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Abstract

Background
Whether fixed pretreatment MRI signal summaries improve pathological complete response probability
prediction beyond age and receptor status was examined across two trial cohorts. External probability
accuracy and the stability of individual predictions were assessed to inform the requirements for treatment-
response communication.

Methods
Models were developed retrospectively using public, deidentified I-SPY2 data and evaluated externally using
I-SPY1 data. Twelve baseline dynamic contrast-enhanced MRI summaries were combined with age, hormone
receptor status and HER2 status. Clinical, MRI and fusion models were fitted by penalized logistic regression
with nested five-fold cross-validation. All pipelines were frozen before external prediction. The paired external
Brier score difference, clinical minus fusion, was estimated with a 95% interval from 2000 patient bootstrap
resamples conditional on the fitted models. Discrimination, calibration and conventional MRI comparisons
were assessed. Development and external patients were independently resampled in a further 1000
replicates, with preprocessing, tuning and fitting repeated.

Results
Models were developed in 982 patients with 316 complete responses. External evaluation was performed in
166 patients with 48 responses after five missing original outcomes and one prespecified phase-annotation
discrepancy were excluded. Internal Brier scores of 0.20143 and 0.19975 were obtained for clinical and
fusion models, respectively. Corresponding external scores of 0.17543 and 0.18454 were obtained, with a
difference of − 0.00911 (95% interval − 0.02087 to 0.00218). External areas under the receiver operating
characteristic curve were 0.773 for clinical, 0.528 for MRI and 0.707 for fusion models. Mean predicted
response probabilities exceeded the observed 28.9% frequency. With repeated development, the median
external Brier difference was − 0.01598 (95% interval − 0.07367 to 0.00646). Mean absolute prediction
changes were 3.1, 8.4 and 7.3 percentage points for clinical, MRI and fusion models.

Conclusions
Improved external response probability prediction was not established after these fixed pretreatment MRI
summaries were added. The MRI increment should be assessed against clinical and conventional imaging
comparators, with calibration and uncertainty reported before treatment-response communication is
considered. Neither equivalence nor clinical utility was established.

Background
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Treatment response can be assessed before surgery during neoadjuvant therapy, and the extent of local
treatment may be reduced. Its use is informed by tumour stage, grade and receptor status [1]. Pathological
complete response (pCR) is associated with favourable subsequent outcomes, particularly in triple-negative
and HER2-positive disease [2, 3, 4]. A pretreatment estimate of pCR could therefore inform discussions of
expected response, provided that the probability is sufficiently accurate for the population and treatment
setting in which it is communicated.

The primary research question was whether pCR probabilities could be predicted more accurately in a
separate trial cohort when 12 fixed pretreatment dynamic contrast-enhanced (DCE) MRI signal summaries
were added to age and receptor status. The clinical comparator comprised age, hormone receptor (HR)
status and human epidermal growth factor receptor 2 (HER2) status. The question was evaluated through
the paired external Brier score difference between clinical and fusion models. Development was undertaken
in I-SPY2, followed by evaluation of frozen predictions in I-SPY1. The intended application was pretreatment
response communication; effects of choosing one regimen over another were not estimated.

Tumour extent and enhancement can be characterized by breast MRI to complement clinical assessment.
The predictive relevance of MRI measurements and their changes during therapy has been investigated in the
I-SPY studies [5, 6]. For pretreatment prediction, intratumoral and peritumoral texture, extensive image-
feature sets and multiparametric MRI have been evaluated using different validation designs [7, 8, 9]. These
designs matter when an imaging increment is interpreted: performance in a held-out sample from one
institution does not establish performance in a different clinical population.

In recent multimodal studies, MRI and clinical representations have been integrated in pooled cohorts [10],
clinical information has been combined with digital pathology and molecular profiles [11], and MRI has been
combined with biopsy whole-slide images and clinical variables [12]. Predictions have also been updated as
information becomes available during therapy [13]. These studies support further investigation of
complementary data, but their findings depend on the modalities, prediction time and patients included. A
compact baseline MRI representation should be assessed on its own merits, with direct comparison against
the same clinical information in the same patients.

For response communication, discrimination alone is insufficient. The area under the receiver operating
characteristic curve (AUROC) measures ranking, whereas calibration concerns agreement between predicted
probabilities and observed frequencies; both are relevant to overall probability error [14, 15]. External
performance may change with the distribution of patient characteristics, treatment practice and
measurement conditions [16, 17, 18]. Internal and external validation consequently address different
questions [19]. In addition, a probability assigned to an individual may vary when the model is developed
again in another sample from the same population [20].

These issues can be examined across established breast cancer cohorts using public imaging resources [21,
22, 23]. Alongside the primary external comparison, calibration, recorded treatment, receptor subgroups and
conventional MRI measurements were assessed. Uncertainty from repeated model development and the
stability of individual predictions were examined in a subsequent analysis. The study was designed to
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estimate the added value of a defined MRI representation, without assuming that multimodal fusion would
improve prediction.

Methods

Study design and prediction setting
A retrospective secondary analysis of public, deidentified data was performed without new recruitment or
participant contact. The prediction time was defined as after the treatment plan was known and before the
first dose; the outcome was pCR at surgery. The potential application was discussion of expected response
between clinicians and patients. The models were evaluated as research tools, without a counselling
intervention or clinical deployment.

The statistical analysis plan was recorded locally on 13 September 2026 before the first model fit. The
conventional MRI comparison was added after the initial clinical benchmark and before any MRI outcome
model was fitted. These dated project specifications were not publicly preregistered. Two technical
corrections were documented before the primary MRI fits, and model objects and checksums were frozen
before external prediction. Reporting was guided by TRIPOD + AI, with limitations assessed against
PROBAST + AI [24, 25]. Detailed methods and results are provided in Additional file 1. The original protocol,
source audit, executable code and analysis inputs are provided in Additional file 2; records and code for the
repeated-development analysis are provided in Additional file 3.

Data sources and populations
Original clinical and outcome workbooks were obtained from The Cancer Imaging Archive (TCIA), and
baseline image derivatives were obtained from BreastDCEDL, Zenodo release 18114231, with versioned
GitHub metadata [26, 27, 28, 29, 30]. These resources were selected for public access, linked outcomes and
separate trial populations. The 982 I-SPY2 participants in the derivative image release were considered for
development. ACRIN 6698 records were drawn from the I-SPY2 population and were not counted as a
separate external cohort. Images from 172 I-SPY1 participants were available in the release. I-SPY1 was
excluded from supervised fitting, feature selection, tuning and recalibration.

Women with high-risk or locally advanced breast cancer were enrolled in the parent studies in specialist,
multicentre settings. I-SPY1 recruitment was undertaken between May 2002 and March 2006; recruitment
between May 2010 and November 2016 was described in the published I-SPY2 imaging analysis [5, 6].
Several investigational treatment combinations are evaluated within the adaptive I-SPY2 platform [31]. Exact
accrual dates and site membership for the derivative subsets were not verified. Individual treatment and
surgery dates were not used to define a fixed calendar prediction horizon. Because participating institutions
may overlap between trials, the evaluation was interpreted as separate-trial transport rather than
geographical independence. Sample sizes were determined by eligible public records; no prospective
precision-based sample-size calculation was performed. Limited external precision was retained as a study
limitation [32, 33].
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Outcome and eligibility
The binary endpoint was source-recorded pCR after neoadjuvant treatment, defined in the I-SPY reports as no
residual invasive disease in the breast and regional nodes [3, 6]. Outcomes and receptor labels were obtained
from the original clinical workbooks. Missing pCR was not inferred from survival, recurrence, residual size or
derivative coding. Outcome assessment was performed in the original studies; pathology slides, assessor
characteristics and patient-level assessment blinding were unavailable for this reanalysis.

Image sets were considered eligible if unique clinical linkage, an observed binary endpoint, three readable
contrast-phase arrays, a compatible nonempty tumour mask, finite values and usable positive precontrast
tumour signal were available. All three phases were obtained from one baseline examination. One I-SPY1
record with a documented phase-index discrepancy was excluded from the primary analysis and included
under the specified alternative mapping in a sensitivity analysis. Clinical and fusion models were compared
in exactly the same patients.

Technical checks were performed without outcome columns. Stored I-SPY2 arrays were reconciled with
metadata dimension fields, without changes to phase indices, patient identifiers or voxels. Both binary mask
encodings, 0/1 and 0/255, were accepted with identical nonzero foreground interpretation. Cohort inclusion
was determined by a fixed identifier whitelist rather than filename cohort tokens. Segmentation, motion and
physiological contrast timing were not independently assessed by these numerical checks. The supplied
masks were not reannotated or reviewed by a breast radiologist for this study. Image quality assessment and
measurement reproducibility are emphasized in imaging biomarker guidance, and these unassessed
components were retained as limitations [34]. Full corrections and source checksums are provided in
Additional files 1 and 2.

Predictors and preprocessing
Age, hormone receptor (HR) status, HER2 status and the HR-by-HER2 interaction were included in the clinical
model. Age was represented by a cubic B-spline with four training-sample quantile knots and linear
extrapolation. Missing age and receptor values were imputed with training-fold medians and modes. Age
spline outputs were standardized within the training fold. Stage and grade were not included because
harmonized inputs had not been verified; the comparator was therefore restricted to limited common
information rather than a full clinical assessment.

Source receptor categories were retained without imposing new staining thresholds. Differences between the
original I-SPY1 and I-SPY2 HR definitions are described in the derivative publication [23]. In the I-SPY1
dictionary, pretreatment receptor fields include an updated HER2 field containing central results when
community results were absent. The resulting historical labels may differ from the information available at
the intended consultation.

MRI features were fixed before outcome modelling. Within each supplied tumour mask, precontrast signal
was normalized to the median of its strictly positive values. Early enhancement, late enhancement and
delayed signal change were calculated using the larger of absolute precontrast signal and one tenth of that
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median as the voxelwise denominator. Nine features were obtained from the 10th, 50th and 90th percentiles
of these three arrays. Two features were obtained from the 10th and 90th percentiles of normalized
precontrast signal; the fraction of voxels with late signal below early signal was included as the remaining
feature. An inverse hyperbolic sine transformation was applied to the first 11 features; all 12 were
standardized within training folds. Formulas are given in Additional file 1.

Signal distributions were summarized without spatial texture, physical tumour volume or pharmacokinetic
fitting. Placeholder unit affines in the derivative headers were not treated as physical geometry. The
representation was not claimed to be an Image Biomarker Standardization Initiative radiomics
implementation [35]. No outcome-guided feature screening or response-supervised pretrained model was
used. Class weighting and synthetic oversampling were not applied. This approach retained the observed
outcome distribution for probability estimation; oversampling and related imbalance corrections can distort
the calibration of logistic risk models [36].

Model development and evaluation
Clinical, MRI-only and concatenated fusion models were fitted by L2-penalized logistic regression with the
same tuning budget. Use of a common estimator allowed the contribution of the additional inputs to be
compared without changing the learning method. More complex algorithms have not consistently
outperformed logistic regression in clinical prediction studies [37]. Candidate inverse penalties of 0.01, 0.1, 1,
10 and 100 were compared by mean validation Brier score. The value with the lowest score was selected,
with stronger regularization preferred in exact ties.

Five outer stratified patient folds were used for internal evaluation, with five inner folds within each outer
training sample. Preprocessing was fitted within the corresponding training partition. Common folds were
used across models, and one outer-fold prediction was obtained for each participant from a model fitted
without that participant. Tuning was separated from performance assessment by nested validation [38]. This
separation is particularly relevant to imaging studies, in which feature selection outside validation has been
shown to produce optimistic estimates [39]. The split seed was 20260913, with inner seeds increased by
outer fold number. A final penalty was selected using development-only five-fold cross-validation, after which
each model was fitted to all eligible development data and frozen. External probabilities were generated
directly from the saved pipelines.

The primary estimand was defined as Brier(clinical) minus Brier(fusion) in the external cohort; positive values
favour fusion. A two-sided 95% percentile interval was estimated from 2000 paired patient bootstrap
resamples, with seed 20260914. The pairing of outcomes and both predictions was preserved during
resampling. The interval was conditioned on the fitted models; development-sample uncertainty and
unidentified site clustering were not incorporated. No clinically important Brier difference was prespecified,
and an interval spanning zero was not interpreted as equivalence.

AUROC, average precision, log loss, calibration-in-the-large and calibration slope were assessed as
secondary metrics [14, 15]. Average precision summarized the precision–recall relationship and was
interpreted alongside the event frequency, on which precision depends [40]. It was not calculated as
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trapezoidal precision–recall area. Calibration-in-the-large was estimated with prediction log odds as a logistic
offset; calibration slope was estimated by logistic regression with a freely estimated intercept. Probabilities
were clipped to [0.000001, 0.999999] only for logarithmic calculations. Predictions were not updated by
diagnostic calibration regressions. Descriptive external intervals were estimated from 2000 patient
resamples of fixed predictions; failed diagnostic fits were recorded. Internal metrics and secondary intervals
were reported descriptively, without multiplicity-adjusted inference.

For calibration plots, predictions were divided into five approximately equal-sized groups, with ties retained.
Mean predicted probability, observed frequency, Wilson intervals and prediction distributions were displayed.
The intervals described uncertainty in grouped frequencies, not in individual true probabilities. No
classification threshold was selected. Decision-curve analysis requires a clinical action and threshold
probabilities that reflect the relative consequences of false predictions [41]. These were not specified for the
communication setting, so decision curves were not estimated.

Development and prediction stability
An additional analysis was specified after the original external results had been inspected to assess
uncertainty from the final model-development procedure [20]. In each of 1000 replicates, 982 development
patients and 166 external patients were sampled independently with replacement. Identical development and
external draws were used for all three models. Distinct sampled development patients were stratified by
outcome into five tuning folds; every duplicate copy was assigned to the same fold. Bootstrap multiplicity
was retained in training and validation. Imputation, age spline knots, scaling, five-candidate penalty selection
and final fitting were repeated using development observations only. External labels were used solely for
evaluation. The resample count and procedure were fixed before the complete run.

The Brier contrast was computed within each paired external resample and summarized by its median and
central 95% percentile interval. The original frozen-model comparison was retained. For prediction stability,
all 166 original external patients were held fixed while probabilities from the 1000 refitted models were
compared. The mean absolute change from each original prediction was averaged across replicates and
patients. For each patient, the 2.5th–97.5th percentile prediction range was calculated; range widths and
penalty-selection frequencies were summarized. These ranges were interpreted as stability measures, not
confidence intervals for an individual's true response probability [20]. The final development procedure was
repeated, but the outer internal assessment and fixed image extraction were not rerun. Site clustering and
imaging measurement error were not incorporated.

Treatment and sensitivity analyses
All recorded neoadjuvant treatment groups were retained in the main development cohort. Their pCR
frequencies were described without estimating comparative treatment effects. The recorded Arm field was
added to clinical and fusion models in I-SPY2-only analyses; an equivalent participant-level field was not
verified in I-SPY1. The external predictions were consequently evaluated across the observed treatment mix,
and regimen-specific accuracy was not established. Baseline MRI was acquired before I-SPY2 allocation;
analyses including Arm were framed at the subsequent pretreatment time when allocation was known.
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Restriction to recorded paclitaxel with or without trastuzumab, external complete-receptor cases and the
alternative phase mapping was assessed in prespecified analyses. HR/HER2 subgroup AUROC was reported
only with at least 30 patients and at least five events and five nonevents. Adequate subgroup precision was
not established by this reporting rule. Sociodemographic fairness and site-level performance were not
evaluated because suitable harmonized fields were not verified. No patient or public partners were involved
in this secondary research.

Conventional MRI comparison
Four conventional baseline MRI measurements were obtained from a TCIA workbook for 384 linked I-SPY2
patients: longest diameter, functional tumour volume, sphericity and background parenchymal enhancement
[6, 42]. Clinical, clinical-plus-diameter, clinical-plus-four-measurement, MRI-signal and signal-fusion models
were evaluated on the same subset and folds. Volume was transformed as log(1 + volume), and
measurements were standardized within training folds. Postbaseline measurements and changes were
excluded as predictors.

The source subset had been selected for complete longitudinal measurements. Response-related selection
could therefore remain even though only baseline predictors were used. Diameter units and measurement
extent were not verified as equivalent across trials, and the comparator was not evaluated externally. The
longitudinal combined model in the source study addressed a later prediction time [6].

Software and research assistance
Analyses were performed using Python 3.12.14, NumPy 2.3.5, pandas 2.2.3, SciPy 1.17.0 and scikit-learn
1.8.0. Executable pipelines, fitted parameters, inputs, predictions and verification code are provided in
Additional files 2 and 3. OpenAI ChatGPT/Codex was used to assist with study planning, public-source
retrieval, code development and execution, results checking, and manuscript drafting and editing during
September 2026. Patient observations and fitted model results were obtained from the cited data and
executed statistical code; no synthetic research findings were generated. Responsibility for the scientific
content and use of these tools is retained by Tianyi Yu.

Results

Participant flow and source checks
All 982 development image records were linked uniquely to the original clinical table, and 316 pCR events
were identified (32.2%). Among 172 external image records, original pCR values were missing for five despite
negative derivative labels, and the prespecified phase discrepancy was identified in one additional record.
The primary external cohort was therefore restricted to 166 patients with 48 events (28.9%; Fig. 1 and
Table 1). The five missing outcomes were excluded from every analysis. Missing age was recorded for three
development patients, and at least one receptor field was missing for five external patients.
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Table 1
Characteristics of development and external populations

Characteristic I-SPY2 development I-SPY1 external

Participants 982 166

pCR, n (%) 316 (32.2) 48 (28.9)

Age, median (IQR), years 49.0 (41.0–56.0) 48.7 (41.8–54.1)

Missing age, n 3 0

HR− / HER2−, n 359 42

HR− / HER2+, n 87 29

HR+ / HER2−, n 381 66

HR+ / HER2+, n 155 24

Any missing receptor, n 0 5

Five external patients with incomplete receptor information are excluded from receptor-combination counts.
IQR, interquartile range. Values are reported before imputation.

Across eligible image sets, 12 finite features were obtained per patient. In 980 of 982 development records,
two to four margin slices beyond the positive-mask extent described in metadata were identified in the stored
arrays. Two masks were encoded as 0/255. A further 515 image files bearing I-SPY1 identifiers were
identified in the development archive; all were excluded from model development by the fixed whitelist. These
findings were resolved through source and technical checks before primary MRI fitting. Corrections were not
selected according to predictive performance.

Internal and external performance
In internal evaluation, Brier scores were 0.20143 for the clinical model and 0.19975 for fusion, with
corresponding AUROCs of 0.647 and 0.680 (Table 2). For MRI alone, an AUROC of 0.566 was estimated.
Internal performance was numerically better after recorded Arm was added. Final inverse penalties of 0.1, 1
and 0.1 were selected for clinical, MRI and fusion models, respectively.

Table 2
Nested internal performance in the full development cohort

Model AUROC Brier score Average precision

Clinical 0.647 0.20143 0.444

MRI signal 0.566 0.21615 0.378

Clinical + MRI signal 0.680 0.19975 0.479

Clinical + Arm 0.687 0.19755 0.500

Clinical + MRI signal + Arm 0.699 0.19468 0.519
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I-SPY2: 982 patients, 316 pCR events. Five outer and five inner folds were used with common partitions.
Lower probability error is indicated by lower Brier values. The recorded treatment-combination field is
denoted by Arm. Estimates are reported descriptively; treatment effects were not identified.

In external evaluation, Brier scores were 0.17543 for the clinical model and 0.18454 for fusion. The primary
paired difference was − 0.00911 (95% interval − 0.02087 to 0.00218), without an established improvement
from fusion. External AUROCs were 0.773, 0.528 and 0.707 for clinical, MRI and fusion models, respectively
(Table 3).

Table 3
External performance of frozen models

Metric Clinical MRI signal Fusion

Brier score 0.17543 (0.15264 to
0.20120)

0.21918 (0.19085 to
0.25001)

0.18454 (0.15896 to
0.21284)

AUROC 0.773 (0.696 to 0.845) 0.528 (0.426 to 0.629) 0.707 (0.616 to 0.792)

Average precision 0.546 (0.425 to 0.710) 0.348 (0.252 to 0.497) 0.537 (0.408 to 0.673)

Calibration-in-the-
large

-0.236 (-0.585 to 0.086) -0.330 (-0.723 to 0.022) -0.297 (-0.665 to 0.040)

Calibration slope 1.652 (1.076 to 2.456) 0.138 (-0.397 to 0.820) 1.079 (0.614 to 1.629)

I-SPY1: 166 patients, 48 pCR events. Descriptive 95% bootstrap intervals conditional on fixed predictions are
shown in parentheses. The MRI calibration-slope interval was estimated from 1999 valid replicates after one
diagnostic fit failed; 2000 were used for other intervals. Development-sample uncertainty and site clustering
were not incorporated. Calibration targets are zero for calibration-in-the-large and one for slope.

Mean probabilities of 33.6%, 35.6% and 34.6% were predicted by clinical, MRI and fusion models, respectively,
exceeding the observed 28.9% frequency. Calibration-in-the-large was estimated as − 0.236, − 0.330 and − 
0.297, with slopes of 1.652, 0.138 and 1.079. Grouped agreement and prediction distributions are shown in
Fig. 2. Overall overprediction was observed for fusion despite a slope near one. Calibration intervals were
wide. After one MRI slope fit failed among 2000 bootstrap samples, its interval was estimated from 1999
valid fits. Complete external metric intervals are provided in Additional file 1.

Sensitivity and conventional MRI analyses
After external patients with incomplete receptor fields were excluded, 161 patients with 46 events were
retained; the paired difference was estimated as − 0.01077 (95% interval − 0.02233 to 0.00050). After the
phase-flagged patient was included under the specified mapping, 167 patients with 49 events were
evaluated, and a difference of − 0.00828 (− 0.02047 to 0.00303) was obtained. Similar paired differences
were observed in both sensitivity analyses and the primary analysis (Fig. 3).

The conventional MRI analysis was performed in 384 patients with 113 source-recorded events. Internal Brier
scores of 0.19379, 0.18857, 0.19252 and 0.19657 were obtained for clinical, clinical-plus-diameter, clinical-
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plus-four-conventional-measurement and signal-fusion models, respectively. Corresponding AUROCs were
0.642, 0.675, 0.666 and 0.666. An external imaging benefit was not established by these selected-subset
findings. In the corresponding published cohort, 114 events were reported [6]; an unresolved one-event
difference was identified within the triple-negative group. The acquired original labels were retained without
alteration.

The paclitaxel-with-or-without-trastuzumab analysis was performed in 209 patients with 39 events. Internal
AUROCs of 0.381, 0.497 and 0.429 were obtained for clinical, MRI and fusion models, respectively, with Brier
scores of 0.15360, 0.15269 and 0.15408. The strongest candidate penalty was selected in all 15 outer-fold
fits. Interpretation of this subset was limited by weak ranking and unstable calibration. Heterogeneous
performance was observed across external receptor subgroups; among 42 HR-negative/HER2-negative
patients, an AUROC of 0.199 was obtained for fusion, compared with 0.681 for the clinical model. These
small subgroup estimates were reported descriptively. Treatment frequencies, subgroup results and
complete sensitivity metrics are provided in Additional file 1.

Development and prediction stability
All 1000 planned resampling replicates were completed. In total, 3000 final pipelines were refitted after
75000 tuning fits; no failed replicates or model-fitting warnings were recorded. Patient separation was
verified in all 5000 tuning partitions. A median paired external Brier difference of − 0.01598 was obtained,
with a 95% two-sample bootstrap interval from − 0.07367 to 0.00646 (Fig. 4A). The interval was wider than
the original interval conditional on frozen models. Positive contrasts were observed in 10.1% of replicates;
this fraction was reported descriptively and was not interpreted as a posterior probability or confirmatory p
value.

Mean absolute changes from the original external probabilities were 3.1, 8.4 and 7.3 percentage points for
clinical, MRI and fusion models, respectively. Median patient-level 95% stability-range widths were 12.9, 28.8
and 29.3 percentage points (Table 4; Fig. 4C–E). Variation in selected penalties was also observed (Fig. 4B).
These estimates were obtained without using external outcomes for recalibration or model selection.

Table 4
Prediction stability across repeated model development

Model Brier median (95% range) Mean absolute change, pp Median range width (IQR), pp

Clinical 0.17587 (0.17195–0.18147) 3.1 12.9 (10.6–16.9)

MRI signal 0.22000 (0.20320–0.27971) 8.4 28.8 (16.3–49.6)

Fusion 0.19037 (0.17615–0.24993) 7.3 29.3 (19.5–48.1)

All 166 original external patients were held fixed while 1000 development samples were drawn and all
models were retuned and refitted. The Brier range summarizes variation across development resamples with
this external sample fixed. Mean absolute change was measured from the original frozen probability and
averaged across replicates and patients. Each patient’s 95% prediction stability range was calculated, and the
median and IQR of its width are reported. These ranges are not confidence intervals for true individual risk.

Page 11/24



pp, percentage points. The independently resampled external Brier contrast is reported in Results and
Fig. 4A.

Discussion
Improved external pCR probability prediction was not established when the 12 fixed MRI signal summaries
were added to age and receptor status. The small internal improvement was not retained in I-SPY1, where a
numerically lower Brier score was obtained for the clinical model. The paired interval included zero, so
neither a reliable imaging increment nor equivalence was demonstrated. The interpretation was unchanged
when development and external sampling uncertainty were considered together. This finding concerns the
representation and comparator studied here; it does not establish that breast MRI lacks predictive
information.

Added value of pretreatment MRI
Signal distributions within supplied tumour masks were summarized by the present representation. Spatial
texture, peritumoral tissue, diffusion measurements and physical tumour extent were not represented.
Intratumoral and peritumoral texture was evaluated by Braman and colleagues, while multiparametric MRI
was combined with clinicopathological information and tested in external hospital cohorts by Liu and
colleagues [7, 9]. An independent split from one institution was used by Cain and colleagues [8]. Such
differences in both inputs and validation design prevent a direct ranking of these studies by their reported
AUROC.

The same distinction applies to more extensive multimodal models. Clinical, digital pathology and molecular
information was combined by Sammut and colleagues, with development in 168 patients and evaluation in
75 independent patients [11]. MRI, biopsy whole-slide images and clinical information were integrated by
Mao and colleagues, with assessment in 417 external and 109 prospectively recruited patients [12]. A
stratified hold-out set from pooled cohorts was used by Goyal and colleagues [10], whereas information
accumulated during therapy was incorporated in the longitudinal framework of Gao and colleagues [13]. The
current analysis contributes a narrower comparison: whether a reproducible baseline signal representation
improves probability estimates beyond common clinical fields when an entire trial cohort is withheld from
development.

Conventional tumour measurements also deserve direct comparison. On the same 384-patient subset, a
numerically lower Brier score was obtained with baseline diameter plus clinical information than with signal
fusion or the four-measurement comparator. These findings were obtained internally in a subset selected for
longitudinal completeness and cannot establish an external imaging benefit. Earlier I-SPY analyses
incorporated changes during treatment [5, 6]. Functional tumour volume has also been evaluated against
recurrence-free survival [43], and changes in apparent diffusion coefficient after 12 weeks of therapy were
evaluated as pCR predictors in ACRIN 6698 [44]. Their findings concern different information or endpoints
from strictly pretreatment pCR prediction.

Reliability of probabilities across settings
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A higher clinical-model AUROC was obtained in I-SPY1 than in internal validation, although the mean
predicted probability was higher than the observed response frequency. Better external ranking is not
necessarily evidence of better transportability: AUROC can be affected by the distribution of patient
characteristics even when model coefficients are unchanged [45]. The contributions of case mix, treatment
and acquisition differences were not separated in this study. The external result should therefore be
interpreted through the paired comparison and calibration findings, rather than through AUROC alone.

For fusion, a calibration slope close to one was accompanied by negative calibration-in-the-large and greater
probability error than for the clinical comparator. Different properties of agreement are assessed by the
mean, slope and shape of the calibration relationship [46]. The five-group plots provided a descriptive
summary but could not establish accurate probabilities throughout the prediction range. Flexible calibration
curves can reveal local departures that grouped summaries obscure, although their interpretation is also
limited by sample size [47]. With 48 external events and broad calibration intervals, reliable probabilities for
individual consultations were not demonstrated.

An additional source of uncertainty was identified through repeated development. Mean absolute changes
from the original probabilities were larger for MRI and fusion than for the clinical model, and wider patient-
level stability ranges were observed. Average model performance can conceal this variation in the probability
assigned to a particular patient [20]. Regularization does not remove development uncertainty, because the
strength of penalization must itself be estimated [48]. This variation was incorporated in the repeated
analysis through penalty reselection and refitting of all training-dependent preprocessing. It did not establish
the reliability of the underlying image measurements, and the percentile ranges should not be interpreted as
confidence intervals for a patient's true probability of response.

Treatment context and clinical interpretation
Treatment must be considered when a prediction is interpreted. A probability averaged over an observed
treatment mix answers a different question from the outcome expected if a particular regimen were assigned
[49]. Internal prediction was improved when recorded Arm was included, but an equivalent external
participant-level field was not verified. The external models were therefore evaluated across the observed
treatment mix, without establishing accuracy for individual regimens. Historical receptor thresholds and the
incorporation of central testing further limit correspondence with information available at a contemporary
consultation. Evidence from KEYNOTE-522 includes neoadjuvant pembrolizumab plus chemotherapy
followed by adjuvant pembrolizumab [50]; performance in the earlier I-SPY1 cohort cannot be assumed to
apply to that treatment context.

The endpoint also limits the clinical interpretation. A favourable prognosis is associated with pCR, but an
individual's survival or comparative treatment benefit is not identified by a predicted pCR probability [2, 3, 4].
Prognostic information is retained in the amount of residual disease among patients who do not achieve
pCR, as shown in the pooled analysis of residual cancer burden [51]. In KATHERINE, patients with observed
residual invasive HER2-positive disease after neoadjuvant therapy were randomized between postoperative
treatments [52]. A pretreatment probability cannot replace that pathological assessment. The present
findings support neither treatment omission nor model-guided regimen selection. Evaluation of such
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decisions would require a specified clinical action and its consequences, beyond the probability-accuracy
question addressed here [41].

Strengths and limitations
Source auditing was central to the validity of the comparison. Five patients would have been assigned
negative outcomes if derivative labels had been used without the original workbook. Margin slices, mask
encodings and inconsistent cohort tokens also required reconciliation before fitting. Original labels, fixed
identifier lists and correction records were retained, and all models were compared in the same eligible
patients. These records allow the analysis to be reconstructed and its exclusions to be examined. They do
not resolve the one-event discrepancy with the published conventional MRI subset or establish anatomical
segmentation accuracy.

Measurement reliability remains a separate limitation. Variation in breast tumour segmentation has been
shown to affect the robustness of MRI radiomic features [53]. In ACRIN 6698, repeatable apparent diffusion
coefficient measurements were obtained under standardized acquisition and quality assurance [54]; that
evidence does not establish repeatability of the DCE signal summaries used here. Image perturbations have
been evaluated as a way to study feature robustness in CT radiomics [55], but no such validation was
performed for this representation. Supplied masks were used without independent breast-radiologist review,
and segmentation, motion and acquisition uncertainty were not quantified by patient resampling.

The clinical comparator was restricted because harmonized stage and grade had not been verified. An
increment over age and receptor status would not necessarily be retained against a fuller clinical
assessment. Selection for image availability had already occurred in the derivative release, with further
selection for longitudinal completeness in the conventional subset. Historical specialist-trial populations may
not represent contemporary practice, patients treated outside specialist centres or men with breast cancer.
Sociodemographic fairness was not assessed. Development sample adequacy depends on the number of
candidate parameters, anticipated model performance and the precision required; it cannot be inferred from
cohort size alone [56]. External calibration and subgroup precision were limited by 166 patients and 48
events [32, 33].

The additional stability analysis was specified after the original external findings were known and was
interpreted alongside the frozen primary analysis. Resampling did not increase the number of independent
external patients, and unidentified site clustering remained unaccounted for. Neither an independent
replication by another analyst nor a clinical-impact study was performed. Before response communication is
considered, further evaluation would require a broader clinical comparator, independently assessed image
quality, verified treatment and acquisition metadata, and prospectively defined targets for probability
precision [18, 33]. Any model revised after inspection of I-SPY1 should be assessed in a new, unused cohort.

Conclusions
Improved external pCR probability prediction was not established after 12 fixed pretreatment MRI signal
summaries were added to age and receptor status in this study of 982 development and 166 external
patients. The apparent internal gain was not retained across trials, and greater variability in individual
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predictions was observed for fusion than for the clinical model. The value of MRI for response
communication should therefore be judged through external probability accuracy, development stability and
comparison with established clinical and imaging information. Clinical utility and reliable regimen-specific
prediction remain unestablished.
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Figure 1

Participant selection for development and external evaluation

Counts are reported from the selected derivative image release rather than the full parent trial enrolment.
Development was performed in 982 patients with 316 pCR events. Five external records with missing original
pathological outcomes and one additional record with a prespecified phase-annotation discrepancy were
excluded. The primary external population was restricted to 166 patients with 48 events. In the alternative
phase-mapping sensitivity, 167 patients with 49 events were included; missing original outcomes were
excluded throughout.
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Figure 2

External probability calibration and prediction distributions

Frozen I-SPY1 probabilities are shown for clinical, MRI-signal and fusion models in 166 patients with 48 pCR
events. Mean predicted probabilities and observed frequencies are represented by points in five
approximately equal-sized prediction groups, with ties retained. Pointwise 95% Wilson intervals for grouped
observed frequencies are shown by error bars; individual probability uncertainty, model-development
uncertainty and site clustering are not represented. Perfect agreement is indicated by the dashed line, and
prediction distributions are displayed in the lower panels. Predictions were not recalibrated.

Figure 3
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Paired external Brier differences and prespecified sensitivities

Differences are defined as Brier(clinical) minus Brier(fusion), with positive values favouring fusion. The 95%
percentile intervals from 2000 paired external patient bootstrap resamples are shown by bars and were
conditioned on the frozen models. The primary, complete-receptor and alternative-phase populations were
formed from 166, 161 and 167 patients, respectively. Development-sample uncertainty and unidentified site
clustering were not incorporated. No difference is indicated by the vertical dashed line; equivalence is not
established by overlap with zero.

Figure 4

External model comparison and patient prediction stability after repeated development

(A) Paired Brier contrasts are shown from 1000 independent development and external patient resamples.
No contrast is indicated by the black dashed line; the original frozen-model contrast is shown in orange, and
the central 95% percentile limits are shown by dotted lines. (B) Frequencies of the selected inverse penalty C
are shown for the 1000 final fits of each model. Stronger regularization is represented by smaller C. (C–E) All
166 original external patients were held fixed. Original predicted probabilities are shown on the horizontal
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axes; medians across refitted models are shown by points and central 95% prediction stability ranges by
vertical lines. Agreement with the original prediction is indicated by the diagonal. Probability differences are
expressed in percentage points (pp). These ranges quantify development stability and are not confidence
intervals for individual true response probabilities. Training-dependent preprocessing, tuning and final fitting
were repeated; fixed image extraction and the outer internal assessment were not repeated.
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