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Abstract 

Background  To investigate whether MRI-based delta-radiomics can predict treatment response in patients 
with muscle-invasive bladder cancer (MIBC) undergoing neoadjuvant chemotherapy (NAC).

Materials and methods  In this prospective study, 52 patients with localized MIBC underwent multiparametric MRI 
(mpMRI) at three time points: pre-treatment, mid-treatment, and post-treatment. Radiomics features were extracted 
from the manually segmented primary tumor, and relative delta-radiomics were calculated. Feature selection was per-
formed using the least absolute shrinkage and selection operator (LASSO) within a nested cross-validation frame-
work. Predictive models were developed using Support Vector Machines with radial basis function kernel (SVM-RBF), 
Random Forest (RF), and Light Gradient Boosting Machine (LGBM). The discrimination and calibration of different 
models were evaluated. Clinical complete response (CR) and overall response (OR) were the primary and secondary 
endpoints, respectively.

Results  Clinical CR and OR were achieved in 36.5% and 59.6% of patients, respectively. Post-treatment diffusion-
weighted imaging (DWI) yielded the highest predictive performance for both CR and OR. For the prediction of clinical 
CR, the SVM-RBF model achieved an area under the receiver operating characteristic curve (AUROC) of 0.817 using 
mid-treatment multi-sequence MRI and improved to 0.844 with post-treatment DWI. For OR, the LGBM model dem-
onstrated higher discriminative performance, with AUROCs of 0.887 at mid-treatment using multi-sequence imaging 
and 0.891 at post-treatment using DWI. Calibration analyses and precision–recall metrics supported the robustness 
of the best-performing models.

Conclusion  Delta-radiomics derived from longitudinal mpMRI enables accurate, non-invasive prediction of NAC 
response in MIBC, with mid-treatment imaging allowing early treatment adaptation during NAC and demonstrating 
potential clinical utility for personalized decision-making in bladder cancer.
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Introduction
As quantitative imaging improves, dynamic imaging 
biomarkers have attracted attention for their potential 
to improve clinical prediction [1, 2]. Delta-radiomics, 
which captures temporal changes in radiomic features, 
has emerged as a potent tool to predict response and 
survival across multiple cancers [3, 4]. Through analysis 
of serial imaging, delta-radiomics can detect response-
related changes earlier than conventional morphology 
[5].

Building on these advances, there is now grow-
ing interest in applying delta-radiomics to particular 
cancers, in which early treatment stratification could 
significantly influence patient outcomes [1, 5]. Muscle-
invasive bladder cancer (MIBC) treated with neoad-
juvant chemotherapy (NAC) represents a particularly 
compelling application. While NAC offers proven sur-
vival benefits, MIBC continues to pose therapeutic 
challenges due to the considerable variability in indi-
vidual treatment response [6, 7]. Identifying which 
patients will benefit from NAC remains a critical unmet 
need, as early prediction could guide personalized 
treatment, sparing non-responders from unnecessary 
toxicity and delays in definitive therapy [8].

Evidence shows that delta-radiomics often outper-
forms baseline-only radiomics, improving accuracy in 
treatment response prediction [3, 9, 10]. In breast can-
cer patients undergoing NAC, a delta-radiomics model 
built on sequential MRIs (pre-treatment and after the 
first cycle) predicted NAC response, outperforming 
pre-treatment radiomics or conventional imaging alone 
[9]. In another study on lung cancer patients, the delta-
radiomics model outperformed others in predicting 
treatment response, while the baseline radiomics signa-
tures showed no significant ability to predict treatment 
response or patient survival [3]. Recent systematic 
reviews further highlight its value for prognosis, toxic-
ity risk, and individualized decision-making, especially 
in MRI-based applications [1, 2].

Previous radiomics studies in MIBC patients treated 
with NAC have been limited to static, pre-treatment 
analyses [11–14]. However, since chemotherapy 
induces dynamic biological alterations, the trajectory of 
imaging features may be more informative than a single 
baseline snapshot. In this study, we assessed whether 
longitudinal changes from baseline in multiparamet-
ric MRI (mpMRI) radiomic features, measured at 
mid- and post-NAC timepoints, can reliably predict 
NAC response in patients with localized MIBC. This 
approach has the potential to refine clinical decision-
making by enabling earlier, more accurate identification 
of responders during the treatment course.

Materials and methods
Patient cohort and study design
From July 2019 to July 2021, we conducted a prospec-
tive cohort study in two tertiary medical centers in 
Tehran, Iran, involving consecutive male and female 
patients with MIBC at clinical stages T2–T4a who had 
previously undergone transurethral resection of blad-
der tumor (TURBT) and were eligible for platinum-
based NAC. Eligibility criteria also included adequate 
baseline bone marrow and hepatic function, as well 
as an ECOG performance status of 0–2. Patients with 
poor image quality that precluded reliable segmenta-
tion or feature extraction, prior pelvic radiotherapy, 
non-urothelial histology, and insufficient clinical or 
pathological data to define treatment response were 
excluded. The study protocol was approved by the eth-
ics committee of Shahid Beheshti University of Medical 
Sciences (IR.SBMU.UNRC.REC.1399.015). All partici-
pants provided written informed consent in accordance 
with the Declaration of Helsinki.

Figure  1 depicts the study pipeline, which consisted 
of four sequential steps: first, patient image acquisition 
followed by tumor segmentation; second, radiomics 
feature extraction and calculation of delta-radiomics 
between predefined time points; third, feature selec-
tion using the least absolute shrinkage and selection 
operator (LASSO) algorithm; and fourth, model devel-
opment and performance analysis with Support Vector 
Machine with RBF kernel (SVM-RBF), Random Forest 
(RF), and Light Gradient Boosting Machine (LGBM).

Treatment and imaging protocol
The details of the chemotherapy and imaging proto-
cols have been previously published [15]. Briefly, all 
participants received NAC with either Gemcitabine/
Cisplatin (Gem/Cis) or Gemcitabine/Carboplatin 
(Gem/Carbo) regimens, selected according to renal 
function, for up to four cycles. Multiparametric MRI 
(MP-MRI), including T2-weighted imaging (T2WI), 
diffusion-weighted imaging (DWI), and apparent diffu-
sion coefficient (ADC) mapping, was acquired at three 
time points (pre-, mid-, and post-NAC) following a VI-
RADS–based protocol. Dynamic contrast-enhanced 
T1-weighted imaging (DCE-T1WI) was performed 
exclusively in the pre-treatment setting. All MRI exam-
inations were performed using a 1.5 Tesla MRI machine 
(Magnetum Avanto, Siemens, Erlangen, Germany) with 
a pelvic phased array coil. Imaging parameters for dif-
ferent sequences are summarized in Table  1. Figure  2 
shows representative images at these three time points 
with and without the tumor segment.
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Tumor segmentation
Primary tumors were segmented at all three time points 
(baseline, mid-treatment, and post-treatment) by an 
abdominal radiologist with more than 10 years of experi-
ence, who was blinded to clinical and pathological out-
comes. Regions of interest (ROIs) were delineated on 
T2WI and DWI/ADC maps, beginning with the initial 
image demonstrating tumor presence and extending to 
the final image, using ITK-SNAP version 4.2.0 [16].

Feature extraction and delta‑radiomics calculation
Radiomic features were subsequently extracted with ViS-
ERA version 1.0.0 [17], an IBSI-compliant environment 

for radiomics analysis, under a standardized pipeline that 
included bias-field correction, resampling to isotropic 
voxels, intensity normalization, and fixed bin-width 
discretization. The resulting feature set encompassed 
first-order intensity/histogram descriptors (e.g., mean, 
median, percentiles, entropy, skewness, kurtosis), three-
dimensional shape and size metrics (e.g., volume, sur-
face area, compactness, sphericity), and texture families 
derived from gray-level co-occurrence, run-length, size-
zone, dependence, and neighborhood difference matrices 
(GLCM, GLRLM, GLSZM, GLDM, NGTDM).

Delta-radiomics were computed within-patient 
between timepoints. The absolute and relative deltas are 
defined as follows:

Fig. 1  Overview of the study pipeline. Step 1 involved MRI acquisition followed by tumor segmentation. Step 2 included feature extraction 
and delta-radiomics generation. Step 3 comprised LASSO-based feature selection, and Step 4 focused on building predictive models using 
SVM-RBF, RF, and LGBM

Table 1  MRI acquisition parameters for T2, DWI/ADC, and DCE fat-saturated T1 sequences

Abbreviations: NEX, number of excitations; FOV, field of view; TR, time of repetition; TE, time of echo; DCE, Dynamic Contrast-Enhanced

Sequence Slice thickness 
(mm)

Slice gap (mm) NEX FOV (cm) Matrix size TR (ms) TE (ms) b-value

T2WI 4 0.3 1 23 256 × 256 5000 80 –

DWI/ADC 4 0.3 10–15 27 128 × 109 4500 88 0-800-1000

T1WI 5 1 1 30 256 × 256 540 20 –

DCE-T1WI 2 0.3 1 30 256 × 214 3.2 1.2 –
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Here, FS,T denotes the value of radiomic feature F 
extracted from MRI sequence S at timepoint T; S ∈ {T2, 
DWI, ADC}; T ∈ {T0, T1, T2} with T0 = pre-treatment, 
T1 = on-treatment, and T2 = post-treatment. Ti and Tj 
(i ≠ j) indicate two distinct timepoints defining the direc-
tion of change, Ti → Tj. ΔFS (Ti → Tj) is within-patient 
absolute change, and ΔF%

S (Ti → Tj) is the corresponding 
relative change scaled by 100 [1].

Endpoints
All patients underwent cystoscopic evaluation four weeks 
after completing NAC. When indicated, targeted biopsy 
of the previous tumor site was performed. The primary 
endpoint, clinical complete response (CR), was defined as 
the absence of detectable primary tumor (T0), confirmed 
by cystoscopy, negative urine cytology, and the lack of 
residual disease on supportive imaging [18, 19]. The 
secondary endpoint was clinical overall response (OR), 
defined as downstaging to non-muscle-invasive disease 
(< cT2) on the same assessment [20, 21]. Restaging cys-
toscopy was performed by an independent, blinded urol-
ogist, and all patients with post-treatment cystoscopy 
were included in an available-case analysis.

Feature selection
To obtain an unbiased estimate of generalization per-
formance while performing feature selection and 

�Fs
(

Ti → Tj

)

= Fs,Tj − Fs,Ti

�F%
s

(

Ti → Tj

)

= 100 ·
Fs,Tj − Fs,Ti
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hyperparameter tuning, we employed nested stratified 
cross-validation. The outer loop consisted of 5 folds for 
performance estimation, and the inner loop consisted of 
3 folds for model selection. For each outer split, all fea-
ture selection and hyperparameter optimization were 
conducted exclusively within the inner cross-validation 
of the outer training set; the held-out outer test fold was 
used only once for final prediction. Predictions from all 
outer test folds were aggregated to generate out-of-fold 
(OOF) scores for each subject, and performance met-
rics were computed based on these OOF scores. Nested 
cross-validation is recommended because using the same 
data for model tuning and evaluation leads to optimis-
tically biased performance estimates, whereas nested 
cross-validation provides nearly unbiased error estimates 
[22].

We applied ℓ1-penalized logistic regression (LASSO) 
to induce sparsity and select a compact subset of predic-
tors. We used the lambda.1se rule as the primary penalty 
for parsimony; if no features were retained, we fell back 
to lambda.min. LASSO is a widely accepted approach for 
simultaneous regularization and feature selection, with 
efficient implementations via coordinate descent [23, 24].

Model development and validation
We retained numeric variables, imputed missing val-
ues by the median per feature, removed zero-variance 
predictors, and standardized features (z-scoring) using 
training-fold statistics only to avoid leakage. These steps 
were applied within each outer training split of cross-
validation. After feature selection, we trained and tuned 
three complementary classifiers by inner cross-validation 
(grid search), then refit them on the full outer-training 
data with the best inner configuration:

•	 RF bagged decision trees with random subspace sam-
pling; we tuned mtry and min.node.size (1000 trees; 
probabilistic output [25].

•	 SVM-RBF tuned penalty C and kernel width γ, with 
probabilistic outputs enabled [26].

•	 Gradient-Boosted Decision Trees (GBDT) imple-
mented as LGBM on our system. We tuned the 
learning rate, number of leaves (depth), minimum 
data in leaf, and feature fraction [27, 28].

Model performance assessment
Primary discrimination was assessed with the area under 
the receiver operating characteristic curve (AUROC) 
and 95% confidence intervals (95%CI) using DeLong’s 
method on OOF predictions [29]. Other complementary 
metrics, including sensitivity, specificity, accuracy, preci-
sion, and F1 score, were also computed.

Fig. 2  Representative ADC, DWI, and T2 images from a patient 
acquired at three longitudinal time points
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Model calibration was evaluated using the Brier score, 
calibration slope, and Expected Calibration Error (ECE) 
across probability bins. Clinical utility was assessed via 
Decision Curve Analysis (DCA) to compare net benefit 
against treat-all/treat-none strategies. Feature stability 
was quantified by selection frequency across cross-vali-
dation folds. All metrics used out-of-fold predictions to 
minimize bias.

Statistical analysis
All analyses were performed in R. glmnet was used for 
LASSO [23], ranger for RF [25], kernlab for SVM-RBF 
[26], and lightgbm for GBDT [27, 28]. Model perfor-
mance was assessed using pROC to compute AUROC 
values and DeLong CIs [29]. Stratified folds and fixed 
random seeds were applied consistently across all data 
splits and model training procedures.

Results
Patient cohort
The study cohort consisted of 52 patients with MIBC 
treated with NAC. Patient characteristics were reported 
previously by our group in a static radiomics study, in 
which pre-treatment MRI data were analyzed to predict 
clinical CR to NAC [11]. In pursuit of a dynamic imaging 
biomarker, the present study evaluated longitudinal MRI 
acquired at pre-, mid-, and post-treatment time points 
to predict clinical CR and OR. Clinical CR occurred in 
19 patients (36.5%), while 31 patients (59.6%) achieved 
OR. Detailed comparisons of clinical and pathologi-
cal variables between the CR and non-CR cohorts were 
previously reported in our study on static radiomics. 
Briefly, most patients across both groups presented with 
high-grade tumors (84.2% in the CR group vs. 87.9% in 
the non-CR group). Patients who achieved CR demon-
strated a significantly smaller mean baseline tumor vol-
ume (6.3 cm3) compared to those without CR (22.9 cm3). 
Furthermore, a higher proportion of patients in the CR 
group exhibited negative nodal status at baseline (63.2%) 
compared to the non-CR group (36.4%). However, chem-
otherapy regimen distribution was similar across groups.

Discriminative performance
Prediction of clinical CR
Figure  3 shows ROC curves for clinical CR prediction 
using mid- and post-treatment delta-radiomics derived 
from T2, DWI, ADC map, and their combination. Moreo-
ver, Fig. 4 indicates a heatmap summarizing the AUROC, 
specificity, sensitivity, accuracy, and F1 score for CR pre-
diction using mid- and post-treatment delta-radiomics 
across RF, SVM, and LGBM models. Delta-radiomics 
derived from mid-treatment mpMRI (ΔRadiomics-mid) 
provided clinically meaningful discrimination for CR, 

with the best performance achieved by SVM-RBF using 
multi-sequence features (AUROC 0.817, sensitivity 
0.850, specificity 0.719, accuracy 0.769, F1 0.739). RF and 
LGBM models trained on ΔRadiomics-mid showed mod-
erate AUROC values, depending on the sequence, with 
a tendency toward higher sensitivity but lower specific-
ity. It is worth noting that models based solely on T2WI 
demonstrated relatively lower AUROC values, ranging 
from 0.582 to 0.691. This indicates that mid-treatment 
changes are already informative for the early identifica-
tion of CR, but that classifier choice and regularization 
strongly influence operating characteristics.

Post-treatment delta-radiomics (ΔRadiomics-post) 
yielded comparable performance for CR prediction com-
pared with mid-treatment in most models. The best post-
treatment CR performance was observed for SVM-RBF 
using DWI features (AUROC 0.844, sensitivity 0.900, 
specificity 0.656, accuracy 0.750, F1 0.735), whereas 
T2-based models alone showed lower and more variable 
AUROC values (0.578–0.677). A comprehensive sum-
mary of performance metrics for CR prediction is shown 
in Supplementary File 1.

Prediction of clinical OR
Figures  5 and 6 depict ROC curves and a heatmap, 
respectively, summarizing clinical OR prediction perfor-
mance of mid- and post-treatment delta-radiomics (T2, 
DWI, ADC, and their combination) across RF, SVM, 
and LGBM models. For predicting OR, ΔRadiomics-mid 
models achieved high discrimination. The best mid-treat-
ment OR performance was obtained with LGBM trained 
on combined T2 + DWI + ADC features (AUROC 0.887, 
sensitivity 0.719, specificity 0.950, accuracy 0.808, F1 
0.821).

Post-treatment models for prediction of downstaging 
showed consistently robust performance across most 
sequences and classifiers. The highest OR discrimination 
was observed for LGBM using DWI features (AUROC 
0.891, sensitivity 1.000, specificity 0.719, accuracy 0.827, 
F1 0.836), indicating that diffusion-based delta features 
effectively capture treatment-related changes relevant 
to OR. A summary of the Complementary performance 
metrics for OR prediction is available in Supplementary 
File 2.

Detailed performance metrics obtained per fold across 
the cross-validation procedure are reported in Supple-
mentary Files 3 for CR and Supplementary Files 4 for OR. 
The nested cross-validation confirmed that performance 
estimates were stable across outer folds, particularly 
for the best-performing models, and there was no evi-
dence of extreme overfitting, despite the relatively small 
sample size. Overall, SVM-RBF consistently combined 
strong discrimination with lower log-loss, reflecting 
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both accurate classification and well-calibrated probabil-
ity outputs. RF was moderately stable, whereas LGBM 
often suffered from poor calibration, despite occasionally 
achieving high AUCs.

Calibration analysis
Calibration tables for CR and OR are provided in 
Supplementary Files 5 and 6, respectively. Overall, 
SVM-RBF and RF classifiers demonstrated generally 

Fig. 3  ROC curves of different models to predict CR by using ΔRadiomics-mid: a T2, b DWI, c ADC, and d T2 + DWI + ADC, and ΔRadiomics-post: e 
T2, f DWI, g ADC, and h T2 + DWI + ADC
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acceptable agreement between predicted and observed 
event rates across most probability bins, whereas 
LGBM tended to generate more extreme probability 
estimates, necessitating cautious threshold selection 
to balance sensitivity and specificity. Complementary 
calibration metrics, summarized in Supplementary 

Files 1 and 2, including calibration slopes, Brier score, 
and ECE, indicated that DWI-based and multisequence 
models achieved comparatively better calibration for 
both CR and OR in the best-performing SVM-RBF and 
RF models. In contrast, LGBM models showed less 
favourable calibration, characterized by lower slopes 
and higher Brier and ECE values.

AUC Specificity Sensitivity Accuracy F1 Score

∆R
ad

io
m
ic
s-
m
id

T2
RF 0.678 0.438 0.850 0.596 0.618

SVM 0.691 0.562 0.800 0.654 0.640

LGBM 0.582 0.625 0.650 0.635 0.578

DWI
RF 0.641 0.719 0.700 0.712 0.651

SVM 0.733 0.812 0.600 0.731 0.632

LGBM 0.617 0.656 0.750 0.692 0.652

ADC
RF 0.756 0.531 0.950 0.692 0.704

SVM 0.620 0.625 0.700 0.654 0.609

LGBM 0.812 0.656 0.900 0.750 0.735

ADC+DWI+T2
RF 0.697 0.531 0.900 0.673 0.679

SVM 0.817 0.719 0.850 0.769 0.739

LGBM 0.698 0.500 0.900 0.654 0.667

∆R
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m
ic
s-
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st

T2
RF 0.605 0.562 0.750 0.635 0.612

SVM 0.677 0.688 0.700 0.692 0.636

LGBM 0.578 0.406 0.900 0.596 0.632

DWI
RF 0.814 0.812 0.750 0.788 0.732

SVM 0.844 0.656 0.900 0.750 0.735

LGBM 0.820 0.625 0.950 0.750 0.745

ADC
RF 0.665 0.500 0.850 0.635 0.642

SVM 0.614 0.719 0.550 0.654 0.550

LGBM 0.662 0.562 0.750 0.635 0.612

ADC+DWI+T2
RF 0.609 0.750 0.650 0.712 0.634

SVM 0.652 0.688 0.600 0.654 0.571

LGBM 0.641 0.938 0.400 0.731 0.533

Fig. 4  Heatmap of performance metrics (AUC, specificity, sensitivity, accuracy, F1 Score) for CR prediction, using ΔRadiomics-mid 
and ΔRadiomics-post, across RF, SVM, and LGBM; darker colors indicate better performance
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Fig. 5  ROC curves of different models to predict OR by using ΔRadiomics-mid: a T2, b DWI, c ADC, and d T2 + DWI + ADC, and ΔRadiomics-post: e 
T2, f DWI, g ADC, and h T2 + DWI + ADC
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Clinical utility
DCAs evaluating the net clinical benefit across thresh-
old probabilities are presented in Supplementary Files 
7 and 8 for CR and OR, respectively. DCA plots dem-
onstrated superior net benefit for DWI-based mod-
els compared with treat-all and treat-none strategies. 

For CR prediction, ΔRadiomics-post DWI SVM-RBF 
yielded the highest net benefit. For OR prediction, 
both ΔRadiomics-post DWI LGBM and ΔRadiomics-
mid multisequence SVM-RBF achieved the maximum 
and comparable net benefit across clinically relevant 
threshold probabilities.

AUC Specificity Sensitivity Accuracy F1 Score

∆R
ad

io
m
ic
s-
m
id

T2
RF 0.770 0.900 0.562 0.692 0.692

SVM 0.798 1.000 0.594 0.750 0.745

LGBM 0.792 0.750 0.750 0.750 0.787

DWI
RF 0.561 0.300 0.875 0.654 0.757

SVM 0.758 0.800 0.719 0.750 0.780

LGBM 0.562 0.900 0.344 0.558 0.489

ADC
RF 0.716 0.800 0.688 0.731 0.759

SVM 0.769 0.750 0.781 0.769 0.806

LGBM 0.695 0.950 0.375 0.596 0.533

ADC+DWI+T2
RF 0.853 0.950 0.719 0.808 0.821

SVM 0.870 0.950 0.750 0.827 0.842

LGBM 0.887 0.950 0.719 0.808 0.821

∆R
ad

io
m
ic
s-
po

st

T2
RF 0.777 0.750 0.812 0.788 0.825

SVM 0.708 0.600 0.875 0.769 0.824

LGBM 0.728 0.600 0.875 0.769 0.824

DWI
RF 0.844 0.950 0.688 0.788 0.800

SVM 0.870 0.950 0.656 0.769 0.778

LGBM 0.891 1.000 0.719 0.827 0.836

ADC
RF 0.465 0.550 0.281 0.385 0.360

SVM 0.672 0.700 0.781 0.750 0.794

LGBM 0.513 0.200 0.906 0.635 0.753

ADC+DWI+T2
RF 0.783 0.750 0.719 0.731 0.767

SVM 0.819 0.750 0.844 0.808 0.844

LGBM 0.848 0.800 0.812 0.808 0.839

Fig. 6  Heatmap of performance metrics (AUC, specificity, sensitivity, accuracy, F1 Score) for OR prediction, using ΔRadiomics-mid 
and ΔRadiomics-post, across RF, SVM, and LGBM; darker colors indicate better performance
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Feature selection stability
The stability of selected radiomic features across cross-
validation folds is summarized in Supplementary File 9 
for CR and Supplementary File 10 for OR. LASSO fea-
ture stability identified gray-level dependence (ngld-
centr3DT2/DWI 80–100% selection rate) and texture 
features (szmglvar3DDWI, dzmzperc3DDWI 60–100%) 
from DWI/ADC as the most robust predictors across 
folds.

Taken together, the key performance characteristics 
of the best-performing models for CR and OR are sum-
marized in Table 2. For each outcome, the optimal imag-
ing timing, MRI modality, and machine-learning model 
are shown in the Table. Discrimination is reported as 
AUROC with 95% CI, calibration is assessed using the 
Brier score, and clinical utility is evaluated using DCA. 
The most stable radiomic features across cross-validation 
folds and the primary interpretative focus of each model 
are also summarized.

Discussion
This prospective study demonstrated that MRI-based 
delta-radiomics derived from longitudinal mpMRI can 
predict both clinical CR and OR to NAC in patients with 
MIBC with good discriminative performance and clini-
cally meaningful calibration. By incorporating temporal 
changes in radiomic features acquired during and after 
treatment, the proposed models move beyond static 
baseline characterization and provide a dynamic assess-
ment of tumor response that more closely reflects treat-
ment-induced biological alterations.

Comparison with previous studies
This delta-radiomics study extends and refines findings 
from the group’s prior static radiomics work in the same 
MIBC cohort [11]. In that earlier analysis, baseline radi-
omic signatures achieved reasonable discrimination for 
clinical CR prediction but were intrinsically limited to 
a static snapshot of tumor biology, whereas the current 
longitudinal framework incorporates temporal changes 

that more directly reflect treatment-induced alterations. 
This modest but consistent gain aligns with prior studies 
in other tumor types, in which early longitudinal changes 
in texture and signal intensity have been associated with 
enhanced prediction of treatment response and survival 
[3, 9, 10]. In lung cancer patients treated with immune 
checkpoint inhibitors, Cousin et  al. (2023) [3] showed 
that delta-radiomics signatures derived from serial CT 
scans outperformed baseline radiomics for both response 
prediction and survival stratification, while static sig-
natures alone had limited prognostic value. Also, delta-
radiomics studies in breast cancer and high-grade glioma 
further support this dynamic approach. Guo et al. (2022) 
[9] demonstrated that DCE-MRI–based delta-radiomics 
after the first cycle of NAC predicted pathologic com-
plete response in breast cancer more accurately than pre-
treatment features or morphology alone, emphasizing 
the clinical utility of early on-treatment imaging. More-
over, in rare high-grade glioma, Ahrari et al. (2024) [10] 
showed that PET-based delta-radiomics features were 
independently associated with progression-free survival, 
highlighting that dynamic functional imaging changes 
can carry prognostic information beyond baseline tumor 
phenotype.

Possible biological rationale
A key finding of this study is that DWI-based delta-radi-
omics outperformed T2WI for CR prediction, consistent 
with the results observed in our static radiomics analysis 
[11]. Delta features extracted from DWI achieved higher 
AUROC values and more stable performance across 
classifiers for both CR and OR. This observation is bio-
logically plausible, as diffusion-weighted MRI is sensi-
tive to changes in cellular density, membrane integrity, 
and extracellular space that occur in response to effec-
tive chemotherapy. Tumor cell death, necrosis, and stro-
mal remodeling result in altered water diffusivity and 
increased intratumoral heterogeneity, which are more 
accurately captured by texture-based radiomic features 
than by simple intensity metrics [30]. In contrast, T2WI 

Table 2  Summary of optimal modeling characteristics for response prediction

Domain Complete response (CR) Overall response (OR)

Best-performing timing Post-treatment Post-treatment

Best-performing modality DWI DWI

Top-performing model SVM-RBF (Post-treatment DWI) LGBM (Post-treatment DWI)

Discrimination (AUROC) 0.844 (95% CI: 0.737–0.951) 0.891 (95% CI: 0.805–0.976)

Best calibration (Brier score) 0.169; SVM-RBF (Post-treatment DWI) 0.146; SVM-RBF (Mid-treatment multisequence)

Highest net benefit (DCA) SVM-RBF (Post-treatment DWI) LGBM (Post-treatment DWI), SVM-RBF (Mid-treatment multisequence)

Most stable features ngldcentr3D (DWI/T2), szmglvar3D (DWI), 
dzmzperc3D (DWI)

ngldcentr3D (ADC/DWI) texture heterogeneity features

Interpretative focus Conservative, well-calibrated identification 
of complete responders

Early, high-discrimination stratification of treatment response
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primarily reflects gross morphology and edema, which 
may lag behind true biological response or be influenced 
by non-specific treatment-related changes, thereby lim-
iting its predictive specificity compared to DWI in the 
delta-radiomics setting [31].

The repeated selection and high stability of texture fea-
tures derived from gray-level dependence and size-zone 
matrices further support the importance of spatial het-
erogeneity in characterizing treatment response [32–34]. 
These features probably reflect evolving microstructural 
organization within the tumor under chemotherapeu-
tic pressure, capturing patterns of partial response and 
resistant subclones that are not discernible through con-
ventional size-based or mean signal measurements [34, 
35]. The robustness of these features across cross-valida-
tion folds strengthens confidence in their biological rel-
evance and reproducibility [36].

Clinical point of view
From a clinical perspective, the ability of mid-treatment 
delta-radiomics to predict response is particularly note-
worthy [1]. Accurate risk stratification during NAC offers 
a potential window for treatment adaptation, allowing 
early identification of non-responders who may benefit 
from alternative systemic therapy, treatment intensifica-
tion, or expedited definitive local management [6]. This 
is especially relevant in MIBC, where delays in radical 
cystectomy following ineffective NAC have been asso-
ciated with adverse survival outcomes [8]. In contrast, 
post-treatment models, while informative, are inherently 
less actionable, as therapeutic decisions are largely com-
pleted by that stage. Therefore, the strong performance 
of mid-treatment models highlights the potential role 
of delta-radiomics as an early decision-support tool in 
response-adapted treatment strategies.

Strengths, limitations, and recommendations
An important methodological strength of this study is the 
comprehensive evaluation of model performance beyond 
discrimination alone. In addition to AUROC, we assessed 
calibration and clinical utility. These complementary 
metrics are critical for translational relevance. SVM-RBF 
models consistently demonstrated better calibration and 
lower Brier scores, indicating more reliable probability 
estimates. In contrast, LGBM models, despite achieving 
high AUROC values for OR prediction, tended to pro-
duce more extreme probabilities. This distinction is clini-
cally meaningful, as well-calibrated models are essential 
for probability-based decision thresholds in individual-
ized patient management [37].

Several limitations should be acknowledged. First, the 
relatively small sample size limits statistical power and 

generalizability, although the use of nested cross-vali-
dation and out-of-fold predictions mitigates optimistic 
bias in performance estimation. External validation in 
larger, multicenter cohorts with heterogeneous imaging 
protocols is necessary before clinical implementation. 
Second, tumor segmentation was performed manually, 
which may introduce interobserver variability and limit 
scalability. Future studies should explore automated or 
semi-automated segmentation approaches to improve 
reproducibility and workflow efficiency. Third, longitudi-
nal DCE-T1WI was not available in our study, precluding 
evaluation of delta-radiomics from contrast-enhanced 
sequences, which demonstrated strong predictive value 
in prior baseline analyses. Incorporation of DCE-T1WI at 
multiple time points may further enhance predictive per-
formance. Finally, while the present analysis focused on 
longitudinal variables, combining delta-radiomics with 
clinical parameters, pathological features, and molecu-
lar or genomic biomarkers in future studies could enable 
the development of more comprehensive and biologically 
informed predictive models.

Conclusion
This study provides prospective evidence that MRI-based 
delta-radiomics can serve as a non-invasive, dynamic 
biomarker for predicting response to NAC in MIBC. Dif-
fusion-based delta features, particularly when analyzed 
with appropriately calibrated machine-learning models, 
offer promising performance for both early and post-
treatment response assessment. With further validation 
and integration into multimodal predictive frameworks, 
delta-radiomics has the potential to support personal-
ized, response-adapted management strategies in bladder 
cancer.
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