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Problematic Severe TBI is dangerous and complex
« Severe Traumatic Brain Injury (TBI) is the main cause of mortality in teenagers and young adults. A * \)‘ '
« Rapid and efficient management is required to minimize secondary injuries, and reduce permanent sequelae risks. Y/
* Clinical Decision Support System (CDSS) can help Intensive care staff improve patient management :
1. Overwhelming data flow in Intensive Care Units : Human brain multivariable analysis capacity is limited.
2. Standardization of the care provided regardless of the medical staff’'s expertise : Better adherence to medical guidelines.

3. TBlis a very complex and rapidly changing condition : Fast computation power helps detect changing condition quicker.
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Diagnostic module: Gain Data Core Fuzzy Min-Max Neural Network (GDCFMMN)

An improved supervised Fuzzy Min-Max Neural Network : New membership function simplifies classification in overlap regions and allows online parameters modification for an adapting
diagnosis as the patient condition evolves.

The gain factor modulates maximum membership degree facilitating overlap
management. Centroid controls the shape of the function enabling data
adaptive classification.
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A Hyperboxe bj Is defined by its minimum Vi x oy
Class 2 and maximum W; points. Data dispersion in bj(Xh) = min (min[l —f(xhi — Wji;ﬁli)]: [1 _f(vji —xhi,ﬁzl-)])

the region determine its centroid (c;). A gain t=1..n
factor g; is computed by

A FMMN classifier separates a classification

space of n dimensions in m hyperboxes (bj). D, with, Byu=v (A —ci)? , PL2i= v+ i)’ Input : X; X .... X,
Each of them belonging to one specific class 9ji = F(l — (wji - ”ji)) [ 1, rg > 1
p. Interclass overlaps can occur and P; is the number of data points in hyperboxe fr,B) =<5 1B 1>7rf=0 ,0=1,2 The classifier is implemented as a 3 layers
present a classification difficulty. b; and N the total number of data points. \—gji, rf <0 feed-forward online learner neural network.
Results : Cerebral Status Diagnosis Conclusion
A6 hours training set was created with digitalized time series recording published in the literature. (30 sec. * An efficient improved fuzzy min-max neural network was developed to
sampling) automatically and continuously categorize the patient brain condition.
« Validation was done on more 9 recordings from patients with severe TBI representing more than 44 hours in
total. « This algorithm can also be used to categorize the general status as well.
« \ariables considered : Intracranial pressure (ICP), Brain Tissue oxygenation (PbtO,) and Cerebral
Perfusion Pressure (CPP). » This classification tool will permit to develop easily interpretable graphic

interface to facilitate rapid assessment by the team, and is the first step

2,3- ICH with ischemia or with hyperemia 5,6- Brain ischemia/hyperemia without ICH. CDSS.
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