Editorial

Radiomics to predict response to immunotherapy, bridging the gap
from proof of concept to clinical applicability?

Evidence-driven methods and artificial intelligence are becoming game changers in precision
medicine. Such revolution is driven from the increasing availability of preclinical and clinical
data, with imaging being predominant, enhancing the standardized longitudinal follow up of
the patient and the impressive progress of machine learning during the past two decades.
As opposed to the biological hypothesis model that uses data to validate the model,
machine learning methods refer to a paradigm shift that targets two different objectives.
The first refers to the ability of reproducing human behavior on data without necessarily
reproducing human behavior. This is typically the case for domains like diagnostic imaging
or pathology where numerous recent studies have demonstrated that artificial intelligence
methods can outperform human experts [1,2]. The second, and potentially even more
promising direction, is the ability to go beyond human abilities. In this context, machine
learning methods seek high order correlations of biomarkers/omics that can create
statistically significant correlations between data and clinical outcomes and, if feasible,
causality.

The analysis of medical images using computational methods is a predominant research tool
to reach the above referenced objectives. [3-6] The central idea is to determine automatically
a task-specific set of markers that once computational — often called radiome or radiomics —
when combined could explain potential clinical outcomes. This concept has attracted
increasing attention in medicine since it could potentially provide treatment selection
strategies and patient stratification both for the development of new drugs as well in standard
clinical practice. The idea of “companion algorithms”, methods able to asses in a continuous
manner the performance of drugs and recommend adjustments, is becoming a tractable
objective for the years to come. Such a need is even further enhanced by the continuous
development of precision medicine drugs targeting smaller and smaller subset of populations.
Surgery, radiation therapy [7,8,9] and immunotherapy [11, 12] are domains on which, in
recent years, an important number of proof-of-concept studies have been reported
demonstrating the potentials of such powerful combination of omics data with advanced
mathematical modeling through machine learning.

In the paper by Trebeschi, et al in this issue of Annals[13], an approach to predict treatment
response for immunotherapy, which is of great promise in oncology, is presented. The
materials and methods are heavily in line, both in terms of methodology and clinical setting,
with the previous work published by Sun et al [12] where a combined clinical/imaging
signature was introduced associated with a computational algorithm to assess treatment
response to immunotherapy. The design of the study presented here is quite similar with
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the one reported by Sun et al [12], referring to a multi-localization/multi-type tumor cohort
and similar imaging biomarkers. It is also well alighed with an important number of recent
publications and proof of concept studies demonstrating the interest of investigating
imaging biomarkers in similar clinical contexts [14, 15, 16]. The method relies on a
predefined set of handcrafted biomarkers in which a three-class classification algorithm
(stable, progression, remission) using a conventional machine learning (random forests) is
built from a training set after an exhaustive testing of various classifications algorithms. The
results are also consistent with those reported by Sun et al and therefore one can conclude
that imaging biomarkers and computational algorithms could lead to better patient
stratification and provide promising prognostic and predictive tools. On the negative side,
performance varies significantly for different tumor localization and tumor types that can be
explained using three different hypotheses: (i) insufficient training data, (ii) poor
generalization, and (ii) discovering correlations rather than causality. These elements are
not a specific limitation to this study but are relevant to almost all recent literature in the
field.

The volume of training and testing data is clearly a bottleneck for the development of
computational methods in clinical practice. Machine learning algorithms end up solving ill-
posed mathematical problems (the number of constraints to solve the problem is fairly low
compared to the number of degrees of freedom/parameters to be estimated) and end up
being overly sensitive, which heavily compromises their potential impact. The problem could
be further amplified when targeting multi-class classification in the presence of tumors with
different phenotypes. Generalizability is another limiting aspect on the use of radiomics for
treatment response assessment in the context of immunotherapy and beyond that also
relates to the quantity and the quality of data as well to the specific characteristics of the
machine learning algorithm. Methods that are model-free often lack biological evidence or
biological modeling and purely explore evidence-driven approaches that are known to be
rather limited in terms of generalization. Last, but not least, establishing causality between
imaging biomarkers and biological evidence is mandatory.

In sharp contrast with Sun et al [12], where the model was directly trained on tumor CD8 gene
expression and T cell tumor density, the current model is trained and validated using clinical
data and images. Secondarily, the authors observe correlation between their signature and
genes involved in cell proliferation and mitosis which are not specific to immunological
processes. Different machine learning algorithms will end up selecting different features with
a rather simple criterion that is the performance on a rather limited validation test. Despite
the fact that this paper reports (as well as in [12]) certain biological relevance of the selected
features, surprisingly none of these studies agree on the same pool of features and
algorithms. Recent difficulties in tackling one single, and rather conventional, biomarker,
PDL1 expression, clearly illustrates the huge gap between rational proof of concept and
generalization for clinical use [17-19]. Considering radiomics, we will have to integrate much
more than just one single parameter into our decision processes.

Radiomics combined with artificial intelligence bears great promises in oncology from a
research perspective, and their potential impact can be accelerated through:



- Standardization of acquisition protocols and increasing availability of high quality
data. Imaging, and beyond (genomics, phenomics, pathomics), often are acquired
using different protocols and clinical settings that may be a bottleneck in performing
multi-center translation studies and augmenting the pool of patients that can be used
for training these complex algorithms

- Integration of domain knowledge, biological evidence and hypotheses: Evidence-
driven approaches bear great potential but lack interpretabilityr robustness and
generalization. The ability to combine evidence-driven approaches (bottom up) with
domain-driven hypothesis (top-down) will be a game changer in the clinical adoption
of these methods

- Integration of multi-modal data at different mid-points (multi-omics/ longitudinal
data): Computational imaging bears great promises in oncology as it refers to a
standard clinical practice, can be easily acquired and is not invasive. However, it
cannot encapsulate on its own the complex behavior of tumor cells, and therefore the
combination with other clinical data like genomics, pathomics, etc. — at least during
the training of these algorithms — is a necessity.

To conclude, the paper by Trebeschi, et al is of extreme interest, enhancing existing
hypotheses on the relevance of radiomics for treatment selection and prognosis in the
context of immunotherapy and beyond. At this time, converging data from various groups
demonstrate the power of radiomics to predict response to immunotherapy. To move beyond
the proof of concept, significant effort must be carried out in translating such research into
clinical practice, to guarantee generalization, explicability, and secure fairness of the decision
process.
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