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ABSTRACT 
Digital prediction tools are progressively being utilized in the field of high-risk pregnancy care to diagnose 
preeclampsia, gestational diabetes and preterm birth and intrapartum fetal compromise. However, discrimination 
statistics are not the sole determinants of the clinical value of artificial intelligence. Development of trust in risk 
communication is based on how a prediction is explained, verified, governed and connected to collective action. 
This is a secondary fast review that analyzes the human-centred trust in AI-supported risk communication during 
high-risk pregnancy care. Thematic analysis coding was the primary means of coding evidence across patient-facing 
pregnancy digital tools, preeclampsia prediction, prediction of gestational diabetes, preterm prediction and 
cardiotocography/acidemia detection. Four themes were created: a high level of trust exists when AI assists rather 
than substitutes for clinicians; explainability and communication translate risk scores into actionable interpretations; 
prediction models have excellent potential but weak methodology; and equity, privacy and workflow suggest trust to 
levels beyond AUROC. This review concludes that AI can reinforce risk communication through providing earlier 
review, personalised counselling and regular escalation. Prospective impact, calibration, subgroup performance, 
clinician override, anxiety effects and patient understanding are not well reported in model-centred evidence, 
however. It is not an anti-AI argument based on the argument here. Instead, responsible obstetric AI needs to be 
developed as a communication and care-relationship technology. Human-centered implementation, as part of it, 
should include local validation, explainable output, clinician accountability, privacy protection, an equity audit, and 
plain-language shared decision-making. 
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INTRODUCTION 
Before it is a technology problem, it is high-risk 
pregnancy care, which is a trust-sensitive mode of 
risk communication. A pregnant woman who is 
informed that she might get preeclampsia, gestational 
diabetes, preterm birth or fetal compromise is not 
being given a probability. Uncertainty is demanding 
the reinterpretation of her body, her fetus, her future 
appointments and in some instances her birth plan. 
The area is now being penetrated by artificial 
intelligence (AI) due to the creation of large amounts 
of data in routine and intrapartum antenatal and 
signal-based care. Machine learning systems can 
analyse electronic health records, lab results, 
ultrasound images, blood pressure readings, 
cardiotocography images, and even data from health 
monitoring apps. The guarantee is the prior 
acknowledgement of the possibility of preventable 
damage. The danger is that women will get opaque, 
poorly framed or provocative outputs that undermine, 
not upgrade, shared care. 
There are high stakes. Statistics on maternal health 
worldwide, a great deal of which has been compiled, 

reveal that much remains to be done. It is estimated 
that about 260,000 women died due to maternal 
causes in 2023, and the World Health Organization 
estimated that there were over 700 deaths each day in 
2023 of women caused by preventable childbirth and 
pregnancy-related reasons (UNICEF, 2025; World 
Health Organization [WHO], 2025a). It is not 
exceptional cases but high-risk conditions. Globally, 
preeclampsia occurs in 3-8% of pregnancies and is 
one of the top causes of maternal and neonatal 
morbidity (American College of Obstetricians and 
Gynecologists [ACOG], 2020; WHO, 2025b). The 
prevalence of gestational diabetes is about 1 in 7 
pregnancies worldwide, and estimates vary 
depending on the population and diagnostic criteria 
(International Diabetes Federation [IDF], 2025; 
Wang et al., 2021). Preterm birth is also significant: 
WHO estimates that in 2020, 13.4 million preterm 
babies were born, or nearly a tenth of all live births 
(WHO, 2023). These statistics are a plausible entry 
point for community health into AI-powered risk 
communication. When predictive tools can recognize 
the threat at an earlier stage and assist in 
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communicating out-of-action plans to clinicians, they 
can enhance prevention, surveillance and timely 
referral. 
However, risk prediction is not the same as risk 
communication. One model can have a high AUROC 
value. Still, patients might not interpret the value, the 
reasons the score changed, what data was used, 
whether the model is effective for someone like them, 
or who is responsible in the case of a prediction error. 
Moral and emotional complexity increases these 
concerns in pregnancy. Motions can influence the 
well-being of the mother and fetus, including 
relatives and result in interventions like aspirin 
prophylaxis, glucose checks, hospitalization, 
induction, caesarean section or neonatal intensive 
care planning. A false negative can delay care. False 
positive can add burden, stress and intervention to 
surveillance. Reliance by humans is thus an 
appropriate form of trust and not blind trust. 
This article embraces the terminology of human-
centre trust to imply a justified belief that AI-
intensified risk communication will be clinically safe, 
intelligible, supervised, respectful and fair. This is 
unlike mere technology acceptance. A woman might 
believe an app because of its convenience, but still 
mistrusts a risk score provided by an algorithm 
without interpretation or validation by a clinician. On 
the other hand, she may be afraid of AI. Still, she can 
accept it when her midwife or obstetrician assures her 
that it is a second opinion, not a substitute for 
professional judgement. The review question is: How 
can AI-assisted risk communication in high-risk 
pregnancy practice foster human-centred trust and 
safeguard safety, equity and patient agency? 
This research cross-tabulates multiple high-risk 
pregnancy areas rather than treating obstetric AI as a 
homogeneous unit. Third, it is critical of both 
methodology and outputs, in that clinical trust is 
based on design decisions, including retrospective 
versus prospective validation, external validation, 
interpretability, patient participation, workflow 
integration and subgroup testing. The algorithm alone 
does not generate trust as depicted in Figure 1. It 
arises when clinical information, AI estimates, 
clinician evaluations, plain-language communication, 
and governance defenses interact collectively. 

 
Figure 1. Human-centred trust framework for AI-

supported risk communication. 
Literature Review and Theoretical Positioning 
The literature review is based on secondary reviews, 
conceptual theory and clinical guidance and not on 
the primary studies, which will be coded later within 
the findings. This distinction is significant since the 
critique of AI in maternal and fetal health frequently 
summarises a blend of model development papers, 
feasibility reports and commentaries, which may 
confuse the evidence and its interpretation. Reviews 
indicate that there is increasing interest in 
individualised maternal and fetal AI, including 
screening, monitoring and decision support, but 
caution that most models are still in the early stages, 
are technically heterogeneous and are not yet in 
regular practice (Correia et al., 2025; Davidson et al., 
2025). Equally, machine learning has been written 
about in systematic reviews of preeclampsia and 
cardiotocography, with promising measures of 
prediction; however, reporting is inconsistent, 
definitions of outcomes vary, and ultimately, 
outcomes are not prospectively validated (Ahmed et 
al., 2024; Petrozziello et al., 2019). 
The initial lens is trust concerning automation theory. 
According to Lee and See (2004), trust ought to be 
tuned towards the purpose, process and performance 
of a system. Mistrust can prevent the adoption of 
useful support under-trust, whereas it can cause 
automobile bias and a lack of vigilance under-trust. 
The two errors are possible in obstetrics. One 
clinician might choose to ignore an honest alert due 
to the tool being opaque or intrusive, and another 
might over-trust an ostensibly accurate score without 
verifying whether the patient is different from the 
development population. Confidence in automation 
thus endorses a monitored pattern of AI, whereby 
clinicians retain the decision, explain results and 
clarify uncertainty to patients. 
One of the second lenses follows the technology 
acceptance theory. Towards this end, Davis (1989) 
and subsequent UTAUT studies state that perceived 
usefulness, ease of use, social influence and 
facilitating conditions influence adoption (Venkatesh 
et al., 2012). These are applicable yet incomplete 
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concepts to high-risk pregnancy care. A risk score 
might benefit the hospital and be something 
clinicians can conveniently find, but a patient might 
feel threatened or alienated. That is why the use of 
patient-centred care and shared decision-making is 
required as some supplementary frameworks. Values 
should be respected, information provided clearly, 
and emotional support and involvement in decision-
making are imperative in patient-centred care 
(Institute of Medicine, 2001). Communication should 
also not make the woman a risk category in high risk 
pregnancy. It ought to make her aware of the risk, the 
options available, the trade-offs involved, and the 
care she will react to. 
The theory of risk perception enriches this. Slovic 
(1987) demonstrated that people's responses to 
hazards were driven by dread, control, familiarity, 
catastrophic potential and trust in institutions rather 
than by statistical probability. Numeric accuracy is 
not the only influence on AI-assisted pregnancy risk 
communication, then. A woman can react in different 
ways to the 20% of preeclampsia risk based on 
whether there is a past trauma, whether they know 
what preeclampsia is, whether they feel in control of 
the hospital or whether they feel that the number of 
the population computed the score. Good risk 
communication should articulate uncertainty without 
amplifying fear. Timely surveillance, joint planning 
and guidance have already been highlighted in 
clinical guidelines on hypertension and diabetes in 
pregnancy (ACOG, 2020; NICE, 2020, 2023). 
Instead of opening up a parallel black-box channel, 
AI ought to enhance these procedures. 
The solution to distrust is often proposed as 
explainable AI; however, the literature is skeptical. 
Miller (2019) asserts that useful explanation is social: 
we desire contrastive, selective and actionable 
explanations, and not the weights of technical 
features. Health-care reviews also indicate that 
explainability can positively affect clinician trust but 
also generate false reassurance when visually 
compelling but clinically inaccurate explanations are 
provided (Rosenbacke et al., 2024). In the case of 
pregnancy care, SHAP plots, risk factor rankings, or 
saliency maps are insufficient. They should be 
converted into communication that is relevant to 
patients, e.g., what modifiable factors exist, how 
monitoring will adapt, which red flags to be attentive 
to, and when to seek emergency care. 
Moreover, lastly, responsible AI literature focuses on 
privacy, accountability, fairness and governance 
(Char et al., 2018; WHO, 2021). These are the main 
principles of pregnancy since reproductive 
information is very sensitive and inequitable models 
may serve to increase existing disproportions. 
Maternal risk is defined by ethnicity, socioeconomic 

status, geography, comorbidity, access to care, 
language, disability and previous obstetric history. 
When AI models are trained on small groups or 
poorly recorded data, they can give a false sense of 
security to underrepresented groups. This is why the 
literature upholds a human-centred model whereby 
trust is based on performance; however, it is also on 
representation, supervision, explanation, acceptance 
and constant audit. 
METHODS 
The secondary rapid review design was employed. It 
was secondary since no recruitment or additional 
clinical data were collected. The review used an 
adapted PRISMA logic for transparent searching and 
screening. However, it was not formatted as a 
complete systematic review because the aim was an 
interpretive thematic synthesis rather than a 
comprehensive meta-analysis (Page et al., 2021). The 
approach involved integrating structured searching, 
eligibility criteria, primary-study extraction, critical 
appraisal and thematic analysis. 
The sources of literature reviews were not restricted 
and included secondary reviews, theories, ethical 
bases, clinical guidelines and conceptual papers. The 
following were sources that were used to frame trust, 
risk communication, AI governance and high-risk 
pregnancy care. They, however, were not coded as 
findings. It was chosen to limit the findings section to 
primary empirical studies, such as qualitative studies, 
mixed-methods studies, retrospective and prospective 
cohort model-development studies, external 
validation studies and reader or signal-analysis 
studies in pregnancy-related AI or digital monitoring. 
This was done to minimize circularity. It does not 
allow a review to take the interpretations of other 
authors as though they are new empirical results. 
They theoretically grouped the searches based on five 
empirical domains: patient/pregnant-person trust in 
AI and digital monitoring; predicting preeclampsia, 
gestational diabetes, and preterm birth; and predicting 
intrapartum fetal monitoring or acidemia. The 
eligible studies were primary research, included 
pregnancy, fetal monitoring or antenatal risk and 
reported data pertinent to prediction, digital risk 
communication, patient trust, clinical interpretability 
or implementation. Findings were not considered in 
cases where the studies were editorials, protocols, 
reviews, theoretical papers, or were merely technical 
reports of no interest in pregnancy and secondary 
summaries. The last thematic results were based on 
20 primary studies, published predominantly between 
2020 and 2026. The emphasis on recent research was 
appropriate, as the AI approach to obstetrics and the 
demands of responsible AI have evolved rapidly. 
The data extraction included study domain field, 
design, sample or datasets, AI or digital process, 
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outcome, relevance of trust or communication and 
methodology limitations. The methodological 
critique assessed whether the studies were 
prospective or retrospective, whether they had 
external validation, whether they reported calibration 
and subgroup performance, whether they reported 
patient or clinician communication, and whether the 
models were related to the workflow. The importance 
of this is that retrospective data cannot show that a 
model that works well in high-risk pregnancy care 
can be explained and operationalised safely in an 
antenatal clinic. 
Thematic analysis was adapted from the reflexive 
approach of Braun and Clarke, which was designed 
to combine documents and synthesize evidence 
(Braun and Clarke, 2006, 2021). The first codes were 
clinician oversight, patient explanation, privacy, 
model validation, calibration, external 
generalisability, subgroup bias, workflow burden, 
false positives, false negatives, escalation, and 
anxiety. The comparison of codes was conducted 
across domains, followed by combining the codes 
into four analytical themes. The counting of the 
themes was not mechanical. Counts were, rather, 
supportive in their nature as a descriptive tool, and 
the interpretation was made on how evidence, as 
gathered through various research methods, either 
concurred or did not. The distribution of primary 
studies per domain is presented in Figure 2, and the 
relative intensity of thematic coding across domains 
is presented in Figure 3. 

 
Figure 2. Distribution of primary studies coded in the 

thematic analysis. 
As Figure 2 demonstrates, primary evidence was 
concentrated around both preeclampsia and 
gestational diabetes, with fewer studies directly 
aimed at patient trust or communication via the app. 
This asymmetry is important since a human-centred 
trust review can not be based solely on model 
measurements. An acceptable discriminatory 
preeclampsia model still can fail, when it develops an 
unexplainable high-risk imprint which a woman 
perceives as an accusation or as a fright. Likewise, a 
fetal monitoring algorithm can enhance the 
recognition of acidemia. However, it may also 

increase the number of caesarean procedures, as 
clinicians and patients may perceive alerts as orders 
rather than as decision-support information. 
FINDINGS 
AI as Clinical Support, Not Replacement 
AI earns the most trust when it assists clinicians 
rather than replaces them. This was consistent with 
the patient-facing studies. Research by Oprescu et al. 
(2022) demonstrated that pregnant women were 
interested in AI when it was responsible, useful, safe 
and explainable. However, the lack of trust and 
privacy issues decreased enthusiasm. Similar cases 
involving communication and monitoring tools were 
observed by Lazarevic et al. (2023). However, this 
interest was also linked to continuity, reassurance, 
and access to professionals, rather than independent 
self-diagnosis. Such discoveries are consistent with 
and refine the technical studies. Li et al. (2024) and 
Eberhard et al. (2025) applied interpretable or 
longitudinal modelling to enable repeated clinical 
prediction in preeclampsia, but neither study showed 
patient-facing conversations. McCoy et al. (2025) 
and Le Pennec et al. (2024) demonstrated deep 
learning's capability to process complex intrapartum 
signals. However, clinical trust would still be reliant 
on how obstetric teams respond to alerts under 
pressure. In the literature, AI seems to be most 
reliable in the role of a second reader, for early alerts 
or communication, rather than for obstetric judgment. 
Explainability as Risk Communication 
Explainability and communication transform risk 
scores into implementable knowledge. 
Interpretability tools were represented in several 
studies, particularly SHAP and feature importance. 
Khan et al. (2023) applied explainable machine 
learning to predict risk factors of preterm birth, and 
Li et al. (2024) applied SHAP to interpret 
preeclampsia prediction in a Chinese cohort. Hu et al. 
(2023) and Germaine et al. (2025) also used feature 
ranking or a history of previous pregnancy as an 
entry point for more personalised gestational diabetes 
risk assessment. These are good techniques because 
they go beyond black-box probability. The review, 
however, had a systematic discrepancy between 
technical explainability and human explanation. 
SHAP plot can inform clinicians that blood pressure, 
BMI, glucose, parity or previous obstetric history was 
a risk factor in a score. Still, it does not inform 
patients about what to do next or the degree of 
certainty. Human-centred risk communication needs 
a second step in translation: model feature to clinical 
meaning, clinical meaning to action plan and action 
plan to patient choice. 
Prediction Performance versus Methodological 
Weakness 
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Technically interesting but methodologically weak 
systems that predict. The main research was 
evidence-based and demonstrated remarkable 
performance in several areas. Artzi et al. (2020) 
predicted gestational diabetes using national EHR 
data, whereas Kang et al. (2023) added multicentre 
Korean data to predict time-windowed GDM. 
Eberhard et al. (2025) reinforced evidence for 
preeclampsia by predicting and externally validating 
longitudinally. Le Pennec et al. (2024) enhanced the 
credibility of fetal monitoring by cross-centre 
validation of DeepCTG 2.0. Nonetheless, a 
significant number of studies were retrospective, 
dependent on datasets, or had limited relevance to 
clinical outcomes. On 1,611 records, Cubillos et al. 
(2023) tested a large number of models, making the 
selection of the model more likely to reward local 
trends. Zhang et al. (2023) found a significantly 
greater predictive value for non-preterm than for 
preterm birth, reflecting how overall accuracy may 
conceal poor identification of the high-risk group. In 
the study by Esteban-Escano et al. (2022), a case-
control design was employed with a sample of 378 
infants, which is not sufficient to confirm proof of 
concept but cannot address real-time utility. The most 
trust-relevant studies, according to the methodology, 
were those that involved external validation, 
prospective data, explainability or multicentre testing, 
though these rarely addressed communication 
outcomes. 
Trust Beyond Accuracy: Equity, Privacy and 
Workflow 
Builds trust alongside working outside of AUROC 
requires equity, privacy and workflow. Figure 3 
reveals that equity, privacy, and workflow emerged 
across the domains; however, they showed reduced 
intensity compared to validation and explainability. 
This is the main flaw of the sphere. The majority of 
model studies considered average performance, 
whereas women do not care about average care. They 
are taken care of based on the language, comorbidity, 
ethnicity, geography, service access and confidence 
in the health system. The main reason Sufriyana et al. 
(2020) and Torres-Torres et al. (2023) were 
significant was that both authors took into account 
the Indonesian context and a middle-income country, 
rather than relying mainly on high-income datasets. 
Artzi et al. (2020) and Kang et al. (2023) were large 
national or multicentre studies, yet their limitation 
was population specificity. There was another 
concern: patient-facing work, where privacy and 
responsible use of data were paramount. Oprescu et 
al. (2022) demonstrated that a lack of trust or 
concerns about data can reduce the desire to use AI.  
One of the cross-cutting observations is that the high-
risk pregnancy AI is presently performing more of a 

predictive role than a communicative one. A common 
conclusion of prediction studies is that clinical 
implementation would be possible, whereas a 
common conclusion of studies at the patient level is 
what they require for implementation. The thing is 
that there are seldom crossings of these streams. This 
evidence suggests adopting a hybrid approach: risk 
algorithms need to be vetted at the local level and 
subsequently integrated into clinician-led discussions, 
rather than presented as single alerts. Outputs 
required by clinicians are actionable and calibrated. 
Specific, plain-language, emotionally sensitive 
explanations are required of patients. Audit trails, 
override mechanisms, and subgroup monitoring 
should be developed in health systems. It is possible 
that, without these, AI may add risk labelling while 
leaving trust unchanged. 
Table 1. Primary empirical studies were included in 
the thematic findings. 
Domai
n 

Stud
y 

Design 
and data 

Trust or 
commun
ication 
relevanc
e 

Method
ological 
critique 

Patient 
trust 
and 
digital 
tools 

Opres
cu et 
al. 
(2022
) 

Prospectiv
e 
qualitative 
descriptiv
e study 
with 150 
pregnant 
patients in 
Spain. 

Women 
wanted 
responsi
ble, safe 
and 
useful 
AI, as 
well as 
clearer 
explanati
ons. 

Strong 
patient 
relevanc
e, but 
preferen
ces were 
hypothet
ical and 
from 
limited 
settings. 

Patient 
trust 
and 
digital 
tools 

Lazar
evic 
et al. 
(2023
). 

Mixed-
methods 
survey 
and 
interviews 
on 
pregnancy 
app 
features. 

High 
interest 
in 
commun
ication 
tools and 
selected 
monitori
ng 
functions
. 

Rich 
user 
voice, 
but 
pandemi
c context 
and self-
selected 
digital 
users 
limit 
transfera
bility. 

Preecla
mpsia 

Sufri
yana 
et al. 
(2020
). 

Nested 
case-
control 
prediction 
using 
Indonesia
n national 
insurance 

Shows 
potential 
for 
populati
on-scale 
early 
warning. 

Administ
rative 
data 
offer 
scale but 
limited 
clinical 
nuance 
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Domai
n 

Stud
y 

Design 
and data 

Trust or 
commun
ication 
relevanc
e 

Method
ological 
critique 

data. and 
commun
ication 
outcome
s. 

Preecla
mpsia 

Tarca 
et al. 
(2022
) 

Longitudi
nal 
prediction 
using 
maternal, 
biophysica
l and 
biochemic
al 
markers. 

Dynamic 
risk 
estimatio
n can 
support 
repeated 
counselli
ng. 

A 
biomark
er-
depende
nt 
strategy 
may be 
difficult 
to 
impleme
nt in 
lower-
resource 
settings. 

Preecla
mpsia 

Torre
s-
Torre
s et 
al. 
(2023
) 

Machine 
learning 
prediction 
in a 
middle-
income 
country 
setting. 

Tests 
transport
ability 
beyond 
high-
income 
datasets. 

Resource 
relevanc
e is 
strong, 
but 
impleme
ntation 
and 
patient 
understa
nding 
were not 
tested. 

Preecla
mpsia 

Li et 
al. 
(2024
). 

Population
-based 
cohort in 
China 
with 
multiple 
ML 
methods 
and 
SHAP. 

Explaina
bility 
can 
support 
the 
clinician'
s 
interpret
ation of 
risk 
factors. 

Single-
centre 
design 
and 
limited 
external 
validatio
n reduce 
confiden
ce. 

Preecla
mpsia 

Eberh
ard et 
al. 
(2025
). 

Longitudi
nal 
interpretab
le ML 
using 
EHR and 
external 
validation. 

Personali
sed 
repeated 
predictio
n 
supports 
risk 
commun

Still 
needs 
prospecti
ve 
workflo
w and 
patient-
facing 

Domai
n 

Stud
y 

Design 
and data 

Trust or 
commun
ication 
relevanc
e 

Method
ological 
critique 

ication 
over 
time. 

explanati
on 
studies. 

Gestati
onal 
diabete
s 

Artzi 
et al. 
(2020
). 

Nationwid
e Israeli 
EHR 
prediction 
across 
588,622 
pregnanci
es. 

Early 
GDM 
predictio
n could 
shift 
counselli
ng 
before 
routine 
screenin
g. 

Excellen
t scale, 
but 
national 
data may 
not 
transfer 
across 
ethnic 
and 
service 
contexts. 

Gestati
onal 
diabete
s 

Hu et 
al. 
(2023
). 

Case-
control 
XGBoost 
model 
compared 
with 
logistic 
regression
. 

Feature 
ranking 
may help 
explain 
risk 
contribut
ors. 

Case-
control 
design 
and 
modest 
temporal 
testing 
limit 
real-
world 
certainty
. 

Gestati
onal 
diabete
s 

Cubil
los et 
al. 
(2023
). 

Twelve 
ML 
models 
using 
1,611 
pregnancy 
records. 

Low-
cost 
variables 
could 
support 
early 
intervent
ion in 
resource-
limited 
care. 

A small 
dataset 
and 
many 
models 
increase 
the risk 
of 
overfittin
g. 

Gestati
onal 
diabete
s 

Kang 
et al. 
(2023
) 

Multicentr
e Korean 
retrospecti
ve data 
from 
34,387 
pregnanci
es. 

Time-
windowe
d 
predictor
s can 
align 
with 
antenatal 
visits. 

Ethnic 
specificit
y is 
useful 
locally 
but 
limits 
global 
generalis
ability. 

Gestati
onal 
diabete

Germ
aine 
et al. 

Retrospect
ive EHR 
study 

Previous 
pregnanc
y data 

Depende
nt on 
EHR 



Page: 8 4 8   

Human-Centred Trust in AI-Supported Risk Communication for High-Risk Pregnancy Care 
 

IJDDT, Volume 16 Issue 56s, 2026 

  

Domai
n 

Stud
y 

Design 
and data 

Trust or 
commun
ication 
relevanc
e 

Method
ological 
critique 

s (2025
). 

using 
current 
and 
previous 
pregnanci
es. 

may be 
used to 
personali
se early 
risk 
commun
ication. 

complete
ness and 
historical 
data 
availabili
ty. 

Preter
m birth 

Khan 
et al. 
(2023
) 

Explainabl
e ML in a 
prospectiv
e cohort of 
nulliparou
s and 
multiparo
us women. 

SHAP 
explanati
ons 
identify 
risk 
factors 
for 
clinician 
counselli
ng. 

Interpret
ability 
was 
technical
; patient 
compreh
ension 
was not 
measure
d. 

Preter
m birth 

Golds
ztejn 
& 
Neho
rai 
(2023
). 

Deep 
learning 
on 
electrohys
terogram 
recordings 
from 
public 
datasets. 

Physiolo
gical 
signals 
may 
identify 
risk 
beyond 
what 
routine 
history 
can. 

Small 
and 
specialis
ed 
datasets 
make 
clinical 
translatio
n 
uncertain
. 

Preter
m birth 

Zhan
g et 
al. 
(2023
). 

EHR-
based ML 
prediction 
study with 
5,411 
participant
s. 

Routine 
records 
may 
enable 
earlier 
identific
ation of 
PTB 
risk. 

Performa
nce 
imbalanc
e shows 
a risk of 
predictin
g non-
cases 
better 
than 
cases. 

Preter
m birth 

Wang 
et al. 
(2025
) 

Retrospect
ive 
compariso
n of 
logistic 
regression
, random 
forest, 
SVM and 
transforme
r. 

Modern 
deep 
learning 
may 
improve 
complex 
temporal 
predictio
n. 

Single-
institutio
nal data 
and a 
retrospec
tive 
design 
limit the 
evidence 
for 
workflo
w. 

Domai
n 

Stud
y 

Design 
and data 

Trust or 
commun
ication 
relevanc
e 

Method
ological 
critique 

Fetal 
monito
ring 
and 
acidem
ia 

Esteb
an-
Escan
o et 
al. 
(2022
). 

Case-
control 
EFM 
study of 
378 
infants 
using ML 
models. 

Random 
forest 
may 
support 
the 
interpret
ation of 
acidemia 
risk 
during 
labour. 

A case-
control 
design 
and a 
small 
sample 
size may 
overesti
mate 
clinical 
value. 

Fetal 
monito
ring 
and 
acidem
ia 

Dayd
ulo et 
al. 
(2022
) 

Deep 
learning 
from 
CTU-
UHB 
cardiotoco
graphy 
signals. 

Automat
ed fetal 
distress 
detection 
may 
reduce 
variabilit
y in 
visual 
interpret
ation. 

Public 
dataset 
modellin
g lacks 
testing 
of live 
workflo
w and 
outcome 
commun
ication. 

Fetal 
monito
ring 
and 
acidem
ia 

McC
oy et 
al. 
(2025
). 

Deep 
learning 
on 
multisite 
intrapartu
m EFM 
records. 

High 
sensitivit
y 
scenarios 
could 
support 
escalatio
n 
decisions
. 

Specifici
ty trade-
offs may 
increase 
intervent
ion 
unless 
commun
ication is 
careful. 

Fetal 
monito
ring 
and 
acidem
ia 

Le 
Penne
c et 
al. 
(2024
). 

DeepCTG 
2.0 
multicentr
e 
validation 
for 
neonatal 
acidemia. 

Cross-
centre 
validatio
n 
strengthe
ns 
confiden
ce in the 
model's 
robustne
ss. 

AUC 
variation 
across 
centres 
confirms 
the need 
for local 
calibrati
on and 
audit. 

Table 1 summarises the findings from the 20 coded 
studies. The body of evidence is not evenly 
distributed. The patient-facing studies directly 
explored patients' desires for AI and digital 
monitoring, whereas most prediction studies tested 
the model rather than communication. Large EHR 
studies, multicentre fetal-monitoring datasets were 
the strongest technical evidence. The best source of 
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trust was the qualitative and mixed-methods studies. 
The most generally weak aspect of the evidence base 
was the relationship between prediction and 
communication: not many of the studies had tested 
whether women interpreted the risk output, whether it 
went up or down with the feelings of anxiety, and 
whether it was better than shared decisions. 

 
Figure 3. Thematic evidence matrix showing relative 

coding intensity by evidence domain. 
DISCUSSION 
The results are consistent with the primary argument 
of this critique: human-centred trust in AI-assisted 
high-risk pregnancy care is a relationship-established 
construct, rather than a model attribute per se. This 
can be predicted by trust in automation theory, since 
proper dependence on the system is based on whether 
users understand the system's purpose, processes and 
performance (Lee & See, 2004). The primary 
researches attest to the inefficiency of performance 
on its own. The technical value of large EHRs like 
Artzi et al. (2020), Kang et al. (2023) and Eberhard et 
al. (2025) is evident, but nothing demonstrates that 
expecting women will comprehend and/or feel safe 
because of the outlet. On the contrary, Oprescu et al. 
(2022) and Lazarevic et al. (2023) demonstrate that 
women can be open to digital tools in case they 
enhance communication, continuity and 
responsibility. This contrasts with a model-centred 
concept of AI and a patient-centred concept of risk 
communication. 
The current results indicate that the perceived 
usefulness should be reconfigured for high-risk 
pregnancy rather than the technology acceptance 
theory. Convenience, speed or access might be 
usefulness in regular digital health. The protection 
against avoidable harm, agency preservation, and 
certainty that professionals are accountable also serve 
as useful in high-risk pregnancy. An application that 
tracks swelling can be acceptable if it enables a 
woman to share a concern with a clinician, as 
proposed by Lazarevic et al. (2023). An acceptable 
preeclampsia score can exist when the practitioner 
clarifies how it will be used to inform the woman 
about blood pressure care, symptom education and 
education, rather than merely defining a woman as at 

risk. Thus, usability is ineffective. The usefulness of 
the technology involves the communication pathway 
surrounding the tool. 
The results also cast doubt on the future of 
explainable AI. Theoretically, explainability is the 
aspect that can instill greater trust in predicting 
because it exposes the reasons why a model produced 
a given prediction (Miller, 2019; Rosenbacke et al., 
2024). Explainability in the original papers was 
typically technical, such as SHAP values, explainable 
feature weights or interpretable longitudinal risk 
factors (Eberhard et al., 2025; Khan et al., 2023; Li et 
al., 2024). These are superior to opaque output, yet 
they may fall short of fostering patient 
comprehension. The reason is the risk perception 
theory. A woman might not simply enquire what 
variables resulted in this score (Slovic, 1987). Thus, 
the explanation must be emotionally and clinically 
meaningful. Human-centred AI must deliver 
technical explanations to clinicians and risk 
narratives in the form of action to patients. 
The most significant variation among primary studies 
concerns validation. The methodologies of studies 
such as Le Pennec et al. (2024), McCoy et al. (2025), 
Kang et al. (2023) and Eberhard et al. (2025) are 
stronger than those of small single-site or case-
control studies, as they employ larger multicentre or 
external validation designs. Trust is not, however, 
sealed even with solid validation. Even a fetal-
monitoring model with an AUROC above chance 
might require fine-tuning of the threshold due to 
potential compromises in favor of specificity and 
unnecessary actions at high sensitivity. In the same 
way, the prediction of gestational diabetes at an early 
stage can help in the lifestyle counselling; they 
should not be blamed and burdened by the diagnosis 
in advance. This is why risk communication should 
specify both benefits and uncertainties. A score is 
meant to spark discussion about possibilities rather 
than make a predictive statement. 
The least developed dimension is equity. Fairness, 
accountability and governance were identified in the 
literature review as a vital component of responsible 
AI (Char et al., 2018; WHO, 2021). The target 
populations of the studies varied geographically, 
including Indonesia, China, Chile, Korea, Israel, 
Ireland, Spain and multicentre fetal datasets. 
However subgroup audit was inconsistent. This poses 
a significant drawback since the result of high-risk 
pregnancies is socially patterned. Models that have 
been trained on groups that are better documented 
might not perform as well on women with less 
antenatal access, language barriers, migrants, 
disability, or who are less represented by ethnic 
groups. When AI-mediated communication provides 
a woman with confident affirmation when her data 
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pattern is not well represented, trust is not misplaced. 
It becomes unsafe. There needs to be a report of 
calibration, sensitivity, specificity and clinical utility 
with respect to the relevant subgroups in future 
research and testing whether the explanations are 
comprehended across literacy and language groups 
must occur in the future. 
The results can be comparable to the patient-centred 
care theory. Patient-centred care involves 
communication, respecting of values and 
participation in decision-making (Institute of 
Medicine, 2001). Women found communication tools 
and responsible design important in this review, with 
the patient-facing studies shedding more light on 
these values. The prediction studies had potential 
clinical usability although they were not typically 
patient-centred in their measurements. They failed to 
inquire whether women found the outputs 
comprehensible, whether clinicians used the outputs 
in mutual decision-making, or whether alerts affected 
anxiety and trust. This is not just a reporting gap, but 
a methodological gap. In case of a human centred 
trust goal, patient-reported outcomes, decisional 
conflict, perceived understanding, trust in clinician 
and system, privacy concern, experience of risk 
communication should be evaluated. 
Another implication is that high-risk pregnancy AI is 
to be considered as a service intervention. The model 
is just one aspect. The intervention includes antenatal 
booking, laboratory testing, the availability of 
ultrasounds, midwife contact, clinician review, and 
pathways of escalation, emergency advice, 
documentation, and follow-up. The predictive value 
of a model that predicts preeclampsia at 20 weeks 
cannot be very useful with a care system without the 
capability to rapidly review or administer aspirin 
counselling. A cardiotocography algorithm cannot be 
valuable when it disrupts the working process and 
does not define whether something should be done. 
This service viewpoint is the reason why the current 
results are different to the purely technical review of 
AI. Technical reviews are required, but it can 
overstate preparedness when not discussing 
workflow, communication and governance. 
The discussion has thus taken a conservative yet 
positive stance. High-risk pregnancy risk 
communication can be enhanced with AI making the 
risk earlier, more personalised and more reviewable. 
When it is dark, not well-validated, inequitable or not 
linked to clinician explanation, it can sabotage trust. 
Supervised, explainable and accountable decision 
support is the most defendable approach. Under this 
model, the clinician is still in charge of interpreting 
the score; the patient gets an explanation in plain 
language; performance is audited by the health 

system; and the tool is altered or discontinued in case 
of inequitable or hazardous impacts. 
Implications for Practice and Research 
To be applicable in clinical practice, AI-assisted risk 
communication ought to be based on five principles. 
To begin with, each AI-generated risk product must 
have access to a named clinical action, including 
repeat blood pressure, glucose, fetal growth check, 
safety-net and labour-escalation advice. Second, the 
clinicians need to clarify whether it is a tool to help in 
screening or the second reader or a monitoring 
support, as patients must understand that AI does not 
supplant professional judgement. Third, plain-
language and probabilistic explanations must be 
offered: it is more credible for the tool to indicate that 
you are at higher-than-average risk, and we will 
oversee you more closely than if no explanation of 
your risk is provided. Fourth, health systems are 
expected to make information on data use and 
privacy protection available in easily understandable 
language. Fifth, local teams are expected to oversee 
false positives, false negatives, interventions, patient 
anxiety and subgroup performance. 
In research, the field must have fewer isolated 
retrospective models and implementation studies. In 
the future, primary studies should be carried out by 
integrating model validation and communication 
outcomes. Randomised or prospective research 
would (possibly) determine whether AI-assisted 
counselling enhances understanding, monitoring 
compliance, prompt presentation of warning signs, 
contentment and maternal or neonatal outcomes. The 
qualitative study ought to comprise women of 
varying literacy levels, ethnic communities, 
migration backgrounds and resource backgrounds. 
Methods are supposed to report on calibration, 
analysis of decision-curve, missing data, justification 
of threshold, external validation and subgroup 
performance. In the absence of these factors, research 
can be technically interesting but not suitable to high-
risk care that requires trust. 
A reporting recommendation is also proposed using 
the thematic analysis. Best practices Obstetric AI 
research must incorporate a concise communication 
and governance statement that includes information 
about who is told about the prediction, who describes 
the prediction, what happens next, how it is 
communicated to the patient, how privacy is 
preserved, how bias is audited, and how clinician 
override is reported. This statement would render the 
social pathway of the model observable. It would also 
assist reviewers to tell the difference between 
predictive novelty and the implementable care 
improvement. 
CONCLUSION 
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Human-centred trust on AI-aided risk communication 
during care of high-risk pregnancy may not be 
modelable to accuracy. The main evidence explored 
in this section reveals that AI can be used to predict 
preeclampsia earlier, gestational diabetes, preterm 
birth, and fetal compromise, and that expectant 
women can accept digital assistance when it enhances 
communication and responsible care. But the 
evidence has its crucial gaps as well. A variety of 
models are retrospective, locally validated, 
technically described and not patient-described, and 
weakly assessed to equity, privacy and workflow. 
Autonomous risk labelling is not the most reliable 
future of obstetric AI. It is patient-centred, clinician-
supervised, explainable and locally validated decision 
support. Risk needs to be more understandable and 
actionable, rather than more opaque with the help of 
AI. Trust is developed in high-risk pregnancy in 
cases where women can realize that the technology is 
safe, responsible, reasonable and relatable to human 
care. 
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