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Triaging systems have been introduced as a tool to improve the patient workflow within an Emergency Department (ED). The triage scale is often a score between 1 and 5 and indicates the need for urgent care required by a patient. Although triage systems were first introduced to increase the objectivity within the triage process, it still relies heavily on a triage nurse's judgement. The use of an Artificial Intelligence (AI) system could be one manner in which bias is minimized to improve triaging and the overall ED process. The purpose of our study was to assess whether with clinical notes written by triage nurses or clinical data available or both we could classify each patient arriving at the ED in Bordeaux University Hospital and assign a triage score. The study included 296071 ED patient visits between 2013 and 2020. All information collected during triage was used in the analysis with XGBoost, LightGBM and clinical BELGPT-2 (GPT2 trained on French corpus and clinical notes) used to classify the triage score. Clinical BELGPT-2 outperformed all methods, obtaining a micro F1-score of 0.621 on all data, while 0.581 on unstructured text and 0.574 on structured, numerical data.

Our results suggest the use of unstructured text significantly improves predictive performance. However, biases in triage nurse decision making affects the model's performance. A model, or triage system, that can implicitly account for the biases in triaging should be conceded, which consequently allows for the reliable assessment and prioritization of ED patients.
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INTRODUCTION

Emergency Departments Within France

EDs have recently been in the spotlight due to the covid-19 pandemic. Overcrowded services, very long waiting times and staff exhaustion have highlighted a fragile system with difficulties in responding to such exceptional situations.

Even in periods with routine activity levels, waiting times and the optimization of the patient healthcare pathway have been the subject of national efforts, pointing to the need to rethink the emergency system. Indeed, the number of ED visits worldwide has increased faster than the rate of population growth in the past decades [START_REF] Pines | The association between emergency department crowding and adverse cardiovascular outcomes in patients with chest pain[END_REF]. In France, the number of emergency room visits has more than doubled in 20 years, from 10 to 22 million [2]. The identified causes of increasing ED attendance include non-urgent visits, frequent visitors, extending boarding times, staff shortages and repeated reductions of downstream beds [START_REF] Hoot | Systematic review of emergency department crowding: causes, effects, and solutions[END_REF]. The negative effects of ED crowding include impact on several patient oriented outcomes such as mortality [START_REF] Chalfin | Impact of delayed transfer of critically ill patients from the emergency department to the intensive care unit[END_REF],

complication rates [START_REF] Stock | Patients who leave emergency departments without being seen by a physician: magnitude of the problem in Los Angeles County[END_REF], walkouts [START_REF] Baker | Patients who leave a public hospital emergency department without being seen by a physician: causes and consequences[END_REF], time to treatment [START_REF] Pines | The association between emergency department crowding and hospital performance on antibiotic timing for pneumonia and percutaneous intervention for myocardial infarction[END_REF], satisfaction [START_REF] Sun | Determinants of patient satisfaction and willingness to return with emergency care[END_REF] and length of stay [START_REF] Krochmal | Increased health care costs associated with ED overcrowding[END_REF].

Furthermore, ED crowding has been pointed out as a major stress factor for healthcare professionals leading to burnouts [START_REF] Rozo | Situational factors associated with burnout among emergency department nurses[END_REF] and medical errors [START_REF] Kulstad | ED overcrowding is associated with an increased frequency of medication errors[END_REF]. EDs have become a standard hospital admission route where the increase in both non-urgent care and repeated visits contribute primarily to the number of ED patient visits. However, research shows that during the early COVID-19 pandemic the number of ED visits sharply declined [START_REF] Hartnett | The COVID-19 pandemic's impact on Emergency Department Visits -United States, 1[END_REF]. There is still limited research on the effects of COVID-19 in its later years on the number of ED visits.

However, the research done by Hartnett et al. [START_REF] Hartnett | The COVID-19 pandemic's impact on Emergency Department Visits -United States, 1[END_REF] has shown that despite the decrease, there was an increase in ED visits in the later parts of the early COVID-19 pandemic. As individuals become less concerned about their COVID infection risk in the ED as COVID-19 prolongs, we can assume the number of ED visits will continue an upward trend. Despite this increasing trend of ED patient visits, the number of EDs in France has been steadily decreasing [13].

Solutions and efforts have focused on improving patient workflow within the ED, and triage has been the subject of a number of research studies.

An Overview of the Triage Process

Triage is a sorting process in which the 'triage nurse' is required to assess a large number of patients quickly to decide the urgency of their conditions, the order in which they are to be seen and the location in the ED in which they will be evaluated. An emergency triage tool has been designed to help ED triage nurses in classifying and prioritizing high-risk patients to efficiently allocate the appropriate resources [START_REF] Ganley | An overview of triage in the emergency department[END_REF]. Many triage scales have been developed

and are in use such as the Emergency Severity Index (ESI) [START_REF] Eitel | The emergency severity index triage algorithm version 2 is reliable and valid[END_REF], the Australasian Triage Scale (ATS) [16], the Canadian Emergency Department Triage and the Acuity Scales (CTAS) [START_REF] Murray | The Canadian Triage and Acuity Scale: A Canadian perspective on emergency department triage[END_REF].

In France, the FRench Emergency Nurses Classification at Hospital (FRENCH) triage scale [START_REF] Taboulet | Triage aux urgences par une infirmie`re d'accueil et dorientation. Influence sur la dure´e d'attente et la satisfaction des consultants aux urgences[END_REF] was introduced in 2007 and considers presenting complaints and vital parameters [START_REF] Taboulet | Triage with the French Emergency Nurses Classification in Hospital scale: reliability and validity[END_REF] (Appendix A). The triage scale is often a score between 1 and 5 (the lower the score, the more urgent the need for care, with a 1-level triage score indicating immediate care needed).

A patient presenting to the ED is first assessed by a triage nurse who collects various information, for example, reason for visit, vital signs, and past medical and surgical history. An assessment of the patient's reason for visit and needs are then documented in a free-form text note (or also referred to as anamneses notes in this report) in the health record (Appendix B). These notes convey tone and sentiment regarding the severity of a patient's condition.

Based on the information collected, the triage nurse documents the chief of complaint and further assigns a triage acuity score based on a specified triage scale to each patient from all the information gathered. Triage decision-making is both a complex and a dynamic process. It needs to be as accurate as possible to avoid under triage (compromising patient safety) and over triage (premature exhaustion of ED resources) [START_REF] Fernandes | Five-level triage: a report from the ACEP/ENA Five-level Triage Task Force[END_REF]. Time pressure, limited information available, diverse medical conditions of patients, and a heavy reliance on intuition [START_REF] Levin | Machine-learning-based electronic triage more accurately differentiates patients with respect to clinical outcomes compared with the emergency severity index[END_REF] result in a fairly challenging triage process. It is therefore often performed by an experienced and trained triage nurse.

Despite literature highlighting the success of these triage systems, it does not remain without its limitations. The scoring relies heavily on the triage nurse's judgment, which is or may be subject to variation. Patients with a level 3 triage score are poorly differentiated [START_REF] Dugas | An electronic emergency triage system improves patient distribution[END_REF] providing a great risk for critical patients to be under triaged. One way to minimize bias in conventional ED triage procedures could be to employ an AI system. The use of Machine Learning (ML)

and AI in this context has grown considerably in recent years and has shown promising results [START_REF] Stewart | Artificial intelligence and machine learning in emergency medicine[END_REF].

An Overview of Deep Learning in Sequence Modeling

In recent years, Deep Learning (DL) has begun to dominate the research world, primarily because of its computational capabilities. This is due to the ability of DL to solve cutting-edge problems by learning structures in high-dimensional data that previous AI methods struggled to handle.

Deep learning uses layered model structures (often in neural networks) and the associated end-to-end learning algorithms. Deep Neural Networks (DNN), i.e., Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN), have shown to perform well on large, labelled training sets (with known and fixed inputs and targets) but do not produce the same performance when mapping sequences-to-sequences as required in language models [START_REF] Sutskever | Sequence to sequence learning with neural networks[END_REF].

The most recent breakthrough in Natural Language Processing (NLP) is sequence-tosequence learning [START_REF] Sutskever | Sequence to sequence learning with neural networks[END_REF] and attention mechanism [START_REF] Chorowski | Attentionbased models for speech recognition[END_REF]. The sequence-to-sequence learning introduces the powerful idea of using recurrent networks to carry out both encoding and decoding in an end-to-end manner. Attention mechanism was initially developed to overcome the difficulty of encoding a long sequence. Subsequent developments significantly extended its power to provide a highly flexible alignment of two arbitrary sequences that neural network parameters can learn.

In 2017, the Transformer architecture, as introduced in Attention Is All You Need [START_REF] Vaswani | Attention is all you need[END_REF],

revolutionized the NLP field with its fundamental building block being self-attention. The transformer attention mechanism and its ability to represent words computed in parallel rather 

Related Work

Electronic Health Record (EHR) (i.e., a longitudinal collection of electronic health information about individual patients and populations [START_REF] Kim | The evolving use of electronic health records (EHR) for research[END_REF]) contains a collection of patient information in both structured (e.g., patient demographics, blood pressure, etc.) and unstructured data (more narrative data, e.g., anamneses notes). Unstructured data, although very complex to process and analyze (especially in healthcare, due to domain specific language), contains much valuable information which, if analyzed appropriately, holds much predictive power, which can greatly benefit the decision-making systems of healthcare professionals.

Many studies have predicted hospital admission or discharge or classified an ED patients triage score using the quantitative health measures available at triage [START_REF] Bradman | Predicting patient disposition in a paediatric emergency department[END_REF][START_REF] Sterling | Prediction of emergency department patient disposition based on natural language processing of triage notes[END_REF]. With the recent surge in NLP methods, there has been an explosion in capturing qualitative information contained within free-text data such as anamneses notes. For example, Sterling, N.W. et al. [START_REF] Sterling | Prediction of emergency department patient disposition based on natural language processing of triage notes[END_REF] used NLP techniques such as bag-of-words, topic models, and paragraph vectors to predict patient disposition. Choi, S.W. et al. [START_REF] Choi | Machine learning-based prediction of Korean triage and acuity scale level in emergency department patientsHealthc[END_REF] further explored the classification of triage scores from triage notes using alternative NLP methods. [START_REF] Tahayori | Advanced natural language processing technique to predict patient disposition based on emergency triage notes[END_REF]. Most of the studies, which used state-of-the-art language models, reported in the literature, focused on predicting patient outcomes. However, there are several possible uses of classifying triage scores using these techniques.

Objectives and Aims

The purpose of our study was to assess whether adding clinical notes (unstructured data)

written by triage nurses to clinical data (structured data) can yield a triage score for each patient arriving at the ED in Bordeaux University Hospital.

To the best of our knowledge, this is the first study to using the BELGPT-2 model to process language data from ED clinician notes while also incorporating numerical variables into a classification model. We hypothesize that the use of all types of data, structured and unstructured in our classification model will yield the best performance. The predictive success of this model could help in the triage nurses' decision-making, leading to a more efficient allocation of resources and improved ED outcomes.

METHODS

We define text classification as the task of assigning a set of predefined classes to free-form text. The text classification pipeline consists of a pre-processing stage followed by feature extraction, which reduces the complexity of high dimensional text to obtain a lowerdimensional feature vector fed into the chosen classification algorithm. ML requires the feature extraction to be done separately, while the NN structure in DL allows for the features to be created and represented within the model, requiring no feature extraction techniques to be applied to the textual data beforehand.

This section will focus on deep learning classification algorithms to solve our multi-class ED triage classification problem. We will further compare the model's performance to traditional text ML classification algorithms. All data processing was done in Python 3.10.0 using scikitlearn [START_REF] Pedregosa | Scikit-learn: Machine learning in Python[END_REF] for the Machine Learning, while PyTorch [START_REF] Paszke | Pytorch: An imperative style, high-performance deep learning library[END_REF] and transformers from HuggingFace [START_REF] Wolf | Huggingface's transformers: Stateof-the-art natural language processing[END_REF] were used for the Deep Learning applications.

Study Design, Setting, and Data Source

This study was a retrospective cohort study using data from a single ED of Bordeaux University Hospital (Centre Hospitalier Universitaire Bordeaux, CHU) which saw 395653 ED patient visits between the 8-year period from January 2013 to December 2020.

Files with no triage level and no clinical notes recorded were excluded from the study. Further, if a clinical note exceeded a length of 512 after Byte-level Byte-Pair Encoding (BBPE), the file was excluded from the dataset. After exclusion of patient information with no recorded clinical notes (n=1827) and no recorded nurse assigned triage score (n=98028), our dataset encompassed 296078 ED patient visits. As all clinical notes had a length smaller than 512 after BBPE, none were excluded based on token length. After the text pre-processing step, 7 clinical notes were found not to add value (e.g., terms such as "?", "." , "\r\n", etc.) and consequently removed. The study and consequent analyses were performed on the remaining 296071 CHU ED patient visit.

Variables

All variables collected by the triage nurse were used in the analysis. The unstructured data was the clinical notes that summarized the patient's reason for the visit and any additional information the triage nurse may consider valuable (circumstances of trauma is applicable, history, previous medication, alcohol, or narcotics consumption).

The missing values of the structured data follow a non-uniform distribution as seen in Figures 2 and3. The Glasgow coma score, respiratory rate, temperature, nausea and alcohol variables all have more than 60% missing data, while the pain variable has roughly 45% data missing. The years 2013, 2014 and 2015 reported significant amounts of missing data. 

Text Pre-processing

Text processing has been widely studied and addressed in many real applications, leading to breakthrough methods such as natural language processing (NLP) and text mining shown to achieve optimal results on text [START_REF] Jurafsky | Speech and language processing[END_REF][START_REF] Bird | Natural language processing with python: Analyzing text with the natural language toolkit[END_REF]. Text pre-processing is the task of converting a raw text file, essentially a sequence of digital bits, into a well-defined sequence of linguistically meaningful units [START_REF] Palmer | Text Preprocessing. Handbook of natural language processing[END_REF]. It is an essential part of any NLP system as it converts a language humans understand (containing emotive and expressive language) to one that a machine is able to accurately read and understand. It manages to reduce the complexity of raw text inputs while not adversely affecting the interpretability or substantive conclusions of subsequent models [START_REF] Denny | Text preprocessing for unsupervised learning: Why it matters, when it misleads, and what to do about it[END_REF].

The pre-processing tasks considered in this study include tokenization, stop-word removal, noise removal, lowercasing, stemming, and lemmatization. Tokenization is splitting a text sequence into pieces called tokens, which can either be words, parts of a word (subwords), or even characters. Tokenization helps identify meaningful keywords (of the original raw text) which allows the classifier to interpret the meaning of the text through analysis of the actual words present in the text. These tokens help in understanding the context or developing the model for the NLP. Stop-words (i.e., the most common words found in any language which do not add much value to the text, e.g., articles, prepositions, etc.) and slow down the classification algorithm are removed from the text. Lowercasing and noise (punctuation

)
removal ensures all words are in the same feature space while stemming and lemmatization aim to consolidate different word forms into the same feature space. Including a preprocessing step significantly improves classification accuracy [START_REF] Uysal | The impact of pre-processing on text classification[END_REF] but not all steps have to be applied.

Deep Learning

Representation learning is a set of methods that allows a machine to be fed with raw data and automatically discover the representations needed for detection or classification. Deep

Learning methods are representation-learning methods with multiple levels of representation, obtained by composing simple but non-linear modules that transform the representation at one level (starting with the raw input) into a representation at a higher, slightly more abstract level [START_REF] Lecun | Deep learning[END_REF].

Bengio et al. show how feed-forward neural networks are used to learn these feature vector representations (instead of vectorization approaches not incorporating information about word similarity and suffering from the curse of dimensionality) through a language modelling task [START_REF] Bengio | neural probabilistic language models[END_REF]. The main achievement of neural networks in the language domain is their use of an embedding layer (transforming from being isolated distinct symbols into mathematical objects in a relatively low dimensional space). The network further learns to combine word vectors in a valuable way for prediction. A Neural Language Model (NLM) generally learns the probability distribution for the next word over all the words in the vocabulary, given some context (i.e., the previous words in the sequence). Each word is represented by a 𝑑-dimensional vector which is randomly initialized and then learned during training by adjusting the vectors and other parameters to maximize the log-likelihood of the training data. Words that occur in similar contexts, have similar word vectors [START_REF] Bengio | neural probabilistic language models[END_REF]. The current state-of-the-art for most text classification benchmarks are deep-learning models [START_REF] Malekzadeh | Review of graph neural network in text classification[END_REF].

Encoder-Decoder Architecture

Most NLMs have an encoder-decoder structure [START_REF] Cho | Learning phrase representations using rnn encoderdecoder for statistical machine translation[END_REF][START_REF] Sutskever | Sequence to sequence learning with neural networks[END_REF]. The encoder maps an input sequence to a sequence of continuous representations, which the decoder takes as input to generate an output sequence. Each step in the model is auto-regressive, as previously generated outputs are used as additional input to generate the following sequence. Transformers follow this architecture with the addition of self-attention layers. Instead of using recurrence and convolutions, the proposed Transformer architecture connects the encoder and decoder solely through an attention mechanism [START_REF] Vaswani | Attention is all you need[END_REF].

The attention mechanism can be defined as a part of a neural architecture that enables the dynamic highlighting of the relevant properties of input (such as a sequence of text data) [START_REF] Galassi | Attention in natural language processing[END_REF]. The intuition behind this idea comes from how humans translate text, naturally using attention placed on specific words in the source text when generating the translated text while holding the overall context of the source text in memory. This allows the first word to be looked at as attentively as the last one, even in longer documents.

The attention mechanism essentially computes a weight distribution on the input sequence, assigning higher values to more relevant elements. Attention enables us to estimate the relevance of the input elements and combine said elements into a compact representation-the context vector-that condenses the characteristics of the most relevant elements.

Because the context vector is smaller than the original input, it requires fewer computational resources to be processed at later stages, yielding a computational gain. Bahdanau et al. [START_REF] Chorowski | Attentionbased models for speech recognition[END_REF] further showed how adding the attention mechanism to encoder-decoder NLM models significantly improved translation performance.

The transformer model takes a series of text inputs into an encoder, consisting of an arbitrary number of layers which the original paper chose as 6. Each layer contains a multi-head attention mechanism and a fully connected feed-forward neural network with a Rectified Linear activation function (ReLU). A residual layer further connects each sub-layer to the input layer.

The output of the encoder is then fed into the decoder, which has the same architecture as the encoder only with an additional masked multi-head attention sublayer. The decoder outputs the conditional probability distribution of the target sequence. 

Positional Encoding

Encoder 2.4.2.2.1 Self-Attention

Vaswani et al. [START_REF] Vaswani | Attention is all you need[END_REF] describe attention as similar to mapping a query and a set of key-value pairs to output in information retrieval. The query, keys and values are all vectors (of dimension ) 𝑉 ( 5)

The model essentially takes every word and combines it with other words through the attention mechanism to get improved embeddings that merge information from all pairs of words. 

Multi-Head Attention

Feed Forward Neural Network

A Feed-Forward Neural Network (FFNN) is an Artificial Neural Network (ANN) in which connections between neurons only occur in one direction, from the input to the output layer passing over the hidden layers if they are present. The power of NNs comes from the hidden layers, which allow the model to learn representations from high-dimensional inputs. These layers have non-linear computations from suitable activation functions, which are non-linear. The pointwise feed-forward layer projects the attention outputs, potentially giving it a richer representation. LINEAR LAYER: This layer acts as a classifier, taking the final FFNN layer output in the decoder block and converting it to a vector whose dimensions are vocabulary size by the number of classes (in our case, the five triage classes).

SOFTMAX LAYER:

The SoftMax function converts the vector output of the classifier to a probability distribution. The index with the highest probability score is the next predicted word (in prediction) or triage class in our study.

Decoder

The decoder follows the same architecture as the encoder, only now with two multi-head attention layers. The first layer combines the target output using a masked multi-attention layer; this is done to ensure only the previous words in the output prediction are attended to, allowing improved predictions. The masking is done by adding a matrix 𝑀 to the scaled dot product of the query and key. The matrix consists of zeros and infinity in the upper right corner to ensure that when SoftMax is taken, zeros are obtained for future predictions.

The second multi-head attention layer takes the input of both the target output and the output of the encoder. Each position of the target output attends to the positions of the encoder's output embeddings.

GPT2 Pre-trained Model

The introduction of BERT (Bidirectional Encoder Representations from Transformers) [START_REF] Devlin | Bert: Pre-training of deep bidirectional transformers for language understanding[END_REF] brought another paradigm shift in NLP where large, pre-trained language models could now be used for Transfer Learning (TL). Pre-trained language models are novel pre-training objectives on unlabelled data. TL reduces training time by allowing the knowledge of a pre-trained model to be transferred to another task. The whole architecture of the model is not always transferred but rather the weights of the pre-trained model. Two common approaches to TL exist, either using the pretrained model as a feature extractor (specific knowledge is only transferred up to a specific layer for the generation of features keeping the weights fixed) or fine-tuning where the pretrained model will be transferred whereby its weights are adjusted to the new learning algorithm.

In this study, we will look at fine-tuning OpenAI's GPT-2 (the successor of generative pretraining (GPT-1)) pre-trained model, which Wang and Cho [START_REF] Wang | Bert has a mouth, and it must speak: Bert as a markov random field language model[END_REF] found to demonstrate impressive efficacy of pre-trained language models on various tasks, particularly coherent text generation. GPT-2, like traditional language models, is trained in an autoregressive manner where the next word(s) are predicted based only on the preceding words. GPT-2 is built using transformer decoder blocks only (as discussed earlier, the only difference to encoder blocks is the masked self-attention layer found in the decoder), which outputs one token at a time, while after each token is produced, that token is added to the sequence of inputs, and the new sequence becomes the input to the model in its next step (auto-regression). Radford et al. [START_REF] Radford | Language models are unsupervised multitask learners[END_REF] were the first to propose this generative learning language model, which uses unlabelled data and then fine-tunes the model on specific downstream tasks like classification or sentiment analysis, etc. The GPT2 model with 1.5 billion parameters was trained on a WebText dataset containing 40 GB of text data from 8 million documents. In this study we used small GPT2 with 117 million parameters, 12 layers and 768 dimensional vectors for word embeddings.

2.5

Machine Learning

Feature Extraction

The sequence of tokens obtained from the pre-processing step should be represented as a numerical vector that can be fed into a machine learning model. Classification accuracy can not only be improved through the classification algorithm itself but alternatively through increasing the weight of some important features with TF-IDF (Term Frequency -Inverse Document Frequency) or word embeddings (as discussed previously).

Bag-of-Words (BoW)

BoW (also called term frequency) is the simplest feature extraction technique which involves counting the number of words in each document and then assigning it to the feature space.

BoW leads to a high-dimensional sparse feature space, as each distinct word in the vocabulary represents a feature (and each feature contains the number of occurrences of the word in each document). The features further do not capture word similarity or word order.

Term Frequency-Inverse Document Frequency (TF-IDF)

The main idea of TF-IDF (as first introduced by Karen Spärk Jones, 1972) [START_REF] Jones | A statistical interpretation of term specificity and its application in retrieval[END_REF] was that lesscommon words would be better at discriminating between which class a document belongs to. Therefore more weight should be given to those terms appearing less often. This, together with Term Frequency (TF), gave rise to the popular TF-IDF weighting scheme, defined in equations ( 1) and ( 2):

𝑤 𝑖𝑗 = 𝑡𝑓(𝑖𝑗) × 𝑖𝑑𝑓(𝑖) (1) 
𝑖𝑑𝑓(𝑖) = 𝑙𝑜𝑔 ( 𝑁 𝑛 𝑖 ) ( 2 
)
Where 𝑁 is the number of documents and 𝑛 𝑖 is the number of documents containing the term 𝑖 in the corpus. Inverse Document Frequency (IDF) assigns a higher weight to words with either high or low frequency terms in the document. This weighting scheme has proven robust and challenging, even by much more carefully worked out models and theories [START_REF] Robertson | Understanding inverse document frequency: on theoretical arguments for IDF[END_REF]. The drawback of this technique (despite the large vocabulary size inherited from BoW) is that the similarity between words is not accounted for with each word independently presented.

Classification Algorithms

Models used in text classification are often classifiers that can handle high-dimensional and sparse input datasets. A comprehensive review of text classification methods done by S.Minaee and co-authors found Naïve Bayes, Support Vector Machines (SVM), Hidden

Markov Model (HMM), gradient boosting trees, and random forests to be quite popular [START_REF] Minaee | Deep learning--based text classification: a comprehensive review[END_REF].

The algorithms used here were eXtreme Gradient Boosting (XGBoost) and Light Gradient Boosting (LightGBM) (Appendix D) .

The main characteristic of boosting ensemble algorithms is to combine a set of weak learners (i.e., any classification algorithm which performs poorly and yields high error misclassification rates) into a more powerful and robust classifier. Boosting is both a sequential and dependent process where a weak learner is added iteratively to the ensemble until the ensemble provides the correct classification. Ensemble classifiers use a majority vote, weighted average, or a mean to combine the output of multiple classifiers.

Extreme Gradient Boosting (XGBoost)

Gradient boosting uses an approach where a new model created predicts residuals (errors) of the prior models. Models, added together, make the final prediction [START_REF] Friedman | Greedy function approximation: a gradient boosting machine[END_REF]. In GBMs, each new tree gets trained on the per-point residual defined as the negative gradient of loss function 

Light Gradient Boosting Machines (LightGBM)

Although quite popular, the efficiency of GBMs is unsatisfactory when data size and feature dimension are high. This led to the introduction of Light Gradient Boosting Machines (LightGBM) [START_REF] Ke | Lightgbm: A highly efficient gradient boosting decision tree[END_REF]. The authors proposed using Gradient-based One-Side Sampling (GOSS), which focuses on data samples with smaller gradients, as larger gradients play a critical role in information gain. They additionally use Exclusive Feature Bundling (EFB), which bundles mutually exclusive features providing an automatic feature selection process. This results in a dramatic speedup in the training process and an improved predictive performance, especially useful with high-dimensional textual dataset [START_REF] Ke | Lightgbm: A highly efficient gradient boosting decision tree[END_REF].

Modelling Strategy

Each of the models were trained and evaluated on three separate datasets: structured data only, text of the nurse triage notes only, and both structured data and nurse triage notes. Each model was further trained on 70% of the dataset (trained on 80% in ML), validated on 10% and tested on the remaining 20%. The split was done randomly to ensure a distribution comparison between the different datasets. The same test dataset is used to evaluate each of the ML and DL models.

Text Pre-processing

The same text pre-processing steps were applied to both ML and DL methods. All punctuation and special characters were removed from the raw text, with all text also lowercased. No stemming or lemmatization were performed.

Deep Learning Strategy

Self-supervised Learning Step

The pre-trained model used for fine-tuning our classification downstream task was the BELGPT-2 pre-trained model (https://github.com/antoiloui/belgpt2) [START_REF] Louis | BelGPT-2: a GPT-2 model pre-trained on French corpora[END_REF]. This model has a GPT2 architecture and has been trained on a large and heterogeneous French corpus of size 57.9GB. We further pre-trained the BELGPT-2 French language model on our clinical-domain corpora (all clinical notes) on 4 epochs, a batch size of 12 with a learning rate of 5e-05 and AdamW optimizer after which the best model (clinical BELGPT-2) was saved and used for further fine-tuning of a downstream classification task. We used Transformers open-source library (HuggingFace API [START_REF] Paszke | Pytorch: An imperative style, high-performance deep learning library[END_REF][START_REF] Wolf | Transformers: State-of-theart natural language processing[END_REF]) and Pytorch (Version 1.11) [START_REF] Wolf | Huggingface's transformers: Stateof-the-art natural language processing[END_REF] for training on 4xA100

GPUs. The tokenizer was saved after the unsupervised step which led to a domain-specific tokenizer [START_REF] Howard | Universal language model fine-tuning for text classification[END_REF].

Supervised Training Step

As the transformer requires text as input, all structured numerical data were converted to

simple French text to be fed into clinical BELGPT-2. For example, a 15 year old male patient's recorded structured data is converted to the following text: "sexe M âgé 15 gcs 15 tas 112 tad 63 fc 89 fr <NA> sat 97 temp nan 1 1 2013 heure 2 motif Lésions traumatiques multiples, sans précision". This text was further pre-processed and concatenated to the clinician note, which the model was then trained on. It is interesting to note that the clinical terms need not be written out in full, the model being capable of well interpreting the abbreviated terms.

We fine-tuned the self-supervised clinical BELGPT-2 pre-trained language model on 4xA100

Nvidia GPUs. The pre-processed raw text was encoded with the BELGPT-2 tokenizer (with 50257 unique tokens) after which the GPT2ForSequenceClassification downstream task was performed on the data. Both the tokenizer and the downstream task were loaded from the HuggingFace library [START_REF] Paszke | Pytorch: An imperative style, high-performance deep learning library[END_REF][START_REF] Wolf | Transformers: State-of-theart natural language processing[END_REF]. The model (or bottom-most layer of the decoder in GPT-2) received a list of vectors whose size is a hyperparameter, chosen to be the length of the longest sentence in our training set. Using the BELGPT-2 tokenizer we tokenized the text and appended an end-of-text ("<|endoftext|>") padding token (empty token) to each of the textual inputs. The padding token is added to ensure all texts are the same length. An end-ofsentence ("<eos>") token is included in the BELGPT-2 architecture (and appended to each of the inputs) which ensures the model understands when each sentence is complete considering all punctuation (which would normally indicate this) is removed through preprocessing. The hyperparameters we inherit from the small GPT-2 model are 12 decoder layers, with 12 heads and a 768 embedding dimension. The Gaussian Error Linear Unit (GELU) activation function [START_REF] Hendrycks | Gaussian error linear units (gelus)[END_REF] was used to efficiently learn non-linear structures from the data. Each network is trained with a batch size of 64 while the number of epochs were 2 (chosen according to the validation set loss not improving to prevent overfitting). All models were trained to minimize the cross-entropy loss, while Adam W optimization was performed using the backpropagation algorithm [START_REF] Kingma | Adam: A method for stochastic optimization[END_REF] with a learning rate of 2e-5.

Machine Learning Strategy

The unstructured text data (after pre-processing) was converted into machine readable format using two feature extraction methods TF-IDF and Word Embeddings. In TF-IDF, the TfidfVectorizer from sci-kit learn was used to obtain a sparse matrix of weighted numeric vectors to be fed into the ML algorithm. Further, word embeddings (where each word or phrase from the vocabulary gets mapped to an 𝑁-dimensional vector of real numbers) are learned directly from a corpus of text and are obtained directly from fitting clinical BELGPT-2.

Transformer models use a pre-trained vocabulary to map the tokens into numerical values as part of its architecture.

In deciding which classifier to use, various models were used to fit each numeric variable against our outcome variable. GridSearchCV in scikit-learn was used to determine the best hyperparameters for each of the models. The models that yielded the best performance, and used in this study were XGBoost and LightGBM (Appendix D). Both classifiers shared the same hyperparameters (both obtained using a GridSearchCV), with the base estimator a The score is the exponentiated average negative log-likelihood of a sequence (same as the exponentiation of the cross-entropy between the data and model predictions):

𝑝𝑒𝑟𝑝𝑙𝑒𝑥𝑖𝑡𝑦 = 𝑃𝑃𝐿(𝑋) = 𝑒𝑥𝑝 {- 1 𝑡 ∑ 𝑙𝑜𝑔𝑝 𝜃 (𝑥 𝑖 |𝑥 𝑖 ) 𝑡 𝑖 } (7) 
The lower the score, the better the language model predicts the next word correctly. We expect the self-supervised model to yield the lowest score.

Classification Evaluation

We used multi-class evaluation metrics: precision, recall, confusion matrix, and micro f1-Score, as proposed by Grandini et al., to evaluate the performance of our 5-scale triage classification algorithm [START_REF] Grandini | Metrics for multi-class classification: an overview[END_REF].

Precision and Recall

Precision is the fraction of True Positive (TP) elements divided by the total number of positively predicted units, while recall is the fraction of TP elements divided by the total number of positively classified units:

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃 𝑇𝑃+𝐹𝑃 (8) 𝑟𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃 𝑇𝑃+𝐹𝑁 (9) 
TP are the elements correctly labelled as positive by a model while False Positive (FP) are the elements that are incorrectly labelled as positive by the model. False Negative (FN) are the elements that have been incorrectly labelled as negative by the model.

Accuracy

Accuracy returns an overall measure of how much the model is correctly predicting the classification of a single individual above the entire set of data:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁 𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 (10) 

F1-Score

F1-Score aggregates precision and recall measures under the concept of harmonic mean:

𝐹1 -𝑆𝑐𝑜𝑟𝑒 = 2 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑟𝑒𝑐𝑎𝑙𝑙 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃 𝑇𝑃+ 1 2
(𝐹𝑃+𝐹𝑁) [START_REF] Kulstad | ED overcrowding is associated with an increased frequency of medication errors[END_REF] There exist two F1-score metrics, the micro, and macro F1-scores. In the macro F1-score, each class has the same weight on average, resulting in no distinction between highly and poorly populated classes.

The micro F1-score, which can distinguish the different classes, is considered. Using the micro-precision and micro-recall in the F1-score, gives us the micro F1-score which is equal to the accuracy metric in a multi-class classification setting. The micro F1-score is defined as:

𝑀𝑖𝑐𝑟𝑜𝐹1 -𝑆𝑐𝑜𝑟𝑒 = ∑ 𝑇𝑃 𝑘 𝑘 𝑘=1 ∑ 𝑇𝑃 𝑘 𝑘 𝑘=1 +∑ 𝐹𝑃 𝑘 𝑘 𝑘=1 (12) 

RESULTS

Dataset Characteristics

Study Population Sample Characteristics

The study population encompassed 296071 Bordeaux University Hospital ED patient visits (75% of our source population). The characteristics of the patients in our analysis population are recorded in Most patients had a Glasgow coma score (GCS) of 15. A lower GCS was more frequent in patients assigned a triage score of 1 as seen in Table 3. Triage scores 4 and 5 recorded a higher diastolic blood pressure than other triage scores, while triage scores 1 and 2 recorded higher systolic blood pressure. Most patients, allocated a triage value that was not 1, recorded normal respiratory rates (12-20 beats per second). Those assigned a 1-triage score had a higher-than-normal respiratory rate. The cardiac frequency increases as the triage score increases, with triage score 1 averaging 85.1 beats per second. Those with lower alcohol readings tend to have a lower triage score, while those with a higher triage score more likely to have a higher alcohol intake and thus not necessarily treated immediately.

Characteristics of Chief of Complaint

In 

Characteristics of Pain Variable

Most patients recorded no pain (zero on the pain scale) in each triage category. However, those patients who had a higher value on the pain scale (with anything greater than 8 on the scale indicating severe pain) tended to be assigned a higher triage score. The more pain you are in, the less likely you are to be seen immediately. There are quite a few outliers in the triage 1 category, with patients indicating a very high pain score. 

Distribution of Outcome Variable

The distribution of the outcome variable, the nurse-assigned triage score, is described in The model chooses from 16 words to predict the next word, which indicates a higher probability of predicting the next word correctly. Although we expected the self-supervised model using clinical BELGPT-2 tokenizer to be the best performing language model, this was not the case.

Analysis of Feature Extraction Techniques in Machine Learning

For both ML models, XGBoost and LightGBM , the TF-IDF performs the best, highlighting that traditional text representation methods are still efficient when interpreting the text as machinereadable input. A further surprise when calculating the embeddings is finding the data-driven tokenizer not to perform much better than the BELGPT-2 tokenizer as we might have expected. This is consistent with the results obtained in Section 3. 7. It is clear as expected that using all available data within the triage process yields the best results. When fitting the model to structured data alone, it performed better than on the clinician text alone.

However, when looking at each triage class separately within the triage classes 2 and 3, the free-form text performed better than structured clinical data within the same classes 2 and 3.

The results within each data structure reflect the common problem of imbalance found within clinical data. In all data structures that the majority classes (i.e., classes 2, 3 and 4) perform much better than the minority classes (i.e., triage classes 1 and 5). Much research has been done on the classification of imbalanced datasets [START_REF] Ali | Classification with class imbalance problem[END_REF]. However, none of the methods will be applied due to the distinct meaning each triage class has. Over-sampling or under-sampling of the classes are therefore not considered. occurred when applying ML methods, i.e., the data structure containing all available information outperformed the performance of the transformers models when compared to other data structures fitted on. The BELGPT-2 model yielded a micro F1-score of 0.621, roughly almost 5% higher than the best performing ML method. However, we see the clinical notes to have yield better results than the structured data. Using transformers, we can better classify a class from the text alone than when using vital signs and other clinical data alone.

Class

This could be due to the triage nurse additionally describing clinical information within the clinical notes or text containing more descriptive, valuable information than the structured clinical data. Comparing the two methods based on the clinical data structure alone, clinical BELGPT-2 outperformed the ML methods. A textual conversion of numerical and structured data added valuable information that improved performances of GPT2. Like ML, the imbalance problem we see within each data structure type with the majority classes generally performing better than the minority classes. Again, triage scores 3 and 4 have better predictions than other classes as seen In the confusion matrix in Figure 15. The predictions made within the different classes when applying the clinical BELGPT-2 were only slightly better than the LightGBM with TF-IDF. Still, less than 50% of the true labels were correctly predicted for all classes. However, the triage score 2 and 5 for the transformers model had improved predictions than LightGBM with TF-IDF. 

Class

DISCUSSION

Summary of Main Results

This study developed and compared several models (both ML and DL models) using all available information collected during the triage process to classify a triage score. The stateof-the-art GPT2 model trained on both French and clinical data were able to classify the triage scores of each patient visiting Bordeaux University Hospital's ED. The traditional feature extraction technique TF-IDF performed effectively compared to alternative embedding techniques within the machine learning framework; it however did not perform as well as the transformer. This highlights the power within deep learning in solving complex problems on non-linear data.

Although the transformer outperformed all other methods, the micro F-1 score of 0.68 obtained is not ideal. A possible reason for this could be the available ED data (and outcome variable discussed in Section 4.3). The fact that clinical BELGPT-2 outperforms ML is consistent with the literature, where DL outperforms ML methods.

Interestingly, the micro F1-score of the clinical BELGPT-2, fitted only to the unstructured text data (clinical notes), gave a similar performance to the best performing LightGBM machine learning with TF-IDF fitted on all available data. This highlights how much value unstructured data holds if the correct methods and tools are used to analyze its complex nature effectively.

Indeed, this was seen when fitting the transformer to numerical data, a simple conversion of the numeric structured data type to a textual format that the transformer could understand, As we hypothesized, the addition of nursing triage text data improved the classification performance of all of the models studied, suggesting that there is information in the textual data that is not captured by the structured triage data. At the same time, we further saw that the transformers model was able to understand the complexities and non-linearities within unstructured data, giving better classification performances.

managed

Discussion of Results in Relation to Literature

Literature is abundant regarding the triage process within EDs globally. Most research utilizes AI methods to predict patient outcomes using information gathered throughout the triage process. However, these outcomes are often restricted to either clinical outcomes, for example, admission to the intensive care unit or in-hospital death [START_REF] Raita | Emergency department triage prediction of clinical outcomes using machine learning models[END_REF][START_REF] Hong | Predicting hospital admission at emergency department triage using machine learning[END_REF]. The research is further restricted with only structured data as predictor variables. When using ML approaches to make various predictions on clinical outcomes, the literature shows boosting, and NN methods generally outperform all other ML methods [START_REF] Roquette | Prediction of admission in pediatric emergency department with deep neural networks and triage textual data[END_REF]. Choi, S. W. et al. ( 2019) was the first and only (to our knowledge) to go further and predict the triage score of each patient in a single ED of a tertiary university hospital in Korea [START_REF] Choi | Machine learning-based prediction of Korean triage and acuity scale level in emergency department patientsHealthc[END_REF]. The researchers used both structured and unstructured data as predictor variables but used traditional ML methods appropriate for the text. The conclusion of the Korean study is consistent with this study in that the addition of text data significantly improves the predictive performance of models compared to the use of structured data alone.

Interestingly, the F1-score metric obtained for all the ML models used in the Korean study significantly outperformed the results of this study compared to the state-of-the-art deep learning BELGPT-2 network. Indeed, they reached a F-1 score of 0.74 with an XGBoost classifier. This could be due to the additional variables included, such as the patient's route to the ED and pain location and intensity. Alternatively, their triage scale (Korean Triage and Acuity Scale) and Korean language itself may intrinsically contain more information than Bordeaux University Hospital's triage scale or even the French language.

Other studies using text as a predictor variable in health data, not necessarily within the triage process, show DL methods to outperform the traditional ML methods for text which is consistent with our results [START_REF] Roquette | Prediction of admission in pediatric emergency department with deep neural networks and triage textual data[END_REF][START_REF] Menger | Comparing deep learning and classical machine learning approaches for predicting inpatient violence incidents from clinical text[END_REF].

Triage Accuracy: A Deeper Look into the Nurse-assigned Triage

Score Outcome Variable

The triage process is a complex one, often occurring in a high-pressure environment, resulting in a high possibility for nurse-assigned triage scores to be misclassified. Studies on the accuracy of triage scoring in a tertiary hospital ED in South Africa reported that trauma patients were more likely to be incorrectly over-triaged while non-trauma patients are incorrectly undertriaged with discriminator errors mainly due to 'abdominal pain,' 'chest pain,' 'shortness of breath,' and numerical miscalculations [START_REF] Goldstein | The accuracy of nurse performance of the triage process in a tertiary hospital emergency department in Gauteng Province, South Africa[END_REF]. Similar results were obtained for a study on triage misclassification in Korea [START_REF] Moon | Triage accuracy and causes of mistriage using the Korean Triage and Acuity Scale[END_REF], where 14.7% of all triage cases were misclassified, with 29.6% over-triaged (patient considered more urgent than it should be) and 70.4% under-triaged (patient considerer less urgent than it should be). Their most common reason for misclassification was the incorrect application of the pain scale score by the triage nurse (often under-triaged).

The second highest cause of misclassification was a misjudgement of physical symptoms associated with the COC (often over-triaged) [START_REF] Moon | Triage accuracy and causes of mistriage using the Korean Triage and Acuity Scale[END_REF]. It is not surprising that pain (which the International Association for the Study of Pain defines as subjective [72]) has a significant effect on triage misclassification by the nurse. According to this study, pain is one of the most common reasons for visits to the ED, and non-traumatic acute abdominal pain is the cause of 5% to 10% of all ED visits [START_REF] Natesan | Evidence-based medicine approach to abdominal pain[END_REF]. Studies have suggested social factors to effect pain accuracy [START_REF] Riva | Gender effects in pain detection: Speed and accuracy in decoding female and male pain expressions[END_REF]. Gender in particular, either the gender of the health professional (triage nurse) or that of the patient may affect the nurse's pain scoring. Female nurses tend to over-triage male patients with a higher pain intensity whereas male nurses tend to under-triage male patients, with female patients not affected by the gender of the nurse [START_REF] Vigil | How nurse gender influences patient priority assignments in US emergency departments[END_REF].

Studies have shown that the triage outcome variable that we are trying to classify is generally inaccurate. This could be a possible reason for the lack of research on triage prediction or classification in an ED. The model was essentially trained on the text (and traditional structured data) while using labels that might (is) not be entirely accurate. The poor performance of the clinical BELGPT-2 model is, therefore, not necessarily due to the chosen transformer algorithm but rather inaccurate labels due to the nature of humans (whether their decisionmaking or pain tolerance) and the biases associated with them.

Strengths of Study

Clinical text mining can be challenging due to its specialized domain-specific language. Pretrained models are often trained and tested on datasets that contain general domain texts (often in English). The word distributions of general and clinical corpora (and English and other languages, for example, French) are very different, and clinical text mining is a problem. In an attempt to solve this problem, NLP researchers developed biomedical pre-trained models like

BioBERT [START_REF] Lee | BioBERT: a pre-trained biomedical language representation model for biomedical text mining[END_REF] (a model pre-trained on large-scale biomedical corpora) and ClinicalBERT [START_REF] Alsentzer | Publicly available clinical BERT embeddings[END_REF].

French pre-trained models like CamemBERT [START_REF] Martin | CamemBERT: a tasty French language model[END_REF] and Flaubert [START_REF] Le | Flaubert: Unsupervised language model pre-training for french[END_REF] were developed for French text mining. However, to our knowledge, there is not yet a pre-trained model that is both French and clinical-domain specific. We further pre-trained the BELGPT-2 French language model on our clinical-domain corpora (all clinical notes). Howard and Ruder show that further pre-training a language model on a target domain corpus improves the eventual classification performance [START_REF] Howard | Universal language model fine-tuning for text classification[END_REF].

One strength of the study is the study's reliance on both traditional structured data and the rich anamneses text. This highlights how we can take advantage of the data available in a modern health system through the widespread adoption of EHRs to solve a health problem.

The classification model developed could also assist triage nurses as an additional tool to ensure more accurate triaging. This leads to the most optimal allocation of resources according to a given patient's severity. Further, the use of such a support tool based on deep learning may help to enable a more significant differentiation of those patients with a level-3 triage score. The automated triage tool can be extended beyond the ED, Emergency Medical Dispatch or in-home use for self-assessment of a patient deciding whether to go to the ED or not. The use of such a tool, should also encourage the use of a standardized national triage system within France and further providing a national environment encouraging interchangeability of knowledge and research to improve the French ED system as a whole.

Limitations

The study was performed at a single hospital (Bordeaux University Hospital) with its triage scale and no external validation dataset. The results can therefore not be generalized outside Bordeaux University Hospital. However, implementing a supportive triage tool could encourage the use of a standardized national French triage scale. As this study is a retrospective study, it provides no validation of such a tool's performance in the future. Another limitation is the systemic biases (as explained in Section 4.3) in triage nurse decision-making where subjective judgment is needed. As seen previously, many biases exist within triage decision-making. The biases in the training data are learned by models, thereby including such biases often produces discriminatory outputs. Approaches to remove and correct the biased input data was not addressed in this study and should be further researched.

Furthermore, no gold standard was available. We could not assess the accuracy of the triage score attributed by nurses and compare it to the transformer classification. A sample of the dataset labelled by an expert could have provided us a reference to which we could have compared either the triage nurse or the transformer's attributed score. The issue lies in the fact that it would have required an expert in the triage room during the consultation because, as emergency physicians and nurses testify, it is difficult to attribute an acuity score a posteriori and on paper. This leads to the notion of subjectivity in the triage process. The triage decisionmaking process involves retrieving information about the patient, evaluating that information, including making judgments (inferences) that may include probability judgments, and making a final decision about the specific triage category to assign. This triage decision-making process was identified by Corcoran et al. [START_REF] Corcoran | Thinking aloud" as a strategy to improve clinical decision making[END_REF] as complex, consistent with the view that patient assessments are most often uncertain in the clinical domain. Nowadays, despite training, grids and decision algorithms, the amount of data that the triage nurse must consider for making a decision is high. But in an emergency context, heuristic decisions based on experience, knowledge and intuition are faster than precise and weighted inferences. The issue at stake remains the inability to measure, formulate, and record the pathways for making such a triage decision. Therefore, as long as the triage process remains based on decision trees or algorithms that nurses can decently respect, the triage score and its AI or ML predictions will remain inaccurate.

The study did not include certain predictor variables included in other similar studies, which could improve the model's classification performance. Examples of such variables are a measure of pain, the mode of arrival to the ED, and a variable explaining a patient's medical history. The addition of historical medical information has shown to improve a model's predictive performance significantly compared to using triage information alone, highlighting the need to incorporate these variables into prediction models [START_REF] Roquette | Prediction of admission in pediatric emergency department with deep neural networks and triage textual data[END_REF]. Lastly, as DL is a rapidly developing area of research, pre-prints (i.e., not peer-reviewed and subject to change) of publications are cited. The possibility remains that new publications may arise post study.

Further, the sci-kit learn package used for ML in the study only uses CPUs (in contrast to the transformer using GPUs) which results in a very long running time.

Future Direction

The deep-learning field is constantly evolving, and the use of newer, more advanced pretrained models (especially a pre-trained model trained on medical and French domain text) may be considered to improve the model's performance. The transformer model can also be further developed and its performance improved by either expanding the model size, increasing the hidden layer size and the number of layers, or performing additional pretraining. A more in-depth analysis on triage systems and how accurately each variable, considering the various biases, should be accounted for.

CONCLUSION

Transformers have shown decent performances at classifying triage scores rather than other traditional AI methods. The addition of text data was seen to significantly improve the predictive performance of the model compared to that achieved using structured data alone.

The implementation of the model demonstrates an opportunity to apply advanced predictive analytics to large-scale EHR data to support triage decision-making and improve patient risk management in the ED as best as possible. There are however many limitations, particularly the many biases present throughout the triage process which need to be further studied. It is suggested that the biases in triage-nurse decision-making is not due to their lack of professionalism but rather the fallibility of human judgment.

A model (and/or triage system) that can implicitly account for the biases in triaging to reliably assess and prioritize ED patients should be considered.
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 1 Figure 1: Example of a 5-scale triage scoring system (https://lefil.ciusssestmtl.net/connaissez-vous-les-niveaux-de-priorites/)

  than sequentially significantly improve NLP task performances compared to previous language models. The additional training parallelization allows training on larger datasets, which lead to the development of pre-trained systems which we can further be fine-tuned for specific tasks like sentiment analysis or text classification. An example of such a pre-trained model is OpenAI's Generative Pre-trained Transformer 2 (GPT-2) a transformer-based language model published in 2019. It has 1.5 billion parameters trained on a dataset of 8 million web pages to predict the next word after a given prompt sentence[START_REF] Radford | Language models are unsupervised multitask learners[END_REF]. The Belgian Generative Pre-Trained Transformer 2 (BELGPT-2) is a French derivative of GPT-2 as it has been trained on a French corpus.
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  As transformers do not use recurrence or convolutions (inbuilt mechanisms dealing with the order of sequences), positional information about the input tokens is lost. To compensate, token positions are explicitly encoded and added to the input sequence. Transformers map a position to the input vector using the cyclic nature of 𝑠𝑖𝑛(𝑥) and 𝑐𝑜𝑠(𝑥) functions to return information about the position of a word in a sentence:
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 64 , created by multiplying the input embeddings obtained by three weight matrices (randomly initialized or obtained from pre-trained models) trained during the training process. The output is computed as a weighted sum of the values. The weight assigned to each value is computed by a compatibility function of the query with the corresponding key. 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ( 𝑄𝐾 𝑇 √𝑑 𝑘

  Instead of performing a single attention function over a set of queries, keys, and values, multiple attention functions are applied, allowing the model to pay attention to multiple pieces of information. Each joint attention function is called an attention head. Q, K, and V are mapped to a lower-dimensional space for each head. The self-attention mechanism, as explained in the section above, is then applied in each head. The attention outputs from each head are concatenated and then fed into the feed-forward layer, after linearization.
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  regarding the output of previous trees. The main idea of this algorithm is to construct the new base learners that are maximally correlated with the negative gradient of the loss function associated with the whole ensemble. The loss function measures how good a model is in predicting the outcome and penalizes the errors made in prediction. The GBM minimizes this function by iteratively choosing a function that points towards the negative gradient (which is the local-maximum descent direction of loss function). Applying loss functions can be arbitrary, giving GBMS high flexibility and making it highly customizable to any data-driven task. It introduces increased freedom into the model design; thus, choosing the most appropriate loss function as a matter of trial and error. GBMs can learn with different loss functions, allowing the algorithm to work with high-dimensional data (such as text) efficiently.XGBoost builds on GBMs with the added advantage of regularization, parallelization and flexibility[START_REF] Chen | Xgboost: A scalable tree boosting system[END_REF]. It implements GBM with an extra custom regularization term in the objective function which improves model generalization capabilities. Therefore, during each subsequent iteration, the model can correctly identify the misclassified points whereas regularization parameters are used to reduce the overfitting problem.
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 12 Figure 12. The figure highlights the imbalance within the data, with a triage score of 3 and 4 more often attributed than triage scores of 1 and 5. Triage scores 2, 3, and 4 have a class distribution of 18.66%, 40.34%, and 32.97%, respectively, while triage scores 1 and 5 have 0.47% and 7.56%, respectively. The test and training data follow similar distributions.
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 13 Figure13 highlights the clinical BELGPT-2 performing better than LightGBM on all data structures; even on structured numerical data (which took as input numeric data converted to text). On the clinical notes text itself, the micro F1-score improved significantly, resulting in a significant improvement in the overall performance on all available data.
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  to significantly improved the model's performance and outperform the LightGBM on all data. The imbalance problem was highlighted when looking at the accuracy score of each triage score class, with the majority of classes having a better performance. The clinical BELGPT-2 model aimed only to classify the triage classes based on the nurse-assigned triage label given in the EHR. We have no further information on misclassified triage classes, either under-triaged or over-triaged, which may also affect our result. Missing values were a further problem in our study (highlighted by no recorded triage 4 scores in 2014). However, this problem arose in the extraction of values from the EHR database, which we had no control over.

  internship took place in Bordeaux Public Health Center, Inserm U1219, under the Assessing Health in a Digitalizing world setting (AHeaD) team presented in Appendix F. The main objective of the team is to further develop research dedicated to health assessment in a real-world setting, in a context where the data sources, information, and knowledge representations are increasingly numerous, digital and diverse in terms of structure and types.The team I was part of provided a great learning environment for me. They helped and facilitated the transition from the academic and scientific knowledge taught in a classroom setting to that of a working professional. The scope of the work done throughout my internship, went beyond that taught in my Master 2. This made my internship quite challenging at the start, as not only did I have to embrace myself in the world of deep learning, along with all its coding applications but also try to wrap my head around the intricacies of a French ED setting.What seemed a simple text classification problem of triage scoring, ended up in me questioning the unconscious bias of humans, especially when placed in high risk and demanding environments. I further felt privileged to be guided by three supervisors, all giving very different perspectives and expert opinions to a particular problem. The team welcomed me with open arms, they provided a platform for me to grow and I could not feel more prepared for the world of work that awaits me.
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Table 1 :

 1 ). Example of triage notes as documented by clinician/triage nurse in EHR

	maximum	'adressè orl pour dysphagie appellè va box orl
	triage note	vvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvv
		vvvvvvvvvvvvvvvvvvvvvv
		vvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvv
		vvvvvvvvvvvvvvvvvvvvvvv
		vvvvvvvvvvvvvvvvvvvvvvvvvvvvvvv
		cccccccccccccccccccccccccccccccccccccccccccccccccccccccc
		cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
		cccccccccccccccccccccc
		ccccccccccccccc adressè de magellan pour interne orl dysphagie va avoir
		fibro sat 90 posè 2l au lunette et hy'erth à 38'
	minimum	'o'h'' 'te't', '0'' '1', 'cc'
	triage note	
	The outcome variable was the nurse-assigned triage level assigned to each patient according
	to CHU's 5-point triage scale (1: immediate, 2: very urgent, 3: urgent, 4: not very urgent, 5: not
	urgent). The triage score used in Bordeaux CHU is based on the FRencH (FRench Emergency
	Nurses Classification at Hospital Triage) version 2 [19] with modifications made by the CHU
	ED staff.	

  'depuis 15 jours otalgie gche mis sous solupred pyostacine granions de cuivre pas defficacité douleur tjs presente' GBM, a 0.1 learning rate, a maximum depth of 5 and 100 estimators (boosted trees) to fit. Univariate mean imputation was used to deal with missing values (values in the 𝑖-th feature dimension is imputed using the mean of the non-missing values in that feature dimension) while features were standardized using StandardScaler in scikit learn. -values are used to determine whether there is a significant difference between each independent variable and the nurse-assigned triage score dependent variable. As we have 5 triage scores, we use multinomial logistic regression to calculate the p-values. The statsmodels Python module[START_REF] Seabold | statsmodels: Econometric and statistical modeling with python[END_REF] is used to perform the multinomial logistic regression and obtain the p-values.

	Text post-processing:
	Tokenization:
	[ 'de', 'puis', 'Ġ15', 'Ġjours', 'Ġo', 'tal', 'gie', 'Ġg', 'che', 'Ġmis', 'Ġsous', 'Ġs', 'olu', 'p', 'red', The code for all training is available at https://gitub.u-bordeaux.fr/ieto-'Ġpy', 'osta', 'c', 'ine', 'Ġgran', 'ions', 'Ġde', 'Ġcuivre', 'Ġpas', 'Ġde', 'ffic', 'acité', 'Ġdouleur', 'Ġt', 'js', 'Ġpres', 'ente' <|endoftext|> ] galaxy/triage_from_anamneses.
	Encodings: [690, 13563, 20945, 2426, 1488, 301, 5349, 269, 4538, 2444, 292, 44361, 371, 324, 2.7 Evaluation Metrics
	293, 338, 595, 593, 517, 16642, 5236, 30589, 620, 69, 598, 73, 50257 ] 2.7.1 Dataset Characteristics Evaluation

traditional P2.7.2 Language Model Evaluation: Perplexity Score Perplexity (PPL) is a standard metric used to evaluate a language model. It evaluates how well the model can correctly predict the next token among a set of specified tokens in a corpus.

Table 3

 3 (excluding the COC codes, referred to in Section 3.1.2). Interestingly, 2014 saw no patient record a triage score of 4, either indicating missing data or many patients under-triaged in that year. Male patients formed 52.2% of the study population, while the age category 25-65 also formed most of the study population at 54.4%. Further, the ED saw more

patient visits on a Friday -Monday than on other days, while the hours of the day mostly recorded were between 12:00 pm midday -18:00. All variables had significant p-values.

Table 2 ,

 2 the top COCs per ED patient is shown. The COC recorded the most by the nurse in the study is "Douleurs abdominales récentes" or recent abdominal pain at 8.2% of the population. Trauma of the lower limb, except thigh open fracture-dislocation, was the second

	most COC, while eye pain, head trauma without life-threatening injuries, and trauma of the
	upper limb without open fracture without laxation were the next most commonly recorded
	COCs. No COC data was recorded for 3.582% of the study population, while all other COCs
	(811 codes) had less than 2% distributions.

Table 2 :

 2 The most common chief of complaint (COC) as recorded by the nurse in the EHR

			Overall	1	2	3	4	5	p-value
		n 296071	1188	54536	119639	98381	22327	
		F	111618 (47.8)	382 (43.0)	22042 (46.4)	49656 (50.2)	33350 (46.8)	6188 (41.8)	<0.001
	sex, n (%)								
		M	121782 (52.2)	507 (57.0)	25508 (53.6)	49231 (49.8)	37912 (53.2)	8624 (58.2)	
		15-25	50516 (21.9)	78 (8.8)	7150 (15.2)	18990 (19.4)	19418 (27.6)	4880 (33.3)	<0.001
	age, n (%)	25-65	125491 (54.4)	373 (42.2)	23258 (49.3)	52254 (53.4)	40938 (58.3)	8668 (59.2)	
		65+	54767 (23.7)	432 (48.9)	16752 (35.5)	26563 (27.2)	9919 (14.1)	1101 (7.5)	
	glasgow coma score		14.8 (0.8)	13.3 (3.0)	14.6 (1.2)	14.8 (0.7)	14.9 (0.4)	14.9 (0.4)	<0.001
	systolic blood pressure		131.1 (21.6)	131.6 (32.1)	132.1 (25.1)	131.0 (22.1)	130.9 (19.1)	130.0 (18.2)	<0.001
	diastolic blood pressure		77.7 (14.5)	75.8 (19.8)	77.2 (16.1)	77.4 (14.6)	78.4 (13.4)	78.2 (13.2)	<0.001
	cardiac frequency		81.6 (16.2)	85.1 (23.4)	82.2 (17.9)	81.6 (16.2)	81.6 (15.2)	80.7 (14.8)	<0.001
	pulse oxygen saturation	mean (sd)	98.1 (2.6)	96.3 (5.3)	97.6 (3.2)	98.0 (2.5)	98.5 (2.2)	98.6 (2.1)	<0.001
	respiratory rate		19.1 (8.5)	22.0 (8.9)	20.0 (8.2)	19.0 (9.2)	18.0 (7.4)	17.4 (7.1)	<0.001
	nausea		0.3 (8.2)	0.2 (0.6)	0.4 (9.2)	0.3 (6.2)	0.3 (10.5)	0.1 (1.9)	<0.001
	alcohol		1.1 (0.8)	0.6 (0.6)	1.0 (0.8)	1.2 (0.9)	1.2 (0.8)	1.1 (0.9)	<0.001
	temperature		36.7 (1.1)	36.7 (0.8)	36.8 (1.1)	36.7 (1.3)	36.7 (0.9)	36.6 (0.5)	<0.001

Table 3 :

 3 Sample characteristics of the study population. Categorical variables indicate the number per category (%) while the mean (standard deviation) is recorded for each numeric variable.

Table 5 :

 5 Comparing ML methods with different feature extraction techniques on all available data within the triage process

	Model	Feature Extraction	Precision	Recall	F1-Score
		TF-IDF	0.607	0.579	0.560
	XGBoost	WE -BELGPT-2 tokenizer	0.594	0.572	0.553
		WE -data-driven tokenizer	0.585	0.566	0.546
		TF-IDF	0.610	0.589	0.573
	LightGBM	WE -BELGPT-2 tokenizer	0.595	0.579	0.564
		WE -data-driven tokenizer	0.589	0.574	0.559

3. All feature extraction techniques applied in the LightGBM model outperformed all other models, including the effective TF-IDF feature extraction per model. The LightGBM classifier with TF-IDF feature extraction yielded the greatest results, with an F1-Score of 0.573.

Table 4 :

 4 Evaluating the different pre-trained language models using perplexity score as an

	evaluation metric

Table 6 .

 6 The clinical BELGPT-2 model outperforms all other ML methods, regardless of the data structure used. As hypothesized, fitting the model on all available data within the triage process (both structured and unstructured) performed the best, with the clinical BELGPT-2 yielding a micro F1-Score of 0.621 on all available data. It is interesting to note that fitting the transformers to unstructured text alone, provides an improved performance compared to the LightGBM TF-IDF fitted on all data. Both the recall (percentage of relevant results) and precision of LightGBM with TF-IDF were lower than that of the clinical BELGPT-2.

	Model	Input Variable	Precision	Recall	F1-Score
	Transformers -Clinical BELGPT-2	Clinical Notes Numerical Data All Data	0.590 0.590 0.631	0.592 0.583 0.628	0.581 0.574 0.621
		Clinical Notes	0.530	0.511	0.469
	XGBoost -TF-IDF	Numerical Data	0.567	0.548	0.525
		All Data	0.585	0.566	0.546
		Clinical Notes	0.574	0.546	0.512
	LightGBM -TF-IDF	Numerical Data	0.569	0.554	0.534
		All Data	0.610	0.589	0.573

Table 6 :

 6 Comparing DL and ML with feature extraction techniques on the three different data structures with precision, recall, and micro F-1 Score as an evaluation metric

Table 7 :

 7 LightGBM with TF-IDF as extraction method per triage class and data structure When considering the state-of-the-art BELGPT-2 model, a similar trend follows from what

		Clinical Notes	Numerical Data	All Data
	1 -Immediate	0.183	0.160	0.262
	2 -Very Urgent	0.390	0.383	0.481
	3 -Urgent	0.616	0.606	0.637
	4 -Not Very Urgent	0.562	0.588	0.609
	5 -Not Urgent	0.049	0.304	0.306
	Average	0.512	0.534	0.573

Table 8 :

 8 F-1 scores obtained with LightGBM, per triage class category and data structure type

		Clinical Notes	Numerical Data	All Data
	1 -Immediate	0.090	0.273	0.210
	2 -Very Urgent	0.577	0.511	0.638
	3 -Urgent	0.604	0.614	0.624
	4 -Not Very	0.635	0.612	0.664
	Urgent			
	5 -Not Urgent	0.250	0.370	0.398
	Average	0.581	0.574	0.621
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			Tri M	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	7.1	Appendix A: FRench Triage sujet contact VIH		
	AES et/ou liquide biologique	4		avéré et exposition ≤ 48				exposition ≥ 48 h
					heures			
	FRENCH triage motif de recours Fièvre	Tri M 5	Tri 1	Tri 2 T° ≥ 40° C ou ≤ 35,2° C ou confusion/céphalé e/purpura	Tri 3A	Tri 3B mauvaise tolérance, hypotension ou shock index ≥1	Tri 4	Tri 5
	Arrêt cardiorespiratoire Hypotension artérielle Exposition à une maladie contagieuse	1 2 PAS ≤ 70 mmHg 5	PAS ≤ 90 mmHg et FC > 100/min PAS ≤ 100 mmHg ou		FC ≤ 100/min mmHg et PAS 90 -100 avec risque vital de contage (méningite, Ebola...)		sans risque vital de contage (rougeole, varicelle…)
	Membre FRENCH triage douloureux/ froid ou pâle/ischémie* motif de recours	2 M Tri	Tri 1	durée ≤ 24 h ou cyanose/déficit moteur Tri 2	Tri 3A	durée ≥ 24 h Tri 3B	Tri 4	Tri 5
	Douleur thoracique/ syndrome coronaire aigu (SCA)* Vomissement de sang/ hématémèse Maelena/rectorragies2 3B 2	ECG anormal: typique de SCA	ECG anormal: non typique de SCA, douleur typique persistante/intens e hématémèse abondante rectorragie abondante	ECG normal, comorbidité coronaire (antécédents, facteurs de risque)	ECG normal, mais douleur de type coronaire vomissement(s) strié(s) de sang selles souillées de sang	ECG normal et douleur atypique
					douleur sévère		Pas d'anomalie		douleur
	Malaise Douleur abdominale3B 3B		et/ou mauvaise tolérance		notable des paramètres vitaux		régresssive / indolore
	Ictère		3B				et glycémie	
	Tachycardie/tachy Problème arythmie Bradycardie/brady arythmie post op…) technique (stomie, cicatrices	3B FC ≥ 180 /min 3B FC ≤ 40/min 3B	FC ≥ 130/min FC 40-50/min avec mauvaise tolérance		FC > 110/min FC 40-50/min tolérance sans mauvaise avis référent (MAO, MCO)	épisode résolutif
	Dyspnée/insuffisa nce cardiaque* Hernie, masse ou distension abdominale Dysfonction stimulateur/ défibrillateur cardiaque Corps étranger dans oesophage/ estomac/intestins Corps étranger dans le rectum 3B détresse 4 respiratoire ou FR ≥ 40/min ou SpO2 < 86% 3B 4 4	dyspnée à la douleur sévère parole/tirage/ortho et/ou symptômes pnée ou FR 30-40 d'occlusion /min ou SpO2 86-90% Choc(s) aphagie ou hypersialorrhée et/ou autres SF associés électrique(s) ressenti(s) douleur sévère et/ou rectorragie		avis référent tranchant, pointu (MAO, MCO)	
	OEdème des				symptômes			
	membres inférieurs/ insuffisance Constipation		3B 5		d'occlusion (douleur, vomissements,		FR <30 /min SpO2 >90% douleur abdominale	OMI chronique
	cardiaque*				arrêt transit)			
	Palpitations Hypertension artérielle Vomissements	4 FC ≥ 180/min 4 5	FC ≥ 130/min PAS IOA ≥ 220 mmHg ou ≥ 180 mmHg et SF associés symptômes d'occlusion (douleur, vomissements, arrêt transit)	enfant ≤ 2 ans	malaise ou FC > 110/min PAS IOA ≥ 180 mmHg sans SF douleur abdominale ou vomissements abondants associés abondantes et/ou	PAS <180 mmHg
	Membre Diarrhée		5			enfant ≤ 2 ans	signes locaux mauvaise	signes locaux
	douloureux/ chaud ou rouge/phlébite* Douleur anale	4 5				francs tolérance ou siège proximal sur échographie suspiçion abces/fissure	modérés ou siège distal sur échographie
	Hoquet		5				hoquet incessant (≥ 12 h)	
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	FRENCH triage FRENCH triage							
	motif de recours motif de recours	M Tri	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Douleur de la							douleur
	fosse lombaire/du	3B		douleur intense				régressive/
	flanc							indolore
	Rétention d'urine/anurie	3B		douleur intense/agitation				
	Douleur de bourse/ orchite*/torsion testicule*	3B		douleur intense ou suspicion de torsion	avis référent (MAO, MCO)		
	Dysfonction de sonde urinaire/ sonde JJ/ stomie	3B		douleur intense, tolérance fièvre ou mauvaise	avis référent (MAO, MCO)		
	Hématurie	3B		saignement abondant actif				
	Dysurie/brûlure							
	mictionnelle /	5			fièvre	enfant		
	infection ?							
	Ecoulement ou							
	lésion cutanéo-muqueuse	5			fièvre			
	génitale							
		Tri M	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Accouchement							
	imminent ou	1						
	réalisé							
	Problème de							
	grossesse 1er et 2ème	3A		métrorragies, douleur				
	trimestre							
	Problèmes de grossesse 3eme trimestre	3A		métrorragies/doul eur/HTA/ perte de liquide amniotique				
				grossesse				
	Méno-metrorragie 3B		connue/suspectée ou saignement				
				abondant				
	Problème de post partum (allaitement...)	4			allaitement et fièvre			
	Anomalie du sein	5			mastite ou abcès		
	Anomalie vulvo-							
	vaginale /	5						
	corps étranger							

FRench Emergency Nurses Classification in-Hospital triage FRENCH triage motif de recours FRench Emergency Nurses Classification in-Hospital triage GYNECO-OBSTETRIQUE GENITO-URINAIRE

  

		Tri M	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
				mauvaise				
	Intoxication médicamenteuse	3B		tolérance/intention suicidaire/toxiques cardiotropes ou	enfant	avis référent (MAO, MCO)		pas de mauvaise tolérance et vu tard (ex ≥ 24 h)
				lésionnels				
	Intoxication non médicamenteuse	3B		mauvaise tolérance/toxiques / lésionnels	enfant	avis référent (MAO, MCO)		pas de mauvaise tolérance et vu tard (ex ≥ 24 h)
	Demande de sevrage / toxicomanie	4		agitation/violence / état de manque	enfant			demande d'ordonnance pour substitution
	Comportement ébrieux / ivresse	4 GCS ≤ 8	agitation/violence/ GCS 9-13	enfant	demande des forces de l'ordre		
	FRENCH triage							
	motif de recours	M Tri	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Altération de la conscience/coma	2 GCS ≤ 8	GCS 9-13, avis référent (MAO, MCO)				
	Déficit moteur, sensitif, sensoriel ou du langage/AVC	2 délai ≤ 4h 30			délai ≥ 24 h et avis MAO, MCO		
	Convulsions	3B		crises multiples ou en cours confusion, TC, déficit ou fièvre		récupération complète post critique		
	Confusion/désori							
	entation temporo	3B		fièvre				
	spatiale							
				inhabituelle				
	Céphalée	3B		(premier épisode, brutale, intense…		habituelle/migraine		
				ou fièvre)				
				signes				
	Vertiges/trouble de l'équilibre	3B		neurologiques associés,				troubles anciens et stables
				céphalée brutale				
	FRENCH triage							
	motif de recours	M Tri	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Corps étranger / brûlure oculaire	3B		douleur intense, brûlure chimique		avis référent (MAO, MCO)		
	Trouble visuel /oeil douloureux / cécité	3B		début brutal		avis référent (MAO, MCO)		
	Démangeaison / oeil rouge	5						
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	FRENCH triage							
	motif de recours	M Tri	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Epistaxis	3B		saignement abondant actif	saignement abondant résolutif		saignement peu abondant résolutif
	Trouble de							
	l'audition/accoup	4		surdité brutale				
	hènes							
	Tuméfaction ORL ou cervicale	4			fièvre ou signes locaux importants		
	Corps étranger ORL	4		dyspnée inspiratoire				
	Pathologie de l'oreille / otite	5						
	Douleur de gorge				mauvaise		
	/ angine /	5			intolérance		
	stomatite				ou aphagie		
	Obstruction							
	nasale / rhinite /	5			sinusite fébrile		
	sinusite							
					signes locaux		
	Problème de dent ou de gencive	5			importants, douleur résistante		
					aux antalgiques		
		Tri M	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Ecchymose /							
	hématome	3B						
	spontané(e)							
	Abcès ou				fièvre			
	infection localisée	4			ou abcès		
	de la peau				volumineux		
	Erythème étendu et autres oèdeme spontané éruptions /	5		anaphylaxie	fièvre tolérance ou mauvaise	étendu	localisé
	Morsure, piqûre, prurit, parasitose	5		morsure de serpent/scorpion …	fièvre ou signes locaux importants	étendu	localisé
	Corps étranger sous la peau	5			corps étrangers multiples, complexes		

FRench Emergency Nurses Classification in-Hospital triage FRENCH triage motif de recours FRench Emergency Nurses Classification in-Hospital triage ORL / STOMATOLOGIE PEAU

  

		Tri M	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Dyspnée avec sifflement respiratoire	2			sifflement sans dyspnée		
	Fièvre ≤ 3 mois	2					
	Convulsion hyperthermique	3B	récidive ou durée ≥ 10 min, ou hypotonie	récupération complète		
	Diarrhée / vomissements du mois) nourrisson (≤ 24	3B	perte de poids ≥ ou hypotonie 10%	≤ 6 mois		
	Troubles alimentaires du nourrisson (≤ 6 mois)	4	perte de poids ≥ 10% ou hypotonie	perte de poids ≤ 10%		
			avant 1 an : FC ≤			
	Bradycardie	4	80/min après 1 an : FC ≤			
			60:min				
			perte de poids ≤			
	Ictère néonatal	4	10% ou selles			
			décolorées			

FRench Emergency Nurses Classification in-Hospital triage TRAUMATOLOGIE

  

	FRENCH triage							
	motif de recours	Tri M	Tri 1	Tri 2	Tri 3A	Tri 3B	Tri 4	Tri 5
	Pathologie rare et							
	Traumatisme abdomen/thorax/c ervical grave en poussée (ex. drépanocytose...) Hypothermie	2 pénétrant 2 2 T° ≤ 32° C	haute vélocité 32° C ≤ T° ≤ 35,2° C		avis référent (MAO, MCO) faible velocité et mauvaise tolérance	faible velocité sans mauvaise tolérance ou gêne limitée	
	Agression			cétose élevée,		glycémie ≥ 20	glycémie ≤ 20	
	sexuelle et Hyperglycémie	2 3B		trouble de		mmol/l	mmol/l et cétose	
	sévices			conscience		ou cétose positive	négative	
	Brûlure Hypoglycémie Traumatisme de bassin/hanche/fé mur/rachis Anomalie de résultat biologique Traumatisme oculaire AEG / Asthénie Coup de chaleur / insolation	3B 3B coma (GCS ≤ 8) 3B 3B 3B 3B 3B coma (GCS ≤ 8)	brulure étendue ou main/visage mauvaise tolérance/GCS 9 -13 haute vélocité symptomatique haute vélocité T° ≥ 40° C/GCS 9-13 signes de	≤ 24 mois et brûlure peu étendue	avis référent (MAO, MCO) faible velocité avis référent (MAO, MCO) et mauvaise tolérance signes objectifs d'altération de l'état général faible velocité et mauvaise tolérance	faible velocité sans mauvaise tolérance ou gêne limitée faible velocité sans mauvaise tolérance ou gêne limitée	brulure peu étendue..., consultation tardive ni comorbidiés ni signes objectifs
	Traumatisme maxillo-facial/oreille Gelure / Lésions liées au froid	3B 3B		haute vélocité nécrose, déficit sensitif ou moteur dyspnée/risque		faible velocité et mauvaise tolérance	faible velocité sans mauvaise tolérance ou gêne limitée	
	Plaie Allergie Problème suite de	4 4		plaie délabrante, saignement actif d'obstruction/mau vaise tolérance		plaie(s) large, complexe, main	plaie(s) superficielle(s) hormis main	excoriation(s)
	Traumatisme d'épaule ou distal de membre soins (pansements...) Renouvellement ordonnance	4 5 5		haute vélocité, grande déformation/isché mie		impotence totale, déformation	impotence modérée ou petite déformation	ni impotence, ni défromation
	Electrisation Examen à des fins administratives / certificat / réquisition	4 5		perte de connaissance, brûlure, foudre GCS 9-13, déficit		haute tension, temps de contact long demande des forces de l'ordre	courant domestique	
				neurologique,				
	Demande Traumatisme crânien d'	5 coma (GCS ≤ 8)	convulsion, AOD/AVK, otorragie,		perte de avant ou après connaissance	plaie/hématome	
				vomissements				
				répétés				
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  Information Recorded During Triage In EHR My internship took place under the Policies and Impact branch of AHeaD, (under IETO) led by Emmanuel Lagarde. The organizational structure of which is found below:

	FRENCH triage motif de recours 7.2 Appendix B: Researchers	Director: Emmanuel Lagarde, DR Administration: Marie-Odile Coste	Interns
	Gabrielle Chenais	Doctorant	Master 2:
	Benjamin Contrand	Statistician	Melissa Davids
	Hélène Touchais	Data Engineer	Hélène Mignon-Racault
	Dylan Russon	Data Engineer	Ibrahima M'Bemba Diallo
	Alexandre Naprous	Data Engineer	Master 1:
	Cédric Gil-Jardiné	ED MD Post-doctorant	Gwladys Morvan
				68
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