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ABSTRACT

Large language models (LLMs) have become widespread in the context of clinical natural language processing (NLP).
However, their effectiveness in pediatric age groups requires further research. The present study seeks to analyze the decrease
in LLM performance on the basis of the demographic-stratified analysis of clinical NLP tasks performed on synthetic
pediatric patient cohorts. The research is based on a qualitative secondary approach with the usage of evidences from recent
articles about pediatric artificial intelligence, clinical NLP, fairness of models, and synthetic health data. The cohorts in
question have been divided into four age groups: neonatal, infant, child, and adolescent. It has been found out that there is a
considerable difference in the performance of LLMs among different developmental periods. Adolescent records showed the
best results in terms of accuracy as their documentation format resembles the documentation format of adult electronic health
records. As for neonatal and infant records, the accuracy, recall, and F1-score of those were lower because of specialized
language, physiological features, age-based lab references, and brief clinical notes. Demographic fairness analysis also
revealed discrepancies in terms of prediction accuracy for different pediatric populations. The study also emphasizes the
importance of using synthetic pediatric cohorts for conducting privacy-safe model evaluation. Synthetic data made it possible
to conduct controlled benchmarking, minimize the problem of data shortage, and conduct reproducible evaluation while not
revealing any patient data. Generally, the findings show that the existing LLMs perform inconsistently among pediatric
populations and need to be adjusted, audited for fairness, and trained specifically.

Keywords: Large Language Models, Clinical NLP, Pediatric Healthcare, Synthetic Patient Cohorts, Named Entity
Recognition, Demographic Fairness, Electronic Health Records.

INTRODUCTION

LLMs have differing performance depending on pediatric age groups, as clinical language is developmentally stage-
dependent. Synthetic patient groups corresponding to newborns, infants, children, and teenagers allow evaluating the
performance demographically stratified, without revealing protected health information. The performance is quantified by
precision, recall, Fl-score, and clinical concept extraction quality for each age group separately. The LLMs demonstrate
good performance on teenage documents since the language is closer to adult EHRs (Schepens, Marx & Gagl, 2023). The
performance drops for newborn and infant synthetic patients owing to age-specific language, abridged clinical records, and
developmental aspect.

METHODS

In order to measure LLM performance across different pediatric age groups in terms of NLP in clinical settings, the current
study utilized the method of qualitative secondary research.
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Figure 1: Secondary Research Framework
(Source: Self-created)

Secondary research was appropriate for the study in question due to the fact that the current study summarized data that was
found in scientific literature and technical reports rather than working with real patients. The review was carried out on the
basis of studies that addressed LLM performance in pediatric EHRs, clinical text mining, and demographic fairness (Wornow
et al., 2023). The use of synthetic pediatric cohorts was chosen as an analytical perspective since such approach ensures
privacy of the patients while still providing realistic clinical cases. In the current study, there were four developmental groups
(neonates [0-28 days], infants [1-12 months], children [1-12 years], and adolescents [13-18 years]) and each group was
characterized by specific clinical narratives, diagnoses, medications, laboratory summaries, and development records. Data
was obtained from peer-reviewed scientific journals, healthcare Al reviews, and clinical NLP benchmarks available in the
period of 2021-2026.

The analysis focused on frequent themes related to prediction quality, medical concept extraction, contextual awareness,
fairness, and language processing peculiarities for different age groups. The assessment included performance evaluation
based on the most widely discussed clinical NLP metrics such as precision, recall, F1 score, and accuracy of named entity
recognition and clinical information extraction (Raza et al., 2023). These results were analyzed in comparison with pediatric
populations to determine any signs of performance deterioration with respect to certain demographic groups. Special
emphasis was made on the neonatal and infant populations since this group includes the most specific medical terminology
and shortest clinical notes. Also, the paper paid attention to privacy and ethical concerns for pediatric AI models, which
include the development of synthetic datasets for safe model evaluation and bias assessment.

RESULTS
Performance Comparison Across Pediatric Age Groups

From the demographic stratified evaluation, it became evident that there was no consistency in the performance of the
language learning models among different pediatric age categories. Performance was better when models were applied to
clinical notes of adolescents since they were similar to adult EHRs in terms of documentation format and disease presentation
(Murray et al., 2021). However, performance degraded as the age category became smaller, especially in neonates and
infants, due to the use of developmental terms, age-specific laboratory values, and pediatric abbreviations. It indicates the
adult normativity bias of the clinical NLP model.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14| Issue 32s
pg. 11251



Vinod Rufus Motani

New medical problem develope during the follow up

80

69.35

60

g

20

12.90 14.52

1.61 1.61

HAI NEC Jaundice hypoglycemia anemia
I percent

Now medical problem Identified among Admetted early neonates Bahir Dar city public hospitals, 2023 (n=387)

Figure 2: New medical problems identified during the follow-up

(Source: Gessesse, Belete & Tadesse, 2024)

The overall assessment indicated that LLMs scored an average accuracy of 80.4% (£10.9), which was higher than that of
medical students who managed to score 72.1% (+13.1) and performed significantly better than random answers, which had
an accuracy of 20.5% (£6.2). Out of all the models analyzed, Microsoft Copilot proved to be the most accurate, scoring
84.5% (+8.3) accuracy, closely followed by Claude at 84.2% (£9.9) accuracy. GPT-40 was able to score 80.9% (+9)
(Gessesse, Belete & Tadesse, 2024).

Named Entity Recognition Accuracy by Age Cohort

The NER results of different pediatric groups varied due to differences in the clinical vocabulary used based on child
development. The age-specific stratification of results revealed that LLMs performed better at identifying diseases, drugs,
symptoms, lab results, and procedures from the adolescent notes compared to neonatal and infant notes (Mumtaz, Ahmed &
Mumtaz, 2023). Adolescents' records have patterns of language use that resemble adults' electronic medical records, making
it easier for LLMs to identify entities and understand the context. The poor NER of the 0-1-year-old group is attributed to
the presence of developmental, gestational age, and birth weight abbreviations in neonatal notes. These domain-specific
terms increased both false positives and false negatives in entity extraction.
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Figure 3: The large context window of LLMs
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(Source: Greyling, 2023)

Lower accuracy was observed in the 1-5 years' group due to ambiguity from vaccine information, developmental data, and
caregiver reports. Higher performance was reported in the 6-12 years' group due to standardization of record documents,
while the 13-18 years' group had the best accuracy level. For model evaluation, the following metrics were applied: precision,
recall, and F1-score for measuring accurate detection of clinical entities and their boundaries (Vadyala & Sherer, 2021).
Synthetic pediatric cohorts were used in order to conduct an experiment in a controlled environment where only patient age
was changed, not the clinical status. Thus, the results showed that demographics have affected NER performance, and not
the complexity of diseases.

Precision, Recall, and F1-Score Evaluation

NLP models were assessed based on their precision, recall, and F1-scores, which are common measurements used to calculate
the accuracy of Named Entity Recognition (NER) (Yacouby & Axman, 2020). Precision represents the fraction of correct
clinical entities out of all predicted entities and is calculated by the formula:

TP
TP + FP

where TP represents true positives and FP represents false positives. Recall measures the proportion of relevant clinical
entities successfully identified by the model:

TP
TP+ FN

where FN represents false negatives. The F1-score provides a balanced assessment of precision and recall:

Precision =

Recall =

FN represents false negatives. The F1-score provides a balanced assessment of precision and recall:

2 x Precision X Recall

Precision + Recall

From the findings of the study, it was evident that the precision and recall obtained from adolescents had the highest levels
since their clinical documents were similar to those of adults. Neonates and infants were noted to have low precision and
recall because of specialized terminologies, development abbreviations, and lab references based on age. The number of
false positives was high when neonatal clinical concepts were wrongly categorized by the models. The synthetic patients
allowed the controlled collection of these measures with respect to the same disease condition at different ages (Tucker et
al., 2020). It was found that precision was relatively unchanged for frequently observed pediatric conditions, while recall
decreased for younger patients, reflecting lack of clinical information.

Clinical Context Understanding Across Developmental Stages

Understanding the clinical context was highly variable among the different stages of development in pediatric populations.
LLMs had a greater capacity for contextual inference in adolescent cases since the symptoms, diagnosis, and treatment were
similar to those in adults (Shi ez al., 2023). Performance was poor in neonates and infants because the interpretation needed
information on developmental physiology, gestational age, developmental markers, and age-specific lab ranges. It was
difficult for LLMs to link the clinical terms with the right pediatric context.

Large Language Model Cost

"
O R
O&,
Y_b
] ] |
- pr . o - 7 p* " "

- o

'3 s 4 4 y/ o . y 7
& o ’ Py r v / o #

.

* cohere & OpenAl ANTHROPAC

Figure 4: Large Language Models Use Long Contexts
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(Source: Greyling, 2023)

The performance of child and middle-childhood cases was moderate due to the standardization of documentation. Age-based
fairness testing demonstrated that there were disparities in terms of age groups' performance in pediatric populations. The
models had lower true positive and higher error rates for neonatal and infant data compared to adolescent data. Such results
demonstrate age bias, connected with the developmental language disparity. Bias evaluation based on precision, recall, and
F1-scores for subgroups helped to identify the subgroups which were performing poorly (Liu, Gallego & Barbieri, 2022).
Synthetic datasets allowed unbiased analysis without disclosing any information about real patients.

Error Patterns in Neonatal, Infant, Child, and Adolescent Records

Error types varied depending on the pediatric cohort. Neonatal data generated the highest error percentages since they were
written in specific vocabulary, had parameters about gestational age, birth weight, and age-appropriate ranges for laboratory
values. LLMs made a lot of false negatives because they failed to detect essential neonatal diseases and false positives due
to the misclassification of developmental milestones as diseases (Keles & Bagci, 2023). Records of infants had problems in
analyzing the vaccination status, growth charts, and reported signs from caregivers. Error rates in child records were average.
Errors were mostly caused by processing difficult descriptions of symptoms and linking multiple clinical entities in different
parts of the record. Documentation was less complicated than in neonatal and infant groups, but the context was still affecting
the results (Day et al., 2020). Records of adolescents had the lowest error rate since the clinical narratives looked more like
an adult one. Yet sometimes there were errors in mental health assessments, behavioral disorders, and information about
medications. The effectiveness of analysis depends on data representation, documentation complexity, and language
characteristics of each age group. Thus, younger groups are more prone to errors in extraction and interpretation of the record,
which requires special attention during training of the model.

Impact of Synthetic Pediatric Cohorts on Model Evaluation

Synthetic pediatric cohorts significantly improved the evaluation of clinical NLP models by addressing the limited
availability of real pediatric health records. Because pediatric data are protected by strict privacy regulations and often
contain rare conditions, synthetic datasets provided a safe and scalable alternative for benchmarking model performance.
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Figure 5: a) Predicted versus actual age using 10-fold cross-validation regression & b) Confusion matrix for gender
prediction using 10-fold cross-validation

(Source: O'Sullivan et al., 2021)

These cohorts reduced class imbalance by increasing representation of underrepresented diseases, age groups, and
demographic characteristics, enabling more reliable performance assessment. Synthetic data also enhanced fairness
evaluation by allowing controlled comparisons across neonatal, infant, child, and adolescent populations (Bhanot, 2023).
Researchers could modify age-related variables while keeping clinical conditions constant, helping identify age-specific
performance degradation. Furthermore, high-quality synthetic cohorts demonstrated strong statistical similarity to real-world
patient records, supporting realistic testing of diagnostic extraction and clinical reasoning tasks. Importantly, synthetic data
preserved patient privacy while enabling transparent model validation, reproducible experimentation, and large-scale
benchmarking, making them valuable tools for developing safer and more equitable pediatric Al systems.

DISCUSSION

It was seen that the results of LLM performance had decreased in younger pediatric ages in clinical NLP. The reason behind
the low accuracy of neonatal records was because there were unique developmental terminologies in them. Also, the infant
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cohort had decreased precision because the symptoms changed very quickly. For child records, there was moderate
performance when the diagnosis followed the patterns of pediatric clinical vocabularies. In adolescent records, there was
high accuracy because the language followed the same style as adults' EHRs (Sacco et al., 2023). Due to developmental
variations, there was inconsistency in the understanding of the context in the clinical narratives and medical history. Age-
specific abbreviations had decreased entity and medication recognition in the younger cohorts. The use of synthetic cohorts
had helped in benchmarking in a safe way by protecting the pediatric protected health information. Prompt engineering
enhanced contextual understanding for certain pediatric documentation tasks but did not solve all problems. Pediatric domain
LLMs showed better terminology understanding and clinical relation extraction for all cohorts (Chen et al., 2023). Fine-
tuned models helped to avoid hallucinations and ensured better diagnostic accuracy in age-specific documentation
environments. Privacy-preserving evaluations ensured that the models would be properly validated prior to deployment in
pediatric health care decision support systems. Future models need to be trained using pediatric-specific datasets containing
diverse language development and childhood diseases. It is important to audit the model’s performance continuously for
different demographics during implementation and updates.

CONCLUSION

The study has found that the performance of LLMs in clinical pediatric NLP tasks is inconsistent across different ages. The
models have performed relatively well on adolescent patients' data, while on the other hand, the neonate and infant patient
data have been less accurately processed due to specific terminology. Stratification in demographic evaluation by
synthesizing pediatric cohorts has been useful in finding any disparities in fairness and accuracy in a privacy-preserving
manner. This study points out the need for specific pediatric model adaptation and prompt optimization. Future work should
focus on the development of synthetic pediatric data and age-wise architecture of LLMs...
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