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Introduction: 
Cardiac arrest is a public health key, with 10.985 patient/year, with an extremely high death rate (overall survival 
rate at hospital discharge is 10%) [1, 2]. In the literature, there are many examples of the artificial intelligence (AI) 
efficiency, specially, in intensive care unit (ICU), in the prediction, in database creation, in the therapeutic help 
[3–5]. In some case, it could be fastidious to create a database, so we developed an automatized extraction tool, 
based on a text mining approach. 
Methods: 
We used unstructured data, including computerized hospital report (CHR), from two centres. Successive samples 
of CHR have been drawn randomly and annotated, to reach a total of 143 annotated CHR. We incrementally 
increased the size of samples. If the concordance rate exceeded or if it was equal to 90%, for every interest 
variable, we considered the sample validated. Once the data are extracted, we performed a clustering, to identify 
patterns in the CHR, a missing value and a miss extraction value analysis. 
Results: 
After the full development and the training of our tool, we can extract 51 variables, with a mean accuracy of 
92.75%, with the better performance in admission biology, patient characteristics, and the deceased status, 
figure 1.  An analysis on algorithms errors showed that the main extractions errors were attributable to the 
complexity context and to the complexity variables (36% both). The most missing values were found in the 
biology variables (59.27%). The clustering results showed two group of CHR, differing for death, witness 
presence, multi-organ failure, status epilepticus and Glasgow scale. 
Conclusion: 
We developed a reliable extraction tool, fully automated and adaptative, able to extract hundreds of data in 
seconds (0.27 seconds for one CHR and 137.6 seconds for 504 CHR). It is useful for data base creation, by is 
simplicity and its quick use. 
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Accuracy extraction, by category, in the training sample (143 CHR), sprint corresponding to two months


