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Abstract. Clinically adequate prostate MRI examinations are abun-
dant, whereas low-quality cases are scarce, diverse, and difficult to label
consistently. Visual quality assessment remains valuable, but it does not
directly quantify whether a scan supports a particular automated task.
We propose a task-specific IQA framework that derives reject, caution,
and accept labels from prostate-segmentation performance using patient-
level out-of-fold predictions, and uses feature-space novelty to flag unfa-
miliar cases. We train a 3D DenseNet121 to predict ternary quality labels
from high-b-value DWI, ADC, and T2WI. In 213 locked-test patients,
the ternary model achieved accuracy 0.577, macro F1 0.545, quadratic-
weighted kappa 0.439, and ordinal mean absolute error 0.479. Predicted
quality groups showed increasing mean segmentation Dice from reject
to caution and accept (0.885, 0.912, and 0.935), while the continuous
expected quality score correlated with Dice (p = 0.505, p < 0.001). Ma-
halanobis novelty distance correlated negatively with Dice (p = —0.322,
p < 0.001). Independently trained diagnostic models achieved test AUCs
of 0.699 for PI-RADS > 4 and 0.680 for Gleason grade group > 2.
Transfer of prostate-derived quality to diagnostic correctness was not
evident for PI-RADS and weak for Gleason classification, indicating
that quality is task-specific rather than universal. These results sup-
port downstream-performance-based quality triage and motivate clini-
cally calibrated thresholds with multiple task-specific quality heads.
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1 Introduction

Prostate magnetic resonance imaging (MRI) is central to prostate cancer diagno-
sis, characterization and treatment planning. T2-weighted imaging (T2WI) pro-
vides anatomical context, whereas diffusion-weighted imaging (DWI), together
with derived apparent diffusion coefficient (ADC) maps, provides functional in-
formation for identifying clinically significant cancer. However, prostate DWI
is vulnerable to susceptibility artefacts from rectal air, metallic implants, pa-
tient motion and geometric distortion, which can misalign DWI with T2WI and
reduce downstream diagnostic reliability [6, 20].

These vulnerabilities make systematic prostate MRI image quality assessment
(IQA) essential, not only for identifying visually degraded scans but also for
providing complementary evidence on whether an examination remains reliable
for downstream diagnostic tasks such as PI-RADS [20], Gleason grade group [7]
classification and prostate segmentation. The PI-QUAL [8, 11] system provides
radiological quality assessment [4, 1], while automated prostate MRI IQA meth-
ods can scale quality control [4, 1]. However, visual labels depend on reader ex-
perience and may not quantify how quality affects a particular task. Conversely,
a scan with a visible imperfection may remain sufficient for one task but not
another. Task amenability therefore defines quality operationally as the degree
to which an image supports a specified downstream model or decision [18, 21].

This formulation creates a practical supervision problem: adequate scans dom-
inate many real-world clinical image sets, whereas failed scans are scarce and het-
erogeneous. A model may therefore encounter clinically plausible cases that are
poorly represented by its development data. Novelty detection provides a general
paradigm for flagging such unfamiliar inputs for additional review. In this study,
we investigate feature-space novelty as an implementation of this paradigm by
measuring departure from the training feature distribution [13]. Recent work has
also shown that prostate MRI quality distributions affect downstream learning
and diagnostic performance [19].

To address this gap in task-specific amenability assessment, we propose a
task-specific prostate MRI IQA framework. Prostate segmentation provides the
primary anatomical quality criterion using expert-annotated prostate masks as
reference. The framework predicts reject, caution, and accept categories and
a continuous ordinal score. Softmax confidence and entropy describe ambigu-
ity among categories, whereas Mahalanobis distance in the penultimate feature
space measures novelty. PI-RADS [20] > 4 and Gleason grade group [7] > 2 clas-
sifiers provide secondary tests of whether prostate-segmentation-derived quality
transfers to diagnostic tasks.

The contributions are as follows. First, we propose a patient-level out-of-fold
strategy to generate segmentation-derived quality labels and use these labels to
train a ternary ordinal IQA model. Second, we incorporate uncertainty measures
and feature-space novelty to characterize ambiguity among quality categories
and identify cases that depart from the training feature distribution. Third, us-
ing a real-world multi-institutional biopsy-trial dataset with prostate masks and
multiple downstream labels, we evaluate quality classification, task amenability,
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uncertainty, and novelty, and assess whether segmentation-derived quality re-
lates to PI-RADS and Gleason grade group classification. Codes are available at
https://github.com/YuLonglll/prostate_mri_task_iqa.

2 Methods

Task-Specific Quality Definition and IQA Model Training. Patients were
first split at the patient level into training, development-validation, and locked-
test sets. For each multimodal MRI input «;, the IQA model predicts an ordinal
quality label y; € {0, 1,2}, denoting reject, caution, and accept. These labels
must not be generated from a segmentation model that has already been trained
on the same patient, because memorization could make the resulting labels opti-
mistically biased. We therefore split only the training patients into five patient-
held-out label-generation folds. For each fold, a U-Net prostate-segmentation
model [3] was trained on the other four folds and used only on the held-out pa-
tients. The models received high-b-value DWI, ADC, and T2WI concatenated as
three input channels. Concatenating the five held-out prediction sets produced
one segmentation result per eligible training patient from a model that had never
been trained on that patient. The resulting Dice and HD95 values were converted
to quality labels as follows:

2, Dice; > 0.93 and HD95; < 3.5,
y; = < 0, Dice; < 0.88 or HD95; > 5.0, (1)
1,

otherwise.

The thresholds in Eq. 1 were selected from the empirical distribution of five-fold
out-of-fold prostate-segmentation performance in the training set. Each training
patient was assigned a quality label using a segmentation model that had not
seen that patient during training, reducing label-generation bias. Development-
validation and locked-test patients were excluded from out-of-fold label genera-
tion. For these patients, Dice and HD95 were computed from predictions made by
a final U-Net segmentation model that used the same architecture and training
protocol as the fold-specific models but was trained on the full training set, and
the same thresholds were applied without modification. These thresholds opera-
tionally divide cases into three task-amenability categories and are not proposed
as universal clinical cut-offs. Future studies may refine them according to the
downstream model, patient cohort, intended clinical action, and consequences of
unnecessary rejection or missed failure.

Specifically, we use a three-dimensional DenseNet121 [10] as the backbone
of the IQA model, with high-b-value DWI, ADC, and T2WI concatenated as
three input channels. The model outputs class probabilities pgy(z;) = (0, p}, p?)
for the ordinal classes k € {0,1,2}. In addition to the hard class prediction, we
compute an expected ordinal quality score as s; = Ei:o k:pi?. Training minimizes
cross-entropy loss [9] with an additional ordinal absolute-error term as £ =
Lcg + A |s; — yi|, where A controls the weight of the ordinal term. This objective
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encourages the expected quality score to remain close to the ordinal target,
penalizing distant ordinal errors more strongly than adjacent errors.
Uncertainty and Feature-Space Novelty. For the softmax output pg(z;),
we compute predictive confidence and entropy as C(z;) = maxy, p¥ and H(x;) =
— Zi:o pklog p¥, respectively. These quantities capture ambiguity among the
learned quality classes, but they may not identify inputs that are unfamiliar
to the model. We therefore extracted the penultimate feature representation
z; = hg(z;) and fitted a regularized Gaussian distribution to the training fea-
tures with empirical mean and regularized covariance as p = % Z;\Izl z; and
Dreg = >+ Aregl, Tespectively, where I is the d x d identity matrix, and d is
the dimensionality of the penultimate feature representation. The emplrlcal co-
variance matrix 3 of the training features is calculated as % = e Z (25 —

p)(z; — )T, where N is the number of training feature vectors. Feature-space
novelty was then quantified using the Mahalanobis distance [12] as Djys(z;) =

\/(zZ — )T Xreg (2 — p). A larger Dy(x;) indicates greater departure from the
training feature distribution and is used as a continuous warning signal rather
than a calibrated out-of-distribution diagnosis.

Downstream Evaluation Protocols. To evaluate whether the proposed
IQA model captured task-relevant image quality rather than generic visual ap-
pearance, we assessed its relationship with downstream prostate MRI tasks on
the locked-test set. Specifically, we examined whether IQA predictions, continu-
ous ordinal scores, predictive uncertainty, and feature-space novelty were asso-
ciated with performance in prostate segmentation and diagnostic classification.
The prostate segmentation task used the final U-Net described above and served
as the primary task-specific evaluation target. For diagnostic classification, two
separate 3D DenseNet121 models, with high-b-value DWI, ADC, and T2WI con-
catenated as three input channels, were trained using the training set: PI-RADS
> 4 vs. < 4 and Gleason grade group > 2 vs. < 2. Both models were optimized
using cross-entropy loss. Class imbalance was handled only in the training loader
using inverse-frequency weighted random sampling, which increased the sam-
pling probability of patients in the minority class. The decision thresholds were
selected on the development-validation set to balance sensitivity and specificity,
yielding 0.90 for PI-RADS and 0.35 for Gleason classification; both thresholds
were then frozen before locked-test evaluation.

3 Experiments and Locked-Test Results

Dataset. We used a pooled multi-institutional prostate biopsy-trial MRI co-
hort [15] with real-world clinical imaging and complementary downstream-task
annotations. Available data included high-b-value DWI (b = 2000 s/mm?), ADC,
and T2WI, together with expert annotations and labels, including prostate
masks, lesion masks, PI-RADS scores, and binary Gleason grade group labels
(> 2 vs. < 2). For IQA development, novelty analysis, and prostate segmenta-
tion, eligible patients required DWI, ADC, T2WTI, and a prostate reference mask,
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yielding 1016, 217, and 213 patients in the training, development-validation,
and locked-test sets, respectively. Diagnostic evaluation additionally required
the corresponding PI-RADS or Gleason grade group label, yielding 933, 198,
and 194 eligible patients, respectively. All volumes were preprocessed using Sim-
pleITK [14] and MONALI [2]. Each intensity channel was independently clipped
to its non-zero first and 99th percentiles and scaled to [0, 1]. Segmentation and
IQA inputs were centre-cropped to 160 x 160 x 64 voxels, with zero-padding
applied only when a volume dimension was smaller than the target size. For
the diagnostic classifiers, the input channels were first cropped to the prostate-
mask foreground with a margin of (16, 16, 8) voxels and then cropped or padded
to the same spatial size. Training augmentation included random flips, affine
transformations, Gaussian noise, intensity scaling, and intensity shifting. Spa-
tial transformations were applied synchronously across modalities and masks.
Validation and locked-test preprocessing was deterministic.

Implementation Details. All models were implemented using MONAI [2]
and PyTorch [17]. For the prostate-segmentation models used for quality-label
generation and downstream segmentation evaluation, all U-Net models used en-
coder channel widths of (16, 32, 64,128, 256) and were trained for 20 epochs using
AdamW with a learning rate of 10™%, a batch size of 1, and a combined Dice
and cross-entropy loss. The ternary IQA model was trained for 30 epochs using
AdamW with a learning rate of 10™%, batch size of 1, and ordinal-loss weight
A = 0.5. For downstream diagnostic evaluation, separate 3D DenseNet121 clas-
sifiers were trained for PI-RADS > 4 and Gleason grade group > 2. The PI-
RADS and Gleason models were trained for 20 and 15 epochs, respectively,
using AdamW with learning rate 10~4, batch size 1 and cross-entropy loss.

Evaluation Metrics. Ternary IQA performance was assessed using accuracy
(ACC), macro F1 score (m-F1), quadratic weighted kappa (QWK) [5], ordi-
nal mean absolute error (O-MAE), confusion matrix, and class-wise recall. For
downstream task evaluations, prostate segmentation performance was evaluated
using Dice coefficient, intersection over union (IoU), average surface distance
(ASD), and 95th-percentile Hausdorff distance (HD95) [16]. Diagnostic classi-
fication performance was evaluated using area under curve (AUC), balanced
accuracy (B-ACC), sensitivity (Sens.), and specificity (Spec.). Where reported,
95% confidence intervals (95CI) were estimated from 5,000 patient-level boot-
strap resamples, and groupwise diagnostic accuracies were reported with Wilson
95CI. Associations between IQA-derived measures and downstream outcomes
were assessed using Spearman rank correlation [22], reported as Spearman’s p
with exploratory, unadjusted p-values and 95CI where available.

Downstream Evaluation Model Performance. We first evaluated the
downstream models on the locked test set to establish reference performance
for task-amenability and cross-task transfer analyses. The prostate-segmentation
model achieved strong performance across 213 eligible patients (mean Dice 0.919),
while the PI-RADS and Gleason classifiers showed moderate discrimination
across 194 eligible patients (mean AUC 0.699 and 0.680, respectively), provid-
ing case-level variation for evaluating cross-task transfer. These results indicate
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Table 1. Locked-test downstream performance stratified by predicted IQA group.
Segmentation performance was evaluated using Dice, ToU, ASD, and HD95 in 213
eligible locked-test patients, whereas PI-RADS and Gleason classification performance
was evaluated using AUC, B-ACC, Sens., and Spec. in 194 locked-test patients with
diagnostic labels. Values are reported as mean (standard deviation).

Task Group Dice ToU ASD HD95

Reject (n =32)  0.89 (0.06) 0.80 (0.08) 1.40 (0.56) 4.24 (2.76)
Segmentation Caution (n =80) 0.91 (0.03) 0.84 (0.05) 1.14 (0.46) 3.31 (1.52)
Accept (n =101) 0.94 (0.02) 0.88 (0.03) 1.00 (0.27) 2.94 (0.94)

AUC B-ACC Sens. Spec.

Reject (n =29) 0.49 (0.11) 0.42 (0.08) 0.67 (0.11) 0.18 (0.12
PI-RADS Caution (n =69) 0.75 (0.06) 0.69 (0.05) 0.74 (0.08) 0.63 (0.08

Gleason Caution (n =69) 0.60 (0.07) 0.59 (0.06) 0.41 (0.08) 0.77 (0.08

)
)
Accept (n=96) 0.67 (0.06) 0.66 (0.05) 0.56 (0.09) 0.75 (0.05
)
)
Accept (n=96)  0.65 (0.06) 0.58 (0.05) 0.91 (0.04) 0.25 (0.08

(0.11) ) )
(0.06) ( (0.08) (0.08)
(0.06) ( (0.09) (0.05)
Reject (n=29)  0.70 (0.10) 0.60 (0.09) 0.36 (0.15) 0.83 (0.09)
(0.07) ( (0.08) (0.08)
(0.06) ( (0.04) (0.08)

that the downstream models were sufficiently functional and variable to support
subsequent analysis of image-quality amenability and diagnostic transfer.
Ternary IQA Results. We evaluated whether the ternary IQA model, trained
on segmentation-derived labels from the training set, could recover segmentation-
derived reject (35 cases), caution (82 cases), and accept (96 cases) labels on the
locked test set. The trained ternary IQA model achieved ACC 0.577 [95CT 0.512—
0.643], m-F1 0.545 [95CI 0.470-0.616], QWK 0.439 [95CI 0.313-0.552], and O-
MAE 0.479 [95CT 0.399-0.559]. Class-wise recall was 0.429 for reject, 0.512 for
caution, and 0.688 for accept, with the confusion matrix shown in Fig. 1 (a).
Although hard-class separation was moderate, the model preserved the ordinal
structure of the task. The expected ordinal score increased from 0.834 in true
reject cases to 1.136 in caution cases and 1.384 in accept cases, and predicted
quality groups showed a monotonic Dice gradient, as shown in Fig. 1 (b,c). These
findings suggest that the proposed task-specific IQA can recover an operationally
interpretable ordinal quality signal without direct visual quality labels.
Downstream Task Amenability of IQA Model. We evaluated whether
IQA-predicted quality groups reflected downstream task amenability for prostate
segmentation, PI-RADS classification, and Gleason grade group classification.
Specifically, we tested whether downstream performance followed the expected
ordinal pattern, with reject cases performing worst, accept cases best, and cau-
tion cases in between. For the defining prostate-segmentation task, this expected
pattern was clearly observed. Predicted quality groups stratified segmentation
performance in the intended direction, with progressively better Dice and IoU
and lower ASD and HD95 from reject to caution to accept, as shown in Ta-
ble 1 and Fig. 1 (b,c). The continuous IQA-predicted quality score correlated
positively with Dice (p = 0.505, 95CI 0.387-0.606, p < 0.001). The Spearman
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Fig. 1. Locked-test results for the task-specific IQA model (n = 213): (a) confusion
matrix with row percentages; (b) prostate-segmentation Dice by predicted quality; (c)
expected ordinal quality score versus Dice; and (d) Mahalanobis novelty distance versus
Dice.

correlation with IoU was identical because case-level Dice and IoU are monoton-
ically related. The quality score correlated negatively with ASD (p = —0.297,
p < 0.001) and HD95 (p = —0.208, p = 0.002).

For the two diagnostic tasks, the pattern was less consistent, as shown in Ta-
ble 1. PI-RADS classification showed a descriptive improvement from reject to
the higher-quality groups, but the continuous expected quality score was not
significantly associated with PI-RADS correctness (p = 0.092, 95CI —0.053 -
0.231, p = 0.200). Gleason grade group classification showed a weak positive
association between expected quality and correctness (p = 0.165, 95CI 0.038 -
0.299, p = 0.021), but the categorical ordering across reject, caution, and ac-
cept was not strictly monotonic. We also found that the diagnostic confidence
showed a different pattern from correctness: mean confidence was highest in pre-
dicted reject cases for both diagnostic classifiers, as shown in Fig. 2(c), suggesting
that softmax confidence reflected probability extremity rather than downstream
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c) Diagnostic confidence by IQA group
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Fig. 2. Locked-test diagnostic-task analysis (n = 194): (a) ROC curves for PILRADS
and Gleason classifiers; (b) task accuracy across predicted prostate-IQA groups with
Wilson 95% confidence intervals; and (c) mean diagnostic confidence by predicted
group, showing that higher confidence did not imply better task amenability.

correctness or task amenability. These findings indicate that the IQA model
captured clear task amenability for prostate segmentation, while transfer to PI-
RADS and Gleason classification was limited and inconsistent; therefore, the
proposed IQA score should be interpreted as task-specific rather than as a uni-
versal image-quality scale.

Uncertainty and Novelty. We evaluated whether softmax uncertainty and
feature-space novelty provided warning signals beyond predicted quality labels
for prostate-segmentation performance. Softmax confidence correlated weakly
with Dice (p = 0.205, 95CT 0.061-0.340, p = 0.003), while entropy correlated
weakly and negatively (p = —0.171, 95CI —0.309 to —0.030, p = 0.013). Ma-
halanobis distance correlated negatively with Dice (p = —0.322, 95CI —0.450
to —0.179, p < 0.001) and positively with ASD (p = 0.323, p < 0.001) and
HD95 (p = 0.282, p < 0.001). Mean novelty distance was 49.08 in predicted
reject cases, 39.28 in caution, and 33.77 in accept. These results suggest that
unfamiliar feature representations were associated with worse anatomical task
performance, even though novelty was not used to define the quality labels.
Feature-space novelty therefore provided a complementary safety signal beyond
softmax confidence and entropy.

4 Conclusion

This study demonstrates a task-specific prostate MRI IQA framework that de-
fines image quality by downstream task amenability rather than direct visual
ratings. The proposed model recovered an interpretable ordinal quality signal
on a locked-test cohort: although three-class classification was moderate, the
continuous quality score and predicted reject/caution/accept groups showed a
consistent relationship with prostate-segmentation performance. This provides
evidence that prostate MRI quality can be operationalized in a model- and task-
specific manner, enabling automated identification of cases that are more or less
suitable for a defined downstream task. The limited transfer of this prostate-
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segmentation-derived quality signal to PI-RADS and Gleason classification high-
lights an important implication: image quality is not universal, but depends on
the clinical task being supported. Feature-space novelty further added a com-
plementary safety signal by identifying unfamiliar cases associated with poorer
anatomical performance, beyond softmax confidence alone. Together, these find-
ings support task-specific IQA as a practical foundation for prostate MRI quality
control, failure-risk flagging, and future multi-task systems with shared repre-
sentations but task-specific quality heads.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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