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Figure. 5.6: Database

Figure. 5.7: Static Entities Records
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form with their credentials to access the software.

Figure. 5.8: Login page

If the provided software access credentials are valid, the user will be directed to the

homepage. There, the user only needs to click the �Start� button, which will then take

them to a new page (Figure 5.9). This newly accessed page enables image retrieval, the

specialist associates the probe image (highlighted in blue in Figure 5.9) with the most

relevant image on the right (highlighted in orange in Figure 5.9). To assist the expert

in their selection process, the images on the right (highlighted in orange in Figure 5.9)

can be �ltered using available �lters (highlighted in green in Figure 5.9). These �lters

allow the selection of images with speci�c dimensions of the mammogram (as seen

in Figure 5.7) exclusively. After conducting a thorough analysis, the expert can select

the most relevant image by selecting the respective checkbox, followed by clicking the

�Save� button to save the record in the database.

Figure. 5.9: Mammogram retrieval page
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After the association procedure is done, the expert is led to a new page (see Figure 5.10),

where all records made can be viewed in detail. The probe image and the image selec-

ted by the expert as most relevant, along with their dimensions, are displayed on this

page.

Figure. 5.10: Registry example

5.5 Ground truth input analysis

This section analyses the inputs provided by an specialist. After the software deve-

lopment was completed, it was necessary to collect ground truth using the software

developed.

5.5.1 Analysis

When developing the software, 410 mammogram images from the INBreast database

were added to the software so that they could be analysed and the most relevant image

could be selected in relation to the probe image. In total, 102 records were made in

the database, i.e. 102 images were analysed out of the 410 that existed. This number

was low due to the limited capacity of the Outsystems platform database, since a free

Outsystems platform plan was used, which meant that the software developed was

slow in displaying the images, which meant that the specialist's work was not carried

out under the best conditions. That said, it is necessary to analyse the ground truth

provided by the specialist. Figure 5.11 shows an example of ground truth obtained by

the expert.

Figure 5.12 shows the general distribution of the points on the graph, i.e. a view of how

the similarities are distributed across the expert's inputs. It should be noted that there

are a total of eight (8) dimensions for the mammograms (vertical axis), i.e. the fol-

lowing graph shows the count by input (line) of equal dimensions between the probe
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Figure. 5.11: Ground Truth

image and the image chosen by the specialist, and this count can vary between 0 and 8

equal dimensions. In general, the graph shows an upward and downward trend and

it is not possible to have just one trend, since the horizontal axis corresponds to the

number of inputs that the expert made when collecting the ground truth. There is a

variation in the similarity between the expert's inputs and those of the database. It is

possible to see some patterns such as speci�c areas in the expert's inputs that indicate

similarities (peaks) and di�erences (valleys). The graph clearly shows that there are

never less than two dimensions in common and never more than six. When developing

the software, images of the same patient were not excluded, i.e. when the specialist se-

lects the most relevant image in relation to the probe image, it may happen that he

selects an image of the same patient, a contralateral image, which consequently causes

there to be at least one di�erent characteristic.

According to Figure 5.13, the overall average distribution of the points in the graph is

visible, i.e. a view of how the average similarities are distributed across the specialist's

inputs. Compared to the average, which is the reference point, there are higher and

lower points than the reference point. In short, it is possible to conclude that in the

upper points there are more similarities relative to the average, and the lower points

indicate that there are fewer similarities relative to the average.

According to Figure 5.14 it is possible to provide an overview of the distribution of the

averages of equal values for each dimensions that the expert has chosen. It is possible to

deduce that some columns (dimensions), for example Calci�cations and Asymmetries,

have consistently high bars, which indicates that the specialist is more likely to provide

equal values in these dimensions.
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Figure. 5.12: Number of equal values per line

Figure. 5.13: Average number of equal values per line
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Figure. 5.14: Average Equal Values per dimensions

5.5.2 Software improvements

During the specialist's analysis, some di�culties arose, so the software was improved

over time as the specialist carried out his task. All the suggested changes to the software

are shown below:

1. The �probe� image must not appear on the right side at the time of association,

i.e. the same image must not be compared to itself;

2. The probe image must not disappear on the left, it must always remain on the

left while an image is selected on the right, i.e. the probe image must always be

visible at all times;

3. Filters must allow the options themselves to be deselected;

4. The size of the images should be increased to make them easier to view. Allow

zooming in on images, both the probe image and the images on the right;

5. Move the probe image to the front;

6. When a �lter is selected, it is necessary to issue a warning that it was selected and

did not give an error.

5.6 Summary

In this chapter, an overview is provided of software developed for collecting ground

truth data intended for the development of a mammogram retrieval system. The soft-

ware was built using the OutSystems platform, known for its low-code approach. The
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initial requirements for the software are presented, such as the visualization of probe

images, �ltering of images based on dimensions, and viewing of records. Additional

improvements suggested by an expert during the software development are also in-

cluded. The entire implementation is described, starting from the software interface,

through a login page, and covering the process of associating probe images with re-

levant images from the database. Subsequently, the inputs provided by a specialist

are analyzed through the developed software. Graphs depict the distribution of si-

milarities between probe images and images considered relevant. The specialist also

highlights the need for improvements to ensure more e�ective software.
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6 Results

This section is subdivided into four parts. Sections 6.1 and 6.2 present the evaluation

of the individual classi�ers. While in 6.1 the results were achived with the random split

of the data; the results in section 6.2 were obtained when the dataset was divided by

patient. In Section 6.3, an exploratory data analysis of the retrieval models, according

to four versions of the weights ( r const , remp, r lit and rexp) is given. Finally, the last part

(Section 6.4) contains the formal evaluation of the retrieval models, using the ground

truth provided by the specialist (see Section 5.5)

6.1 Individual classi�ers

For experimental purposes, two types of approaches (see Section 4.2.1) were conside-

red:

ˆ Training only the �nal fully connected layers (trainable = false);

ˆ Training the networks from scratch (trainable = true).

In Figures 6.1, 6.2, 6.3, and 6.4, the metrics �Loss� and �Accuracy� refer to the training

set, while �Val_accuracy� and �Val_loss� are results in the 20% of validation set. In

Figure 6.5 the metrics �Loss� and �Accuracy� refer to the test set.

Based on the obtained results (Figure 6.1), it can be concluded that the InceptionV3

pre-trained network achieved the highest accuracy of 96% among the models used for

classifying mammograms based on the BI-RADS dimension. For the breast density

dimension (ACR), the network that obtained the best performance was InceptionRes-

NetV2 with an accuracy of 98%.

Figure. 6.1: BI-RADS and breast density results.

Regarding the results obtained by the models that classify the mammograms according

to the existence or not of masses (Figure 6.2), it is possible to say that the pre-trained
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network InceptionV3 was the one that obtained the best results with an accuracy of

100%. The network that achieved the greatest results for the dimension calci�cation

was InceptionV3, which also had a 100% accuracy rate.

Figure. 6.2: Mass and calci�cations results.

From the results obtained by the models that classify the mammograms according to

the view (Figure 6.3), it is possible to deduce that the pre-trained network Inception-

ResNetV2 was the one that obtained the best results with an accuracy of 100%. With

a 100% accuracy rate, InceptionV3 achieved the best performance for the laterality di-

mension.

Figure. 6.3: View and laterality results.

With regard to the classi�cation based on dimensional asymmetries, it is veri�ed that

the pre-trained ResNet50 network is able to obtain the best results, with an accuracy

of 100% (Figure 6.4). Among the tested networks, InceptionV3 demonstrated superior

performance in handling dimensional distortions, achieving a remarkable accuracy of

100%.

Figure. 6.4: Asymmetries and distortions results.

Figure 6.5 illustrates the test set's outcomes. For the BiRads dimension, the networks

ResNet50 and VGG16 were able to obtain the best results with an accuracy of 66%.
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For the breast density dimension (represented by ACR in Figure 6.5) it is the VGG16

network that obtains the best result with an accuracy of 41%. For the dimension asym-

metries, the network that obtained the best result was VGG16 with an accuracy of 100%,

and for the dimension distortions, it is ResNet5 that obtained the best performance,

with an accuracy of 100%. For the dimension masses, the network ResNet50 obtained

the best result with 81% accuracy. For the dimension calci�cation and view the incepti-

onResNetV2 network is the one that obtains the best performance with an accuracy of

81% and 94%, respectively. Finally, for the dimension laterality, it is the VGG16 network

that obtains the best result with an accuracy of 44%. Overall, the test results were rea-

sonable, having the networks behaved di�erently in relation to each dimension.

Figure. 6.5: Results obtained in the test set.

6.2 Division by patient

In order to complement the work, the images (410) were divided by patient, as each

patient has between two to four associated images. Building upon the results obtained

from the previous models (see Section 6.1), and considering the outcomes achieved by

the best networks for each dimension, a new training was conducted for each dimen-

sion using the networks that demonstrated the best performance in their respective

dimensions. In Figures 6.6, the metrics �Loss� and �Accuracy� refer to the training

set, while �Val_accuracy� and �Val_loss� are results in the 20% of validation set. In

Figure 6.7 the metrics �Loss� and �Accuracy� refer to the test set.

Regarding the results of the test set, the �View� dimension obtained an accuracy of

73.88%, while the �Laterality� dimension obtained an accuracy of 65.88%. The detec-

tion of �Mass� shows a robust performance, achieving an accuracy of 81.25%. Notably,

the same model achieves 100% accuracy in the �Distortions� category. As for the �As-

symmetries� dimension, it performs remarkably well with a perfect accuracy of 100%.

In the �Bi-Rads� dimension, the accuracy was only 6.25%. In the �ACR� dimension, it
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Figure. 6.6: Results of patient-wise division.

performs relatively poorly with an accuracy of 25%. Finally, when it comes to detecting

�Calci�cations�, it has a moderate accuracy of 78.12%, which suggests a satisfactory

performance.

Figure. 6.7: Results obtained in the test set for the division by patient.

6.3 Retrieval models

Four versions of the weights were attempted:

ˆ In the model r const , all of the weights are equal.

ˆ In the model remp, the weight values were empirically de�ned as: wlat = 0:000,

wview = 0:000, wdensity = 0:167, wbirads = 0:167, wmass = 0:167, wcalcs = 0:167,

wdist = 0:167, wassy = 0:167. The weights were assigned these values because

both laterality and view have less importance and value in the detection of breast

cancer as they end up being less informative dimensions, while density, BI-RADS,

mass, calci�cations, distortions and asymmetries can greatly help in the identi�-

cation of this disease due to their presence or absence on the mammogram.

ˆ The model r lit is based on existing studies. Forwlat the value 0.018 was set because

according to [36], the left breast is associated with a more aggressive biology.

For wview , the value 0.000 was set since no references were found. Forwdensity ,
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the value 0.172 is set because, according to [37], mammographic breast density

is a strong reproducible risk factor for breast cancer. For wbirads , the value 0.172 is

set because according to [38] BI-RADS provides a standardised terminology of

lesion type and morphology as well as the enhancement features (enhancement

pattern and signal intensity curves). He adds that the universal use of the BI-

RADS lexicon has contributed to reducing inter-observer variability. The weight

wmass was set to 0.172 because according to [39] the ability to directly identify

and visualise the characteristics of masses allows accurate and rapid diagnosis

and prognosis. The value of wcalcs is 0.172 because the authors of [40] say that the

identi�cation of calci�cations is one of the methods that allow the identi�cation

of breast cancer e�ectively. For wdist the value 0.172 is set because it is found

in [41] that architectural distortion is the third most suspicious appearance (after

microcalci�cations and masses), representing 6% of the abnormalities detected in

screening mammography. Finally, wassy is set to 0.122 because according to [42],

pairing two opposite breasts to examine asymmetry improves the detection of

local lesions.

ˆ The creation of the model rexp involved information gathered from an specialist.

Therefore, the following weights were de�ned: wlat = 0:143, wview = 0:140,

wdensity = 0:098, wbirads = 0:097, wmass = 0:132, wcalcs = 0:118, wdist = 0:142,

wassy = 0:130.

The weights for each one of the four versions are summarised in Table 6.1.

Table. 6.1: Summary of weights in di�erent models

Model wlat wview wdensity wbirads wmass wcalcs wdist wassy

r const 0.125 0.125 0.125 0.125 0.125 0.125 0.125 0.125
remp 0.000 0.000 0.167 0.167 0.167 0.167 0.167 0.167
r lit 0.018 0.000 0.172 0.172 0.172 0.172 0.172 0.122
rexp 0.143 0.140 0.098 0.097 0.132 0.118 0.142 0.130

For an illustration of the retrieval results, the probe image shown in Figure 6.8 was used.

In Figure 6.8 the ground truth for each dimension is also shown. Some quantitative

results of the �nal retrieval model according to the four approaches are presented in

Table 6.2, where the similarity between the probe image and the most similar image

(the �rst image of the top-5) is presented.

Table. 6.2: Retrieval results

r const remp r lit rexp

dprobe;i 0.319 0.191 0.197 0.292

The model r const obtained the value 0.319 and in Figure 6.9 it is possible to visualise

the top-5 retrieved mammograms. The top-5 retrieved mammograms present six of
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Figure. 6.8: Probe image along with the ground truth (ground truth is not used during
retrieval)

the eight dimensions of the probe image. In this �rst approach, one would expect the

dimensions laterality, view, mass, calci�cation and distortions to be the same as in the

probe image, since in the distance calculation the weights have the same value, the

same importance. It is clear that the use of a di�erent distance metric (left for future

work) would improve these results.

Figure. 6.9: Top-5 images retrieved by r const

The model remp obtained the value 0.191 and in Figure 6.10 it is possible to visualise

the top-5 retrieved mammograms. These �ve mammograms present two of the eight

dimensions of the probe image. In this approach, since the weights that make up the

distance formula have been de�ned empirically, it is possible to realise that laterality

and view do not have the same importance, in addition it is the highest value presented

in Table 6.2 for similarity.

The model r lit obtained the value 0.197 and in Figure 6.11 it is possible to visualise

the top-5 retrieved mammograms. These �ve mammograms present three of the eight

dimensions of the probe image. In this approach, the weights were de�ned based on

the literature, so the �ve retrieved mammograms are the result of this research.

Finally, the model rexp obtained the value 0.292 and in Figure 6.12 it is possible to vi-

sualise the top-5 retrieved mammograms. These �ve mammograms present three of
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Figure. 6.10: Top-5 images retrieved byremp

Figure. 6.11: Top-5 images retrieved byr lit

the eight dimensions of the probe image. In this approach, which is based on speci-

alist opinion, it is to be expected that the �ve mammograms displayed are the most

relevant when given the probe image in Figure 6.8. The specialist's information is so-

mewhat constrained because the work was not done under ideal circumstances, which

is one of this approach's shortcomings. For instance, using a mammography reading

screen would make it easier to understand each component of the mammograms.

Figure. 6.12: Top-5 images retrieved byrexp

In summary, the results of the �nal retrieval model were quite positive for the four

di�erent approaches, with the �rst approach standing out with six out of 8 dimensions
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presented.

6.4 Evaluation

This section analyses the results obtained when evaluating the data provided by an

specialist in the retrieval model, according to two approaches.

6.4.1 All images

This evaluation is carried out by �nding out the position in which each retrieval model

places the choice image (image chosen by the specialist) on a scale of 0 to 409, for 410

images.

The full evaluation results are in Annex G - Retrieval extended results. According to

the results obtained, it is possible to conclude that r const and rexp have a very solid per-

formance, with the majority of positions closer to 0, indicating a good positioning from

0 to 409. This suggests considerable e�ectiveness in classifying the images. remp and

r lit show a similar performance to r const and rexp, but with a slightly greater variation

in the classi�cations, indicating a wider dispersion in the results. Finally, it can be seen

that in r const and rexp the best classi�cation is 0 and the worst 356, while in remp and r lit

the best classi�cation is 0 and the worst 389. In summary, r const and rexp yield the best

results when it comes to positioning the images on a scale from 0 to 409.

According to the box plot in Figure 6.13, it is noticeable that the box plots of r const and

rexp have a di�erent distribution from the others, meaning that the majority of the data

consists of lower values. On the other hand, the box plots of remp and r lit exhibit higher

variability, with wider distributions, indicating higher values.

Figure. 6.13: Retrieval evaluation
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6.4.2 Evaluation of division by patient

The results obtained in the evaluation also stemmed from the discovery of the position

of the image chosen by the specialist on a scale from 0 to 409, except that the images

were divided by patient. The results of this evaluation are presented in Annex H - Ver-

sion 2 of the extended results retrieval. According to the results obtained, it is possible

to conclude that r const has a very solid performance, with most of the positions closer

to 0, indicating a good positioning from 0 to 409. remp, r lit and rexp show a greater vari-

ation in positions, indicating a greater dispersion in the results. Finally, it can be seen

that in r const the best position is 1 and the worst is 330, while in remp, r lit and rexp the

best position is 1 and the worst is 394. In short, r const produces the best results when it

comes to positioning the images on a scale from 0 to 409.

According to the box plot in Figure 6.14, it is noticeable that the box plots of r const have

a di�erent distribution from the others, meaning that the majority of the data consists

of lower values. On the other hand, the box plots of remp, r lit and rexp exhibit higher

variability, with wider distributions, indicating higher values.

Figure. 6.14: Retrieval evaluation - Version 2

6.5 Summary

This chapter presents all the results. For individual classi�ers, detailed analyses are

provided for various dimensions such as BI-RADS, breast density, masses, calci�cati-

ons, view, laterality, asymmetries, and distortions. The results show high accuracy for

certain models, highlighting the e�ectiveness of the classi�ers in detecting anomalies in

mammograms. Another adopted process was �Division by patient�, where images are

grouped by patients, and a new training is carried out based on the models that perfor-

med best in the evaluation of individual classi�ers. The results show varied accuracies
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for di�erent dimensions, indicating the models' ability to adapt to patient-speci�c data.

Four variations of weights ( r const , remp, r lit , and rexp) were introduced, highlighted their

performance in retrieving relevant mammograms based on similarity metrics. The re-

sults indicate promising outcomes in di�erent weight con�gurations, with the r const

approach standing out. Finally, an overall evaluation of the retrieval models is con-

ducted using two approaches: considering all images and considering images divided

by patient. The r const model consistently demonstrates solid performance, with most

positions closer to the ideal value, highlighting its e�ectiveness in positioning images

on a scale of 0 to 409. The box plots illustrate the distribution of positions, highligh-

ted the consistency and reliability of r const compared to other models. These �ndings

contribute valuable insights to the development of mammography retrieval systems,

showcasing the potential to enhance breast cancer detection and clinical support in di-

agnosis.
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7 Conclusion

Breast cancer is a widespread illness that a�ects a large number of people, with women

being more at risk for developing it. Despite advancements in medical knowledge and

treatments, there is still a critical need for extensive research in this �eld. This urgency

arises from the fact that breast cancer continues to claim the lives of thousands of in-

dividuals each year. By investing in further research e�orts, we can strive to improve

prevention, early detection, and treatment strategies, ultimately reducing the devas-

tating impact of this disease on countless lives. The present project is related to the

aforementioned problem since early detection of breast cancer is essential for a favou-

rable prognosis.

A retrieval model has been developed in which an image is an input into the system

and a set of relevant images with known diagnoses and their respective histories are

returned. Towards this end, multiple models were created, one for each dimension in-

cluding breast density, asymmetries, BI-RADS classi�cation, presence of calci�cations,

distortions, laterality (right or left breast), presence of masses, and image incidence

(CC or MLO). Each model was trained with four pre-trained networks: ResNet50,

VGG16, InceptionV3 and InceptionResNetV2, in order to understand which one perfor-

med best. In order to create the �nal model retrieval model, we here proposed the use

of a weighted sum of the aforementioned models. Four versions were then attempted,

a �rst version where all the dimensions are equally important, a second version where

each dimension was empirically weighted, a third where the weights were de�ned ac-

cording to the literature, and a �nal one where the values of the weights were de�ned

by a specialist.

A software tool was developed to gather data, thereby facilitating the creation of a

mammography retrieval system. This software was developed according to initial re-

quirements, and subsequently re�ned, to have a �nal quality version to facilitate the

specialist's work. The disadvantages of the software are that it is not constantly fed

with new mammogram images.

As for the results obtained by the individual classi�cation models in the test phase,

according to each dimension, the best accuracy achieved is 66% for BI-RADS classi�-

cation, 41% for breast density, 98% for the presence of masses, 81% for the presence

of calci�cations, 94% for view, 44% for laterality, 100% for asymmetries, and 100% for

distortions. The �nal retrieval models behaved di�erently, since the weights attributed

to each dimension were de�ned in di�erent ways, i.e. each dimension had a speci�c
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importance. The r const of the �nal retrieval model managed to achieve six out of the

eight dimensions.

An analysis was made of the results obtained in the evaluation carried out on the data

provided by an specialist in the retrieval model. This evaluation consisted of discove-

ring the position in which the retrieval model places the image chosen by the specialist

on a scale of 0 to 409. It was possible to conclude thatr const and rexp obtained the best

classi�cation results for images on a scale of 0 to 409.

Several future directions are foreseen. Concerning the classi�ers, two training metho-

dologies were used, freeze all layers except the last one, and train all the layers. It is

planned to test an intermediate solution, by iteratively unfreezing the layers of the clas-

si�ers. For the retrieval models it is planned, for example, to experiment with di�erent

distance metrics. Another line to pursue is to automatically derive the weights of each

dimension in the �nal weighted sum model. To achieve this objective, we can leverage

arti�cial intelligence techniques such as the training of neuronal networks or the use

of evolutionary algorithms such as genetic algorithms, or Particle Swarm Optimisa-

tion type algorithms. As for the software, the current version has been developed to

be used by an specialist to collect ground truth information [43]. The primary future

focus centres on software enhancement, speci�cally the creation of a version suitable

for clinical application, incorporating retrieval models.
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Annex A - Selection of papers

Three sheets were created in Microsoft Excel. In the �rst (see Figure 7.1), all the studies

were entered, including the respective title, year of publication, number of citations of

the study, Digital Object Identi�er(DOI) or hyperlink, whether or not the study was

selected, and �nally the respective observations, i.e. the reason for exclusion. On the

second sheet (see Figure 7.2), papers containing citations are selected/excluded. The

third sheet (see Figure 7.3) selects/excludes papers that do not contain any citations.

Figure. 7.1: Collection of papers.

Figure. 7.2: Choice of papers with citations.

Figure. 7.3: Choice of papers without citations.
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