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Abstract
Purpose To compare the performance of advanced radiomics analysis to morphological assessment by expert radiologists 
to predict a good or complete response to chemoradiotherapy in rectal cancer using baseline staging MRI.
Materials and methods We retrospectively assessed the primary staging MRIs [prior to chemoradiotherapy (CRT)] of 133 
rectal cancer patients from 2 centers. First, two expert radiologists subjectively estimated the likelihood of achieving a 
“complete response” (ypT0) and “good response” (TRG 1–2), using a 5-point score (based on TN-stage, MRF/EMVI-status, 
size/signal/shape). Next, tumor volumes were segmented on high b value DWI (semi-automated, corrected by 2 non-expert 
and 2-expert readers, resulting in 5 segmentations), copied to the remaining sequences after which a total of 2505 radiomic 
features were extracted from T2W, low and high b value DWI and ADC. Stability of features for noise due to inter-reader 
and inter-scanner and protocol variations was assessed using intraclass correlation (ICC) and the Kruskal–Wallis test. Using 
data from center 1 (n = 86; training set), top 9 features were selected using minimum Redundancy Maximum Relevance and 
combined in a logistic regression model. Finally, diagnostic performance of the fitted models was assessed on data from 
center 2 (n = 47; validation set) and compared to the performance of the radiologists.
Results The Radiomic models resulted in AUCs of 0.69–0.79 (with similar results for the segmentations performed by 
expert/non-expert readers) to predict response, results similar to the morphologic prediction by the expert radiologists (AUC 
0.67–0.83). Radiomics using semi-automatically generated segmentations (without manual input) did not result in significant 
predictive performance.
Conclusions Radiomics could predict response to therapy with comparable diagnostic performance as expert radiologists, 
regardless of whether image segmentation was performed by non-expert or expert readers, indicating that expert input is not 
required in order for the radiomics workflow to produce significant predictive performance.
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Introduction

According to current standard of care, patients with very 
distal and/or locally advanced rectal tumors (≥ T3 and/
or N+) typically receive neoadjuvant chemoradiother-
apy (CRT) aiming to achieve downstaging and thereby 
increasing the chance of a complete surgical resection. As 
a result of CRT, approximately 15% of patients undergo a 
complete tumor response [1]. There is a current paradigm 
shift in treatment towards considering organ preservation 
(‘watch-and-wait’) for these very good responders [1–3]. 
In addition to assessing response after completion of CRT 
to select these patients, there is also an increased clinical 
interest in the prediction of treatment response before the 
start of CRT. In patients likely to respond well, neoadju-
vant treatment may be intensified, for example with an 
additional radiotherapy boost, to increase the chance of 
organ preservation. Patients with smaller tumors have a 
higher response rate [4, 5], but according to current stand-
ards are typically treated with direct surgery without CRT. 
However, with a predicted high response rate chemoradia-
tion might be offered to these small tumors as an alter-
native with the sole aim to achieve organ preservation, 
whereas patients with radioresistant tumors remain better 
off with surgery alone, which is the current standard treat-
ment for these tumors. To date, such an approach is obvi-
ously still experimental and offered only in trial settings, 
for example within the STAR-TREC study, a collaborative 
phase II trial on CRT+organ preservation for early rectal 
cancer running in the UK, Denmark and the Netherlands 
(ClinicalTrials.gov NCT02945566) [6].

Several studies have shown that imaging may play a 
role in the pre-treatment prediction of response, with a 
particular focus on MRI being one of the main imaging 
modalities used to stage rectal cancer. “Semantic features” 
including the T-stage, N-stage, Circumferential Resection 
Margin (CRM), Extra-Mural Venous Invasion (EMVI) and 
baseline tumor volume have been shown to be associated 
with the chance of response to varying degrees [7–10]. 
Promising (though inconsistent) results have also been 
reported for the use of more novel functional MR imaging 
sequences such as diffusion-weighted imaging (DWI) and 
dynamic contrast enhanced (DCE) MRI, that can provide 
quantifiable information on biological tumor properties 
such as tumor cellularity and tumor perfusion [11–13].

Another highly interesting recent development is radi-
omics, a high-throughput post-processing technique capa-
ble of extracting large numbers of quantitative “features” 
from routinely acquired medical imaging [14]. These 
features can be used to generate a comprehensive radio-
logic phenotype and can potentially provide us with new 
insights into underlying biologic tumor characteristics 

[15–17]. In rectal cancer, a handful of studies investigating 
radiomics for response prediction have shown promising 
results [18–20], albeit mainly in relatively small single 
center cohorts. So far, no studies exist that have compared 
the use of radiomics to subjective estimation of the likeli-
hood of response by radiologists based on an overall visual 
interpretation of the local tumor stage at baseline MRI. 
Such a comparison would be an interesting step to pro-
vide at least some preliminary perspective on the potential 
added benefit from radiomics in a clinical setting.

With this study we aim to add to previous research by 
investigating the potential of radiomics to predict treatment 
response in rectal cancer using the baseline staging MRI 
data from two institutions (to allow a test and validation 
dataset and to study effects of acquisition heterogeneity) and 
by comparing the performance of radiomics to morphologi-
cal assessment of the images by expert radiologists to pro-
vide a first exploratory estimation of its potential clinical 
benefit.

Methods and materials

The study was approved by the local institutional review 
board (of both institutions). Due to the retrospective nature 
of the study, informed consent was waived.

Study population

We retrospectively identified 133 patients with rectal can-
cer who underwent long course chemoradiotherapy at one 
of two study centers (Maastricht University Medical Center 
and Zuyderland Medical Center Heerlen) between March 
2007 and January 2013. Main inclusion criteria were (a) 
histologically proven primary non-mucinous type rectal 
adenocarcinoma, (b) locally advanced disease (≥ cT3 and/or 
N+ disease), (c) neoadjuvant treatment consisting of 28 frac-
tions of 1.8 Gy radiotherapy with concurrent capecitabine 
825 mg/m2 chemotherapy, (c) availability of a multiparamet-
ric pre-treatment MR examination including a T2-weighted 
sequence, a diffusion-weighted sequence and corresponding 
quantitative ‘apparent diffusion coefficient’ (ADC) map, and 
(d) availability of either histology after surgery or long-term 
(> 2 years) follow-up in case of a wait-and-see program to 
establish the final treatment response.

Image acquisition

All patients received a primary staging MRI on a 1.5T MR 
system (Intera or Ingenia MR system; Philips Healthcare, 
Best, The Netherlands in center 1; Magnetom Avanto; Sie-
mens in center 2).
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The imaging protocol included a T2-weighted turbo spin 
echo sequence in sagittal, coronal and transverse plane and 
a transverse EPI-DWI sequence with 1000 or 1100 s/mm2 
as the highest b value. Detailed sequence parameters are 
provided in Table 1. ADC maps were calculated from the 
DWI sequences using a mono-exponential model including 
all available b values. Oblique transverse T2W and DWI 
sequences were acquired in identical planes perpendicular 
to the tumor axis as seen on the sagittal T2W scan. The 
transverse T2-weighted, low b value DWI  (DWIb0), high b 
value DWI  (DWIb1000/b1100) images and the ADC maps were 
used for radiomic feature extraction.

Standard of reference/clinical outcome

The main clinical study outcomes were:

(1) the prediction of a complete versus incomplete response 
after chemoradiotherapy.

(2) the prediction of a good versus poor response after 
chemoradiotherapy.

The final histopathologic tumor stage after surgery 
including the tumor regression grade (TRG) according to 
Mandard [21] served as the main standard of reference. For 
the first study outcome, patients with a ypT0/TRG1 were 
classified ‘complete responders,’ while patients with resid-
ual tumor (ypT1-4, TRG 2–4) were classified as ‘incom-
plete responders.’ For the second outcome, patients with a 
TRG1-2 (indicating predominant fibrosis) were classified 

as ‘good responders’ and patients with TRG3-5 as ‘poor 
responders’. For N = 13 patients who underwent wait-and-see 
without surgery, a sustained clinical complete response for 
> 2 years follow-up (i.e., no signs of recurrence on follow-up 
MRI and endoscopy performed 3 monthly in the first year 
and 6-monthly in the following years) was used as a surro-
gate endpoint for a complete response. These patients were 
included in the ‘complete response’ and ‘good response’ 
groups for the two respective outcomes.

Visual morphologic assessment by expert 
radiologists

Two independent board-certified abdominal radiologists 
(DMJL and MJL), with each > 10 years’ specific experi-
ence in reading rectal MRI, estimated the likelihood of 
whether a patient would achieve a complete response (out-
come 1) or good response (outcome 2), respectively, using 
a 5-point subjective confidence score (1 = chance to achieve 
a complete/good response highly unlikely, 2 = good/com-
plete response unlikely, 3 = equivocal, 4 = complete/good 
response likely, 5 = complete/good response highly likely). 
The readers based their score on their overall visual morpho-
logic assessment of the size, signal and shape of the tumor, 
T- and N-stage, circumferential resection margin (CRM) 
and EMVI, according to the criteria described in Table 2. 
Tumors with more unfavorable characteristics (e.g., larger 
size, higher T-stage, positive N-stage, CRM + , EMVI +) 
were assigned lower scores. Readers were blinded for the 
patient’s outcome and each other’s results.

Table 1  MR acquisition protocols

AP anterior–posterior, LR left–right, NSA number of signals averaged, EPI echo planar imaging, STIR short TI inversion recovery, SPIR spectral 
presaturation inversion recovery, SPAIR spectral attenuated inversion recovery

Diffusion-weighted MRI T2 weighted MRI

Center 1 Center 2 Center 1 Center 2

DWI 1 DWI 2 DWI 3 DWI 1 DWI 2 T2W T2W

N slices 50 24 20–24 34 34 22–34 48–60
Repetition time 3969–5503 3731–5545 4141–5240 5100 4300–5314 3378–9557 3400–4670
Echo time 70 70–73 65–70 88 79 130–150 118–122
Flip angle 90 70 70 90 90 90 150
Phase encoding direction AP AP AP AP AP LR LR
In-plane spacing (mm × mm) 1.7 × 1.7 1.25 × 1.25 1.25 × 1.25 1.25 × 1.25 2.0 × 2.0 0.8 × 0.8–0.4 × 0.4 0.8 × 0.8
Slice thickness 5 5 5 5 6 3–5 3.5
Echo train length 1 1 1 1 1 25–26 23
NSA 4–10 3–5 5 6 6 2–6 2
Fat saturation STIR SPIR SPAIR SPIR SPIR N/A N/A
EPI factor 47–55 55–77 61–83 148 150 N/A N/A
b values 0, 500, 1000 0, 500, 1000 0, (25, 50, 

100), 500, 
1000

0,500,1000 0,300,1100 N/A N/A
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Radiomics workflow

The radiomics feature extraction workflow, including image 
segmentation and radiomic feature extraction as the two 
main steps, is schematically illustrated in Fig. 1a.

I—Image segmentation

The image segmentation comprises the first 3 steps of the 
workflow:

Table 2  Likelihood score used by the two radiologists to predict the chance of achieving a good or complete response, respectively, based on 
visual evaluation of the baseline MRI

Likelihood of achieving 
outcome

1: Highly unlikely 2: Unlikely 3: Equivocal 4: Likely 5: Highly likely

Criteria
 Size Large (> 5 cm) Large (> 5 cm) – Small (< 3 cm) Small (< 3 cm)
 Signal Heterogeneous Heterogeneous – Homogenous Homogenous
 T-stage ≥ T3 cd ≥ T3 cd – ≤ T3ab ≤ T3ab
 Shape Irregular Irregular – Regular Regular
 N-stage N+ N+ – N0 N0
 EMVI EMVI+ EMVI+ – EMVI- EMVI-
 CRM CRM+ CRM+ – CRM- CRM-

Outcome
 Good response All 7 criteria ≥ 5 criteria Not meeting the criteria for 

scores 1–2 or 4–5
≥ 3 criteria ≥ 5 criteria

 Complete response ≥ 5 criteria ≥ 3 criteria ≥ 5 criteria all 7 criteria

A B

Fig. 1  Study workflow describing the image segmentation, registra-
tion and radiomic feature extraction steps (a) and data analysis steps 
(b). a Tumors were segmented on  DWIb1000. After co-registration of 
T2W and  DWIb0 images, segmentations were transformed for extrac-
tion from T2W images using the transformation map from the regis-
tration. Images and segmentation maps were then fed into the PyRa-
diomics pipeline (PyR) for feature extraction. b After exclusion of 
unstable features (1), data were divided into training and validation 
sets by center, with center 1 used for training and 2 for validation (2). 

Feature values were normalized using mean and standard deviation 
of features in center 1 (3). Using the training set and 5-fold stratified 
cross-validation, optimal hyperparameters were determined for the 
radiomics model. The optimized model was then trained on the full 
training set for each reader and each outcome separately. Finally, per-
formance to predict response was assessed in the training and valida-
tion sets (4). ICC intraclass correlation coefficient, KW Kruskal–Wal-
lis, CV cross-validation
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Step 1: Semi‑automatic segmentation

Tumor volumes were semi-automatically segmented on the 
high b value diffusion images using a region-growing algo-
rithm implemented in MANGO (Multi-image Analysis GUI, 
version 3.8, Research Imaging Institute, University of Texas 
Health Science Center, San Antonio, TX), according to 
methods previously reported [22]. The high b value images 
were chosen as they provide a good tumor-to-background 
signal ratio.

Step 2: Manual adjustment

The tumor segmentations derived in step 1 were then 
checked and manually adjusted where deemed necessary 
by four independent readers (two resident level non-expert 
readers (JJMVG and ST) and two expert radiologists (DMJL 
and MJL)) to allow assessment of effects of interobserver 
variations and reader experience level (see Fig. 2). This 
resulted in a total of 5 segmentations (1 semi-automated, 2 
non-expert, 2 expert) used for radiomic feature extraction. 
Overlap between segmentations was assessed using the dice 
similarity coefficient.

Step 3: Registration of different imaging sequences

To correct for organ displacements and deformations, 
T2W and DWI images were co-registered using deform-
able B-spline registration implemented in Elastix [23, 24]. 

The resulting deformation maps were then used to adapt the 
DWI-based segmentations to the T2W images.

II—Radiomic feature extraction

Feature extraction was performed using the PyRadiom-
ics toolbox (version 2.1.2) [25]. Prior to feature extrac-
tion, images were normalized to 0 mean and 100 standard 
deviation to reduce influence of differences in MR system 
vendor and acquisition protocol between the two centers 
[26] and subsequently interpolated to isotropic voxels with 
2 mm sides using a B-Spline interpolator. To remove outlier 
intensity values, the five segmentations were resegmented by 
excluding voxels which differed > 3σ from the mean. Prior 
to extraction of texture features and first order Uniformity 
and Entropy, gray values were discretized using a fixed bin 
width of 5. For each sequence (T2W,  DWIb0,  DWIb1000/11000, 
ADC), 623 intensity and texture features were extracted from 
non-derived, gradient, exponent, logarithm and Laplacian of 
Gaussian (σ ϵ {1 mm, 3 mm, 5 mm}) filtered images (yield-
ing 4 × 623 = 2492 features). In addition, 13 shape descrip-
tors were extracted from non-resegmented DWI-based seg-
mentations, resulting in a grand total of 2505 (2492 + 13) 
features for each of the five respective segmentations (1 
semi-automated, 2 non-expert readers and 2 expert read-
ers). The PyRadiomics configuration file used is provided 
in the supplementary materials.

Fig. 2  Example of results of semi-automatic (algorithm) tumor seg-
mentation performed on high b value diffusion-weighted images and 
results after manual correction by two expert and two non-expert 
readers. a Example of a case where the semi-automatic algorithm 
erroneously included a high signal band-shaped artifact in the tumor 

segmentation, which was discarded after manual adjustment by both 
non-expert and expert readers. b Example of a case where the semi-
automated segmentation by the algorithm performed well and did not 
require significant changes by either non-expert or expert readers
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Statistical analysis

Statistical analysis was performed using the Python 
(v3.5.3) package Scikit-learn (v0.20) [27] and is schemat-
ically illustrated in Fig. 1b. Data from center 1 (n = 86) 
were used for training, data from center 2 (n = 47) were 
used for validation. Baseline characteristics were ana-
lyzed using χ2-test for categorical variables and independ-
ent samples t test for continuous variables. Stability of 
radiomic features for inter-reader variation was assessed 
using intraclass correlation coefficient (ICC) and stabil-
ity for differences in MR system vendor and acquisition 
protocol between the 2 centers was assessed using the 
Kruskal–Wallis (KW) test. Only features exhibiting suf-
ficient stability (ICC ≥ 0.75 and KW p value ≥ 0.05) were 
eligible for selection in the radiomics prediction model. 
Stable features were normalized by subtracting the mean 
and dividing by the standard deviation on a per-reader 
basis. Mean and standard deviation for each feature is 
determined using only data from center 1 (training set).

Using the training set, the radiomics model was trained 
separately for each of the 5 segmentations in 2 steps: 
(1) Using minimum Redundancy Maximum Relevance 
(mRMR), implemented in Python package ‘mifs’ [28], 
a set of candidate features was selected from the train-
ing set, which (2) were fitted into a logistic regression 
model with l2 regularization and balanced class weights. 
To approximate the mutual information between the out-
come and continuous features during mRMR selection, 
we employed the nearest neighbor method as described 
by Ross et al. [29] Optimum number of features to select 
[5–10], as well as the k neighbors parameter [5–8] in 
mRMR and the C regularization parameter  [10−7–102] in 
the logistic regression model were determined by 5-fold 
stratified cross-validation on the training set. Finally, the 
performance of the radiomics model to predict a ‘com-
plete’ and ‘good’ response, respectively, was assessed 
using the Wilcoxon rank-sum test and by calculating the 
area under the ROC curve (AUC). Using the DeLong 
method [30], AUC for radiomics was then compared to 
the AUC calculated for the morphologic prediction of 
response by the two expert radiologists based on their 
subjective confidence scores. p values < 0.05 were con-
sidered significant. Interobserver agreement for the sub-
jective scoring by the two radiologists was assessed using 
quadratic Cohen’s kappa.

Results

Baseline characteristics

The baseline characteristics of the patients are shown in 
Table 3. No significant differences were seen between the 
two centers. In total 28 patients were complete respond-
ers (15 after surgery and 13 sustained clinical complete 
responders undergoing W&S) and 105 patients had resid-
ual tumor. For the second clinical outcome, good versus 
poor response, 62 patients were considered good respond-
ers (28 TRG1, 34 TRG2) and 67 poor responders (38 
TRG3, 25 TRG4, 4 TRG5). In 4 patients (3 from center 
1, 1 from center 2) no TRG stage was available, these 
patients were therefore excluded from the latter analysis.

Performance of radiologists’ visual morphologic 
assessment to predict response

Results for the prediction of response by the two radi-
ologists (compared to the performance of the radiomics 
models) are provided in Table 4 and illustrated in Fig. 3. 
Overall, AUC to predict a complete response in the valida-
tion cohort was 0.83 for the first reader and 0.74 for the 
second reader. For the prediction of a good response, AUC 
was 0.68 (reader 1) and 0.67 (reader 2) in the validation 
cohort. Agreement between the two readers was good with 
κ = 0.64 and κ = 0.61 for the prediction of complete and 
good response, respectively.

Building the radiomics models

1692 out of the in total 2505 radiomic features (68%) 
showed an ICC ≥ 0.75 (indicating sufficient inter-reader 
stability), of which only 415 (25%) showed no confound-
ing related to the MR system and acquisition protocol used 
(i.e., MRI performed in center 1 or center 2). These 415 
features were considered stable and available for selec-
tion by the radiomics model. Optimum settings for the 
model, as determined by the hyper-optimization in the 
training set, turned out to be 9 features, k = 8 neighbors 
and C = 10−5. Most emphasis was placed on DWI and 
ADC sequences, with only few features selected from 
T2W sequences in 8/10 developed models. Further details 
regarding the selected features per model are provided in 
Supplementary materials 2.
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Performance of the radiomics models to predict 
response

In the training set, radiomics models based upon manually 
corrected segmentations showed significant performance to 
predict both ‘complete response’ (AUC 0.71 to 0.74) and 
‘good response’ (AUC 0.69 to 0.77). In the validation data-
set, AUCS ranged between 0.69 and 0.79 (p = 0.001–0.028) 
to predict a good response, with comparable performance 
for the segmentations performed by the two non-expert and 

expert readers. For the prediction of complete response, 
only the radiomics model using the segmentations from 1 
expert and 1 non-expert reader retained significant perfor-
mance, with respective AUCs of 0.77 (p value 0.010) and 
0.73 (p value 0.029). Performance of the radiomics model 
using the semi-automated segmentations (without manual 
reader input) was non-significant for both study outcomes. 
Average dice coefficients between the semi-automated and 
different non-expert and expert manual-input segmentations 
are shown in Table 5.

Table 3  Baseline characteristics

TME total mesorectal excision, W&W wait & wait (organ saving treatment), TEM transanal endoscopic 
microsurgery, cT, cN: clinical T- and N-stage as assessed on primary MRI, yT, yN final T- and N-stage after 
nCRT as assessed at histopathology after surgery (n = 120) or by long-term follow-up in case of wait-and-
see treatment (n = 13), TRG  tumor regression grade
a t test
b χ2 test

Total (N = 133) Center 1 (N = 86) Center 2 (N = 47) P value

Age 68 [45–87] 69 [48–87] 67 [45–85] 0.1583a

Gender 0.691b

 M 92 (69.2%) 61 (70.9%) 31 (66.0%)
 F 41 (30.8%) 25 (29.1%) 16 (34.0%)

Initial cT stage before treatment 0.931b

 1–2 16 (12.0%) 11 (12.8%) 5 (10.6%)
 3 109 (82.0%) 70 (81.4%) 39 (83.0%)
 4 8 (6.0%) 5 (5.8%) 3 (6.4%)

Initial cN stage before treatment 0.316b

 0 11 (8.3%) 8 (9.3%) 3 (6.4%)
 1 40 (30.1%) 22 (25.6%) 18 (38.3%)
 2 81 (60.7%) 56 (65.1%) 26 (55.3%)

Final treatment after CRT 0.065b

 TME 119 (89.5%) 73 (84.9%) 46 (97.9%)
 W&W 13 (9.8%) 12 (14.0%) 1 (2.1%)
 TEM 1 (0.7%) 1 (1.1%) 0 (0%)

Final yT stage 0.917b

 0 28 (21.0%) 18 (20.9%) 10 (21.3%)
 1 11 (8.3%) 8 (9.3%) 3 (6.4%)
 2 30 (22.6%) 19 (22.1%) 11 (23.4%)
 3 59 (44.4%) 37 (43.0%) 22 (46.8%)
 4 5 (3.8%) 4 (4.7%) 1 (2.1%)

Final yN stage 0.233b

 0 94 (70.7%) 65 (75.6%) 29 (61.7%)
 1 29 (21.8%) 16 (18.6%) 13 (27.7%)
 2 10 (7.5%) 5 (5.8%) 5 (10.6%)

Tumor regression grade (TRG) 0.108b

 1 28 (21.0%) 18 (20.9%) 10 (21.3%)
 2 34 (25.6%) 24 (27.9%) 10 (21.3%)
 3 38 (28.6%) 26 (30.2%) 12 (25.5%)
 4 25 (18.8%) 11 (12.8%) 14 (29.8%)
 5 4 (3.0%) 4 (4.7%) 0 (0%)
 Missing 4 (3.0%) 3 (3.5%) 1 (2.1%)
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Comparison between radiomics model 
and morphologic assessment by radiologists

AUCs for the radiomics models (using segmentations with 
manual input) were comparable to the AUCs for the visual 

morphologic assessment by the expert radiologists, both 
for the prediction of a complete response (0.73–0.77 vs. 
AUC 0.74–0.83, P = 0.25–0.88), as well as for the pre-
diction of a good response (AUC 0.69–0.79 vs. AUC 
0.67–0.68, P = 0.18-0.93).

Table 4  Performance to predict response

Reader Center 1 (training, n = 86) Center 2 (validation, n = 47)

AUC (95%CI) Statistic p value AUC (95% CI) Statistic p value

Complete response
 Morphologic assessment (R1) 0.77 [0.62–0.91] 3.503 < 0.001 0.83 [0.69–0.98] 3.197 0.001
 Morphologic assessment (R2) 0.67 [0.51–0.84] 2.272 0.023 0.74 [0.58–0.90] 2.326 0.020
 Radiomics (exp_segm1) 0.71 [0.57–0.86] 2.771 0.006 0.77 [0.58–0.96] 2.573 0.010
 Radiomics (exp_segm2) 0.74 [0.60–0.88] 3.089 0.002 0.69 [0.47–0.91] 1.820 0.069
 Radiomics (non-exp_segm1) 0.71 [0.55–0.86] 2.707 0.007 0.73 [0.51–0.94] 2.183 0.029
 Radiomics (non-exp_segm2) 0.74 [0.59–0.88] 3.100 0.002 0.66 [0.42–0.89] 1.508 0.132
 Radiomics (semi-aut_segm)  0.73 [0.60–0.86] 3.025 0.002 0.63 [0.42–0.84] 1.248 0.212

Good response
 Morphologic assessment (R1) 0.60 [0.49–0.72] 1.608 0.108 0.68 [0.53–0.83] 2.072 0.038
 Morphologic assessment (R2) 0.68 [0.56–0.79] 2.805 0.005 0.67 [0.52–0.83] 2.005 0.045
 Radiomics (exp_segm1) 0.77 [0.67–0.87] 4.235 < 0.001 0.79 [0.66–0.93] 3.368 0.001
 Radiomics (exp_segm2) 0.69 [0.57–0.80] 2.933 0.003 0.69 [0.52–0.86] 2.194 0.028
 Radiomics (non-exp_segm1) 0.72 [0.61–0.83] 3.488 < 0.001 0.78 [0.64–0.92] 3.235 0.001
 Radiomics (non-exp_segm2) 0.71 [0.60–0.82] 3.361 0.001 0.70 [0.53–0.86] 2.260 0.024
 Radiomics (semi-aut_segm) 0.65 [0.53–0.77] 2.377 0.017 0.60 [0.43–0.78] 1.197 0.231

A B

Fig. 3  ROC curves of morphologic assessment by radiologists and 
radiomics models to predict the outcome ‘complete’ (a) and ‘good’ 
(b) response. There were no statistically significant differences in 

diagnostic performance between the 2 radiologist readers and the var-
ious radiomics models
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Discussion

In the present study, we compared the performance of 
advanced radiomics analysis to visual morphologic assess-
ment by experienced radiologists to predict response to 
neoadjuvant chemoradiotherapy on primary staging MRI. 
Results show that the radiomics model could predict a good 
response to therapy upfront with similar diagnostic per-
formance (AUC 0.69–0.79) as highly expert radiologists 
(AUC 0.67–0.68). Interestingly, the radiomics models were 
mainly based on features derived from DWI and ADC, with 
only few features selected from T2W imaging. This would 
suggest that DWI plays an important role when building 
response prediction models based on radiomics. Moreover, 
results of the radiomics model were comparable regardless 
of whether image segmentation was manually adapted by 
non-expert (young resident level) readers or by experienced 
radiologists, indicating that expert input is not required in 
order for the radiomics workflow to produce significant 
predictive performance. Radiomics models without manual 
input (using only semi-automated tumor segmentations) did 
not result in significant predictive performance, despite the 
fact that the spatial overlap between the semi-automated 
and manual-input segmentations was quite substantial (Dice 
0.64–0.78).

Although in recent years several groups have investi-
gated the potential of radiomics for rectal tumor response 
assessment, our current report is one of few to compare 
radiomics results to visual radiological assessment in order 
to put things into a more clinical perspective. To the best of 
our knowledge, only one previous report by Horvat et al. 
[31] compared performance of radiomics to expert reader 

assessment, though this study focused on response assess-
ment after completion of therapy, rather than prediction 
upfront. In this study 34 features were extracted from 114 
patients, and combined using a random forest classifier. 
This model showed excellent performance (AUC 0.93) in 
repeated cross-validation, which was significantly better 
than consensus scoring by 2 radiologists. A handful of pre-
vious studies specifically focused on MR-based radiomics to 
predict rectal tumor response prior to the start of treatment 
using baseline imaging data. Nie et al. [32] extracted 103 
features from primary T1/T2, DWI and dynamic contrast 
enhanced MRI in 48 patients. Here, an artificial neural net-
work was trained using 4-fold cross-validation to address 
overfitting, with resulting AUCs of 0.84 and 0.89 to predict 
a complete and good response, respectively. Cusumano et al. 
[20] performed a similar study but included an independent 
validation data cohort from another center. Here, a combina-
tion of shape, fractal and LoG-based features were assessed 
in a cohort of 198 patients, resulting in AUC 0.77 and 0.79 
in the training and validation dataset, respectively. Finally, 
Cui et al. [19] assessed performance of radiomic features in 
186 patients, achieving a very high AUC of 0.98 in the vali-
dation set. However, feature stability for image acquisition 
variation was not assessed, which may limit clinical appli-
cability. In our current bi-institutional study we used a test 
and validation dataset from two independent centers in order 
to investigate potential confounding effects of variations in 
MR system vendor and acquisition protocols. We found that 
a large portion (75%) of features were classified as unsta-
ble to variations in vendor and image acquisition protocols. 
This highlights the need for standardized protocols and the 
importance of assessing feature stability when developing 

Table 5  Average (± SD) dice 
similarity between reader’s 
segmentations

exp_segm1 

exp_segm2 0.84 (0.15) 

non-exp_segm1 0.73 (0.17) 0.71 (0.19) 

non-exp_segm2 0.77 (0.16) 0.84 (0.16) 0.69 (0.21) 

semi-aut_segm 0.78 (0.22) 0.76 (0.21) 0.64 (0.24) 0.78 (0.21) 
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radiomics models. On the other hand, despite these vendor 
and protocol variations, the radiomics models still achieved 
performance comparable to expert reader assessment.

Although, the AUCs of 0.66–0.79 achieved in our cur-
rent study to predict response are encouraging, they will 
probably not yet be considered good enough for clinical 
decision making. As discussed above there is however still 
room for improvement. Further research should focus on 
standardization, but also on combining radiomic features 
with for example other clinical, histopathological, immu-
nohistochemical or genetic biomarkers, which is likely to 
increase the predictive power, as has also been suggested by 
previous research [33, 34]. An accurate prediction of treat-
ment response upfront, using biomarkers that can already be 
derived at baseline could impact clinical management in rec-
tal cancer in the future. After completion of CRT, complete 
responders may already be accurately detected using a com-
bination of simple visual DWI-MRI analysis and endoscopy, 
which limits the need for advanced imaging analysis tools 
such as radiomics in this setting [35]. Tools to predict treat-
ment effects upfront are however not yet available in clini-
cal practice. In locally advanced tumors, where downsizing 
is desired, but standard CRT is predicted to have little or 
no effect, one could consider a more intensified regimen or 
one that relies more on systemic therapy. If lateral resection 
margins are wide on MRI, one can even consider omitting 
neoadjuvant therapy altogether, avoiding unnecessary toxic-
ity. In smaller rectal tumors, which are traditionally treated 
with TME surgery without neoadjuvant therapy, but which 
also have a higher chance to respond well to radiotherapy, 
a predictive model can guide treatment decisions towards 
(chemo)radiotherapy for the predicted responders with the 
goal to achieve organ preservation.

Our study design contained some limitations. The 95% 
confidence intervals for the performance of the radiological 
assessments as well as the radiomics models were large, most 
likely due to the relatively small size of the dataset, especially 
the validation set. Moreover, this small size of the training 
set can make the radiomics models prone to overfitting, as 
reflected by the fact that the optimum hyperparameters, with a 
low value for the C parameter and high value for the k param-
eter, favor high regularization. Our result will therefore need 
to be further validated in larger and preferably multicenter 
cohorts to obtain more stable results. Additionally, the esti-
mated likelihood of achieving a good/complete response by 
the radiologists remains relatively subjective (despite the cri-
teria provided in Table 2) and is dependent on the experience 
level of the two readers. We chose this approach to provide 
some preliminary perspective on how advanced model-based 
prediction methods would compare to what can potentially 
be achieved by mere “human” interpretation. We, however, 
acknowledge that an alternative approach including separate 
assessment of individual semantic features may allow for 

better reproducibility. This is a strategy we aim to further 
explore in future research. Finally, the analyses were all per-
formed in patients with locally advanced rectal tumors. Our 
results will also need to be tested and validated in smaller 
tumors before radiomics models can be applied in these cases.

In conclusion, we were able to train radiomics models 
to reach comparable performance to predict response to 
chemoradiotherapy on baseline MRI as visual morphologic 
assessment and staging by highly expert radiologists, even 
when using tumor segmentations without any expert radiolo-
gist input. Furthermore, these results were obtained despite 
training on a very heterogeneous dataset, where the majority 
of features had to be excluded due to susceptibility for vari-
ations in image acquisition. Although validation in a large 
multicenter cohort is obviously needed, these results indicate 
that radiomics has strong potential to identify meaningful 
imaging biomarkers that can be included in clinically usable 
prediction models with the ultimate aim to further optimize 
and personalize treatment in rectal cancer.
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