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Background

HPV-associated (HPV+) oropharyngeal SCC (OPSCC) has unique pathophysiology, better prognosis, and is less likely to recur than HPV(-) OPSCC

Radiomic based feature extraction from tumor and lymph node (LN) contrast enhanced CT (CECT) coupled with machine learning represents a
noninvasive method of determining HPV status in patients with OPSCC

Methods
Retrospective analysis of 5 cohorts contoured with an in-house segmentation model Dataset Total HPV +
Features extracted with PyRadiomics 1 7t 64 191

* Preprocessing: Z-score normalization + clipping of image intensity

Cohorts split into 80%/20% Training and Test sets 2 13 14 4

* HPV: Cohorts 1, 2, HPV (-) from 3 3 150 128 22

Model Selection: 5-fold cross validation applied to the Training set 4 60 54 5
* Cases per fold balanced by HPV status/recurrence

5 30 23 57

Performance is reported as the ensembled results across all folds applied to the:

* Internal Test Set Total 1063 783 280

* External Validation Cohorts
* HPV: 4, 5, 3 (HPV+)

Table 1: Cohort Demographics. Cohorts 1, 2, 3, and 5 are
open access datasets. Cohort 4 is in-house.

Results Test Set Internal (n = 96/126) External (n = 221/287) Table 3: Performance
. . Metrics
M | Conficuration Random Random
Od Configuratio Model Forrest XGBoost Forrest XGBoost ., . . bositive
Cohort TN 20 7 17 11 FP = false positive
Train (+ %) 507 (76%) FP 10 23 31 37 FN = false negative
. . EN 18 0 31 14 Cl = confidence intervals
Test (+ %) 126 (76%) 081 1 0 0.83 0.9 PPV = positive predictive
External (+ %) 234 (79%) Sensitivity [CI] 0 79 0 88] [0 96 1 o] [0 27 0 88] [0 23 0 g5) Value
Normalization 7_score Soecificity [ 067 023 035 023 NP|V = negative predictive
. pecificity value
Correlated Removed featurkes W|thI > 0.85 [0-4(5)9,7(;81] [0-102,802-41] [0.(2)37,2-5] [0-13,7(;-37] AUC = area under the
Features Spearman rank correlation - - - - receiver oberatin
| | L Accuracy [CIl 52 0841 [0.74,0.88] [0.68,0.79] [0.72,0.83] PETAting
Selection Recursive feature elimination 0.86 0.80 0.83 0.8 characteristic curve
Models Random Forrest, XGBoost PPVICT 198 0.94] [0.73,0.88] [0.77,0.88] [0.77,0.87)
Outcome HPV Status NPV [CI] 0.53 1.0 0.35 0.44
Table 2: Model Confi " d Set C " [0.37,0.68] [0.65, 1.0] [0.23, 0.5] [0.27, 0.63]
able 2: Model Configuration and Set Composition AUC 0.78 0.80 0.63 0.61
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Conclusion
* Both the Random Forrest and XGBoost based models achieve similar performance at predicting HPV status from radiomic features

extracted from tumor and LN regions of interest from CECT in patients with OPSCC

* Our models shows similar performance across internal & external testing suggesting the generalizability of our results compared
to alternative radiomic based classification models that forego external validation

* LN signals have a strong association with HPV status—this matches the clinical gestalt of HPV+ OPSCC being strongly associated

with large cystic lymph nodes

Future Directions

* Train tumor only and LN only models to further identify important HPV associated features radiomic features in patients
with OPSCC

* Use both models to run inference on expert radiologist’s contours to determine model generalizability outside of
automated segmentation methods
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