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ABSTRACT

Purpose: To increase performance and generalization ability of artificial intelligence prostate cancer detection systems by simulating physiological size changes of the
bladder and rectum and, thereby, associated deformations of the prostate and its lesions.

Materials and methods: This retrospective study included 1028 bi-parametric MRI examinations of men (age range: 40-90 years) performed between 2014 and 2019,
divided into training/test sets (771/257). We integrated an ‘anatomy-informed’ transformation into the training of nnU-Net, by simulating soft-tissue deformations of
the prostate resulting from size changes of the rectum and bladder. The effects of these strategies were evaluated using free-response receiver operating characteristic
(FROC) to assess lesion-level performance, along with a variant: weighted alternative FROC (wWAFROC), which prioritizes patient-level effects with localization
criteria. Change in sensitivity was tested using a clustered McNemar test. Patient-level performance was assessed with standard and localized receiver operating
characteristics (ROC/LROC) analysis.

Results: On the independent test set, the anatomy-informed model simulating changes of both rectum and bladder significantly increased lesion-level detection of true
positive lesions by 18.8% (from 48 to 57, p = 0.01) and demonstrated significantly higher performance in the wAFROC analysis (from 0.597 to 0.639, p < 0.01).
Patient-level ROC increased slightly (from 0.779 to 0.782, p = 0.89), while LROC analysis demonstrated increased performance (from 0.471 to 0.546).
Conclusion: Simulation of rectum and bladder size variations during model training led to significant improvement in lesion detection performance, which may be
crucial for diagnostics and therapeutic measures depending on correct lesion localization, e.g. MRI-guided biopsies or focal therapy regimes.
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1. Introduction

Spatially accurate detection of prostate cancer (PCa) on a lesion-level
basis on multi-parametric magnetic resonance images (mpMRI) is
crucial for guiding subsequent clinical interventions and determination
of adequate therapy. Procedures such as biopsy for histologic confir-
mation and location-dependent treatment methods like transurethral
ultrasound ablation [1] or radiotherapy with added focal boost to the
tumor bed [2] rely heavily on precise tumor localization. Additionally,
correct localization is crucial for prostate cancer staging [3]. Therefore,
spatial information of prostate cancer lesions directly influences patient-
level diagnosis and the therapeutic success.

Interpretation of prostate MRI remains a challenging task for radi-
ologists due to the considerable variability in lesion size and shape [4],
as both influence the assessment of prostate lesions on mpMRI according
to the Prostate Imaging-Reporting and Data System (PI-RADS) [5]. This
shape variability is not solely due to inherent tumor characteristics but is
also influenced by the constant soft tissue deformations resulting from
muscle contractions, respiration, and more importantly, variable filling
of the directly adjacent organs, the rectum and the bladder [6].

Considering that one MRI examination captures only one (time)
point from all the functional states resulting from the continuous change
of adjacent organs, the deformation of the prostate will never be the
same on any repeat or subsequent examination. Given the limited
number of training examples for artificial intelligence (AI) aided PCa
detection systems [7], typical results of soft tissue deformations could be
underrepresented in the training dataset and thus algorithms may be
limited in their ability to accurately assess the full spectrum of lesion
characteristics. However, the training of current state-of-the-art Al sys-
tems still relies on simple spatial transformations - translation, rotation,
cropping, and scaling - by globally augmenting the MRI sequences
without substantially increasing the morphological diversity [8-11].

Recently, a training strategy utilizing ‘anatomy-informed’ augmen-
tation has been proposed [12], which generates size variations of the
rectum and the bladder. This approach effectively enables the use of
anatomically accurate soft tissue deformations during Al model training,
a significant advancement over complex models that do not scale to
online data augmentation [13,14]. This strategy has demonstrated the
potential of realistic transformations compared to random elastic image
transformations by preserving essential image features [12].

In this study, we aim to validate the training strategy extended with
soft tissue deformations by assessing its impact on lesion detection
performance in an AI model for prostate cancer detection on MRI. We
extended the training scheme of the current state-of-the-art segmenta-
tion convolutional neural network, nnU-Net [15], with the proposed
‘anatomy-informed’ augmentation scheme and compared its perfor-
mance with and without the additional augmentation method.

We hypothesized that by enriching the training data with increased
anatomically correct lesion shape variability, the Al system's lesion-level
detection performance would increase, which may also benefit patient-
level performance.

2. Methods
2.1. Study sample

This retrospective study included consecutive patients, who received
mpMRI and MRI/transrectal ultrasound (MRI/TRUS) fusion, as well as
extended systematic biopsies between 01,/2014-12/2019 at our in-
stitutions. The local ethics committee approved the study and waived
informed consent.

All men had suspicion for PCa or participated in our active surveil-
lance program and were included, if they met the following criteria: (a)
MRI performed on institutional MRI scanners, (b) MRI/TRUS fusion
biopsy performed at our institutions with biopsy results available.
Exclusion criteria were a) previous therapy for PCa (prostatectomy,
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ablation or radiation therapy, anti-hormonal treatment, b) severe im-
aging artifacts, e.g. due hip implants, c) biopsy within 2months prior to
MRI or time to biopsy after MRI exceeding 6 months, d) uncommon/rare
pathological diagnoses with irregular imaging manifestations (i.e., one
patients with smooth muscle cell tumor of uncertain malignant poten-
tial) e) exams in which no suspicious lesion was visible on MRI but
clinically significant prostate cancer was detected during systematic
biopsy - exclusion of these exams was necessary to enable lesion-level
performance assessment requiring ground truth lesion segmentations
as control. This, consequently, does not imply that all patients without
MRI-visible lesions were excluded.

The exams reported in this manuscript have been part of previously
reported studies analyzing performance of different Al models, most
recently [8,11,16]. Nevertheless, the incorporation of soft tissue de-
formations into the training strategy has not been investigated yet. The
technical and practical advantages of realistic transformations
compared to global and/or random transformations have been reported
during the initial proposal of the ‘anatomy-informed’ augmentation
scheme at the International Conference on Medical Image Computing
and Computer-Assisted Intervention 2023 [12]. Compared to the results
of the conference proceedings, this study contained a larger patient
cohort, included detailed cohort characterization, and detailed lesion-
level analysis with advanced statistical testing.

2.2. MRI protocol

Multiparametric prostate MRI examinations were performed on
three scanners: Magnetom Prisma and Biograph mMR, both 3 T
(Siemens Healthineers); and Magnetom Aera, 1.5 T (Siemens Healthi-
neers) based on PI-RADS recommendations and ESUR guidelines at the
time of acquisition [17]. Standard multichannel body coils and inte-
grated spine-phased array coils were used for image acquisition.
Detailed MRI acquisition parameters of utilized T2- and diffusion-
weighted sequences are given in Supplementary Table 1.

2.3. PI-RADS assessment, data annotation and histopathological ground
truth

PI-RADS [18] assessment was performed during clinical routine by
board-certified radiologists. All exams were discussed in interdisci-
plinary conferences prior to biopsy. Histopathological ground truth was
established for suspicious lesions by targeted transperineal MRI/TRUS
fusion biopsy followed by extended systematic biopsies according to the
Ginsburg protocol [19]. Histopathology was performed in clinical
routine under supervision of a dedicated uropathologist (A.S., >15 years
of experience). Clinically significant PCa (csPCa) was defined as Inter-
national Society of Urological Pathology (ISUP) Gleason Grade
Group>2.

Preexisting lesion segmentations were utilized with data processing
described previously [8,11]. Briefly, segmentations of prostate lesions
harboring csPCa were performed with reference to clinical written re-
ports and corresponding pictograms using the Medical Imaging Inter-
action Toolkit [20] under supervision of a board-certified, fellowship-
trained radiologist (D.B., >10 years of experience in prostate MRI).
Histopathological lesion ground truth (GT) was established from
targeted-biopsy results supplemented with data from systematic bi-
opsies, i.e. if the targeted biopsy of a MRI-visible lesion showed no
csPCa, but the systematic biopsy of this prostate sextant (see Ginsburg
protocol) demonstrated csPCa, then the lesion was still considered true
positive. The combined biopsy approach (targeted & systematic) has
previously proved to be a reliable histological assessment with sensi-
tivity comparable to radical prostatectomy specimen [21].

Rectum and bladder segmentations were generated in an iterative
process: A medical student (C.E.) generated segmentations of the
bladder and rectum on a subcohort; the subcohort was then used to train
a nnU-Net model and predict further bladder and rectum segmentations
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on a larger partition of the data, which were manually refined by two
radiology residents (C.M. and K.S.Z.) if necessary. After visual inspection
/ refinement, the larger annotated data set was then used to train the
final in-house model used for the prediction of this study's rectum and
bladder segmentations. The quality of the predicted segmentations was
confirmed by the fellowship-trained radiologist (D.B.).

2.4. Anatomy-informed data augmentation

To integrate soft tissue deformation in the human pelvis resulting
from physiological processes into Al model training, we use the ‘anat-
omy-informed’ transformation based on a biomechanical model pro-
posed previously [12]. In this model, soft tissue deformations are
applied to the rectum and the bladder, which are the two organs closest
to the prostate and whose morphological changes due to their filling
status lead to direct deformations of the prostate and its lesions [6,22].
In the model, simplifications are made by setting multiple boundary
conditions for the biomechanical properties of the pelvis: isotropic
transformation perpendicular to the organ surfaces due to the isotropic
mechanical behavior of both the rectum and bladder [23], assumed
homogeneous material composition for the prostate and surrounding
muscle tissues due to their similar Young's modulus and Poisson's ratio
[24], no resistance for the transformation as solid shape preserving solid
tissues like bone are rather distant from the specific organs. The defor-
mation reflecting the elastic behavior of soft tissues is approximated by a
nonlinear displacement field which decays proportionally with distance
from the rectum and bladder surfaces, implemented using Grid sampling
and interpolation, to generate realistic, hyperelastic deformations [25].
Viscoelasticity was disregarded as time effects were not relevant.

The biomechanical model enables on-the-fly data augmentation in
contrast to computationally more complex methods [13,14], while
producing realistic distension/evacuation of the bladder or rectal
spaces, see Fig. 1. To prioritize rectal transformations in line with clin-
ical insights (zonal lesion distribution [5], strength of deformation [6]),
we introduced an additional probability factor that controls the trans-
formation likelihood between the rectum and bladder in our model.

2.5. Model training

We used a bi-parametric model with co-registration of MRI se-
quences. Registration employed B-spline transformation, calculated via
mutual information between the sequences of T2w and DWI with the
lowest b-values to match the GT segmentations to all modalities [16].
The transformation parameters were then applied to DWIs with the
highest b-values and the ADC maps. We crop the images preserving
anatomical context (offsets of +9 mm axial to the prostate and + 11.25
mm in the axial plane to the rectum and bladder) to be able to use the
anatomy-informed augmentation and to avoid training instability
[16,26].

We trained 3D nnU-Net models [15] using 5-fold cross-validation,
extending its standard augmentation scheme (used as the reference
model) with organ deformations (anatomy-informed model). Training
settings were consistent with previous reports, employing balanced
sampling for clinically significant prostate cancer (csPCa) prevalence
[12], and reducing the number of epochs to 600 to prevent overfitting.
During model development, the Free-response Receiver Operating
Characteristic (FROC) score, which is integrated logarithmically within
the range of 0.25-1.0 average false positives per scan (avgFPs/scan),
was optimized. This was guided by radiologists' lesion-level avgFPs/scan
at PI-RADS >4 and 3 (0.38 and 0.82, respectively). Final models were
ensembled and evaluated on the independent test set.

2.6. Al performance evaluation and statistical testing

The CNN model was trained on radiologist-report based ground truth
lesions harboring csPCa verified by biopsy. The task was to detect and
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perform segmentations of csPCa lesions on a voxel-wise basis. Predicted
lesion instances were identified by thresholding the probability maps
generated by the model at 0.5, followed by connected component
analysis. Prediction scores under this value were set to zero. Intersection
over Union (IoU) of 0.1 or higher between the Al-predicted and the GT
lesion segmentation based on radiologist reports were classified as True
Positives (TPs) via Greedy-matching [27]. Other model-predicted le-
sions were considered false positives.

Patient-level evaluation is based on whether a patient is correctly
identified as possessing csPCa, i.e. ISUP Grade Group>2, or having no
cancer / insignificant prostate cancer. Therefore, on a per patient basis, a
patient with csPCa and at least one model-predicted lesion was consid-
ered true positive. The overlap of the predicted and the GT segmentation
was no necessary condition. This approach is reflected in the area under
the curve (AUC) of the standard receiver operating characteristic (ROC)
analysis; statistical testing was performed using the DeLong test [28]. As
this approach does not account for correct localization of a prediction, a
case might be considered ‘true positive’, when the model predicts csPCa
at the wrong location while not detecting any lesion at the factual
location of csPCa within the prostate. To partly account for this effect,
localization ROC (LROC) analysis was performed, which plots the
probability of a correct localization (PCL) using the predicted lesion
with the highest score vs. the false-positive fraction (1- Specificity).
However, LROC only considers one prediction (with the highest prob-
ability) per case [29]. Therefore, it can partially account for the locali-
zation blind spot of traditional ROC analysis, however, prostate cancer is
known for multifocality, and the possibility of a patient having multiple
lesions is not considered.

These restrictions were addressed by lesion-level analysis and met-
rics: Free-response receiver operating characteristic (FROC) analysis
was performed, which compares lesion-level sensitivity (with correct
localization) to the average number of false positives per scan (avgFPs/
scan) [29]. A variant, the weighted alternative FROC (wWAFROC), was
also calculated: the wAFROC compares the fraction of correctly local-
ized true-positives to the patient-level false-positive fraction [29], with
the weights to adjust for multiple lesions per patient. Therefore, it is a
combined lesion-level / patient-level metric. Differences in wAFROC
metric were tested with ANOVA approach for dependent observations
according to Obuchowski [30] as implemented in the R package RJafroc
[31].

Furthermore, lesion-level sensitivity differences at the detection
threshold were compared using a clustered McNemar test to account for
patient effects [32]. To our knowledge, there is no common way to test
the FROC and LROC metrics for significant differences.

3. Results
3.1. Study sample

The final study cohort comprised 1028 exams. An inclusion and
exclusion diagram is given in Fig. 2. After balanced allocation regarding
cancer rate (36.3%), the Median patient exam age was 64 years, inter-
quartile range (IQR) [58-69], and 65 years, IQR [59-70] years for the
training and test cohort, respectively. The training set contained 771
(75%) and the test set 257 exams (25%), and 271 and 90 exams with
csPCa, corresponding to 372 and 121 csPCa lesions, respectively.
Detailed demographic and characteristics of the cohort are given in
Table 1.

3.2. Training cohort

During development using 5-fold cross-validation, the model incor-
porating both rectal and bladder changes demonstrated higher perfor-
mance compared to single-organ models and was therefore used for
subsequent analysis. The parameters for the probability and amplitude
changes for the bladder and rectum were based on results during model
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Data-centric AI model training

a) Physiological Knowledge Induction b) Model Feeding

Online Data nnU-Net
Augmentation
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Fig. 1. Simulation of soft tissue deformations due to functional changes in the shape of the rectum and bladder during AI model training. a) Transformation pa-
rameters for the soft tissue transformations are calculated using knowledge about the biomechanical properties of the pelvis and the anatomy segmentations. b) In
every training step, the Al model is fed with different physiological states and, thus, a broader spectrum of lesion characteristics. ¢) Resulting simulation of bladder
(top row) and rectal (bottom row) functions like distension (right column) and evacuation (left column). The middle column provides the original MRI image with the
unchanged rectum (orange), bladder (blue) and lesion (purple) outline. The morphological organ changes result in localized tissue deformations affecting primarily
the adjacent lesions. Dotted lines represent the original and the solid lines the deformed outlines. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)
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performed at our institutions
(n=1212)

Consecutive Patients with indication for mpMRI due to elevated
PSA-levels and/or suspicious rectal examination, participation in
an active surveillance program, or undergoing repeat biopsy
between January 2014 and December 2019;

mpMRI and targeted & extended systematic biopsies were

n=1 refused scientific usage of data

preemptively

n=33 patients were excluded due to

n=1 patient with prior histopathological
diagnosis of atypical tumor entity:

participating in a screening trial outside  [€—
standard referral pattern

n=34 patients excluded due to artifacts or examination

smooth muscle tumor of uncertain
malignant potential

n=3 time distance from mpMRI to

constraints

biopsy > 6 months

n=78 patients excluded due to antihormonal treatment,
radiation therapy or focal therapy (HIFU / TULSA

n=2 mpMRI performed after prostatectomy

therapy, galvanic therapy, laser therapy) prior to
mpMRI

n=32 patients excluded due to histological detection of
sPC in systematic biopsies but without MRI-visible

lesion (see ‘study sample’ of methods section)

n=1028 patients available for final study

Balanced Allocation into:
Development Set (75%): n=771
Test Set (25%): n=257

Fig. 2. Inclusion and exclusion diagram of patient population. mpMRI = multiparametric MRI, HIFU = high-intensity focused ultrasound, sPC = significant prostate

cancer, TULSA = transurethral ultrasound ablation.

training (Supp. S2).

On the lesion level, compared to the reference model, the FROC
curve of the anatomy-informed model suggested slightly higher per-
formance with the latter's curve running above the reference model for
all data points (Supp. S3): FROC AUC for the reference model was 0.43
[CI 0.39, 0.48] and for anatomy-informed model 0.47 [CI 0.43, 0.51].
Clustered McNemar test demonstrated an increase in sensitivity close to
significance level (p = 0.07) with 9 additional detected lesions (Suppl.
S5).

On the patient level, the anatomy-informed augmentation scheme
also increased the ROC AUC from 79.7% [CI 0.77, 0.83] to 81.8% [CI
0.79, 0.85] (p = 0.08, Supp. S4).

3.3. Independent test cohort

The final evaluation of the optimized AI model was performed on the
independent test set. On the lesion level, utilization of the augmented
model resulted in an increase in sensitivity by 18.8%, from 48 to 57 true-
positive lesions, statistically significant according to clustered McNemar

test (p = 0.01, Supp. S5). FROC analysis also suggested slightly increased
performance of the augmented model, except for the low sensitivity
range; reference vs. augmented model: 0.33 [CI 0.26, 0.42] vs. 0.37 [CI
0.30, 0.45]; see Fig. 3.

The lesion-level increase in performance was not reflected in the
patient-level ROC analysis - ROC AUC increase was marginal (p = 0.88,
Fig. 5). However, taking the LROC and wAFROC metrics, which consider
the localization criterion, i.e., the matching of the model prediction with
the ground truth segmentation, the higher performance could be visu-
alized by LROC and wAFROC analysis (Fig. 5). ANOVA testing for the
WAFROC metric demonstrated significantly higher performance (p <
0.01).

Further investigation of the exams with differences in true positive
lesions revealed that the anatomy-informed model correctly predicted
lesions in cases where the reference model missed csPCa lesions (5 cases)
or where the reference model predicted lesions with insufficient overlap
to ground truth (5 cases); except in one case where the augmented model
missed a lesion detected by the reference model (see Fig. 4 for examples
and Supp. S6 for the detailed list of cases).
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Table 1

Demographic and Clinical Characteristics of 1028 Included Exams. PI-RADS =
Prostate Imaging Reporting and Data System; IQR = interquartile range; PSA =
prostate-specific antigen; ISUP = International Society of Urological Pathology
Grade Group.

Characteristic Development set (75%) Test Set (25%)

No. exams (Total: 1028)

771 257

e Without csPCa 500 167
e With csPCa 271 90
Median age 64 (IQR 58-69) 65 (IQR 59-70)
Mean PSA 8.94 £ 8.79 9.21 £7.83
No. exams
e w/0 MRI-detected lesion 26 5
e MRI-detected index lesions

o PI-RADS 2 79 24

o PI-RADS 3 201 68

o PI-RADS 4 308 113

o PI-RADS 5 157 47
No. csPCa lesions per exam
e 1 lesion 188 64
e 2 lesions 66 21
e 3 lesions 16 5
e 4 lesions 1 0
csPCa location
e Transition zone 86 31
e Peripheral zone 268 87
e Multi zone 18 3
ISUP Grade
e no PCa 327 129
e ISUP 1 173 38
e ISUP 2 156 55
e ISUP 3 48 10
e ISUP 4 22 15
e ISUP 5 45 10

o Lesion-level Analysis (FROC)

I
=
[\

Sensitivity
ot
w
(=}

0.30 Functional Organ Size Variations
none (reference): 0.332 (0.259 - 0.417)
—— Rectum & Bladder: 0.374 (0.302 - 0.454)
0.24 -

0.1 0.2 0.3
Avg number of FPs per scan

Fig. 3. Free-response receiver operating characteristic (FROC) curves
comparing the lesion detection performance of the AI models on the indepen-
dent test set. The model trained with additional simulated soft-tissue de-
formations demonstrated slightly improved sensitivity, detecting nine
additional true-positive lesions compared to the reference model (10 addi-
tionally detected lesions, but 1 missed lesion), with a statistically significant
improvement (clustered McNemar test, p = 0.01; see Supplement S5). The
FROC area under the curve was calculated for the range of 0-0.35 false posi-
tives (FPs) per scan and the confidence intervals were calculated by case-
based bootstrap.

4. Discussion

In recent years, there has been a growing trend in medical image
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analysis among researchers to integrate data-specific knowledge into Al
model training to improve performance and reliability. This approach
has shown promise in various applications, such as providing prostate
zonal information for csPCa detection [9,10], generating artificial mis-
alignments between the MRI sequences during training to make the
network robust for them by accounting for misalignments and regis-
tration errors [16], extending the loss function with topology-preserving
term for vessel/nerve segmentation [33,34], or with size-related risk
factor for breast cancer detection [35], and using statistical shape and
intensity models to augment the geometry of hip bones [36]. Following
this trend, our study demonstrated the value of accounting for variations
in the functional states of the rectum and bladder in AI model training
for csPCa detection, contributing to the ongoing evolution of data-
centric Al models.

We evaluated nnU-Net, the current neural network-based Al frame-
work for medical semantic segmentation, which already contains the
current augmentation schemes, and compared its performance with and
without the proposed ‘anatomy-informed’ training strategy. We focused
on lesion- and patient-level PCa detection performance based on ground
truth segmentations of malignant lesions. Given the method's reliance on
spatial information, semantic segmentation proved particularly well-
suited for testing strategies involving ‘anatomy-informed’ trans-
formations, addressing localized soft tissue deformations of the prostate.

Incorporating artificial variations in rectal and bladder sizes during
model training led to a statistically significant improvement on the
lesion-level detection performance in the test set. This improvement was
not reflected on the patient-level by the commonly used ROC AUC
analysis, which does not incorporate spatial lesion information, e.g. a
true positive patient is considered correctly classified if the model pre-
dicts a lesion somewhere in the prostate, i.e., the prediction and the
ground truth segmentation do not need to overlap (sufficiently). We,
therefore, highlighted an important aspect in patient-level model eval-
uation, namely making the right diagnosis based on the right reason:
LROC and wAFROC, metrics consider the spatial information of the
model predictions and demonstrate an increase in performance due to
the increased number of spatially-correct predictions.

Correct tumor localization is crucial in the outcome of subsequent
clinical management and interventions. Correct local staging of prostate
cancer enables patients to be included in active surveillance programs
[37]. MRI-guided ultrasound fusion biopsies, depending on lesion
localization information, have demonstrated significantly increased
detection rates compared to standard biopsy alone [38,39]. Traditional
treatment options use a holistic approach towards the prostate, i.e.
prostatectomy or whole-gland radiation. However, recently location-
dependent options are gaining traction. In a completed phase II clin-
ical trial by Ghai et al., ultrasound cancer ablation demonstrated good
locoregional control without decline in life quality after treatment [1].
Another approach has added radiation boost to the visible tumor volume
when performing whole-gland radiation, which increased significantly
the biochemical disease-free survival time without impacting late
toxicity or health-related quality of life [2]. In addition, correct locali-
zation and determination of tumor extent are essential for TNM classi-
fication and risk assessment [3].

The main limitation of this study is its cohort size and single-center
character; additionally, most studies were performed on one 3 T scan-
ner. These factors may limit generalizability. However, the homoge-
neous data quality with expected lower variability of measurements in
combination with the high histopathological sampling density obtained
in this single-center cohort enhances the focus on biological and
anatomical influences on detectability. This likely allowed to more
sensitively examine the statistically significant improvements gained
from the developed augmentation scheme. Another possible limitation is
that this augmentation scheme's beneficial effect may decline with
increasing training cohort size, e.g. large cohort like in the PI-CAI
challenge [40] may already demonstrate sufficient natural variability.
However, there are not sufficient data at the current time to prove or
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Significant Prostate Cancer Predictions

M Ground Truth (GT)

Model predictions
Baseline
Trained with soft
tissue deformations

Prediction location
= in the GT slice
=== in a different slice

Case #1 Case #3

Fig. 4. Ground truth (GT) annotations (pink solid lines), Al model prediction outlines (orange: reference model, blue: anatomy-informed model) and corresponding
confidence scores, in the same slice with the GT and false positives in a different slice (dotted line). In the shown cases the anatomy-informed model predicted the GT
lesion correctly, meanwhile the reference model either missed it (case #1), predicted it at an incorrect location with high confidence (case #2), or predicted it
adjacent to the right location with insufficient overlap (case #3). (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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Fig. 5. Patient-level performance comparison of Al models trained without (light blue curves) and with simulated soft tissue deformations (dark blue curves) using
receiver operating characteristic (ROC), localization receiver operating characteristic (LROC), and weighted alternative free-response receiver operating charac-
teristic (WAFROC) analyses. The ROC curve shows a marginal increase in area under the curve (AUC) between models (p = 0.88, DeLong test). The LROC analysis,
which includes the probability of correct localization (PCL) for the highest-scoring lesion, visualizes improved performance when localization is considered, though
only one prediction per case is included. The wAFROC analysis addresses the potential multifocality of prostate cancer, providing a lesion-level metric with patient-
level interpretability. Respective area under the curve (AUC) values are given in the legends with 95% confidence intervals in brackets. ANOVA testing on the
WAFROC score indicated a statistically significant improvement in performance (p < 0.01). (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

disprove this hypothesis. Thus, our results remain valuable given the
scale of our study, but the method's full potential is to be further
explored in larger and multi-centric data sets.

In conclusion, our results suggest potential benefit of adding an
‘anatomy-informed’ strategy into standard model training, which may
be crucial for location-dependent diagnostic and therapeutic measures
in prostate cancer. This approach not only addresses soft-tissue varia-
tions effectively but also has the potential be a blueprint for developing
data-centric Al models for other applications. In parallel, we highlight
the spatial/localization limitation of the commonly used ROC analysis
for Al model evaluation.
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