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ABSTRACT

Maternal and child healthcare remains a key global health challenge in low-resource settings. Insufficient training of healthcare workers and the unavailability of skilled medical personnel have led to high maternal and neonatal mortality and pregnancy-related complications. Addressing these challenges is critical for improving healthcare outcomes in these regions. Artificial intelligence (AI) applications have demonstrated significant potential for improving maternal and child health by enabling personalized care and supporting data-driven clinical decision-making. These technologies offer practical solutions for overcoming systemic barriers. The integration of AI into health systems enables predictive analytics, telemedicine, and automated diagnostics. Projects such as interoperable AI language modules and solar-powered mobile health units have effectively enhanced maternal and child health services. Countries including the United States, India, Kenya, Uganda, and the Philippines have implemented AI models to deliver focused care for pregnant women and neonates. However, challenges such as poor infrastructure, limited acceptability, lack of medical expertise, and data confidentiality concerns remain. Enhancing healthcare professionals’ training, conducting trials of AI models, and embedding AI into existing healthcare systems can substantially reduce these limitations. With ongoing development, AI is poised to shape the future of maternal and child healthcare and address most implementation barriers. This review includes studies published between January 2010 and November 2024, with the final database search conducted on November 20, 2024.
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Introduction

Maternal and child healthcare has tremendous burdens in resource-limited parts of the world. From a case report, an estimated 800 women die daily due to pregnancy complications, mostly occurring in third-world countries due to less readily available health centers.1 In 2020, the maternal death ratio was 13 per 100,000 in developed countries versus 430 per 100,000 in developing areas.2 The World Health Organization (WHO) has reported that 95% of maternal deaths in developing countries could have been prevented if they had received proper care.2 The same applies to the incidence of neonatal mortality: in countries such as Australia, Canada, and the United States, the incidence is less than 10 per 1,000 live births, but in countries such as Niger, Chad, and other developing countries, it is greater than 10 per 1,000 live births.3 UNICEF also highlights the grim reality that a child born in an underserved area with low resources is 18 times more likely to die before the age of five than a child born in a highly developed area with adequate healthcare.3 Contributing to such statistics are lower access to quality healthcare, inadequately trained staff, and late diagnosis.4 The challenge of an aging global population is among the central problems to be managed through early screening and tracking to relieve the burden in poor-resource settings, and artificial intelligence (AI) has been reported to deliver promising results with enhanced diagnosis and prognosis prediction.5Figure 1 illustrates the issues related to maternal health and interventions. Bridging the urban-rural gap is crucial for guaranteeing an equal and enhanced healthcare system.
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Fig 1 | Key challenges in maternal and child health and digital solutions. It highlights the significant challenges in maternal healthcare, such as limited access to services, a shortage of trained staff, poor health data management, and delayed diagnosis. It also showcases how digital health technologies, like telemedicine, AI decision-support tools, wearable devices, electronic medical records, and mHealth apps, can solve these problems. These solutions bridge gaps in healthcare delivery and improve outcomes for mothers and children in low-resource settings


Digital health initiatives, such as telemedicine, telehealth, and mobile health (mHealth), could be advantageous through increased access to medical care in remote or underserved areas and improved management of medical information.6 Digital health and AI technologies are transforming healthcare delivery in low-resource environments. For example, technologies such as OpenMRS, an electronic medical record (EMR) platform, are closing essential gaps in care and improving health services in developing countries.7 In addition to EMR, wearable healthcare technologies rank among the most promising applications of AI in child and maternal health.

These technologies can track maternal health indicators, such as glucose, blood pressure, and pulse, in real time, allowing for early diagnosis.8 Vital monitoring via AI-facilitated wearables has the potential to detect high-risk pregnancy or neonatal illness at an early stage, allowing effective and timely intervention to save lives. Thus, the use of AI in maternal and neonatal health, such as predictive models for maternal complications and diagnostics, has the potential to improve the standards of care and avoid unnecessary deaths. By incorporating AI into digital health programs, we can set the pace for accessible healthcare so that every mother and child can have a healthy life, regardless of where they are.



Methodology

The present narrative review discusses the literature proving the capability of digital health interventions in low-resource countries to use AI for the betterment of maternity and child health outcomes. Despite its nature as a narrative review, a systematic and open search strategy was utilized to guarantee complete detection of pertinent evidence and to improve reproducibility at the same time. A comprehensive literature search was systematically performed in the databases of PubMed, Web of Science, Scopus, and Google Scholar, and in addition, conducted for grey literature targeted from the recognized sources such as WHO, UNICEF, USAID, Save the Children, Jhpiego, and other well-known international health organizations and NGOs. The Boolean operators combined the keywords like “artificial intelligence,” “machine learning,” “deep learning,” “digital health,” “mHealth,” “telemedicine,” “maternal health,” “newborn health,” “child health,” “antenatal care,” “postnatal care,” “immunization,” “nutrition,” and the words describing resource-limited settings (“low- and middle-income countries” OR LMIC OR “developing countries” OR “resource-constrained” OR “low-resource setting”). The time frame for the search was limited to publications dated January 2010 to November 2024 in order to highlight the modern AI use only.

The inclusion criteria consisted of peer-reviewed articles, conference papers, preprints, and grey literature reports that either described or assessed AI or AI-augmented digital health interventions aimed at improving maternal, newborn, or child health outcomes or processes of care in low- and middle-income countries (LMICs) or other resource-poor settings, published in English (or with English full text/abstract available) during the period from 2010 to 2024. Studies undertaken solely in high-income countries with no clear connection to resource-limited areas, the use of digital tools without AI or machine learning (ML) features, research dealing only with non-maternal/child health outcomes, and editorials or opinion pieces lacking primary data or comprehensive intervention descriptions were the main reasons for exclusion.

The selection of studies is demonstrated in a PRISMA flow diagram (Figure 2). Initially, 1,234 records were recognized following the removal of duplicates, and the 892 titles and abstracts were subjected to a two-reviewer independent screening (MU, LS). If the reviewers had differing opinions, they would resolve the issue by discussing it with a third reviewer (HZ). After that, 214 full-text articles were checked for inclusion criteria, which led to the inclusion of 80 studies, including peer-reviewed publications and grey literature reports/preprints as well. Due to the review’s narrative nature and study designs’ heterogeneity (randomized trials, observational studies, pilot projects, and implementation reports), no formal quality assessment tool was applied. Rather, a structured rubric covering five domains was used to evaluate each included study: (1) clarity and reproducibility of the AI methodology, (2) appropriateness of the evaluation design for resource-limited contexts, (3) sample size and representativeness, (4) validity and clinical relevance of outcome measures, and (5) reporting of ethical considerations and potential biases. Studies were classified into high, moderate, or low methodological rigor categories. The included studies’ quality appraisal summary table is in Table S1.
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Fig 2 | PRISMA flow diagram. Illustration of the study selection process for the narrative review on the role of AI in enhancing maternal and child health in resource-limited settings


The credibility of grey literature and preprints was judged with an adapted version of the AACODS checklist (Authority, Accuracy, Coverage, Objectivity, Date, Significance). Reports from well-known worldwide organizations or implementing partners with evident authorship, open funding, and detailed methodology were kept. Preprints were considered only if they presented novel real-world insights that were not yet accessible in peer-reviewed literature. Data were narratively synthesized and organized thematically around AI applications, ethical issues, implementation difficulties, and gaps in evidence. To provide a transparent view of the review process, several limitations and possible biases are acknowledged: the limitation of the review to only English publications might have resulted in language bias; a large number of the studies that were included were small-scale pilots, one-center initiatives, or based on surrogate outcomes (for example, attendance or satisfaction rates) rather than hard clinical endpoints such as mortality or severe morbidity. The use of grey literature and preprints added practical implementation evidence to the review, but these are generally not peer-reviewed and may be more prone to reporting bias. Therefore, the overall certainty of evidence is still considered low to moderate.

Additionally, gray literature is not peer-reviewed for the most part, making it more susceptible to publication bias. Hence, while the initial findings look good, the certainty of evidence is low to moderate.9



Digital Health and AI Use in Maternal and Child Health

Maternal and child health in low-resource settings (LRS) faces persistent challenges, including limited access to services, long distances to facilities, poverty, and social stigma, which often deters women from seeking care. Fragmented care increases risks for both mothers and infants.10,11,12,13

Digital health technologies have emerged as effective bridges across public and private healthcare divides. Over 600 mHealth projects in developing countries demonstrate efforts to reach vulnerable populations.14 Mobile health (mHealth) apps reorient pregnant and postpartum women’s engagement with care by providing timely reminders, education, and support.15 The Adaptive Multi-Care (AM-Care) system integrates web- and mobile-based maternal and child health services, ensuring essential information accompanies the patient.16 Similarly, e-health systems enable computerized record storage and transfer, allowing continuous and coordinated care.17 These interventions have improved prenatal care attendance, expanded immunization coverage, and empowered women with actionable information.18Table 1 summarizes digital health interventions, including impacts, challenges, and regions of implementation.



Table 1 | Overview of digital health interventions in maternal and child healthcare in resource-limited settings

	Intervention
	Description
	Impact/Outcomes
	Challenges
	Regions/Settings




	Mobile Health (m-Health)
	Use of mobile applications for maternal and child health education, reminders, and remote consultations.
	Increased prenatal attendance, improved child immunization rates, and enhanced patient engagement.
	Limited internet connectivity, infrastructure issues, and cultural stigma.
	Widely implemented in LMICs.


	AM-Care Application
	Comprehensive healthcare services via net and mobile technologies, integrating maternal and child health management.
	Facilitates holistic healthcare plans and better patient care.
	It requires continuous internet access and technical training for users.
	Developing countries with some digital capacity.


	Remote Consultations
	Telehealth services give access to healthcare professionals.
	Improved access to prenatal and postnatal care, reduced travelling burden.
	Internet connectivity issues and the need for trained healthcare providers.
	Rural and underserved areas.


	e-Health Systems
	Digital storage and transfer of patient information to ensure continuity of care.
	Enhanced tracking of patient history and improved care continuity.
	Data exchange limitations and non-integrated health information systems.
	Resource-limited settings need structured







Despite these advancements, infrastructure limitations, unreliable Internet connectivity, disjointed health information systems, and insufficient technical training constrain their full potential.19,20 Strengthening digital infrastructure, workforce training, and public-private partnerships (PPPs) can enhance equitable access. The Rwandan Babyl platform effectively connects rural communities using AI-powered chatbots and telemedicine, whereas similar efforts in Nigeria faced connectivity and linguistic challenges (Figure 3).
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Fig 3 | Role of AI-powered tools in maternal and child healthcare. It highlights the key areas of impact such as diagnosis, monitoring, and personalized care


Building on these early digital successes, AI represents the next major opportunity to transform maternal and child health. AI systems have the potential to process large datasets, recognize subtle patterns of clinical importance, and facilitate timely decision-making.21 These systems are particularly relevant for use in maternal healthcare when high-risk pregnancies need to be managed, for which early intervention can be lifesaving. Nevertheless, research in this area remains limited.22

ML, a component of AI, facilitates enhanced data-based prediction and clinical surveillance.9 Its applications are as broad as those in diagnostic imaging, predictive analytics, and round-the-clock surveillance. Obstetric ultrasonography, for example, benefits from the application of AI, which enhances the accuracy and efficiency of fetal evaluation through the automated segmentation of biometric information.23 Wearable sensors allow for continuous monitoring of maternal vital signs, such as heart rate, blood pressure, and glucose levels, and can alert clinicians to impending complications before emergencies arise.24,25 Such interventional systems can prompt alerts and facilitate interventions and improve perinatal outcomes. Predictive models are increasingly being found to be useful for distinguishing high-risk from low-risk pregnancies. AI algorithms can anticipate preterm birth, gestational diabetes, and hypertensive disorders by analyzing ultrasound data, maternal blood profiles, and metabolic markers.26,27,28 Encouragingly, surveys show a growing willingness among women to embrace AI-assisted care during pregnancy.29 Collectively, these developments highlight capacity of AI to strengthen diagnostics and deliver individualized care at scale.30,31,32 For example, preliminary reports and ongoing research suggest that AI interventions identifying women at risk of postpartum hemorrhage and preeclampsia enable more prompt and beneficial interventions.33 Similarly, it has been proposed that AI could predict sepsis in neonates and detect the most important variables that may lead to sepsis, such as chorioamnionitis and respiratory rate.34

To predict neonatal jaundice, one study recommended the use of a smartphone application to determine the bilirubin level of a neonate, and the app results had a sensitivity of 86%.34 Another study confirmed that AI can represent the relationship between socioeconomic status and childhood malnutrition and can predict which children are prone to malnutrition.34 As Internet of Things (IoT) technology has been applied widely, several studies have been conducted to elaborate on its use in improving infant and maternal health. Li et al. conducted a similar study with the aid of IoT technology to provide real-time monitoring of pregnant women and fetuses in the womb, with a statistically significant (P < 0.05) difference between the experimental and control groups in parameters such as reduced medical staff workload and enhanced productivity.35

Taylor et al. developed a smartphone application called BiliCam to support the estimation of bilirubin levels in the neonate. They found a high correlation of 0.91 between the calculated value of bilirubin (with BiliCam) and the neonate’s total serum bilirubin value.35 Other studies with similar findings are listed in Table 2.



Table 2 | Case examples of AI applications in antenatal and postnatal care, with associated outcomes and benefits

	Reference
	Summary
	Outcomes and Benefits




	Corrêa et al.36
	Formation of Smart Chatbot ‘Lhia’ to educate mothers about breastfeeding
	93% accuracy for 1,851 interactions, improved conversational flow


	Li et al.35
	Wearable devices for monitoring and modes of administration
	38.1% of the respondents were inclined to wear the device


	Taylor et al.37
	Checking bilirubin levels in neonates using a smartphone-based app
	The overall correlation of estimated bilirubin levels was 0.91. Sensitivities = 84.6% and 100%


	Masino et al.38
	Infant sepsis should be recognized at least 4 hours before clinically recognizing it. Eight models considered
	Of the eight models, six were well-performing, and no statistically significant pairwise difference was noted in AUC on the CPOnly and CP+Clinical dataset









Critical Appraisal of Evidence and Limitations

Although there are case illustrations of high-promise utility and accuracy, they are primarily small pilot studies with methodological limitations. To concisely summarize these constraints, the key limitations of the primary cited AI applications are listed in Table 3. For example, the BiliCam study involved fewer than 100 neonates,37 and the Lhia chatbot was based on literate, self-selected patients.36 IoT maternal monitoring studies have been restricted to urban settings,35 and neonatal sepsis ML models have been retrospective with overfitting risk.38 Overall, the quality of evidence was assessed as low to moderate. Consequently, the generalizability of these findings to broader rural settings in LMICs remains unclear.



Table 3 | Mini risk-of-bias summary table

	Study/Tool
	Sample Size
	Study Design
	Risk of Bias
	Generalizability




	BiliCam37
	100 neonates
	Pilot, single center
	High (small, non-random sample)
	Limited to settings with smartphone access


	Lhia chatbot36
	1,851 interactions
	Simulation/user test
	Moderate (self-selected participants, literacy bias)
	Medium; assumes literacy and phone access


	IoT monitoring35
	200 women
	Observational study
	Moderate (non-random, infrastructure-dependent)
	Limited to urban areas with stable networks


	ML models38
	NICU datasets (retrospective)
	Retrospective ML modeling
	High (risk of overfitting, no prospective validation)
	Low; mostly tertiary NICU context







Medical education is being increasingly imparted to the general population by AI chatbots, which can help mothers take better care of their infants. An intelligent chatbot was designed in Brazil to educate mothers on the benefits of breastfeeding.36 The conversation was carried out over four rounds, and the study found that the number of interactions and participants increased with each round.

The conversation flow of the chatbot improved with every round.36 The most accurate pipeline was 93% accurate, with an average fallback index of 15%.36 One study described the use of an ML algorithm to predict the risk of postpartum depression from data extracted from electronic health records.39 The performance measures were evaluated by AUC, the area under the receiver operating characteristic curve (AUC), which was 0.9 and 0.8 for the development and validation sets, respectively. The available evidence is constrained by small sample sizes, urban or tertiary care settings, and reliance on surrogate endpoints, such as attendance rates, rather than maternal or neonatal mortality. Many studies lacked randomization and external validation, limiting their generalizability to rural or community-based populations. Furthermore, publication bias and restricted gray literature appraisal may have skewed the representation of the results toward positive outcomes. Consequently, the overall certainty of the evidence remains moderate, emphasizing the need for larger multicenter evaluations in low-resource environments.



Barriers to AI Implementation

Despite the promising applications outlined, the integration of AI into maternal and child health systems in LRS faces complex barriers. These challenges extend beyond mere technical limitations, permeating infrastructure, ethics, and financial structures, and collectively determine the ultimate impact of AI-driven solutions (Figure 4).
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Fig 4 | Conceptual framework outlining the barriers to AI implementation in resource-limited settings. This diagram outlines the primary obstacles to technology adoption, categorized into four key areas: cost and sustainability, technological infrastructure, legal and regulatory challenges, and ethical concerns




Technical and Infrastructure Barriers

Successful AI deployment requires a robust infrastructure, including reliable Internet connectivity, modern digital hardware, and secure data storage facilities. Unfortunately, these foundational elements are often absent or inconsistent in settings that stand to benefit the most. Geographic inaccessibility, particularly in rural areas, restricts e-health services through high costs and underdeveloped systems.

Poor infrastructure presents significant technical challenges that prevent the widespread use of digital technology in healthcare. This includes the need for more stable services, such as electricity and reliable Internet, which constrain the effective implementation and use of digital health solutions.40 This has been achieved in countries such as Brazil and India.41 Comparative experience demonstrates that success depends on the synchronization of AI with preparedness within community systems. For example, India’s ARMMAN program worked because messaging powered by AI was embedded in ongoing outreach and supported with training and follow-up.

Uganda’s surveillance initiatives also improved when AI tools were incorporated into regular data streams and public health activities rather than running as standalone pilots. In contrast, the Nigeria chatbot pilot struggled with language and connectivity, which dissipated uptake and trust in the chatbot. Health centers in rural areas tend to have constrained availability of key services, undermining device functionality and routine healthcare operations. Internet connectivity is pivotal in enabling data exchange, teleconsultation, and retrieval of patient records; however, slow and inconsistent connections prevent the adoption of cloud-based solutions and real-time telemedicine services, thereby compromising continuity of care. Collectively, these constraints highlight the foundational importance of infrastructure readiness for any AI strategy.

For example, a systematic review in Ethiopia showed that the lack of infrastructure was a key limitation in the use of electronic health records.42 AI adoption in LMICs requires better Internet, adequate capacity, and sufficiently affordable services.43 Most health facilities remain under-equipped with appropriate technology and software, and clinicians’ digital literacy is limited. The WHO European Region 2023-2030 Regional Digital Health Action Plan identifies the development of digital literacy skills and capacity building in the population at large, particularly among the health workforce utilizing digital health services.44,45



Ethical and Legal Issues

In addition to technical challenges, the integration of AI raises deep ethical and legal issues. Patient autonomy, beneficence, and non-maleficence are the pillars of medical ethics; however, these principles are challenged when decisions are shared with machines. Inadequate data protection laws and weak institutional oversight in low-resource countries heighten the risks of privacy breaches, data misuse, and algorithmic bias.46

Sensitive health data risks being exploited in the absence of strong safeguards, leading to the erosion of public trust. The WHO guidance in 202147 is a significant global framework for principles, but differences in context guarantee that algorithms developed in high-income environments will not automatically scale to low-income ones. Therefore, ethical control must be localized and flexible to meet specific community requirements. Regional diversity in legal and cultural norms further complicates this adoption.



Socioeconomic and Cultural Determinants

One of the most promising applications of AI in healthcare is personalized medicine. AI can tailor treatment protocols according to the individual needs of a patient based on their genetic makeup, medical history, and lifestyle.48 In some societies, traditional beliefs or mistrust of modern healthcare systems create skepticism regarding AI-driven recommendations. However, cultural sensitivity needs to be practiced while applying individualized plans, and there is a need to study the cultural elements influencing patients’ decisions and adherence to treatment plans.

Telemedicine, with the help of AI-powered chatbots and virtual health assistants, can potentially close healthcare access gaps, particularly in remote or underserved communities. Such technologies can offer medical advice, monitor diseases in patients, and transmit health education in multiple languages for cultural diversity. However, their reach still depends on basic infrastructure, such as affordable Internet and mobile access.49 In areas where such resources are scarce, communities may continue to rely on traditional healers or community health workers (CHWs). Together, these interlocking factors underscore that effective AI implementation in maternal and child health depends as much on cultural alignment and financial viability as on technical competence.



Financial Sustainability

Regardless of whether culture and infrastructure support AI, the cost of its deployment remains a major barrier. Implementation requires not only an upfront investment in equipment and software but also ongoing expenses for maintenance, data storage, and training. These costs are often overlooked in pilot programs, rendering projects unsustainable once the initial funding ends.50,51,52 In resource-constrained health systems, long-term viability requires consistent government commitment and strategic financing. Without it, AI risks becoming a short-lived experiment rather than an instrument of transformation. Figure 3 presents a conceptual framework that outlines the barriers to AI application in resource-poor settings.



Potential for Scaling AI Solutions in Maternal and Child Health

PPPs: Role of partnerships between governments, NGOs, and private technology firms. PPPs have leveraged the abilities of governments, private technology companies, and NGOs to overcome the limitations of infrastructure and resources in developing and scaling up AI solutions. Governments worldwide tend to collaborate with these companies to augment the monitoring, infrastructure, and supply of medical facilities to their citizens.53

AI has played a vital role in improving healthcare accessibility for mothers and children, particularly in rural areas where health centers are absent or difficult to access. Telemedicine solutions and mobile health applications powered by AI have extended healthcare to underserved populations.54 Additionally, AI-driven vaccination systems could enhance immunization programs by accurately forecasting vaccine demand, monitoring stock levels, and preventing diseases such as hepatitis and meningitis among young children.55

In maternal health, AI-based applications contribute to reducing maternal mortality through predictive analytics, automated healthcare delivery, and improved diagnostic accuracy, enabling early identification of high-risk mothers.56 Furthermore, effective implementation of AI in maternal and child health is supported by private-public partnerships, innovative funding models, and leveraging both governmental and philanthropic resources, which together foster broader adoption and long-term sustainability of these technologies.



Case Studies

Several countries have successfully integrated mHealth and AI into maternal and child health programs, yielding significant improvements in outcomes. In India, the ARMMAN project leverages mobile health technology and AI to strengthen health systems, enhance community training, and improve access to information, leading to a notable reduction in maternal mortality, particularly in rural areas.57

Similarly, Tanzania has adopted an mHealth system that tracks pregnancies, monitors antenatal care, and facilitates communication between health workers and mothers to ensure timely and effective healthcare services.58 In the Philippines, AI has been applied to newborn screening by analyzing dried blood spot samples and detecting biomarkers, enabling early identification of metabolic disorders and advancing neonatal healthcare.59 Uganda has also embraced AI-driven disease surveillance programs that cover zoonotic infections, malaria, and computerized diagnostics, contributing to better patient outcomes and improved maternal care in underserved rural areas.60Table 4 compares successful AI implementations in maternal and child health across different resource-limited settings.



Table 4 | Comparative analysis of successful AI implementations in maternal and child health across different resource-limited settings

	Country
	AI Application
	Objectives
	Outcomes
	Challenges Faced
	References




	India
	AI programs for health monitoring
	Improve maternal and child health outcomes
	Improved antenatal care; reduced infant mortality
	Low literacy rate
	57


	Uganda
	Prediction of maternal and child diseases emergence
	Predict disease outbreaks
	Improved management of infectious diseases
	Poor infrastructure
	60


	Philippines
	AI-powered newborn screening using mass spectrometry.
	Detection of genetic disorders in neonates
	Accurate identification of infectious and metabolic disorders
	Scarcity of experienced medical professionals
	59


	Tanzania
	AI-supported diagnostics for maternal and childcare
	Enhance Healthcare facilities
	Enhanced detection of complications and resource allocation
	Geographic disparities
	60


	Ethiopia
	Telemedicine services for maternal care
	Reduce obstetric emergencies
	Improved access to specialists and better critical care
	Sporadic mobile network and internet services
	61


	Rwanda
	AI-powered drone delivery of medical supplies
	Reduced maternal mortality rates
	Reduced pregnancy complications and mortality rates
	Limited availability to specific geographic areas.
	62









Integration with Local Health Systems: Principles for Local Healthcare Systems Integration of AI

Integrating AI into maternal and child healthcare requires strategic approaches that strengthen, rather than disrupt existing systems. One approach is empowering CHWs through solar-powered, AI-enabled, and privacy-protected mobile healthcare units, which can extend services to mothers in underserved regions.63,64 Equally important is consolidating data infrastructure, as AI systems thrive on comprehensive datasets such as electronic health records, particularly when supported by real-time data and edge-computing services.

Interoperability between health systems and AI platforms further enhances communication, facilitates the creation of complete patient profiles, and enables predictive analytics for improved diagnosis and management.63,64 Pilot programs also play a critical role by allowing the testing and iterative refinement of AI algorithms in specific maternal and child health contexts.63,64 Finally, the expansion of telemedicine services helps address specialist shortages, supports pregnancy monitoring, and improves neonatal health, offering cost-effective and time-efficient solutions for pregnant women.63,64



Ethical Considerations and Patient Autonomy

AI applications have tremendous potential for enhancing health quality in underdeveloped regions. AI applications can facilitate early detection of conditions such as preterm labor and gestational diabetes through data analysis and consequently allow for timely intervention to be taken. It also allows telemedicine and remote monitoring to the disadvantaged communities and further enhances outcomes of care for mothers and children by analyzing the treatments to identify individual patients. It also improves personalized care through review of patient data to personalize treatment programs and thereby improve maternal and child outcomes. These innovations could close healthcare gaps, alleviate the workload on healthcare professionals, and improve efficiency in operations in delivering services.65

Ethical leadership also appears to influence success rates. For example, the Philippines integrated AI in national newborn screening under common ethical standards, allowing for community acceptability and sustainability.59 Meanwhile, failed pilots in some sub-Saharan African settings had inadequate consent procedures and no culturally appropriate communication, which eroded patient trust.66

This suggests that ethical preparedness, transparent data management, consent that is culturally appropriate, and engaging in the community can be as powerful as technical competence. Although there will be widespread benefits when AI is implemented in healthcare, there is recognition of complex ethical concerns that may arise when introducing AI, especially in resource-constrained settings. Education variation, access to technology, and provision of health can act as hindrances for both the providers of AI technology and those patients on whom the technology will be applied. There are also some issues concerning data ownership, consent, and transparency, as AI use is likely to work as a black box, and this reduces trust and patient autonomy.66 AI use must be underpinned by ethical principles to facilitate transparency, equity, and accountability. There are three basic elements algorithmic transparency, informed consent, and community engagement that must be remembered.

Transparency in AI is crucial for ethical healthcare, particularly for vulnerable groups like children and mothers. Where resources are limited, with weakened trust in healthcare, ambiguous AI algorithms can prevent patient trust and clinician uptake. Clinical decision-making AI models must be explainable so that clinicians can comprehend and explain decisions to patients. Transparency is necessary in clinical settings, where clinicians must consider whether they should follow AI advice. Achieving transparency involves providing clear language explanations of AI decision-making. Despite challenges from complex models, interpretability promotes trust and accountability and facilitates the detection of bias that can affect patient outcomes, especially for vulnerable populations.67 Aiming towards achieving algorithmic transparency includes



Explainable XAI Techniques

XAI methods strive to enhance the interpretability and understandability of ML models through various methods, including feature importance analysis and model-agnostic techniques. The central mandate of XAI is to reveal deep models that are prone to being black boxes with obscure decision-making mechanisms. By increasing model interpretability, XAI facilitates the creation of user trust. When individuals know why a model arrives at its conclusions, they are more likely to accept and trust its findings.68



Addressing Bias and Ethical Concerns

Eliminating bias within AI systems is essential for ensuring equitable maternal and child healthcare outcomes. AI technology has the potential to inadvertently create inequalities, particularly among marginalized communities. As an example, discriminatory data sets may result in faulty pregnancy risk assessments, potentially undermining timely clinical intervention. In the interest of fairness, AI models should emphasize transparency, be subject to frequent audit, and be developed from representative data sets that include a range of populations.69



Regulatory Frameworks

Regulatory frameworks such as the GDPR emphasize transparency in AI so that users can view how choices are made. The regulations encourage working on transparent AI systems and maintaining ethical principles unaltered.70 In the field of medicine, informed consent is a significant ethical standard that ensures patients receive complete understanding and agree willingly to treatment. This becomes increasingly vital when AI-based tools enter the picture.

But obtaining valid consent is sometimes difficult in LRS because of language barriers, low levels of literacy, cultural disparities, and limited understanding about AI. These hurdles can undermine the capacity of patients to understand how AI tools function and their risks and benefits. To resolve these issues, consent procedures must be modified to provide open, culturally appropriate communication, employing mechanisms such as visual aids, language interpreters, or community liaisons. These practices are essential to enable well-informed decision-making regarding AI in healthcare, to instill trust, and to enhance patient outcomes.71 For making informed consent truly existent, a series of important points must be considered.



Transparency of AI System

They should be informed about the operation of AI systems, limitations, potential errors, and prejudice. To secure informed consent for AI-assisted treatments, the procedures involved, the role of AI in enabling such treatments, risks, and information for decision-making should be known by the persons. The patients should know the treatment required, how the treatment process would be improved by AI, the potential risks involved, and the specific details to be disclosed.72



Ethical Framework for Consent

Establishing the proper circumstances to notify patients regarding AI involvement in healthcare requires a robust ethical procedure. This procedure needs to determine various factors, including potential clinical concerns, the extent of autonomous decisions being exercised by AI, and its possible effect on patient outcomes. In high-risk choice-making cases or highly autonomous AI systems, full disclosure is required to foster transparency, facilitate patient understanding, and support informed decision-making.73

Choice and autonomy of patients Involving patients in discussions about using AI in their care is the key to gaining their confidence and preserving their autonomy. By explaining transparently how AI functions, as well as its advantages and restrictions, the healthcare provider can empower patients to have autonomous decision-making capabilities. One such open, participatory approach enhances the confidence of the patient and forms a relationship based on trust if AI is used within healthcare.72



Visual and Verbal Explanation

Visual aids like graphs and heatmaps can assist in effectively presenting the AI predictions. Spoken descriptions also enhance perceived AI system credibility.74,75 Engaging communities is crucial to guarantee that AI-based digital health interventions are effectively implemented, particularly in resource-poor environments. Active engagement of local populations, healthcare providers, and leaders ensures that AI solutions are adapted to meet community needs and boost acceptability and long-term viability.

Research indicates that community engagement increases the adaptability and usability of AI tools. Yet, a recent scoping review reported that as little as 0.2% of AI healthcare applications now include community voices in their development. These results highlight the importance of integrating participatory approaches to enhance the impact of AI as well as establish trust with users.75 Involving CHWs in AI tool design enhances knowledge and promotes acceptance. They are greatly trusted by the population, and accordingly, based on an understanding of local culture and healthcare requirements, CHWs extend AI applications to become more useful and applicable. Their involvement also generates trust and allows communities to embrace AI-based healthcare with greater confidence.76



Future Directions and Research Opportunities

The trajectory of AI in maternal and child health is poised to move beyond pilot success in isolation to system-level, integrated change. This means intentional movement away from mere demonstration of technical feasibility and toward solution building for deployable, scalable, and context-specific application in LRS. The most desirable spaces for future research and implementation are where new technology and practical adaptation converge. One of the biggest bottlenecks in LRS is the lack of large, heterogeneous, and well-curated data to train robust, generalizable AI models, coupled with genuine data privacy and sovereignty concerns.7

Federated learning (FL) offers a paradigm shift towards addressing this by enabling collaborative model training in the absence of centralizing sensitive data, thereby aligning technological advancement with ethical imperative.77 The run-time application of FL is to deploy an initial model to peripheral devices (e.g., phones at peripheral clinics) where it learns locally on de-identified data. Only encrypted model updates (gradients/weights) and not the raw data are transmitted periodically to a centralized aggregator when connectivity exists. This approach develops a strong, globally informed model with community data staying within the community.

This architecture is very well suited to LRS, as it minimizes the need for constant, high-bandwidth internet to the bare essentials, employs periodic connectivity for tiny packets of data, and conforms to evolving data protection regulations. Future research will need to focus on building ultra-lightweight model structures to minimize computational load on edge devices and standardization of data formats across various health facilities to enable interoperability. The way forward for continuous care is to move past expensive, consumer-grade wearables to low-cost, purpose-designed sensors integrated into IoT platforms. These systems must be constructed as long-lived, low-power, and offline-enabled to be viable in LRS.25,78

Practical adoption is to develop solar-rechargeable biosensors for Mom’s vitals (e.g., blood pressure, glucose) that link via Bluetooth Low Energy to a smartphone of a CHW. The phone is also a local hub, running on-device AI models locally for real-time processing and notification, running offline. Data gets stored locally and synchronized to cloud-based EMRs only when the network is available, creating a robust hybrid model. Also, reimagining smartphone cameras with computer vision algorithms for uses like neonatal jaundice screening (BiliCam) turns a common device into a powerful diagnostic tool. This solution rides on the current mobile phone network penetration, even at 2G/3G levels, and is therefore extremely scalable.

It depends on co-designing the technologies with end-users to be culturally acceptable, user-friendly, and easy to use by local health workers. The last research opportunity is not in the individual technologies but in their combined use in the fragile ecosystem of LRS. This requires a multi-faceted approach. As observed by a recent scoping review, community participation during development is only included in 0.2% of AI applications for health.75 Future efforts must adopt participatory design methods with CHWs, mothers, and local leaders from the outset so that interventions can be trusted, adopted, and maintained.77 Scalability of AI solutions is only possible through new models of funding and implementation.

New PPP structures must be crafted to encourage technology companies to develop for scalability and sustainability in LRS, rather than purely for profitable ones.53,63 Implementation of AI must be governed by robust, context-dependent ethical frameworks that ensure algorithmic transparency, minimize bias, and safeguard patient autonomy.46,67,71 Research is crucial for developing streamlined informed consent protocols that are culturally and linguistically tailored to diverse LRS populations.71,73

Long-term viability of AI integration depends on facilitating the local health workforce (Figure 5). This involves the development of education programs to institute digital literacy among healthcare professionals such that they would be able to make use of, interpret, and control AI-driven tools efficiently.44,45,79 By intentionally focusing on these potential and complementary avenues, AI can successfully democratize high-quality health care. The dream is to pave the way for a world where all children and mothers, regardless of economics or geography, have access to the predictive, preventive, and personalized care that AI can potentially offer.4,79,80 In summary, the future of AI in maternal and child health hinges on a deliberate pivot from isolated technical triumphs to integrated, human-centered systems. By prioritizing FL, co-designing low-cost technologies with end-users, establishing innovative funding partnerships, and embedding strong ethical frameworks, these innovative tools can truly democratize high-quality healthcare. The ultimate goal is a future where every mother and child, irrespective of geography or economic status, has access to the predictive, preventive, and personalized care that AI can help deliver.


[image: An illustration of a summary of the proposed model for AI integration in maternal and child health in resource-limited settings. The illustration highlights how an AI system integrates diverse data sources to support decisions and improve health outcomes, emphasizing the importance of infrastructure and cultural context.]

Fig 5 | Summary figure illustrating the proposed model for AI integration in maternal and child health in resource-limited settings. This diagram illustrates how an AI system integrates diverse data sources to support decisions and improve health outcomes, emphasizing the importance of infrastructure and cultural context




Practice Implications Box

Integrate AI tools within existing digital health programs rather than as standalone pilots. Prioritize low-cost, energy efficient IoT solutions and FL frameworks to minimize infrastructure dependency. Involve CHWs in co-design and delivery to improve trust and adoption. Align deployments with national digital health and data protection frameworks to ensure sustainability. Incorporate ethical oversight and culturally appropriate consent processes in all AI-driven initiatives. Support ongoing capacity building for healthcare professionals to enhance digital literacy.



Conclusion

AI holds promise to help solve some of the most intractable problems in maternal and child health, especially in resource-limited settings. As this review describes, AI can improve diagnosis, enable monitoring of full-scale digital tools, and aid in tailoring care plans to individual needs, making them more accessible and, potentially, more effective. Predictive analytics, telemedicine, and decision support systems are particularly promising venues for closing decades-old gaps in care delivery. Realizing this potential, however, is fraught with significant challenges.

The hype about AI must be tempered by hard-boiled acknowledgment of the barriers that still get in the way. Issues such as unstable electricity and internet, cost of deployment, lack of skilled health professionals, and ongoing questions of privacy and fairness continue to hinder wide adoption. The real potential of AI in the future for maternal and child health rests less on sophisticated technology than on how well it is embedded in local settings. Therefore, the success of AI should be measured not by its algorithmic sophistication, but by its tangible contribution to reducing maternal and child mortality and improving health equity worldwide.



Abbreviations

AI: Artificial intelligence

mHealth: Mobile health

EMR: Electronic medical records

CHWs: Community health workers

AM-Care: Adaptive multi-care

ML: Machine learning

IoT: Internet of Things
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Table S1 | Methodological quality appraisal of included studies

	Study ID
	AI Methodology Clarity
	Evaluation Design Suitability
	Sample Size & Representativeness
	Outcome Validity
	Ethics & Bias Reporting




	Study 1
	High/Moderate/Low
	High/Moderate/Low
	High/Moderate/Low
	High/Moderate/Low
	High/Moderate/Low


	Study 2
	High/Moderate/Low
	High/Moderate/Low
	High/Moderate/Low
	High/Moderate/Low
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	Summary of the quality assessment for the 80 included studies, rated across five key domains: AI Methodology Clarity, Evaluation Design Suitability, Sample Size & Representativeness, Outcome Validity, and Ethics & Bias Reporting. Ratings are High, Moderate, or Low.
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