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ABSTRACT

This comprehensive review explores the integration of artificial intelligence (Al) in the field
of social pediatrics, emphasizing its potential to revolutionize child healthcare. Social pedi-
atrics, a specialized branch within the discipline, focuses on the significant influence of soci-
etal, environmental, and economic factors on children’s health and development. This field
adopts a holistic approach, integrating medical, psychological, and environmental consider-
ations. This review aims to explore the potential of Al in revolutionizing child healthcare from
social pediatrics perspective. To achieve that, we explored Al applications in preventive care,
growth monitoring, nutritional guidance, environmental risk factor prediction, and early detec-
tion of child abuse. The findings highlight Al’s significant contributions in various areas of social
pediatrics. Artificial intelligence’s proficiency in handling large datasets is shown to enhance
diagnostic processes, personalize treatments, and improve overall healthcare management.
Notable advancements are observed in preventive care, growth monitoring, nutritional coun-
seling, predicting environmental risks, and early child abuse detection. We find that integrating
Al into social pediatric healthcare aims to enhance the effectiveness, accessibility, and equity of
pediatric health services. This integration ensures high-quality care for every child, regardless
of their social background. The study elucidates Al’'s multifaceted applications in social pediat-
rics, including natural language processing, machine learning algorithms for health outcome
predictions, and Al-driven tools for health and environmental monitoring, collectively fostering
a more efficient, informed, and responsive pediatric healthcare system.

Keywords: Social pediatrics, artificial intelligence, machine learning, breastfeeding,
immunization

INTRODUCTION

Social Pediatrics

Social pediatrics, a specialized branch within pediatrics, highlights the significant role of
societal, environmental, and economic elements in shaping the health and development of
children and teenagers. This field values a comprehensive approach to child healthcare,
integrating medical, psychological, and environmental considerations.* Key aspects of
social pediatrics encompass a range of critical elements including infant and young child
feeding, growth monitoring, promoting early childhood development, immunization, envi-
ronmental health, newborn screening, age-appropriate child care, anticipatory guidance,
managing prevalent pediatric conditions such as acute respiratory infections and gastroen-
teritis and the early identification and prevention of child abuse, all grounded in the principle
of children'’s rights. This approach recognizes the intricate interplay between a child’s well-
being and their broader environment, striving to address disparities in healthcare accessibil-
ity with the ultimate goal of enhancing overall health outcomes.*-®
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Artificial Intelligence—Basics and Terms

Artificial intelligence (Al) has gained significant popular-
ity in recent years, and its application across various medical
fields has also become increasingly prevalent.” Artificial intel-
ligence is a technology that allows computers to mimic human
behavior and thinking. It includes anything from understanding
speech to making decisions.

Machine learning (ML) is a subset of Al that enables computers
to learn from data. Rather than being programmed with spe-
cific rules, like a calculator, ML systems adapt their behavior
based on new information they receive. This iterative process
improves their predictive capabilities and decision-making
over time.®

Deep learning is a specialized type of ML that uses structures
similar to the human brain, called neural networks, to process
data. This method is particularly good at recognizing patterns
like voices or faces.®

Neural networks are a set of algorithms modeled loosely after
the human brain. They are designed to recognize patterns by
interpreting data through a kind of machine perception, label-
ing, or clustering."

Supervised learning involves training a machine using pre-
labeled data. For instance, it might be given a set of pho-
tographs along with the names of the individuals in them,
enabling it to learn to recognize specific people. This method
is analogous to a teacher providing correct answers during the
learning process. Unsupervised learning, on the other hand,
requires the machine to interpret and find patterns in data
without any labels. The machine must analyze the data inde-
pendently fo identify structures and relationships. This process
can be likened to deciphering a book written in an unfamiliar
language by identifying recurring words and phrases."

Natural language processing (NLP) is a branch of Al that helps
computers understand, interpret, and respond to human lan-
guage in a way that is valuable. It involves teaching machines
to process and analyze large amounts of natural language
data, enabling them to perform tasks like translating text
from one language to another, responding to spoken com-
mands, and summarizing large documents. This technology
is fundamental in creating applications that interact with
users in a human-like manner, such as chatbots and virtual
assistants.”

These technologies have diverse applications, ranging from
recommending movies based on previous viewing history to
aiding medical professionals in predicting disease progression
in patients.

Potential Roles of Artificial Intelligence in Healthcare

The introduction of Al in healthcare is a pivotal moment and
this combination has the potential to revolutionize patient care,
diagnostic processes, treatment modalities, and healthcare
management. Artificial intelligence excels in processing and
analyzing large datasets, such as electronic health records,
with a speed and accuracy that not only extends beyond human
analytical capabilities, but also addresses tasks that would be
excessively fime-consuming or hard for human analysts.?
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In diagnostic procedures, Al algorithms may demonstrate high
accuracy in identifying diseases from images or genetic data.™
When it comes to treatment, Al may offer personalized care
options by taking into account individual patient profiles, lead-
ing fo more effective and specifically tailored or personalized
treatments.” Artificial intelligence can contribute to healthcare
administration by optimizing resource allocation, predicting
patient admissions, thus enhancing the overall efficiency of
health systems.’®

INTEGRATING ARTIFICIAL INTELLIGENCE WITH
SOCIAL PEDIATRICS

Utilizing Al within social pediatrics may greatly improve child
health outcomes in several ways. For example, it can improve
preventive care by detecting the children who are likely to miss
immunization schedules using demographic and epidemiolog-
ical data.” In the realm of growth monitoring and nutrition, Al
may provide personalized recommendations and early warn-
ings about growth failure issues, or find new growth monitoring
techniques.” Artificial intelligence’s predictive capabilities may
be valuable in identifying environmental risk factors, diagnos-
tics, and potential outbreaks of diseases like gastroenteritis or
respiratory infections.'®?2 Moreover, Al tools may support the
detection of child abuse by analyzing patterns in clinical, radio-
logical, or social data that might indicate abuse, thus enabling
earlier intervention.?24

Figure 1 showcases a series of Al-generated images that
depict various aspects of social pediatrics, produced through
commands given to ChatGPT. This illustration serves as a
demonstration of the advanced capabilities of Al in generat-
ing educational and informative visual content. The purpose
of including these images is 2-fold: first, to exemplify how Al
can be leveraged to create impactful visual aids that enhance
understanding and dissemination of complex medical subjects;
and second, fo inspire medical professionals to utilize similar
Al technologies to develop and share their own educational
materials, thereby enhancing both clinical practice and aca-
demic environment in their own fields of study.

The primary aim of integrating Al in social pediatric health-
care is to enhance the effectiveness, accessibility, and equal-
ity of pediatric health services. This ensures that every child,
irrespective of their family background and the values of their
community, receives the utmost quality of care and support to
ensure a healthy start in life.

Childhood Immunization

Immunizing children is crucial not only for reducing disease
incidence and mortality but also for strengthening community
immunity, which is essential for protecting vulnerable popula-
tions and preventing outbreaks.?>?* However, addressing chal-
lenges such as vaccine hesitancy and disruptions in vaccination
programs is critical to achieving optimal vaccination coverage
and fully harnessing the benefits of immunization.?2

In today’s expanding digital world, the impact of social media
on childhood vaccination programs is undeniable, exerting
both positive and negative influences.? The nature of social
media platforms enables users to selectively engage with con-
tent of their choosing. This interaction often leads the user to be
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Figure 1. This abstract figure displays artificial intelligence (Al)-generated images depicting critical domains in social pediatrics, showcasing Al’s
potential in creating educational materials to enhance understanding and communication in medical practice.

included in similar/ideologically homogenous groups, referred
to as “echo chambers.”*® Consequently, groups hesitant about
vaccines tend to interact amongst themselves, reinforcing their
anti-vaccine sentiments even more. Therefore, it is crucial to
strategically utilize social media in advocating for vaccination
programs.2s:332

Healthcare professionals and authorities can identify and
address misinformation about vaccination programs by har-
nessing the NLP methods. The Vaccine Sentimeter, a platform
utilizing automated data collection from mainstream media
and Twitter, coupled with natural language processing and
manual curation, effectively tracks and characterizes real-time
global online conversations about vaccination, demonstrating
its potential as a tool for public health professionals to monitor
vaccine sentiment and hesitancy.** A ML-system using support
vector machines, trained on a combination of strictly and laxly
labeled data, significantly outperforms traditional sentiment
analysis in classifying the stance toward vaccination in Dutch
Twitter messages.** Some Al models successfully classified
health-related webpages about early childhood vaccination as
“reliable” or “unreliable,” with high accuracy, using key textual
indicators, demonstrating their potential as tools for assisting in
the evaluation of online health information.®

Itis important to monitor vaccine adverse effects to ensure pub-
lic confidence in immunization programs. An ML-based active
surveillance system using national claim data, developed to
monitor vaccine adverse events, demonstrated high accuracy
in predicting anaphylaxis and agranulocytosis post-flu vacci-
nation, validating the utility of integrating health record data-
bases for vaccine safety surveillance.®

In addition to the aforementioned applications, Al can be used
to contribute to technological advancements in terms of vac-
cine design, protein structure prediction, immune repertoire
analysis, and phylogenetic analysis.?’-°

Breastfeeding

Breastfeeding holds paramount importance for both the
mother and the baby. The composition of breast milk, rich
in antibodies and essential nutrients, provides infants with
comprehensive protection against infections and diseases.
Moreover, breastfeeding fosters an unparalleled bond
between mother and child, crucial for the child’s emotional
and psychological development. From a maternal perspective,
breastfeeding contributes significantly to the mother’s health
by reducing the risk of various types of cancer, including breast
and ovarian cancer, and aids in faster postpartum recovery.
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The World Health Organization and numerous health authori-
ties emphasize the significance of exclusive breastfeeding for
the first 6 months of life, followed by continued breastfeeding
along with appropriate complementary foods for up to 2 years
or beyond.#0-42

Having information about how to breastfeed is important
for mothers, especially if she is young and the baby is her
first child.*® Artificial intelligence-driven chatbots and virtual
assistants may provide 24/7 support fo new mothers, offer-
ing immediate answers to common breastfeeding queries.
The observational study on LactApp, a mobile application for
breastfeeding support, revealed that mothers frequently con-
sult topics such as breastfeeding technique, infant sleep, and
milk management, with their information needs evolving in line
with their infant’s developmental stages, from physiological
issues in the early days to weaning and tandem breastfeeding
as the child ages.**

Mothers utilize social media platforms not only o exchange
their own breastfeeding experiences but also to gain insights
from others. The data found on these platforms may play a
role in recognizing misinformation and detecting prevalent
issues encountered in breastfeeding.®* In a research study,
using senfiment analysis with ML methods on tweets related
to breastfeeding has been effective in uncovering a range of
influences on breastfeeding habits. This includes identifying
health, social, psychological, and circumstantial obstacles,
alongside recognizing the advantages and support systems
available.*®

Using ML algorithms may be useful to predict the likelihood of
early cessation of breastfeeding.**® By identifying these prob-
abilities, healthcare providers can focus their efforts on moth-
ers at higher risk. This focused strategy ensures that these
mothers receive dedicated assistance and advice, enhancing
the likelihood of sustaining breastfeeding.

Growth Monitoring

Growth monitoring is a crucial aspect of routine pediatric
healthcare, serving as an essential tool for easily assessing the
health of children easily.* By regularly tracking parameters
such as weight, height, and head circumference, healthcare
providers can identify potential growth abnormalities at an
early stage. This proactive approach enables timely interven-
tion, addressing nutritional deficiencies or underlying health
conditions that might impede a child’s growth. Also, growth
monitoring provides valuable insights into the child’s overall
well-being, offering a comprehensive view in relation to estab-
lished growth standards, which ensures that children achieve
their full potential.®®*!

Al can be used to predict growth for a child in the future. For
example, a study successfully employed ML techniques to pre-
dict discharge weight and weight gain in hospitalized new-
borns, revealing length of hospital stay, parenteral nuftrition,
and other clinical factors as key predictors, with high predictive
accuracy.®? Machine learning algorithms have proven highly
effective, achieving 97% accuracy in predicting intrauterine
growth restriction using fetal heart rate parameters, suggest-
ing the potential for developing improved and cost-effective
screening methods to enhance pregnancy outcomes.*
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With Al, it might be possible to find new growth monitoring
techniques. For example, an automated deep learning pipeline
to measure temporalis muscle thickness from brain magnetic
resonance imagings was developed to generate sex-specific
growth charts for ages 4-35, and the muscle thickness was
linked to several physiological traits and health conditions,
thereby enhancing clinical decision-making.'

Environment and Child Health

Children exhibit a greater vulnerability to environmental influ-
ences compared to adults, primarily due to several physiologi-
cal and behavioral factors. First, children have a more rapid
metabolism, which necessitates a higher intake of food and
water per unit of body weight. This increased consumption can
lead to greater exposure to potential contaminants. Second,
children’s faster respiration rates contribute to a heightened
intake of airborne substances. Moreover, their shorter stature
positions them closer o the ground, exposing them to heavier
air pollutants that tend to settle at lower levels, along with a
higher concentration of dust particles found near the floor.
Additionally, children often explore their surroundings orally,
increasing the risk of ingesting harmful substances. The rela-
tive thinness of children’s skin facilitates quicker absorption
of materials through their skin. Adolescents tend to be more
“brave,” so they may enter hazardous environments more fre-
quently. These factors collectively make children susceptible to
environmental hazards.*

Utilizing Al for predictive modeling is a significant method to
evaluate environmental risks that affect children’s health.
These algorithms can anticipate potential health risks by ana-
lyzing existing environmental patterns, thus aiding in devising
proactive public health strategies. Predictive models are also
instrumental in understanding the potential long-term impacts
of environmental changes on children’s health. This predictive
capability may be vital for planning and executing effective
environmental health policies and preventive measures. For
instance, a study demonstrated that ML models, which inte-
grated socioeconomic factors, housing characteristics, and
water quality data, successfully predicted elevated blood lead
levels in children across diverse regions in the United States. The
predictions closely aligned with the actual observed levels.®

In urban areas, Al-driven systems may be used to analyze pat-
terns in air pollution and predict high-risk periods for pollutants
like PM2.5. It is an effective way for air pollution forecasting,
surpassing traditional models in accuracy due to its ability
to handle the complex, non-linear nature of air pollutants.??
Acquiring this information can inform public advisories and
help parents minimize children’s exposure during peak pollu-
tion times.

A review inspected studies about early-life exposures to the
environment and outlined that the majority of studies focused
on prenatal exposure to air pollution, weather or the built envi-
ronment, heavy metals, and endocrine disruptors. These stud-
ies primarily investigated postnatal health outcomes, such as
respiratory illnesses and neurodevelopmental effects, with
a notable portion introducing novel ML methods for analyz-
ing chemical mixtures and disease predictions.*® Exposure to
a variety of environmental pollutants and factors, including
persistent organic pollutants, inorganic arsenic, air pollution,
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dichlorodiphenylirichloroethane, pyrethroids, phthalates, and
heavy metals, has been linked to health outcomes such as
altered thyroid function, increased blood pressure, changes in
body composition and body mass index, neurodevelopmental
trajectories, low birth weight, attention deficit hyperactivity
disorder, and altered gut bacteria composition in children.*®

Artificial intelligence algorithms can be deployed to monitor
water quality in real-time, identifying contaminants like pes-
ticides or microbial agents.*” This monitoring is crucial in pre-
venting waterborne diseases and ensuring safe drinking water
for children.

Artificial intelligence could present innovative strategies for
promoting a cleaner environment. The Adaptive Intelligent
Dynamic Water Resource Planning model employs Al along
with a Markov Decision Process to refine urban water man-
agement. This approach aids in achieving sustainable environ-
mental planning by advancing decision-making processes and
boosting economic efficiency at the local level.*®

Artificial intelligence models are being used to study the effects
of climate change on child health, predicting increases in heat-
related illnesses or the spread of vector-borne diseases like
malaria.®#°

Acute Respiratory Infections

Acute respiratory infections (ARIs) in children are a major
health issue, especially as these infections are a primary
cause of death among children below 5 years old, particularly
in developing countries. Acute respiratory infections cover a
spectrum of diseases affecting the upper and lower respiratory
tracts, including conditions like bronchiolitis and pneumonia,
caused by various pathogens. It is vital to not only differentiate
between severe infections and more commonplace infections
but also to prioritize the rapid management and treatment of
the serious cases.®

Itis shown that ML models utilizing clinical features such as age,
event pattern, and C-reactive protein effectively predict respi-
ratory pathogens in hospitalized children with ARIs, potentially
improving diagnostic accuracy and reducing medical costs.5?

A web application integrating a chatbot and Al, coupled with
an electronic device measuring vital signs, demonstrates a 91%
accuracy rate in diagnosing respiratory diseases like coronavi-
rus disease 2019 (COVID-19), common cold, and allergic rhini-
tis, enhancing remote diagnosis capabilities.®®

A review indicates that Al algorithms show dependable per-
formance in diagnosing respiratory diseases such as pneumo-
nia, tuberculosis, and COVID-19 by analyzing cough sounds.
This approach may be a promising way of improving disease
detection, particularly in settings with limited resources. The
specificity of these different algorithms ranges from 71% to
99.6%, while their sensitivity varies between 44% and 100%. This
data underscores the potential of Al in medical diagnostics,
though it also highlights the variability in accuracy across dif-
ferent conditions and implementations.?

An ML model using pediatric electronic health record data
exhibits high accuracy in the early prediction of Respiratory

Syncytial Virus in hospitalized children, aiding rapid and cost-
effective patient management and infection control.®*

Gastroenteritis

Gastroenteritis is a common and potentially severe condition
in children, leading to inflammation of the gastrointestinal
tract, manifesting in symptoms such as vomiting, diarrhea, and
abdominal pain. This illness is significant due to its widespread
impact; a child under 5 years typically has 1-5 acute diarrhea
attacks each year. Its potential for serious complications like
dehydration poses a significant risk in infants and young chil-
dren and can be life-threatening. To address this, dehydration
and electrolyte imbalances can be effectively treated with oral
rehydration solutions, which are accessible either in powder
form for convenience or can be prepared at home using sim-
ple, readily available ingredients.55-¢”

A lot of pathogens causing gastroenteritis are transmitted
through water. Early detection of these outbreaks is impor-
tant to stop the spread of illness. By processing large volumes
of data from various sources, including healthcare facilities,
public health records, and even social media, Al algorithms
may identify trends and potential outbreak sources. Artificial
intelligence’s predictive capabilities may also forecast future
outbreaks based on current data trends, environmental condi-
tions, and population movements. A study demonstrated that
the long short-term memory ML algorithm effectively predicts
weekly norovirus outbreaks in South Korea (92.5% accuracy),
identifying critical factors such as the last norovirus detection
rate, minimum temperature, and day length.?

Sometimes it is important to differentiate viral or bacterial gas-
troenteritis, especially to choose whether to give an antibiotic or
not.®® An algorithm estimates pediatric bacterial acute gastro-
enteritis using blood cell counts, with platelet and lymphocyte
ratio, eosinophil count, and leukocyte count as key features.®®

Child Abuse

In the United States, 1in every 7 children is subjected to either
abuse or neglect.? Itis imperative for pediatricians to recognize
and address instances of abuse, which can often be concealed
behind a normal childhood during regular health examinations
and vaccination appointments. This situation demands a better
understanding of the patterns of abuse, increased awareness
of less obvious signs, and a stronger partnership with social
services and legal entities fo protect vulnerable children.

Advancements in Al have significantly influenced pediatric
radiology, offering notable potential in enhancing the predic-
tion, identification, and investigation of child abuse cases with
pediatric trauma.?

A decision support system using artificial neural networks dem-
onstrated 99.2% accuracy in predicting post-traumatic stress
disorder and major depressive disorder in children exposed to
sexual abuse, utilizing various abuse-related parameters for
early psychiatric assessment.”®

Al systems can analyze vast amounts of data, including health-
care records, school reports, and social services data, to iden-
tify patterns that may indicate abuse or neglect. Text mining
and ML techniques successfully identified and predicted child
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abuse cases in a Dutch public health institution, with a high
classification accuracy based on over 500 child specialists’
assessments.”!

Natural language processing algorithms may be useful in
determining suspected child abuse cases in broad hospital
settings. In a study, a refined NLP algorithm was tested it in
“silent mode” across multiple emergency departments, lead-
ing to enhanced specificity in detecting injuries linked to child
abuse, while also uncovering demographic disparities in the
evaluation and reporting processes related to child protective
services.”?

Considerations and Downsides

While the integration of Al presents substantial opportunities in
enhancing pediatric care, it is accompanied by several crucial
considerations that require attention.

Data safety and security: the application of Al in healthcare
settings involves handling of sensitive health data. Ensuring
robust security measures to prevent data breaches is vital.
Strict data governance protfocols and secure encryption meth-
odologies must be established to protect this data from unau-
thorized access, thereby safeguarding patient confidentiality
and trust.”®

Mitigating biases: Al systems may inadvertently become biased
because of their training data. In pediatric care, this could
result in biased health outcomes that disproportionately affect
certain demographic groups. It is essential to utilize diverse
datasets for training Al models and implement regular audits to
ensure Al systems are fair and equitable in their functionality.”

Ethical concerns: the integration of Al in healthcare raises criti-
cal ethical questions concerning patient consent, autonomy,
and the potential replacement of human judgment by Al sys-
tems. To address these challenges, it is essential to develop
comprehensive policies that govern the use and deployment of
Al. These policies should guarantee that Al tools are used fo
assist healthcare professionals, not replace them, by enhancing
their ability to make detailed and informed clinical decisions.
Artificial intelligence should primarily serve as a decision-
support tool, enhancing the quality of care provided by human
practitioners while maintaining and respecting patient auton-
omy. Also, more sensitive subjects like child abuse require extra
careful consideration of privacy, ethical implications, and the
potential for both false positives and false negatives. The inte-
gration of Al tools in such sensitive areas must be handled with
the highest ethical standards.”

Transparency and explainability: the opaque nature of some
Al algorithms (often referred to as “black box” models) can
obscure how decisions are made, making it difficult for practi-
tioners to trust and verify Al outputs. Developing explainable Al
models is crucial so that healthcare providers can understand
and validate the Al-driven recommendations and decisions.”®

Interoperability challenges: For Al to be effectively integrated
into existing healthcare systems, it must be compatible with
various electronic health record systems and other healthcare
technologies. Standardizing data formats and fostering open
standards can alleviate potential interoperability challenges,
facilitating smoother integration and more coordinated care.
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By addressing these considerations, the deployment of Al in
pediatric care can be optimized to enhance service delivery
while mitigating potential downsides. As this field evolves,
continuous monitoring and adaptation of Al applications will
be necessary to address new challenges and ensure that Al’s
integration into healthcare serves to augment, not undermine,
the quality and integrity of pediatric care.

CONCLUSION

The integration of Al in social pediatrics presents a ground-
breaking shift in child healthcare, harnessing the power of data
analytics and ML to enhance various aspects of pediatric care.
From advancing growth monitoring and breastfeeding support
to improving childhood immunization rates, Al’s capabilities are
transformative. Its application in environmental health analysis
and the early detection of child abuse marks a significant step
forward in protecting and nurturing children’s well-being. As Al
continues to evolve, its integration into social pediatrics prom-
ises a future where healthcare is more personalized, proactive,
and accessible, ensuring a healthier start in life for every child.
This integration not only enhances the quality of care but also
addresses disparities, moving toward an equitable healthcare
system for children across different social environments. This
review provides valuable insights into the potential of Al in rev-
olutionizing pediatric care, paving the way for further research
and application in this vital field.
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