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TABLE 3. Comparison of ML algorithms based on most important

(bAVMSs) in a child are associated with Variable Hem?;:hage Hemorrhage  p Value initial presentation factors
Su.bStantle.ll m.orbldljty a.nd mortgllty. Totalpts . 70 (38%) 116 (62%) Variable OR 95% ClI p Value ML Algorithm Most Important Factors*
* Prior studies investigating predictors of Demographic characteristics
hemorrhagic presentation of a bAVM during melan age, yrs (SD) 12;79 (‘;37 ; “62 (g:; ggg Age, yrs 095 0.87-1.03 0.21 Random forest bAVM size, presenting age, aneurysm
childhood are limited CIini:aeISreeXse oo 92%) 0k 07 Male sex 122  0.60-2.51 0.58 GBDT Presenting age, bAVM size, location
. Machinle learning (ML), which has high Seizure}. | 33(47%)  12(10%) <0.0001t Any concurrent arterial aneurysms ~ 5.27  1.48-23.00 0.02 AdaBoost Presenting age, bAVM size, location
predictive accuracy Whe.n applied to |?rge data Co':::’:ggf:ig:fc'ti 29Tk 41(35%)  >0.991 Intranidal aneurysm 161 0.23-14.37 0.64 * The three factors with the highest importance are listed, ranked from highest
sets, can bg a useful agjunct for predicting aneurysms bAVM size. cm 056 042-074  <0.0001 to lowest.
hemorrhagic presentation. Any 6(9%)  39(34%) <0.0001§ ,
» The goal of this study was to use ML in Iniranidal N 2(3%)  26(22%) <0.001§ Deep venous drainage 155  0.68-3.59 0.30
conjunction with a traditional regression M°“r/|p:a°r:°§/'\‘§7|\'d°;‘Z’;aCCt;”(S;'[‘;)S 605 2608  <0000f E|.0CIU9"C€ 1.63  0.72-3.74 0.24
approach to identify predictors of hemorrhagic Deep venous drainage 30 (56%)  76(66% 0.8 Diffuse 105 0.47-2.35 0.91 _
presentation in pediatric patients based on a Lt laterality 31 (44%)  67(58%) 0.0t Lt laterality 221 1.07-472  0.04 Conclusions
: : Eloquence 38 (54%) 66 (57%)  0.73%f :
retrospective cohort study design. Diffuse 28(40%)  44(38%)  0.78f Location .
Location 0.36§ Cortical vs cortical/subcortical 110  0.40-3.03 0.85 ‘ By using .an ML approach, W_e were able.to
gg;::g::/subcomcal :‘g g;; Ezfj)) Cortical vs posterior fossa 0.27 0.04-1.68 0.18 find predlctor§ of h_e.mO"rh?Q'C presenta.tlon
Subcortical 6(9% 20 (17%) Cortical vs subcortical 0.38 0.06-2.02  0.26 that were not identitied using a conventional
Random Forest and De:gjf;;i; fgssa gg],;/;ﬂ g‘;/)) 0066 Deep location 112 0.19-6.46 0.90 re’greSSIon approach.
Supratentorial locatior 53(76%  64(55%) <001t Supratentorial bAVM location 0.26 0.04-120 0.0 * Results from the ML analyses demonstrated
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bAVM size, presenting age, the presence of a
concurrent arterial aneurysm, and bAVM
location to be important features for

predicting pediatric hemorrhagic
presentation.
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* By using an ML approach with larger,
multiinstitutional data sets in the future,
determinants of pediatric bAVM rupture can
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, : continue to be elucidated to improve care of
PO S T el g children with bAVMs.
e » We hope to implement these machine
= ® learning algorithms to create a calculator
'.“ that can predict hemorrhage using pre-
® 0o 5 operative variables.
Tree 1 Errors O Improved Tree 2 Errors Improved Tree 3 .
SRERTRE I L1
VR “O.. 7o € o .“.‘ 70 € & X - - 1
AVM Size  Presenting Age  Aneurysm Location Intranidal Aneurysm Laterality  Supratentorial  Eloguence Sex Deep Drainage  Diffuse Deep Location
Variables

- L 4
_|Final Gradient Boost/Adaboost
Prediction

FIG. 3. Absolute values for the importance of variables in regard to predicting hemorrhagic presentation based on the random
forest model. Importance of variables is ranked from left to right.

University of California
San Francisco




