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Background Despite the clinical success of immune checkpoint
blockade therapies, many patients do not respond to treat-
ments or become resistant. Previous attempts to predict treat-
ment efficacy suffered from limited accuracy and deficiency to
uncover determinants of response. Here, we introduce an AI
framework which addresses these issues.
Methods We present a new explainable deep learning frame-
work based on transformer architecture1, 2 which combines
data with different feature sets (including sparse date) and
clinical endpoints for survival prediction or classification. This
framework includes: (1) A new loss function based on a sig-
moid approximation of Harrell’s concordance-index.3 (2)
Explainability module providing feature importance and simi-
larity score between features based on mutual contribution to
predictions. (3) Transfer learning strategy to enable leveraging
diverse clinical datasets in the public or private domain.
Results We utilized seven data sets comprising of more than
140,000 patients from IO, targeted and Chemotherapy treat-
ments to benchmark our prediction models (table 1) in addi-
tion to 10 train/test splits performance evaluations.

Consistently, our framework outperformed other methods
previously described in the literature, including CoxPH 4 and
random survival forest.5, 6 For example, using the concord-
ance index, our framework achieved 0.66 (0.04) vs. 0.60
(0.04) of the second-best method (Random survival forest in
all cases) on MYSTIC IO arms clinical data. This improve-
ment was a result of including transfer learning in the training
process (table 2) which also achieved better performance in
less training steps (figure 1).

Utilizing our Explainability module, we identified key fea-
tures driving response prediction consistent with previous pub-
lications. For example, in Chowell et al. dataset, we identified
Albumin, NLR, Chemo-before-IO-treatment and TMB as the
most important features (figure 2). We also identified in sparse
mutation calls of 469 genes from Samstein et al. dataset, func-
tional modules of several genes only, each with a strong pre-
dictive power. For example, the functional module comprising
of the genes: AKT2, BTK, CDC73, HLA-B, IKBKE, INPPL1,
RFWD2, TRAF2 and WHSC1, related to adaptive immunity,
stratified patients to two groups with a Hazard Ratio of 0.58
for the Samstein dataset and 0.42 for the validation dataset
(figure 3).
Conclusions We propose a new framework with state-of-the-
art performance in survival prediction and potential to
uncover biological and clinical insights related to patient
response and resistance. Importantly, our framework simplifies
the process of translating complex AI models to clinical prac-
tice and may accelerate the benefit immunotherapy can bring
to patients.
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