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Breast cancer diagnosis using ultrasound imaging remains a major challenge in the US. Though the images themselves are
objective, radiologist interpretation, access to specialists, and access to high quality equipment make it difficult to ensure
consistent diagnostic accuracy across all settings. These challenges are especially pronounced in underrepresented or smaller
patient populations, where collecting large, diverse, and well-annotated datasets is less feasible. As a result, it is important to
understand whether or not deep learning models can attain meaningful performance under constrained data settings. In this
paper, we explore the use of deep neural networks for breast cancer diagnostic classification and image segmentation using a
limited dataset of breast ultrasounds. For this study, we used the USG-BrEaST-Lesions dataset, which consists of 256 images,
and includes radiologist annotations, as well as the associated clinical data. We trained a series of machine learning algorithms
to evaluate the best performing model in each of three categories: simple feature based classification using only tabular data,
an image only classification using convolutional neural networks, a multi-modal image-feature classification using either
fused neural networks or weighted voting depending on the tabular component, and an image segmentation neural network to
identify tumors instead of classifying them as benign or malignant. The results show that deep learning has some promise in
data-constrained settings, but performance is uneven and heavily dependent on the type of data used. The strongest classification
result was a 0.97 receiver operator characteristic area under the curve (ROC AUC), but this appears to be driven mainly by
the tabular data, and because it is a single estimate, it should be interpreted cautiously. The tabular-only models performed
reasonably despite using only two features, though that also limits their practical predictive value. The image-only models
performed notably worse, with a best ROC AUC of 0.70, suggesting the ultrasound images alone were not sufficient to reliably
distinguish benign from malignant tumors in this dataset. The multimodal models also did not meaningfully outperform their
individual components, possibly due to integration or generalization challenges. Overall, these results should be interpreted as
exploratory findings that demonstrate the promise of utilizing deep learning models under constrained data settings rather than
as evidence of readiness for autonomous clinical deployment. Although the models achieved reasonable performance within the
scope of this dataset, these findings should not be interpreted as evidence of current clinical possibility, but rather as an initial
investigation into the feasibility and limitations of deep learning approaches in small-data medical settings.
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Introduction

Breast cancer is the most prevalent cancer in the world and
remains the major cause of cancer-associated deaths glob-
ally. Based on estimates from GLOBCAN 2020, breast can-
cer has surpassed lung cancer as the most commonly diag-
nosed cancer, with an estimated 2.3 million women diagnosed
with breast cancer and 685,000 breast cancer associated deaths
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worldwide!. A quick and accurate diagnosis is extremely im-
portant to improve patient results, as early treatment greatly
increases survival rates and reduces the use of intensive and
invasive treatments. Although medical technology has greatly
improved, challenges persist in the detection phase, notably
diagnostic accuracy, time, and patient comfort. Breast can-
cer is generally diagnosed through mammography and ul-
trasounds. Mammography (MAM), while effective in older
women, has limited benefit for younger women, has shown to
have reduced accuracy in dense breasts, and is often inacces-
sible in low-resource settings due to high costs. Compared to
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MAM, ultrasound (US), is low-cost, radiation-free, portable,
and available. However, US scans are less reliable and con-
sistent because their accuracy depends heavily on the skill and
experience of the radiologist performing them>, Complicat-
ing matters further, in many regions, both in resource con-
strained countries and even in America, access to mammogra-
phy machines remains a significant challenge*"®. Conversely,
while ultrasound machines are more accessible, access to ex-
perienced technicians to evaluate them for breast cancer are
worse than for mammography machines”. Despite this, ul-
trasounds have the potential to help bridge this gap by sup-
plementing existing resources and providing access to care in
areas where resources are extremely limited®, and machine
learning can be one avenue to improving access.

Breast cancer is generally diagnosed through mammogra-
phy and ultrasound imaging with more conclusive follow up
diagnostic tools like biopsies. Mammography is generally
more effective in older women", but sensitivity can drop sig-
nificantly in low density tissue (up to 48% in the densest tis-
sue) 1001 Ultrasounds offer lower cost, radiation-free alterna-
tives that are also more portable and can be sensitive to tumors
in more dense breast tissue'Z. However, the accuracy of ultra-
sounds are highly skill dependent relying heavily on the radi-
ologist performancel®, which can be far from uniform across
practitioners but can benefit from the use of artificial intelli-
gence to reduce false positives'#. These findings motivate the
exploration of deep learning (DL) approaches that can provide
a more consistent diagnosis that is less clinician dependent.

DL is highly effective at image-related tasks, including ab-
normalities detection, segmentation, and classification and of-
fers promise as a tool that can address the diagnostic chal-
lenges such as operator-dependent variability. Its promise
has been the subject of substantial research over the past
decade. Deep neural networks (DNNG5), particularly convolu-
tional neural networks (CNNs), are well suited to the analysis
of medical images due to their unique ability to learn spatial
features from image data without hand crafted feature engi-
neering’®. Turning to breast ultrasounds in particular,1® pro-
vides a comprehensive review of several studies concluding
that DL is highly promising in reducing operator dependence
in breast ultrasound diagnostics.

Additionally,"* trained a large DL system on more than
~288,000 ultrasound exams, achieving a higher receiver oper-
ator characteristic area under the curve (ROC AUC) score than
10 board certified radiologists (0.962 to 0.924 £ 0.02), re-
duced false positives by nearly ~37% and reducing biopsy re-
quests by ~8%. This is in agreement with other studies which
show improved specificity (~40%) for computer aided diag-
nostics (CAD), and a higher ROC AUC score for DL when
compared to inexperienced radiologists but similar scores for
experienced onesZ. Significant debate still exists with some
studies suggesting that DL based interpretation of Breast US

can match or even exceed the accuracy of human radiolo-
gists 141018720 and others showing lower sensitivity than hu-
man radiologists12H 721523

While these studies mostly focus on diagnosing breast can-
cer, others have employed DL to identify tumors from scans
using image segmentation®*"2%, U-Net architectures have be-
come the dominant approach in this field.?> demonstrated
that U-Net variants can achieve high performance (Dice score
~0.9) on small datasets (~500 images) and?* achieved Dice
scores of 0.87 and 0.76 on datasets of 562 and 163 images, re-
spectively. These works demonstrate the viability of training
these types of networks using small datasets.

The most reliable DL systems are trained on thousands or
even hundreds of thousands of images are still limited by the
scope of their data, i.e. if a demographic or group is not suffi-
ciently represented in their training data, extending those mod-
els’ results to that group is more challenging. Therefore, ex-
ploring the development of whether or not effective DL algo-
rithms can be trained from smaller datasets—which are more
feasible to collect in many under-served and lower-resource
environments—remains a pressing question in breast cancer
research.

This paper takes an exploratory approach to see whether
strong diagnostic accuracy can still be achieved with a rela-
tively small dataset. Instead of trying to compete with large-
scale models, it focuses on understanding what’s realistically
possible when data is limited. The goal is to reflect real-world
situations especially in settings where large, well-structured
datasets aren’t easily available and to explore whether useful
performance can still be reached under those constraints. This
study is not intended to develop an immediately deployable di-
agnostic system to hospitals, but rather to investigate the fea-
sibility and limitations of deep learning in data-constrained
settings. Specifically, we ask:

1. Can deep learning models achieve meaningful perfor-
mance for breast cancer classification and segmentation
when trained on a constrained dataset.

2. In settings of constrained data, how do image-only,
tabular-only, and combined approaches compare in their
ability to support diagnostic accuracy.

Methods

This section has 4 subsections: Data Selection, Data Prepara-
tion, and Network Design and Implementation.

Data Selection

One of the most important steps while processing the data
is dataset selection and cleaning to make it more efficient.
This includes the exclusion of certain categories as well as
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data segregation. The model used the USG-BrEaST-Lesions-
Dataset”” as input. The dataset contains 256 breast ultrasound
images classified into three different groups: 154 benign le-
sions, 98 malignant lesions, and 4 normal breast tissue scans.
Each image in the dataset is annotated by a radiologist for
tumor borders. Each scan is also assigned Breast Imaging-
Reporting and Data System (BI-RADS)%® scores, a standard-
ized system to classify breast lesion risk based on imaging
features.

Of the columns presented in the dataset, nearly all of them
relied, in whole or in part, on the expertise of the accompa-
nying ultra-sound technician. These column features were
then combined to form the BI-RADS score which evaluates
the likelihood of breast cancer. These can produce leakage
in our models resulting in over-optimistic model performance.
We therefore excluded all columns within our dataset except
for ‘Age’, ‘Signs’, and ‘Symptoms’ which are all reported by
either the patient or a clinician before the ultrasound is con-
ducted. The images used to train the model were the ultra-
sound scans, as well as their accompanying masks, where a ra-
diologist has marked the tumor. Both the ultrasound scans and
the masks are 3-channel images with 8 bits per channel. While
ultrasounds inherently produce single-channel, grayscale im-
ages, these are typically exported to DICOM files; whereas the
files provided by this dataset are PNG files. Therefore we pre-
sume the curators of the dataset converted the images to PNG
files which by default are 3 channels. The channels in each
of our files are redundant replications of the same grayscale
intensity across the R, G, and B channels used by PNG. For
our machine learning models, we use single channel grayscale
images where able, and 3 channels when in the case a prebuilt
model requires it.

Data Preparation

The ‘Symptoms’ column is missing a significant amount of
data (~37%) which are too many missing points to justify in-
cluding in the dataset via one-hot-encoding, even with a desig-
nated ‘missing data’ value, and therefore it also ended up be-
ing excluded. The ‘Signs’ column is also missing some data
(~18%), but this is a more manageable number than for the
‘Symptoms’ column. We one-hot-encoded the different val-
ues in the ‘Sign’ column, keeping the missing entries as a dis-
tinct column. Furthermore, in the ‘Age’ column, there were
some missing values marked as “not available” which were
replaced with the median of the available data. We kept this
column even with missing values because we considered age
to be an important indicator for diagnosis and there were not
so many missing values that replacing them with the median
age value significantly affected the overall distribution. Fi-
nally, the ‘Classification’ column, which had labels of benign,
malignant, and normal, was mapped to numerical values (0,

1, and 2, respectively), with cases of type “normal” excluded
because there were only four samples, making it impossible
to train a reliable model on this category due to the limited
available data.

The class totals within the 252 remaining images were 154
benign and 98 malignant tumors. Because of this roughly 3:2
imbalance, we implemented weighting where possible within
the training for each model. The weights were set using the
following formula

W, = Ntotal )
Nclasses X Ne

where w, represents the weight for a given class, ny is
the total number of data points, rgjyses 1 the total number
of classes, and n, is the number of data points in the given
class. Using this formula we got values of 0.818 and 1.286.
Because XGBoost and CatBoost use slightly different param-
eters in their libraries, we simply adopt a single weight ratio of
154/98 which achieves the same effect. As described below,
we used K-Fold cross validation when training our models,
therefore the weights are updated for the individual stratified
data splits. These should not be significantly different from
the global weights.

Our data was split according to the following prescription.
A master data split with an 80%, 10%, 10% split across train-
ing, validation, and testing dataset. This split is only used
for three specific purposes: the final saved models (ensuring
consistent testing across all of our different values), optimiz-
ing our voting pairs described below, and providing the sin-
gle seed point estimates for the final deep neural network and
convolutional neural network models. In addition to this split,
we utilize a nested cross-validation scheme using stratified K-
Folds (stratified ensures we maintain the same class ratios) so
that we can obtain distributions of our metrics and obtain con-
fidence intervals on our results. This is done with 5 splits of
80% training/20% testing repeated a total of 10 times for each
K-Fold yielding 50 total metric evaluations for each model
type. For the DNN and CNN, validation data is created from
the training data to provide validation losses which will be
necessary for the callback conditions which we describe later.

Specific image network considerations:

We standardize all images across all models to a size of
128 %128 pixels, and transform their pixel values from stan-
dard 24 bit RGB values to [—1,1] in each image channel (or
single channel for the grayscale network). This is done for
both the classification models and our segmentation models.
The transformation is necessary to make the images work with
the MobileNetV2 algorithm?® which we used as one com-
ponent in some of our image algorithms. Additionally, the
image classification networks utilize only the raw ultra-sound
images whereas the segmentation networks utilize both raw
ultra-sound images and their accompanying tumor masks.
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Network Design and Implementation

We trained a series of machine learning algorithms to evaluate
the best performing model in each of three categories. These
were: simple feature based classification using only tabular
data, an image only classification using convolutional neural
networks, a multi-modal image-feature classification using ei-
ther fused neural networks or weighted voting depending on
the tabular component, and an image segmentation neural net-
work to identify tumors instead of classifying them as benign
or malignant.

Tabular-Only Classification Algorithm

For our tabular data, we used a series of different algorithms
including logistic regression, random forest, extreme gradient
boosting, light gradient boosting, categorical boosting, and a
tabular neural network. These models were all built to per-
form a simple binary classification of benign or malignant us-
ing only the clinical tabular data provided with the breast ul-
trasound images. This model, unlike other networks, did not
include any imaging data whatsoever. Because we only uti-
lize two columns for these models, we do not expect these
to perform significantly better than simply assigning a single
value to all cases which would achieve a success rate of ap-
proximately 61%. Additionally, because there is some inher-
ent randomness to many of these methods and to how the data
is split, we implement K-Fold cross validation to evaluate the
distribution of possible results. For each method we imple-
ment 5 folds, repeated 10 times each for a total of 50 results
for each method.

For our deep neural network, we investigated which archi-
tecture best suits our data. To do this we also use K-Fold
splitting (50 total folds as above) and use these splits to se-
lect the best architecture from three different base models.
The folds were tested across different hidden unit dimensions
and dropout rates. The resulting best model was then treated
to another 50 K-folds as above to evaluate its distribution of
model performance across a single architecture. Consistent
across architectures are an initial Batch Normalization layer,
followed by Dense/Dropout layer pairs, and finally a single
Dense output layer with a Sigmoid activation. We use a rela-
tively small/shallow network as our dataset is small and there-
fore the risk of overfitting with large numbers of parameters
is high“%, We keep to the recommendations of*! with a lower
bound of roughly 10-28 hidden units for our 14 features (the
one-hot-encoded ‘Signs’ produced 13 columns) and deliber-
ately probe as high as 64 hidden units. The number of hidden
units at each consecutive layer is reduced by a factor of 2, a
typical decision, motivating our choice of only 2 hidden lay-
ers. Any more layers would result in hidden layers with very
few units that would not contribute significantly to the model.
The DNNs were trained using categorical cross-entropy loss,
an Adam optimizer=? with a learning rate of 0.001, a plateau

monitor—which adjusted the models learning rate if the model
stopped improving—and an early stopping condition to halt
the training once the model was no longer improving that only
triggers after the plateau monitor adjusted the learning rate.
The model performance was tracked over 50 epochs. A sum-
mary table of the network architecture is included as Table

Table 1 This table describes the architecture for the tabular neural
networks. All densely (or fully) connected layers are given rectified
linear unit activation functions except for the output neuron which is
given a sigmoid activation function. Each consecutive dense layer is
also reduced by a factor of 2. All dropout layers are given a 20%
dropout rate and directly follow a dense layer (except the output
layer). Only one batch normalization layer is used before the first
fully connected layer directly following the input layer. We chose a
relatively shallow neural network with few hidden units based on the
best principles from™L' which recommend roughly 10-28 hidden
units for our 14 features, with a test at higher bounds of 64 when we
performed our cross validation. This table represents one example
of our deep neural network, the results identifying the best set of
hidden unit and dropout rate parameters are discussed in the results
section.

Number Type Neurons/Rate  Activation Function

1 Input 14 Linear

2 Batch Norm. N/A N/A

3 Dense 32 ReLU

4 Dropout 0.2 N/A

5 Dense 16 ReLU

4 Dropout 0.2 N/A

13 Dense 1 Sigmoid

Even though we are only able to evaluate on 2 data columns,
limiting the predictive power of our models, we perform this
exercise to see the distinction between the value provided by
both tabular and image data, and the value of meaningfully
combining them to achieve greater accuracy.

Image-Only Classification Neural Network

We follow the same scheme as before using K-Fold cross
validation to determine the most effective architecture and
data augmentation choices. The augmentations are simple im-
age transformations performed on the training images to create
pseudo-unique samples to artificially increase the size of the
training data”?. We again use cross validation to test varying
levels of data augmentation in our attempt to combat overfit-
ting to our small dataset using methods that previous breast
ultra sound studies have used including random horizontal flip
rotation, translation, zoom, and sheer=#3¢, The levels we test
range from no augmentation to “aggressive” augmentation and
are well described by the values provided in Table [6 This
table, found in our results section, also includes ROC AUC
scores and their confidence intervals. This test was only per-
formed on our custom grayscale CNN and from it we selected
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the best performing augmentation to use for all of our image
networks including the multi-modal neural networks and the
image segmentation network.

Similar to the tabular models, we also evaluated three dif-
ferent kinds of image models to determine which was the most
effective at classifying the ultrasound images. These three ar-
chitecture types were MobileNetV22? with weights trained on
‘ImageNet’=Z, MobileNetV2 from scratch (both requiring 3
image channels), and a custom convolutional neural network
using grayscale images.

Our custom CNN is built with 3, 3-layer units comprised of
a 2D convolution layer followed by batch normalization and
max pooling. These are then fed through a global average
pooling layer and output in a single sigmoid layer. On the
input side of our CNNs, We use a VGGNet design principle,
doubling the number of filters per block using only a small
number of blocks to reduce the risk for over fitting="*8. Our
choice of 3x3 convolutions, batch normalization, and global
average pooling as well as dropout for regularization are well
documented as best practice within the existing literature=>2,
A table describing the architecture of the CNN is provided as
Table[2l

Table 2 A table summarizing the Custom grayscale convolutional
neural network architecture. Input images are single-channel
ultrasound scans resized to 128 x 128 pixels. Non-trainable
parameters are the running mean and variance accumulated by the
Batch Normalization layers. The total number of trainable
parameters ends up being 93,249 out of a total of 93,697.

Layer Output Shape Parameters  Trainable
Input 128 x 128 x 1 — —
Conv2D, 32 filters, 3x3, ReLU 128 x 128 x 32 320 320
BatchNormalization 128 x 128 x 32 128 64
MaxPooling2D, 2x2 64 x 64 x 32 0 0
Conv2D, 64 filters, 3x3, ReLU 64 x 64 x 64 18,496 18,496
BatchNormalization 64 x 64 x 64 256 128
MaxPooling2D, 2x2 32x32x64 0 0
Conv2D, 128 filters, 3x3, ReLU 32 x 32 x 128 73,856 73,856
BatchNormalization 32x32x128 512 256
Global AveragePooling2D 128 0 0
Dropout (rate = 0.3) 128 0 0
Dense, 1 unit, sigmoid 1 129 129

We also implement MobileNetV2 as it has been shown to
be effective at diagnosing cancer using ultra-sound images“3.
With so little data, it is likely that MobileNet, pretrained on
other image and fine-tuned with our ultra-sound images, will
be more successful than attempting to train networks from
scratch and has been used to diagnose breast cancer from ul-
tra sounds in other studies. MobileNetV2’s unique structure,
inverted residuals with linear bottlenecks, helps it be both ac-
curate and computationally efficient as it is good for mobile or
resource-limited devices.

Like the previous model, these networks were also train-

ing with sparse categorical cross-entropy loss, an Adam opti-
mizer with learning rate of 0.001, a plateau monitor, and an
early stopping condition. However, unlike our other networks
whose weights are trained from scratch, the MobileNetV2
with ‘ImageNet’ weights had to be trained in two stages. The
first stage only trains the custom dropout and output layers
we added to the inference stage, and does not train any of the
weights in the MobileNet layers. This is to preserve the filters
learned by MobileNet in its original training on ‘ImageNet’.
Once this first pass through training is completed, the last 30
layers of the model are unfrozen, and training begun again
with a smaller learning rate (0.00001). This allows MobileNet
to interface well with the new layers we added, while still pre-
serving the majority of its pretrained weights. A summary of
the network and its architecture can be found in>?.,

Image and Tabular Classification Neural Network

Last among our classification tasks, we combine the vari-
ous tabular data models with the most effective image model
to maximize the accuracy of our classification task. For mod-
els that cannot integrate directly to the CNNs (i.e. they are
not neural networks), we combine the results through the use
of weighted voting where each model in a tabular-CNN pair
gives a prediction on a set of input data, and that prediction is
weighted to maximize the area under the curve in the receiver-
operator-characteristic curve. The weights for the two models
must sum to 1, and so the weight of the tabular model is the
complement of the image model.

For the neural networks, the models were combined by re-
moving the inference layer of both and concatenating the sec-
ond to last layers of the previous two models. Similar to
the fine-tuning of the MobileNetv2 with ‘ImageNet’ weights
above, we then fine-tuned by training again with a small learn-
ing rate so that each models features and errors could back-
propagate to both model components. By combining both im-
age and tabular data, the model can use both cues from the im-
ages and diagnostic information from the clinical data, which
could improve accuracy. After the concatenation, we also at-
tached additional Dense/Dropout layer pairs. Doing this al-
lows the combined network to weigh the features from both
the tabular and image classifiers and use all available informa-
tion to evaluate the testing data.

Image-to-Mask Segmentation Neural Network

The final network is for segmentation of images, specifi-
cally tumor detection in images of breast ultrasounds. This
model is fundamentally different from the ones above. While
those gave a single output, this network processes the ultra-
sound image, extracts its features through convolutions, and
then recreates the tumor masks in the size of the original im-
age. To do this, it employs a U-Net architecture, first proposed
by“# for biomedical image segmentation, with MobileNetV2
used again as an encoder, but with the weights frozen entirely
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during training®?. The use of a U-Net architecture with a Mo-
bileNetV2 encoder for the segmentation task was motivated
by previous research showing the effectiveness of the former
with respect to breast ultrasound image segmentation?®. The
U-Net architecture first transforms the images using the con-
volutional layers of MobileNet, and then utilizes reconstruc-
tion layers in order to create the segmented output that forms
the mask that highlights the area of the tumor in the image. Im-
portantly, each layer of the reconstruction component also has
a connection to one of the layers in MobileNet which helps the
reconstruction use features from every level of the convolution
to build the segmented masks. This network uses a loss func-
tion that combines Dice loss and Binary Cross-entropy Loss to
balance pixel accuracy and regional overlap and is commonly
used for imbalanced datasets®>. It also uses an Adam opti-
mizer again with learning rate 0.001, a plateau monitor, and
an early stopping condition, the same as the networks above.
For this network we also performed a K-Fold validation with 5
folds and 10 repeats per fold yielding 50 total values for each
of our metrics. A brief summary of the network architecture
is provided below in Table

Table 3 This table describes the architecture of the U-Net that we
used to create the tumor masks from ultra sound images. The output
shape shows how the network first extracts the features by
convolving the images until size 8 x 8 pixels and then reconstructs
the image to 128 x 128 pixels. As noted above, the reconstruction
layers connect to individual layers within the MobileNet in reverse
order. The total number of trainable parameters is 7,609,443 out of a
total of 9,133,667.

Layer Name  Type Output Shape Connected to
Input Input (None, 128, 128,3) N/A
MobileNet 1 ~ Conv/Max Pooling (None, 64, 64, 96) Input
MobileNet 2  Conv/Max Pooling  (None, 32, 32, 144) MobileNet 1
MobileNet 3  Conv/Max Pooling  (None, 16, 16, 192) MobileNet 2
MobileNet 4  Conv/Max Pooling (None, 8, 8, 576) MobileNet 3
MobileNet 5 Conv/Max Pooling  (None, 4, 4, 960) MobileNet 4
Upsampler 1  Conv Transpose (None, 8, 8, 512) MobileNet 5
Concat 1 Concatenation (None, 8, 8, 1088) Ups. 1 & MN 4
Upsampler 2 Conv Transpose (None, 16, 16, 256) Concat 1
Concat 2 Concatenation (None, 16, 16,448) Ups. 2 & MN 3
Upsampler 3 Conv Transpose (None, 32,32, 128) Concat 2
Concat 3 Concatenation (None, 32, 32,272) Ups. 3 & MN2
Upsampler 4 Conv Transpose (None, 64, 64, 64) Concat 3
Concat 4 Concatenation (None, 64, 64, 160) Ups. 4 & MN 1
Output 4 Conv Transpose (None, 128, 128,3) Concat4
Results

Here we address the performance of all of our models. Each
model was trained independently, and performance was an-
alyzed by evaluating the models across 50 K-Folds with 5-
Folds of 80/20 splits and 10 repeats per fold. For each model

these were then bootstrapped with 2,000 samples to produce
confidence intervals.

Classification

Tabular Data Only

For our tabular data models, we tested half a dozen different
formats. Each of these were scored according to five metrics:
accuracy, F1 score, receiver operator characteristic area under
the curve, precision, and recall. The results for each model and
their scores are tabulated below in Table[dl These results show
that individual models excel on individual scores, but no one
model exceeds the others. Further, the overlap of the confi-
dence intervals (CIs) prevent us from conclusively saying any
model significantly outperforms any other model in any met-
ric. Lastly, with a no-skill accuracy of 61%, these techniques
only offer slight improvement (up to roughly ~71%). This is
unsurprising given the limited feature set used to train these
models.

For the neural networks presented in these models, we also
provide tables summarizing the architecture hyperparameter
K-Fold evaluation as Table[Sl From this table we see that the
Cl distributions overlap to such a degree that there is no mean-
ingful difference between the networks. Therefore for the tab-
ular component of our combined models we adopt a middle
values of 32 hidden units and a dropout rate of 0.2. Addi-
tionally, for brevity, only the AUC scores and their confidence
interval are included in Table

Image Data Only

Similarly for the tabular models, we also produce tables
that tabulate the results of our data augmentation and 3 im-
age model types. The data augmentation results are collated
in Table[6|and the best of the three different image model types
in Table[7l

Table[6] does not provide compelling evidence that any aug-
mentation is improving our networks. However, because of
data augmentation’s significant use within the literature?#+=9,
we implement our ‘mild’ augmentation for all of our subse-
quent models. From Table [/} we can clearly see the highest
performing model was the MobileNetV2 with weights trained
on ImageNet. Its ROC AUC score and corresponding confi-
dence interval did not significantly overlap with either of the
other models we tested. Additionally, the MobileNetV2 ini-
tialized to random weights performed no better than random
guessing with a ROC AUC score of ~0.5. Unlike our previ-
ous results, the confidence intervals for these models do not
significantly overlap enabling us to draw conclusions about
their results.

Image and Tabular Data
For our last classification task, we assessed numerous com-
binations of models using both weighted voting and concate-
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Table 4 The mean scores for each model are presented in this table along with their 95% confidence intervals (in parentheses) built from
bootstrapping 2,000 samples from the 50 repetitions described in our methods section. From this table we can see that the 2 columns we used
(Age and Signs) were not particularly informative on predicting breast cancer only partially beating the worst case score of 61%. Additionally,
we see that no method significantly outperforms any other method, and while different methods sometimes excel over the others in a given
metric, no model achieves dominance in all metrics, and the overlap of the CIs in each metric mean we cannot conclusively say which method

is best.

Model Accuracy (95% CI)  F1 (95% CI)

ROC-AUC (95% CI)  Precision (95% CI)  Recall (95% CI)

Logistic Regression
Random Forest

0.73 (0.71, 0.76)
0.71 (0.70, 0.73)

0.67 (0.64, 0.70)
0.62 (0.59, 0.64)

0.80 (0.78, 0.82)
0.74 (0.72, 0.76)

0.65 (0.63, 0.68)
0.64 (0.62, 0.67)

0.70 (0.67, 0.73)
0.60 (0.57, 0.63)

0.78 (0.76, 0.80)
0.78 (0.76, 0.80)
0.79 (0.77, 0.81)

0.65 (0.62, 0.67)
0.63 (0.61, 0.66)
0.63 (0.61, 0.66)

0.69 (0.66, 0.72)
0.69 (0.66, 0.73)
0.64 (0.60, 0.68)

XGBoost 0.73 (0.71, 0.75) 0.66 (0.64, 0.69)
LightGBM 0.72 (0.70, 0.74) 0.66 (0.63, 0.68)
CatBoost 0.71 (0.69, 0.73) 0.62 (0.60, 0.65)
Deep Neural Network  0.73 (0.71, 0.75) 0.65 (0.62, 0.67)

0.80 (0.78, 0.82) 0.66 (0.63, 0.69) 0.65 (0.62, 0.68)

Table 5§ The mean AUC scores and confidence intervals (in
parentheses) built by from bootstrapping 2,000 samples across 50
repetitions described in the methods. These results were used to
determine the optimal DNN hidden units and dropout rate.
However, given the significant overlap of the CIs, we cannot make
any definitive claims about the best hyper-parameters. For the
tabular component of our combined models we adopt a middle
ground of 32 hidden units and dropout rate of 0.2.

Hidden Units Dropout Rate ROC-AUC (95% CI)
16 0.2 0.79 (0.77, 0.81)
16 0.3 0.80 (0.77, 0.81)
16 0.5 0.78 (0.76, 0.80)
32 0.2 0.80 (0.78, 0.82)
32 0.3 0.79 (0.77, 0.81)
32 0.5 0.79 (0.77, 0.82)
64 0.2 0.80 (0.78, 0.82)
64 0.3 0.80 (0.78, 0.82)
64 0.5 0.80 (0.78, 0.81)

nating neural networks together to produce single diagnoses
from pairs of constituent models. The results are collected
in Table[§] For the weighted soft voting scheme used by the
models, the final probability was calculated using

P(W) = whPab + (1 - W)ngv (2)

and the optimal found by calculating the local minimum for
a scalar function. This scalar function was the negative ROC
AUC score found for the validation data labels and the proba-
bility produced by Equation (2)) as a function of w.
Additionally, the voting schemes do not have ClIs as their
constituent models were simply the respective median tabular
and median image model for each technique. These produced
point estimates of the ROC AUC, but not confidence intervals.

The merged networks were trained according to the K-Fold
cross-validation prescription as above and therefore did pro-
duce CIs.

From Table [§] we can clearly see the highest performing
model was the Random Forest voting with the MobileNetV2
pretrained on ImageNet with an ROC score that significantly
exceeds (by more than 50) the CIs of both its constituents.

We also see that the merged neural networks consistently
under-perform their constituent components, and also note
that the MobileNetV2 initialized with random weights con-
tributes nothing to the voting scheme when weights are opti-
mized to achieve the best score.

Segmentation

Lastly, we evaluate our image segmentation task whose goal
was identifying tumors directly from ultra-sound images. We
evaluated four different metrics for this model across our 50
k-folds. The results for the 50 folds are collated in Table

From this table we see metrics that reflect the highly im-
balanced nature of the segmentation data (i.e. most pixels in
a given image are not tumor pixels). These results do not
conclusively show our model is able to consistently identify
tumors in cases. The Dice score of 0.6 shows some moder-
ate agreement between predictions and ground truth. This is
corroborated by an IoU score below roughly 0.46.

This score is lower because is a more strict metric penaliz-
ing false positives and false negatives more strongly than the
Dice score. The specificity and sensitivity indicate that when
the model identifies a tumor, it is highly likely to be one, but
frequently misses a significant portion of the tumor. To show
these results more explicitly, we have plotted a series of fig-
ures showing our highest, middling, and lowest performing
images. These are shown in Figure 2?.

From these figures we can see that while the model is highly
successful in some cases, it is woefully inadequate in others.

© The National High School Journal of Science 2026

NHSJS 2026 | 7



Table 6 This table collates the results of the CNN augmentation. From this table, it is clear that augmentation does not conclusively offer
significant improvement to our models based on the results for our custom gray-scaled CNN classifier. However, because of its significant
adoption within the literature (2439 we implement our ‘mild’ augmentation for all subsequent test/models.

Label Horiz. Flip Rotation Translation (w, h) Shear Range Zoom ROC AUC (95% CI)
No augmentation False 0 (0.0, 0.0) 0.0 0.0 0.62 (0.59, 0.64)
Mild augmentation True 10 (0.0, 0.0) 0.0 0.0 0.62 (0.60, 0.65)
Moderate augmentation True 20 (0.1,0.1) 0.0 0.0 0.61 (0.58, 0.64)
Aggressive augmentation True 0 0.2,0.2) 0.1 0.1 0.60 (0.58, 0.63)

Table 7 Unlike our previous results tables, these results conclusively
show that for our data, training on MobileNetV2 initialized with
weights trained on ImageNet and subsequently fine-tuned
outperforms all of the other methods. It also shows that using
MobileNetV?2 initialized to random weights is no better than random
guessing with a ROC AUC score of ~0.5. This is unsurprising as
the large number of trainable parameters in MobileNetV2 make
training with so little data nearly impossible.

Model Type

MobileNetV2 with ImageNet Weights
MobileNetV2 with Random Weights
Custom CNN

ROC AUC (95% CI)

0.70 (0.68, 0.71)
0.50 (0.49, 0.51)
0.62 (0.60, 0.64)

The minimum, maximum spread between metrics succinctly
summarizes this issue.

Discussion and Conclusion

The evaluation of our networks shows both the promise and
challenges of using deep neural networks in data constrained
environments. While the best classification networks worked
well, in some cases achieving a .97 ROC AUC score, it is clear
from their individual performance that this result is mostly due
to the inclusion of the tabular data. The .97 results is, however,
a significant achievement indicating a strong ability to distin-
guish between classes. However as this is a single estimate,
this result may not be consistent and should be treated with
caution.

The tabular only networks now have only two features in-
cluding, significantly limiting the predictive power. Although
their metrics are not low, the limited input data questions the
usefulness of their predictions. Further, the image only net-
works are unable to accurately distinguish between malignant
and benign tumors. Their best performing ROC AUC score of
0.70 is less than that of all of the tabular models. This suggests
that the image models are unable to distinguish malignant
from benign tumors from the data alone. Lastly, the multi-
modal neural networks failed to significantly outperform their
constituents. This could be caused due to differences in how

the two modes generalize, training gradient blending issues,
among other potential issues.

More promisingly, the segmentation network was some-
what effective at identifying tumor regions in breast ultra-
sound images, as shown by Figure 1. While the Dice score was
not extremely high performing (e.g. 0.9), it did reach moderate
success at ~0.6 with a particularly small dataset. This score
is slightly lower than other scores achieved both on datasets
a factor of ~2 larger and even a bit smaller than ours (~0.9
on ~500 images=>, ~0.87 on 562 images**, and 0.76 on 163
images%).

Ultimately, the performance of our model is limited by
the dataset itself. The BrEaST dataset is pretty small and
doesn’t have a wide variety of demographic diversity. All the
data comes from Poland, which could lead to possible biases
in the model’s performance in generalizing to other popula-
tions or imaging conditions that are underrepresented in the
dataset. Furthermore, the dataset only has high resolution im-
ages, which can affect the model’s ability to analyze low res-
olution images, like those that would come from hospitals in
rural areas. Finally, our model was only trained on data where
tumor masses were present. Therefore, it would not be good
at detecting images where there is no tumor, and would likely
draw a mask where there wasn’t a tumor. More data is needed
to fully develop the model to be sensitive to normal breast tis-
sue. There are now several available datasets such as those
used by?* and®. Future work could evaluate the performance
of the models implemented here and in“* and> on all three
datasets individually to compare results and verify how much
of the results are dependent on the dataset used. Lastly, while
our 50 K-Fold evaluations are better than a single split, still
involve the same 252 repeated images and therefore the Cls
reflect variability across the split and do not necessarily repre-
sent external validity.

Additionally, these findings should be interpreted with im-
portant ethical and clinical implementation considerations in
mind. Although the models developed here show potential for
supporting breast ultrasound assessment, they are not intended
to replace radiologist expertise. Rather, they are better under-
stood as adjunctive tools that may assist interpretation and risk
assessment within the diagnostic workflow, with clinicians re-
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Qualitative Segmentation Examples from Fold 1
(Best, Median, Worst by Dice Score)

Best Case

Ground-Truth Mask

Original Image

Median Case

Original Image Ground-Truth Mask

Worst Case
Original Image Ground-Truth Mask

Fig. 1 Here we see three sets of images, each an example of the output from our image segmentation algorithm ranging from best to worst.
From this figure, we can see that the algorithm performs reasonably well on ultra sound images that are mostly clear. However, in the worst
case there is a significant shadow on the ultra-sound (albeit with a tumor still clearly visible) that was completely missed by our model. The
metrics included above the predicted mask align with our discussion in the main text. When the tumor is successfully identified, it is in fact
present in the data. However, the model misses significant portions of or the entirety of some tumors. Future studies could investigate the

Predicted Mask
Dice=0.877 1oU=0.781

Sens=0.852 Spec=0.993

Predicted Mask Dice=0.660
IoU=0.492 Sens=0.511
Spec=0.994

Predicted Mask Dice=0.000
IoU=0.000 Sens=0.000
Spec=0.998

impact shadows and other artifacts have on image segmentation, particularly for small datasets like ours.

taining responsibility for evaluating model outputs alongside findings that demonstrate the promise of utilizing deep learn-
imaging appearance, patient history, and the broader clinical ing models under constrained data settings.
picture. models achieve reasonable performance within the scope of
this dataset, these findings should not be interpreted as ev-

Overall, these results should be interpreted as exploratory
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Table 8 Here we collate the results of both voting and network
merging schemes to combine the image and the tabular data. The
‘Scheme’ column is voting for non-neural network tabular models
and ‘Merged’ for neural networks whose layers were concatenated
together. The weight was determined by minimizing the negative
ROC AUC score and predictions are calculated via Equation ()
(note: the image weight is the complement of the tabular weight).
For the voting scheme only single point values of the ROC AUC
were calculated because models were not retrained for these data,
only a single median representative models were evaluated to
produce this point estimate. For the merged networks, these were
trained from scratch and therefore subject to the same K-Fold
splitting as before and therefore we generated Cls using the same
bootstrapping technique. From these results, it is even more obvious
that the MobileNetV2 trained with random initial weights is not
contributing as the optimum weight assigned to the image
component was 0.0. Additionally, we find that the random forest in
combination with either the Custom CNN and the MobileNetV2
significantly outperforms its constituent models achieving nearly
perfect ROC scores. Lastly, the merged neural networks do not
outperform the constituents with the DNN alone achieving a typical
ROC of 0.80, but the merged network under-performing across all
categories.

Model pairing Scheme  Tabular Weight ROC AUC (95% CI)
Logistic Regression — MobileNetV2 w/ ImageNet ~ Voting 0.382 0.72 (N/A)
Random Forest — MobileNetV2 w/ ImageNet Voting 0.719 0.97 (N/A)
XGBoost — MobileNetV2 w/ ImageNet Voting 0.666 0.74 (N/A)
LightGBM — MobileNetV2 w/ ImageNet Voting 0.550 0.71 (N/A)
CatBoost — MobileNetV2 w/ ImageNet Voting 0.764 0.71 (N/A)
Logistic Regression — MobileNetV2 w/ Random Voting 1.0 0.80 (N/A)
Random Forest — MobileNetV2 w/ Random Voting 1.0 0.74 (N/A)
XGBoost — MobileNetV2 w/ Random Voting 1.0 0.78 (N/A)
LightGBM — MobileNetV2 w/ Random Voting 1.0 0.78 (N/A)
CatBoost — MobileNetV2 w/ Random Voting 1.0 0.79 (N/A)
Logistic Regression — Custom CNN Voting 0.376 0.76 (N/A)
Random Forest — Custom CNN Voting 0.764 0.95 (N/A)
XGBoost — Custom CNN Voting 0.382 0.72 (N/A)
LightGBM — Custom CNN Voting 0.382 0.71 (N/A)
CatBoost — Custom CNN Voting 0.382 0.67 (N/A)
DNN — MobileNetV2 w/ ImageNet Merged N/A 0.76 (0.74, 0.78)
DNN - MobileNetV2 w/ Random Merged N/A 0.77 (0.75, 0.79)
DNN - Custom CNN Merged N/A 0.66 (0.62, 0.70)

idence of current clinical possibility, but rather as an initial
investigation into the feasibility and limitations of deep learn-
ing approaches in small-data medical settings. Beyond techni-
cal refinement, future studies should also consider regulatory
readiness, documentation, transparency, and clinical gover-
nance requirements as part of model development rather than
as downstream concerns.
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