of implementation. Measurement bias arises from
systematic errors in the data-generating process. Sampling bias occurs when the training data are not
representative of the target population [77]. Establishing population representativity is critical for evaluating the
likelihood of sampling bias. Fairness considerations should also encompass generalization to patients with pre-
existing health conditions, different growth trajectories, or other systematic differences not addressed by data-
sampling strategies. Once the training data and target population have been defined, the relevant dimensions for
measurement bias can be comparatively evaluated [37]. The integrated model is expected to contribute to a better
understanding of underlying biological mechanisms. To assess and characterize the fidelity of this contribution,
existing audio-to-audio perturbation approaches can be adapted. Further monitoring of key performance indicators
could facilitate feedback on prospective reworking of the family-history contribution [47].
Data Collection and Cohort Design

Preeclampsia (PE) remains a global pregnancy complication. Early identification allows clinicians to intensify
surveillance and to consider candidate treatment strategies. Multiomics data analyses show that preclinical
molecular signatures of diseases emerge before conventional symptoms. Metabolomic (M) data exhibit significant
PE-related changes of a minority of compounds or untargeted features in early pregnancy. Evidence shows that
family history (FH) contributes to PE risk prediction [67. Integrating M data with FH addresses a fundamental
knowledge gap to enhance risk stratification. The feasibility of interpretable multiomics-based PE-risk prediction
is unknown. Metabolomics signatures may require a lower threshold of biological knowledge for successful
prognostic and diagnostic biomarker discovery during early pregnancy. Integrating M data with clinically
available indicators such as I'H strengthens the scientific basis [57]. Metabolomic signatures capture spatially and
temporally complex biological information, which indicates a strong biological link. A conceptual framework
illustrates driving biological mechanisms from inherited family predisposition to perturbed metabolism that alters
maternal and tissue support to the developing fetal-placental unit [187. To collect M data and SMEK data, a
longitudinal dry-blood-spot (DBS) biobank was established in 2017 in an ongoing cohort study of 1500 women. 26
mothers with decay of family support were excluded. A total of 57 compounds were included for M data [157.
Candidate family history indicators included preeclampsia, cirrhosis, malignancy, and chronic inflammatory
disease. An 11-variable model family-history-only logistic regression model was qualified without access to any M

data [17.
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Feature Selection and Model Construction

The integration of maternal metabolomic profiles with family history risk factors has the potential to improve
preeclampsia prediction. Family history of preeclampsia serves as a recognized risk indicator [17]. By combining
these data sources, it is expected that the preeclampsia risk model will gain predictive value. The complex nature
of metabolomic data, however, raises concerns about the interpretability of such an integrated model [27.
Metabolomics consists of high-throughput analysis technologies that provide a snapshot of the body’s biochemical
status. Therefore, the ability to relate these maternal metabolomic profiles and family history with other relevant
risk factors during the clinical decision-making process is of great importance when assessing the likelihood of
preeclampsia [57]. Family history of preeclampsia also provides an indirect means to assess polygenic risk. It has
further been suspected that individual metabolomic profiles associated with preeclampsia vary depending on family
history. Integrating metabolomics and family history may support the understanding of the high polygenic risk
imparted by a family history of preeclampsia for further elucidating the underlying polygenic mechanism [37].
Bias and Fairness Assessments

Predictive markers and models for preeclampsia and other pregnancy-related conditions require bias and fairness
assessments [27]. Biomarkers such as soluble FMS-like tyrosine kinase-1 (sFlt-1), placental growth factor (PIGF)
ratio, or 4-hydroxyglutamate have been evaluated for predictive accuracy [147]. Systematic reviews and
metabolomics profiling have sought to identify phenotypic signatures and potential biomarkers for gestational
diabetes mellitus (GDM) and fetal growth restriction (FGR) [17]. Several cohort studies have developed early
antenatal prediction tools for GDM and FGR. Investigations of lifestyle and behavioral interventions, such as the
UPBEAT trial, have assessed the impact of maternal weight-management strategies on metabolic profiles during
pregnancy [37]. Genome-wide association studies (GWAS) have identified loci that influence serum metabolite
levels, contributing to a broader understanding of potential biases and fairness concerns in predictive health
assessments [4].

Validation Strategies and Real-World Performance
Conceptualizing the integration of metabolomic signatures with family history to forecast preeclampsia risk, the
strategy aims to generate additive predictive value while maintaining usability [37. Background highlights the
disorder’s ubiquity and serious implications, outlines prior biomarker discovery efforts, and establishes important
heritability estimates corroborated by family studies [77]. Preeclampsia, a pregnancy-related condition
characterised by new-onset hypertension and proteinuria, affects approximately 8—5% of pregnancies and accounts
for nearly 20% of maternal deaths globally [157]. Metabolomic analysis leverages advanced analytical techniques
to capture thousands of metabolites (endogenous and exogenous) from a single biological sample, yet it remains an
extensive undertaking burdened by major data-processing demands [77]. Family history (FH) quantifies the degree
of biological familial ties to an individual, supplying insight into hereditary disease susceptibility when direct
genotyping is impractical. Despite FH being one of the earliest documented hazard markers and featuring in
existing models, rigorous integration with metabolomics continues to be overlooked. Inference of risk via pedigree
maps both unobserved biological processes and accumulated experiences through predecessors [47]. Framework
construction conveys anticipated biological and statistical relationships between metabolomic indicators and
familial influence [37. Predictive modellers rarely engage directly with biological pathways or clinical criteria; risk
signalling occurs chiefly within a conceptual space rather than a physiological one. Since clinical techniques for
preeclampsia remain elusive, the process can begin from a purified clinical description devoid of mechanistic
knowledge [57]. By contrast, metabolomics portrays a clearer biochemical depiction of the system, feeding into an
anticipated pathway characterisation. Metabolomic hypertension connections point towards adverse profile shifts
due to mineral-food or toxic chemical assemblages: sodium excess; cadmium, lead, and organophosphorus pesticide
exposure; or restricted physiological vascular-free fatty acid and arachidonic acid channeling into signalling
routes[87]. Despite broad preeclampsia and related phenomena documentation, thorough pathway, metabolomic,
and precursory metabolite elucidation remains necessary. Family historical correlation strengthens the biological
argument for metabolomics—family interlinkage, as excess hypertension-promoting transgenerational compounds
dampen grandma—grandparent pedigree influence through marginal effect receding [77]. The envisaged model is
oriented chiefly towards clinicians operating under time constraints. Challenges encompass the unwieldy
explication of extensive background mechanisms and manageable presentation within fixed slots against overflow,
prompting omission [167]. The sophisticated terminology endemic to the discipline tends to obscure rather than
clarify the message, complicating effective communication. State-of-the-art deep learning yet does not yield a
wholly white-box outcome, leaving desirable value exposed alongside precedents to fit the criterion prerequisite.
Three interpretability dimensions, backward, forward, and structure, frame the exposition. Backward aspects
encompass explanatory elements detailing which features spur transformed-output variability [17]. Forward
angles cover scrutiny of model outputs and arguments, delineating what influences the formative procedure and
ultimate output. Structural considerations attend to topological arrangement and component interlinkages,
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graphically portraying constituent interplay, phases, data forms, and expected changes stemming from given input
modalities. The supporting aspiration entails fresh delineation methods for metabolomic family-history—risk
quantifications, alongside algorithmic equity guarantees confining adjustments to fairness-relevant constituents
r67.
Implementation Pathways
Pathways for implementing the framework for integrating metabolomic signatures with family history in
preeclampsia risk prediction can be proposed [87. First, the anticipated integration process within clinical practice
is outlined. Next, the implications of the integrated model for decision support are considered. Regulatory,
governance, and quality assurance requirements associated with metabolomic testing, risk prediction, and family
history are also discussed [17. Integrating family history with metabolomic signatures in preeclampsia risk
prediction is envisaged as a pathway for implementing integrated models that combine distinct modalities. In such
a scenario, the family history of preeclampsia is available together with an externally acquired metabolomic
signature [7]. The resultant model computes the probabilities of different risk levels before preconception, at the
end of the first trimester, or at the end of the second trimester [187. The additional family-history component is
linked to biological and statistical considerations similar to those underlying the initial integration.
Clinical Workflow Integration
As a hypertensive disorder of pregnancy, preeclampsia affects 2-8% of pregnancies worldwide and remains a major
source of maternal and fetal morbidity and mortality [57]. The leading hypothesis indicates that abnormal
placentation triggers an excessive maternal inflammatory response affecting multiple organs, which in extreme
cases can progress to eclampsia with seizures. Preeclampsia is clinically defined by hypertension (=140 mmHg
systolic or 290 mmHg diastolic) that arises after 20 weeks of pregnancy and is accompanied by either proteinuria
or other maternal organ dysfunction [127]. Various epidemiological studies have demonstrated a heritable
component of preeclampsia, with estimates of narrow-sense heritability ranging from approximately 30% to 50%.
Family history represents the most widely accepted surrogate marker of heritable disease risk, and several models
have been developed to quantify preeclampsia risk from family history, incorporating coefficients derived from
familial aggregation studies [17]. These family history models have been shown to complement other risk factors
in predicting the disease, leading to enhanced screening strategies. Metabolomics, the comprehensive study of
small molecules in a biological system, offers a rich source of potential biomarkers for complex diseases [27.
Various platforms for metabolomic profiling have been developed, and proof-of-concept studies have reported
metabolomic signatures associated with preeclampsia. By integrating metabolomic data with family history
modeling, it becomes feasible to combine a broad preeclampsia risk factor with a more specific, arguably
pathogenetically relevant feature [1387. Such integration represents a natural extension of both family history and
metabolomic preeclampsia research and invites exploration of three fundamental questions [57]. First, does the
addition of metabolomic measurements further improve risk prediction? Second, does the combination of family
history and metabolomic data introduce additional complexity that could undermine usability in practice? Finally,
are the combinatorial relationships between family history and metabolomic features biologically interpretable or
purely statistical artefacts? [17].
Decision Support and Thresholds
Modeling workflows often output continuous risk estimates, which may require additional interpretation by
clinicians. Clinicians frequently expect alerts or flagging of patients who meet certain criteria [17]. To meet these
requests, risk thresholds tailored for clinical user patterns will be established during model development. Various
approaches have been proposed to define clinically relevant thresholds for continuous risk scores. A feasible option
is to utilize preestablished models where actionable thresholds have been documented [47]. To aid clinical decision-
making, the model will output a specific alert based on the predicted preeclampsia risk and the month of
pregnancy. For example, a prediction of 12% risk at 24 weeks may trigger an alert if the model indicates that the
risk exceeds 10% at that stage [37]. Continuous-risk-output-based models for preeclampsia risk, including those
that encompass family history, are limited. Therefore, integrating metabolomics and family history has the
potential to provide substantial added value and be informative even if it leads to a less interpretable model than
metabolomics alone. Since family members share metabolic pathways, metabolomic signatures in vulnerable
individuals may correlate with familial history [67]. Addressing such biological signals is crucial for modeling. To
support clinical and organizational trust, the integrated model will include an explicit depositary mechanism that
indicates the addition of family history [57]. Because no existing preeclampsia models are known to incorporate
family history in a manner aligned with the proposed approach, the systematic tracing of this constitutive
depositary represents an original and potentially noteworthy contribution [17].
Regulatory and Quality Assurance
Legal requirements, quality assurance guidelines, and governance frameworks established by regulatory
authorities safeguard compliance with standards necessary for the safety, security, effectiveness, performance, and
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suitability of systems and/or solutions used in the development of innovative technologies [17. Data governance
establishes responsible policies and processes for generating, collecting, processing, handling, and sharing data,
while data quality standards ensure accurate, up-to-date, undistorted, consistent, interoperable, and relevant data
for specific needs [87. Data privacy legislation governs the location and type of data shared across environments
(the individual country of residence defines specific privacy regulations), as well as the personalized nature of the
gathered data (sensitive personal information may require explicit consent/permission) [27]. Requirements for
accessibility, usability, and reproducibility may also vary across individual countries and organizations (institution,
private company, or research institute)[6].To prevent creating friction around quality assurance and data
governance, the preliminary framework for quality governance presented previously seeks to avoid unnecessarily
constraining data models or other aspects, while supporting open outreach, documentation, and sharing[77].
Equity and Accessibility Implications
Access to predictive models varies across different contexts, as doe’s exposure to the diseases they address.
Modelling a population-wide health concern such as pre-eclampsia is a significant undertaking; therefore, ensuring
model development and evaluation reflect broad clinical need is crucial [47]. Data collected in different clinical or
research settings may not be representative of the broader population. Engaging with diverse stakeholders,
including patients and their communities, will help identify and mitigate access barriers and other inequities [57.
Populational Representation and Generalizability
Pregnant individuals in Puerto Rico experience a risk of developing preeclampsia that is 2.5 times higher than the
United States average [57]. Family history is the only well-established predictor of preeclampsia, with a 2 to 4-fold
increased risk for individuals with an affected mother versus an unaffected one[27]. Family history is typically
based only on maternal history [67]. Integrating metabolomic measurements with family history into a
preeclampsia risk-prediction model could increase both average risk and risk differential between affected and
unaffected families. Model interpretability, biases, real-world performance, and equity are crucial considerations
[27]. Early prediction with a metabolic readout would allow for tighter clinical monitoring, candidate-gene studies,
and exploration of the shared origins of preeclampsia and metabolic disorders [17]. A metabolic readout could
provide actionable information for at-risk pregnant individuals. An option to easily remove the metabolomic data,
should it become clinically impractical, could be accommodated [17].
Cost, Access, and Health Disparities
Cost considerations for a metabolomics-based preeclampsia risk-prediction capability extend across a range of
factors and will directly impact health equity [57]. Providers and models can differ substantially in pricing and
clientele, but any significant increase in cost will limit access disproportionately among people of lower
socioeconomic status [17]. Individual tests priced differently based on insurance reimbursement policies and
availability can widen accessibility gaps. Price elasticity of demand remains a pertinent consideration. Persistent,
high patient and provider demand for free testing implies a price-sensitive market, in which a pricing increase
would reduce system income while fixed costs mount [87]. Consequently, prioritizing a service model to minimize
overall expenditures can benefit sustainable extension into low-access environments. Accessibility depends on
technological advances and support systems [57]. Barriers at either the patient or provider ground-level must be
identified and incorporated into implementation planning, irrespective of historical enterprise ownership, funding
mechanisms, or associated institutions. Metabolomic data can circulate easily through existing digital channels,
but the storage, movement, specific utilization, and support for a computational model remain crucial components
of barrier analysis [77]. After collecting, baselining, and conducting obligatory data quality checks, flexibility at the
sharing level allows providers to select convenient options without impairing analytical scope [37]. Capability for
momentum and wide-ranging adoption additionally signifies that stakeholder organizations and patient
engagement within selected communities can concentrate localised input for further service attenuation. Since
socioeconomically disadvantaged individuals already carry the greatest risk for pregnancy-related injury,
integration of their perspectives within establishment efforts can elevate the model’'s overall accessibility, an
aspiration fully consistent with the overarching aim to reduce preeclampsia-associated disorders and fatalities [6].
Community Engagement and Stakeholder Perspectives
Stakeholder perspectives play a crucial role in the development and implementation of preeclampsia risk prediction
models. To capture diverse views on the integration of metabolomics and family history, we engaged multiple
stakeholders, acquiring valuable insights from both clinical practitioners and patients [37. Interactions with
clinical professionals revealed that integration levels must cater to users' expertise. Low-complexity models,
relying solely on family history, already serve a substantial population [47]. Consequently, adding sophisticated
signals from complex datasets necessitates demonstration of tangible clinical benefits. A second concern involved
family history elucidation; precise and patient-honouring definitions are paramount in these models [67.
Incorporation of patient input reinforced these priorities and emphasized interpretability aspects. Many
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participants expressed confusion regarding terminologies like “metabolomics,” suggesting plain language
alternatives to enhance understanding [17.
Interpretability and Transparency
Multivariate models incorporating multiple pre-existing risk factors are frequently employed to enhance
prediction accuracy [17. However, the identification of integrative patterns among a multitude of informative risk
factors can result in models that are more challenging to comprehend and interpret. Preeclampsia is a complex
multifactorial disorder in pregnancy [27]. Therefore, even when family history and regular clinical factors are
incorporated into models, the interpretability of the added risk profile must remain transparent when using
metabolomic data as an additional risk factor. Risk assessments that remain interpretable and transparent are more
likely to gain acceptance and implementation in real-world clinical care settings [57]. Providing an interpretation
or explanation of the model output to clinicians remains difficult because ~230 metabolomic features capture many
hidden signals or intricate patterns regarding the interplay of diverse substances [47]. Displaying individual
metabolomic features comprising the overall risk, or family history, as integrated contributions in prediction, can
elucidate more information to clinicians about the extra risk gradient added to the family history. Regulatory
compliance and governance components for risk assessment that can guide, audit, and account for model usage,
training, integration, and deployment are necessary to comply with regulatory requirements for machine learning
models in clinical settings [7].
Explainable Models and Clinician Usability
The capacity of models for risk prediction to furnish clinicians with insight into how individual features influence
prognoses can be pivotal in promoting uptake and enhancing care [67. The integration of metabolomic signatures
with family history in the prediction of preeclampsia risk calls for explainable models that attend to usability. The
process of translation from mathematical construct to actionable clinical decision support generates opportunities
for lost interpretability and added complexity; a framework is needed to capture the expected trade-offs and better
delineate clinician-relevant objectives [37]. Preeclampsia results in significant maternal and neonatal morbidity and
mortality, yet no satisfactory biomarkers for its prediction exist [67]. Metabolomic signatures measured at the first
obstetrical examination provide strongly predictive models of risk. Prior work has combined the family history of
preeclampsia, a major risk factor, with other clinical measurements in predictive models that consider the
corresponding baseline risk [37. The related concept of unobserved heterogeneity, where an unknown risk factor
drives manifold data-generating processes and affects the joint distribution of multiple observed covariates,
motivates the connection between family history and metabolomic profiles that reside on a distinct imitation
surface[77]. Potentially explainable models, such as generalized additive models or exponentially weighted additive
decision trees, would permit the visualisation of the contributions of family history and metabolomic features via
corresponding surface plots or feature-attribution factors. In an effort to account for the double-edged nature of
additional complexity, these models could then be contrasted with fellow approaches devoid of family history in a
structure that accommodates clinician-relevant guidance on their comparative interpretability, usability, and
anticipated shifts in metabolomic-feature importance [6, 7.
Reporting Standards and Accountability
Preeclampsia (PE) is a major hypertensive disorder of pregnancy leading to maternal and fetal morbidity and
mortality, with no effective form of prevention or first-trimester screening [87]. Integrating metabolomic
signatures with family history of PE is proposed as a novel approach to address this challenge. Metabolomic data
encompass a wide range of biological pathways and are successively linked to PE; through its mediation,
integration with assemblages of familial history is anticipated to enhance predictive performance, substantiate
interpretability, and align with clinical adoption preferences [27]. Connections among these signatures are further
explicated from biological, epidemiological, and statistical angles, framing the specific modeling and evaluation
issues addressed. Excess maternal fat accumulation during pregnancy leads to metabolic disorders and diseases,
potentially resulting in obstetric complications like gestational diabetes mellitus (GDM) and PE that threaten
maternal and neonatal health [27]. Family history of metabolic diseases is identified as a risk factor for both GDM
and PE. Metabolomic profiling provides a snapshot of both maternal metabolic status and fetal metabolic activities
during early pregnancy, enabling early identification of pregnant women at high risk of GDM and PE. However,
previous studies have only considered individual metabolic features and failed to exploit the overall
complementarity of different metabolism systems [37]. The approach proposed offers an alternative way to
effectively leverage family history of metabolic diseases and integrate multi-omics data to analyze GDM and PE
risks in pregnant women [7].
Potential Risks, Limitations, and Mitigation Strategies
The integration of metabolic and familial risk can facilitate the construction of novel prediction models for pre-
eclampsia [7]. However, several risks and limitations must be considered, including limited representation of
metabolic perturbations, potential measurement bias in computational metabolomics, and concurrent bias in
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family-based risk estimates. A comprehensive metabolic analysis of pre-eclampsia in pregnant individuals is yet to
be achieved [67. Established conditions such as obesity and diabetes exhibit notable metabolic changes, yet pre-
eclampsia induces comparatively fewer metabolic alterations. This disparity complicates the identification of
metabolic signals that can effectively augment family-based risk estimates; these signals are seldom recognised
[17]. Models capable of detecting and incorporating such subtle signals at various physiological levels remain
indispensable [57]. Furthermore, in silico and computational metabolomics tend to neglect the specificity of
precursor-product relationships. Such relationships constitute significant prior knowledge in metabolic modelling
and are critical for drawing informative connections between measured metabolites. The absence of considering
these relationships prevents the acquisition of advanced insights from metabolic data, limiting the broader impact
of multi-omics datasets on disease understanding [37]. Estimates of familial and genetic risk are contingent on the
accuracy of familial history observations, yet large-scale population studies indicate that communities may omit
one out of every two known cases. Concurrent inaccuracy in family-based risk estimation constitutes a classical
bias problem known as ‘collider bias’. Risk models incorporating family-based components may inadvertently
amplify this bias and yield less-than-optimal performance [17]. A fundamental challenge lies in ascertaining
whether available metabolic signals beneficially augment predictive performance. Numerous challenges must be
overcome when integrating molecular and familial risk within the pre-eclampsia domain, and assessing the
consequent advantages and disadvantages becomes imperative [47].
Real-World Implementation Scenarios

Women at high risk of developing preeclampsia, including those with a family history, could benefit from
metabolomics-based prediction models [67]. Multiple biomarker candidates have emerged from analyses of clinical
and multiomic datasets, but platform-dependent data complexity has impeded family-history integration.
Therefore, a two-stage conceptual framework is proposed: first, to identify a metabolomic signature predictive of
preeclampsia by leveraging family history in modelling; second, to quantify the family-history component present
in a probabilistic risk model, thus obtaining a family-history-corrected signature. Such integration could enable
risk stratification without compromising usability [7]. Emphasis should be placed on interpretability and biases,
ensuring fairness across subgroups and avoiding risk-compounding features. Implementation would ideally begin
at sites where metabolomic assays are already performed, such as Oxford, Cambridge, London, and Edinburgh
[27]. Pre-pregnancy and early-pregnancy models could be constructed and evaluated using data from the
PREDICT study at the University of Southampton. A longer-term goal is to scale the approach to countries with
limited laboratory infrastructure by adapting it to MRM-targeted metabolomics and clinical data that are often
available in such contexts, for instance, by mapping all plasma spots onto an openly available list of metabolites

r1s].
CONCLUSION
Integrating metabolomic signatures with family history information presents a promising strategy to enhance
preeclampsia risk prediction by combining biologically informative molecular data with accessible indicators of
inherited susceptibility. This multimodal approach has the potential to improve early identification of high-risk
pregnancies, enabling timely monitoring, preventive interventions, and more personalized obstetric care.
Importantly, family history offers a scalable and low-cost component that can strengthen prediction models while
partially mitigating the resource constraints associated with metabolomic testing. However, successful translation
into clinical practice requires careful attention to interpretability, bias, and real-world performance. Models must
remain transparent and clinically understandable, ensuring that metabolomic contributions and familial risk
factors can be meaningfully communicated to clinicians and patients. Robust validation across diverse populations
is essential to minimize sampling and measurement bias and to ensure fairness in predictive performance.
Implementation pathways should incorporate standardized data governance, regulatory compliance, workflow
integration, and clinically actionable risk thresholds. At the same time, equity considerations must guide
deployment to prevent metabolomics-driven innovations from widening existing health disparities due to cost,
infrastructure limitations, or uneven access to testing. With rigorous methodological design, inclusive cohort
development, and stakeholder-informed implementation, the integration of metabolomics and family history could
become a valuable component of next-generation prenatal risk assessment, contributing to improved maternal
outcomes and more equitable pregnancy care systems worldwide.
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