Radiomics for MRI prediction of tumor response after chemoradiotherapy in rectal cancer
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Patients with locally advanced rectal cancer undergo neoadjuvant chemoradiotherapy to
improve local disease control, surgical resectability, and, ultimately, prognosis. There is
increasing evidence that around 20% of patients achieve a pathologic complete response
(pCR) after chemoradiation alone. Achieving pCR means that no remaining viable tumor is
identified during histological analysis of the resection specimen(1). Long-term outcome data
is being collated, but a sizable proportion of these patients are essentially cured and can be
spared the morbidity and mortality of surgery(1, 2). To avoid unnecessary surgery, such
patients must be identified upfront after completing chemoradiotherapy. Once identified,
appropriately counseled patients then enter intensive follow-up regimes (often referred to
as “wait and watch” programs). These regimes help ensure that any tumor recurrence
(which occurs in approximately 25% of patients(1)) can be identified at an early stage and

appropriate rescue treatment instigated.

Pelvic MRI, alongside clinical and endoscopic assessment, is crucial in identifying patients
who have potentially achieved pCR after chemoradiotherapy and is routinely performed as
part of clinical care pathways(3). Response assessment is based on the morphology and
signal characteristics of any residual tumor. Currently, no standardized assessment criteria
are universally adopted, but the absence of intermediate tumor signal on T2 weighted MRI
and/or normalization of the rectal wall with or without low signal fibrosis is the cornerstone
of evaluation(3). The MRI tumor regression grade(4) for example uses T2 weighted imaging
to grade regression from 1 to 5, with grades 1 (and 2) often interpreted as potential pCR.
Adding diffusion-weighted imaging (DWI) to conventional MRI sequences may improve
diagnostic performance. The absence of a signal on high b values images (typically >
800sec/mm?2) is taken to indicate potential pCR when combined with concurrent evaluation
of tumor morphology on T2 weighted MRI(5). A recent meta-analysis reports the sensitivity
and specificity of MRI for pCR as 49% (95% Cl 33 to 65) and 86% (74 to 93), respectively,
using T2 weighted sequences and 62% (43 to 77%) and 89% (80% to 94%) when combining
DWI and T2 weighted MRI sequences (6). There was however marked heterogeneity in the
data and it is clear more research is needed, particularly around the optimal combination of

T2 and DWI criteria.

Although MRI is a powerful tool to appropriately triage patients to surveillance programs, it

does have limitations both in missing pCR, resulting in potentially unnecessary surgery, and



over-diagnosing pCR, with the risk of tumor recurrence. These limitations underlie the
motivation for researchers investigating whether radiomics techniques can detect patterns
in the data beyond those appreciated by the radiological eye, ultimately improving response

classification.

In this issue of Radiology, Shin and colleagues(7) present a radiomics model for predicting
pCR on posttreatment MRI and report promising results. Using a retrospectively identified
cohort of 898 patients with locally advanced rectal cancer undergoing MRI after
chemoradiotherapy and before surgical resection, the authors developed and evaluated
radiomics models based on T2 weighted MRI alone, apparent diffusion coefficient (ADC)
MRI maps alone, and a merged model based on both sequences. They employed temporal
validation whereby the cohort was split into 592 training sets and 306 test sets according to
the date of scan acquisition and used surgical histopathological analysis of the resection
specimen as the reference standard. Radiomics software extracted 1132 candidate features
for T2 and ADC calculated using MRI. The authors retained only those features with good
interobserver reproducibility and reduced redundancy by collapsing highly correlated
features into one representative feature. The least absolute shrinkage and selection
operator (LASSO) method was used to select the most powerful predictive features from the
training set. In the test dataset, the best performing models for predicting pCR were those
based on T2 weighted images (sensitivity 80% [95% Cl: 71, 89], specificity 68% [95% Cl: 62,
76], and the merged model (sensitivity 76% [95% Cl: 66, 86] and specificity 71% [95% Cl: 68,
77]).

The study has several strengths and adds to the current level of knowledge. The study
design included a comparison with radiologist response grading, which many radiomics
studies omit. The comparative pooled radiologist sensitivity for prediction of pCR (based on
the tumor regression grade of 1 or 2, supplemented by DWI) was 51 % (95% Cl: 44, 57), with
89% (95% Cl: 87, 92) specificity, consistent with the current literature. Both the T2 and
merged models achieved significantly greater sensitivity than radiologists, although

specificity for both models was significantly lower.

MRI data was acquired on scans from two different manufacturers (Philips vs Siemens) and
at both 1.5T and 3T, which aids generalizability. Using 40 randomly selected lesions, the

authors also report good reducibility between two radiologists using software-assisted



region of interest segmentation for radiomic feature extraction. Their method required

I”

subjective assessment to exclude “equivocal normal rectal wall” and “mucosal edema”. It is
interesting to speculate whether this additional subjective step aided or detracted from the
performance of radiomics models and if it will impact on generalizability. High
reproducibility is crucial in any radiomics model and key considerations are if and how
radiologists should input to region selection, and their interaction, if any, with model

outputs. Of note, the segmentation did not include lymph nodes, which is a potential

limitation as residual nodal disease is important in clinical decision-making.

The work raises important issues that must be considered in all radiomics research(8). The
authors essentially propose a predictive marker for a short-term clinical event, i.e., post
chemoradiotherapy pCR using posttreatment MRI. This seems a sensible and clinically
meaningful approach and aligns with current staging and treatment pathways. An important
limitation however is that non-imaging predictive markers such as endoscopy are not
included. As noted above, assessment of pCR is based not just on MRI but also on clinical
and endoscopic assessment, and future work must incorporate all relevant clinical
predictors. This is crucial to adoption by the clinical community; clinicians know from day to
day practice how simple clinical metrics can predict patient outcomes and are unlikely to be
persuaded by models that have not considered them(8). Also, as a single-center study, the
generalizability to other health care settings remains as yet unknown. The authors,
however, derived optimal model cutoff values for their models (in this specific dataset),

which can now be tested in larger multicenter studies.

The size of the study is notable and picks up from where similar smaller studies have left
off(9, 10). However, the issue of study power must be considered. When powering
prognostic markers studies the “rule of 10” is commonly applied i.e. 10 event rates (in this
case pCR) are required per predictive variable tested(8). There were 114 “events” in the 592
patient development dataset and 75 in the 306 patient evaluation dataset. Like most
radiomics studies, there was no formal power calculation and datasets were collected from
the database of one single tertiary institution. There were originally 1132 features obtained
from each T2 weighted image and ADC map, although the authors did reduce the variables

in their models based on reproducibility and hierarchical feature clustering. The best



performing T2 and merged models eventually included 19 and 27 radiomic features,

respectively, so the study risks being potentially underpowered.

The authors used temporal validation (splitting data into training and test sets based on the
date of scan acquisition) to develop and evaluate their models. Such an approach is superior
to commonly used internal validation (where training and test sets use the same data). But
the approach falls short of true external validation in which models are tested using new
data from a wide range of institutions and patient samples representative of those in whom

the tool will ultimately be employed.

In summary, the prediction of pCR is an important goal in the modern management of rectal
cancer. Alongside endoscopy, MRl is a powerful tool in triaging tumor response after
chemoradiation although it is limited by relatively modest sensitivity and specificity. In their
paper, Shin and colleagues suggest that radiomic models have the potential to improve
diagnostic performance although there is a long way to go before such models can be
considered for clinical use. Prediction models must include all relevant clinical variables, not
just those based on imaging. They must be shown to be reproducible and generalizable. This
requires appropriately powered multicenter studies encompassing the variety of data
encountered in clinical practice. Assessing the impact on clinical decision-making and,
ultimately, patient outcomes is crucial, alongside evaluation of cost-effectiveness. Finally, it
is of note that the specificity of the models proposed by Shin et al was significantly less than
that of radiologists; models should not be static and need to be updated and improved as

new data is accumulated.
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