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Background: In the literature, there are many examples of the artificial intelligence (AI) efficiency, specially, in ICU. We developed an automatized extraction tool for cardiac arrest from Hospital Discharge Report (HDR), based on a text mining approach.

Methods:

We used unstructured data from HDR of patients hospitalized for cardiac arrest, from two French centres. Successive samples of HDR have been drawn randomly and annotated, to reach a total of 193 annotated HDR (development cohort). If the extraction accuracy reaches 90%, for every variable, we considered the sample validated. We developed context comprehension and negation management. Once the data are extracted, we analyzed the errors and missing data which can be caused by a poor quality of the HDR writing.

Results: After we achieved algorithm development and training, we can extract 51 variables, with a mean accuracy of 93%, including 37 variables >90%. The algorithm errors analysis showed that the main errors was attributable to the complexity context and to the complexity variables (36% each). The most missing data was found in NSE, troponin and therapeutic hypothermia. The correlation matrix showed a close correlation between the missing data like biology variable, medical history, and organ failure.

Conclusion:

We developed a reliable fully automated and adaptive text mining algorithm, able to extract with a 90% accuracy. The missing data analysis permitted to highlight the loss information during the HDR redaction. We need to work hard on this point and harvest the maximum of information at patient bedside and during medical transmissions.
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INTRODUCTION

Cardio-respiratory arrest is a major public health problem. The incidence of out-hospital cardiac arrest (OHCA) ranges between 67 and 170/100.000/year and in-hospital cardiac arrest (IHCA) rate is estimated at 1.5-5/1.000. [START_REF] Gräsner | European Resuscitation Council Guidelines 2021: Epidemiology of cardiac arrest in Europe[END_REF][START_REF] Sandroni | In-hospital cardiac arrest: incidence, prognosis and possible measures to improve survival[END_REF] Cardio-respiratory arrest is associated with a 90% mortality rate mostly related to life sustaining withdrawal. [START_REF] Gräsner | European Resuscitation Council Guidelines 2021: Epidemiology of cardiac arrest in Europe[END_REF][START_REF] Gräsner | Epidemiology and management of cardiac arrest: What registries are revealing[END_REF][START_REF] Berdowski | Global incidences of out-of-hospital cardiac arrest and survival rates: Systematic review of 67 prospective studies[END_REF] Post-anoxic coma can also lead to vegetative state or severe long-term disability ranging from pauci-relational state or disability that are sometimes perceived as worse than death. Thus, accurate prognostication is mandatory to avoid futile treatments pursuit when poor outcome is inevitable but also to prevent life sustaining therapies withdrawal when patients present a probability of being discharged with meaningful neurological recovery. Many studies aimed at developing a predictive model for IHCA by standard statistical analysis. [START_REF] Martinell | Early predictors of poor outcome after out-ofhospital cardiac arrest[END_REF][START_REF] Bascom | Derivation and Validation of the CREST Model for Very Early Prediction of Circulatory Etiology Death in Patients Without ST-Segment-Elevation Myocardial Infarction After Cardiac Arrest[END_REF][START_REF] Andersson | Predicting neurological outcome after out-of-hospital cardiac arrest with cumulative information; development and internal validation of an artificial neural network algorithm[END_REF][START_REF] Nishikimi | A novel scoring system for predicting the neurologic prognosis prior to the initiation of induced hypothermia in cases of post-cardiac arrest syndrome: the CAST score[END_REF][START_REF] Maupain | The CAHP (Cardiac Arrest Hospital Prognosis) score: a tool for risk stratification after out-of-hospital cardiac arrest[END_REF][START_REF] Lascarrou | Targeted Temperature Management for Cardiac Arrest with Nonshockable Rhythm[END_REF] These models are imperfect and wide patient registries could help identify new prognosis factors and improve prognostication. [START_REF] Johnson | MIMIC-III, a freely accessible critical care database[END_REF] To date there is no specific dataset to cardiac arrest available in France but structuring data from hospitalization discharge report (HDR) could lead to build a very large registry. [START_REF] Johnson | MIMIC-III, a freely accessible critical care database[END_REF][START_REF] Pollard | The eICU Collaborative Research Database, a freely available multi-center database for critical care research[END_REF][START_REF] Harris | Critical Care Health Informatics Collaborative (CCHIC): Data, tools and methods for reproducible research: A multi-centre UK intensive care database[END_REF] The medical field, in particular intensive care, provides an exponential number of structured and unstructured data. [START_REF] Hanson | Artificial intelligence applications in the intensive care unit[END_REF] Unstructured data, defined by their original format "on-readscheme" (like chat, e-mail, manuscript observation…) are a significant source of data loss as they cannot be studied with regular statistical algorithm, and need a lot of work to be structured (definition, standardization, extraction…). On the other hand, structured database is a milestone in pathology studies summarizing essential information and allowing complex analysis through artificial intelligence (AI) techniques such as machine learning. [START_REF] Jiang | Artificial intelligence in healthcare: past, present and future[END_REF][START_REF] Kong | Managing Unstructured Big Data in Healthcare System[END_REF] AI has shown at multiple times the proof of its efficiency in medicine, healthcare, therapeutic, diagnostic. [START_REF] He | The practical implementation of artificial intelligence technologies in medicine[END_REF][START_REF] Topol | High-performance medicine: the convergence of human and artificial intelligence[END_REF][START_REF] Ngiam | Big data and machine learning algorithms for health-care delivery[END_REF][START_REF] Hamet | Artificial intelligence in medicine[END_REF][START_REF] Bini | Artificial Intelligence, Machine Learning, Deep Learning, and Cognitive Computing: What Do These Terms Mean and How Will They Impact Health Care?[END_REF][START_REF] Johnson | Artificial Intelligence in Cardiology[END_REF] It could be a disruptive tool to predict death in intensive care by deep neural network [START_REF] Hanson | Artificial intelligence applications in the intensive care unit[END_REF][START_REF] Shah | A Simulated Prospective Evaluation of a Deep Learning Model for Real-Time Prediction of Clinical Deterioration Among Ward Patients[END_REF][START_REF] Lovejoy | Artificial intelligence in the intensive care unit[END_REF] or to identify the better strategy for hemodynamic management. [START_REF] Celi | An artificial intelligence tool to predict fluid requirement in the intensive care unit: a proof-of-concept study[END_REF][START_REF] Zhang | Machine learning for the prediction of volume responsiveness in patients with oliguric acute kidney injury in critical care[END_REF][START_REF] Komorowski | The Artificial Intelligence Clinician learns optimal treatment strategies for sepsis in intensive care[END_REF] To do so, these tools use structured data stored in wide registries. Text-mining methods could be the technique of choice to build databases easily and efficiently from unstructured text. [START_REF] Isayev | Text mining facilitates materials discovery[END_REF] This method has been previously used to extract automatically various diagnoses from MRI electronic report. [START_REF] Alex | Text mining brain imaging reports[END_REF] Other techniques such as multiple sequence alignment were added for generation of lexical pattern in pulmonary tumour allowing a database generation to better type risk factors in patients and produce a large database from HDR. [START_REF] Meng | Automating the generation of lexical patterns for processing free text in clinical documents[END_REF] The aim of this study is to present an automatized extraction algorithm of unstructured data, developed by text mining method. An evaluation of the extraction quality, a development of an algorithm errors and missing data analyses, and a description of our population have been realized. Data extraction is based on computerized hospital discharge report (HDR) from patients hospitalized in the intensive care unit for successful resuscitated cardiopulmonary arrest.

MATERIALS AND METHODS

Study population and data source

We conducted a retrospective two-centres study in France (CHU de Nice-l'Archet, and CH d'Antibes-Juan les Pins) from 2014 to 2020. We screened adult patients (>18years old), admitted in intensive care unit (ICU) for an in-hospital (IHCA) or an out-hospital (OHCA) cardiac arrest of any etiology for which return to spontaneous circulation is achieved. We identified the reason of admission according to the CIM-10 stated in the hospital admission register. Patients were excluded if they did not present a computerized HDR. The HDR were collected individually and pseudonymized (by an automatic tool replacing sensitive data with a unique identifier).

Outcomes

The primary outcome was the accuracy of variables extraction in percentage. 

Collected variables

We collected general Administrative characteristics (age, sex, date of admission and discharge) and Medical history (chronic kidney injury, arterial hypertension, diabetes, ischemic heart disease, neurodegenerative disease such as Parkinson disease, Alzheimer disease, amyotrophic lateral sclerosis and dementia, cerebrovascular disease, active cancer, active smoking, chronic alcoholism). Cardiac arrest and initial severity (Intra-arrest condition category) were characterized with the following variables: "in or out-hospital setting", "witnessed status", "monitoring before the arrest" i.e. in intensive care unit, operating room etc. , "initial rhythm" and "rhythm after the initial phase" i.e shockable and non-shockable rhythm, delay from collapse to cardiopulmonary resuscitation (CPR) i.e. "no-flow" (minutes), delay from CPR to the return of spontaneous circulation (ROSC) i.e. "low-flow" (minutes), "cumulative epinephrine dose used during CPR" (mg), "number of electric shocks", etiology, and the Simplified Acute Physiology Score II "SAPS-II". We also collected admission laboratory values and arterial blood gas analysis like pH and lactate (mmol/L), serum Neuron Specific Enolase (SI), creatinine (μmol/L), urea (mmol/L), potassium (mmol/L), troponin (SI), total bilirubin (μmol/L), prothrombin time (%), hemoglobin (g/dL), platelets count (G/L).

Variables concerning the ICU stay (Evolution and therapeutic category) were "admission Glasgow coma scale", "sedative use", "revascularization" in case of ischemic cardiac arrest (ICA), "hemodynamic failure", "multi-organ failure", "catecholamine type", "status epilepticus", "therapeutic hypothermia". Outcome variables consisted in the "vital status" (i.e death), "life sustaining therapies withdrawal" (LSTW) and length of stay (LOS). The total number of variables extracted was 51, Administrative characteristics (4), Medical history (13), Intra arrest condition [START_REF] Harris | Critical Care Health Informatics Collaborative (CCHIC): Data, tools and methods for reproducible research: A multi-centre UK intensive care database[END_REF], Admission biology [START_REF] Johnson | MIMIC-III, a freely accessible critical care database[END_REF], Evolution and therapeutics (8), Outcome [START_REF] Gräsner | Epidemiology and management of cardiac arrest: What registries are revealing[END_REF].

Automated algorithm development and validation

The automated algorithm workflow followed few steps and was developed over around ten months schematically individualized in five runs. It consisted in data integration, preprocessing, feature engineering extraction, quality controls and export and validation.

Data integration: HDR were first imported (Word® format, portable document format (PDF), text documents) into R statistics for future transformations and extractions. Imported HDR were then transformed in blocks according to prespecified keywords "Comorbidities", "History of the disease", "Evolution", "Conclusion". These blocks were used to give a context during the extraction and thus improve algorithm accuracy.

Pre-processing: Pre-processing transformations depended on variables extractions. We applied text-mining methods to normalize the data through lowercasing, tokenization, stemming, lemmatization, stop words removal, noise removal (accents, punctuations, special characters, digits, useless space) and text enrichment (replacing, adding key words).

Initial algorithm design:

The developed algorithm combined expert medical knowledge and text mining methods to extract the variables values from the text. Clinical concepts were structured in a way that the algorithm can read and use these concepts to detect pathologies, extract biology indicators, or other details concerning the patient. Clinical rules were defined for handling extractions dependencies or rectifying complex extractions. To summarize, the algorithm identified whether concepts were present in the HDR, and then checked that the clinical rules are verified before extracting the variable value.

Feature engineering extraction:

The development of the algorithm followed five runs, defined chronologically, with 150 manually annotated HDR (defining the training sample) to reach a match rate of 90%. The algorithm stability was then evaluated on a dataset of 50 new annotated HDR (defining the stability-check sample).

The main improvement in the algorithm consisted in reducing the false negative rate mostly due to a limited definition of clinical concepts. The medical expert analyzed these errors, then he enriched cardiac arrest concepts and clinical rules to do the extractions. For example, circulatory failure was defined as "haemodynamic failure" or "shock" but was not identified in all cases according to the medical expert annotation. We thus added "Noradrenaline infusion" to define circulatory failure as it was the only reference made to this clinical concept in some HDR. Some example of clinical rules we developed: when the algorithm has detected the keyword "shock" for a shockable rhythm, the algorithm checks that it is not used in another context (septic shock, anaphylactic shock…). When the keyword "low flow" was not indicated, the algorithm found the CPR duration. The admission GCS had to be between 3 and 15, in the opposite case the extracted values was entered as unknown

The second main improvement was reducing the false positive detections. Text mining methods showed limits to distinguish a word used in two different contexts. We added keywords for the algorithm to analyze better the context in which we do the extraction. For example, in some cases, we couldn't identify properly negative expression and generated wrong detections. We then added rules to identify negative words (no, without, absence of...), next to the value detected based on a text distance method. Also, we prevented false positive in limiting for some variables the text block to be analysed.

After the elaboration on the development cohort of 200 HDR, we did an extraction on the rest of HDR, representing the validation cohort.

Quality control by data scientist: Missing data were presented as a map to help identifying clusters of missing data using the "finalfit" 1.0.3 and "corrplot" 0.90 R-package.

Quality control by medical experts:

We classified in four groups extractions. Implementation complexity includes anomaly due to error of biology units, very complex clinical concept to text mining method, complex mathematical formula for dose calculation. Context understanding errors made when the extractions are used in specific context that the algorithm fails to detect for example the presence of a witness which could be referred to as husband/wife, son/daughter, a passer-by etc… Not trained represents the anomaly due to the lack of keyword, or extraction in the wrong subsection, in the wrong place, or in absence of clinical concept. Data formatting when the target text is located in complex structures like tables or pasted screenshots.

Export and validation:

We hypothesized that the development and validation cohort were two samples from an identical population of patients. As the effectives of these cohorts were large, we hypothesized that the two populations would present similar demographic characteristics.

We thus compared the variables between the two populations. For quantitative variables, we used the Fisher-test to ensure the equality of variances and a T-Student test to compare means and a Welch-T test if variances differed. For qualitative variables we used the chi-square test or the Fisher test. First, we took an alpha risk of 0.05. After the adjustment for the alpha risk inflation, made by the Bonferroni method for 43 variables, p<0.001 was considered significant.

Software

We used the R software (Version 4.0.4), and its package: "dplyr", "tibble", "tm", "SnowballC", "stringi", "stringr", "yaml", "antiword", "plumber", "jsonlite", "lubridate", "tools", "ggplot2", "Factoshiny", "FactoMineR", "factoextra", "ggpubr", "grid", "egg", "ggrepel".

Ethical consideration and data privacy

This study followed the Règlementation Générale sur la Protection des Données (RGPD) and was registered to the Centre National Information et Liberté and registered in ClinicalTrials.gov at: NCT04462380. Our local ethic committee approved this study. 

RESULTS

We identified 511 HDR in the study period, from January 1 st 2014 to December 31 st 2020.

Seven were excluded in the development cohort, two because the admission was not for a cardiac arrest, and five because the HDR was not written in a computerized HDR, and two in the validation cohort, one because the admission was not for a cardiac arrest and the other one because the HDR was not written in a computerized HDR (Figure 2 After studying the development cohort of 193 HDR, the extraction algorithm script was released. Each "run" lasted approximatively two months.

The accuracy according to variable's category across the different runs on the 143 HDR is shown in Figure 3 a-c and Table 1. The accuracy improvement was greater during the first three runs. Admission biology was implemented during the fourth run. The targeted mean successful rate of 90% was exceeded for most of the categories: Medical history (99.8%), Admission biology (96.5%), Outcome (92.3%), Evolution and therapeutics (90.4%) while Intra-arrest condition and Administrative characteristics accuracies were of 85.8% and 87.3% respectively. In the Intra-arrest category, the in-or out-hospital setting (86% and 87% respectively), witness (86%), monitored at cardiac arrest occurrence (83%), initial shockable rhythm (78%), no flow duration (83%), the epinephrine dose (83%), number of shocks (82%) and etiology (63%) were under the prespecified successful rate threshold. No degradation in the extraction precision was observed except for the out-hospital setting.

The variable SAPS II, number of shocks, development of a multi-organ failure, development of a hemodynamic failure, catecholamine type used was implemented during the run 3, the variable initial shockable rhythm, witness presence, sedation, revascularization if ischemic cardiac arrest, during the fourth run, and therapeutic hypothermia as well as etiology during run 5. Of note, more biology variables were implemented during the final run, but the accuracy was of 100%.

Figure 3: Extraction accuracy by category (a), for Intra-arrest category (b), and for the Evolution and therapeutic category (c) in the training sample (n=143), in percentage

The red dot line represented the match rate of 90%. One "run" represented approximatively two months. No flow: delay from collapse to CPR, low flow: delay from CPR to ROSC, SAPS II: Simplified Acute Physiology Score II.

Table 1: Accuracy of the variables by run, in percentage in training sample (n=143)

SAPS II: Simplified Acute Physiology Score II, LOS: Length Of Stay, NSE: serum Neuron Specific Enolase, LSTW: Life Sustaining Therapies Withdrawal, n/a: non-applicable.

A statistical analysis of the number and a classification of the extractions' errors (i.e. false extractions) were made in the training sample (n=143). The Figure 4 represents the percentage of false extraction by class of error. The two most frequent representing 72% of total errors (36% each) were attributable to the context understanding (errors made when the extractions are used in specific context that the algorithm fail to detect) and implementation complexity (anomaly due to error of biology units, very complex clinical concept to text-mining method).

Not trained errors (keywords or subsection not trained to be detected) represented 22%. On the margin, 5% of the errors were exclusively due to anomaly of the data formatting (extractions contained in complex structures like tables…). A comparison of the extracted values between the development cohort (n=193) and the validation cohort (n=309, Table 2) was made after automated detection and removal of outliers.

The two population were similar. The mean age was 68.4 ±12.9 years in the development cohort and 71.5±15.7 years in the test cohort (p=0.23). The no-flow and low-flow duration were longer in the development cohort (5±6 minutes vs. 3±5 minutes, p=0.03 and 18±14 minutes vs. 15±11minutes, p=0.02), admission Glasgow Coma Scale was lower in development cohort (3 vs 5±2, p=0.01). There was less IHCA in the development cohort (28% vs 38%, p=0.03).

Etiology was detected in 86% for the development cohort and 67% in validation cohort. The mortality was 65% in all the population (N=502), with a mean LSTW rate lower in the validation cohort (32% vs. 47%, p=0.0003).

Table 2: Comparison of the automatically extracted population between development cohort (n=193) et validation cohort (n=309)

SD: standard deviation, SAPS II: Simplified Acute Physiology Score II, No-flow: delay from collapse to CPR, Low-flow: delay from CPR to ROSC, NSE: serum Neuron Specific Enolase, LSTW: Life Sustaining Therapies Withdrawal. The total percentage of some variables did not reach 100% because of missing values. After adjustment for the alpha risk inflation, made by the Bonferroni method, p<0.001 was considered significant †Statistical analyses were not performed if sample size was less than 5% of the total study population ‡Neurodegenerative included Alzheimer, Parkinson, Amyotrophic lateral sclerosis, and Dementia.

DISCUSSION

In this study, we developed a text mining algorithm able to extract from HDR 37 variables with a 90% threshold accuracy.

We chose a 90% correct extraction threshold as acceptable for retrospective data extraction.

The interobserver agreement kappa could be a relevant indicator for this study. If it were to be calculated, considering 95% true positives and 95% true negatives, the kappa agreement would be 0.89 representing a satisfactory agreement. It is with this level of precision that most retrospective studies are carried out, even with a lower interobserver agreement. [START_REF] Olsen | Interobserver Agreement in Retrospective Chart Reviews for Factors Associated With Cervical Spine Injuries in Children[END_REF] This is probably one of the perspectives of this work in the short term.

The variables for which an exact extraction rate of less than 90% is achieved are complex variables for which errors related to their complexity or context are insufficiently identified.

For example, the Glasgow Coma Scale is a particularly complex variable for which many clinical rules have been developed to improve the efficiency of its extraction during the different runs, its numerical bounding from 3 to 15 has allowed to identify many false positives. Limiting its detection to the history of the disease allowed to eliminate others. Its accuracy then improved according to an increasing exponential curve, the most frequent errors being quickly avoided and the rarer errors requiring new clinical rules. This suggests that many variables could be extracted at more than 90% if the algorithm were refined. The age had the most missing values (68.4%), because our anonymisation tool deleted the birth date but it is an easy problem to resolve for future studies. The important missing value rate for NSE variable was imputable to the neuroprognostication recommendations. In fact, for the prognostication the dosage should be done during the first three days, however the mortality was the most important during these days. [START_REF] Nolan | European Resuscitation Council and European Society of Intensive Care Medicine Guidelines 2021: Post-resuscitation care[END_REF] For the future, we can develop an automated extraction tool, directly from the biology server to complete the missing biology values of the HDR.

In this study we used text-mining methods rather than NLP. NLP is a method allowing to understand speech and could be applied to healthcare. It aims originally at text summarizing, translation and personal assistant inputting but is not the most adapted technique for very specialized domains. Also, NLP can be a powerful method, but for our sample size, text mining method is more quickly ready than the NLP method that needs bigger samples (>10.000 HDR) for training. [START_REF] Kim | Natural language processing and machine learning algorithm to identify brain MRI reports with acute ischemic stroke[END_REF] Moreover, the different NLP methods are essentially based on the English language, but fewer on the French language. It still represents an interesting way to improve the efficiency of data extraction for some extracted variables as etiology, therapeutic hypothermia (with the poorest accuracy, respectively 63% and 81%, due to the difficulty of context comprehension). The implementation of other NLP method could correct this limitation.

In order to choose the variables we want to extract, we based our thinking on clinical experience, and for multiple predictive score, particularly from the CAHP (Cardiac Arrest Hospital Prognosis), CAST (Cardiac Arrest Syndrome for induced hypothermia), CREST (coronary artery disease, initial heart rhythm, low ejection fraction, shock at the time of admission, and ischemic time >25 minutes) and TTM (Target Temperature Management) which are state-of-the-art published prognosis models. [START_REF] Martinell | Early predictors of poor outcome after out-ofhospital cardiac arrest[END_REF][START_REF] Bascom | Derivation and Validation of the CREST Model for Very Early Prediction of Circulatory Etiology Death in Patients Without ST-Segment-Elevation Myocardial Infarction After Cardiac Arrest[END_REF][START_REF] Nishikimi | A novel scoring system for predicting the neurologic prognosis prior to the initiation of induced hypothermia in cases of post-cardiac arrest syndrome: the CAST score[END_REF][START_REF] Maupain | The CAHP (Cardiac Arrest Hospital Prognosis) score: a tool for risk stratification after out-of-hospital cardiac arrest[END_REF][START_REF] Lascarrou | Targeted Temperature Management for Cardiac Arrest with Nonshockable Rhythm[END_REF][START_REF] Mc | Outcome Prediction in Postanoxic Coma With Deep Learning[END_REF][START_REF] Dumas | Cardiac arrest: prediction models in the early phase of hospitalization[END_REF][START_REF] Witten | Reasons for death in patients successfully resuscitated from out-of-hospital and in-hospital cardiac arrest[END_REF] Then one of the applications of this method for extraction would be to build a wide registry to model cardiac arrest prognosis. Another application could be to live monitor the exhaustivity of HDR. The missing values study demonstrates a poor retrieval of the data we believe to be the most important upon ICU admission. For example, Glasgow Coma scale, epinephrine dose, noflow/low-flow duration and therapeutic hypothermia are not described perfectly in HDRs and could represent a sum of components dispatched in a text bloc or incorrectly stated. An HDR quality index could allow detection of outliers and could be one of the perspectives of this work.

It can be an interesting lead for HDR quality improvement by using a quality score.

The comparison of the two cohort, development, and validation didn't show evidence major differences between their characteristics. The only variable that differed was the one that required the important context comprehension (LSTW). The addition of, for example, some clinical concepts, clinical rules, keywords, would probably further improve the performance of the algorithm.

Our study has some limitations, we have a moderate sample size but with 502 HDR we can hypothesize we had explored most of the possible variables' values in a representative sample of the global population. We conducted an oligocentric study that could limit the external validity of the results. However, most likely, the HDR formatting differs very little between centres and could allow us to wider the scope of this work. The time spent on variable extraction by a human expert is of approximatively 5 minutes/HDR whereas it is of 0.27 seconds per HDR with the automatized extraction algorithm. It will thus be possible to use the extraction tool to create a national database like the MIMIC-III, CCHIC and eICU database for the United States of America. [START_REF] Johnson | MIMIC-III, a freely accessible critical care database[END_REF][START_REF] Pollard | The eICU Collaborative Research Database, a freely available multi-center database for critical care research[END_REF][START_REF] Harris | Critical Care Health Informatics Collaborative (CCHIC): Data, tools and methods for reproducible research: A multi-centre UK intensive care database[END_REF] We have chosen HDR as a data source because it represents a simple resource to find and collect, but we plan to use our tool on other formats (like Computed Tomography report, direct extraction from the medical file). We chose cardiac arrest as a pathology because of its high incidence in any ICU, but the algorithm can be update and easy transform for other pathology.

To our knowledge this is the first study aiming at multiple variables extraction from HDR in ICU. We used up-to-date text mining methods notably concerning negation identification [START_REF] Mehrabi | DEEPEN: A negation detection system for clinical text incorporating dependency relation into NegEx[END_REF][START_REF] Funkner | Negation Detection for Clinical Text Mining in Russian[END_REF] or the multiple step method [START_REF] Sun | Data Processing and Text Mining Technologies on Electronic Medical Records: A Review[END_REF]. Some authors focused on specific variable extraction in Magnetic Resonance Imaging reports and oncology [START_REF] Isayev | Text mining facilitates materials discovery[END_REF][START_REF] Alex | Text mining brain imaging reports[END_REF][START_REF] Meng | Automating the generation of lexical patterns for processing free text in clinical documents[END_REF][START_REF] Kim | Natural language processing and machine learning algorithm to identify brain MRI reports with acute ischemic stroke[END_REF][START_REF] Zheng | Text Mining for Drug Discovery[END_REF][START_REF] Hartmann | Text mining for clinical support[END_REF] while we extracted up to 37 variables with a >90% accuracy.

In conclusion, we developed a unique full automated extraction tool based on text mining method in cardiac arrest. This tool is rapid, easy to use and effective to create a structured database from unstructured data that will be applied to a prognosis study called AiCR2. The missing value analysis suggests that a prospective quality approach of HDR could help building a retrospective exhaustive database.

Tokenisation : Selon la nature de l'extraction, il est préférable de transformer les phrases en matrice de mots. Par exemple, il peut y avoir des acronymes très courts qui permettent d'identifier une pathologie. Ces acronymes peuvent être contenus dans des mots qui n'ont rien à voir avec la pathologie à détecter. L'étape de tokenisation permet de vérifier que l'acronyme n'est pas utilisé dans un mot ayant un tout autre sens.

Transformation en valeur numérique : La gestion des numériques n'est pas toujours évidente en text mining. En effet, le nombre "1" peut être exprimé de plusieurs manières : "1", "un", "premier"... Il faut donc être capable de prendre en compte ces trois formes d'écritures. Lorsque cela est nécessaire, nous remplaçons les différentes manières d'exprimer une valeur par une seule forme numérique. Ainsi, "premier choc" devient "1 choc".

Detection algorithm

Clinical concepts : Le premier socle de l'algorithme est d'organiser un ensemble de concepts cliniques qui sont présents dans les CRH. Nous nous appuyons sur un lexique de mots qui a été défini par un expert du domaine. Il y a des catégories de concepts cliniques qui ont été définis, et pour chacun de ces concepts cliniques, un certain nombre de mots clés a été listé pour identifier la présence du concept clinique dans le CRH. Par exemple, pour ce qui concerne la pathologie insuffisance rénale chronique, nous définissons les différentes manières dont les médecins notifient cette pathologie dans les CRH : "maladie rénale chronique", "mrc", "irc"... 

  Arrest Hospital Prognosis CAST: Cardiac Arrest Syndrome for induced hypothermia CPR: Cardio-Pulmonary Resuscitation CRH: Compte Rendu Hospitalier GCS: Glasgow Coma score HDR: Hospital Discharge Report ICU: Intensive Care Unit ICA: Ischemic Cardiac Arrest IHCA: In-Hospital Cardiac Arrest IQR: Inter Quartile Range LOS: Length Of Stay LSTW: Life Sustaining Therapies Withdrawal OHCA: Out-Hospital Cardiac Arrest MRI: Magnetic Resonance Imagery NLP: Natural Language Processing NSE: Neuron Specific Enolase ROSC: Return Of Spontaneous Circulation SAPS II: Simplified Acute Physiology Score II. TTM: Target Temperature Management

  The secondary outcomes were the development of (1) an error classification (false extraction, corresponding to an extraction anomaly when the expert annotation was correct), (2) a study of the missing data map (missing data in manually extracted values from HDR) and their correlation, and (3) an evaluation of the extraction algorithm through the comparison of the development cohort and validation cohort variables.
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 1 Figure 1: Text-mining algorithm workflow

  ). The development cohort consisted in 193 HDR (143 HDR for the training sample, and 50 HDR for the stability-check sample), and a validation cohort of 309 HDR.

Figure 2 :

 2 Figure 2: Flow chart of the study population
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 45 Figure 4: Representation of the extractions' errors, in the training sample (n=143), in percentage

Figure 5 :

 5 Figure 5: Missing data map in the training sample (n=143)

Figure 6 :

 6 Figure 6: Missing data correlation matrix in training sample (n=143)

  Clinical rules : Des règles métiers sont définies pour détecter des pathologies à partir d'un ensemble de concepts cliniques. Par exemple, un Glasgow doit être compris en 3 et 15, sinon la valeur est considérée comme inconnue, ou encore, lorsque le mot « choc » pour un rythme choquable est détecté, l'algorithme vérifie qu'il ne s'agit pas d'un autre concept (choc anaphylactique, choc septique…). Data selection : L'étape suivante est de sélectionner les parties du CRH qui peuvent contenir des informations sur une pathologie que l'on cherche à détecter. Reprenons l'exemple de la pathologie insuffisance rénale chronique, les informations sont généralement contenues au début du CRH, à savoir dans les antécédents médicaux. Pathology detection based on matching : Une recherche de correspondance est lancée entre les concepts cliniques et les données qui ont été sélectionnés. Lorsqu'un concept clinique est détecté dans les données du CRH, des règles métiers ont été implémentées pour vérifier que le(s) concept(s) clinique(s) corresponde(nt) bien à la pathologie que l'on cherche à détecter. Lorsque toutes les conditions qui permettent de dire qu'une variable est présente sont bien vérifiées, l'algorithme renvoie un résultat positif pour la présence de cette variable. Specific extraction : L'approche est assez semblable pour extraire une ou plusieurs valeurs (numérique ou caractère), pour une variable donnée. Par exemple, si on cherche à extraire la valeur du pH du patient, nous cherchons la présence des mots clés pouvant être utilisés pour définir le pH, puis nous vérifions que les règles métiers sont bien vérifiées, avant d'accepter l'extraction de la valeur. Export Les extractions sont ensuite retravaillées et réorganisées selon des grandes thématiques, pour faciliter l'évaluation de la qualité, la synthèse dans des dashboard ou pour d'autres finalités comme de la classification, ou de la prédiction. Une extraction peut ensuite être utilisée pour réalisation une extraction à un niveau supérieur lorsque les règles métiers deviennent complexes (présence de telle extraction et présence de tel mot clé amène à réaliser telle extraction).Les extractions peuvent être exportées dans le format standard Excel.

RESUMEIntroduction:

  L'arrêt cardio-respiratoire (ACR) est un enjeu de santé publique majeur, avec une incidence de 170/100.000 patients/an, ainsi qu'un taux de survie globale en sortie d'hospitalisation de 10%. Il existe de multiples exemples de l'efficience de l'intelligence artificielle (IA) dans la littérature, particulièrement en réanimation, dans la prédiction, la création de base de données… Nous avons développé un outil d'extraction automatisé de données d'ACR, basé sur une approche de text-mining.Méthodes: Nous avons utilisé des données non structurées, i.e des compte-rendu d'hospitalisation (CRH), provenant de deux centres Français (CHU de Nice-L'Archet, et CH d'Antibes). Des échantillons de tailles croissantes, ont successivement été tirés au sort et annotés, permettant l'obtention d'une cohorte de développement de 193 CRH. Nous avons considéré comme validé, un échantillon dont le taux de concordance (entre l'extraction automatisée et l'extraction manuelle) était au moins égal à 90%. Nous avons implémenté une prise en compte de la négation, et de la contextualisation. Une fois les données extraites, une analyse des erreurs d'extraction ainsi que des données manquantes a été réalisé. Résultats : Au terme du développement de l'algorithme, 51 variables au total peuvent être extraites dont 37 avec une précision >90%. Les meilleures performances ont été obtenues pour les variables de type biologie d'admission, antécédents du patient, et devenir. L'analyse des erreurs de l'algorithme a montré que les principales erreurs étaient dues à la complexité d'implémentation de l'extraction d'une variable ainsi qu'à la complexité de compréhension du contexte (36% chacune). Les variables biologiques NSE et troponine, ainsi qu'hypothermie thérapeutique avaient le plus de données manquantes. La matrice de corrélation a permis la mise en évidence de relations étroites entres les variables manquantes de type biologiques, antécédents médicaux, et défaillances d'organe. Conclusion : Nous avons développé un outil d'extraction automatisé, adaptatif, pouvant extraire des centaines de données en quelques secondes (0.27 secondes pour un CRH). Son application permet la création de base de données structurées, facilement et rapidement. L'étude des données manquantes suggère qu'une approche qualitative prospective des CRH pourrait aider à construire une base de données exhaustive rétrospective.

  

APPENDICE 1: METHODOLOGIE/DEFINITIONS Data collection

La première étape de l'extraction d'informations textuelles est la lecture des données. Les CRH utilisés dans notre étude, sont au format Word ou format txt. Mon premier souci sera de rétablir, de préserver ou de promouvoir la santé dans tous ses éléments, physiques et mentaux, individuels et sociaux.

Data transformation

Je respecterai toutes les personnes, leur autonomie et leur volonté, sans aucune discrimination selon leur état ou leurs convictions. J'interviendrai pour les protéger si elles sont affaiblies, vulnérables ou menacées dans leur intégrité ou leur dignité.

Même sous la contrainte, je ne ferai pas usage de mes connaissances contre les lois de l'humanité. J'informerai les patients des décisions envisagées, de leurs raisons et de leurs conséquences.

Je ne tromperai jamais leur confiance et n'exploiterai pas le pouvoir hérité des circonstances pour forcer les consciences.

Je donnerai mes soins à l'indigent et à quiconque me les demandera. Je ne me laisserai pas influencer par la soif du gain ou la recherche de la gloire.

Admis dans l'intimité des personnes, je tairai les secrets qui me seront confiés. Reçu à l'intérieur des maisons, je respecterai les secrets des foyers et ma conduite ne servira pas à corrompre les moeurs Je ferai tout pour soulager les souffrances. Je ne prolongerai pas abusivement les agonies. Je ne provoquerai jamais la mort délibérément.

Je préserverai l'indépendance nécessaire à l'accomplissement de ma mission. Je n'entreprendrai rien qui dépasse mes compétences. Je les entretiendrai et les perfectionnerai pour assurer au mieux les services qui me seront demandés. J'apporterai mon aide à mes confrères ainsi qu'à leurs familles dans l'adversité.

Que les hommes et mes confrères m'accordent leur estime si je suis fidèle à mes promesses ; que je sois déshonoré et méprisé si j'y manque. »