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Pregnancy complications are a leading cause of maternal and neonatal mortality worldwide. Understanding
their underlying mechanisms is hindered by dispersed evidence across thousands of studies and complex bio-
logical interactions. We present PregBase, a comprehensive knowledge base for pregnancy research comprising
automated extraction, validation, and exploration. PregBase was constructed by utilising large language models
(LLMs) to extract relationships from literature; 13 LLMs were benchmarked across seven prompting strategies,
with ensemble shuffle prompting outperforming single-strategy alternatives. A three-tier validation pipeline
combining ontology mapping, graph neural networks, and statistical analysis produced PregKG, a knowledge
graph containing 64,087 associations between 13,303 biomedical entities spanning 155 semantic types and
50 vocabularies across 8 relationship types from 8420 articles. Link prediction validated PregBase’s inference
capability beyond extracted knowledge, recovering established clinical interventions, reconstructing canonical
hormonal pathways across maternal-placental-fetal compartments, and identifying novel biomarker candidates
for preterm birth, gestational diabetes, and preeclampsia, supported by genetic and expression databases. An
interactive web interface (https://pregknowledgebase.com) has been created to enable further exploration via
conversational queries. This work provides a scalable foundation for systematic discovery in maternal health
research.
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1. Introduction the biological mechanisms driving these complications to enable the

development of effective prevention strategies.

Human pregnancy is associated with a high rate of abnormal out-
comes. Adverse pregnancy outcomes such as preterm birth, gesta-
tional diabetes, and preeclampsia remain major causes of maternal
and neonatal complications worldwide [1-3]. The effects of these
outcomes extend beyond the immediate postpartum period, having a
long-term effect on both the mother and child and placing a huge
burden on healthcare systems and families due to prolonged hospi-
tal stays, intensive care, and long-term treatments [4]. According to
WHO, approximately 810 women die daily from pregnancy-related
complications, with the majority occurring in low- and middle-income
countries [5]. Despite recent advances in medical technology reducing
maternal mortality rates [6,7], predicting and preventing pregnancy
complications continues to challenge clinicians and researchers [8].
Most obstetric complications are preventable with timely assessment
and appropriate intervention [9,10], but there is a struggle to identify
at-risk individuals early enough. Thus, it is essential to understand

Biomedical literature is expanding rapidly, with thousands of stud-
ies published annually on pregnancy outcomes and maternal health
research. The volume of new publications daily makes manual syn-
thesis impractical. Thus, enormous quantities of research data gener-
ated remain underutilised [11]. Similarly, critical knowledge is frag-
mented and dispersed, not only in unstructured text across scientific
literature but also across clinical trial registries, clinical guidelines,
and public health documentation [11,12]. There is a need to compile
structured pregnancy research knowledge as medical understanding
grows. Understanding pregnancy complications requires connecting
information scattered throughout numerous studies; however, there
is no computational infrastructure to link these fragments systemat-
ically. Furthermore, multiple medical conditions frequently co-occur
during pregnancy, but when treating these complex cases, clinicians
must manually piece together information from disparate sources to
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understand potential risks. For example, a woman with diabetes, hyper-
tension, and a history of miscarriage requires an integrated assessment
of how these factors interact, but existing systems treat each condi-
tion separately [13,14]. Without structured integration of pregnancy
knowledge, healthcare researchers cannot systematically trace biolog-
ical mechanisms or synthesise evidence across the scale of existing
literature.

Knowledge extraction from biomedical literature has shifted from
rule-based systems to neural approaches. Early methods used prede-
fined patterns and medical vocabularies [15,16] but struggled with
the diverse ways researchers describe findings. Transformer models
improved this with domain-trained models like BioBERT [17] and SciB-
ERT [18] supporting more flexible recognition of medical concepts and
relationships. Joint extraction approaches simultaneously identify enti-
ties and relations [18,19], whilst ensemble methods combine different
pretrained models for entity recognition followed by separate rela-
tion extraction [20]. Other approaches integrated structured parsing
with pretrained models [21,22], though they required complex multi-
stage pipelines and have primarily focused on abstracts rather than
full-text articles. Decoder-based large language models (LLMs) have
since enabled end-to-end extraction by identifying complete triples
through prompting alone, without task-specific training [23], with re-
searchers generally relying on zero-shot or few-shot strategies [24-26].
As prompt design significantly affects extraction performance [27],
LLMs have enabled end-to-end extraction through prompting strategies,
scaling to millions of relationships in materials science [28] and mental
health [23]. Despite these advances in general biomedical domains,
pregnancy complications remain underexplored, and none of these
approaches have been systematically evaluated for pregnancy-specific
literature at scale.

Knowledge graphs (KGs) have emerged as critical tools for organis-
ing biomedical relationships as structured, interconnected networks by
integrating large volumes of heterogeneous data, thereby enabling ef-
ficient information retrieval and automated knowledge discovery [11].
Large-scale resources have been developed, including SPOKE, which
integrates 41 structured biomedical databases [29], MedKG, a drug-
focused KG with link prediction support [22], and CHDbase, which
combines gene-phenotype relationships for congenital heart disease
[30]. Additional resources like UMLS, SemMedDB, and PrimeKG have
proven to be valuable for drug repurposing, disease pathway analysis,
and biomarker discovery [31-33]. They enable automated literature
mining, integration of multi-omics data, and identification of novel
disease-gene associations. However, existing computational approaches
face key limitations. Machine learning models can predict pregnancy
outcomes with reasonable accuracy [34,35], but they function as black
boxes that forecast risk without explaining the underlying biological
mechanisms. Systematic reviews highlight that computational systems
can predict outcomes but cannot reveal the understanding and rea-
soning behind the complications or interactions of biological pathways
[34]. Early studies identified risk factors for conditions such as preterm
birth [36], but translating statistical associations into biological insights
remains a challenge. Moreover, while existing KG systems provide
valuable resources, they largely rely on structured databases and man-
ual curation, limiting their ability to incorporate emerging knowledge
from newly published literature. Existing KG systems also cannot be
directly adapted to the domain of pregnancy due to the following
limitations. First, they provide sparse coverage of pregnancy-specific
concepts such as maternal-fetal interactions, gestational-age-dependent
changes, and pregnancy-specific interventions. Moreover, most KGs
represent information as simple triples like Drug, treats, Disease that can-
not capture complex, nested relationships where subjects and objects
are themselves complete facts [37,38]. Second, they do not account
for contextualised relationships as each woman’s medical conditions,
lifestyle, and genetics influence outcomes differently; for example, pre-
existing diabetes increases birth defect risk threefold [39], and effects
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vary by trimester and parity. Third, existing biomedical KGs rely pri-
marily on structured databases and manual curation [22,29], limiting
their ability to capture emerging knowledge from rapidly expanding
literature.

To address these limitations, we present the pregnancy knowledge
base (PregBase), the first knowledge base built specifically for preg-
nancy research. While resources such as SPOKE [29] and PrimeKG
[40] include some pregnancy conditions as general disease nodes,
neither is designed for pregnancy-specific concepts such as maternal-
fetal interactions or gestational-age-dependent changes. PregBase is
built upon the pregnancy knowledge graph (PregKG), which represents
the underlying graph structure of entities and relationships extracted
from literature. PregBase extends beyond a traditional KG by inte-
grating automated extraction, evaluation and reasoning capabilities,
complemented with multiple interaction tools. We benchmark 13 LLMs
across seven prompting strategies, going beyond the simple zero-shot or
few-shot approaches used in previous work [20,28,41]. This provides
a comprehensive evaluation of LLM-based biomedical triple extraction
that contributes transferable insights for KG construction beyond model
selection. Specifically, to broaden the coverage of pregnancy-specific
features, the extracted triples undergo multi-stage validation through
three steps: (1) Ontology-guided mapping using UMLS [42] for entity
normalisation; (2) Scoring based on a trained graph neural network
(GNN) [43] on verified relationships; and (3) Statistical validation
via pointwise mutual information (PMI). Furthermore, to capture the
contextualised nature of pregnancy biology, we construct nested triple
structures that preserve how multiple factors interact within specific
conditions. More importantly, PregBase makes this knowledge accessi-
ble through an interactive web interface with graph visualisation, entity
searches, and semantic chain exploration, alongside a chat assistant
for intuitive querying without programming expertise. The system is
designed for biomedical researchers and clinician-scientists seeking to
trace biological mechanisms and prioritise candidates for experimental
follow-up. We demonstrate this through link prediction, identifying
novel biomarker candidates for preterm birth, gestational diabetes,
and preeclampsia as computationally derived predictions requiring
experimental validation. PregBase is intended as a research tool for
systematic knowledge exploration in maternal health, complement-
ing rather than replacing clinical judgment. Overall, PregBase has
three components: PregKG as the underlying data, link prediction for
biomarker identification, and a web interface for research exploration.
The system targets hypothesis generation in maternal health research,
rather than clinical decision support. Table 1 compares our developed
PregBase with representative biomedical knowledge bases, highlighting
its novel capabilities, including LLM-based triple extraction, ontology-
guided graph construction and statistical-based validation, nested triple
construction, and a web-based interface with a natural language chat
assistant.

2. Methods

Our automated and modular pipeline workflow comprises five
stages and is shown in Fig. 1. Specifically, we developed this pipeline
to extract, validate, and structure biomedical knowledge from unstruc-
tured text, regardless of its source. The system integrates literature
ingestion, LLM-based triple extraction, multi-tier testing, and web
deployment. More importantly, our architecture is designed to be
domain-agnostic and readily adaptable.

2.1. Automated literature ingestion and filtering

Pregnancy-related articles were collected from PubMed using tar-
geted keywords such as “preterm birth”, “gestational diabetes” and “preg-
nancy AND foetal development”. The search was restricted to English-
language human studies published from 1960 to 2025, though some
animal studies may be present given the automated retrieval. Biopython
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Table 1
Comparison of existing biomedical knowledge bases with our PregBase on different aspects.
KG Data Source Scope Extraction Validation Reasoning Interface
Method Capabilities

CHDbase (2023) [30] Curated Congenital heart Manual Manual review None Web interface with
gene-phenotype disease search
associations

SPOKE (2023) [29] Structured General Structured Ontology Basic graph Web interface with
biomedical biomedical parsing mapping + traversal search and
databases rule-based neighbour

filtering exploration

PrimeKG (2023) [40] Structured General Structured Ontology Network analysis Web interface with
biomedical biomedical parsing mapping + search (Neo4j code)
databases + embedding-based
curated text grouping

LMKG (2024) [21] Structured General pretrained Entity alignment KG embeddings Interactive web
biomedical biomedical NER/RE models + manual review + clinical interface with
databases + + LLM-assisted decision support search and network
unstructured text alignment visualisation

MedKG (2025) [22] Structured General Structured Ontology Link prediction Interactive web
biomedical biomedical parsing + mapping + interface with
databases + (drug-focused) pretrained rule-based search and network
unstructured text NER/RE models filtering visualisation

+ LLM-assisted

classification
PregBase (Ours) Unstructured Pregnancy Prompt-based Hybrid (ontology Link prediction, Interactive web
pregnancy- complications LLM extraction mapping, graph nested interface with
related text with modifier scoring and relationships & search, network
(abstract, support statistical modifier-aware visualisation, and
full-text) validation) reasoning natural language

assistant

*NER: Named Entity Recognition; RE: Relation Extraction. Systems differ in scope and design goals. The comparison reflects architectural differences rather than performance.
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Fig. 1. Overview of the PregBase pipeline. The workflow comprises five main stages: (1) data collection from PubMed using pregnancy-related keywords, (2)
preprocessing and text formatting, (3) LLM-based triple extraction with benchmarked prompting strategies, (4) triple standardisation and tiered classification
through UMLS mapping, biomedical LLM-based plausibility adjudication (OpenBioLLM-8B), hybrid graph neural network scoring, and PMI-based statistical
validation, and (5) downstream applications including an interactive web interface and biomarker prediction.

[44] extracted metadata containing title, PMID, PMCID, year of pub-
lication, and abstract. The full text was added only when a PubMed
Central (PMC) version was available, as not all records provide this.
Tables, figures and supplementary materials were removed to focus on
the main content of the article. The corpus was stored as structured
JSON (8420 articles).

2.2. Triple extraction with LLMs

Articles were processed to extract biomedical relationships as
triples: (entity, (type), relation, entity, (type)),
modifier). Relation types were adopted from the BioRED relation
schema [20,45] and constrained in the extraction prompt to eight
types: Association, Positive_Correlation, Negative Correlation, Bind, Com-
parison, Conversion, Cotreatment, and Drug Interaction. These types map

broadly to Biolink Model predicates [46], though BioRED was used
as the source schema given its derivation from biomedical literature
rather than top-down ontological design. Relation labels were validated
post-extraction against these eight permitted types. Triples with out-of-
schema labels were excluded from the final graph. Entity types were
initially restricted to 19 UMLS semantic categories and subsequently
validated through UMLS ontology mapping during triple classification.
Modifiers capture optional contextual information about a relationship,
such as negation, severity, quantification, or temporal context, and are
stored as edge attributes alongside each triple. We benchmarked several
open-source LLMs in seven prompting strategies on the BioRED [45]
and BioREL [47] datasets. Full prompt templates, strategy definitions,
and model version strings are provided in Supplementary Section 1. All
models were run at a temperature of 0.4 rather than 0. At temperature
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= 0, shuffled prompt variants produce identical outputs and the en-
semble effect is lost. Each model-prompt combination was assessed for
its ability to correctly identify entity spans (named-entity recognition
(NER)), assign appropriate semantic types, and predict valid relations
between entities. The optimal configuration (highest macro-averaged
F1 across all tasks) was selected for PregKG construction.

2.3. Tiered classification framework

The extracted triples underwent a three-stage assessment. First,

ontology-guided mapping aligned entities with UMLS concepts to as-
sign Concept Unique Identifiers (CUIs), semantic types, and vocabu-
lary sources, classifying triples into confidence-based tiers. Validation
statistics, including entity and relation matching accuracy, triple-level
accuracy, and MRR, were collected to compare biomedical embedding
models. Second, graph-based scoring assessed structural consistency
with known biomedical relationships. Third, statistical validation eval-
uated entity pair co-occurrence in the literature. Together, these stages
prioritised triples for graph construction.
Ontology-guided Mapping: Each triple was validated on three criteria:
entity grounding, semantic type consistency, and relationship verifi-
cation. Entities were embedded using SapPMBERT [48], a biomedical
language model shown to perform well on UMLS concept alignment.
The resulting embeddings were compared with UMLS concept embed-
dings using cosine similarity to assign CUIs. This process also returned
the semantic type of each entity, along with the vocabulary and source
information from UMLS. Relationship validation was performed using
the UMLS MRREL table, which specifies the known relations between
mapped CUIs. Semantic type validation used the MRSTY table to
ensure predicted entity type consistency with UMLS categories. This
process ensured each triple remained grounded in standard biomedical
terminology with reliable metadata.

The validated triples were classified into three confidence-based

tiers. Tier 1 represented high-confidence triples, where both entities
mapped to UMLS CUIs with correct semantic types and the relation
was present in UMLS MRREL. Tier 2 included mid-confidence triples,
where both entities mapped to CUIs with correct types but no cor-
responding relation existed in MRREL; these were further reviewed
by OpenBioLLM-8B [49] to judge biological plausibility, using de-
terministic inference (temperature 0) with the prompt provided in
Supplementary Section 1. OpenBioLLM-8B is openly available on Hug-
gingFace with no proprietary access required. The model was selected
through benchmarking against six candidate models on a held-out
subset, balancing Tier 2 and Tier 3 agreement rates (Supplementary Ta-
ble S2). Tier 3 covered low-confidence triples, where neither mapping
nor LLM judgment confirmed the prediction; these were excluded from
further analysis. This tiered design balanced standardisation through
UMLS with semantic flexibility through LLMs. The resulting triples
formed the foundation of the KG.
Tier 2 Refinement Through Hybrid Scoring: The mid-confidence Tier
2 triples typically outnumbered Tier 1. To refine them, we trained
a hybrid GNN combining graph attention network (GAT), relational
graph convolutional network (R-GCN) and graph convolutional net-
work (GCN) layers. The model was trained on the Tier 1 subset, which
served as a high-confidence reference graph. Each entity was repre-
sented using type-aware node features, with relation-specific message-
passing encoding of structural context. The trained model scored Tier
2 triples, estimating their plausibility based on graph structure and
learned embeddings. These scores provided one axis of validation.

To further assess Tier 2 triples, we computed PMI scores between
entity pairs using the pregnancy literature corpus. Entity pairs that
co-occur frequently in the literature are more likely to share genuine
biological relationships, consistent with PMI-based biomedical litera-
ture mining [50]. Co-occurrence was measured using a sliding sentence
window of size 2. PMI was computed as:

Pey,ep)

PMI((?I 5 ez) = 10g m

(€Y
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where P(e;,e,) is the joint co-occurrence probability and P(e;), P(e;)
are marginal probabilities across all sentence windows. Scores were
normalised to [0,1] using min—-max scaling to align with graph-based
plausibility scores.

The final confidence score combined the graph and PMI compo-
nents:

Score = a - Graph + (1 — «) - PMI 2)

The graph score receives the higher weight because the GNN is trained
on pregnancy-specific Tier 1 triples and captures domain-specific rela-
tional structure, whereas PMI reflects general literature co-occurrence
patterns. Rather than applying a fixed threshold, we adopted a top-k
percentile selection strategy, retaining only the most confident triples
based on the combined score distribution. The threshold is selected to
balance precision against coverage. These selected Tier 2 triples were
combined with Tier 1 to create the validated set for downstream tasks,
including nested triple construction and link prediction.

2.4. Capturing deeper biomedical relationships

From the validated set, we construct nested triples, where the object
of one relation also serves as the subject of another. This creates
semantic chains that capture multi-hop connections between biomedical
entities and allow reasoning beyond single-step links. The general struc-
ture is (Outer Subject, Outer Relation, (Inner Subject,
Inner Relation, Inner Object)): for example, (Drug A, inhibits,
(Protein B, activates, Gene C)). These nested triples are stored alongside
flat triples to enable reasoning beyond single-step relationships. Chains
are identified when the object of one triple matches the subject of
another, triggering a combination into a nested structure. Each nested
triple is stored as a flat record with explicit outer and inner subject,
relation, object, semantic type, modifier, and vocabulary fields. Down-
stream link prediction models operate on flat triples only, as standard
embedding methods do not natively support nested structures. These
structures are accessible through the semantic chain exploration feature
of the web interface, described in Section 3.6. The full graph schema,
from entity attributes to nested triple structure, is illustrated in Fig. 2.

2.5. Graph reasoning with link prediction

The KG’s reasoning capability was evaluated through link prediction
experiments, which assess whether models can infer missing relation-
ships between entities based on existing knowledge. Articles were
sorted chronologically by publication date, with the earliest 80% of
triples allocated to training, 10% to validation, and the most recent
10% to testing. This temporal split simulated realistic knowledge-
discovery scenarios in which models predict relationships in recent
literature based on historical evidence [51].

Three categories of models were compared: embedding-based meth-
ods (TransE [52], DistMult [53], and ComplEx [54]), GNNs (CompGCN
[55], R-GCN [56]), and hybrid architectures combining GAT, R-GCN,
and residual connections [22]. Three hybrid variants were evaluated.
V1 uses a standard GAT layer without relation awareness, followed by
R-GCN and a residual GCN layer, trained with binary cross-entropy
loss. V2 replaces the standard GAT with a relation-aware GATv2 layer
and adds a contrastive loss term alongside binary cross-entropy. V2-
Edge retains the relation-aware GATv2 but replaces the combined loss
with an edge-side relation bias injection, where relation embeddings
are added to source node features before message passing, and trains
with binary cross-entropy only. In all variants, entity and relation
embeddings have dimension 200, with 20 basis vectors for R-GCN
relation decomposition, one hidden layer, and dropout of 0.2. Ini-
tial experiments on a subset of PregKG and scalability validation on
PrimeKG [40], a large external KG, identified optimal configurations
before application to the complete dataset.
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Fig. 2. PregKG schema. Entity nodes carry a CUI, UMLS semantic type, and vocabulary source. Edges represent one of eight relation types and carry three
attribute groups: evidence, modifier, and confidence. The lower panel shows the nested triple structure, where entities are chained via sequential relations to

encode multi-hop biological pathways.

Models were trained using binary cross-entropy loss with negative
sampling at a 1:20 positive-to-negative ratio, Adam optimiser (learning
rate 0.001), batch size 128, and 20 epochs. Negative triples were
generated by uniform random entity corruption, independently applied
to both head and tail entities. During evaluation, the filtered ranking
protocol was applied, excluding all known positive triples from the
negative candidate pool before computing ranking metrics. Final rank-
ing metrics were computed as the mean of head prediction and tail
prediction results. All models were evaluated across three independent
runs, with mean and standard deviation (SD) reported throughout.
All models were trained and evaluated on an NVIDIA A100 80 GB
PCle GPU. Additional configurations are detailed in Supplementary
Section F. Performance was evaluated using multiple metrics. For link
prediction, we used Mean Rank (MR) (lower is better), Mean Re-
ciprocal Rank (MRR) (higher is better), and Hits@k (k = {I,3,10},
higher is better), which measures the proportion of correct predic-
tions in the top k results. MR measures the average rank of correct
entities, MRR emphasises top-ranked predictions, and Hits@k assesses
prediction accuracy at different cutoffs. For triple classification tasks,
we used the Area Under the Receiver Operating Characteristic Curve
(AUROC) and the Area Under the Precision—Recall Curve (AUPRC). AU-
ROC measures the model’s ability to distinguish between positive and
negative examples across all classification thresholds, whilst AUPRC
is particularly informative for imbalanced datasets by focusing on
precision-recall trade-offs. Detailed mathematical formulations for all
metrics are provided in Supplementary Section H.

2.6. Biomarker prediction and validation

The best-performing link prediction model was applied to score all
entities in the KG based on predicted relationship strength to preterm
birth, gestational diabetes, and preeclampsia. Relationships were clas-
sified as negative correlation (protective factors) or positive correla-
tion (risk factors). Predictions were categorised as known (present in
training data) or novel (absent from training data).

Known clinical interventions for the three complications were ex-
tracted from Cochrane Library systematic reviews [57], a curated
database of systematic reviews considered the gold standard for
evidence-based clinical knowledge, and compared against model pre-
dictions to assess recovery of established interventions. The utility

of the KG for biological pathway exploration was evaluated by test-
ing whether semantic chain traversal could reconstruct known preg-
nancy pathways [58]. The corticotropin-releasing hormone (CRH) path-
way, which controls pregnancy timing and labour onset, was se-
lected as a illustrative case study. Starting from CRH as the initial
query, the system traced multi-hop relationships through the mater-
nal, placental, and fetal compartments to identify components of the
hypothalamic-pituitary—adrenal axis and associated feedback loops.

Novel predictions absent from training data were cross-referenced
against genetic associations confirmed by searching the genome-wide
association studies (GWAS) Catalogue [59] for reported variants asso-
ciated with pregnancy complications and related traits. Tissue-specific
expression was verified using the Human Protein Atlas [60] to confirm
expression in pregnancy-relevant tissues. Biological mechanisms were
assessed by examining receptor function, downstream signalling, and
published experimental evidence, including animal models. Novel pre-
dictions were ranked by combined score. Generic clinical terms and
pregnancy-related outcome entities were excluded, and the highest-
ranked biologically specific candidates were cross-referenced against
GWAS catalogues.

3. Results

The results follow the pipeline from construction to evaluation,
covering KG statistics (Section 3.1), entity embeddings and structural
patterns (Section 3.2), LLM benchmarking (Section 3.3), link predic-
tion performance (Section 3.4), clinical evidence recovery, biomarker
predictions (Section 3.5), and the web interface (Section 3.6).

3.1. PregKG statistics

PregKG is the graph that PregBase is built on. Initial extraction
from 8420 pregnancy-related articles (5137 full-texts and 3283 ab-
stracts) between 1960 and 2025 yielded 531,175 triples. After quality
filtering (removing self-loops, invalid entities, and missing fields), all
triples were validated through UMLS ontology mapping and assigned
to three confidence tiers (Table 2). Entity mapping using SapPMBERT
[61] achieved approximately 10% higher accuracy and produced more
consistent alignments than Flan-T5 [62], consistent with our previous
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Table 2

Triple counts at each stage of the PregKG
construction pipeline, from initial extraction
through tiered validation to the final knowledge

graph.

Stage Triples
Extracted 531,175
Tier 1 6039
Tier 2 177,466
Tier 3 (excluded) 347,670
Tier 1 after filtering 5373
Tier 2 after scoring (top 30%) 58,714
Final PregKG 64,087

work [48]. The hybrid GNN (GAT + R-GCN + GCN) trained on Tier 1
achieved a clear separation between high- and low-confidence triples
compared to the baseline R-GCN alone (see Supplementary Figure S3).
PMI scores for entity co-occurrence were computed across the literature
corpus. Through CPU-based parallel processing, PMI computation was
reduced from 300 to 15 h (see Supplementary Section E). We combined
the hybrid model’s graph scores with PMI scores using a 0.7 : 0.3
weighting. A sensitivity analysis across « values from 0.5 to 0.9 con-
firmed that tier separation remained highly significant at all values (all
t > 109, p < 0.001; unpaired two-sample ¢-test, n = 6039 Tier 1 and
n = 177,466 Tier 2 triples; Supplementary Table S4). The results were
consistent across the full range, with @ = 0.7 selected to reflect the
greater reliability of the domain-trained graph signal. Applying top-
30% percentile selection on combined scores (range 0.03-1.00, mean
0.69), 58,714 validated Tier 2 triples were retained at a score cutoff of
0.7617, which exceeds the Tier 2 mean of 0.6845. The 30% threshold
is a deliberate design decision. A stricter cutoff retains fewer triples at
higher confidence, while a more permissive cutoff increases coverage
but admits lower-confidence relationships. The 30% was selected as the
balance point, and the full tradeoff across thresholds from 20% to 40%
is shown in Supplementary Table S5.

The final PregKG contains 64,087 high-confidence triples (5373
Tier 1 + 58,714 validated Tier 2) with 13,303 distinct biomedical
entities connected by 8 relationship types, spanning 155 semantic
types and 50 vocabulary sources. The most frequent relation type is
Association (52,505 triples), followed by Positive_Correlation (7269)
and Negative_Correlation (1953); the full distribution is shown in Sup-
plementary Figure S9. The clustering coefficient (0.143) is 286-fold
higher than that of a degree-matched random graph (0.001), and the
mean shortest path length within the largest connected component is
2.94 hops, with a broad degree distribution following a power law
(R? = 0.976). Nested triple construction produced 3,723,951 two-hop
semantic chains across 7827 unique outer subjects and 9042 unique
inner objects. Detailed statistics are presented in Supplementary Figures
S4-S11.

3.2. PregKG entity embeddings reveal structural patterns

To analyse the distribution of the learned entities in PregBase,
we conducted a visualisation, where the embeddings of the entities
were projected into two dimensions using Uniform Manifold Approx-
imation and Projection (UMAP) (n_neighbors=15, min dist=0.1, ran-
dom_state=42) [63], as shown in Fig. 3. It was found that related
concepts group together spatially in the UMAP. For instance, pathologic
functions, including preterm birth, cluster in the left region, while
pregnancy-related conditions and outcomes, such as preeclampsia and
miscarriage, form clusters closer to preterm birth. On the opposite
spectrum of the UMAP lie the pharmacologic substances, forming a
distinct cluster on the right, where molecular markers like leptin and
IGF-I appear alongside interventions such as ritodrine and misoprostol,
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whereas anatomical features such as the myometrium group lie in the
lower centre. Diseases are distributed throughout and are positioned
near related pathologic functions. To quantify the observed clustering,
we applied k-means (k=7) to the original high-dimensional embeddings
across the seven focus semantic categories, yielding a cluster purity of
0.65. Annotated entities represent the highest-frequency examples from
each semantic category. The observed semantic clustering confirms that
the entity embeddings capture meaningful biomedical structure, which
supports the downstream tasks in Sections 3.4 and 3.5.

3.3. Ensemble shuffle prompting achieves the most optimal LLM-based triple
extraction

We compared different prompting strategies for LLM-based triplet
extraction in our PregKG. Among the evaluated prompting strategies,
ensemble shuffle consistently achieved the highest macro-average F1
scores across the majority of models (Fig. 4) on the BioRED [45] and
BioREL [47] datasets. Ensemble shuffle randomly reorders example
triples across ten independent runs and retains only predictions con-
firmed by majority vote, reducing position bias inherent in fixed-order
prompting. It performed best in 11 out of 13 LLM models (Supple-
mentary Figure S1). Average precision and recall alongside F1 for all
13 models are reported in Supplementary Table S3. While ensemble
prompting achieved the best isolated performance, we did not restrict
our pipeline to a single strategy. This ensured that complementary
triples extracted by different strategies were preserved and unified.

The top-performing models overall were GPT-40 and MedGemma-
27B, both reaching an F1 score of 0.815 under ensemble prompting.
In biomedical triple extraction, precision is as critical as recall since
low precision leads to spurious triples propagating through the pipeline.
MedGemma-27B achieved an average precision of 0.870 and a recall of
0.783 under ensemble shuffle (Supplementary Table S3). A confusion
matrix for relation extraction under ensemble shuffle is provided in
Supplementary Figure S2. Other high-performing open-source mod-
els included Q LLaMA3.3 70B, LLaMA3.3 70B, and LLaMA3.1 8B,
each scoring above 0.77. MedGemma-27B was selected as the final
model for the pipeline due to its strong overall performance and open-
source availability. MedGemma-27B was re-evaluated under ensemble
shuffle across three independent runs, achieving macro-average F1 =
0.825 + 0.001, Precision = 0.864 + 0.007, and Recall = 0.805 + 0.004.

3.4. Link prediction on PregKG discovers new connections between
pregnancy-related concepts

We assessed whether PregKG captures meaningful biomedical re-
lationships by testing its ability to predict missing links between
pregnancy-related concepts. This capability reflects a key strength of
any KG, which is uncovering novel associations beyond curated data.
Evaluating link prediction thus provides a direct measure of PregBase’s
potential to generate new biological or clinical insights.

To establish benchmarks, we first applied standard KG completion
models. Embedding-based methods such as TransE [52], DistMult [53],
and ComplEx [54] learn geometric representations of entities and
relations to infer plausible connections. We used MR, MRR and Hits@k
(where k=1, 3, 10). For triplet classification and validation tasks, we
used AUROC and AUPRC. TransE achieved an MRR of 0.281 + 0.005
with Hits@10 of 0.613 + 0.004, while DistMult and ComplEx reached
MRRs of 0.481 + 0.015 and 0.459 + 0.003, respectively, indicating
moderate predictive ability.

We next evaluated GNN models, which leverage structural context
through message passing. CompGCN showed limited accuracy (MRR =
0.180 + 0.072), whereas R-GCN performed substantially better (MRR
= 0.564 + 0.003; Hits@10 = 0.890 + 0.004; AUROC = 0.84; AUPRC
= 0.84), highlighting the value of relational aggregation reasoning
but also the expressiveness constraints of standard GNN formulations
(Table 3, Fig. 5).
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Fig. 3. UMAP visualisation of entity embeddings (n_neighbors=15, min_dist=0.1; cluster purity=0.65). Each point represents an entity, with colours indicating
semantic type as shown in the legend. Entities with similar biological meanings cluster together closely, while the entities that are not related to each other are
far away from each other. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

few_shot

knn_cot

knn_cot_rag

rag

ensemble_shuffle

== GPT-40
—o— MedGemma-27b
=@ |lama3.3 70B Instruct
0.8 =*@: DeepSeek-R1-Distill-Llama-8B
4 Mistral-7B-Instruct-v0.3
=&— BioMistral-7b

zero_shot

Fig. 4. Benchmarking performance in terms of F1-score for different prompting strategies and LLM models. Spider chart showing macro-average F1 scores across
entity recognition, relation extraction, and type identification tasks. Each axis represents a prompting strategy, and each coloured line represents a different LLM
model. Distance from the centre indicates F1 score performance, with values closer to the outer edge indicating better performance. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

To overcome these limits, we developed hybrid architectures that
integrate embedding-based scoring with GNN-derived relational fea-
tures. This design enables joint exploitation of local connectivity and
global semantics. The hybrid models consistently surpassed all base-
lines across three independent runs (Table 3, Fig. 5). V1-DistMult
achieved the highest ranking accuracy (MRR = 0.853 + 0.023; Hits@1
= 0.778 + 0.030). V2-Edge-DistMult delivered near-perfect retrieval
(Hits@10 = 0.982 + 0.011; Hits@3 = 0.961 + 0.013; MR = 1.470
+0.085) and the highest AUROC = 0.96, maintaining precision across

all recall levels. A direct comparison between V2-Edge-DistMult and R-
GCN confirmed a 48.2% MRR improvement (MRR = 0.836 + 0.022 vs
0.564 + 0.003; ¢t = 20.84, p < 0.001), demonstrating that the observed
performance gains are statistically significant and not attributable to
stochastic variation in training. The 95% confidence intervals con-
firm non-overlapping performance ranges between the best model and
baseline (V2-Edge-DistMult MRR: 95% CI 0.781-0.892; R-GCN MRR:
95% CI 0.557-0.572). Other hybrids, including V1-ConvKB and V2-
ConvKB (Combined Loss), also achieved strong discrimination (AUROC
= 0.93-0.94).
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Table 3
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Link prediction performance of embedding-based models (TransE, DistMult, ComplEX), GNN-based baseline link prediction models (CompGCN, R-GCN), and
hybrid models introduced in this work. Mean Rank (MR), Mean Reciprocal Rank (MRR), Hits@K, and inference time per epoch are reported as mean + SD across

three independent runs.

Model MR| MRR?T Hits@11 Hits@31 Hits@101 Time (s)
TransE 8.864 + 0.028 0.281 + 0.005 0.139 + 0.002 0.291 + 0.001 0.613 + 0.004 2.48
DistMult 7.105 + 0.034 0.481 + 0.015 0.344 + 0.019 0.550 + 0.016 0.716 + 0.005 0.44
ComplEX 7.138 + 0.059 0.459 + 0.003 0.319 + 0.003 0.524 + 0.002 0.705 + 0.004 3.70
CompGCN 13.768 + 1.112 0.180 + 0.072 0.125 + 0.046 0.197 + 0.051 0.314 + 0.078 13.72
R-GCN 4.141 + 0.042 0.564 + 0.003 0.411 + 0.003 0.644 + 0.004 0.890 + 0.004 6.57
V1-ConvKB 9.513 + 0.582 0.381 + 0.032 0.233 + 0.047 0.466 + 0.034 0.590 + 0.055 9.02
V1-DistMult 2.148 + 0.260 0.853 + 0.023 0.778 + 0.030 0.920 + 0.018 0.956 + 0.011 7.46
V2-ConvKB (Combined Loss) 12.470 + 1.234 0.291 + 0.040 0.174 + 0.028 0.337 + 0.053 0.414 + 0.086 8.15
V2-DistMult (Combined Loss) 2.532 + 0.898 0.803 + 0.016 0.700 + 0.010 0.902 + 0.049 0.936 + 0.053 7.24
V2-Edge-ConvKB 7.031 + 0.679 0.469 + 0.013 0.301 + 0.010 0.586 + 0.030 0.732 + 0.039 8.45
V2-Edge-DistMult 1.470 + 0.085 0.836 + 0.022 0.716 + 0.034 0.961 + 0.013 0.982 + 0.011 7.30

*V1 architectures use GAT without relation awareness + RGCN + GCN residual. V2 architectures use GAT relation-aware + RGCN + GCN residual. Results reported as mean +

SD across three independent runs (seeds 42, 123, 456). Best performance is in bold.

Table 4

Recovery of Cochrane Evidence-Based Interventions. Extracted interventions were present as direct triples in
PregKG; inferred interventions were identified through link prediction.

Condition Cochrane total Total recovered Recovery rate (%) Extracted Inferred
Preterm Birth 375 348 92.8 146 202
Gestational Diabetes 104 97 93.3 29 68
Preeclampsia 184 123 66.8 4 119

Together, these results demonstrate that combining relational rea-
soning with embedding-based inference markedly improved PregBase’s
ability to uncover hidden biomedical relationships. The hybrid archi-
tectures capture the complex, multi-relational structure of pregnancy
knowledge far more effectively than conventional approaches. Support-
ing ablation analyses are provided in the Supplementary Table S3 and
Section F.

3.5. PregBase enables clinical evidence recovery and novel biomarker pre-
diction

Clinical Evidence Recovery: Cochrane reviews are the gold stan-
dard summaries of clinical trial evidence [64,65]. We conducted a
test to see whether the link prediction model captures real clinical
knowledge from PregKG by comparing predictions against Cochrane
systematic reviews. We extracted all documented interventions for
preterm birth, gestational diabetes, and preeclampsia from Cochrane
databases. Then, we checked how many of these interventions appeared
in our model’s predictions. An intervention was considered recovered
if the corresponding entity appeared in model predictions, identified
through exact substring matching, keyword matching, or fuzzy string
matching (similarity threshold 0.80). Where multiple matches were
found, the highest-scoring prediction was retained. The hybrid model
achieved strong recovery rates (Recovered interventions/Cochrane total)
X 100) across all three pregnancy complications, with an average of
84.3% (Table 4). For preterm birth, 146 interventions were directly
extracted from the literature, and 202 were inferred through link
prediction. For gestational diabetes, 29 were extracted and 68 inferred.
Preeclampsia showed a lower overall recovery rate (66.8%), with the
majority of recovered interventions inferred (119 of 123).

Validating Known Biomarkers: Predictions were grouped into known
biomarkers (present in the training KG) and novel biomarkers (absent
from the training data). The best-performing link prediction model was
applied to identify biomarkers for the three pregnancy complications
systematically. Every entity in the KG was scored based on predicted
relationship strength to a biomarker. Relationships were further classi-
fied as negative correlation (protective factors) or positive correlation
(risk factors). Representative known biomarkers are shown in Table 5.
For preterm birth, protective interventions like progesterone received
high scores with negative correlations. It is a clinical treatment deemed

Table 5
Predicted Known Biomarkers for Three Pregnancy Complications: Preterm
Birth, Gestational Diabetes and Preeclampsia.

Condition Biomarker Relationship type

Magnesium sulphate Negative (Protective)

Progesterone Negative (Protective)
Smoking Positive (Risk)
ISG15 Positive (Risk)
1L-18 Positive (Risk)

Pret Birth
reterm Bir Apolipoprotein B

Vitamin B12 deficiency
Atopobium vaginae

Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)

Low Socioeconomic Status
Mono-benzyl phthalate

Body mass index (BMI)

Insulin resistance

Polycystic ovary syndrome (PCOS)
Leptin Positive (Risk)
Adiponectin Negative (Protective)
Tumour necrosis factor-alpha (TNF-a) Positive (Risk)
Placental growth factor (PIGF) Positive (Risk)
Insulin-like growth factor-1 (IGF-1) Positive (Risk)
Mediterranean diet adherence Negative (Protective)
Metformin use Negative (Protective)

Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Negative (Protective)
Negative (Protective)
Negative (Protective)

Gestational Diabetes

Hypertension

Periodontal disease

Polycystic ovary syndrome (PCOS)
Oxidative stress

Air pollution

Overweight

SARS-CoV-2 infection

Magnesium sulphate

Smoking*

Placental growth factor (PIGF)

Preeclampsia

*Although smoking appears as negatively correlated (protective), this reflects the
well-documented epidemiological paradox where smoking is associated with reduced
preeclampsia incidence, likely due to altered angiogenic pathways, and should not be
interpreted as a clinical recommendation.

to prevent preterm birth [66]. Risk factors like maternal infections and
smoking showed positive correlations, matching clinical observations
[67-69]. Vitamin B12 deficiency also showed a positive correlation
with preterm birth, consistent with its role in increasing homocysteine
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Fig. 5. ROC and Precision-Recall curves for baseline and hybrid models computed from a representative seed run. (a) Baseline R-GCN with the highest
AUROC/AUPR: 0.84. (b) Hybrid models outperform, with V2-Edge-DistMult reaching AUROC 0.96.

and oxidative stress [69]. Similar patterns emerged for gestational
diabetes and preeclampsia. As validated in clinical studies, dietary mod-
ification appeared as a protective factor for gestational diabetes [70],
while body mass index (BMI) and polycystic ovary syndrome (PCOS)
were identified as risks [71,72]. For preeclampsia, magnesium sul-
phate showed a negative correlation [73], whereas periodontal disease
and air pollution showed positive correlations [74-77]. Smoking was
negatively correlated with preeclampsia, though this reflects a known
epidemiological paradox and should not be interpreted as protective
[78].
Novel Biomarker Predictions: Beyond known relationships, the model
generated novel computationally derived predictions for each condi-
tion: 25,959 for preterm birth, 10,197 for gestational diabetes, and
2222 for preeclampsia. After excluding generic clinical terms, the
highest-ranked biologically specific candidates were cross-referenced
against GWAS Catalogue [59] and the Human Protein Atlas [60]; the
rank distribution of all candidates relative to reported ones is shown
in Supplementary Figure S13. The top predictions across the three
pregnancy conditions are presented in Table 6.

Independent genomic evidence was obtained through significant
gene-level associations in the GWAS Catalogue [59], where p-values

represent GWAS association statistics. For example, multiple variants
within YAPI gene such as rs1894116-G (p = 1 x 10722), rs11225154-A
(p = 8x 10711), and rs10895278-C (p = 7 x 10713) were significantly
associated with endocrine and reproductive traits such as polycystic
ovary syndrome, sex hormone-binding globulin levels, and offspring
birth weight. These findings support Yes-associated protein (YAPI)
as a biologically relevant gene involved in hormonal and placental
regulation. This is consistent with the prediction as a novel candidate
(not present in the training set) linking pregnancy-related disorders.

To see whether novel predictions were aligned with biological
ground truth, we examined Prostaglandin F2« (PGF2a), one of the
predicted biomarkers for preterm birth [79,80]. The receptor for PGF2«
is encoded by the PTGFR gene. The Human Protein Atlas [60] con-
firmed strong expression of this receptor in pregnancy-related tissues,
including endometrium, cervix, placenta, and ovary (see Supplemen-
tary Figure S11). The receptor mediates smooth muscle contraction
and luteolysis. Experimental studies in mice have shown that activation
of this receptor triggers parturition in ovarian luteal cells, supporting
its role in labour onset [79,81]. This matches the predicted role in
labour regulation and supports the biological plausibility of the model’s
prediction.
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Table 6
Top Novel Biomarker Predictions Across Three Conditions: Preterm Birth, Gestational Diabetes and Preeclampsia.
Condition Biomarker Relationship type
I1SG15 Positive (Risk)
N-acetylcysteine (NAC) Negative (Protective)
Preterm birth YAP1 Positive (Risk)
CRH Positive (Risk)

Mono(2-ethylhexyl) phthalate
Prostaglandin F2alpha (PGF2a)

Positive (Risk)
Positive (Risk)

CCL2

VEGF

IL-6

Thyroxine (FT4)
TCF7L2

Gestational Diabetes

N6-methyladenosine (m®A RNA methylation)

Positive (Risk)
Positive (Risk)
Positive (Risk)
Negative (Protective)
Positive (Risk)
Negative (Protective)

Gut Microbiota
Leptin

VEGF

CRH

Racism

Preeclampsia

Dexamethasone

Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Positive (Risk)
Negative (Protective)

The utility of the PregBase was presented through a case study of
semantic chain exploration in the CRH pathway, which controls preg-
nancy timing and the start of labour [58]. The automated reasoning
system correctly identified several parts of the maternal-fetal hormonal
feedback loop through semantic chain traversal (Fig. 6). Starting with
CRH as the root entity, the system explored 411 unique semantic chains
with lengths ranging from 1 to 5 triples, predicting links involving the
uterus and prostaglandins (Fig. 6A). The 20 most traversed connections
(Fig. 6B) show CRH driving preterm labour through prostaglandin
production and uterine contractions. This focused view reveals the hub-
and-spoke architecture of the pathway, with CRH acting as the central
initiator and prostaglandins serving as the key intermediate linking
hormonal signals to mechanical uterine activity.

3.6. PregBase’s web interface enables interactive search and visualisation

PregBase is accessible through an interactive web interface.! The
platform displays the KG as a network visualisation with colour-coded
entities and relationships. Nodes carry UMLS semantic type and vo-
cabulary source as attributes, and edges carry relation type, confi-
dence tier, and modifier. The query panel supports direct relationship
searches between entities (e.g., “progesterone” and ‘“preterm birth”),
filtering by relationship type, semantic type, or vocabulary, multi-hop
semantic chain tracing, and entity-focused neighbourhood exploration
with focus mode. Users can download query results in CSV format. An
integrated virtual Al chatbot accepts conversational queries in natural
language like entity-focused searches (“Focus on progesterone”), relation
filtering (“Which entities have Association relationship?”’), semantic chain
exploration, relationship discovery (“Show connection between preterm
birth and inflammation”), topic summaries, and visual analytics (word
clouds). The chatbot parses natural language queries using rule-based
intent detection to identify query type and extract entities, returning
results directly. The interface is built on a NetworkX [82] directed
property graph and deployed through vis.js [83]. A screenshot of the
interactive interface is provided in the Supplementary Figure S12.

4. Discussion
4.1. Key implications

PregBase is the first interactive knowledge base specifically de-
signed for pregnancy research. Prompt design had a substantial effect

1 https://pregknowledgebase.com
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on extraction quality. Ensemble shuffle prompting achieved strong perfor-
mance without fine-tuning by combining multiple reasoning patterns
within a single prompt. Whether this transfers to other biomedical
domains remains to be tested, though a prompt-only approach requires
no domain-specific training data.

Flat triples lose the sequential order in which biological events
unfold. The nested triple structure captures this directly. For example,
while the flat triples (Cortisol, Negative Correlation, CRH) and (CRH,
Positive_Correlation, Prostaglandin Production) exist independently in
PregKG, the nested structure (Cortisol, Negative_ Correlation, (CRH, Pos-
itive Correlation, Prostaglandin Production)) encodes the full feedback
chain in a single queryable statement, showing that cortisol suppresses
CRH which in turn drives prostaglandin-mediated labour onset. To
balance reliability and coverage, extracted triples were organised into
a three-tier classification system based on mapping confidence and
statistical scoring. High-confidence triples support direct use, whilst
lower-confidence triples preserve potentially informative signals that
may generate new hypotheses. Despite comprising a small fraction of
extracted triples, Tier 1 covers all 8 relation types and 142 of the 151
UMLS semantic types present in Tier 2, providing the structural diver-
sity needed to train a generalisable scoring model. Nested structures
and tiered classification together allow researchers to trace complex
biological mechanisms at appropriate confidence levels. The graph
topology supports this, with hub entities bridging disparate biological
processes and short average path lengths supporting multi-hop traversal
across the knowledge structure. The CRH pathway exemplifies this,
where hub-and-spoke organisation emerges from the literature without
explicit encoding. Such emergent structure suggests that the framework
can recover system-level organisation from unstructured literature, a
capability that extends broadly to other complex biomedical domains.

4.2. Clinical relevance

PregBase predictions aligned with established clinical evidence.
Link prediction recovered known interventions from Cochrane system-
atic reviews [57]. Protective factors and risk markers were among
the recovered associations. Unlike edge classification, which requires
labelled positive and negative edges, link prediction is better suited to
an incomplete literature-derived KG where absent edges do not reliably
indicate true negatives [84]. The filtered ranking protocol handles this
open-world assumption directly, and the formulation aligns naturally
with surfacing novel biological associations rather than classifying
known edge types. Progesterone showed a negative correlation with
preterm birth, consistent with clinical evidence that vaginal proges-
terone reduces preterm birth rates by 45% in women with a short cervix
[85]. Smoking was correctly identified as a risk factor, confirmed by
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A. Complete CRH Semantic Chain Network

Neutrophil to Leukocyte Ratio

Fig. 6. CRH network analysis case study. (A) shows the complete CRH seman-
tic chain network with 411 semantic chains originating from CRH. The circular
layout emphasises CRH’s central role in initiating downstream biological
cascades leading to labour onset. Most chains (>75%) contain 4-5 triples,
demonstrating extensive multi-hop reasoning beyond direct relationships. (B)
shows the core CRH pathway network with the subgraph showing the top 20
strongest connections by edge weight in the chain. CRH (red, centre) connects
to preterm labour (green) through prostaglandin production (blue), represent-
ing the primary cascade. Additional critical intermediates include magnesium
sulphate (a tocolytic agent), cAMP, and uterine contractions (orange). The
hierarchical radial layout positions CRH at the centre, with directly connected
entities arranged in a circular pattern. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this
article.)

meta-analyses demonstrating 27% increased preterm birth risk among
smokers, with increased risk evident even at low-intensity exposure

of 1-2 cigarettes daily [86,87]. Insulin resistance showed a strong
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association with gestational diabetes, with studies reporting a 5.3-
fold increased risk of hypertensive disorders and a 1.65-fold risk of
large-for-gestational-age infants in women with insulin resistance [88].
This metabolic dysfunction is linked to polycystic ovary syndrome
(PCOS), a disease entity showing 20.6% pooled gestational diabetes
incidence with some cohorts approaching 40% [72,89]. Among hor-
monal biomarkers, adiponectin, an adipocyte-derived protein, showed
predicted inverse correlations with concentrations below 10.29 mg/mL
combined with elevated BMI increases gestational diabetes risk [90],
whilst leptin, another adipokine, showed predicted positive associ-
ations confirmed by nearly doubled maternal serum concentrations
in preeclampsia (45.6 vs 27.0 ng/mL) [91,92]. Magnesium sulphate
was negatively correlated with preterm birth, which is consistent with
clinical evidence that antenatal magnesium sulphate reduces adverse
neonatal outcomes through fetal neuroprotection [93]. This correlation
does not imply efficacy in preventing preterm labour [94], and predic-
tions should be interpreted alongside clinical expertise and systematic
review evidence.

Several predicted associations showed biological plausibility when
cross-referenced against genetic and tissue-expression databases [59,
60]. YAP1 [95] and prostaglandin F2a [79,80] are two examples
where independent data sources support the predicted links. The sys-
tem also identified racism as a predicted risk factor for preeclamp-
sia, consistent with documented disparities where Black women with
preeclampsia demonstrate 60% higher risk for severe morbidity com-
pared to White women [96]. Chronic stress from racial discrimination
has been linked to HPA axis dysregulation and inflammatory pathway
activation [97,98], and the prediction reflects this. The KG captures
both biological and social determinants of pregnancy complications.
Socio-environmental and molecular factors are particularly relevant
for health disparities research. In practice, a clinician querying CRH
in PregBase receives 411 semantic chains across the maternal-fetal
hormonal cascade, with prostaglandins identified as the key interme-
diate and magnesium sulphate as negatively correlated with the CRH
pathway, consistent with its clinical use as a tocolytic agent (Fig. 6).
Cervical length not appearing as a mechanistic intermediate reflects
gaps in literature coverage rather than biological absence. Lower-
confidence connections require verification against primary sources.
The output does not replace clinical judgment, but points a clinician
towards the relevant mechanistic pathways without manually searching
thousands of papers. The accompanying web interface extends these
capabilities directly to clinicians and researchers without programming
expertise. By enabling intuitive exploration of multi-hop biological
relationships, users can trace mechanistic chains, identify candidate
biomarkers, and generate hypotheses that integrate evidence across
thousands of studies. The extraction pipeline is also structured to sup-
port incremental literature integration as new findings emerge, working
towards a long-standing need for current and computable knowledge in
maternal health research.

4.3. Limitations and future work

Our developed combination of the KG and link-prediction mod-
els enables the discovery of previously unrecognised associations by
analysing patterns across literature-derived relationships. These in-
ferred links can generate valuable hypotheses but require careful in-
terpretation. For example, the observed inverse association between
smoking and preeclampsia reflects a well-documented epidemiological
paradox where light to heavy smoking shows reduced odds ratios
(0.66-0.51) for preeclampsia despite being harmful for other preg-
nancy outcomes [78], underscoring that our system reveals correlations
present in the literature but does not serve as proof for causality.
The lower Cochrane recovery rate for preeclampsia partly reflects im-
perfect entity normalisation. Although UMLS maps “pre-eclampsia” to
the preferred term “preeclampsia”, 14 triples retained the hyphenated
form, reducing matching coverage for Cochrane interventions using
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this spelling. Additionally, preeclampsia-specific interventions are un-
derrepresented in the corpus relative to preterm birth and gestational
diabetes, with only 4 of 123 recovered interventions present as directly
extracted triples. As with all approaches grounded in observational
data, distinguishing genuine biological mechanisms from confound-
ing remains a fundamental limitation. Extracted knowledge was also
evaluated for three pregnancy complications only.

Errors in text extraction or entity mapping may also influence
results, particularly in high-stakes clinical contexts. Manual inspection
of 100 randomly sampled Tier 3 triples showed that 89% failed due
to low entity similarity or vague process terms absent from UMLS,
10% used relation types outside the defined schema, and 1% had
truncated entity strings. Most discarded triples were rejected by the
UMLS validator rather than being incorrectly extracted. Knowledge was
generated using a single model and, despite comprehensive benchmark-
ing, systematic errors such as hallucinated entities cannot be fully ruled
out. Further analysis of low-scoring predictions identified spurious
associations, including Sacroiliac Joint linked to preeclampsia and par-
enthood correlated with preterm birth, driven by co-occurrence artefacts
in the literature corpus rather than biological signal. A formal false
discovery rate cannot be estimated without experimental ground truth
for novel predictions. Predicted links reflect statistical associations in
the literature and do not imply causality. Expert review and iterative
refinement, therefore, remain integral to responsible use. The pipeline
has not undergone formal human expert evaluation on pregnancy-
specific text, which remains a priority for future work, as does formal
evaluation of the chatbot component. The corpus also spans over six
decades of shifting clinical terminology, which UMLS normalisation
only partially resolves. Full-text extraction was limited to PMC open-
access articles, which may not fully represent the breadth of pregnancy
literature. The corpus is drawn from PubMed, which overrepresents
English-language research and may underrepresent findings from low-
and middle-income countries where pregnancy complications are most
prevalent. Extracted triples are treated equally regardless of publication
date. Older articles may contain outdated or superseded findings that
have since been contradicted. Nonetheless, the modular architecture
of the pipeline allows easy adaptation to new datasets, biomedical
domains, and analytic tasks. Formal quantitative evaluation of nested
triples in downstream tasks remains future work. The structured repre-
sentation of pregnancy knowledge created here establishes a scalable
foundation for broader applications, including automated synthesis in
other areas of maternal and reproductive health.

The web interface is maintained on a six-monthly update cycle as
the platform matures. Future development will focus on integrating
external evidence sources, such as electronic health records, clinical
trial registries, and patient-level data, to enable more personalised and
clinically relevant analyses. Continuous ingestion of emerging litera-
ture and validation against independent datasets will further enhance
robustness. Additionally, formal user studies with clinicians and re-
searchers are needed to validate how the interactive interface supports
practitioners in accessing and utilising the knowledge base for clinical
decision-making and research workflows. These efforts will maintain
PregBase’s role as a transparent, research-oriented resource that bridges
discovery and clinical translation.

5. Conclusion

We introduced PregBase, a comprehensive knowledge system that
provides automated literature extraction, knowledge validation, link
prediction, pathway reconstruction, biomarker prediction, and interac-
tive exploration through natural language querying. To our knowledge,
PregBase is the first hybrid and interactive knowledge system specifi-
cally designed for pregnancy research. We believe PregBase will offer
a clear base for understanding how biological signals, clinical findings
and risk factors interact across maternal outcomes. Our built KG gathers
evidence from thousands of studies into one resource that reflects
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established biology and also reveals new patterns in the literature. In
addition, our knowledge database creates the conditions needed for
more systematic discovery in pregnancy research. Its modular design
allows easy expansion with new data and new research needs. We be-
lieve our framework serves as an important step towards an integrated
and data-driven understanding of pregnancy outcomes.
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