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Abstract

Purpose: Deep learning-based analysis of micro-ultrasound images to detect
cancerous lesions is a promising tool for improving prostate cancer (PCa) diag-
nosis. An ideal model should confidently identify cancer while responding with
appropriate uncertainty when presented with out-of-distribution inputs that arise
during deployment due to imaging artifacts and the biological heterogeneity
of patients and prostatic tissue. Methods: Using micro-ultrasound data from
693 patients across 5 clinical centers who underwent micro-ultrasound guided
prostate biopsy, we train and evaluate convolutional neural network models for
PCa detection. To improve robustness to out-of-distribution inputs, we employ
and comprehensively benchmark several state-of-the-art uncertainty estimation
methods. Results: PCa detection models achieve performance scores up to 76%
average AUROC with a 10-fold cross validation setup. Models with uncertainty
estimation obtain expected calibration error scores as low as 2%, indicating that
confident predictions are very likely to be correct. Visualizations of the model
output demonstrate that the model correctly identifies healthy vs. benign tissue.
Conclusion: Deep learning models have been developed to confidently detect
PCa lesions from micro-ultrasound. The performance of these models, deter-
mined from a large and diverse dataset, is competitive with visual analysis of
magnetic resonance imaging, the clinical benchmark to identify PCa lesions for
targeted biopsy. Deep learning with micro-ultrasound should be further studied
as an avenue for targeted prostate biopsy.
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1 Introduction

Prostate cancer (PCa) is the second most common cancer in men worldwide. Early
and accurate diagnosis and staging are crucial for guiding treatment decisions. Cur-
rently, in clinical practice, the detection of PCa involves a systematic biopsy (SB) of
the prostate under trans-rectal ultrasound (TRUS) guidance. Targeted biopsy, using
pre-procedural multi-parametric Magnetic Resonance Imaging (mp-MRI) with the
Prostate Imaging Reporting and Data System (PI-RADS) [1] to identify suspicious
lesions, has been shown to significantly improve the sensitivity of the biopsy procedure
compared to systematic biopsy [2]. However, the need for MRI is prohibitive in many
clinical settings and there is a pressing need to develop biopsy targeting techniques
that rely solely on ultrasound.

While conventional ultrasound has low sensitivity and specificity for cancer detec-
tion [3], micro-ultrasound is a recently developed technology that utilizes high trans-
ducer frequencies to achieve significantly higher spatial resolution than conventional
ultrasound, improving the visualization of tissue microstructure and enabling the iden-
tification of cancerous lesions. The Prostate Risk Assessment using Micro-Ultrasound
(PRI-MUS) [4] protocol is a qualitative method relying on visual analysis of B-mode
micro-ultrasound data for assessing PCa risk having comparable performance to mp-
MRI [5]. However, this protocol is subjective, susceptible to inter-observer variability
and may overlook quantitative information embedded in raw radio-frequency (RF)
micro-ultrasound data, related to tissue micro-structure [6]. Thus, there is a need for
a complementary objective, user-independent, and quantitative PCa detection tools
with micro-ultrasound data.

Deep learning has the potential to contribute to such a tool. In PCa diagnosis, deep
learning has achieved human expert performance levels in PCa histopathology [7] and
has been used in MRI-based PCa detection [8]. It has been applied for ultrasound-
based PCa detection as well, for example from temporal-enhanced ultrasound [9, 10],
contrast-enhanced ultrasound [11], and micro-ultrasound [12-14]. However, PCa detec-
tion from ultrasound is challenging: prostate ultrasound data is highly heterogeneous
due to the large variability in types of cancerous and benign tissue, variations in
patient populations and clinical practices, and the frequent presence of ultrasound
artifacts, making it difficult to train models that generalize well to new patients and
clinical settings. When seeing unfamiliar data, deep learning models have the tendency
to make overconfident but incorrect predictions [15]. This seriously undermines the
user’s confidence in the model as a reliable tool for clinical decision making.

To address this problem, several solutions have been explored. Deep ensembles [16]
have been used for PCa detection from temporal-enhanced ultrasound [9], and for
automatic segmentation of cancerous regions in histopathology slides [17]. Test-time
augmentations have been applied for uncertainty estimation for prostate segmen-
tation [18]. In a previous work [13] we explored the evidential method [19] for



ultrasound-based PCa detection. Although their findings were promising, these meth-
ods were often studied in the context of small or single-center datasets, which likely fail
to capture the variability of data in real-world clinical settings across different popu-
lations. Additionally, common validation techniques such as random splitting of data
risk making overoptimistic performance estimates which may not generalize. Stud-
ies validating models on many patients from multiple clinical centers are needed to
adequately estimate real-world performance of these methods.

Recognizing this need, we perform a study to benchmark the performance of deep-
learning PCa detection models using a multi-center clinical dataset, aiming to obtain
the best possible understanding of how models are likely to perform in a clinical set-
ting. Using a dataset including 693 patients from five clinical centers, we benchmark
numerous models for PCa detection along with state of the art uncertainty calibra-
tion methods. We study the performance of the models for cancer detection and
uncertainty calibration; in addition, we qualitatively evaluate the models via the gen-
eration of cancer “heatmaps”. To maximize the statistical validity of our findings, we
employ a nested 10-fold cross validation scheme. To our knowledge this is the first
multi-center study on uncertainty calibration for high-resolution ultrasound based PCa
detection. Our models were able to detect PCa with AUROC up to 76%. Utilizing
uncertainty calibration techniques, our models can achieve a very good level of uncer-
tainty calibration, meaning that confident predictions are very likely to be correct.
Performance is competitive with both PI-RADS and PRI-MUS systems. These con-
tributions collectively pave the way for accurate and reliable diagnosis and improved
patient outcomes.

2 Materials
2.1 Data

We use data collected from 693 patients who underwent prostate biopsy in five cen-
ters as part of a clinical trial. The trial was approved by institutional ethics boards,
and informed consent was given for the use of data. Systematic sextant biopsy was
carried out under trans-rectal ultrasound (TRUS) guidance using the ExactVu micro-
ultrasound system [20]. The system uses an ultra-high resolution (22.5 MHz center
frequency; upper band range of 29 MHz), 512-element side-firing linear array, captur-
ing images in the sagittal plane. The transducer includes a fixed biopsy needle guide
with an angle of 30 degrees relative to the linear array. Immediately prior to firing
the biopsy gun, a raw RF ultrasound image was saved. Histopathology analysis was
performed to determine the Gleason score (a summary of the presence and aggressive-
ness of cancer in the entire tissue sample) for each core. The scores were converted to
binary indicators of 0 (benign) and 1 (cancer, Gleason score > 7) and assigned as the
core label. In total, the dataset consists of 6607 total cores, of which 5727 (87%) are
benign and 880 (13%) contain cancer. The precise breakdown of grades per center is
in Table 1.



Table 1 Summary of the data, with the number of patients and cores originating from
each center, and the proportion of benign and cancerous cores of different grades.

Center Location Patients Cores Benign GS7 GS8 GS9 GS10
JH Baltimore, USA 60 616 568 32 10 6 0
UVA Charlottesville, USA 236 2335 2018 221 57 28 11
PCC Calgary, Canada 171 1599 1400 162 23 14 0
PMCC  Toronto, Canada 71 588 486 90 12 0 0
CRCEO Quebec City, Canada 155 1469 1255 170 32 12 0
Total - 693 6607 5727 675 134 60 11

2.2 Data Preprocessing

Following the paradigm established in previous studies [13], we perform cancer detec-
tion by extracting patches from the image in a sliding window fashion and predicting
a cancer likelihood score for each patch. The depth and width of the image are 28 mm
and 46.06 mm, respectively. We use a patch size of 5 x 5 mm, which corresponds
to 447 x 55 pixels (axially and laterally) of raw RF data, and we use a stride of
1 x 1 mm. Patches are then resampled to a shape of 256 x 256 pixels to match a
typical convolution network (CNN) input!. For each core, patches overlapping the nee-
dle region are selected and labeled with the core label. Cancer cores may in general
include a combination of benign and cancerous tissues. Therefore, following previous
work [10, 13, 14, 21], only cancer cores with high involvement (defined as at least 40%
cancer by area) are included, ensuring patches extracted from these cores will inter-
sect cancer, and making this labeling strategy valid. At inference time, the model may
be deployed as a “sliding window” to generate a heatmap of cancer likelihood for any
larger region of interest in the image.

2.3 Cohort Selection

In order to provide the best estimates of how the model may generalize, we use a nested
10-fold cross-validation scheme. The patients are divided into 10 folds with an equal
number of patients from each center in each partition. To ensure generalization across
centers, an additional leave-one-center-out cross-validation scheme was also tested
for a subset of the experiments. Naive K-fold cross-validation yields over-optimistic
estimates if the test performance is used to tune hyperparameters for training. Hence,
we use a nested cross-validation scheme where for each fold, the training set is further
subdivided into training (80% of patients) and validation (20% of patients) sets. This
validation set is used to select the best-performing model from each training run,
and for temperature calibration (further explained in Section 3.4). Following patient
selection, cores are selected as follows: similar to previous work [10, 13, 14, 21], only
cancer cores with involvement of more than 40% are included. Benign cores in the
training (but not testing and validation) set are randomly undersampled to match the
number of cancer cores, to address the class imbalance in the data.

1Because the RF signal is band-limited, no loss of information occurs in resampling.
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Fig. 1 Preprocessing a micro-ultrasound image into patches. (1) Delineation of the needle region and
selection of patches within that region. (2) Labelling of cores via histopathological analysis of tissue
retrieved from the core during biopsy. (3) Patch extraction and labeling according to the core label.

3 Methods

Here, we describe our basic learning paradigm (baseline), followed by state-of-the-art
uncertainty quantification methods we evaluate, and how we improve the calibration
of uncertainty estimates.

3.1 Baseline

Our deep learning model consists of a feature extractor fy(-) which maps an input
patch X to a 512-dimensional feature representation, followed by a classification head
9o (-) which maps the feature representation to a scalar value representing the log-
probability that the patch contains cancer. For the feature extractor fy(-), we use a
modified ResNet18 [22], where each residual block has only one sequence of convo-
lution, activation, and batch normalization (compared to the original paper, where
2 such sequences are used per block). This modification empirically improves perfor-
mance, possibly by mitigating overfitting [13]. This feature extractor architecture is
used for all methods studied. The classification head g4(-) is a single linear layer. Both
components of the model are trained using supervised learning with cross-entropy loss
Z(X,g)edata —glog(y) — (1 —9)log(1l —y)), where ¢ is the binary label assigned to the
patch based on pathology findings.

3.2 Uncertainty Estimation

Deep ensembles [16] involve several models independently trained with different
parameter-initializations, where their predictions are aggregated. In other words, with
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Fig. 2 Visualization of the deep ensemble architecture. Left: n models are trained to classify patches
as benign or cancer. The output vector y(*) of model i is a 2x 1 vector of logits. Right: The predictions
made by each model are averaged to produce a final prediction y for the batch. The maximum softmax
probability of y is then used as an uncertainty score.
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the set of parameterizations {(0;, ¢;)|i = 1, ..., N} arising from N independent training
runs, we have the ensemble prediction:

1 N
i = 57 2 90 (0, (X)). 1)

We train each model in the ensemble using the baseline method described in Subsection
3.1, and N = 10 models are used. Due to multiple inferences from separate models
being required, deep ensembles greatly increase computational costs. Hence, we also
study two leading methods in single-model uncertainty as a potential alternative.
Spectral normalized Gaussian processes (SNGP) [23] make two modifications to the
baseline method. First, spectral normalization [23] is applied to the weight matrices of
the model, which enforces Lipschitz continuity of the feature extractor fy. Informally,
this means approximate distance preservation between the data manifold and the
representation space. Second, the linear classification head is replaced by a Gaussian
process classifier with a finite-dimensional approximation of the radial basis function
kernel, allowing end-to-end training of the Gaussian process. Gaussian processes are
guaranteed to have higher uncertainty for inputs that are very different from the
training data, yielding better uncertainty estimation than a typical linear layer [23].
The IsoMaxPlus [24] method learns prototypes for each of the K classes, {p;|i =
1,..., K}, in the feature space. The probability of class i given input X is calculated



as follows:

exp (= K - D(fo(X),pi)) @)
Siiexp (= K- D(fo(X).py)
where D(z,y) = ||||$TH - HZ—”H is the Euclidean distance between normalized vectors,
and K is a learnable scaling factor. This improves uncertainty estimates for OOD data
since the features for these data are likely to be far from all prototypes.

P(yi| X) =

3.3 Temperature Calibration

Temperature Calibration (TC) [15] is a simple method for dealing with poor uncer-
tainty calibration of neural networks. Given trained feature extractor fy and classifier
g, two additional scalar parameters 7 and /3, respectively called the temperature and
bias, are added to slightly adjust the model’s outputs via:

g =0(gs(fo(X))/7 + B). 3)

These parameters optimized to minimize the total cross-entropy loss on the validation
set, while the model is in evaluation mode, i.e. with batch normalization and dropout
disabled. For ensembles, we may apply temperature calibration to each member in
the ensemble (early TC), or calibrate the aggregated predictions of the ensemble (late
TC).

3.4 Evaluation Methods

The proposed methods are aimed for use as detection models which would be applied as
a “sliding window” across an ultrasound image. The scores from multiple overlapping
small patches are taken in the aggregate to identify overall suspicious regions and
biopsy them. To simulate this aggregation, we apply our models to each patch within
the needle trace region for a core and average their predictions into an overall core-
level prediction. We measure the AUROC, sensitivity, and specificity when comparing
this prediction to the biopsy ground truth.

To measure uncertainty calibration, we used the Expected Calibration Error
(ECE) [15], and Brier score [23]. We use the probability assigned to the predicted class
(also called the maximum softmax probability [23]), as a measure of model confidence.
These metrics are computed at the patch-level. In addition, we perform performance-
rejection analysis: for various rejection rates r between 0 and 100%, “reject” the r
lowest-confidence predictions and compute the AUROC score for the remaining pre-
dictions. The AUROC is expected to increase at the cost of making fewer predictions,
and the best model would have the best trade-off between the highest AUROC relative
to the number of rejections needed to achieve that AUROC.

Finally, we qualitatively analyze the models by displaying their probability scores
as heatmaps overlaid on the B-mode rendering of the corresponding ultrasound image.
We also simulate the “reject” option by displaying versions of the heatmaps where low
confidence predictions are made transparent.



4 Results

4.1 Quantitative Evaluation

Table 2 Evaluation of different learning frameworks based on classification performance
and uncertainty calibration. Each model is also tested with and without temperature
calibration (TC). Classification metrics are computed from core-wise predictions, and
uncertainty metrics from patch-wise predictions. The best results for each column are
shown in bold.

Method ‘ AUROC 1 Sens. T Spec.t ECE] Brier|

Baseline 74.1+4.6 659+73 694438 114493 48.6+3.7
Baseline + TC 75.0£4.5 65.5+71 70.8+35 2.7£28 449+£5.6
IsoMaxPlus [24] + TC 72.7+£7.6 70.5+9.1 643+6.1 101452 43.4+1.7
SNGP [23] 75.5£5.6 679+79 702434 6.0£40 45.0£23
SNGP [23] + TC 74.7£6.0 67672 670+47 2.1+£13 43.6+1.2
Ensemble [16] 75.8£5.6 63.3+19.3 70.24+21.5 86+£68 43.7+21
Ensemble [16] + early TC | 76.0 £5.7 67.6+74 702+38 324+19 42.7+1.2
Ensemble [16] + late TC | 75.8 +5.6 68.0+£83 703+39 23+12 428+1.5

The quantitative performance benchmarks for 10-fold cross validation are shown
in Table 2. As seen, most methods have an overall similar classification performance
of 75% AUROC, with a small absolute difference (3% between the best and worst
performance). The ensemble method exhibits a small improvement in AUROC and
sensitivity compared to the baseline. The IsoMaxPlus method obtains the lowest per-
formance of all models, with an AUROC score of 72.7%, 1% lower than that of the
baseline. Leave-one-center-out cross-validation results are similar in aggregate and per-
center performance, indicating that generalization to new centers does not entirely
depend on the presence of data from those centers in the training set. There are differ-
ences in the performance of the models across centers regardless of the cross-validation
approach, with PCC and JH typically performing about 10% worse than the average.

In terms of uncertainty estimation, there is a clear advantage to using temperature
calibration, as all models exhibit an improvement of 4-9% in ECE and 2-5% in Brier
score. Overall, the SNGP model obtains the lowest ECE score at 2.1% (9% improve-
ment over the baseline), while the deep ensemble method obtains the lowest Brier
score at 42.7% (5% improvement over the baseline). The IsoMaxPlus method exhibits
the second highest ECE score (10.1), only 1% improvement better than the baseline
ECE score, and 7% worse than the baseline + TC method’s ECE score.

The performance-rejection analysis is shown in Figure 3. Most methods show a
monotonically increasing AUROC when rejecting low-confidence patch predictions,
indicating good uncertainty calibration. The exception is IsoMax, which shows a drop
in performance for the highest confidence predictions. For core-wise predictions, all
models exhibit a drop in performance at the highest rejection rate, with the exception
of the baseline. The IsoMaxPlus method shows a severe drop in performance at the
highest threshold, and the Ensemble and SNGP methods show a less significant one.
As can be seen from both plots, deep ensemble has the highest AUROC at every



rejection percentage for patch predictions, and has the highest AUROC at the majority
of thresholds for core predictions.
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Fig. 3 AUROC for patch-wise predictions (left) and core-wise predictions (right) as the lowest
confidence predictions are rejected. Lines represent means and bands represent the 50% confidence
intervals across the 10 folds.

4.2 Comparison with clinical benchmarks

Table 3 Comparing the performance of our best model with clinically
established biopsy targeting methods as reported in clinical studies.

Method No. Patients Sens. Spec. B. Acc.
PI-RADS + mp-MRI [1] 576 88 45 66.5
PI-RADS + mp-MRI [25] 1024 90 22 56
PRI-MUS + micro-ultrasound [25] 1024 94 22 58
PRI-MUS + micro-ultrasound [26] 139 92 44 68
Deep Ensembles + micro-ultrasound (ours) 693 68 70 69

Table 3 shows the comparison of our highest performing method with the perfor-
mance of biopsy targeting protocols in clinical use as reported in clinical studies. Visual
analysis of mp-MRI using PI-RADS is historically considered the clinical standard and
has high sensitivity but relatively low specificity. Visual analysis of micro-US using the
PRI-MUS protocol has a slightly higher range of reported specificity than mp-MRI,
with similar sensitivity. Our proposed method has a sensitivity that is around 20%
lower than PI-RADS or PRIMUS (68% versus a range of 88%-94%), but has signifi-
cantly higher specificity (70% versus a range of 22% to 45%. Balanced accuracy scores
are similar between our method and the range observed for PI-RADS and PRI-MUS.
Although comparison is limited by the fact that these studies used different popu-
lations, in general our method performs competitively, underlining its potential as a



useful clinical tool. The higher specificity potentially provided by our method is valu-
able, as the low specificity of mp-MRI can be associated with superfluous biopsies or
inappropriate treatment [27].

4.3 Qualitative evaluation

Figure 4 shows the prediction heatmaps overlaid on the ultrasound image for two
cancer and two benign cases, using the Ensemble + Late TC method, and increasing
rejection of low-confidence predictions moving from left to right. The model’s output
generally matches the corresponding biopsy results. Cancer predictions which remain
even at high rejection rates (i.e. are confident predictions) are likely to correspond to
true cancer, and such regions could be targeted for biopsy.

Prediction Heatmaps

Label | Reference I r=0% I r=20% I r=40% I 1=60%

Benign

Cancer (GS7) |

Benign

Cancer (GS10)

Fig. 4 Visualizing deep ensemble’s predictions at four uncertainty thresholds representing rejection
rates (r) of 0%, 20%,40% and 60%. Cancer and benign predictions are highlighted in red and blue,
respectively. The prostate region is outlined in purple and the needle trace region is outlined in yellow
in the second column.

5 Discussion and Conclusion

As shown in Table 2 and Figure 3, deep ensembles with TC achieve the highest
classification performance and the best overall Brier score. SNGP with TC also per-
forms well, but lags behind in terms of Brier score and overall reliability with regards
to performance-rejection analysis. Despite its simplicity, TC yields the best gains in
uncertainty calibration, even compared to SNGP and IsoMax which currently state-
of-the-art methods in computer vision. Key differences in our dataset compared to
benchmark computer vision datasets may explain the mediocre performance of the
latter two methods: first, the methods make the assumption that the training dataset
is “clean”, i.e. that the types of data contained therein all represent the types of data
that one would want to make confident predictions for — second, they assume low
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amounts of irreducible uncertainty (for instance, most training examples in computer
vision are clearly distinguishable by human annotators). However, our dataset is not
“clean” in this sense - it contains many instances of imaging artifacts, where one would
not want to make confident predictions, but which cannot be excluded from training,
as well as irreducible uncertainty due to limitations of the imaging modality.

A noteworthy finding of our study is that the accuracy of the models’ predictions
depends on the zonal anatomy of the prostate. Our observations suggest better perfor-
mance of the models in the peripheral zone than in the central and transitional zones.
Tissue micro-structure varies by zone, and the appearance of cancer is known to be
different between zones [28]. It is perhaps not surprising that our model learned the
features of cancer for the peripheral zone, since 80% of cancers are in the peripheral
zone, and the needle trace predominantly intersects with the peripheral zone tissue
due to its proximity to the rectal wall. To improve cancer detection in the anterior,
transition, and central zones, future studies should incorporate transperineal biopsy
data, which better sample these zones. Our results also suggest worse performance
at certain centers independent of whether or not training data from that center were
used. More research is needed to determine factors influencing these differences, which
could be due to operator technique or patient populations.

A limitation of our study is that we did not evaluate the models’ performances on
cores with very low involvement of cancer. Due to this limitation, we cannot conclude
whether or not our method would be able to identify very small cancerous lesions. This
is in part due to the method of aggregating predictions by simple averaging. In addi-
tion, all imaging acquisitions used in our study had the same imaging settings, such as
depth, focal depth, and transducer frequency. Although these are realistic operating
conditions for the system, the models are not guaranteed to generalize if these settings
were changed. The comparisons of Section 4.2 on clinical benchmarks are based on
values reported from clinical studies on different patient populations. Further studies
are needed to directly compare deep learning methodologies with clinical benchmarks
on common data and better establish clinical conclusions. Finally, racial/ethnic infor-
mation for study participants were not collected in our dataset, preventing us from
analyzing the connection between these characteristics and model performance, which
should be a priority in future work to ensure fair generalization of the models.

Despite these limitations, the potential impact of this work is clear: deep learning
methods with uncertainty estimation are a potential solution for direct ultrasound-
based biopsy targeting using micro-ultrasound. They have performance that is
competitive with PI-RADS and PRI-MUS. Additionally, their strong uncertainty
calibration gives a useful “rejection” option by which a clinician could adjust the
uncertainty threshold to achieve a desired level of performance and fall back to stan-
dard protocols when confident predictions are not available. A possible implementation
would be to run the model in real time during biopsy procedure, visualize its pre-
dictions as heatmaps, and acquire biopsy samples from confident cancer predictions
in addition to the systematic biopsy cores. Based on the findings of this study, this
method has the potential to improve the cancer yield of the biopsy procedure compared
to PRI-MUS-based targeting alone or no targeting. Future prospective validation and
clinical studies should investigate the efficacy of this strategy.
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