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Abstract

This paper aims to explore the effectiveness of machine

learning models for the classification of breast cancer im-

ages trained with data from a demographic region and

tested or used in a different demographic region. Artifi-

cial intelligence has the potential to be integrated into the

imaging process to reduce workload and broaden screen-

ing audiences. However, artificial intelligence has some-

times been shown to demonstrate bias in medical appli-

cations. Most available breast cancer images are col-

lected in North American, European, or East Asian coun-

tries, and there is limited data available from other regions.

Bias between demographics could lead to some groups be-

ing under-diagnosed, resulting in worsened prognoses. In

this work, a high-performance breast cancer classification

model with AUC of up to 0.7415 on ultrasound images and

0.8920 on mammogram images has been developed. The

model is trained and tested on a variety of datasets, some

specifically collected in Ghana to compare with publicly

available datasets from the UK, Portugal, and Poland. Ex-

periments were conducted to determined any bias between

different demographic regions. A significant decrease in

performance was found in five of the six experiments con-

ducted.

1. Introduction

Breast cancer is the second most frequently diagnosed can-

cer world-wide, responsible for 11.6% of all cancers glob-

ally [3]. Breast cancer screening and diagnosis is reliant

on medical imaging, most commonly mammography and

ultrasound. Mammography is the recommended form of

imaging for screening. However, it is not suitable for higher

density breasts, particularly in younger people or some eth-

nic groups. [18]. Ultrasound is typically used to diagnose

patients with symptoms or signs of cancer in screening.

Breast cancer imaging requires access to equipment and

highly-trained radiologists. Interpreting images requires

a large amount of time and a high-level of human focus.

Results are also subject to human errors which can de-

lay diagnosis and treatment with serious consequences for

the patient. Artificial intelligence (AI) has potential to be

integrated into imaging processes and help to overcome

these challenges. For example, machine learning (ML) can

be used as an additional image reader, real-time assistant

for radiologists, or even as an automated single reader for

screening or tumour classification [4]. The use of AI in

breast cancer imaging could reduce the workload of radiol-

ogists, reduce the risk of errors, and widen access to breast

cancer screening.

There is evidence of bias in AI in many fields includ-

ing the medical field. Algorithms can reflect the bias of

their training data, which reflects human and societal bi-

ases. When AI is used for medical purposes, bias can have

serious consequences. It has been shown that AI for derma-

tological diagnoses can under-diagnose certain ethnicities

[1], and that medical forecasting models may perform better

for patients with better access to healthcare [16]. Bias in AI

may present differently across different areas in medicine.

There is limited research into the causes and effects of bias

in AI for breast cancer imaging. There is a potential for fac-

tors like ethnicity, genetics, healthcare access, or lifestyle

factors to cause images to present differently and introduce

bias into imaging AI.



Information about characteristics that could cause bias,

like ethnicity, is not included in public imaging datasets.

However, these characteristics do tend to differ across de-

mographic regions. Studies demonstrating the successful

use of AI for breast cancer imaging are typically trained

with images from only North American, European, and East

Asian datasets. There has been little investigation into how

these models perform in different regions. Additionally, it is

possible that there is further bias contained within datasets,

for example, some ethnic groups may be underrepresented.

The aim of this work is to investigate the presence of bias

in a breast cancer classification model across demographic

regions. Breast cancer images will be used from two differ-

ent demographic regions: Sub-Saharan Africa (Ghana) and

Europe (UK, Portugal, and Poland).

2. Related Work

Machine learning for breast cancer can be integrated into

healthcare for practical use in a number of ways. Models

may be deployed as a second or third reader, where both a

radiologist and the model interpret the image and the results

are compared [5]. Models may also be used as real-time as-

sistants that flag certain images or areas within images as

higher-risk for malignancy [6]. Finally, breast cancer clas-

sifiers may be deployed as single automated readers. This

means that images are interpreted only by AI, with no radi-

ologist input. This could potentially enlarge breast cancer

screening audiences, however, the bioethical implications

are not yet regulated [4].

One study [5] investigated whether AI cancer-detection

software, INSIGHT MMG [13] could be used to triage

mammograms into workstreams of no further radiologist

assessment or enhanced assessment. The study [5] used up-

sampling of healthy women to create a screening-like co-

hort and mitigate the effects of a cancer-enriched datasets.

The triage was found to halve radiologist workload without

missing cases.

This research was later expanded by assessing for non-

inferiority of AI involvement in breast cancer screening [6].

The INSIGHT MMG [13] software was used again as a

standalone classifier and an assistant for single and dou-

ble radiologists’ readings. This was compared to unas-

sisted double radiologist readings with radiologists of vary-

ing skills. Overall, the study found that assisted single

reading and the standalone classifier were non-inferior com-

pared with unassisted double readings. [6]

Bias in AI may be present due to prevalence, presenta-

tion, or annotation disparities [12]. Prevalence disparities

appear due to subgroups having different levels of preva-

lence in the data. Presentation disparities occur when dif-

ferent subgroups present with a disease differently. Anno-

tation disparities are introduced by human individuals la-

belling data using different criteria. Some of these dispari-

ties could be derived from legitimate biological differences

and should therefore be used by the model to inform predic-

tions. In other cases, disparities may be caused by historical

bias and must be mitigated by the model.

Machine learning models for healthcare applications can

be limited by the generalisability of the models. Models

tend to be trained with data collected from one healthcare

centre, with the model later tested and deployed in other

healthcare centres. However, several studies have found

that there is a gap between locally reported model perfor-

mance and cross-site generalizability [24]. This means that

the models do not perform as well when tested with data

from centres different to their training data.

Breast cancer classification models can exhibit bias

caused by the prevalence of classes. Breast cancer datasets

typically contain images from normal, benign, and malig-

nant classes. Often, these datasets are cancer-enriched,

which means that they contain a higher proportion of malig-

nant samples than would be found in a general population.

A breast cancer classification model may contain biases to-

wards the most prevalent class in its training data [7]. This

can cause a difference in performance when the model is

tested with data with a different proportion of classes, for

example, screening of the general population. Such biases

can be mitigated with a variety of strategies, for example,

by choosing to over-sample certain classes in a dataset [7].

The presence of bias in AI for dermatology is a widely

discussed issue [1] as the cause of the bias and its conse-

quences are clear. AI has the potential to be used for the

diagnosis of skin conditions without the need for pathologi-

cal tests [1]. The available datasets for the diagnosis of skin

conditions contain a higher volume of images of White skin.

However, skin conditions appears very different for differ-

ent ethnicities. A machine learning model trained on the

available datasets will learn the biases of the datasets, and

be more likely to correctly diagnose skin cancer in White

patients than patients of other ethnicities [1].

A scoping review of racial bias in clinical machine learn-

ing found racial bias present in eight out of ten studies [11].

One study analysed underdiagnosis of ethnic minorities in

chest X-ray classification models [20]. Underdiagnosis is

defined as falsely claiming that a patient is healthy. A model

was trained on a complete dataset. The test data was di-

vided into subgroups, where some subgroups were known

to be underserved. The model used a DenseNet architecture

pre-trained with ImageNet. The results showed that patients

who were female, under 20 years old, Black or Hispanic, or

of lower socio-economic status were at higher risk of under-

diagnosis. Belonging to more than one underserved group

also increased the risk.

Another study analysed bias in breast cancer survival

models [16]. Several models were trained on specific eth-

nicity and compared to generic models. Four architectures,



Cox Proportional-Hazards (CoxPH), Gradient Boost Tree

(GBT), Survival Tree (ST), Survival Support Vector Ma-

chine (SSVM) were used. The models were evaluated using

a standard performance measure for survival models called

C-index. The results showed that ethnicity-specific models

consistently out-performed general models for the task of

predicting survival.

This review has identified potential for bias between de-

mographic regions in machine learning for breast cancer

imaging. This bias could be caused by limited prevalence,

where some demographic regions are underrepresented in

the available training datasets. There may also be presenta-

tion disparities, where certain ethnicities present differently

in breast cancer images. Finally, it is possible that annota-

tion disparities are present, with images being labelled ac-

cording to different criteria across demographic regions or

healthcare centres. The study demonstrating the develop-

ment of INSIGHT MMG [13] indicated that there may be a

decrease in performance when a model is trained and tested

with data from a different demographic region. Further re-

search should be conducted into the presence of this bias,

but may be limited due to models being insufficiently gen-

eralisable [24].

3. Our Approach

This section outlines the approach taken in this work. Suit-

able datasets are assessed and selected. The steps for data

pre-processing are described. The model architecture is se-

lected and the implementation and validation strategies are

outlined. The bias analysis experiments are planned.

3.1. Dataset Selection

The aim of the work is to train a model using images from

one demographic region then test the model with data from

another region. The idea was to use ultrasound and mam-

mography datasets collected specifically for this purpose

from two different continents; Africa and Europe, with each

set containing a single ethnicity. The dataset from Europe

will be substituted with publicly available datasets collected

in Europe. The criteria below was used to identify the most

suitable public datasets:

1. Relevance to goal: The datasets must be suitable for

investigating demographic bias. Each dataset must have

been collected in a single demographic region.

2. Size and quality: The datasets must contain sufficient

images to train and test the model. The datasets can be

cancer-enriched and contain a high proportion of malig-

nant samples.

3. Labels: The images must be labelled by expert radiolo-

gists. Each image should be classified as normal, benign,

or malignant.

4. Legal and ethical compliance: The datasets must com-

ply with legal and ethical guidelines and have full ethical

approval to train machine learning models.

5. Comparability of models: The datasets should be of

similar size and have similar class prevalence to allow

models to be compared.

The Sweden Ghana Medical Centre has provided ultrasound

and mammogram images of exclusively Ghanaian women

(Ghana). Mammography datasets from regions of predom-

inantly White ethnicity used are listed in Table 1. The only

publicly available dataset collected in the UK is MIAS [21],

which is comprised of digitised film images. The INBreast

dataset [15] is also publicly available and contains digital

images, however, it was collected in Portugal, not the UK.

Figure 1 shows a sample image from each of these datasets.

The MIAS image is clearly of lower quality than the Ghana

and INBreast images. It was decided to conduct mammo-

gram experiments using both datasets. Although, there is

no guarantee that the publicly available datasets (MIAS and

INBreast) contain a single ethnicity, but they were both col-

lected in European countries of predominantly White eth-

nicity.

Dataset Region Availability Description

INBreast Portugal Public 410 digital images

MIAS UK Public 322 film images

Table 1. list of EU mammography datasets.

There is limited availability of public ultrasound

datasets. The literature reviewed identified two possible

datasets: BrEaST [17], collected in Poland, or BUS-BRA

[9], collected in Brazil. The BrEaST dataset was selected

as it was collected in a country of predominantly White eth-

nicity.

3.2. Dataset Descriptions

The selected datasets contain labels for normal, benign,

and malignant cases. The region, image type, and num-

ber of samples present for each class is outlined in Table 2.

The BrEaST dataset uses BIRADS scores [22] rather than

normal, benign, and malignant classes. These have been

mapped to the most likely corresponding class. BIRADS

score 1 is mapped to normal, scores 2 and 3 are mapped to

benign, and scores 4 and 5 are mapped to malignant [22].

Name Type Normal Benign Malignant

Ghana Ultrasound 192 178 167

BrEaST Ultrasound 4 154 98

Ghana Mammogram 255 360 299

MIAS Mammogram 207 64 51

INBreast Mammogram 67 243 100

Table 2. Description of samples in the selected datasets.



(a) Ghana (b) INBreast (c) MIAS

Figure 1. Sample images from the selected mammogram datasets.

3.3. Dataset Pre-Processing

In the pre-processing stage, the datasets will be divided into

training, validation, and test sets. The model will be tested

on two different test sets. The test sets initially contain a

different number of samples from each class. This could

cause a change in performance if the model is better at pre-

dicting certain classes. The experiments look for a change

in performance caused by demographic regions and causes

like class imbalance should be mitigated. The test sets will

be balanced to contain exactly the same number of samples

from each class. This is achieved by taking the minimum

number of samples available per class in either set. For ex-

ample, if one test set contains 50 malignant samples and

the other contains 40, the balanced test sets will contain 40

malignant samples each.

3.4. Model Selection

The experiments will each be conducted using the same ar-

chitecture. The model should perform highly at the breast

cancer classification task and train relatively quickly, as the

experiments will require up to 50 iterations. The literature

review identified two possible architectures for the classifi-

cation model. The INSIGHTMMG software, used in sev-

eral studies, makes use of the ResNet architecture and has

been shown to be non-inferior to the work of trained radiol-

ogists [13]. The VGG architecture has been shown to per-

form very highly for both mammograms and ultrasounds

[19][10]. Both of the identified architectures are available

in Python and Tensorflow with capacity for transfer learn-

ing. From the Literature Review, it is expected that VGG

could perform highly and consistently for both ultrasound

and mammograms. Both architectures have been tested dur-

ing the initial development phase before selecting the final

architecture.

3.5. Model Validation

Performance metrics will be used to evaluate the effective-

ness of the model. These performance metrics expect that

the prediction made by a model is a true positive, false pos-

itive, true negative, or false negative. In this case, the model

will perform multiclass classification and predict normal,

benign, or malignant labels, which are not divided into pos-

itive and negative. To compute performance metrics over

the three classes, a One-vs-Rest (OvR) strategy will be ap-

plied [8]. Each label will be treated as the positive class

in turn and the metric will be computed for that label. The

macro-average of the three metrics will be taken and used

as the final metric. The goal of the model is to correctly

classify breast cancer images as malignant, benign, and nor-

mal. A false negative that incorrectly classifies a malignant

image as normal or benign has serious consequences. The

AUC, computed with the OvR strategy, is the primary met-

ric identified in the Literature Review to assess performance

of cancer classification models, and will be used to compare

the performance of the models.

3.6. Bias Analysis

In this paper, the term bias refers to the performance of the

classification model changing between different datasets.

The goal is to detect if bias is present between demographic

regions and to determine the cause of this bias. The ex-

periments will look for a change in performance when the

model is tested with data from a different demographic re-

gion to its training data. For these experiments, the Ghana

refers to the dataset collected in Ghana.



All of the experiments will follow the same structure.

One dataset (the primary dataset) will be split into training,

validation, and test sets. A second test set will be obtained

from a different dataset mainly from another demographic

region and referred to as the secondary dataset. The model

will first be trained with the primary training set. The model

will then be tested with the primary test set and then the sec-

ondary test set separately. The datasets that will be used for

each experiment are outlined in Table 3. The performance

of the model on the primary and secondary test set of each

experiment will be compared.

Experiment Image Primary Secondary

ID type dataset dataset

DM-1A Mammogram Ghana MIAS

DM-1B Mammogram MIAS Ghana

DM-2A Mammogram Ghana INBreast

DM-2B Mammogram INBreast Ghana

DU-1A Ultrasound Ghana BrEaST

DU-1A Ultrasound BrEaST Ghana

Table 3. List of bias experiments and datasets.

The results of the experiments will be analysed to deter-

mine whether there is a change in performance across the

two test sets. The following null hypothesis will be tested:

H0 : There is no performance change between the classi-

fication model tested with data from the same demographic

region or a different demographic region to its training data.

The experiment will run for 50 iterations to ensure sufficient

samples are generated for statistical analysis. AUC will be

used to perform statistical test as it is the main metric used

for comparing cancer classification model performances in

the Literature Review. The two test sets are derived from

independent datasets, therefore the AUCs for each iteration

are also independent. The distribution of the AUCs for each

dataset over the 50 iterations can be compared with a Stu-

dent’s t-test or a Mann-Whitney test [14]. The independent

Student’s t-test assumes that data is normally distributed, so

the distributions will first be tested for normality using the

Shapiro-Wilk test [23]. For Shapiro-Wilk, the null hypoth-

esis H0 will be that the AUCs follow a normal distribution.

If H0 for Shapiro-Wilk is accepted for both test sets, the

Student’s t-test will be used to test for a change in perfor-

mance. If H0 for Shapiro-Wilk is rejected for either test set,

the Mann-Whitney test should be used instead.

4. Results

The datasets used for each experiment is shown in Table

3. The experiments tested for a change in performance

between datasets from different demographic regions. For

each experiment, the model was trained and tested 50 times.

The accuracy and AUC were recorded for the primary and

secondary test sets. The mean value of each metric across

the 50 iterations is recorded in Table 4 for the primary and

secondary test sets in each experiment.

Image Prim. Sec. Mean Mean

ID type Test Set Test Set ACC AUC

DM-1A Mamm Ghana Ghana 0.66 0.89

Ghana MIAS 0.41 0.53

DM-1B Mamm MIAS MIAS 0.51 0.52

MIAS Ghana 0.56 0.51

DM-2A Mamm Ghana Ghana 0.64 0.83

Ghana INBreast 0.38 0.53

DM-2B Mamm INBreast INBreast 0.67 0.72

INBreast Ghana 0.32 0.54

DU-1A USG Ghana Ghana 0.86 0.74

Ghana BrEaST 0.63 0.53

DU-1B USG BrEaST BrEaST 0.63 0.62

BrEaST Ghana 0.38 0.53

Table 4. Performance metrics for primary and secondary test sets,

where Mamm is Mammogram, USG is Ultrasound and ACC is

accuracy.

4.1. Model Performance

The model was built and trained on ultrasound data from

Ghana (Ghana) and BrEaST (Poland) and mammogram

data from Ghana (Ghana), MIAS (UK), and INBreast (Por-

tugal). The final model achieved a mean AUC of 0.8920,

0.5193, and 0.7226 when trained and tested with mam-

mogram images from Ghana, MIAS, and INBreast respec-

tively. The model achieved a mean AUC of 0.7415, and

0.6243 when trained and tested with ultrasound images data

from Ghana and BrEaST, respectively. The final breast can-

cer classification model achieved an AUC of up to 0.8998

on ultrasound images and 0.8401 on mammogram images.

These results were comparable with those of the state-of-

the-art literature, where AUCs were found to range from

0.77 [2] to 0.92 [19].

In general, the model performed better on mammogram

images than on ultrasound images. The model consistently

performed highest on the images from Ghana. It is likely

that this caused the higher number of images compared

to the other publicly available datasets. The three public

datasets did not perform as highly as the Ghana dataset.

Between the two public mammogram datasets, the model

trained and tested on the INBreast dataset performed higher

than the model trained and tested on the MIAS dataset.

Again, it is likely this was due to the INBreast dataset being

larger with higher quality digital images.

4.2. Statistical Analysis

The objective of this work was to determine whether there is

a change in performance when the model is tested with data



from the same demographic region as its training data, or a

different region. The null hypothesis for the demographic

experiments (shown in Table 5) was tested by applying the

Student’s t-test to the distribution of AUCs produced by the

test sets from two demographics. The null hypothesis H0

was rejected for Experiments DM-1A, DM-2A, DM-2B,

DU-1A, and DU-1B with a p-value of 0.0000, indicating

a significant change in performance when testing the model

with a test set from a different demographic. The null hy-

pothesis H0 was only accepted for experiment DM-1B with

a p-value of 0.2950 indicating that there was not a signif-

icant change in performance when the model trained with

MIAS was tested with data from Ghana. It must be noted

that the quality of the MIAS dataset was much lower than

the other datasets.

Prim. Sec.

ID µAUC µAUC Statistic p-value Outcome

DM-1A 0.8290 0.5260 129.5625 0.0000 Reject

DM-1B 0.5193 0.5117 1.0548 0.2950 Accept

DM-2A 0.8279 0.5319 135.2443 0.0000 Reject

DM-2B 0.7225 0.5368 22.9138 0.0000 Reject

DU-1A 0.7415 0.5286 58.5347 0.0000 Reject

DU-1B 0.6243 0.5294 15.2902 0.0000 Reject

Table 5. Student’s t-test outcome for H0 of each experiment.

5. Conclusion and future Work

The presence of bias, regardless of the cause, has serious

implications for the field of machine learning for breast can-

cer imaging. This study has demonstrated the risk of de-

veloping breast cancer classification models in one region

and deploying them in another without careful considera-

tion and bias mitigation. Further work should aim to isolate

the possible causes of the bias that has been found. The ef-

fects of bias should also be investigated between different

groups in a single dataset. Finally, research should show

how such bias can be mitigated before the deployment of

commercial AI for breast cancer detection.
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