
R E S E A R C H Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​
v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​​i​c​e​​n​s​e​s​​/​b​​y​-​n​c​-​n​d​/​4​.​0​/.

Šimunović et al. BMC Medical Informatics and Decision Making          (2025) 25:423 
https://doi.org/10.1186/s12911-025-03258-3

BMC Medical Informatics 
and Decision Making

*Correspondence:
Zenon Pogorelić
zenon.pogorelic@mefst.hr
Joško Markić
jmarkic@mefst.hr

Full list of author information is available at the end of the article

Abstract
Background  Serious Bacterial Infection (SBI) in neonates and young infants often exhibit nonspecific symptoms and 
clinical signs in the early stages of illness, making early diagnosis challenging. Timely recognition and appropriate 
treatment are essential to prevent adverse outcomes. While several clinical algorithms are widely used for SBI risk 
stratification, these tools have limitations, particularly low positive predictive value. This study evaluates the diagnostic 
accuracy of general-purpose large language models (LLMs) in detecting SBI in neonates and infants under 90 days of 
age admitted to the emergency department. Our objective is to improve diagnostic precision, reduce unnecessary 
interventions, and enhance patient outcomes. LLM performance was compared against traditional machine learning 
models, state-of-the-art rule-based methods, and an ensemble of physicians to assess their potential as clinical 
decision-support tools in scenarios of diagnostic uncertainty.

Results  On a dataset of 742 patients, LLMs demonstrated diagnostic accuracy comparable to traditional machine 
learning models and state-of-the-art rule-based methods. The optimized CatBoost (class-weighted) model achieved 
the best overall performance, with a PPV of 0.70, NPV of 0.90, sensitivity of 0.54, specificity of 0.95, F1-score of 0.60, 
and MCC of 0.54, outperforming the baseline CatBoost model and achieving results on par with large language 
models (LLMs) and physicians. When optimally prompted, LLMs performed on par with ensembles of experienced 
clinicians. Additionally, LLMs exhibited effective medical reasoning and provided credible diagnostic predictions, 
particularly valuable in cases of clinician uncertainty. The models achieved balanced performance across multiple 
evaluation metrics, including PPV, NPV, sensitivity, specificity, F1-score, and Matthew’s correlation coefficient (MCC). 
ChatGPT-4o achieved a sensitivity of 0.65 and specificity of 0.83, with an MCC of 0.41. Claude Sonnet 3.5 reached a 
sensitivity of 0.60 and specificity of 0.86, MCC 0.42 and Google Gemini 2.0 Flash had lower sensitivity (0.43) but the 
highest specificity (0.94), with an MCC of 0.43. In comparison, the best-performing individual pediatrician achieved a 
higher sensitivity (0.74) but lower specificity (0.68), with an MCC of 0.33, while the pediatricians’ majority vote yielded 
sensitivity of 0.69, specificity of 0.81, and MCC of 0.43 — comparable to the top-performing LLMs.
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Background
Infants with Serious Bacterial Infection (SBI), such as 
pneumonia, urinary tract infection, meningitis, bactere-
mia, or bone and joint infections, often exhibit nonspe-
cific symptoms and clinical signs, like fever, in the early 
stages of illness [1–3]. This makes it difficult to differenti-
ate SBIs from viral infections [4]. Early recognition and 
treatment with appropriate antibiotic therapy are critical 
to avoiding the severe consequences of delayed or missed 
diagnoses [2]. Determining which infants require hospi-
talization and antibiotic treatment is a persistent chal-
lenge, complicated by changing clinical presentations and 
epidemiology [5].

Several algorithms are widely used to evaluate the risk 
of SBI in infants, including the Rochester, Boston, Phila-
delphia, Lab-Score, and Step-by-Step approach [6–9]. 
These tools are based on specific clinical and laboratory 
parameters that help classify infants into risk categories. 
For example, the Step-by-Step approach validated by 
Gomez et al. [9] showed higher sensitivity and specific-
ity than the Rochester and Lab-Score criteria in identify-
ing low-risk infants for invasive bacterial infections (IBI). 
However, significant limitations remain. The Rochester, 
Boston, and Philadelphia criteria have low positive pre-
dictive value (PPV), reducing their effectiveness in spe-
cifically identifying SBIs [10]. The Step-by-Step approach 
has been prospectively validated, showing a sensitivity of 
0.92 and a negative predictive value (NPV) of 0.993 [9]. 
However, significant variability exists across institutions, 
as not all guidelines advocate for these strategies, con-
tributing to inconsistencies in clinical practice [11]. How-
ever, the accuracy of these scores or rules relies heavily 
on the availability and reporting of test results. Predic-
tions cannot be made in the presence of missing values, 
which represents a significant limitation [12]. As a result, 
in resource-limited settings or for patients without spe-
cific test results, these methods may not be applicable.

Machine learning (ML) models offer a promising alter-
native to traditional methods by leveraging large datas-
ets and sophisticated algorithms to improve predictive 
accuracy. Unlike conventional tools, ML models can 
handle missing or incomplete data effectively through 
techniques like imputation or treating missing values as 
predictors. Studies by Ramgopal et al. [13] and Lee et al. 
[14] have shown the potential of ML algorithms, such 
as Random Forest and Support Vector Machines, in 
predicting SBI with high sensitivity and specificity. For 

instance, Ramgopal et al. [13] developed an ML model 
using features like urinalysis, white blood cell count, 
absolute neutrophil count, and procalcitonin levels. Their 
Random Forest model achieved a sensitivity of 0.986 and 
a specificity of 0.749, significantly reducing unnecessary 
procedures like lumbar punctures, hospitalizations, and 
antibiotic treatments. Similarly, Lee et al. [14] created an 
ML model that demonstrated robust performance even 
with incomplete datasets, achieving an area under the 
receiver operating characteristic (AUROC) curve of 0.964 
in internal validation and 0.950 in external validation.

Large Language Models (LLMs) have further enhanced 
the capabilities of traditional ML approaches. These 
models can process and contextualize large amounts 
of structured and unstructured data, including clinical 
notes, medical literature, and electronic health records. 
This ability allows LLMs to uncover patterns and cor-
relations that traditional models might miss. Fisch et al. 
[15], for example, found that LLMs like ChatGPT4o per-
formed better than physicians in recommending diagnos-
tic procedures and treatments for bacterial meningitis. 
However, the study also noted challenges, including the 
generation of misleading statements and inconsisten-
cies in treatment recommendations. For SBI prediction, 
LLMs offer an attractive approach due to their minimal 
data preprocessing requirements and demonstrated suc-
cess across various medical applications [15].

Prior studies provide strong evidence that medical 
large language models possess substantial clinical knowl-
edge [16, 17]. However, these findings are based primar-
ily on benchmark datasets like MedQA, MedMCQA, and 
PubMedQA, while the models are proprietary (e.g. no 
open access). While useful, such datasets consist of mul-
tiple-choice questions or unrealistic isolated scenarios 
that do not capture the complexity and ambiguity of real-
world clinical practice. Moreover, they largely test gen-
eral medical knowledge, leaving unclear whether strong 
benchmark performance translates into practical clinical 
utility.

In contrast, we investigate whether open-access, gen-
eral large language models (LLMs) can address a highly 
specific and challenging real-world task in the pedi-
atric emergency department: assessing the risk of SBI 
in infants during pediatric emergencies. We find that 
LLMs perform on par with—or better than—both tra-
ditional machine learning methods and expert pediatri-
cians. Importantly, our approach requires minimal data 

Conclusions  These Artificial intelligence tools offer a promising direction for SBI risk prediction, achieving 
performance comparable to that of experienced pediatric specialists, while maintaining simplicity of use/data-
preprocessing for potential real-world applications.
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preprocessing (e.g. works on raw lab reports), helping to 
bridge the gap between academic benchmarks and actual 
clinical application.

Methods
Database and preprocessing
This study utilizes a dataset comprising infants under 90 
days of age who visited the pediatric emergency depart-
ment (PED) at the University hospital of Split, Croatia. 
The dataset includes only those infants who were hospi-
talized following their emergency department visit, cov-
ering the period from January 1st 2021 until August 30th 
2024. The data was collected from hospital records and 
electronic health systems to ensure comprehensive and 
accurate documentation of patient demographics, clini-
cal presentations, and hospitalization details. The data-
set primarily comprises laboratory parameters obtained 
during the PED visit, as well as clinical and demographic 
data recorded by the attending pediatricians at admission 
to the hospital. The confirmation of SBI was obtained 
from the discharge letters of hospitalized infants, where 
diagnoses were documented using the ICD-10 classifica-
tion system. The SBI group comprised patients with an 
ICD-10 code corresponding to an SBI diagnosis avail-
able in Additional file 1. The non-SBI group comprised 
patients without ICD-10 diagnosis indicating SBI, as 
stated in the discharge letter. This group was heteroge-
neous and included patients with viral infections, self-
limiting febrile illnesses, and various other non-bacterial 
conditions presenting to the pediatric emergency depart-
ment. The decision to build the dataset in an explained 
manner was made to ensure proper evaluation of all clas-
sifiers in the most realistic environment, while focus-
ing on SBI. A total of 742 patients were included in this 
study. Among them, 126 had confirmed SBI based on 
discharge letters, while 616 were classified otherwise. The 
data used in this study was examined and anonymized by 
the IT department of University Hospital Split to ensure 
patient confidentiality and compliance with data protec-
tion regulations. No personally identifiable information 
was accessible to the researchers. Patient data were ano-
nymized and handled in accordance with institutional 
guidelines to protect confidentiality and privacy.

For the initial comparison of LLMs with logistic regres-
sion, CatBoost (Categorical Boosting), LabScore, and 
FIRST algorithms, a set of 60 categorical and numerical 
features was selected by a medical expert. These features 
were deemed relevant for training models to predict SB, 
based on the medical expert’s opinion. The complete 
list of features is provided in Additional file 2. In the 
subsequent analysis, we selected the best-performing 
algorithm and further tested it in a more realistic envi-
ronment, where the model was provided with the full 

dataset from the PED. Its performance was then com-
pared to that of medical doctors.

Implementation
The code was written in Python programming language 
(version 3.11.9, Python Software Foundation, Wilming-
ton, DE, USA).

Algorithms
The Febrile Infants Risk Score at Triage (FIRST) Algo-
rithm [18] is a scoring system designed to assess the risk 
of serious bacterial infections (SBIs) in febrile infants at 
triage. It assigns points based on four key clinical vari-
ables: age, temperature, sex, and duration of fever. For 
age, infants younger than 21 days receive 17 points, those 
between 21 to less than 28 days receive 0 points, and 
those 28 days or older receive 30 points. For temperature, 
infants with a temperature below 38.5 °C receive 0 points, 
those between 38.5 °C to less than 39.0 °C receive 4 
points, those between 39.0 °C to less than 40.0 °C receive 
13 points, and those with a temperature of 40.0 °C or 
higher receive 43 points. For sex, male infants receive 17 
points while female infants receive 0 points. Finally, for 
the duration of fever, infants with less than 2 days of fever 
receive 0 points, whereas those with fever lasting 2 days 
or more receive 9 points. The total score is measured 
against the specified threshold and used to determine the 
risk level, guiding clinicians in deciding on further evalu-
ation or treatment for febrile infants. For the motivation 
behind thresholds see their original paper.

Lab-Score Method [19, 20] is a scoring system used 
to predict the likelihood of serious bacterial infections 
(SBI) in febrile infants based on laboratory test results. 
It considers three key biomarkers: procalcitonin (PCT), 
C-reactive protein (CRP), and urine dipstick results. The 
score is assigned based on the presence and levels of 
these markers. A positive urine dipstick, defined as posi-
tive leukocyte esterase and/or positive nitrate, contrib-
utes 1 point. If PCT is ≥ 0.5 ng/mL or CRP is ≥ 40 mg/L, 2 
points are assigned. If PCT is ≥ 2 ng/mL or CRP is ≥ 100 
mg/L, 4 points are assigned. The total Lab-score ranges 
from 0 to 9 points. A score of 3 or higher is considered 
the optimal cutoff for predicting SBI, helping clinicians 
determine the need for further evaluation or treatment in 
febrile infants.

Logistic regression is a supervised machine learning 
algorithm commonly used for binary classification tasks. 
It models the relationship between one or more inde-
pendent variables—typically numerical features—and a 
binary dependent variable. The algorithm estimates the 
probability of an instance belonging to a particular class 
using a logistic (sigmoid) function, producing outputs in 
the range [0, 1]. A discrete class label (e.g., 0 or 1) is then 
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assigned by applying a threshold to this predicted prob-
ability [21, 22].

CatBoost (Categorical Boosting) is an efficient clas-
sification algorithm based on gradient boosting over 
decision trees, specifically designed to handle categori-
cal features in the data. Unlike many other methods that 
require prior transformation of categorical variables, 
CatBoost incorporates statistical techniques to process 
them automatically. Furthermore, by optimizing a wide 
range of input parameters, CatBoost effectively reduces 
the risk of overfitting [23–25]. To evaluate model per-
formance, we employed five-fold cross-validation. The 
dataset was split into five folds, and for each iteration, 
the model was trained on four folds and tested on the 
remaining fold. This process was repeated five times, 
producing five models trained on different subsets of the 
data. All models shared the same hyperparameters; the 
only difference between them was the training subset. 
We report the mean evaluation metrics of the five models 
as the final result for the CatBoost model. Hyperparam-
eter optimization was performed by specifying a fixed set 
of hyperparameters for each trial, applied across all five 
folds. The outcome of a single optimization trial was the 
average evaluation metric across the five models, along 
with the corresponding hyperparameters. This process 
was repeated for 30 trials, resulting in the optimized 
hyperparameters presented in the study. We acknowl-
edge that using the same five-fold cross-validation pro-
cedure both for hyperparameter optimization and for 
reporting performance may introduce a slight optimistic 
bias in the results, as the folds used for tuning are not 
fully independent of those used for evaluation. However, 
this approach was adopted for model comparison rather 
than for unbiased generalization estimation. All mod-
els used in this study were evaluated under exactly the 
same cross-validation scheme. Consequently, any poten-
tial overestimation affects all models equally, preserving 
the validity of relative comparisons. The reported values 
should therefore be interpreted as cross-validated per-
formance estimates, not as performance on a completely 
unseen test set.

In addition to these traditional models, we evaluated 
some of the best general-purpose LLMs available at the 
time of writing: Chat Generative Pre-trained Trans-
former 4o (ChatGPT4o) (Open AI), Gemini 2.0 Flash 
(Google), and Claude 3.5 Sonnet (Anthropic). These 
models were tasked with predicting the likelihood of 
high-risk SBI cases while also providing a detailed expla-
nation of their predictions, including the rationale behind 
their decision-making process and the confidence lev-
els associated with each prediction. The prompt used 
for analysis is available in the Additional file 3. Differ-
ent approaches to LLM inference are used to improve 
their performance in healthcare applications: Zero-Shot 

learning is a prompt-engineering approach in which a 
model is provided with a prompt without undergoing any 
task-specific training. It is commonly applied in trans-
fer learning, where a pre-trained model is repurposed 
for a new task instead of fine-tuning a separate model, 
thereby substantially reducing the computational cost 
and resources required for training [26].

Few-Shot learning refers to a setting in which the 
model is provided with a small number of task demon-
strations at inference time as conditioning, without any 
updates to the model’s weights [27]. Chain-of-Thought 
(CoT) prompting is a technique designed to enhance 
reasoning in large language models by encouraging them 
to generate intermediate steps when solving complex 
problems. This approach enables models to decompose 
multi-step tasks into smaller reasoning units, thereby 
allocating additional computation to problems that 
require deeper inference. Importantly, CoT provides 
an interpretable trace of the model’s reasoning process, 
offering insights into how answers are derived and allow-
ing researchers to identify potential sources of error [28].

We also conducted a human evaluation to compare 
the performance of pediatric specialists with tested algo-
rithms in predicting the risk of SBI. The five specialists 
were randomly selected from a pool of board-certified 
pediatricians currently working in the pediatric depart-
ment. The specialists were presented with the same data 
as our tested algorithms. Laboratory parameters (avail-
able in Additional file 4) were taken at the PED along 
with basic patient information, including sex, age, days of 
fever, and body temperature at the time of the emergency 
department visit. Their task was to assess the risk of SBI 
by assigning a prediction of 1 (high risk, possible SBI) or 
0 (no risk for SBI) based on the available data. Addition-
ally, they were required to indicate their confidence level 
(confident or not confident) for each prediction. This 
evaluation protocol provides valuable insights into how 
closely ML and LLM models align with expert judgment 
in assessing SBI risk in infants, considering diagnosis 
uncertainty beyond just accuracy.

Model training and evaluation
For Logistic Regression (LR) and CatBoost, we employed 
a 5-fold cross-validation procedure. Specifically, models 
were trained on four folds and evaluated on the remain-
ing fold, with the process repeated across all five folds. 
The reported performance metrics represent the aver-
age over the five runs. LLMs were evaluated on the same 
folds without additional training. All folds were gener-
ated using a fixed random seed to ensure reproducibility.

Evaluation metrics
Evaluating the performance of machine learning mod-
els in medical research requires a set of well-defined 
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metrics to assess their predictive ability. The choice of 
metric depends on the nature of the problem, particu-
larly whether it involves balanced or imbalanced datasets 
and the importance of different types of errors. Several 
commonly used evaluation metrics include PPV (posi-
tive predictive value), NPV (negative predictive value), 
sensitivity, specificity, F1-score, and Matthews Cor-
relation Coefficient (MCC), each providing distinct 
insights into model performance. To better estimate 
model performance on unseen data, we used five-fold 
cross-validation and reported the mean values as the 
final performance metrics. Following performance evalu-
ation was guided by prioritizing high specificity, followed 
by high sensitivity. This strategy was adopted to mini-
mize false-positive predictions while maintaining robust 
detection capability, reflecting clinical priorities. The 
approach was applied consistently across all models to 
ensure comparability and interpretability of results.

Results
State-of-the-art rule-based methods are insufficient
The FIRST algorithm was tested against five threshold 
values (13, 21, 30, 38, and 43) to determine its effective-
ness in identifying high-risk SBI cases. The best-per-
forming threshold was t = 43, achieving the highest PPV 
0.2202 and specificity 0.6251, thereby reducing false posi-
tives. Sensitivity at the highest threshold remained mod-
erate at 0.5156 with MCC scores 0.1084 and F1 scores 
0.3078. These findings suggest that higher threshold val-
ues provide an optimal trade-off between detecting SBI 
cases and avoiding excessive hospital admissions.

The Lab-Score Method demonstrated high specificity 
(0.9476), effectively reducing false positives and minimiz-
ing unnecessary hospitalizations. However, its low sen-
sitivity (0.2308) indicated a higher likelihood of missed 
SBI cases. Despite achieving an overall PPV of 0.4832, 
the imbalance between sensitivity and specificity sug-
gests that the model struggles to reliably detect true SBI 
cases. The MCC score (0.2427) and F1 score (0.3014) fur-
ther reflects its moderate diagnosis ability. While the Lab 
Score Method is effective at ruling out non-SBI cases, its 
limited sensitivity requires complementary diagnostic 
procedures to prevent missed infections.

Traditional ML methods are much better than rule-based 
methods
Logistic Regression demonstrated considerably better 
performance than previous algorithms, achieving an F1 
score of 0.488 and an MCC score of 0.369. The LR class-
balanced model achieved a PPV of 0.39 and NPV of 0.92, 
showing improved precision. This improvement was 
expected, as logistic regression was the first algorithm to 
leverage the entire dataset of 60 preprocessed features. 
To address the imbalance between positive and negative 

cases, the class-balanced weighting strategy was applied 
during model training, ensuring more equitable repre-
sentation of both classes. These enhancements contrib-
uted to the superior predictive performance of logistic 
regression compared to earlier methods.

The CatBoost Algorithm was tested in two scenar-
ios. In the first, class weights were assigned based on 
data distribution, while default hyperparameter values 
were used. In the second, in addition to class weighting, 
hyperparameter optimization was performed by defin-
ing a custom range around the default values for specific 
parameters, running 30 optimization trials. The Cat-
Boost (default and class-weighted) model achieved a 
sensitivity of 0.5544, improving SBI detection compared 
to previous algorithms, while maintaining a high specific-
ity of 0.9416, effectively reducing false positives. With an 
F1-score of 0.6 and an MCC score of 0.533, this model 
demonstrated a strong balance between detecting true 
SBI cases and minimizing false positives. We tested the 
performance of CatBoost algorithms on different thresh-
olds, and the result is that the default threshold of 0.5 
gives the best performance. CatBoost (Class-Weighted) 
showed a substantial increase in PPV to 0.66 with an 
NPV of 0.91, demonstrating strong precision and main-
tained negative predictive accuracy.

Further hyperparameter optimization slightly improved 
sensitivity (0.5913), but at the cost of reduced specificity 
(0.7929). The optimized version achieved an F1-score of 
0.54 and an MCC score of 0.37, indicating comparable 
performance but with a shift toward improved recall at 
the expense of more false positives but Optimized Cat-
Boost (Class-Weighted) achieved the highest PPV of 0.70 
and an NPV of 0.90, indicating the best balance between 
correctly identifying positive cases and maintaining high 
negative predictive performance across all models.

Details of the hyperparameter optimization process 
and specific parameter values are provided in the Addi-
tional file 5. To interpret the predictions of the CatBoost 
algorithm, we used the SHAP (SHapley Additive exPlana-
tions) method [29]. By visualizing SHAP feature impor-
tance scores, we identify the most relevant features and 
present them in Fig. 1. Figure 1 confirms that CatBoost 
relies on medically relevant features for its predictions.

LLMs benefit from raw, unprocessed data
As shown in Table  1, the optimized CatBoost model 
demonstrated the best overall performance compared 
to other algorithms considering F1 and MCC metrics. 
In addition to its strong predictive ability, this algorithm 
offers the advantage of prediction interpretability. It was 
also observed that LLM models performed well when 
tested on the same preprocessed dataset used for training 
traditional machine learning algorithms. The results, pre-
sented in Table 2, indicate that LLM models performed 
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better when given access to the full, unprocessed patient 
data compared to the preprocessed dataset.

Zero-shot LLMs are strong, but slightly worse than CatBoost
ChatGPT4o achieved a sensitivity of 0.7040 with a speci-
ficity of 0.7792, indicating improved precision in iden-
tifying non-SBI cases. Gemini 2.0 Flash exhibited the 
highest specificity (0.9442), but had the lowest sensitiv-
ity (0.3789), suggesting a more conservative threshold 
that may lead to missed diagnoses. Claude 3.5 Sonnet 
demonstrated a more balanced performance, with a sen-
sitivity of 0.6644 and a specificity of 0.8276. These results 

indicate that ChatGPT4o provides the best trade-off 
between sensitivity and specificity, making it the most 
reliable model for accurate SBI detection while minimiz-
ing unnecessary hospitalizations. It is worth noting that 
these models are general purpose language models, not 
specific to medical use cases.

Advanced prompting strategies can considerably improve 
LLMs diagnostic ability
Additionally, we explored the few-shot and chain-of-
thought prompting methods to further improve LLM 
performance. For this step we chose only GPT4o because 

Table 1  Performance metrics comparison of machine learning models
Model PPV NPV Sensitivity Specificity F1 score MCC
FIRST(t = 13) 0.1742 0.9158 0.9672 0.0550 0.2955 0.0553
FIRST(t = 21) 0.1750 0.8540 0.8384 0.1898 0.2895 0.0301
FIRST(t = 30) 0.1739 0.8487 0.8234 0.1996 0.2872 0.0235
FIRST(t = 38) 0.2126 0.8640 0.5478 0.5861 0.3059 0.1015
FIRST(t = 43) 0.2202 0.8635 0.5156 0.6252 0.3078 0.1085
LR class-balanced 0.3925 0.9168 0.6505 0.7906 0.4883 0.3691
Lab-Score algorithm 0.4832 0.8579 0.5203 0.9477 0.4015 0.2427
Catboost (Class-Weighted) 0.6636 0.9121 0.5545 0.9416 0.5107 0.5339
Optimized CatBoost
(Class-Weighted)

0.6976 0.9021 0.5377 0.9498 0.6009 0.5379

PPV- positive predictive value; NPV- negative predictive value; Specificity – True Negative Rate; F1 – F1-Score (harmonic mean of Precision and Recall); MCC – 
Matthews Correlation Coefficient; “LR”-Logistic Regression; “ChatGPT”- Chat Generative Pre-trained Transformer; “FIRST”- The Febrile Infants Risk Score at Triage; 
values are presented as mean across five folds (rounded to four decimal places)

Fig. 1  SHAP feature importance of laboratory and demographic variables. SHAP – SHapley Additive exPlanations; FB – Full Blood; S – serum; features are 
ranked by mean absolute SHAP value indicating their impact on model predictions
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it had the lowest numbers of false negative predictions 
which is in a scope of medical diagnosis the worst case 
scenario. The results, summarized in Table 2, show that 
the few-shot method had better, while chain-of-thought 
worse performance compared to zero-shot predictions, 
using all available patient data. Specifically, few-shot 
prompting resulted in a sensitivity of 0.6237, specificity of 
0.8456, F1 of 0.5231 and MCC of 0.4160, while the chain-
of-thought achieved a sensitivity of 0.6536, specificity of 
0.7466, F1 of 0.4505 and MCC of 0.3229. Although chain-
of-thought prompting typically outperforms few-shot 
prompting, in our experiments the few-shot approach 
yielded significantly better results. We hypothesize that 
this is because our task relies more on knowledge of lab-
oratory reference values and pattern recognition within 
these results, rather than on advanced reasoning about 
general medical knowledge.

LLM’s diagnostic ability is comparable to or better than 
human experts
For a final evaluation of LLM models, human specialist 
assessments were included in the analysis. Five medical 
specialists were provided with the same patient data as 
GPT4o. Their predictions were recorded, and Table  2 
presents performance metrics for both the best-perform-
ing individual specialist and the majority voting outcome 
across all five experts. Additionally we tested the per-
formance of the best performing doctor combined with 
predictions of LLM, which is in detail explained in the 
Discussion section. When these human evaluation met-
rics were compared, it was observed that GPT4o and the 
optimized CatBoost model achieved comparable or supe-
rior performance to the best human evaluators.

Discussion
The goal of this research was to explore the potential of 
AI-assisted models in reducing unnecessary hospital-
izations while ensuring the early and accurate detection 

of high-risk SBI cases. Missing an SBI diagnosis poses a 
significant risk of mortality, making it critical to balance 
sensitivity and specificity in AI-driven decision support 
systems. Given that the consequences of false-negative 
diagnoses far outweigh the costs of false positives, we 
carefully balanced high specificity with high sensitivity 
during model development and performance analysis. 
Our objective was to minimize unnecessary hospitaliza-
tions while ensuring the accurate detection of high-risk 
SBI cases. Although SBI cases are rare, misclassification 
can have severe consequences, reinforcing the need for 
models that minimize both false negatives and false posi-
tives [30]. As demonstrated in the results, ML models, 
particularly LLMs and CatBoost, exhibited performance 
comparable to or better than pediatric specialists when 
evaluated using F1-score and MCC metrics. However, to 
fully understand their classification performance, addi-
tional metrics that include confidence were analyzed 
beyond just standard accuracy measurements.

Before interpreting the human evaluation metrics, it 
is important to acknowledge that the specialists’ perfor-
mance was constrained by the data provided for classifi-
cation. In real clinical settings, physicians have additional 
context from patient observations, which helps inform 
their decisions beyond laboratory data alone. Conse-
quently, while AI models were evaluated on the same 
structured data as the specialists, real-world physician 
decision-making benefits from a broader clinical picture 
[31]. In clinical practice, an effective classification model 
must achieve a balance between high sensitivity (to mini-
mize missed high-risk cases) and high specificity (to pre-
vent unnecessary hospitalizations). Previous algorithms 
were developed with a focus on high sensitivity and high 
negative predictive values, making them effective for rul-
ing out serious infections [32]. However, their relatively 
modest specificity reduced the positive predictive value, 
frequently leading to unnecessary hospitalizations and 
overtreatment. In contrast, our study demonstrates that 

Table 2  Performance metrics comparison of ML models and Human-Evaluators
Model PPV NPV Sensitivity Specificity F1 score MCC
ChatGPT4o AR 0.4339 0.9221 0.6476 0.8261 0.5177 0.4098
Google Gemini 2.0 Flash AR 0.6097 0.8895 0.4287 0.9413 0.5005 0.4289
Claude Sonnet 3.5 AR 0.4658 0.9140 0.6006 0.8587 0.5225 0.4173
ChatGPT4o AR Few-Shot 0.4514 0.9175 0.6237 0.8457 0.5231 0.4161
ChatGPT4o AR CoT 0.3451 0.9155 0.6536 0.7466 0.4505 0.3229
Best performing pediatrician 0.3247 0.9291 0.7445 0.6801 0.4510 0.3282
Pediatricians’ majority voting 0.4406 0.9278 0.6881 0.8146 0.5345 0.4300
Pediatrician + ChatGPT4o AR Few-Shot 0.3661 0.9292 0.7198 0.7433 0.4845 0.3697
ChatGPT4o 0.3945 0.9292 0.7041 0.7792 0.5043 0.3953
Google Gemini 2.0 Flash 0.6004 0.8819 0.3790 0.9442 0.4586 0.3362
Claude 3.5 Sonnet 0.4453 0.9243 0.6645 0.8277 0.5305 0.4261
“AR” – all relevant data; “CoT” – chain-of-thought prompting; “ChatGPT”- Chat Generative Pre-trained Transformer; CoT- Chain of Thought; “Few-Shot”- Few-Shot 
learning; PPV – positive predictive value; NPV negative predictive value; Sensitivity – True Positive Rate; Specificity – True Negative Rate; F1 Score- (harmonic mean 
of Precision and Recall); MCC – Matthews Correlation Coefficient; values are presented as mean across five folds
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LLM and ML-based models exhibit a more balanced 
performance profile. The results show that pediatric spe-
cialists achieved the highest sensitivity (0.74), indicating 
a strong ability to identify SBI cases and minimize the 
risk of missed diagnoses. However, their lower specificity 
(0.68) compared to most tested LLM models suggests a 
greater tendency to hospitalize patients without SBI. This 
pattern reflects a more conservative clinical approach, 
prioritizing patient safety and minimizing false negatives, 
even at the expense of increased false positives.

This study highlights both the potential benefits and 
limitations of integrating AI into medical decision-mak-
ing in hospital settings. Among the evaluated models, 
GPT4o (using all available lab data) and CatBoost dem-
onstrated the best overall performance. Despite achiev-
ing human-equivalent performance, the key limitation of 
LLMs is their overconfidence. Previous studies [33, 34] 
have shown that when these models are integrated into 
medical environments, their overconfidence can bias 
specialists toward the model’s predictions.

However, a key challenge in achieving perfect predic-
tions both for doctors and algorithms was the use of 
real-world hospital data. This data inherently contains 
irregularities that, while challenging model performance 
improvements, also provide the most realistic testing 
environment. Notably, most failure cases for both the 
best-performing models and doctors occurred in border-
line cases, where even after detailed examination, clas-
sifying the risk of SBI remained nontrivial. However, it 
is essential to recognize that this comparison does not 
imply that LLMs are on parto human specialists, as doc-
tors in real world scenarios have access to contextual 
and observational information beyond laboratory data. 
Nonetheless, these results, together with other examples 
from literature, strongly support the role of ML models 
in diagnostics, demonstrating their potential to enhance 
and assist physicians in hospital settings [35, 36].

Both LLMs and CatBoost have unique strengths and 
limitations. LLMs require minimal data preprocess-
ing and can generate natural, human-like explanations, 
making them well-suited for integration into physicians’ 
workflows [37, 38]. With proper fine-tuning, their predic-
tive accuracy could be further improved [39]. Interpret-
ability remains a challenge, as these models function as 
black boxes, making it difficult to understand the exact 
reasoning behind their predictions [40]. However, by 
prompting a LLM model to give the explanation for its 
classification we can get a better insight in how the deci-
sions are made. However, obtaining ground truth labels 
for a dataset of this size is not feasible due to the substan-
tial time and cost required for expert physician annota-
tion. In this study, we focused on a limited subset of cases 
where the explanations generated by large language mod-
els (LLMs) were reviewed and confirmed by physicians as 

medically accurate and clinically sound. While these find-
ings are encouraging and suggest the potential of LLMs 
for reliable medical reasoning, further investigation on 
a larger, systematically annotated dataset is necessary 
to validate and generalize these observations. Despite 
showing highest MCC and F1 values, CatBoost showed 
lowest sensitivity compared to LLM and medical special-
ists, which means that it detects fewer true positive cases 
which is one of our main metrics that we try to minimize. 
But on the other hand it offers several advantages. It can 
be easily trained, making it a cost-effective and accessible 
solution that can be tailored to specific hospital needs 
[41]. Unlike LLMs, CatBoost models are highly interpre-
table, allowing for a clearer understanding of how predic-
tions are made. The primary drawback, however, is the 
need for the intensive data preprocessing, as the model 
requires properly formatted input for effective training 
and inference (predictions) [42].

These findings underscore the potential of AI-driven 
approaches in supporting clinical decision-making, par-
ticularly in optimizing triage processes and reducing 
unnecessary hospitalizations [43]. However, careful vali-
dation is necessary before full clinical implementation 
to ensure patient safety, mitigate biases, and maximize 
the practical benefits of AI-assisted diagnostics in real-
world hospital settings [44, 45]. Ultimately, this analysis 
demonstrates that ML models have the potential to assist 
physicians in their daily practice, contributing to more 
efficient and accessible healthcare [46]. But many of the 
limitations observed in our study align with findings 
from other domains beyond medicine, where LLMs have 
been shown to be easily influenced by extraneous infor-
mation. Prior research has demonstrated that optimizing 
the instructions alone can lead to performance variations 
of 8% to 50%, further highlighting the instability of these 
models in high-stakes decision-making [47]. With rapid 
advancements in AI, improved iterations of these mod-
els may soon reach expert-level performance in specific 
medical applications, provided they undergo rigorous 
validation and refinement. For this reason, clinicians, 
especially those in infectious disease and emergency set-
tings, must remain actively engaged in AI advancements 
to ensure that future implementations prioritize patient 
safety and clinical efficacy [48].

Conclusion
This study highlights the promising role of machine 
learning models, particularly LLMs and CatBoost, in 
improving diagnostic accuracy and clinical decision-
making for pediatric serious bacterial infection (SBI). 
These AI tools offer a promising direction for SBI risk 
prediction, achieving performance comparable to that of 
experienced pediatric specialists, while maintaining sim-
plicity of use/data-preprocessing for potential real-world 
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applications. We show preliminary evidence that these 
methods can help ensure timely intervention for high-
risk infants, while reducing unnecessary hospitalizations.

While LLMs demonstrate strong potential, their 
“overconfidence” and “black box” nature require further 
investigation to ensure safe clinical integration. Future 
research should focus on developing methods to improve 
LLM calibration and interpretability, potentially through 
advanced prompting techniques or hybrid models that 
combine LLM strengths with more transparent algo-
rithms like CatBoost. Additionally, future work should 
explore strategies to enhance model robustness across 
diverse clinical settings and patient populations, address-
ing limitations posed by real-world hospital data irregu-
larities. Furthermore, the clinical workflow integration of 
these AI tools needs careful consideration. Studies should 
evaluate how LLMs and CatBoost can best assist physi-
cians, optimizing their efficiency and decision-making.

Ultimately, while AI holds great potential to improve 
pediatric emergency care, ongoing research is essential to 
address current limitations, validate findings, and ensure 
the responsible and effective translation of these technol-
ogies into clinical practice.
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