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ABSTRACT 

Background: Artificial intelligence (AI) is gradually transforming neonatal and pediatric intensive care units (NICUs and 

PICUs) by enhancing diagnostic accuracy, risk evaluation, and clinical decision support. However, integrating AI into these 

vital care settings faces challenges related to data limitations, clinician acceptance, and socioeconomic disparities.  

Objective: This review examines the clinical potential of AI especially machine learning (ML) and deep learning (DL) in 

NICUs and PICUs, while evaluating the socioeconomic factors that influence AI deployment, effectiveness, and equity. 

Methods: A comprehensive literature review was conducted, focusing on applications of AI in early diagnosis, patient 

surveillance, imaging assessment, and transport logistics in neonatal and pediatric ICUs. Factors related to socioeconomic 

status affecting AI deployment, such as provider demographics, healthcare systems, and geographic inequalities, were 

examined.  

Findings: AI models show better early identification of urgent conditions like sepsis and respiratory distress, streamline 

clinical processes, and improve resource management. Nevertheless, differences in access to AI and its performance are 

present, especially in low-resource environments because of inadequate infrastructure, biased data, and differing levels of 

clinician preparedness. Approaches like federated learning and explainable AI could address certain challenges 
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1. INTRODUCTION 

The role of artificial intelligence (AI) in healthcare has grown rapidly, especially in decision support systems capable of 

analyzing vast, heterogeneous medical data far more efficiently than traditional methods [1]. This strength is particularly 

valuable in intensive care units (ICUs), where time-critical decisions are routine. In neonatal and pediatric ICUs 

(NICUs/PICUs), AI is revolutionizing patient care enhancing clinical outcomes, streamlining transport logistics, and 

optimizing treatment protocols [2]. A significant gap persists: numerous clinicians are unaware and untrained in AI 

applications, particularly in neonatology a discipline where these tools are still not widely used [3]. Although AI has origins 

dating back to the 1950s with Turing’s idea of a "learning machine" [4], its true capabilities in clinical environments surfaced 

with the advancement of modern machine learning (ML) and deep learning (DL) methods [5]. ML algorithms learn from 

data exposure and identify patterns to aid clinical decision-making [6]. DL drawing from neural networks excels at handling 

unstructured, high-dimensional data such as medical images and physiological signals [7]. Nevertheless, the success of DL 

relies on substantial, high-quality datasets and extensive computational resources which are more accessible in high-income 

healthcare systems compared to low-resource settings. 
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Learning Machine and Deep in Healthcare 

ML analyzes structured data such as EHRs, lab results, and clinical notes with interpretable models including decision trees 

and logistic regression [Figure1] [8]. It works well with smaller, cleaner datasets, making it suitable for facilities regardless 

of size or resource level. DL, in contrast, employs deep neural networks to autonomously learn complex relationships within 

unstructured data [7]. It’s powerful for imaging, EEG analysis, and real-time monitoring, and underlies advanced NLP 

systems for clinical note interpretation1 (Topol, 2019). However, DL demands infrastructure high-performance computing 

and large datasets—not universally accessible. As a result, institutions in wealthier regions can utilize these tools more 

effectively, while low-resource hospitals may struggle [9,10]. 

 

Figure 1.Machine learning model with AI[11] 

 

Applications in Neonatal and Pediatric ICUs 

Early Diagnosis & Risk Prediction 

ML models analyzing continuous vital signs can predict conditions like neonatal sepsis, intraventricular hemorrhage, or 

respiratory distress up to 24 hours before symptoms appear [12]. This enables timely intervention, but success hinges on 

access to real-time monitoring—which may be lacking in under-resourced NICUs/PICUs. 

Clinical Decision Support Systems (CDSS) 

AI-enhanced CDSS use structured and unstructured patient data to inform dosing, ventilator settings, and treatment choices 

[Figure 2] [8]. While younger and digitally fluent clinicians readily adopt these systems, older providers or those in low-

resource hospitals sometimes resist—citing reliability concerns or fears of job displacement[13,14].  
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Figure 2. Clinical decision support to patient centered care 

 

Medical Imaging & Diagnostics 

DL-based imaging tools, especially CNNs, now rival expert radiologists in detecting conditions from cranial ultrasounds, 

chest X-rays, and other scans [15]. But when training data come from high-income regions, models may not generalize well 

to different populations and settings [16]. 

Patient Monitoring & Early Warning Systems 

Anomaly-detection models in pediatric care can alert to apnea, desaturation, or cardiac events ahead of time [17]. These 

systems are invaluable in high-volume units, but rely on digital infrastructure that may be absent in low-resource care 

environments. In such cases, hybrid approaches like AI-guided tele-NICU have shown promise in India’s rural hospitals by 

pairing remote expertise with simple monitoring tools. 

Transport Management & Resource Allocation 

Cost-effective AI-driven scheduling tools enhance mobile ICU response by dynamically allocating teams and planning 

transport routes [18]. However, their real-world impact depends on local infrastructure: ambulance availability, road 

conditions, and trained staff. These are often dated or absent in poorer regions. 

Socioeconomic Impacts on AI Adoption 

The integration of artificial intelligence (AI) in neonatal and pediatric intensive care units (NICUs and PICUs) is notable but 

varies significantly based on factors like healthcare professionals' identities. Key influences include age, gender, job role, 

education, and experience level. Healthcare professionals with advanced degrees or significant ICU experience usually 

exhibit higher confidence in AI technologies, especially predictive systems for tracking conditions like sepsis [1]. In contrast, 

younger healthcare professionals often show greater enthusiasm for utilizing AI [8]. In hospitals with limited resources, 

personnel may show apprehension about the dependability of AI and fears about job security [12], whereas female 

professionals frequently voice increased worries about the ethical aspects of AI in healthcare [13]. Tailored AI training can 

improve adoption and effectiveness. AI's ability to revolutionize critical care is similarly affected by socioeconomic factors. 

Richer hospitals or those affiliated with academic institutions are more likely to adopt AI technologies such as predictive 

models and early warning systems because of better funding and infrastructure [18]. In contrast, under-resourced facilities 

face challenges with old equipment and lack of expertise. Healthcare professionals in affluent regions express greater 

confidence and satisfaction with AI technologies, particularly in the initial stages of diagnosis [1]. On the other hand, 

employees in low-income settings might have skepticism toward AI systems because of their lack of exposure. 

Socioeconomic elements influence crucial digital infrastructures, leading to worries regarding bias in AI models that might 

perform poorly across various demographics [9, 15, 19]. 
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Figure 3. An artificial intelligence system evaluates neonatal EEGs on a scale from 1 to 4 utilizing 1 hour of multi-

channel data. EEGs are processed, reduced to 64 Hz, and divided into 5-minute segments. Every segment is 

converted into a quadratic time-frequency distribution, analyzed using a CNN, and merged to produce a final grade 

prediction.Adopated from Kwok, T'ng Chang et al.2022[20]. 

 

AI and Socioeconomic Challenges in Low Resource Settings 

In LMICs, socioeconomic factors significantly influence AI implementation for vulnerable infants. In Malawi, AI-driven 

fetal monitoring in a maternity unit led to an 82% reduction in stillbirths and neonatal deaths over three years, achieving this 

with simple technology and fewer specialists. A review indicates that AI can enhance maternal and neonatal care in LMICs 

if healthcare systems focus on training, infrastructure, and local data. However, barriers like limited funding, outdated 

equipment, and lack of training often hinder AI integration in low-resource environments [10]. 

Disparities in Adoption and Performance 

Studies reveal that AI tools struggle without adequate funding, insurance, and education. In Korea, universal health insurance 

improved some disparities, yet pre- and post-ICU care remained unequal for poorer families. In the US, lower-income 

neighborhoods correlated with higher PICU admission rates, indicating that AI may not benefit those in greatest need. 

Socioeconomic conditions significantly impact AI adoption and efficacy in NICUs and PICUs. Wealthier healthcare 

environments see more effective AI implementation due to superior infrastructure, skilled personnel, and access to quality 

data1 [18]. 

Algorithmic Bias & Equity 

AI models trained on data from wealthier settings may underperform on marginalized or underserved populations, 

exacerbating health disparities [21,15].Empirical evidence suggests that neighborhood-level poverty correlates with higher 

PICU admissions and worse outcomes, yet these populations may see fewer AI-driven interventions[10,22]. 

TeleICU: Bridging Gaps via Technology 

India's 2024 initiative with Cloud Physician explores an AI-enhanced tele NICU, empowering remote specialists to aid local 

teams through camera support and decision tools, prompting positive neonatal outcomes, especially in rural areas. The impact 

of AI in neonatal and pediatric ICU care is heavily influenced by socioeconomic factors. While AI excels in affluent settings, 

potential biases must be monitored. In low-resource environments, with adequate support, AI can serve as a vital lifeline. 

Key investments in infrastructure, training, and inclusive data are essential for equitable AI in critical care[23]. The 

effectiveness of AI also hinges on healthcare providers' demographics, where younger, tech-savvy staff are more open to AI 

integration. Marginalized communities often lack access due to resource constraints and algorithmic biases, necessitating 

culturally aware implementations to ensure all children benefit from advancements in healthcare technology. 

Success Stories & Global Initiatives 

In Malawi, an AI-based fetal monitoring system—with minimal technology requirements—led to an 82% reduction in 

stillbirths and neonatal mortality over three years [10]. This demonstrates how contextualized, low-cost AI solutions can 

save lives in LMICs. India’s AI-supported tele-NICU programs are also showing significant improvements in neonatal 

outcomes, particularly in specialist-deprived rural hospitals. 

Challenges in Implementation 

Despite the promising potential of Artificial Intelligence to transform neonatal and pediatric intensive care, several significant 

barriers impede its widespread clinical adoption. A primary challenge is data scarcity and quality; neonatal and pediatric 

datasets tend to be limited in size, heterogeneous across institutions, and frequently incomplete or noisy, which complicates 
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the training of robust and generalizable AI models [24]. Moreover, many AI algorithms, particularly those based on deep 

learning, operate as "black boxes," offering limited interpretability. This lack of transparency fosters clinician distrust, as 

healthcare providers require clear, interpretable outputs to make informed decisions and maintain accountability in patient 

care [25]. In addition, the sensitive nature of neonatal and pediatric populations raises profound ethical and legal concerns, 

including issues related to informed consent, patient privacy, and the delineation of responsibility when AI-driven 

recommendations influence clinical outcomes [26]. Finally, the integration of AI tools into existing clinical workflows and 

electronic health record (EHR) systems remains a practical hurdle[27,28]. AI applications must ensure interoperability and 

user-friendly interfaces to enhance clinical utility and acceptance in NICUs and PICUs. 

Future Directions 

The integration of Artificial Intelligence in NICUs and PICUs promises significant advancements, requiring collaboration 

among clinicians, data scientists, engineers, and policymakers. Federated Learning allows AI models to be trained across 

institutions without centralizing sensitive patient data, addressing data scarcity and privacy issues in pediatrics. The 

development of Explainable AI (XAI) creates transparent outputs that clinicians can trust, enhancing decision-making and 

promoting AI adoption. Prospective clinical trials are crucial to validate AI tools' effectiveness and safety in real-world 

settings, measuring impacts on patient outcomes and workflow efficiency. Additionally, incorporating AI literacy and ethics 

training in medical education will prepare healthcare professionals to responsibly manage AI technologies, ensuring their 

effective use in neonatal and pediatric critical care. These efforts are essential for practical AI implementation 

Conclusion 

AI holds immense potential to transform neonatal and pediatric critical care—but technological innovation alone isn’t 

enough. Equitable infrastructure, clinician training, mindful algorithm design, and global policy support are critical to 

ensuring that all children benefit, regardless of socioeconomic context. Only with such a holistic approach can AI realize its 

promise of saving lives in NICUs and PICUs worldwide. 
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