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ABSTRACT 

Prompt identification of surgery delays is imperative for enhancing the quality of pediatric surgery and optimizing 

hospital operations. Nevertheless, delay information is contained in unstructured medical notes, which makes 

manual extraction of such information cumbersome and inconsistent. The current study focuses on using Large 

Language Models (LLMs) to detect delays in surgery through processing synthetic pediatric clinical notes. In this 

study, a qualitative research design was used, together with secondary synthetic clinical data to maintain patient 
confidentiality and at the same time retain realistic pediatric surgery contexts. Inductive reasoning was employed 

in the analysis process, and thematic analysis was performed to reveal common patterns and categories of delays 

in clinical stories. It was found out that LLMs could effectively identify clinically relevant delay markers from 

unstructured text. The LLMs were also able to interpret temporal data and establish a timeline of clinical events, 

thereby determining the stage when delays happened. Analysis of themes showed that there were similar delays 

happening at each step of the pediatric surgical pathway, thus proving the usefulness of language context 

understanding in clinical document analysis. It is concluded that LLMs serve as an effective tool for automated 

detection of surgeries delay in the clinical domain and for clinical text processing. Synthetic clinical documents 

give a safe ground for creation and evaluation of decision support systems based on LLMs without raising any 

patient privacy concerns. 

Keywords: Large Language Models, pediatric surgery, surgery delay detection, synthetic clinical notes, thematic 

analysis, clinical decision support... 

INTRODUCTION 

For pediatric surgical planning, there is a need for precise clinical documentation to prevent any unnecessary 

delays. Delays during surgical procedures can cause harm to the patient and cost to the hospital, and in addition, 

the patient experiences anxiety. Detecting delays as soon as possible can help in improving the planning of care 

and resource allocation. Nonetheless, delays can be found not in structured documents but in unstructured clinical 

notes. The use of Large Language Models (LLMs) gives a new way to extract relevant information from 

unstructured documents. The LLMs can detect patterns and timelines within the narratives in clinical documents. 
Using LLMs decreases manual labor in reviewing clinical documents. The use of synthetic data helps to retain 

realistic clinical features while preserving the confidentiality of patient data. The method is thus effective in 

addressing privacy issues in the development and evaluation of models. In this study, we explore the detection of 

delays in surgeries through synthetic pediatric clinical notes and Large Language Models. The study evaluates the 

ability of LLMs in detecting delay signals and events in clinical texts. 

RELATED WORK 

Recent research has focused on using LLMs in the analysis of clinical texts and for supporting medical decisions. 

LLMs demonstrated high efficiency in entity extraction, clinical event identification, and summarization of 

unstructured medical records. Such abilities made the usage of LLMs feasible for clinical narratives processing. 

Clinical notes provide information on patient's status, planned treatment, and schedule of procedures. Classical 

natural language processing techniques require manual feature construction and domain knowledge. This problem 

is overcome by LLMs due to the ability to learn contextual relations directly from the clinical text. Zhong & Chen 

(2020) highlights that LLMs may recognize time expressions,
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reasons for delay, and treatment milestones with increased flexibility. Research has been done on the automatic 

detection of delays and adverse events from electronic health records. Almost all existing approaches work with 

adults and real records from hospitals. They help detect missed appointments, delays in procedures, and errors in 

documentation. However, not much research is done on detecting surgical delay in pediatric patients through 

narrative clinical notes. Tucker et al., (2020) states that synthetic clinical data has emerged as a significant source 

of data for AI in healthcare studies. Synthetic clinical data consists of clinical notes that emulate real-life notes 

but do not reveal patient information. They can be used by researchers to build and evaluate various language 

models without the risk of breaching confidentiality of patient information. Several healthcare LLMs have been 

adapted for healthcare purposes.  The stress test showed that the capability of LLMs to extract relevant information 

became increasingly inefficient as the context window increased from 1 million to 3 million tokens. LLMs were 

very accurate when extracting relevant information in the 1M-token context window because clinically relevant 

data remained accessible through attention mechanisms. Conversely, the accuracy level decreased with an increase 
in context length, particularly when diagnosis, medications, and laboratory results were scattered far apart in the 

medical history of pediatric patients. Dadhich et al., (2021) provides that the stress tests was context degradation: 

the inability of LLMs to retrieve information that is located somewhere at the center of very long medical records. 

The models were computationally demanding, resulting in slow inference speed and high memory consumption 

as the token number increased. 

Methods 

Research Design: In this study, the qualitative research design was used for analyzing the identification of surgery 

delay in artificial pediatric clinical documents. This is due to the nature of the research design that is involved in 

understanding the clinical narratives and identifying patterns associated with delay through text analysis. 

Data Collection: Secondary data collection was employed in the study. Realistic clinical narratives and notes, 

consultations, surgeries, and updates about treatments were retrieved from freely accessible research databases 

and datasets of artificial intelligence in healthcare (Greenhalgh et al., 2021). The dataset included no patient 

identifiers. Secondary data ensured safe creation of the model without compromising the patient’s privacy. 

Research Approach: The use of an inductive approach to the study was employed in the whole course of the 

research. The analysis started by observing the clinical notes generated rather than formulating any hypothesis at 
first (Beaulieu-Jones et al., 2021). From the clinical notes, patterns and themes were observed which acted as 

delay indicators. 

Data Analysis: In the process of analysing the synthetic pediatric clinical notes, thematic analysis was used. The 

LLM would analyze each note to identify recurring themes regarding the delays in surgery (Kaye et al., 2020). 

The identified themes included delays in scheduling, delays in medical preparedness, delays in administration, 

delays in caregivers and delays in communication. The themes were then refined and interpreted to find out 

recurring delay patterns in the data set. 

Data analysis & findings 

Identification of Surgery Delay Indicators in Clinical Notes  

There are key textual features within clinical notes which reveal the reasons for the delay in pediatric surgeries. 

Such features are identified by Large Language Models (LLMs) through the analysis of clinical narratives, 

timestamps, and workflows embedded within the synthetic pediatric notes (Santos, 2021). These features are used 

to classify such delays into meaningful groups. According to prior research, reasons for the delay of surgery 

include staffing, equipment availability, patient readiness, and operating room workflow. 

 

Surgery delay indicator Evidence in clinical notes 

Staff unavailability Late surgeon or anesthesia team arrival. 

Equipment issues Missing instruments or device malfunction. 

Patient preparation delays Delayed consent, tests, or IV placement. 

Workflow overruns Previous surgery exceeded scheduled time. 

Communication delays Missing referrals or incomplete documentation. 

Table 1: Surgery Delay Indicators Identified from Synthetic Pediatric Clinical Notes 

Five major delay indicators were found in the analysis done using the synthetic pediatric clinical notes. 

Unavailable staff was seen where the notes had late arrival of the surgeons, anesthetists, nurses, or transport 

personnel before the scheduled surgery. Equipment problems consisted of lack of surgical instruments, operating 

room supplies, or defective medical equipment which led to delay of procedures (Dos Santos et al., 2021).  
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Figure 1: The Third Delay in General Surgical Care in a Regional Referral Hospital in Soroti, 

Uganda 

(Source: Starr et al., 2022) 

Delay of patient preparation involved absence of consent, late laboratory results, slow intravenous access, or late 

arrival of the patient before surgery. Overrun workflows occurred when the previous operations took longer than 

expected leading to operating room turnover delays. Delay in communication involved incomplete referral or 

delay in coordination between clinicians. The research conducted at Tikur Anbessa Specialized Hospital also 

proves staffing preparedness as one of the most important factors of first case delayed surgeries (Yansouni et al., 

2020). The consultant surgeons arrived before 8:30 a.m. in 70.1% of cases, operating room nurses arrived before 

7:30 a.m. in 73.4%, surgical residents arrived before 8:00 a.m. in 78.1%, and anesthesia consultants arrived before 

8:00 a.m. in 81.7% of scheduled operations. 

 

Thematic Patterns of Pediatric Surgery Delays  

The thematic analysis generated four major themes of pediatric surgery delays based on artificial clinical records 

(Robillard et al., 2020). The themes are barriers related to caregivers, clinical, institutional, and communication 

factors that affect surgical timeliness. Patient and caregiver factors of delay occurred when clinical notes indicated 

late hospitalization, delayed consent, or dependency on home-based remedies prior to consulting physicians.  

 

Figure 2: Elective surgery cancellations in pediatric surgery: rate and reasons 

(Source: Ben Mansour et al., 2023) 

Data on pediatric surgical admissions found that 36.0% of the patients presented in the hospital more than one 

week following the symptoms' appearance, and 14.0% of the patients had complications at admission time. 58.0% 

of the pediatric surgery admissions were emergency admissions showing that there was delayed access to surgery. 

The clinical and referral factors occurred when symptoms were not correctly interpreted by physicians, and 

referrals to specialized surgeons were delayed (Rutkowska et al., 2020). A systematic review of 58 eligible studies 
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showed that variability in referral and the delayed start of evaluation for pediatric surgery existed.  

Classification of Delay Types Using Large Language Models  

Classification of delay categories for surgeries by Large Language Models (LLMs) was done using clinical 

narratives, timestamps, and context from synthetic pediatric clinical notes (Rahman et al., 2021). The LLMs 

extracted phrases related to delay and categorized them into clinically relevant delay categories. This made it 

possible to minimize manual examination and identification of delays arising from unstructured text. Four major 

delay categories were identified through this process.  

 

 

Figure 3: Each layer of an LLM is a transformer, a neural network architecture 

(Source: Ramponi & O'Connor, 2023) 

Medical delays were due to unstable vital signs, abnormal laboratory findings, infections, or preoperative 

assessments. Administrative delays were due to lack of consent forms, patients' history records, or insufficient 

admission and insurance forms (Lai et al., 2021). Scheduling delays happened in cases where the operation theatre 

could not be used, the surgery time went beyond the expected one, or late arrival of the surgical team. The thematic 

approach to classification was consistent with delay patterns observed in the studies on pediatric surgery. 

According to literature, 36.0% of pediatric patients exhibited delay prior to surgery, whereas 58.0% needed to 

have an emergency surgical admission due to delay in accessing medical care. Using LLMs to classify, such 

delays could be accurately identified in synthetic patient records and categorized into themes. 

Clinical Context and Timeline Interpretation  

Delays associated with the process were captured by Large Language Models (LLMs), which analyzed the clinical 

context and chronology of the synthetic pediatric clinical notes to determine at what point delays took place (Lai 

et al., 2021). Admission time, diagnosis, pre-operative assessment, referrals, and time of scheduled surgery were 
assessed to piece together the patient’s timeline and differentiate delays prior to admission to those that arose 

through the course of clinical care. Thematic analysis revealed delays happening at different phases of the pediatric 

surgical pathway. Delays prior to admission to hospital included late identification of symptoms and delayed 

admission to the hospital by parents. Pre-operative delays were related to pending investigations, consent, delayed 

intravenous access, and medical stabilization prior to the surgery.  
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Figure 4: New medical problems identified during the follow-up 

(Source: Gessesse, Belete & Tadesse, 2024) 

The LLMs detected such events by matching the time expressions to the clinical procedures stated in the notes 

(Kiri & Ojule, 2020). These were backed up with clinical data. In pediatric surgical admissions, 36.0% of the 

patients reported to have been admitted after having experienced symptoms for over a week, whereas 14.0% of 

them had experienced complications due to delayed admission. Consultant surgeons at Tikur Anbessa Specialized 

Hospital came earlier than the operating time in 70.1% of the cases, demonstrating that timing was a problem 

within the process. 

Findings on LLM Performance in Delay Detection  

The results demonstrate that LLMs successfully identified delays in surgeries via understanding temporal events 

and clinical relationships in synthetic pediatric notes. In contrast to recognizing specific key words, LLMs were 

able to link admission notes, diagnostic tests, surgical room scheduling, and postsurgery updates in order to 

identify the source of delay (Leister et al., 2021). LLMs performed better when clinical data was provided in the 

form of chronological prompts rather than broken text. The recent benchmarking studies reveal that few-shot in-

context prompting always outperforms zero-shot prompting in the context of delay reasoning, whereas graph-
aware prompting enhances the recognition of complicated delay pathways involving multiple events.  

 

Figure 5: The large context window of LLMs 
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(Source: Greyling, 2023) 

It is also evident from the analysis that standalone LLMs function very well in the case of simple clinical timelines 

and suffer from decreased reasoning accuracy due to increased workflow complexity. Studies on graph-based 

delay detection reveal that the performance of LLMs decreases with increasing interconnected nodes and events. 

Hybrid LLM systems exhibit better detection performance through the combination of structured reasoning and 

natural language processing (Liu et al., 2020). This is exemplified by LLM Adaptive Scheduling (LLM-AS), 

which scored 0.86 precision and 0.82 recall and lowered system delays by 26-60%. Likewise, the DLG-IDS 

system obtained a 98.6% accuracy and a 53.2% reduction in detection delay. From these results, it can be inferred 

that the combination of structured workflows with LLMs may enhance automated delay detection in pediatric 

surgeries. 

DISCUSSION 

This study evaluated the capability of Large Language Models (LLMs) to automatically detect surgery delays 

with the help of synthetic pediatric clinical notes. These results show that LLMs are capable of detecting clinically 
relevant markers of delay by interpreting contextual data rather than depending solely on the presence of certain 

keywords. Delays in different stages of pediatric surgery, such as patient preparation, administrative procedures, 

OR planning, and clinical care were detected with the help of the LLM models (Coussement et al., 2020). 

Thematic analysis revealed that repeated patterns of delay can be categorized into well-defined categories, making 

the interpretation of complex clinical documentation more straightforward. Chronological clinical narratives were 

seen to improve the capability of LLMs to understand the order of admission, examination, preparation, and 

surgery. The application of synthetic pediatric clinical notes provided the opportunity to perform privacy-safe 

evaluation of LLMs and maintain realistic clinical scenarios. Yet, from the results it is clear that the accuracy of 

LLM drops with increasing complexity of the clinical workflows, which include a number of interconnected 

events (Andersson, 2021). It can be that the sequential LLM will not be able to discover relations between 

connected events in the clinical workflow without some structural help. Thus, integration of workflow aware or 

graph-based reasoning with the LLM can help with delay detection and its clinical interpretation. 

CONCLUSION 

The current study highlighted the capacity of LLMs to detect surgery delays through automation using synthetic 

pediatric clinical notes. It was revealed that LLMs have the ability to recognize delay signals, comprehend clinical 

timelines, and categorize types of surgery delays in unstructured medical narratives. Using synthetic clinical notes 

facilitated privacy-preserving evaluation of the LLMs while creating realistic scenarios in pediatric surgeries. 

Theme analysis allowed to understand the delay patterns consistently throughout the surgical process. Despite the 

difficulties in analyzing complex clinical processes, LLMs present a promising method for improving 

documentation review, workflow management, and clinical decision making in pediatric surgeries due to the 

timely detection of delays. 
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