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Abstract
Objectives To develop and validate a radiomics predictive model based on pre-treatment multiparameter magnetic resonance
imaging (MRI) features and clinical features to predict a pathological complete response (pCR) in patients with locally advanced
rectal cancer (LARC) after receiving neoadjuvant chemoradiotherapy (CRT).
Methods One hundred and eighty-six consecutive patients with LARC (training dataset, n = 131; validation dataset, n = 55) were
enrolled in our retrospective study. A total of 1,188 imaging features were extracted from pre-CRT T2-weighted (T2-w), contrast-
enhanced T1-weighted (cT1-w) and ADC images for each patient. Three steps including least absolute shrinkage and selection
operator (LASSO) regression were performed to select key features and build a radiomics signature. Combining clinical risk
factors, a radiomics nomogram was constructed. The predictive performance was evaluated by receiver operator characteristic
(ROC) curve analysis, and then assessed with respect to its calibration, discrimination and clinical usefulness.
Results Thirty-one of 186 patients (16.7%) achieved pCR. The radiomics signature derived from joint T2-w, ADC, and cT1-w
images, comprising 12 selected features, was significantly associated with pCR status and showed better predictive performance
than signatures derived from either of them alone in both datasets. The radiomics nomogram, incorporating the radiomics
signature and MR-reported T-stages, also showed good discrimination, with areas under the ROC curves (AUCs) of 0.948
(95% CI, 0.907-0.989) and 0.966 (95% CI, 0.924-1.000), as well as good calibration in both datasets. Decision curve analysis
confirmed its clinical usefulness.
Conclusions This study demonstrated that the pre-treatment radiomics nomogram can predict pCR in patients with LARC and
potentially guide treatments to select patients for a Bwait-and-see^ policy.
Key Points
• Radiomics analysis of pre-CRT multiparameter MR images could predict pCR in patients with LARC.
• Proposed radiomics signature from joint T2-w, ADC and cT1-w images showed better predictive performance than individual
signatures.

• Most of the clinical characteristics were unable to predict pCR.
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TME Total mesorectal excision
TRG Tumour response grading

Introduction

The standard-of-care treatment for patients with locally ad-
vanced rectal cancer (LARC) has recently shifted from pri-
marily surgery followed by chemoradiotherapy (CRT) to-
wards neoadjuvant CRT followed by radical surgery, irrespec-
tive of the response to CRT [1, 2]. Neoadjuvant treatment
causes a pathological complete response (pCR) in 15-27%
of patients [3]. Although still controversial, the Bwait-and-
see^ strategy has reduced surgery-related morbidity and func-
tional complications, which could have a greater benefit on
patients with pCR compared to the total mesorectal excision
(TME) surgery [4–6]. Thus, early identification of a good
responder, especially pCR, has become increasingly important
for therapeutic management.

Although with discordant results, studies have demon-
strated the potential value of different imaging modalities,
such as fluorine-18 fluorodeoxyglucose positron emission
tomography (18FDG-PET), dynamic contrast-enhanced mag-
netic resonance imaging (DCE-MRI) and diffusion weighted
(DW)-related MRI, to predict the response towards CRT
[7–12]. These methods combine quantitative assessment of
tumour viability, cellularity and vascularisation with qualita-
tive assessment to evaluate CRT response. However, most
studies focus on a single modality, which might either have
inherent limitations to differentiate residual tumour from fi-
brotic scar, or only focus on evaluating good versus poor
responders rather than pCR [9, 13, 14]. Moreover, the dif-
ferent quantitative methods may have technical differences
or the mean values used in these methods may be unable to
capture tumour heterogeneity, which can further limit their
clinical applicability [9].

Radiomics, which involves the extraction of mineable
high-dimensional data from digital images, can provide non-
visual information relating to tumour heterogeneity and un-
derlying pathophysiology [15, 16]. Recent advances in
radiomics have shown great potential for tumour prognosis
and therapy guidance across different types of cancer
[17–21]. A few studies have predicted response to CRT in
LARC using MRI-based textural or radiomics analysis.
However, they are limited by lack of independent validation
[22], analysis of the single sequence or section rather than
whole-tumour volume analysis [23], or the use of pre- and
post-CRT imaging features to assess the therapeutic responses
rather than early predicting pCR [24].

Therefore, the purpose of our study was to develop and
validate a radiomics nomogram incorporating multiparametric
MRI-based radiomics signature and clinical factors for the
preoperative prediction of pCR in 186 patients with LARC.

Materials and methods

Patients

This retrospective study was approved by our institutional
review board, with a waiver to obtain informed consent. The
medical records of patients with LARC who underwent neo-
adjuvant CRT at our hospital from December 2012 to
December 2016were searched from our institutional database.
The patient recruitment pathway, the inclusion and exclusion
criteria are summarised in ESM Appendix E1. In total, 186
consecutive patients were enrolled and allocated to two
datasets at a ratio of 7:3 using computer-generated random
numbers (131 and 55 patients in the training and validation
dataset, respectively) with the distribution of pCR rates kept
balanced between them.

Baseline epidemiological and clinical characteristics, in-
cluding age, gender, T stage, N stage, histological grade,
carcinoembryonic antigen (CEA) and carbohydrate antigen-
199 (CA199), were obtained from the medical records (ESM
Table S1).

Neoadjuvant CRT

All patients underwent three-dimensional conformal radiation
therapy at a total dose of 50 Gy (daily fraction of 2.0 Gy), 5
days each week for 5 weeks. Concomitantly, chemotherapy
was delivered to radiation therapy by using capecitabine
(Xeloda; Roche Pharmaceuticals, Shanghai, China) at a dose
of 800 mg/m2 orally twice daily during radiation therapy days.
TME was performed within 9 weeks (55 days on average;
range, 50–64 days) after completion of neoadjuvant CRT.

Standard of reference

The surgical resection specimens were evaluated by two
dedicated gastrointestinal pathologists, who were blind to
the clinical and MRI findings. The pathological tumour stag-
ing was performed according to the Seventh American Joint
Committee on Cancer (AJCC) TNM system [25]. CRT re-
sponse was evaluated using tumour response grading (TRG)
system proposed by Mandard et al [26]. Patients were then
divided into two different response groups: pCR (ypT0;
TRG 1, no viable tumour cells) and non-pCR (ypT1–4;
TRG 2–5, varying from rare residual cancer cells to exten-
sive residue cancer).

MRI acquisition and segmentation

All patients underwent pre-CRT rectal 3.0-T MRI scan
(Achieva; Philips Healthcare, Best, The Netherlands).
Oblique axial T2-weighted (T2-w), contrast-enhanced T1-
weighted (cT1-w) images and ADC images were retrieved
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from the picture archiving and communication system (PACS,
Carestream, Canada). Routine rectal MR protocol and image
acquisition parameters are presented in ESM Appendix E2.

Radiomics feature selection and radiomics signature
building

Radiomics features were calculated automatically with the
non-commercial A.K. (Analysis Kit) software (GE
Healthcare, Wuxi, China). In total, 1,188 imaging features
were extracted from the three examined modalities (T2-w,
cT1-w, ADC) for each patient. Details of the ROI segmenta-
tion procedure and radiomics extraction methodology are
shown in ESM Appendix E3. Afterwards, all radiomics fea-
tures were normalised by transforming the data into
standardised intensity ranges for each imaging modality
across all subjects with a mean of 0 and an SD of 1 (z-score
transformation).

The feature selection was performed within each set of T2-
w, cT1-w, ADC, and their combinations. According to
Chalkidou and colleagues [27], at least 10-15 times the events
per predictor variable are required to generate reasonably sta-
ble estimates of the impact of the depended variables for mul-
tivariate analysis. To address this issue and control overfitting,
three feature selection steps were involved. First, the best fea-
tures based on univariate logistic regression between pCR and
non-pCR groups in the training dataset were selected (thresh-
old of 0.1 to avoid eliminating highly discriminative features
on multivariate analysis). Second, the least absolute shrinkage
and selection operator (LASSO) logistic regression algorithm,
suitable for the regression of high-dimensional data [28], was
applied to the above selected features. Pearson correlation
analysis (r threshold of 0.75) was then used to eliminate re-
dundancy. The final selected features were then combined into
a radiomics signature. Rad-score was calculated for each pa-
tient using logistic regression method by linearly combining
the selected features weighted by their respective coefficients,
and then used to predict the probability of pCR. The area
under the receiver operator characteristic (ROC) curve
(AUC), predictive accuracy, sensitivity, specificity of the
radiomics signature were assessed in the both datasets.

Development of the radiomics nomogram
in the training dataset

The radiomics signature and all mentioned clinical candidate
predictors were tested in a multivariate logistic regression
model in the training dataset. Backwards step-wise selection
was applied with Akaike’s information criterion as the stop-
ping rule. A radiomics nomogramwas then constructed on the
basis of the multivariate logistic analysis to predict the indi-
vidual probability of pCR in the training dataset.

Apparent performance of the radiomics nomogram
in the training dataset

A calibration curve, obtained by plotting the actual pCR prob-
ability against the nomogram-predicted probability of pCR,
was used to assess the calibration of the radiomics nomogram
in the training dataset. The Hosmer-Lemeshow test was per-
formed to assess the goodness-of-fit of the radiomics nomo-
gram [29]. Harrell’s C-index, predictive accuracy, sensitivity
and specificity were measured to quantify the discriminatory
performance of the radiomics nomogram. The radiomics no-
mogram was then subjected to bootstrapping validation
(1,000 bootstrap resamples) to achieve relatively corrected
C-index statistics corrected for potential overfitting.

Validation of the radiomics nomogram

The predictive performance of radiomics nomogram was test-
ed in the validation dataset. The multivariable logistic regres-
sion formula derived from the training dataset was applied to
all patients in the validation dataset, with total points for each
patient calculated. Afterward, the total points and the clinical
predictors were taken into the nomogram for independent val-
idation. Finally, the calibration curve and Hosmer-Lemeshow
test were performed.

Clinical utility of the radiomics nomogram

To estimate the clinical usefulness of the radiomics nomogram,
a decision curve analysis (DCA) was conducted by calculating
the net benefits at different threshold probabilities [30].

Statistical analysis

All statistical analyses were conducted with R software version
3.4.0 (http://www.R-project.org) and MedCalc 15.8 (MedCalc,
Mariakerke, Belgium). The packages in R software are
described in ESM Appendix E4. The AUCs of radiomics
signature were compared using deLong test. All statistical tests
were two-sided, and p values <0.05 were considered significant.

Results

Clinical characteristics

The distribution of pCR rate in the training and validation
dataset kept balanced (16.79% and 16.36%, respectively, p =
0.943), as well as other clinical characteristics in terms of age,
gender, T-stage, N-stage, histological grade, CEA and CA199
level (p = 0.107–0.354). Additionally, none of the above clin-
ical characteristics were significantly different between the pCR
and non-pCR groups (p = 0.083–0.976), except for T-stage in
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the validation dataset (p = 0.036). Details regarding the clinical
characteristics are summarised in Table 1 and ESM Table S1.

Radiomics feature selection and radiomics signature
building

A total of 1,188 imaging features were extracted from the
three modalities of T2-w, ADC, and cT1-w images. The
inter-observer ICCs ranged from 0.701 to 0.915, and the
intra-observer ICCs ranged from 0.727 to 0.932, indicating
favourable reproducibility of radiomics feature extraction.

To build the radiomics signature from the combination of
the above set, we first performed univariate logistic regression
between pCR and non-pCR groups. Two hundred and thirty-
six features were selected, and then were reduced to 13 poten-
tial predictors by applying the LASSOmethod (Fig. 1a and b).
After eliminating redundancy, 12 features were selected into
the radiomics score calculation formula, including 5, 4, and 3
features derived from ADC, T2-w, and cT1-w images, respec-
tively (ESM Appendix E5 and Table 2). Rad-score for each
patient in the training and validation dataset was calculated

(Fig. 2a and c), and the radiomics signature derived from
T2-w, ADC, and cT1-w images, respectively, were also con-
structed (ESM Appendix E5).

Validation of radiomics signature

The radiomics signature derived from T2-w images yielded
AUCs of 0.771 [95% confidence interval (CI), 0.663–0.879]
and 0.729 (95% CI, 0.597–0.862) in the training and validation
dataset, respectively. Similarly, AUCs of 0.845 (95% CI,
0.753–0.915) and 0.755 (95% CI, 0.662–0.849) were acquired
from the radiomics signature derived from ADC and cT1-w
images in the training dataset. These values, were confirmed
in the validation dataset with AUCs of 0.915 (95% CI, 0.839–
0.992) and 0.700 (95% CI, 0.497–0.904) (Fig. 2b and d).

The Rad-score derived from the joint three modalities was
significantly higher in the pCR group compared to the non-
pCR group in the training dataset (0.7097 ± 2.2847 vs -4.9073
± 3.4064, p < 0.0001), and this difference was confirmed in the
validation dataset (-0.2507 ± 2.6709 vs -5.9063 ± 3.5015, p <
0.0001) (Table 1, Fig. 3). The radiomics signature from the above

Table 1 Demographic and clinical characteristics of patients with LARC in the training dataset and validation dataset

Characteristics Training dataset p value Validation dataset p value

Non-pCR (n = 109) pCR (n = 22) Non-pCR (n = 46) pCR (n = 9)

Age, mean ± SD, years 53.5 9± 10.69 50.68 ± 12.80 0.263 55.13 ± 10.07 55.78 ± 6.53 0.854

Gender (%) 0.317 0.760

Male 67 (61.5%) 16 (72.7%) 23 (50.0%) 5 (55.6%)

Female 42 (38.5%) 6 (27.3%) 23 (50.0%) 4 (44.4%)

Tumour differentiation (%) 0.229 0.198

Well 0 (0%) 0 (0%) 0 (0%) 0 (0%)

Moderate 94 (86.2%) 21 (95.5%) 39 (84.8%) 6 (66.7%)

Poor 15 (13.8%) 1 (4.5%) 7 (15.2%) 3 (33.3%)

Pre-CRT CEA (%) 0.149 0.582

≤5 (normal) 51 (46.8%) 14 (63.6%) 30 (65.2%) 5 (55.6%)

>5 (abnormal) 58 (53.2%) 8 (36.4%) 16 (34.8%) 4 (44.4%)

Pre-CRT CA199 (%) 0.976 0.553

≤20 (normal) 69 (63.3%) 14 (63.6%) 35 (76.1%) 6 (66.7%)

>20 (abnormal) 40 (36.7%) 8 (36.4%) 11 (23.9%) 3 (33.3%)

Pre-CRT T stage (%) 0.083 0.036*

T3 74 (67.9%) 20 (90.9%) 25 (54.3%) 9 (100%)

T4a 28 (25.7%) 2 (9.1%) 19 (41.3%) 0 (0%)

T4b 7 (6.4%) 0 (5.3%) 2 (4.3%) 0 (0%)

Pre-CRT N stage (%) 0.110 0.396

N0 8 (7.3%) 5 (22.7%) 5 (10.9%) 1 (11.1%)

N1 61 (56.0%) 10 (45.5%) 23 (50.0%) 7 (77.8%)

N2 40 (36.7%) 7 (31.8%) 18 (39.1%) 1 (11.1%)

Radiomics score (mean ± SD) -4.9073 ± 3.4064 0.7097 ± 2.2847 0.000 -5.9063 ± 3.5015 -0.2507 ± 2.6709 0.000*

*p < 0.05
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set yielded the highest AUCof 0.940 (95%CI, 0.892–0.987) and
0.944 (95% CI, 0.880–1) in the training and validation dataset,
respectively, suggesting that the radiomics signatures from joint
T2-w, ADC and cT1-w images achieved better predictive effica-
cy than the radiomics signature from any of them alone (Fig. 2b
and d). The sensitivities were high (95.5% and 93.5%, respec-
tively), while the specificities were relatively low. Details regard-
ing the performance of radiomics signature are shown in Table 3.

Development of the radiomics nomogram
in the training dataset

The radiomics signature and MR-reported T-stage were iden-
tified as independent predictors for predicting pCR status by
multivariate logistic regression model (Table 4). A radiomics
nomogram incorporating the above independent predictors
was constructed (Fig. 4).

Apparent performance and validation
of the radiomics nomogram

The calibration curve of the radiomics nomogram showed
a good agreement between nomogram-evaluated and actual

probabilities of pCR observed in the training dataset (Fig.
5a). The Hosmer-Lemeshow test yielded a non-significant
p value of 0.70, suggesting no departure from the perfect
fit. The C-index for the radiomics nomogram was 0.948
(95% CI, 0.907-0.989) within the training dataset, and
was confirmed to be 0.930 via 1,000 bootstrapping valida-
tions (Fig. 5b). The favourable calibration and good per-
formance of the radiomics nomogram were confirmed in
the validation dataset (Fig. 5c and d). The Hosmer-
Lemeshow test yielded a non-significant p value of 0.60,
and the C-index of the radiomics nomogram for the prob-
ability of pCR was 0.966 (95% CI, 0.924-1.000).

Clinical use of the radiomics nomogram

The DCA for the radiomics nomogram is presented in
Fig. 6. The DCA showed that if the threshold probabil-
ity is between 0 and 0.78, using the radiomics nomo-
gram to predict pCR adds more net benefit than either
the Btreat-all-patients^ or the Btreat-none^ strategies, in-
dicating the good performance of nomogram in terms of
clinical application.

Fig. 1 Radiomics feature selection using LASSO logistic regression
model. a Selection of the tuning parameter (λ) in the LASSO model via
tenfold cross-validation based on minimum criteria. The area under the
receiver operating characteristic (AUC) curve was plotted as a function of
log(λ).Dotted vertical lineswere drawn at the optimal values by using the
minimum criteria and the 1 standard error of the minimum criteria (the 1-

SE criteria). The optimal λ value of 0.023 with log (λ) = -3.781 was
selected. b LASSO coefficient profiles of the 236 radiomics features. A
coefficient profile plot was produced against the log(λ) sequence, and the
optimal 13 non-zero coefficients were generated at the value selected
using tenfold cross-validation in Fig. 2a

Table 2 Twelve radiomics features selection from the three modalities in the training dataset

Result category ADC T2-w cT1-w

Number of features 5 4 3

Individual features ADC_Percentile50; ADC_Inverse
DifferenceMoment_angle90_offset1;

ADC_GLCMEntropy_angle45_offset4;
ADC_GLCMEntropy_angle135_offset7;
ADC_IntensityVariability

T2-w_InverseDifferenceMoment_
angle90_offset1;

T2-w_Correlation_angle90_offset7;
T2-w_HaralickCorrelation_angle90_offset7;
T2-w_SmallAreaEmphasis

cT1-w_RelativeDeviation;
cT1-w_kurtosis;
cT1-w_Correlation_angle0_offset7

Eur Radiol (2019) 29:1211–1220 1215



Discussion

In the present study, we used a high-throughput radiomics
approach to automatically extract 1,188 quantitative imaging
features from three different MRI sequences, including

anatomical, diffusion and perfusion information, using
whole-tumour volume measurement in a reproducible man-
ner, and successfully developed and validated a radiomics
nomogram which incorporates the multiparametric MRI-
based radiomics signature and T stages for individualised

Fig. 2 Plots a and c show the radiomics Rad-score for each patient, and plots b and d show the ROC curves of the radiomics signature derived from T2-
w, ADC, and cT1-w images and their combination in the training and validation datasets, respectively

Fig. 3 Typical MR images of two patients, 56-year-olds with moderate
differentiated low-rectum cancer at stage of cT3N + M0, who achieved
pCR (a-d) and non-pCR (e-h), respectively. From left to right: pre-

treatment (a, e) T2-weighted image, (b, f) diffusion-weighted images
with b = 1,000 s/mm2, (c, g) the apparent diffusion coefficient (ADC)
map, and (d, h) contrast enhanced T1-weighted images
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prediction of pCR before neoadjuvant CRT in patients with
LARC.

To develop the radiomics signature, the 1,188 candidate
radiomics features were reduced to a set of only 12 potential
predictors with the critical step of LASSO method, an effec-
tive algorithm for analysing large sets of high-dimensional
data to avoid overfitting [28]. The radiomics signature re-
vealed the favourable prognostic performance for pCR in the
training dataset, which were validated in the validation dataset
with AUCs of 0.940 and 0.944, respectively. Another study
investigated the capability of radiomics features for predicting
the pCR based on similar multiparametric MRI, and the de-
rived AUC was 0.84 [22]. This was much lower than the
AUCs obtained in our study, which has more high-
dimensional features with more detailed information about
the intratumoural heterogeneity. Also, the absence of indepen-
dent validation or small sample size of patients could also
have hampered the clinical applicability of the previous study.

Our results also demonstrate that the radiomics signature
from joint T2-w, ADC, and cT1-w images perform better than
the radiomics signature from either of them alone. These mo-
dalities reflect different aspects among tumour intensity, cel-
lularity and vascularisation, and a combination of them might
improve prognostication. Some studies have confirmed the
correlation between pre-CRT mean quantitative values of
DWI or DCE-MRI and the response [10, 31–34], which is
different from most of the other studies [9, 35, 36]. Recently,
some studies indicated that the texture parameters derived
from T2-w or PET/CT images and low percentile values de-
rived from ADC histogram analysis can predict pCR in rectal
cancer [23, 37, 38]. This was confirmed by our study that the
Rad-score values derived from T2-w, ADC or cT1-w images
were significant higher in the pCR group, with all the corre-
sponding AUCs greater than 70%. A possible explanation is
that tumours with higher intratumoural heterogeneity,
consisting of more heterogeneous cell populations with dis-
tinct molecular and microenvironmental differences, are more
likely to be resistant to CRTand have a poorer prognosis [39].
The radiomics approach extracted high-dimensional imaging
features of the entire tumour, rather than the relatively low-
dimensional features derived from histogram or texture anal-
ysis, thus providing a robust way to characterise the
intratumoural heterogeneity non-invasively.

The clinical relevance of our study lies in the advancement of
the non-invasive analysis and characterisation of rectal cancer,
and providing an easy-to-use tool, the radiomics nomogram, for

Table 3 Performance of the radiomics signature and nomogram

Metrics Radiomics signature Radiomics nomogram

Training dataset Validation dataset Training dataset Validation dataset

AUC (95%) 0.940 (0.892-0.987) 0.944 (0.880-1.000) 0.948 (0.907-0.989) 0.966 (0.924-1.000)

Accuracy (95%) 0.840 (0.765-0.898) 0.927 (0.824-0.980) 0.878 (0.809-0.929) 0.945 (0.849-0.989)

Sensitivity (95%) 0.955 (0.727-0.909) 0.935 (0.556-1.000) 0.955 (0.682-1.000) 0.957 (0.667-1.000)

Specificity (95%) 0.817 (0.523-0.918) 0.889 (0.674-1.000) 0.862 (0.569-0.936) 0.889 (0.783-1.000)

AUC area under ROC curve

Table 4 Related factors for pCR detection in LARC

Intercept and variable β Odds ratio (95% CI) p

Intercept 0.4352

Radiomics signature 1.0799 2.94 (1.944, 5.207) <0.0001*

T-stages -2.0409 0.13 (0.0128, 0.804) 0.0479*

β regression coefficient

*p < 0.05

Fig. 4 The radiomics nomogram for the prediction of pCRwas developed in the training dataset, with the radiomics signature, andMR-reported T-stages
incorporated
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the clinicians. A recently established nomogram integrating
multiple clinical-pathological risk factors has successfully im-
proved prediction of LN status after preoperative CRT in pa-
tients with LARC (C-index, 0.81) [40]. Similarly, another pre-
dictive model for pCR, which incorporates the clinical features
and early sequential 18F-FDG PET/CT imaging, has exhibited
enhanced prognostic performance (AUC, 0.78) and has been

externally validated [7]. Our study also indicates that the com-
bined radiomics clinical nomogram, with higher C-index and
better calibration, could achieve greater predictive efficacy than
either radiomics signature or the clinical factors alone. This is
consistent with the results of Liu et al [24]. Nevertheless, certain
points should be emphasised. First, different clinical risk factors
were identified as independent predictors to predict pCR, even

Fig. 5 Calibration curves and the corresponding ROCs of the radiomics
nomogram in the training and validation datasets. a, c Calibration curve
of the radiomics nomogram in the training and validation datasets,

respectively. b, d The ROCs of the radiomics nomogram in the training
and validation datasets, with the AUC of 0.944 and 0.966, respectively

Fig. 6 Decision curve analysis (DCA) for the radiomics nomogram. The
y-axis represents the net benefit. The x-axis represents the threshold
probability. The pink line represents the radiomics nomogram. The grey
line represents the assumption that all patients achieved pCR. The black
line represents the hypothesis that no patients achieved pCR. The
threshold probability is where the expected benefit of treatment is equal

to the expected benefit of avoiding treatment. For example, if the
possibility of pCR of a patient is over the threshold probability, then a
treatment strategy for pCR should be adopted. The decision curves
showed that if the threshold probability is between 0 and 0.78, then
using the radiomics nomogram to predict pCR adds more benefit than
treating either all or no patients
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though the values of post-treatment tumour length and MR-
reported T-stage in the multivariate regression model were mi-
nuscule compared with the radiomics signatures. Secondly, the
radiomics model in our study used pre-CRT MRI only, rather
than combing pre- and post-CRT images. An earlier estimation
could provide guidance to adjust the therapeutic approach,
which avoids overtreatment for pCR and identifies patients
who requires a more intense treatment [22, 23, 31, 40].
Indeed, the exact ROI delineation of tumour post-CRT is diffi-
cult and less reproducible compared with pre-treatment analysis
[23, 36]. Finally, despite the lack of external validation, theDCA
demonstrated that both of the above radiomics nomogram added
more net benefit than the Btreat all^ or Btreat none^ strategies.
Notably, the specificities in our study are relatively inferior to the
sensitivities in both datasets, which can be largely attributed to
the disproportionate rate of pCR in our study population.

As suggested, the developed model can assist in deci-
sion making for LARC pre-CRT. However, the key chal-
lenges to successfully implement radiomics into clinical
practice are accurate segmentation and extracting stable
and comparable quantitative image features. Compared
with CT or PET/CT, MRI can provide better tissue con-
trast and higher contrast-to-noise ratio and, thus, reduce
the impact of image noise on biological heterogeneity. In
addition, greater variability in MRI data acquisition can
influence the reproducibility of the results. To overcome
this, we extracted all radiomics features from the same
MRI unit at our institution, and made z-score transforma-
tion prior to statistical analysis.

Our study had several limitations. First, the sample size
of patients with pCR was small and the patients who im-
plemented a Bwait-and-see^ approach were not included.
This may have led to selection bias and affected the model
training. However, our design was based on the histopath-
ological reference standard for all patients and from a ho-
mogeneous dataset. Second, we did not compare the per-
formance of radiomics features with qualitative evaluation
of pCR. The comparison between them, especially based
on imaging features at T2-w and DWI after CRT, is war-
ranted in further study. Third, this was a retrospective
study and all patients were recruited from a single centre.
A large-scale independent prospective multicentre valida-
tion cohort is needed to assess the generalisability and the
potential for clinical translation of our proposed model.
Additionally, various modalities, such as molecular bio-
markers and gene expression, should be investigated and
incorporated into the predictive models, for tailored treat-
ment in an era of personalised medicine.

In conclusion, the current study developed and validated a
pre-treatment multiparametric MRI-based radiomics nomo-
gram as a convenient approach to predict pCR in patients with
LARC, providing a novel tool to guide individual treatment
strategies for those patients.
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