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Gradual Self-Training via Confidence and
Volume Based Domain Adaptation for Multi
Dataset Deep Learning-Based Brain
Metastases Detection Using Nonlocal
Networks on MRI Images

Andrea Liew, I\/IEng,1 Chun Cheng Lee, MD, MRAD,? Valarmathy Subramaniam, MD, MMED,?
Boon Leong Lan, PhD,"? and Maxine Tan, PhD"**

Background: Research suggests that treatment of multiple brain metastases (BMs) with stereotactic radiosurgery shows
improvement when metastases are detected early, providing a case for BM detection capabilities on small lesions.
Purpose: To demonstrate automatic detection of BM on three MRI datasets using a deep learning-based approach. To
improve the performance of the network is iteratively co-trained with datasets from different domains. A systematic
approach is proposed to prevent catastrophic forgetting during co-training.

Study Type: Retrospective.

Population: A total of 156 patients (105 ground truth and 51 pseudo labels) with 1502 BM (BrainMetShare); 121 patients
with 722 BM (local); 400 patients with 447 primary gliomas (BrATS). Training/pseudo labels/validation data were distrib-
uted 84/51/21 (BrainMetShare). Training/validation data were split: 121/23 (local) and 375/25 (BrATS).

Field Strength/Sequence: A 5 T and 3 T/T1 spin-echo postcontrast (T1-gradient echo) (BrainMetShare), 3 T/T1 magnetiza-
tion prepared rapid acquisition gradient echo postcontrast (T1-MPRAGE) (local), 0.5 T, 1 T, and 1.16 T/T1-weighted-fluid-
attenuated inversion recovery (T1-FLAIR) (BrATS).

Assessment: The ground truth was manually segmented by two (BrainMetShare) and four (BrATS) radiologists and manu-
ally annotated by one (local) radiologist. Confidence and volume based domain adaptation (CAVEAT) method of co-
training the three datasets on a 3D nonlocal convolutional neural network (CNN) architecture was implemented to
detect BM.

Statistical Tests: The performance was evaluated using sensitivity and false positive rates per patient (FP/patient) and free
receiver operating characteristic (FROC) analysis at seven predefined (1/8, 1/4, 1/2, 1, 2, 4, and 8) FPs per scan.

Results: The sensitivity and FP/patient from a held-out set registered 0.811 at 2.952 FP/patient (BrainMetShare), 0.74 at
3.130 (local), and 0.723 at 2.240 (BrATS) using the CAVEAT approach with lesions as small as 1 mm being detected.

Data Conclusion: Improved sensitivities at lower FP can be achieved by co-training datasets via the CAVEAT paradigm to
address the problem of data sparsity.

Level of Evidence: 3

Technical Efficacy Stage: 2
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rain metastasis (BM) occurs in 10%-26% of patients

with cancer, making it the most common brain tumor.
Given the high-contrast resolution and thin voxel capability,
MRI with intravenous gadolinium enhancement is the imag-
ing modality of choice for BM detection." BM can be treated
with radiation therapy, performed by the radiation oncolo-
gists. This includes whole brain radiation therapy (WBRT)
for widespread BM; and stereotactic radiosurgery (SRS),
which provides targeted treatment to individual metastasis up
to submillimeter accuracy.”

As awareness increases, early brain MRI screening has
been carried out to detect BM for cancer patients, especially
for those with neurological symptoms like headache, para-
nesthesia, or weakness. Early brain MRI screening enables
detection of BM at the early stages, usually presented in
smaller size (in the range of millimeter) and number. SRS is
particularly useful to treat the BM at the early stages.’

Brain MRI is analyzed by a neuroradiologist and each
BM is detected and labeled on a workstation, so that the radi-
ation oncologist can subsequently use to treat the BM with
SRS (Fig. 1). Hence, the accuracy of BM detection, mostly in
the range of millimeter, heavily relies on the experience of the
neuroradiologist. Observer error is a known factor that con-
tributes to missed BM, which will lead to delayed treatment
with SRS.

To date, there is no clinically accepted autonomous
computer aided detection (CAD) feature for BM detection.
Recent state-of-the-art results achieved in brain glioma
segmentation,” lung nodule detection® and ischemic stroke
lesion segmentation® are based on deep learning methods
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using convolutional neural networks (CNNs). The speed of
progress in primary brain cancer detection methods compared
to BM detection can be attributed to the widely available
BrATS dataset.”” A handful of work using deep learning on
BM is found in the literature.'™"® To improve sensitivity
and reduce false positive (FP) detections of BM, two-stage
pipelines were proposed that use Laplacian of Gaussian opera-
tors in generating regions of interest'’ and using FP reduction
methods as a postprocessing step.'’ While two-step methods
proved effective, CNN-based single-pass methods such as
modified GoogLeNet'> and DeepMedic'® are preferred
because of its simplicity. To achieve performances on par
with two-step methods, our work explores enhancements to
the network from an architecture and training strategy
standpoint.

Convolutional operations are building blocks of CNNss,
which are primed to extract information from their local
neighborhood. In 3D medical detection, convolutions may be
insufficient to capture information beyond the scope of their
convolutional kernel. In this regard, attention and squeeze
and excitation methods highlight regions of interests through
saliency maps.'*'” However, these methods evaluate an over-
all map from feature maps, which is less precise than nonlocal
blocks as the latter model long-range dependencies at each
pixel position.'® The nonlocal block’s approach to model a
pixel’s response in relation with the entire volume is advanta-
geous in detecting BM that are observable across a few
slices.'®
In practice, we are not able to dictate the input modali-
ties for the CAD system—this requirement varies in each
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FIGURE 1: Representative axial slice of a brain MRI study. (a) Original image from T1 spin-echo postcontrast sequence
(b) corresponding ground truth provided by BrainMetShare and (c) resulting bounding box with coordinate locations of the tumor
centroid generated by connected component analysis and considered as ground truth for the detector network on the

postprocessed image
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radiology department acquisition protocols. By training mul-
timodal data on an input dropout layer, previous work has
shown negligible effect of missing modalities on the net-
work.'” However, this limits the network to having a fixed
type of multimodal data with some missing modalities.

It is widely accepted that to sufficiently train the neural
network, large volumes of annotated data are required to
achieve good results. The original Faster-RCNN' paper was
benchmarked against the PASCAL VOC 2007, which con-
tained 5000 training and 5000 test images.'® In contrast, a
Faster-RCNN used in BM detection used 73 patients for
training and 48 for testing.'' The scarcity of data is more
pronounced in medicine, from concerns of ethics in data col-
lection to getting a team of radiologists to dedicate time on
top of their daily workload to process the MRI images in the
dataset. Models Genesis demonstrated that a model trained
on chest CT images contained domain-transferable qualities
for other different domain medical datasets.'” However,
same-domain training is favored over training on different
domains because of the smaller knowledge gap in learned
representations.

Model performance is measured by its ability to general-
ize on unseen test data. Oftentimes, a model trained on a
homogenous data source will not perform well when pres-
ented with data from different acquisition protocols or differ-
ent hospitals.”® This phenomenon is common in medical
data where different contrast, settings, machines, and modali-
ties could cause domain shifts. Self-training paradigms that
incorporate unlabeled data and auxiliary datasets have been
shown to narrow these domain gaps.'”?!

In this article, we aim to:

1. detect BM using a 3D CNN-based object detection
method through efficient use of nonlocal networks
through a single-channel network using data from various
MRI sequences;

2. develop a method to leverage-specific characteristics in
data for domain adaptation via gradual self-training to pre-
vent catastrophic forgetting; and

3. improve the performance (increase sensitivity and reduce
FP) of the BM detection network by incorporating a multi
dataset strategy and leveraging out-of-domain data from
public datasets.

Materials and Methods

The internal ethics review board approved the use of the local
dataset in this study (reference number: 2019-19668-35727). Since
the study is retrospective, the requirement for written informed con-

sent was waived.

Local MRI Dataset

The authors obtained the head MRIs database of patients with meta-
static brain cancers, which were candidates for Gamma Knife ther-
apy collected from 2017 to 2020. One hundred and twenty-one
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patients were included in the dataset with the following inclusion
criteria: 1) at least one lesion in the scan and 2) a 3D post-
gadolinium T1-MPRAGE sequence (three-dimensional T1 magneti-
zation prepared rapid acquisition gradient echo).

All images were obtained from a 3 T MRI scanner (SIEMENS,
Erlangen, Germany). The acquisition parameters for 3D T1-MPRAGE
sequence were as follows: matrix = 256 X 256 x 192; slice
thickness = 0.90 mm; pixel spacing = 0.90-0.93 mm; TE = 2.32—

249 mse; TR = 1900-2000 msec; TI = 900 msec; flip
angle = 8°-9°.
Public MRI Datasets

The authors used two publicly available datasets for multi-
institutional and domain-shifted data, named BrainMetShare and
BrATS 2021. Both datasets consist of ground truth masks, which
delineate the entire tumor volume for BM segmentation tasks. In
BM detection, a tumor volume is identified by the coordinate of its

centroid.

BrainMetShare DATASET. This dataset provided by Stanford
University contained 156 patients (105 for the training and 51 for
the validation set) with at least one cerebral metastasis.'> From the
four sequences presented in this dataset, only the T1 spin-echo post-
contrast sequence was selected as training data, to conform with the
local dataset which utilizes a single sequence (see Table 1 for demo-
graphic data). The entire ground truth segmentation mask was used
in determining the centroid of the tumor volume.

BrATS 2021 DATASET. The BrATS 2021 dataset is arguably the
largest and most dominant dataset in brain tumor segmentation con-
taining 1251 patients with four multiparametric MRI (mpMRI)
scans with ground truth annotations by four radiologists.”” Lesions
originate from primary brain cancers and the MRI sequence used for
training are T1-FLAIR images. For the evaluation of centroids, only
the tumor core regions of the ground truth segmentation masks with
labels 1 and 2 were considered; the edema regions (label 4) were
omitted.

Image Ground Truths of BM Detection

BrainMetShare dataset was annotated by two neuroradiologists with
8- and 2-years’ experience by manually delineating regions of interest
on each slice of post-Gd 3D T1 weighted IR-FSPGR sequence with
guidance from 3D FLAIR and post-Gd T1-weighted spin echo on
OsiriXMD software package (v. 8.0; Geneva, Switzcrland).I2

BrATS data were manually annotated into four regions
(namely edema, tumor core, enhancing core and nonenhancing core)
by up to four experts using a standardized annotation protocol given
in the literature® using co-registered T1, Tlc, T2 and FLAIR MRI
contrasts.

On the local dataset, postgadolinium T;-MPRAGE sequences
were interpreted by a clinical interventional radiologist with 10 years
of experience (C.C.L), on a Carestream workstation (New York,
USA). The lesions were manually marked using “Response Evalua-
tion Criteria in Solid Tumors” (RECIST) guidelines on key slices
and saved as DICOM Key Images for future reference (22).
Depending on the size and shape of the metastases, every metastasis
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BrainMetShare Dataset
Gender Male: 51

Female: 105
Dataset type BM
Primary cancer Lung: 99

Breast: 33

Skin/melanoma: 7
Genitourinary: 7
Gastrointestinal: 5
Miscellaneous: 5

<3: 64 (41%)
4-10: 47 (30%)
>10: 45 (29%)

Number of lesions

*Numbers indicate the number of patients.

TABLE 1. Patient Demographics of BrainMetShare, Local Dataset, and BrATS Dataset*

Local Dataset BrATS Dataset

Male: 56 Male: N/A
Female: 65 Female: N/A
Total: 1251
BM Glioblastoma multiforme
Breast: 3 Glioblastoma multiforme: 1251
Pituitary: 3
Lung: 12
Skin: 1
Spinal cord: 2
Colon: 1
Unknown: 99

<3: 85 (71%)
4-10: 27 (21%)
>10: 9 (8%)

<3: 1251 (100%)

was described by one or two of RECIST diameters accompanied
with a length (in mm or cm) to measure the lesion extent.

Convolutional Neural Network Details

NLMET: NONLOCAL BM DETECTION NETWORK. The
model was based on N-Net, a lung cancer detector for computed
tomography (CT) images that won the Data Science Bowl Lung
Cancer Detection Competition.” Due to the parallels of size and
multiplicity in lung nodules and BM, our work used the competi-
tion winning lung nodule detector architecture as the basis for BM
detection.” The proposed model was implemented on Pytorch
framework (v1.4.0; Meta Al, New York City, New York), Python
(v3.8.5; Python Software Foundation, Delaware, USA), on a
standard PC with 2 NVIDIA GeForce RTX 2080 Ti (Santa Clara,
California, USA).

The backbone of N-Net contained a UNET-like structure
with four down-sampling blocks and two up-sampling blocks. The
last two blocks (see Fig. 2b) were replaced by a region proposal net-
work (RPN), consisting of two CNN layers with 1 x 1 X 1 kernels,
which produced an output of 24 x 24 x 24 x 5 x 3. This output
tensor represents every location in 24 X 24 x 24 with three anchors
of sizes 10, 15, and 20 and the five regression values, corresponding
to the probability, coordinates in x, y, z and the length of the
bounding box. The probability is an objectness score provided by
the RPN, which represents the degree of certainty which the location
contains a metastases. This objectness score will be used in pseudo-
labeling of the BrainMetShare dataset in our gradual domain adapta-
tion method.

To increase depth in the UNET, residual units from>® were
introduced in the down-sampling path (see Fig. 2¢). Each convolu-
tion layer was followed by batch normalization. The original N-Net
architecture used for lung nodule detection consisted of an input
block with coordinate locations of the input crop in relation to the
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position of the lung.” This location information is on the pretext
that malignant lung nodules are typically found at the edge of the
lungs. In NLMET, this we omit the location block because BMs
can be found anywhere in the brain.**

Due to GPU memory limitations, we reduced the crop size
from 128 to 96 with a batch size of 4. However, smaller crop sizes
tend to demonstrate lower accuracy in various CNN architectures.*”
To overcome this limitation, we integrated a nonlocal block at the
skipped connection. In the UNET, these skipped connections com-
pensated for the loss of spatial information during deconvolution.
However, skipped connections utilize feature maps in early layers,
which do not have sufficient contextual information for differentia-
tion of background and regions of interest within the volume. Non-
local blocks were retrofitted into the skipped connections to evaluate
attention in volumetric MRI data (see Fig. 2a). For computation
efficacy, our method placed the nonlocal block only at the first
skipped connection to provide contextual information to the up-
sampling path (see Fig. 2b). A subsampling trick was also applied on
the nonlocal blocks via max-pooling layers to reduce computational
complexity. In Fig. 2d, we have proposed another placement of the
nonlocal block at the skipped connection to compare the perfor-
mance of the two configurations. Our model is called nonlocal BM
network (NLMET) for short.

TRAINING DETAILS. The previously defined three datasets were
used for training the network. Prior to training, all images were skull
stripped by applying the brain mask generated by the BrainMaGe
package.”® All non-zero intensities below 0.2% and above 99.8%
quantiles were clipped. All images in the datasets were then normal-
ized to a [0-1] range via min—max normalization. To transform the
BM segmentation datasets for use in BM detection, the coordinate
of the centroid of the tumor is obtained through 3D connected
component analysis of the ground truth mask (see Fig. 1). A lesion
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a Non-local block

b Architecture of NLMET

Input
64 x24x24x24
32x 13824 32 x 13824 32x 13824
xIx1 IX1x1 IxIx1
size 3
channels
32 x1728 1728 x 32 32x13824 24 Convl 96
X
Conv2
64x24x24 32x 15824 1728 x 13824 32 %
x24 32x24x24
x24 64 Res Block 1 48
64 x24 x 24
+ x4 I
Output 64 Res Block 2 24
. N . Res Block 3
C Residual Unit within a Residual Block 64 12
Input 64 ResBlock4 6
./
Convolution 64 Deconvl 12
| 64 ResBlock5 12 JL
Batch Norm
RELL + 64 Deconv 2 24
v 128 Res Block 6 24
Convolution
v 12 Conv3
Batch Norm 8 24
\I 5x3 Conv4 24
Addition
\l, output: 13824 x 5 x 3 (anchors)
RELU
d Placement of non-local blocks .
Key:
64 Res Block 2 24 64 Res Block 2 24 @3 Non-local block
° [ ]
° L4 Residual Block which
o : Res Block contains 3 residual units
@ : :
Y [}
° o Non-local Brain Metastases
° ® NLMET Detection Network
+ 64 Deconv 2 24 + @ 64 Deconv 2 24 )
Conv All Convolutional kernels are 3x3x3
128 Res Block 6 24 128 Res Block 6 24 with a padding size of 1
Every deconvolutional layer has a
Deconv stride of 2 and kernel size of 2

i) Non-local block placement for ii) Non-local block placement for
NLMET Configuration 1

FIGURE 2: Architecture diagram of major components. (a) Nonlocal block, (b) NLMET, (c) residual units within a residual block, of the

NLMET BM detection network, (d) placement of nonlocal blocks in NLMET and configuration 1.
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was described as a cube with length equivalent to the longest
lesion size.

During training, patches of size 96 x 96 X 96 were sampled
randomly within the centroids of the lesions. We omitted sampling
negative patches as the background area (negative samples) outnum-
ber the lesions found in a training patch. Additionally, negative hard
mining was implemented to only select the top # negative samples
to be considered in the loss function. In our work, we
used £ = 2*batch_size.

An adaptive learning rate was used with an initial rate of
0.001 for the first half of the epochs, reduced to a factor 0.1 of the
initial rate till the 80th percentile of epochs and finally to a factor
0.01 for the remaining epochs.

LOSS FUNCTION. Let the ground truth of a training input patch
be defined as 7 = [tx, tys bz td} where there are /V instances of gro-
und truth lesions. The output from NLMET describes a bounding
box for an anchor, B= [ ép, b, b},, by, éd} where x,7, z are coordi-
nate locations and d is the bounding box length (or lesion diameter)
and its corresponding probability, &,.The first part of the loss func-
tion Lysg is a mean-squared error loss, only the lesions are consid-
ered. Lysg is the L2-norm between the bounding box coordinates
and the ground truth, where N is the number of ground truth
lesions, defined as:

N

1 2
Lyise :ﬁz (£ —by)

1

The second loss, Lyc is the binary cross entropy of 4, and its gro-
und truth ¢,. Note that g, € {0, 1} where 0 is the background sam-

ples and 1 is for lesion candidates.

Lyce :gplog (bp) + (1 _gp> log (bp)

The loss function Ly for each anchor box is the sum of both

losses defined as:

Lpox = Lymse + Lpcg

INFERENCE DURING TESTING. Due to GPU memory con-
straints, it was infeasible to obtain the output using a single pass of
the network. Instead, the image was split into 96 x 96 x 96 patches
in a sliding window fashion—with a window of 32 pixels. The out-
put (x,7,z,7,p) from all the patches will result in proposals. The
combined patches are processed with non-maximum suppression
(NMS) to remove ovetlapping proposals.

STATISTICAL ANALYSIS. The model’s capacity to detect metas-
tases was determined by measuring the detection sensitivity and FP
rate per patient (FP/patient). Free receiver operating characteristic
(FROC) curves were generated at seven predefined FP rates per
patient: 1/8, 1/4, 1/2, 1, 2, 4, and 8. To ensure consistency, scripts
were adapted from those provided to evaluate lung cancer detection
in the LUNA Challenge.”” This script was implemented on the
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Python package (v3.8.5; Python Software Foundation, Delaware,
USA), with Scikit-learn (v1.0.1), Matplotlib (v3.5.1) libraries.

To determine the impact of the nonlocal block on the original
model’s performance, we compare the sensitivity and FP/patient of
NLMET with the original N-Net. To compare the sensitivities of
both networks, we use a FP/patient of approximately 4.

In this work, we are presented with datasets with limited sam-
ple size (the ground truth from the BrainMetShare Validation
dataset is not accessible); therefore, we employ a 5-fold cross valida-
tion (CV) method to evaluate the overall performance of NLMET.
The data are partitioned into five equal folds; 4-fold are used to train
the network while the remaining fold is retained as the test set.
Training is performed on four folds, until each fold has been used
once as the test set (in our case, training is repeated five times). The
average sensitivity and FP rates are taken from the five test folds.
The train-test data split is generated using Scikit-learn (scikit-learn v
0.24.2) k-fold function to eliminate bias.

The CAVEAT method is tested on the test fold with the
median sensitivity and FP rates within the five test folds, instead of
re-running the experiments in a 5-fold method for every iteration
due to time constraints.

Consider a candidate lesion / in a 3D volume described by
coordinates (x;, J’l) at slice z; within a cube with length ;. Con-

sider an annotated metastasis from the ground truth g given by
[xg, yg,zg,dg] where (xg, yg) are the coordinates of the centroid

location of bounding box with length 4, at slice z,. A candidate
lesion was a true positive with respect to ground truth ¢ when the

condition in Eq] was satisfied:

2
[xg — x;] ’ + {yg _}’1} + [zg — z[] 2e dz .. lisatrue positive

(1)

CAVEAT: Gradual Self Training Through
Confidence and Volume Based Domain Adaptation
Here, the methods used to co-train the datasets will be described.
We present three datasets for training NLMET, consisting of two
BM datasets and an auxiliary dataset containing primary brain cancer
patients. The first BM dataset contains labeled data from the local
dataset. In the second BM dataset from BrainMetShare, we utilize
labeled data from the training set and also unlabeled data from its
validation set. Lastly, we utilize a primary brain cancer dataset con-
taining labeled data from BraTS.

In every batch, a 1:2:2 ratio of BrATS to BrainMetShare and
local samples were used. Among the three datasets, BrainMetShare
and the local dataset contained BM that were closer in domain com-
pared to BraTS. The latter dataset consisted of primary gliomas,
which are larger in volume than BM. Here, we assumed that lesion
volumes of primary gliomas correlated with the appearance of metas-
tases. The lesion volumes are determined by the counting the labels
1 and 2 (edema marked with label 4 was excluded) from the seg-
mentation mask ground truth. A total of 375 BrATS samples with
lesions of comparable volumes to BrainMetShare and the local
dataset were selected as auxiliary data to generate more datapoints
for training NLMET. To train on the multiple datasets, we
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employed a two-prong strategy, one aimed at generating higher con-
fidence pseudo labels in the BrainMetShare validation set and the
other to partition the BrATS data through lesion volume to create
mini datasets. For higher confidence pseudo labels, we utilized the
objectness score from the output of NLMET at successively higher
probabilities in every iteration. For BrATS data, we gradually
increased the volume of the tumors in the training set. We call this
method confidence and volume based domain adaptation
(CAVEAT) (see Fig. 3 Flowchart description of CAVEAT. Pseudo
labels were generated with successive levels of confidence and lesions
were selected based on volume).

Results

We presented a local dataset with 121 patients with BMs,
where most patients had cancers of unknown primary (CUP)
as they are symptomatic patients who have secondary

&
¢

-

iter Local +
1 BrainMetShare +
Pseudo labels !

* Pseudo labels generated
from the initial network

Higher confidence
labels obtained by
adjusting the objectness
threshold of the
network

&
7

Lesion volume
calculated by
summing the ground
truth segmentation
masks

iter Local +

3 BrainMetShare +

Pseudo Labels® +
BrATS

* Pseudo labels are regenerated
with higher confidence values,
p2 from network in iteration 2

® M smallest volume lesions from
BrATS data

e Where N> M, p2>p1

Local +

“
CH5, mmmmmmmmmmmemememmm
:j

metastases discovered on their first scan (Table 1). In both
BrainMetShare and the local dataset, we found that most of
the patients had between one and three cancers.

Total training time for 150 epochs with batch size of
5 was around 29 hours on 2 NVIDIA RTX 2080 Ti (Santa
Clara, California) GPUs. The inference time for a full MRI
volume was 850 msec. In Table 2, by comparing the N-Net
model with NLMET and Configuration 1, we found that the
addition of the nonlocal block improved sensitivity as well as
FP/patient for
BrainMetShare and Local dataset. We found that placement
of the nonlocal block at the output of the downsampling path

models trained independently on the

yields better results than placing it at the upsampling path.
The sensitivity and FP evaluated on the five test folds of the
5-fold cross validation (CV) method were used to determine
overall performance of NLMET in our dataset (Table 3).

Local + Initial
BrainMetShare

Initial network is trained with
training data from two annotated
datasets

network

< \ ______ Key:

\
\
\
\

Local dataset

&
s

1 pseudo labels
from
BrainMetShare
Validation Set

iter

BrainMetShare + 2
Pseudo Labels '+
BrATS

¢ Pseudo labels regenerated with
higher confidence values, p1 from
the network in iteration 1

* N smallest volume lesions from
BrATS data

BrATS 2021

BrainMetShare

/

ik
e

FIGURE 3: Flowchart description of CAVEAT. Pseudo labels were generated with successive levels of confidence and lesions were

selected based on volume.
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Model, Configuration 1, and NLMET

TABLE 2. Summary of the Detection Metrics for Validation Data on BrainMetShare and Local Dataset for the Base

TP = true positives; FP = false positives.

BrainMetShare Local Dataset
Model Description TP FP FP/Patient Sensitivity TP FP FP/Patient Sensitivity
N-Net (base) 145 86 4.095 0.609 47 83 3.609 0.610
Configuration 1 166 83 3.952 0.697 50 78 3.391 0.649
NLMET (ours) 170 74 3.523° 0.718 50 76 3.304 0.649

*Numbers in bold denote the better model performance, higher sensitivity at lower FP/patient.

It was found that BrainMetShare on the fifth test fold (CV5)
and third test fold (CV3) on Local dataset was the median
sensitivity and FP among the five test folds, and were selected
as the folds to be used for training and testing the CAVEAT
method.

Table 4 tabulates the results for the CAVEAT method
of gradual domain adaptation incorporating all three datasets.
We obtained BrATS results from iteration 0 and 1 that was
trained only on BrainMetShare and the local dataset, where
the first iteration registered 0.638 at 2.200 FP/patient. In the
second iteration, we found a drop in sensitivity, but at a
lower FP/patient. It can be observed that the method general-
ized well to BrATS, with a sensitivity of 0.723 and a
FP/patient of 2.240 at iteration 3 without any fine tuning,
BrainMetShare’s  performance also benefited from the
CAVEAT method—with marked improvements of ~17% in
Sensitivity with improved FP/patient. The CAVEAT itera-
tions showed steady improvement from the fully supervised
baseline model to the next three iterations where more confi-
dent pseudo labels and small volume BrATS data were intro-
duced (see Fig. 4).

Correctly inferred lesions and false positives from the
final iteration of CAVEAT can be found in Fig. 5. These
lesion candidates showed that CAVEAT helped the model
detect different sizes of lesions. The FPs found in the repre-
sentative subject of Fig. 5¢ with motion artifacts were found
to be blood vessels mistaken for metastases. A qualitative
review of MRIs in the validation dataset found that similar
FPs were also present in MRIs without motion artifacts
(Fig. 5d,e). Figure 5f is an example of the lateral ventricle
mistaken as a FP. Missed detections were found to be com-
mon in samples with multiple tumors in close proximity,
which were inadvertently removed by the NMS algorithm
typically used in RPNs.

Figure 6 depicted heatmaps of three arbitrary points,
with the point labeled 1 located at the tumor site, while
points 2 and 3 are structures unrelated to the tumor. The
purpose of the nonlocal attention maps (NLAM) was to

June 2023

compare the different nonlocal responses within different
structures in the test image. While every point generated a
volumetric NLAM, only a single slice was selected to be dis-
played. As observed from the NLAM in (Fig. Gc—e), the
response of each point in the test volume was different, and
in the proximity of the tumor area (Fig. 6¢), regions of
saliency are highlighted in red, whereas there is less response
in areas that do not correspond with any tumors (Fig. 6d—e).
Artifacts in the form of horizontal lines observed in NLAM
are attributed to the subsampling trick described in the litera-
ture'® to save computational resources. In our case, the
subsampling reduced the patch from 32 x 32 X 32 to
32 x 32 x 8 and hence reshaping the image to its original
size of 128 x 128 X 128 may have caused some distortions.

Discussion

In this study, we developed a deep learning method,
NLMET, which detects BM reliably on different postcontrast
MRI sequences (T1-MPRAGE postcontrast, T1-gradient
echo poscontrast and T1-FLAIR datasets). The various
sequences demonstrate the potential of training with a mixed
bag of MRI sequences, to simulate multicenter scenarios.

Also, the appearance of tumors on the MRI are depen-
dent on the origin of the primary malignancies.”* Since 82%
of the data in the local dataset have unknown primary
tumors, we are not able to ascertain which tumor morphol-
ogies are under- or over-represented in the dataset.

We utilized a lung nodule detection network as there
are parallels between metastases in brain and lung nodules.
For instance, nodules are comparable in size to metastases,
and often mistaken for vessels and other structures, similar to
how metastases are misrepresented as blood vessels in the
brain. Additionally, using CAVEAT iterative gradual self-
training framework for co-training of the three datasets
further improved the quality of the detection network. Our
findings were validated on held out data with samples of
different sequences originating from three separate datasets.
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FROC Curves for the CAVEAT iterative method
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FIGURE 4: FROC curves for the CAVEAT method at different iterations evaluated at 1/4, 1/2, 1, 2, 4, 8 FP/patient.

We found that the addition of a single nonlocal block
improved the sensitivity and FP/patient with BrainMetShare
and local datasets by running ablation studies between the
NLMET and N-Net on both datasets. While it would be
intuitive to increase the number of nonlocal blocks in the
object detection network, diminishing returns upon increas-
ing the number of blocks have been found.'® This result may
be explained by the fact that BM cause subtle morphological

distortions and midline shifts within the brain structure,
which may not be adequately described by convolutional
operations. These distortions serve as visual cues radiologists
look out for in locating BM. As the goal of any CAD system
is to model intrinsic knowledge, we included a nonlocal block
to evaluate information, which may not be within range of a
convolutional operation. The NLAM suggests that the
response for different regions in an image is different and

FIGURE 5: Detected lesions from the BrainMetShare dataset in six representative patients with lesions of varying sizes (a) small
metastasis 2 mm in size, (b) large metastasis, measuring 9 mm (c) two false positives (d) one false positive (e) one false positive (f)

one false positive.
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NLAM Non-local Attention Map

Arrows in Figures 6(c),

1 (d), (e) depict the
corresponding query
regions labeled 1,2,3
in Figure 6 (b)

FIGURE 6: Depiction of the nonlocal response at three predetermined locations using NLAM. (a) Ground truth of tumor in a
representative patient with 240 x 240 resolution. (b) Patch of 128 x 28, which denotes the query regions of NLAM. (c) NLAM near
tumor region 1. (d) NLAM near nontumor region 2. (¢) NLAM near nontumor region 3.

methods that generate single attention maps for the entire

529 may provide insufficient context to the network.

volume
Prior work on BM was done on private datasets,
which does not allow comparison of the various neural net-
works.'' >3 We uilized results from the publicly avail-
able BrainMetShare dataset to benchmark the performance of
our method with other methods that used the same dataset.
With supervised learning on 3D NLMET, we achieved an
average of sensitivity of 0.69 at 4.5 FP per patient, compared
to the original BrainMetShare architecture using a modified
2.5D GoogLeNet with 0.53 sensitivity at 8.3 FP/patient.'?
The benefits of 3D NLMET were 2-fold, it corroborated the
effectiveness of nonlocal blocks over increased network depth
(of the GoogLeNet) in capturing long range dependencies.16
Second, it demonstrated the benefits of a 3D over 2.5D
scheme—despite reduction in crop size and batch size. The
results were obtained by 5-fold CV because the ground truth
was unavailable for the validation set of BrainMetShare.
While we have shown that a nonlocal block can provide
more global context, the networks were trained on their
respective datasets in a fully supervised manner. This meant
that each model had to be trained individually and there was
no knowledge shared between datasets. Since all three datasets
represented a domain shift from each other, training the
model with all labeled data in one go may lead to model
instability. It has been shown that systematic training such as
curriculum learning proposed in® makes the model impervi-
ous to label noise. However, in our case, there is no objective
way to distinguish “easy” cases from their more “difficult”
counterparts. Therefore, it is more advantageous to narrow

the domain gap between datasets. An incremental domain
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adaptation approach was shown to yield higher accuracies at
the target dataset compared to direct domain adaptation.””
One challenge in our multi dataset system is in determining
the intermediate domains to which we would incrementally
train the dataset.

To achieve a more generalized model and to leverage
other datasets, we co-trained the datasets in a gradual self-
training paradigm known as CAVEAT, which is inspired by
incremental learning and curriculum learning.’>?® With
CAVEAT, the aim was to create small shifts in domain so
that the network can adapt to the target domain. Therefore,
in the first iteration of CAVEAT, we applied fully supervised
learning on the local and BrainMetShare dataset as it had the
smallest shift in domain. Next, we applied pseudo labels from
the unlabeled data in BrainMetShare. As the BrATS data
were a primary glioma dataset, it had a larger domain shift,
hence was only present from the second iteration. In each

BrATS
BrainMetShare and two local samples to prevent catastrophic

batch, one sample was presented to two
forgetting as we were dealing with three different datasets.
We found that a marginal increase in the amount of data in
the next iteration was enough to illicit a better sensitivity at
lower FP per scan. Also, a sudden increase in BrATS sample
size may cause an imbalance in the number of samples being
trained in an epoch, potentially causing overfitting.

In terms of stability of the CAVEAT approach, we eval-
uate this based on the performance of three datasets, where
the improvements are consistent across the board. Without
training on BrATS data (iteration 0 and 1) we can attain a
relatively acceptable result on the BrATS dataset. We do find
that after the third iteration, there are depreciating returns as
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we find that we no longer have enough small volume tumors
to train from and the confidence of the pseudo labels has
reached its peak.

Empirical work on larger BrATS ratios (2:2:2) have
been shown to be detrimental to the performance of metasta-
ses detection. As the main goal of our detection was to iden-
tify the smallest metastases and the trickiest to determine
manually—we did not apply lesion size thresholds when eval-
uating the results. Validation of results on CAVEAT was per-
formed with a single fold on the datasets to save on
computation time.

After three iterations on CAVEAT, we found that the
BrainMetShare and local dataset improved at least 10% sensi-
tivity and decreased in FP/patient down to 2.9. Another
approach of synthesizing large numbers of lesions using gen-
erative adversarial networks (GANSs) achieved similar increase
of 4 to 7 FP per slice.>* Simply put, a radiologist must con-
tend with three extra false lesions on each slice, whereby a
single patient’s MRI would have 450 incorrectly marked
lesions (for an MRI with 150 slices). In the two-step
methods, we have reviewed, “CropNet”'” gives 85% sensitiv-
ity at 5.85 FP/patient and the Faster RCNN with
RUSBoost'" registers 96% sensitivity at 20 FP/patient. In
comparison with CAVEAT, the two-step methods achieved
higher sensitivities, albeit at higher FPs. The reason for lower
sensitivities could be attributed to the data distribution of the
datasets and MRI sequences selected for use during training,
In BrainMetShare, the authors contend that the diversity in
data makes it a more challenging dataset to work with.'? Sim-
ilarly, the local dataset has a range of different BMs ranging
from 2 mm to 40 mm, with different distribution of primary
cancers. One downside of higher FPs is that it creates addi-
tional overhead and is the main reason for poor adoption of
CAD in clinical settings.3 >

The presence of motion artifacts in a representative subject
from BrainMetShare is expected as motion artifacts were not an
exclusion criterion.!* We have also ascertained that FPs were
not only limited to MRIs with motion artifacts, so we rule out
the possibility that there is limited training data with motion
artifacts. Another instance of FPs, are from high-contrast struc-
tures in the MRI such as lateral ventricles. To reduce the preva-
lence of these FPs, these FPs can be incorporated in the training
set for further negative sample training.

The CAVEAT approach of introducing increasingly
confident labels and out of domain samples in a controlled
manner provided regularization to prevent overconfidence in
the network during self-training, evident by the 2.9
FP/patient result. However, no marked improvements were
observed from the second to third iteration as the pseudo
labels were sufficiently confident after three iterations, and
the number of small lesions BrATS data was insufficient to
perform further iterations. This is typical in iterative learning

. . . . 6
where improvements saturate after the third iteration.*®
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Limitations

Three imaging sequences were selected (T1-MPRAGE,
T1-gradient echo and T1-FLAIR) for training with the aim
of demonstrating generalizability to various sequences. Fur-
ther studies on other combinations of multiparametric
sequences to improve detection performance should be per-
formed. Also, the local dataset that we curated does not have
enough data points for a training and validation set as per-
formed in BrainMetShare. Second, there is a concern that the
ground truth of the local dataset was annotated by a single
radiologist—we try to mitigate this by introducing two
datasets, BrainMetShare, which is publicly available and
annotated by two specialists and BrATS, which is annotated
by four radiologists. The other limitation is that the two
metastases’ datasets, may not be similarly distributed as most
of the primary cancers in the local dataset are CUP—and
therefore domain adaptation methods and self-training with
out of domain BrATS dataset were perused.

Conclusion

The CAVEAT deep learning detection ecosystem alleviated
the scarcity of training data in a single dataset with a small FP
rate and improved sensitivity. In addition, the proposed
method is MRI sequence-agnostic, which is advantageous for
clinical applications.
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