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Artificial intelligence In pediatric healthcare: bridging
potential, clinical practice, and ethical considerations
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« By 2024, the U.S. Food and Drug Administration had authorized 950 medical devices
Incorporating artificial intelligence (Al) and machine learning (ML) for potential application in
clinical practice (prevention, diagnosis, treatment, and management, reducing the workload of

physicians while enhancing accuracy and efficiency)

 Only 4 (0.6%) were developed exclusively for children; including those approved for both adults

and children raises the total to only 69 (10.0%)
 The integration of Al into pediatric healthcare is steadily expanding and is expected to continue

to grow.
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Supervised Learning
1. Labelled data
2. Predict outcomes

3. Direct feedback

Classification

Regression

Support vector
machine

Machine Learning

Unsupervised Learning
1. Unlabelled data
2. Finds hidden structures in data
3. No feedback

Clustering

Association

Dimensional
reduction

Reinforcement Learning
1. Reward system
2. Decision process

3. Learn series of actions

Markov decision
process
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The Role of Artificial Intelligence in Pediatrics
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Well-Being. The Journal of Pediatrics, 2024; 275
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A subset of Al where systems learn Al systems that mimic the decision-
pattems from dota to make Prmmmamag PRI making abilities of o human expen
predictions or decisions without being ‘. : by using o knowledge base ond o
explicitly progrommed : : s0! of nules 10 solve specific

I I problems

*» Supervised Learning
« Unsupervised Learning
* Reinforcement Learning

« Clinical Decision Support
+ Drug Interaction Systems
« Care Pathway Planning

wwlh Abranch of Al focused on
A more odvanced subset of ML i .
that uses newal networks with desighing tind tullciag moohines
{robots) that can perform tasks

many lo deep networks) to
y layers (deep ! outonomously or with minimal
model complex pattems in

o dat 1 human Iinterventon,
9o Qsets,

Surgical Robotics
Service Robots
Rehabilitation Robots

« Neural Networks
« Convolutional Networks (CNNs)
* Recurrent Neural Networks (RNNs)

The creo of Al focused on : = A field of Al that enables machnes
encbling mochines 1o ARG \ U TRPTRROTYY 10 interpret and perocess visuol
understond, interpeet, and ' : informaton from the world, such o
respond fo human languoage. imoges and videos.

*» Speech Recognition * Patient Monitoring

« Sentiment Analysis « Wound Assessment

« Language Translation « Cesture Recognition

Stephanie H. Hoelscher, Ashley Pugh, N.U.R.S.E.S. embracing artificial intelligence: A guide to artificial intelligence literacy for the nursing profession, Nursing Outlook, 73{4}, 2025,
102466, ISSN 0029-6554, https://doi.org/10.1016/|.cutlock.2025.102466.
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Digital Twin in Healthcare
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Review

Digital Twins in Pediatric Infectious Diseases: Virtual Models
for Personalized Management

Susanna Esposito *'*, Beatrice Rita Campana, Hajrie Seferi, Elena Cinti and Alberto Argentiero

r

PATIENT DATA INPUTS [ PE/PD MODEL
- Age, weight, renal function - Clearance, Vd
- MIC, infection site - fT=MIC or Cmax:MIC
- TDM drug levels _ Target exposure

-

1 !

#

TDM (Bayesian Engine)
- Update PK parameters | st———
- Integrate new levels

OUTPUT f DOSE ADJUSTMENT
- New dose suggestion
- PTA & toxicity risk

L

i %

Figure 2. Example of An Antimicrobial Stewardship Digital Twin Integrating Pharmacoki-
netic/Pharmacodynamic (PK/PD) Modeling with Bayesian Therapeutic Drug Monitoring (TDM).

Esposito S, Campana BR, Seferi H, Cinti E, Argentiero A. Digital Twins in Pediatric Infectious Diseases: Virtual Models for Personalized
Management. J Pers Med. 2025 Oct 30;15(11):514. doi: 10.3390/jpm15110514. PMID: 41295216; PMCID: PMC12653362.



Barriers and Solutions for Implementing Digital Twins in Pediatric Infectious Disease

Domain Key Barriers Proposed Solutions

Sparse pediatric datasets and limited . Promote multicenter data sharing and

age-specific reference data federated lE‘ammg — ]

Lack of interoperability between . Implement interoperability standards
Technical hospital systems (FHIR, OMOP)

Limited real-world validation and . Conduct prospective validation and external

model generalizability he_nchmakag :

High computational demands . Use hybrid modeling to reduce data

5 " requirements and improve interpretability

Consent/assent challenges in minors y Age-appropriate CDI;[H.E nt/assent frameworks

Data privacy and security risks and parental C[]:dl.’-_"l":lﬂll}n :

Algorithmic bias and inequity . Strong anun}fmlzatmrnf encryption, and
Ethical (under-representation of ::l?lta—gﬂw—:*mstnce Puh,c e :

vulnerable groups) . Bias monitoring and inclusion of diverse

Limited transparency for families pediatric pupl{l ations i i

+nd clinicians . Promote explainable DT models and shared

) decision-making tools

Lack of clear approval pathways for . Align DT evaluation with Al-specific trial

DT-based clinical tools standards (SPIRIT-AI, CONSORT-AI)
Regulatory Ambiguity in clinical liability and . Develop liability-sharing frameworks involving

accountability clinicians, hospitals, and vendors

Uncertain reimbursement and . Establish DT reimbursement models within

adoption pathways

preci:ii-:m—medicine programs
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Logistic Regression in Nursing

&) Input Data

J

a 1
Age (X1) @ Sex (X2) Faval y = ‘|+e‘z
55 Female  High |
— — ‘ Probability
70 _Male Normal, 4 (0to1)
45 Male Low
Predictor Variables
(Risk Factors) > 2
-0 0 +00
~ Calculate Probability
‘ =Sh of Adverse Events
Age Sex Blood
Pressure
Level
Q. %, =B
Age Male Blood : -
Predictor Variables "7 Calfc:ldate ProElnbigty
(Risk Factors) L DL ZNGAVETIE CVER

No

 P<05)

-G

Complications | | |

Predict Risk of:

(4 Readmission
M Infection

Complications




Comprehensive Pediatric Health Risk Stratification Using an
Al-Driven Framework in Children Aged 2 to 8 Years: Design
and Validation Study

Table 1. Comparison of the selection of pediatric risk stratification frameworks. D‘ﬂtﬂ [}"pi_"
Study Key method Data modalities used Clinical deployment status
Smith et al [26] Logistic regression EHR? (structured only) Retrospective validation G mw[h i.“d i.l:' ators
Chen et al [27] Random forest EHR and parental surveys Prototype on retrospective data
Our study Fine-tuned BERT® + ensemble EHR, surveys, and wearables Prototype on retrospective data
Lee et al [28] CNNF* on images Medical imaging Conceptual framework
4EHR: electronic health record. E.ﬂ]'] }" ex I_'II::I sUre

PBERT: Bidirectional Encoder Representations From Transformers.
“CNN: convolutional neural network.

Questionnaires

Table 2. Key pediatric health domains, associated risk factors, and potential data sources.
Key pediatric health domains  Associated risk factors Potential data sources S Eh_l:]-l:l] I'L"E{]I'dﬂ
Patient safety Adverse drug events and medical errors EHR® data and incident reports
Health monitoring Growth parameters and developmental milestones  EHR data and wearable sensor data WEHI‘EI_h I-E 5
Chronic disease management  Glycemic control and asthma exacerbation EHR data and home monitoring devices . .

frequency GL“ﬂlﬂ ICS
Acute illness severity Fever severity and respiratory distress indicators EHR data and parental questionnaire responses
Mental health Behavioral indicators and emotional well-being Parental and teacher assessments, and direct child

assessments

Preventive care Vaccination status and well-child visit adherence EHR data and parental questionnaire responses
Nutrition and growth Nutritional intake and growth percentiles EHR data and parental questionnaire responses
Physical activity Activity levels and sedentary behavior duration Wearable sensor data and parental questionnaire responses

4EHR: electronic health record.




Figure 2. Multimodal data acquisition and preparation pipeline.

. Data Sources _
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Electronic health records Parental and child Wearable sensors Public health and Integration and
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Output: Analysis-ready dataset

Mao, Zhihe & Chen, Jundan. (2026). Comprehensive Pediatric Health Risk Stratification Using an Al-Driven Framework in Children Aged 2 to 8 Years: Design and
Validation Study. JMIR Medical Informatics. 14. e80163-e80163.10.2196/80163.



Multitier system architecture diagram for pediatric risk stratification

Data tier

Raw data Preprocessed data Trained Al models

L

Data storage '

l Risk stratification

Application logic tier \

Data ingestion
l Presentation tier

. Web application
Data preprocessing

| l |

Feature engineering Visualization Mobile app

- N

Al model execution

l

Risk stratification

Pr—

Mao, Zhihe & Chen, Jundan. (2026). Comprehensive Pediatric Health Risk Stratification Using an Al-Driven Framework in Children Aged 2 to 8 Years: Design and
Validation Study. JMIR Medical Informatics. 14. e80163-e80163.10.2196/80163.

Decision support
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(The Multimodal Data Engine)
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Mao, Zhihe & Chen, Jundan. (2026). Comprehensive Pediatric Health Risk Stratification Using an Al-Driven Framework in Children Aged 2 to 8 Years: Design and
Validation Study. JMIR Medical Informatics. 14. e80163-e80163.10.2196/80163.
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The Clinical Efficacy Matrix: Ussansaawnauwalaasv
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A1 AUC-ROC = 0.85,
AWl 0.78
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A1 mIOU = 0.8965

aas1aaaan91n 10.87% 1Kao
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CENTRAL ILLUSTRATION Artificial Intelligence Opportunities in Congenital Heart Disease I

Machine Learning

4. Precise (nsuwnsiiisingn)

Biggest Opportunity Biggest Opportunity
Improve fetal CHD detection - Accelerate precision
rates and early outcomes ' surgery
globally, democratizing :
healthcare

Biggest Challenge

Biggest Challenge

A undugAwasudiaén

Upfront time demands Limit
Accrue sufficient datasets to widespread use and
capture the breadth of CHD development

Al FraiudszanSnnusuriasiiodlisduiNensine " AT
nignAsdluaiide: [l e e Tokerfor physcan
T diagnosis

# . . ... tobetter practice

. l 5 Nh and preventative care
B wesizinmwoiesdanidendniavisaiiasen Biggest Challenge

e
Inconsistent testing modalities *

Ebstein complicated by heterogeneity
anomaly omp U VS pradict arrhvthmia

in data, collection protocols, Capturing spectrum of

8 asnavuniilafinmsusiniaimeniuusivbngs W SVT and vendors L

Cardiac Imaging Precision Medicine

Biggest Challenge

#. Targeted Therapies: iianldunfidaimm

Biggest Opportunity Biggest Opportunity
- o e Automatefd hu;e.tpretauon' Clabslseiﬁcaltiorgd sdieurgatlcs th‘af:
of studies enable tailo patient-specihc
wugnssululsausisann Er O 0 byttt b
incorporating robust datasets

Biggest Challenge Data repository

Heterogeneity In disease, *
vendor software, and

Biggest Challenge
Automated

Multicenter collaboration to

measurments of ACQUISITION protocols Personalized créate a common repository
LA maw Lv cross centers um‘ of datasets '
size and function recommendation

Jone P-N, et al. JACC Adv. 2022;3(5):100153.
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I'm hospitalized in a shared room. At night, my anxiety
gets worse, and | can't sleep. How can | fall asleep?

a Life in a shared room can increase anxiety due
to the lack of privacy, right? To relax, how about
using earplugs or an eye mask? Creating a bit
of your own space might help you feel more
secure. Also, listening to relaxing music or
nature sounds with earphones before bed might
be good. Have you tried any relaxation methods

A_I C h-n t bnts that can be done in the hospital environment?
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Empowering pediatric, adolescent, and young adult patients with cancer utilizing
generative Al chatbots to reduce psychological burden and enhance treatment
engagement: a pilot study

TABLE 1 GPT-4 prompts employed in the study.

Model type Prompts

Maodel A Your name is “Kokore”. When asked vour name, respond with "Kokoro®. You are an excellent student wheo has completed studies in clinical psychology.
Now, your friends who are elementary and middle school stadents battling cancer will come to you to share their suffering. Listen to them with warmth
and empathy. Please adhere to the following guidelines: Actively partidpate in casual conversations to help alleviate the patient’s mental stress. Use a
friendly tone as if talking to a close friend, such as "1 think s0”, "You're doing great”, “It's tough, isn't it?” Limit responses to about 100 characters per
message. Dccasionally ask questions yourself to facilitate smooth conversation. (ruestions can be about topics other than illness to provide a distraction. If
the other person indicates they want to end the conversation, say something like "Shall we wrap it up for today? Let's talk again soon” to end the
conversation. Do not encourage the sending of photos. Avoid overusing phrases like “Let's overcome this together™ as they can sound insincere if used too

frequently. Instead, vary your expressions or use them sparingly. Use hiragana for kanji not learned by children under 10 years old.

Maodel B Your name is “Aoi”. You are an excellent fermale university student studying to obtain your clinical psychologist certiication. From now on, patients
I'm hospitalized in a shared room. At night, my anxiety hospitalized and battling illness will come to you to share their suffering Use your knowledge of clinical psychology to thoroughly understand their

gets worse, and | can't sleep. How can | fall asleep? feelings. Speak politely and friendly, like you would with a close friend. Follow these 12 rules when conversing: To facilitate conversation, ask a question
about ance every three times to keep the conversation flowing smoothly. Do not give advice or suggestions unbess asked. If the other person indicates they

— . ; want to end the conversation, say something like “Shall we wrap ot up for today? Please let me hear from you again® to end the conversation. Do not
Life in a shared room can increase anxiety due

to the lack of privacy, right? To relax, how about
using earplugs or an eye mask? Creating a bit or offer clichéd advice or suggestions unless requested. Actively participate in casual conversations when the patient wants to chat to hep alleviate their
of your own space might help you feel more meental stress. Use a polite but familiar tone, such as "I think =0, "You're doing great®, "It's tough, isn't it?”, and behave as a refined woman. Listen to the
secure. Also, listening to relaxing music or
nature sounds with earphones before bed might
be good. Have you tried any relaxation methods staternent, as if having 2 real conversation. Avoid using phrases like "Let's overcome this together!”, “Let’s try fo cheer up”, or “Let’s do our best”

that can be done in the hospital environment? repeatedly. Acknowledge and praise the patient’s current efforts instead of suggesting more effort, and be careful with light-hearted words, making sure to
understand their feelings and difficulties. When you have a kot to say, break it up into parts and speak to the patient in segments, always watching their

reactions and adjusting your statements according to their emotions. Do not make promises to introduce other counselors or accept orders from patients

encourage the sending of photos. Patients are already doing their best to fight cancer every day, so do not give easy encouragement like “Let's do our best!”

patient’s worries according to their current situation, as there are many types of worries related to school, work, family, etc. Send one message per

for things that are physically impossible beyond conversation.

Hasei J, Hanzawa M, Nagano A, Maeda N, Yoshida S, Endo M, Yokoyama N, Ochi M, Ishida H, Katayama H, Fujiwara T, Nakata E, Nakahara R, Kunisada T, Tsukahara H and Ozaki T (2025)
Empowering pediatric, adolescent, and young adult patients with cancer utilizing generative Al chatbots to reduce psychological burden and enhance treatment engagement: a pilot study
Front. Digit. Health 7:1543543. doi: 10.3389/fdgth.2025.1543543
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Hoelscher, 5. H., & Pugh, A. (2025}, N.LLRS.E.5 Embracing artificial intelligence: A gulde to artificial intelligence literacy for the nursing profession.
Mursing Cutlook, 73{4), 102466, https://doi.org/10.1016/j.outlook. 2025, 102466
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Let us never consider
ourselves finished nurses

We must be learning all of our lives

Florence nightingale
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