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Abstract

Tuberculosis (TB) is an infectious disease caused by the bacterium Mycobacterium tuberculosis,
which is one of the leading causes of death worldwide. Various Deep Convolutional Neural
Network models have gained popularity to help during the TB screening process by detecting
patients with active Tuberculosis from their Chest X-Rays. To help with further advancing the
research, a new publicly available dataset, TBX11K, has been used to increase the number of sam-
ples during training for existing replaceable state-of-the-art models. In the first step, the model’s
performance was evaluated to see if an improvement through the addition of more TB-related
data was observable. It was shown that state-of-the-art replicable binary classifier models could
further be improved through the inclusion of more data. Further, there is a lack of focus on
generating and evaluating explanations for such models. The preferred methods currently are
saliency mapping techniques such as Grad-CAM, to generate visual explanations based on the
model’s decision-making process, by overlaying heatmaps over the Chest X-Rays. The selected
TBX11K dataset includes ground truth bounding box labels, which makes it possible to evaluate
if the visualisations were correct. There are various evaluation metrics to evaluate the faithful-
ness and localisation performance of the saliency mapping techniques according to ground truth
labels. Two of them have been identified to be useful, namely RemOve and Debias, and Pro-
portional Energy. RemOve and Debias was used to observe if there is one universal saliency
mapping technique that performs well for all models for the task of active Tuberculosis detection.
Further, based on these two metrics, a new metric was proposed, ROAD-Normalised PropEng
Average, to measure the overall best-performing model and Saliency Mapping Technique com-
bination. From the evaluation with RemOve and Debias, it was concluded that there does not
seem to be a universal saliency mapping technique that performs well on all model architectures
for the detection of active Tuberculosis. Thus, it is recommended to always consider the under-
lying model before choosing the optimal saliency mapping technique. Further, through the use
of the ROAD-Normalised PropEng Average, it was concluded that one model in combination
with a saliency mapping technique offered the best trade-off between faithfulness and correct-
ness of the visualisations. This was the multi-label DenseNet-121 model with Eigen-CAM. To
obtain accurate classifications of active Tuberculosis with explainable and correct visualisations,
it is recommended to use this model and visualisation technique combination.
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Chapter 1

Introduction

Tuberculosis (TB)is an infectious disease caused by the bacteriumMycobacterium tuberculosis. Be-
fore the Coronavirus Disease 2019 (COVID-19)pandemic, Tuberculosis was responsible for more
deaths per year than any other infectious disease. With an estimated 1.6 million deaths in 2021, it
still remains one of the top causes of death worldwide.

It is estimated that approximately one-fourth of the world's population lives with a Latent
Tuberculosis Infection (LTBI)(Houben and Dodd, 2016; World Health Organization, 2022). A latent
tuberculosis infection refers to a condition in which a person has been infected with the bacterium,
but the infected person is not showing any symptoms. The bacteria remain in the body in a
dormant state and the person remains non-contagious. 90% to 95% of the infected people either
remain in this state during their lifetime or in some instances, clear the infection. The remaining
5% to 10% develop the active Tuberculosis (aTB)disease, typically within the �rst 5 years of the
initial infection. The risk of the disease being developed increases with several factors, including
a frail immunological status (e.g., having AIDS, diabetes, being malnourished), smoking, and the
presence of alcohol consumption disorders. A person with active TB can transmit the bacterium
through the air by coughing, sneezing, or spitting. Most of the time, active TB affects the lungs, in
which case it is also called Pulmonary Tuberculosis (PTB), but it can affect other parts of the body
too (extra-pulmonary TB) (World Health Organization, 2020, 2022). About 50% of the infected die
if the active TB disease is left untreated, and if treated, 85% of them can be cured.

As in the previous years, a majority of the 10.6 million TB infections in 2021 occurred in
low- and middle-income countries. In an attempt to combat Tuberculosis globally, the United
Nations (UN) adopted the End TB Strategydeveloped by the World Health Organization (WHO).
The End TB Strategy includes milestones for certain goals, including an absolute reduction in TB-
related deaths by 90%, and the reduction of the TB incidence rate (new cases per 100'000 of the
population/year) by 80% until 2030. The requirements to reach these goals are divided into 3 pil-
lars, of which one is the integrated, patient-centred care and preventionpillar. According to this pillar,
TB needs to be screened for, detected, diagnosed early, prevented, and treated until the patient is
cured. To perform these tasks and reach the milestones, more domestic and international funding
is needed in low- and middle-income countries (World Health Organization, 2022).

Both, LTBI and aTB, can be detected and treated. If a patient has an LTBI, the goal is to stop
the patient from developing aTB by starting a preventive treatment. However, the treatments
for LTBI and aTB are different from each other, and going through a preventive treatment while
already having aTB should be avoided, as such a treatment is not very effective and can even be
counterproductive for a patient. In Figure 1.1, the World Health Organization (2020) has created
a �owchart that serves as an orientation on how the different risk groups within a population
should be tested for LTBI, and when a preventive treatment should be initiated for them. HIV-
positive patients and patients who had contact with a household member with TB have their
own starting points. For patients within the "Other risk group" or "Household contract" group
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Figure 1.1: ALGORITHM FOR LTBI TESTING AND TB PREVENTIVE TREATMENT IN INDIVIDUALS

AT RISK. This �ow chart depicts the decision points when ruling out aTB, testing for LTBI, and deciding
if a preventive treatment should be initiated for a patient within a risk group (World Health Organization,
2020).

that are at least 5 years old, a Tuberculin Skin Test (TST) or Interferon-gamma Release Assay
(IGRA) needs to be conducted to test for TB. Both tests cannot distinguish between LTBI or aTB,
a positive test could mean the presence of either of them. If the test is positive or not available,
it is recommended to use a Chest X-Ray (CXR) to detect any abnormalities to assess if the patient
has aTB or not before deciding on a preventive treatment.

As part of the �rst pillar, the World Health Organization (2021) also recommends using sys-
tematic active screenings of selected risk groups to detect aTB. When screening for active (P)TB,
a high accuracy for detecting it is achieved by using a CXR screening test as part of the screen-
ing algorithm. In a meta-analysis conducted by WHO consisting of 19 cross-sectional studies, a
sensitivity of 85% and a speci�city of 96% is achieved when diagnosing abnormalities sugges-
tive of TB with the help of CXRs. Depending on screening goals and the cost, in addition to the
�ndings with the demographic and clinical data, a second screening method can be used in com-
bination with CXR screening. The chosen screening algorithm con�guration can further affect the
sensitivity and speci�city of the overall screening process.

All in all, using the rapid imaging technique CXR to detect signs of PTB is a very crucial part of
the �ght against the TB epidemic (Harris et al., 2019; Shen et al., 2010; World Health Organization,
2020, 2021, 2016), one that has been used for over 100 years (Williams, 1907). Unfortunately,
using CXR analysis can be expensive, not only for the provider of the service due to the required
equipment and quali�ed staff but also for the patient if there are no nearby health facilities for
taking the CXRs (World Health Organization, 2020, 2021). Further, examining the CXR manually
and visually is demanding for trained readers and experienced radiologists, and the number of
available radiologists is often limited (Pande et al., 2015; Rajpurkar et al., 2018; Shen et al., 2010;
World Health Organization, 2021). Due to these reasons, CXR use is limited in low- and middle-
income countries with a high TB burden (Pande et al., 2015), partly attributable to the fact that the
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(a) CAD4TB (b) Lunit Insight CXR

Figure 1.2: ABNORMALITY DETECTION BY COMMERCIAL CAD SOFTWARE. (a) shows an example
diagnosis by CAD4TB with the TB abnormality score (not visible in this �gure) in the upper left and the
heatmap of the TB-affected area (Delft Imaging, 2023) and (b) is an example diagnosis by Lunit Insight
CXR, showing the contour of the detected abnormality together with its score (Lunit Insight, 2023).

national annual funding is reported to be insuf�cient to mitigate the TB pandemic according to
the End TB Strategy which leads to fewer spending of these funds in screening activities (World
Health Organization, 2022, 2021).

To combat the shortage of radiologists, ease access to CXR screenings, and improve the cost,
ef�ciency, and accuracy of CXR readings, the use of Computer-Aided Diagnosis (CAD) technolo-
gies has been suggested (Pande et al., 2015; World Health Organization, 2021). Thanks to the
resurgence and advancements of Arti�cial Intelligence (AI) technologies, the CAD tools for de-
tecting active TB in CXRs have been improved (Harris et al., 2019), reportedly sometimes even
surpassing the performance of human readers (Qin et al., 2021; Rajpurkar et al., 2018). The World
Health Organization (2021) recommends the use of such CAD software for the interpretation of
CXR in screenings and triage for aTB, as long as the software performs at least as well as the 3
software on the market that a Guidelines Development Group convened by WHO has reviewed. 1

The results of commercially available software are usually shown as a score between 0 and 100,
which is not necessarily a percentage indicating the risk of TB or an abnormality, or as a simple
yes/no. Additionally, a heatmap or contour highlighting the areas where the CAD has detected
pathologies or conditions is shown, sometimes with auto-generated text describing the location
of the �ndings (Delft Imaging, 2023; Lunit Insight, 2023; Qure.ai, 2021). Figure 1.2 shows two dif-
ferent example diagnoses by two of the commercially available CAD software recommended by
WHO. Radiologists can use the output of such CAD to increase their performance and ef�ciency
when diagnosing aTB (World Health Organization, 2021; Rajpurkar et al., 2020).

Traditionally, the detection of PTB by CXR is done by detecting a combination of radiologi-
cal abnormalities(or radiological signs, radiological �ndings, lesions, or simply abnormalities)(Curvo-
Semedo et al., 2005). Some abnormalities, like cavities, are highly speci�c to PTB, while some
other abnormalities are not speci�c to PTB only, and can indicate the presence of other patholo-
gies as well (World Health Organization, 2016). This information is usually combined with other
methods and the patient's data to diagnose aTB.

As for AI and Deep Learning (DL) models detecting aTB, Raposo (2021) categorises them into
two groups: direct models and indirect models (Figure 1.3). While direct models take the CXR
image as input to only predict the aTB probability, indirect models �rst detect the radiological

1Additionally, WHO recommends the use of CAD only for patients aged 15+ and only for antero-posterior or postero-
anterior views of CXR for PTB. The respective software products are: CAD4TB v6, from Delft Imaging; Lunit Insight CXR,
from Lunit Insight; and qXR v2, from Qure.ai
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(a) Direct Detection Model

(b) Indirect Detection Model

Figure 1.3: TYPES OF MODELS FOR DETECTING ATB. Types of models for detecting aTB
The 2 �gures depict the two categorisations of AI models evaluating a CXR for their probability
of having aTB (Raposo, 2021). While the direct model (a) directly outputs the probability for aTB,

the �rst sub-model of the indirect model (b) �rst returns the labels of the detected radiological
signs before the second sub-model uses them to output the probability for aTB.

sign probability and detect the probability of aTB based on the N binary labels of the detected
radiological signs. According to Raposo (2021), the direct method is the preferred method to pre-
dict aTB in the literature, as the author was only able to identify a single study by Rajpurkar et al.
(2020) that used an indirect method for aTB prediction. Raposo (2021) uses publicly available data
to train and compare 3 types of models against each other. The �rst is a direct model trained on
CXRs only. The second is an indirect model that is a combination of a DenseNet-121 sub-model
that was �rst trained to recognise radiological signs and a second sub-model that predicted aTB
based on the binarised radiological sign labels from the �rst sub-model. The third direct model
is a slightly modi�ed and �ne-tuned version of the �rst sub-model of the indirect model. Both
the �rst sub-model of the indirect model and the third model were pre-trained on the ImageNet
dataset before being trained on the same CXR images again. The indirect model performed better
than the basic direct one while showing state-of-the-art results, but it did not outperform the third
(direct) model. The author claims that, while performing worse than the third model, the indi-
rect model is more interpretable as it is closer to the clinical work�ow of radiologists diagnosing
aTB due to the intermediate step. The author continues to argue that similar performance to the
third model could be achieved with the indirect model if there were datasets available speci�cally
adapted to PTB detection, labelled and annotated with the radiological signs. Additionally, the
precision of the Gradient-weighted Class Activation Mappings (Grad-CAM) or similar high-level
visualisation methods could be evaluated thanks to such a dataset.

With CADs based on AI and DL models detecting aTB emerging as commercial software and
surpassing human performance (Qin et al., 2021), as with any AI-related models, the question of
explainability and interpretability arises (Gilpin et al., 2018). As mentioned, trained physicians
and radiologists are looking for abnormalities and the patient's information to diagnose aTB.
The diagnosis is made based on the knowledge and experience of the physician. The physician
can explain the thought process and answer the questions of the patient to justify the diagnosis.
However, when a modern Neural Network (NN) outputs a result, the algorithm or calculations it
uses to arrive at the result appear to be more of a black box to the user of the CAD. The inability to
look into the model to understand it, due to the "memory being encoded into the strengths of the
connections" (Castelvecchi, 2016) of the neurons, just like in a human brain, further exacerbates
this issue. Castelvecchi (2016) compares the undertaking of understanding such a model to the
opening and dissection of a human brain. Explainability is however needed to ensure reliability,
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trust, accountability, and fairness, and it can be used as an additional tool to identify errors and
biases in the data (Castelvecchi, 2016; Cutillo et al., 2020; Gilpin et al., 2018).

In the context of this thesis, this poses the question if AI-based computer-aided diagnosis of
active TB is explainable. Visualisation techniques like saliency mappingor class activation mappings,
heatmaps, and contours are popular in commercially available CADs and in the literature to high-
light the locations of abnormalities, or regions, on which the aTB diagnosis is based on. Such
visual explanations not only add interpretability and thus explainability to the model (Cutillo
et al., 2020; Gilpin et al., 2018; Lipton, 2018), they have also reportedly increased the performance
of radiologists when diagnosing aTB with the help of a CAD software (Rajpurkar et al., 2020)
with heatmaps, and the authors suggest to further look into different interpretation methods to
improve the performance of the radiologists.

This is what this work is building upon. Firstly, based on the �ndings and suggestions of Ra-
poso (2021), another publicly available TB dataset named TBX11K with postero-anterior (frontal)
view CXRs that are annotated with the locations of abnormalities has been selected. This new
dataset will be used to train direct and indirect models similar to Raposo (2021) to evaluate if
their performance can be further improved.

Secondly, another aim of this work will be to add interpretability and explainability to CADs
based on aTB-related radiological signs to aid physicians in the diagnosis process. According to
the recommendations by medical experts, the following will be pursued: newer activation- and
gradient-based visualisation techniques for Convolutional Neural Networks will be researched,
implemented, and compared to each other by using existing or by developing new appropriate
performance measuring techniques, and by using the TBX11K dataset to visualise abnormalities
and compare them to the ground truth labels.

1.1 Research Questions
From the previous introduction, the goals of this thesis can be split into two main parts, one
dealing with the replication and potential improvement of current existing state-of-the-art mod-
els with a new dataset, the other exploring how the explainability of a model based on DL and
radiological signs can be established. The following Research Questions (RQ) can be derived:

� RQ 1: Can the prediction of the probability of active Tuberculosis by direct and indirect
deep learning models be improved through the use of a new dataset speci�c to active Tu-
berculosis?

– RQ 1.1: How do the AUC scores from Raposo (2021) compare to the replicated models
using the same methods and frameworks?

– RQ 1.2: Does the inclusion of different types of labels in the TBX11K dataset (healthy,
latent TB, sick & non-TB) affect the model's ability to discriminate active TB cases?

– RQ 1.3: Does the inclusion of the TBX11K dataset during training affect the generalis-
ability of the models?

– RQ 1.4: How do the AUC scores of the models that included the TBX11K dataset dur-
ing training compare to the replicated models based on Raposo (2021)?

� RQ 2: What novel visualisation methods exist for increasing the explainability of deep learn-
ing models trained on a dataset speci�c to active Tuberculosis by visualising radiological
signs and how well do they perform?

– RQ 2.1: What measurement techniques are suited to evaluate the performance of the
visualisations?





Chapter 2

Related Work

The purpose of this chapter is to present a brief overview of the past and current research that has
been conducted on detecting active Tuberculosis from Chest X-Rays with the help of Computer-
Aided Diagnosistools and the explainability methods that have been used to describe the results
of such tools. The research gaps are being highlighted based on this research. Section 2.1 starts
with general computer-based models and methods that have been used throughout the literature
to detect abnormalities in medical images. Section 2.2 focuses speci�cally on AI models that
have been used so far to reach state-of-the-art results in performance with automated detection
approaches for Tuberculosis. Section 2.3 follows up with current methods that are being used to
add explainability to AIs.

2.1 Computer-aided Diagnosis for Medical Images
Doi (2007) provides an overview of the history of research on CAD tools for medical images.
The author mentions that the research on computer-based analysis of medical images started in
the 1960s, although rather unsuccessful as they attempted to fully automate the diagnosis. The
focus of research shifted to CAD Tools instead of fully automated diagnosis in the 1980s to aid
radiologists with mainly breast cancer, cardiovascular diseases, and lung cancer detection. The
researches from the 1980s successfully realised three principal ideas that laid the foundation for
the development of such tools:

1. The algorithms should be based on the processes the radiologists are using when reading
medical images.

2. Measure the performance of such tools by measuring their adoption.

3. Promote and demonstrate the usefulness of CADs to gain wider popularity and acceptance,
and thus also to increase the research on the topic.

Since radiologists had trouble detecting e.g. lung nodules in CXR due to anatomical back-
ground structures within them, it was assumed that computer algorithms would have trouble too.
Thus, the �rst part of the earlier computerised schemes that were developed was the difference-
image technique, which attempted to remove or suppress the background "noise" from the actual
�ndings. These methods had a sensitivity of as high as 85%, but also a low speci�city due to
the large number of false positives. Such a model still seemed to improve the performance of
radiologists according to Chan et al. (1990).

After Chan et al. (1990), more researchers reported a statistically signi�cant increase of perfor-
mance in the detection of different �ndings within medical images, further fuelling the interest in
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Figure 2.1: EXPLAINABILITY BY SIMILARITY FOR DIFFERENTIAL DIAGNOSIS . This �gure depicts an
unknown mammogram case that needs to be diagnosed together with similar looking benign and malignant
cases. Radiologists were able to identify the unknown case correctly more often as malignant thanks to this
aid (Doi, 2007)

CAD research and increasing their adoption rates in the US and Europe (Doi, 2007). From 1993
to 2005, some CAD tools have reportedly improved their sensitivity up to 97% while at the same
time reducing their false positive rates.

As of 2007, there were CADs available that could detect several abnormalities within CXRs like
lung nodules, vertebral fractures, cardiomegaly, and pneumothorax. Some schemes combined
postero-anterior CXRs with lateral views of CXR to achieve a sensitivity of up to 86.9% in lung
nodule detection.

An speci�c example of such a CAD tool is one developed by Li et al. (2003) to aid radiologists
in lung cancer detection by presenting them computer tomography scan regions of benignant and
malignant lung nodules that look similar to an unknown case to be diagnosed (see Figure 2.1).
First, three characteristic features were selected from nodules based on similarity ratings by ra-
diologists, and four different techniques (feature-based, pixel-value-difference based, NN based,
and cross-correlation based) were examined to calculate the similarity measure of the new un-
known case with the existing cases. The feature-based technique has reportedly performed the
best by using the 3 selected nodule features to calculate the similarity measure. Such a CAD tool
based on an integrated image retrieval technique has improved the performance of radiologists
according to a study conducted one year later (Li et al., 2004).

Shen et al. (2010) have used an algorithm to detect and contour cavities in CXR, one of the typ-
ical radiological signs for postprimary TB. It uses a clustering technique called enhanced mean shift
segmentation with adaptive thresholdingto identify and mark the initial contours of the TB cavities
in the image, and it further re�nes the contours and segments the abnormalities with a com-
puter model called GVF snakewith Dirichlet boundary conditions. Finally, Bayesian classi�cation
and other thresholding methods were used to improve the accuracy of the results. With this, the
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authors were able to reach a sensitivity of 82.35%.
While these older techniques helped to improve the performance of radiologists by giving

them a "second opinion" on a multitude of studies (Chan et al., 1990; Doi, 2007) when compar-
ing the CADs standalone output diagnoses versus the physician's diagnoses, the CADs did not
outperform the physicians on validation datasets or real settings. However, with the emergence
of more sophisticated AI and DL models, such as the model performing similarly in detecting
radiological signs as radiologists in the study of Rajpurkar et al. (2018), this is no longer neces-
sarily the case today. Additionally, the older methods were usually highly limited and applicable
to only speci�cally chosen abnormalities, while newer models can learn to distinguish multiple
abnormalities at once (Rajpurkar et al., 2020; Raposo, 2021). Support Vector Machines (SVMs)
(Chauhan et al., 2014) and Convolutional Neural Networks (CNNs) count to the more modern
AI approaches (Pasa et al., 2019), although the focus recently has shifted more towards the latter,
with one of the reasons being that they have shown more promising results (Harris et al., 2019;
Pasa et al., 2019).

2.2 Pulmonary Tuberculosis Detection with AI
NNs have been used in CAD tool research for medical images even before the recent new-found
popularity of AI models (Li et al., 2003), although the performance of such AI-based models have
been improved signi�cantly with the emergence of more sophisticated DL models (Harris et al.,
2019).

The systematic review by Harris et al. (2019) of CADs in PTB detection resulted in an overview
of the performance of different models in the literature. In this study, DL models performed
better with a median Area Under the Curve (AUC) of 0.91 compared to Machine Learning models
with 0.82. Biases in the methodology and data selection in some studies were identi�ed, and the
used datasets were mostly from populations with higher TB and HIV prevalence which led to
generalisability problems for these models. Another issue with some of the mentioned studies is
that they have used the test set during the training, which limits the generalisability of the models.
The authors conclude that more research in the development of CAD for detecting PTB with CXR
needs to be made and also suggest that more clinical as opposed to development studies are
needed.

One of the best-performing models in Harris et al. (2019) is reportedly the one designed by
Lakhani and Sundaram (2017). Lakhani and Sundaram (2017) have used pre-trained Deep CNNs
to detect PTB on CXR. They have usedAlexNet and GoogLeNetfor transfer learning, both Deep
CNNs trained on ImageNet, and augmented the Montgomery County and Shenzhen (see Sec-
tion 4) dataset of postero-anterior CXRs by applying contrast changes and rotation to the images
during the training. Further, regularisation and dropout were used to make the model more
generalisable. They have concluded that an ensemble of the two pre-trained CNNs performed
better than untrained models with an (unveri�able according to Raposo (2021)) AUC of 0.99. The
authors have also tested a radiologist-augmented approach, where they send the CXRs that the
ensemble disagrees on to a radiologist for an overread. This approach resulted in a sensitivity of
97.3% and speci�city of 100%.

The second study from Harris et al. (2019), conducted by Heo et al. (2019), achieved the best
results by combining the extracted features of CXRs from the pre-trained model VGG19(transfer
learning) with four demographic variables, with an AUC of 0.9213. The four demographic vari-
ables were: weight, age, gender, and height. The inclusion of two demographic variables weight
and age (AUC increase by 0.0137) seemed to oddly perform better than the inclusion of three
demographic variables weight, age, and gender (by 0.0132), and the inclusion of demographic
variables reportedly improved the sensitivity and model stability signi�cantly (by 0.04 on sensi-
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tivity).
Another well-performing model from Harris et al. (2019) is the one developed by Santosh and

Antani (2018). The authors �rst automatically segment the left and right lung of each CXR to cal-
culate an 11-dimensional vector with attributes that represent the symmetry differences between
them. These symmetry differences between both lung parts are being used as a measure for the
existence of abnormalities. The vectors are being fed into a Bayesian Network, a Random Forest
and a simple NN and the AUC is calculated based on an ensemble of these 3 models. The authors
reach an AUC of up to 0.96. Thus the authors show that the bilateral lung-�eld asymmetrycan also
be used to detect abnormalities and PTB in CXRs.

Pasa et al. (2019) and Yu-Jen Chen et al. (2015) note that many modern Machine Learning (ML)
algorithms are complicated consisting of many steps, like lung segmentation and feature extrac-
tions (like the Santosh and Antani (2018) model). Deep CNNs, untrained and pre-trained, can
achieve similar performance while being relatively simpler. Pasa et al. (2019) develop a custom
CNN inspired by AlexNet's architecture of which the code is publicly available, showing that
they can achieve similar results (AUC: 0.925) with fewer parameters when compared to bigger
pre-trained models like GoogLeNet. The data was augmented and 5-fold cross-validation was
used on the individual datasets. The authors point out that future work should include more
data to increase classi�cation accuracy and AUC of their model. Moreover, the authors point out
the need for more in-depth research in visualisation techniques for trust and explainability for
such DL models (see also Section 2.3).

Rajpurkar et al. (2020) developed a model for detecting PTB in CXRs speci�cally for co-infected
patients with HIV and TB. TB in patients with HIV can often be fatal, and the detection of TB
with other testing methods can be aggravated by the fact that HIV patients might not produce
enough sputum to conduct them. The authors developed and tested a CAD with radiologists and
observed an improvement in the diagnosis accuracy of the radiologists. They further observed
that the CAD-assisted radiologists had a worse accuracy than just the standalone model itself.
The model called CheXaidcombines a pre-trained model on non-TB speci�c CXRs that has been
�ne-tuned on the TB-speci�c CXRs with clinical data to diagnose PTB, and the authors report
an improvement of the accuracy from 0.61 to 0.79 through the inclusion of the clinical data. The
same pre-trained model is also used to detect 6 different radiological signs that also in�uence
the outcome of the overall model. Finally, Class Activation Maps (CAMs) were used to visualize
heatmaps for the CXRs.

In an earlier study, Rajpurkar et al. (2018) used a non-TB-speci�c dataset of radiological signs
in CXRs to train a pre-trained CNN and reported that the model performed as well as radiologists
on 10 of the signs, better on 1 and worse on 3 in a non-clinical setting. For added interpretability,
heatmaps were generated using CAMs. The authors conclude that it can be useful to use CNNs to
detect radiological signs, in terms of accuracy and ef�ciency, as the model takes only 1.5 minutes
to evaluate compared to the 240 minutes of a radiologist. The authors mention the limitations of
their model, of one which is the lack of use of lateral view when comparing the performance of
the model to radiologists. In clinical settings, lateral views are also being used for a diagnosis.

Raposo (2021) has completed a master thesis in the Idiap Research Institute on detecting aTB
from CXR, and is in a sense the predecessor for this work. Raposo (2021) points out how research
on aTB detection with AI is done with either private datasets or unpublished code, which makes
most research irreproducible. It is pointed out that all the top performing DL models in the
systematic review of Harris et al. (2019) are not reproducible. To �x this problem, an open-source
toolbox called bob(as of 2023, renamed to ptbench) written in Python is being used to replicate
and extend existing research on aTB detection. The code is made publicly available.1 The author
uses two different approaches, a direct and indirect approach as in Figure 1.3, to train models
detecting aTB (see Section 3.1.4 for more details). The direct model type performed better with

1https://www.idiap.ch/software/biosignal/docs/biosignal/software/ptbench/main/sphinx/
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AUC scores of up to 0.984, while the indirect model reached up to 0.966. The author concludes that
an indirect model is naturally more interpretable than the direct model due to the intermediate
step of identifying the radiological signs, and hypothesises that using a dataset annotated and
labelled with radiological signs speci�c to aTB to train an indirect model would allow to avoid
giving up interpretability for the sake of accuracy as it is with the direct model. The author also
uses Grad-CAMs to visualise the results of the indirect model but points out that there is no
ground truth data available to verify the correctness of the results. Finally, the author mentions
as a limitation that TB-related datasets are small and not necessarily representative, and that TB-
related datasets annotated with radiological signs could further help to improve the check the
performance of the suggested models.

Liu et al. (2020) point out the lack of publicly available TB-related data and how this has af-
fected progress in improving DL models, and their adoption in CADs. The authors have pub-
lished the largest publicly available TB-related dataset TBX11K to address the problem. The
dataset includes ground truth bounding boxes marking the areas of the CXR that show TB-related
radiological abnormalities and also differentiates between healthy, sick & non-TB, latent TB, and
aTB, compared to previous datasets that tend to distinguish between healthy and TB only. The
authors suggest that the additional labels should be used to reduce the number of false positive
classi�cations that can e.g. happen due to sick & non-TBcases being classi�ed as TB-positive in
real clinical scenarios. The authors propose a multi-branch model that can discriminate between
healthy, sick & non-TB, and TB in one branch. The other branch can use that information to further
discriminate between latent TBand aTB, and that branch is also used to generate visualisations.
The authors reach AUC scores of up to 93.8% when differentiating between non-TB(i.e. healthy
and sick & non-TB) and TB (i.e. latent and active).

Research in PTB detection with AI has made signi�cant progress within the last decade, with
various models showing promising capabilities. Yet, a lot of research gaps remain: reproducibil-
ity issues, generalisability issues of the models, interpretability versus accuracy trade-offs, diver-
sity in data labelling, lack of publicly available TB datasets, effects of demographic variables on
the models, emphasis on developmental research over clinical research, and lack of research on
explainability methods for complex DL models, and more. Among these gaps, this thesis will pri-
marily address the reproducibility and generalisability issues, the inclusion of more TB-related
data for data-hungry DL models which also addresses the diversity in data labelling, and most
importantly, the lack of research on explainability methods. Raposo (2021) formulates the prob-
lem of reproducibility due to the lack of publicly available data (Liu et al., 2020) and unpublished
code, making the state-of-the-art results of many studies in Harris et al. (2019) unveri�able. In
real-life scenarios, there can be a need to discriminate between more than just healthyand TB
cases. The ability to discriminate and generalise state-of-the-art models when trained with more
than two labels, as provided in the TBX11K dataset, also remains unexplored. Lastly, as complex
DL models become better in PTB detection, interpreting how these models make their decisions,
which is essential for increasing trust and adoption in the medical domain, remains a largely
unexplored area in current research.

2.3 Explainability and AI in the Medical Domain
Holzinger et al. (2019) denotes that it is important to have explainable, interpretable, trustwor-
thy, and transparent AI in the medical domain, speci�cally, a "possibility to understand how and
why" the model has arrived at its result, which can also affect the diagnosis of a medical profes-
sional. The authors demand causalityfor the learnt representationsand also introduce the notion of
causabilityto measure how well a human achieves a speci�ed level of causal understanding from
an explanation. The authors acknowledge that the ground truth cannot always be well de�ned
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when making a diagnosis, not even by medical professionals. So there is a need for a mapping of
an AI model to a causal model if the model does not provide causality. Explainability, on the other
hand, is only desirable for the decision-relevant parts of a model that contributed to the accuracy
of the training set, or one single observation. Cutillo et al. (2020) also mention how trustworthi-
ness, explainability, usability, transparency, and fairness are important factors to consider when
using CADs. In particular, to reach explainability, the authors mention the need for visual expla-
nations like saliency or activation maps, score outputs in an interface, and explanation-producing
systems. The authors further note that explainability is not always needed if trust can be estab-
lished. However, trust can only be established over time, so explainability is important for trust
and acceptance when new systems are being introduced to the medical domain.

Amann et al. (2020) states that often when AI models are being developed, the focus lies on
increasing the accuracy of the predictions to obtain a medical certi�cation. However, AI systems
cannot provide perfect accuracy due to various sources of error. The authors note how it is almost
impossible to eliminate one of the sources of error despite best efforts, namely AI bias. Due to
this, they argue that it is important to introduce explainability to AIs in the medical domain to
resolve disagreements between medical experts and AIs. They mention how visual and natural
language explanations can help medical experts when evaluating the recommendations of CADs.

Miró-Nicolau et al. (2022) conducted a systematic literature review to investigate the state of
explainable AI for CXR analysis. Just as Raposo (2021), they conclude that most methods for
CXR analysis were not open, and thus irreproducible. Further, more than half of the studies that
included explainable AIs used saliency mapping techniques to achieve it, which are considered
to be post-hoc explanations. The quality of the explainability methods (visual and textual) was
not measured by most of the studies, which hinders the overall advancement in the �eld of ex-
plainable AI for CXR analysis. Thus, the authors suggest that the focus of research should shift to
�nding appropriate methods of measuring the quality of the explainability methods.

There have been multiple approaches in the literature to add explainability to the results of
CAD tools and to measure the quality of the explainability methods. As one of the more popular
and most recommended methods in the medical domain is visual explanations with saliency
mapping techniques, there is a greater focus on it in Section 2.3.1. The remaining methods are
brie�y mentioned in Section 2.3.2.

2.3.1 Saliency Mapping Techniques
CADs showing a visual cue of the detected radiological �ndings is not only the most popular
technique in AI-based CAD tools today (Groen et al., 2022; Miró-Nicolau et al., 2022), it is also
one that has been used since the very early days of CAD tools (Chan et al., 1990; Doi, 2007) to aid
the radiologists with their diagnoses.

Kundel et al. (1990) have used a computer-assisted approach to show radiologists visually
where they might have missed any nodules. This approach improved the Alternative Free Re-
sponse Operating Characteristic (AFROC) of the radiologists by 16% on average. The AFROC is
a metric that is popular in radiology and general medical imaging. It is an extension of Receiver
Operating Characteristic (ROC) (see Section 3.4.1) plotting sensitivity against the average number
of false positives, which can be helpful when there are multiple abnormalities in one image.

Liu et al. (2020) conducted a human study with radiologists to measure the accuracy of the
expert radiologists in detecting TB with the help of CXRs. The experts achieved an accuracy of
84.8% if they only need to recognise TB, and 68.7% if they also need to differentiate correctly
between latent TB and aTB. They note how it can be challenging for the human eye to �nd the
important TB areas, and underline the importance of having a model that can localise the TB-
related areas to assist radiologists, as they hypothesise that this could improve the accuracy of the
radiologists.
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Lakhani and Sundaram (2017) point out that it is unreasonable to expect a fully complete
explanation for a DL model and instead provide a simple heatmap visualisation of the activations
of individual examples that are input into the pre-trained models to add post-hoc interpretability
to the results, and to increase the trust into the models. Similarly, Hwang et al. (2019) used a
localisation layer within the DL model to generate heatmaps to increase trust in the model.

Rajpurkar et al. (2018, 2020) have used CAMs to visualise heatmaps for the CXRs to add inter-
pretability to their models by localising the areas that are most indicative of a radiological sign.
To further test the model and CAMs as one package, they develop a CAD tool as a web inter-
face and test if the performance of radiologists increases when they are assisted with the model's
prediction and visualisation output. They show a statistically signi�cant increase in the radiolo-
gist's accuracy from 0.6 without assistance to 0.65 with CAD assistance, although the authors do
not examine how much of this increase can be attributed to the inclusion of the visual explana-
tion. They further also test the stand-alone model without the radiologists on unseen data and
achieve an accuracy of 0.79, which is higher than the assisted radiologist approach (0.65). The
authors reason that this might be attributable to the mistrust of the radiologists in the tool, and
the overcon�dence of the radiologists in their own diagnosis.

Pasa et al. (2019) have used CAMs and Grad-CAMs and believe that such visualisation tech-
niques allow for a visual diagnosis and increase the trust of the medical community in AIs while
showing the limitations of the models, too. Raposo (2021) has also implemented Grad-CAMs
based on this work to add interpretability to the model's results, however, the performance of the
method was not evaluated due to missing ground truth data, just as in the study of Pasa et al.
(2019). Both works suggest continuing the research in saliency mapping techniques due to their
usefulness.

Groen et al. (2022) and Miró-Nicolau et al. (2022) have both conducted a systematic review of
the state of explainability methods for AIs related to radiology. They both conclude that saliency
mapping techniques are currently the most popular explainability technique for CADs that use
AI, but they also highlight that there is a research gap in measuring the quality of the visualisa-
tions produced by saliency mapping techniques in the context of CADs, which slows down the
adoption in the medical �eld.

Saliency mapping techniques for CNNs have evolved over the last decade since the initial ba-
sic implementation for CNNs by Simonyan et al. (2014) gained popularity. Various techniques
have emerged: some based only on different types of scores calculated with the help of the net-
work (e.g. Score-CAM by Wang et al. (2020)), some based on gradients only (e.g. FullGrad by
Srinivas and Fleuret (2019)), some based on CAMs (e.g. Zhou et al. (2016)), or some based on
a combination of CAMs and gradients (e.g. Grad-CAM by Selvaraju et al. (2017)), some based
on a combination of CAMs and scoring systems (e.g. AblationCAM by Desai and Ramaswamy
(2020)), etc. Currently, there is no clear indication that a single technique excels in all image
tasks, nor is there an indication that a universally better technique exists speci�cally for CXR
TB-detection tasks (Tomsett et al., 2020). A lack of standardised performance metrics in the ac-
companying publications of each technique and medical-related publications (Groen et al., 2022;
Miró-Nicolau et al., 2022), along with variations in the underlying CNN models, complicates
matters. Notably, the CNN model affects the performance of the saliency mapping techniques,
making unconfounded comparisons of the performance of the different saliency mapping tech-
niques more challenging. Results in existing literature can thus be inconsistent. The visualisation
techniques in the medical �eld/TB-detection research currently seem to focus on Grad-CAMs or
simple CAMs, or older techniques (Hwang et al., 2019; Lakhani and Sundaram, 2017; Pasa et al.,
2019; Rajpurkar et al., 2018; Raposo, 2021; Wang et al., 2017) if any at all. The lack of publicly
available ground truth data (bounding box annotations) in public datasets to evaluate the perfor-
mance of such techniques could have been another factor why the progress in this direction was
further slowed down (Groen et al., 2022; Liu et al., 2020; Miró-Nicolau et al., 2022; Raposo, 2021).
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Since many more techniques have been released by now, it poses the question if these methods
offer more or less in terms of explainability, faithfulness to the decision-making process of the
models, and localisation performance, especially when being used in combination with models
for aTB detection with CXRs.

2.3.2 Other Methods
There are more ways than saliency mapping techniques to add explainability to AI models for
CXR analysis. There is a wide variety of explanation methods, some are standardised and some
are custom. Although they are not as popular as saliency mapping techniques, overlooking them
could mean missing out on potentially more effective or insightful approaches. The research
on these methods is relatively scarce, and just as with saliency mapping techniques, the quality
of the explanations they provide is not conclusive yet. Some potentially promising methods in
the medical domain are brie�y presented here. The methods introduced here are by no means
exhaustive.

Retrieval of similar images Doi (2007) recommends the use of a system that can retrieve similar-
looking benign and malignant regions of medical images to assist the radiologist with visual
comparisons, although the recommendation seems to be based on its usefulness as reported by
Li et al. (2004) and not speci�cally for the added explainability. Figure 2.1 depicts how such an
explainability method works. Montenegro et al. (2021) mentions how the standard approach to-
day is the K-Nearest Neighboursalgorithm, and they also show a way of achieving a privatised
image retrieval system with the help of Generative Adversarial Network (GAN)s by applying it
to a medical dataset.

Human-readable Explanations Krishnamurthy et al. (2020) demonstrates a way to generate
automated human-readable explanations (i.e. post-hoc explanations) for CADs with the help of
explanation-producing models such that it becomes clear how input features contributed to the
�nal prediction. The authors do this by characterising each node in the model with a set of fea-
tures and detecting the most relevant ones for the classi�cation through random forest classi�ers.
They further use these features to capture the classi�cation patterns as a set of decision rules in
the form of Boolean logic sentences. This way, the overall transparency and interpretability of the
models are being increased.

LIME Local Interpretable Model-agnostic Explanations (LIME) are generated through approxi-
mation of the more complex AI model with a simpler model e.g. a linear regression. This is done
by perturbing the input data, looking at the changes in the output, and using this information to
train the simpler model to approximate the complex AI model. Depending on which segments
of the image were most important for the model's decision, these sections can be then visualised.
Abeyagunasekera et al. (2022) uses LIME on CXR as part of a more complex custom visual expla-
nation method called LISA, consisting of the union of the results of multiple different explanation
methods.



Chapter 3

Background

This chapter delves deeper into the important concepts and publications that were used as a ba-
sis for the approach and experiments (see Section 5). It can be divided into �ve main sections.
The �rst one is the more technical Section 3.1 that covers the basic concepts like the architecture
and training process of AI and CNN models. Then, Section 3.2 focuses on the details of different
saliency mapping techniques that are being used to add visualisations, and thus interpretability
and explainability, to the AI models. Afterwards, Section 3.4 focuses on the measurement tech-
niques and metrics that are being used to evaluate the models and visualisations. Section 3.3
brie�y mentions the important Tools and Frameworks that were used to train and evaluate the
models and visualisations. Last but not least, Section 3.5 brie�y establishes a terminology to have
a common understanding of the explainability concepts.

3.1 Deep Learning Models for Tuberculosis Detec-
tion

Arti�cial Intelligence (AI) is a branch of computer science that focuses on creating machines capable
of intelligent behaviour. It aims to develop systems that can perform tasks that typically require
human intelligence and decision-making (Holzinger et al., 2019). Machine Learning (ML)is a sub-
�eld of AI that aims to develop systems that automatically extract information and learn from
data to improve itself (Harris et al., 2019; Holzinger et al., 2019; Lakhani and Sundaram, 2017) to
solve a speci�c problem. Deep Learning (DL)is a sub-�eld of ML that utilises Neural Network (NN)s
with multiple hidden layers and (usually) a large amount of data to learn complex patterns and
features from them (Bar et al., 2015; Shin et al., 2016; Yu-Jen Chen et al., 2015). Models are consid-
ered to be deep due to their increased amount of layers, and thus also model parameters. They
have become popular due to the abundance of data, technological progress in computing power,
and also the development of newer techniques. DL models are often said to be inspired by the
human brain (Harris et al., 2019; Yu-Jen Chen et al., 2015). DL models are known to excel in im-
age classi�cation tasks and are considered to be the state-of-the-art (Harris et al., 2019; Holzinger
et al., 2019; Lakhani and Sundaram, 2017; Yu-Jen Chen et al., 2015).

3.1.1 Basic Concepts of Neural Networks
Neural Network (NN)sare a ML (sometimes also DL) technique inspired by the human brain. The
goal with NNs is to recognise patterns by learning the relationships between inputs and outputs
through a training process. They consist of a large number of nodes, also called perceptrons, that
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Figure 3.1: EXEMPLARY N EURAL N ETWORK. A very simple Neural Network with one input layer with
2 nodes, one hidden layer (i.e. one fully connected layer) with 4 nodes, and an output layer with 1 node
(Wikipedia, 2023).

are interconnected with each other. NNs are usually divided into layersconsisting of the nodes.
Nodes from a layer take inputs from the previous layer and process them before passing them to
the next layer. At the beginning, there is an input layer that takes the data into the model, and at
the end, there is anoutput layerthat provides a result after processing the data from the input layer
while it is being passed through the network. The layers in between the input and output layers
are called hidden layers. If every node of a layer has connections to every node of a previous layer,
then that layer is called a fully connected layer. The number of hidden layers and nodes in each
layer, how the nodes of the layers are connected, and what mathematical operation is applied
to the input of each node is customisable and depends on the task (Aggarwal, 2018). Figure 3.1
shows a very simple Neural Network.

Figure 3.2 depicts how a node works in more detail. The inputs from the previous layer are
labelled as x1 to xN , while their respective weights are labelled w1 to wN , with N representing
the total number of inputs. It is best to associate the weights with the vectors, and as the input
passes through the vector, it gets multiplied by the weight. The node applies a basic linear trans-
formation by calculating the weighted sum of the inputs to get the intermediate result z. Usually,
a bias term b is added (not depicted in Figure 3.2), which helps the NN to model more complex
relationships:

z =
NX

n =1

wn xn + b (3.1)

It would be possible to simply pass the z to the next node without doing any additional cal-
culations, however, the NN would then only be a linear combination of variables. To break up
the linearity, and thus to allow the model to learn more complex relationships in the input data,
usually an activation function � is applied to z, resulting in the �nal output a that gets passed to
the next node. There are multiple activation functions, the two popular ones being the Sigmoid
and the Recti�ed Linear Unit (ReLU) activation functions (more on them shortly in Section 3.1.1).

a = � (z) (3.2)
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Figure 3.2: EXEMPLARY PERCEPTRON. A very simple Perceptron, or also simply a Node, that takes
inputs x1 to xn and calculates the weighted average of them with the respectivew1 to wn to getz in an
intermediate step. An activation function� is applied toz to geta as the �nal output of the node (modi�ed
version of the �gure by Siddharthshah (2020)).

Each node in the layer passes its output a to the nodes in the next layer, until the node(s) in
the output layer is reached and the �nal estimated output ŷ is obtained from the �nal z.

Training a Neural Network

Training a NN means iteratively adjusting the weights w1 to wn and the bias terms bfor the nodes
in the network to minimise the loss function. When the NN is �rst created, usually these weights
and biases are randomly initialised. The loss function is a function that measures how well the
actual output y of the input data matches the estimated output ŷ. The lower the output of the loss
function, the better is the network at making predictions. Initially, the NN will have a high loss
since the weights and biases are randomly initialised and do not �t the data yet (Aggarwal, 2018).

In the context of binary classi�cation problems, a popular loss function is the Binary Cross-
Entropy Loss (BCE) function. If the output label of an input data is either 0 or 1 (e.g. 0 for aTB
negative and 1 for aTB positive), the BCE measures how well the output of the network matches
the original label.

BCE (y; ŷ) = � [y log(ŷ) + (1 � y) log(1 � ŷ)] (3.3)

A popular method to iteratively minimise the loss function is called the gradient descent. The
gradient is a vector of partial derivatives that, in this case, points to the direction of the greatest
increase for the loss function. By calculating the gradient of the loss function concerning the
weights and biases in the entire NN, it is possible to update the weights and biases iteratively by
subtracting the gradient from them. By subtracting the gradient from the weights, they are being
adjusted according to the direction of the greatest decrease. The adjusted weights are labelled
as wnew in equation (3.4). The gradients are usually �rst multiplied by a learning rate � , which
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determines how fast the minimum loss is approached. This process is repeated until the loss
reaches a minimum.

wnew = wold � � r w old BCE(y; ŷ) = wold � �
@BCE(y; ŷ)

@wold
(3.4)

To calculate the gradients, �rst data needs to be input into the model to obtain an estimate on
its label. This process of forwarding the input values to generate an output is also called forward
propagation. The gradients are then calculated layer for layer, from the loss function up to the �rst
layer. Since, through the use of the chain rule in calculus, the calculation of e.g. the second last
layer's gradient is based on the gradient of the last layer, which is based on the loss function's
output, the calculation of the gradients needs to be done step by step in a backward manner. This
process of calculating the gradients for each layer is also referred to as backward propagation.

Further, equation (3.4) shows a gradient descent process where the weights are updated after
each input data of a dataset. This input data is usually randomly selected, in which case the
algorithm is called stochastic gradient descent. The opposite, updating the weights by calculating
the gradients for every single input data of a dataset, and then averaging them, is called batched
gradient descent. There are various advantages and disadvantages to both methods. The main
one is that the batched gradient descent algorithm is a computationally expensive process. That
is why stochastic gradient descentcan be instead used to approximate the minima. The trade-off
however is that the approximation can be less accurate than batched gradient descent. That is
why mini-batch gradient descentis often used instead, a middle ground between the two. The
gradients are instead calculated for a smaller batch of input data that is selected from the dataset
(Aggarwal, 2018). B represents the batch size in the following equation:

wnew = wold � �

 
1
B

BX

i =1

r w old BCE(y( i ) ; ŷ( i ) )

!

(3.5)

Once every data point in the dataset has been used once to update the gradients, this is called
an epoch. Training a NN usually takes multiple epochs. The learning rate, the batch size, and
the epoch number are all called hyperparameters. They are additional training parameters that
can be adjusted and optimised to achieve better model performance, reduce over�tting (learning
the training data too well, including the noise and outliers, such that it performs badly on unseen
data), and ensure faster convergence to the minima.

Sometimes, additional techniques like Batch Normalisationare used to normalise the outputs
(or sometimes also before the activation) of certain layers across a mini-batch. This helps with
the vanishing-gradient problem, or also similarly, the exploding-gradient problem. This also allows
the usage of higher values for the learning rate, increasing the convergence rate to the minimum.
Since the batch normalisation adds noise to the outputs, it also helps with over�tting (Ioffe and
Szegedy, 2015).

Class Weights Since datasets can often be imbalanced, weights can be assigned to speci�c
classes to counteract the imbalance. Balancing the dataset helps in overcoming the bias towards
the majority class and therefore improves the model's generalisability. There are multiple ways of
balancing the data. In the ptbench package particularly, which is used in this thesis, this is imple-
mented by calculating the inverse of the class sample count and by providing the weights to the
WeightedRandomSampler1 class from the PyTorch package. Below is a summarised step-by-step
process on how this exactly works:

1For more information, see https://pytorch.org/docs/stable/data.html#torch.utils.data.
WeightedRandomSampler
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� First, the inverse of the class sample count is calculated for each class labelc by using the
total class sample count (Ti ):

vc =
1
Tc

(3.6)

� The weights vc are assigned for each sample in the dataset, depending on which class they
belong to.

� The list with the sample's weights serves as input for the PyTorch class WeightedRandomSam-
pler during training. The sampler uses the weights to determine the probability of selecting
each sample while training.

Activation Functions

ReLU is a popular activation function usually used in the nodes of hidden layers, and its pur-
pose is to replace negative outputs with 0. It was shown to perform better in NNs as previously
popular activation functions like Sigmoid Glorot et al. (2011). ReLU looks like this:

ReLU (x) = max(0 ; x) (3.7)

ReLU has a multitude of bene�ts over other activation functions. Its calculation is relatively
simple, and it increases the sparsity in the NN due to the 0 values, making training and prediction
more ef�cient. Another advantage over other activation functions like Sigmoid is that it addresses
the vanishing-gradient problem. When using an activation function like Sigmoid that maps the input
to an interval of [0, 1], since in a gradient-based training process the gradients get multiplied
with each other when they get back propagated up to the input layers, the gradients can become
smaller and smaller until they reach near 0. In especially deeper NNs, this becomes an even
bigger issue. When the gradients are near 0, the weights of the network do not get updated and
the training process becomes too slow. Since the derivative of ReLU is either 0 or 1, positive
gradients cannot vanish anymore (Aggarwal, 2018).

However, this introduces a new problem called the Dying ReLU problem, where when a
derivative of a node is 0, the weights do not get updated at all. Some other variations of ReLU
are sometimes preferred over that standard one like leaky ReLU or Gaussian Error Linear Units
(GeLU), which try to overcome this problem, but they are not in focus for this work (Aggarwal,
2018).

As brie�y mentioned, the Sigmoid activation function is used to re-scale a value to an inter-
val of [0, 1]. This is especially useful when the NN needs to discriminate between two classes
(Aggarwal, 2018). For this reason, the Sigmoid function is used in the output layer on the logit z
to obtain ŷ. ŷ then represents the probability of the input belonging to either the 0 class or the 1
class:

Sigmoid(x) =
1

1 + e� x (3.8)

3.1.2 Convolutional Neural Networks
Convolutional Neural Network (CNN)s, or also sometimesDeep Convolutional Neural Networks, are a
DL technique or model, and also a sub-type of NNs consisting of multiple hidden layers (Bar et al.,
2015). They perform well in learning the relationships of the values of high(er)-dimensional data
like images (Lakhani and Sundaram, 2017), and since they have a large number of parameters and
are designed to handle the complexity of high-dimensional inputs, they are usually trained with
larger amounts of data compared to traditional feed-forward NNs (Bar et al., 2015; Shin et al.,
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Figure 3.3: EXEMPLARY CONVOLUTIONAL N EURAL N ETWORK. An exemplary Convolutional Neu-
ral Network with 2 convolutional layers, each followed by a pooling layer (here called sub-sampling layer)
and a fully connected layer in the end before the �nal output layer (Yu-Jen Chen et al., 2015).

2016; Yu-Jen Chen et al., 2015). So-calledconvolutional layersare used as hidden layers to perform
a convolutionon the data. This is the process of taking a (small) matrix, called kernelor �lter , and
applying an element-wise multiplication on the input data, e.g. a representation of an image, and
summing them up to extract features from it. The resulting output matrices are called feature maps.
The �lters themselves consist of the weights, so during training, the parameters that are learned
are the weights in the �lters. Usually, a convolution layer is followed by other layers like pooling
and/or fully connected layers to reduce the dimensionality of the feature maps (Yu-Jen Chen
et al., 2015). Fully connected layers are mostly used towards the end of the network. Figure 3.3
depicts a simple exemplary CNN showing these layers. Further, if RGB images are input initially
they will have three different channels, meaning three different matrices. The channels are also
sometimes referred to asdepth. The kernel's depth size always depends on the depth of the layer
it gets applied to (Aggarwal, 2018). Multiple �lters can be applied to one layer to increase the
features the network can learn. This further increases the depth of the output of the hidden layers
as the image gets fed forward in the CNN, meaning the number of feature maps can be more than
the original three channels of the input RGB image.

The convolution operation itself is linear, and there are additional parameters that need to be
considered when using them. The kernel sizede�nes the dimensions of the �lter. The stridede�nes
the step size of the kernel as it moves across the input, thus de�ning the dimension of the feature
maps. The �lter itself gets applied to the input by sliding the �lter across the input from left to
right, also sometimes referred to as the sliding windowalgorithm, and the stride de�nes the step
size as the window (i.e. �lter) slides. Figure 3.4 depicts this process. Paddingcan be applied to
feature maps to control their dimensions by adding 0's around the edges (Aggarwal, 2018).

To calculate the width and height dimensions of the feature maps, equation (3.9) can be used.
Assuming the width and height dimensions are the same, it is possible to use the equation to
calculate either of the dimensions. O represents the size (width/height) of the feature map, I
is the size (width/height) of the input, K is the size (width/height) of the �lter, P is the size
(width/height) of zero-padding that is added to the edges, and S is the stride or the step size
with which the �lter is moved across the input:

O =
�

I � K + 2P
S

�
+ 1 (3.9)

Usually, after the convolution, ReLU gets applied to each of the values in the feature maps to
break up the linearity.

Further, there are different types of pooling layers. Similar to �lters, they also have size, stride,
and padding parameters, and they get applied to the input in a similar fashion as the kernel, by
sliding the window. Unlike �lters, there are no parameters to be learned. They are pre-de�ned
mathematical operations that are applied. There are two commonly used pooling operations that
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Figure 3.4: EXAMPLE OF FILTER A PPLICATION . An exemplary application of a3 � 3 � 1 �lter on a
7 � 7 � 1 input matrix through the sliding window algorithm with a stride of 1, and no padding. The
output from this operation in the picture is a5 � 5 � 1 feature map (Aggarwal, 2018).

these layers apply, namely max pooling and average pooling. While the max value gets selected
as the output from the values within the window for the max pooling operation, for the average
pooling, the average of all the values within the window gets calculated.

The Pasa Model

Pasa et al. (2019) identi�ed the need for a CNN model that is more adapted to the task of TB detec-
tion from CXRs. Previous models like GoogLeNetand ResNetwere used for the task of classifying
thousands of classes, with the intention of them being trained on millions of images. These mod-
els require a lot of memory and computational power to train and predict, and their complexity
makes them more prone to over�tting when trained with the small number of publicly available
TB-related datasets. With fewer parameters and a smaller architecture, the Pasa modelis less prone
to over�tting with a smaller dataset and less hardware-hungry to train. Figure 3.5 depicts the
open-source model's architecture. It consists of 5 convolutional blocks, followed by a Global Average
Pooling Layer, and a fully connected layer. A convolutional block consists of two 3 � 3 convolutions
with a stride of 2, followed by ReLU activation function. A 3 � 3 convolution is applied to the
input of the block in parallel before its being summed up with the result of the latter of the two
3� 3 convolutional layers. The block ends with a 3� 3 max pooling layer with a stride of 2. Batch
normalisation is used after each of the 3 convolutions to optimise training and reduce over�tting.

The implementation in ptbench has a single output instead of two, and a Binary-Cross En-
tropy loss is used during training. This also means that the Sigmoid Function is used instead of
Softmax (an activation function typically used for a multiclass classi�cation) to predict the class
probability.

A CNN can be constructed from scratch with randomly initialised weights to train it with data
like the Pasa Model, but another option is to work with a pre-trained model which comes with
weights that have already been trained on a dataset (Shin et al., 2016).



22 Chapter 3. Background

Figure 3.5: THE PASA M ODEL. This �gure depicts the architecture of the Pasa Model. It consists of 5
convolutional blocks, followed up by a global average pooling layer, and a fully connected layer at the end.
(Pasa et al., 2019).

3.1.3 Pre-trained Neural Networks
Pre-trained models can be used for transfer learning, which is the act of using a model that has
already learned the relationships of a general dataset through a pre-training process for another
more speci�c problem. This way, the knowledge of an existing model can be exploited to solve a
new problem. For example, the knowledge of a pre-trained model that has learnt the relationships
of basic geometric shapes in images can be used for other computer vision-related tasks. One
advantage of transfer learning is that it is applicable to problems with otherwise too little data
(Bar et al., 2015; Lakhani and Sundaram, 2017; Shin et al., 2016). Other advantages are that such
pre-trained models have usually been proven to achieve good performance and that they do not
need to be re-trained with a large dataset, which can cost a lot of time and money.

There are generally two ways how pre-trained models can be used for transfer learning (Heo
et al., 2019; Shin et al., 2016). Withfeature extraction, the learned representations (of usually latter
layers) from the pre-trained model for individual inputs can be used to train another model. With
�ne-tuning , the pre-trained model is modi�ed by (usually) partially unfreezingthe latter layers to
re-train it with new data. Only the unfrozen layer's values (i.e. weights and bias terms) change.

In tasks related to images, earlier layers usually learn the basic geometric shapes and edges
that appear in every image, while the latter layers learn the combination of such shapes, thus
learning the more complex shapes of more concrete images. That is why the latter layers are
usually unfrozen while the earlier ones are kept during a �ne-tuning process (Bar et al., 2015;
Lakhani and Sundaram, 2017).

As mentioned, some of these pre-trained models are popular due to their well-tested good
performance. In the following sections, one of them is explained in more detail: DenseNet-121.

DenseNet-121

Dense Convolutional Network(DenseNet) is a CNN connecting every feature map from previous
layers with succeeding layers in a feed-forward fashion by concatenating the previous feature
maps to increase the performance of the network by reducing the vanishing-gradient problem,
strengthening feature propagation, enabling feature reuse, and reducing the number of parame-
ters. DenseNet-121 achieves a 6.66% top-5 error rate on theImageNetdataset with 10 crops ap-
plied on the test set images, compared to e.g. GoogLeNet's 9.15% on the same number of crops
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Figure 3.6: DENSEN ET A RCHITECTURE WITH 3 DENSE BLOCKS. A DenseNet consisting of 3 dense
blocks and 2 transition layers (Huang et al., 2017).

(Szegedy et al., 2015). ImageNet is a dataset consisting of 14 million images covering more than
20,000 categories. Usually, when referring to ImageNet, it refers rather to its most popular subset
called ImageNet Large Scale Visual Recognition Challenge(ILSVRC), which consists of over 1.4 mil-
lion images in total divided into 1000 categories. It is common to test the performance of CNN on
this dataset. Each convolution in the DenseNet network is preceded by a batch normalisation and
by ReLU. As seen in Figure 3.6, a DenseNet is organised indense blocksand transition layers. The
dimensionality remains constant within a dense block, and the transition layers reduce the depth
(i.e. channels) between the blocks through the 1 � 1 convolution layer and the general width and
height dimensions through the 2 � 2 average pooling layer. The dense block itself consists of
multiple repetitions of a 1� 1 convolution layer followed by a 3� 3 convolution layer. Depending
on the DenseNet variation and the dense block, the number of repetitions changes. DenseNet-
121 speci�cally consists of 121 layers, starting with a convolutional and average pooling layer,
followed by 4 dense blocks and their 3 transition layers in-between, and a �nal average pooling
layer before the fully connected layer and the output layer in the end (Huang et al., 2017).

3.1.4 Direct vs Indirect models
Inspired by Raposo (2021), the models will be distinguished according to the terminology de�ned
in this subsection. The author uses publicly available datasets to train three different types of
models (Figure 1.3):

� Direct Models without pre-training on Radiological Sign labels : Models with randomly
initialised weights that are trained on CXR with PTB

� Indirect Models with Radiological Sign labels : Models that consist of 2 parts, �rst an Ima-
geNet pre-trained DenseNet sub-model that detects radiological signs from CXR by replac-
ing the output layer with a fully connected layer with 14 output nodes for each sign from
the NIH CXR14 dataset and pre-training it with the dataset, and a second logistic regression
sub-model using the output of the �rst model to predict PTB on TB-related datasets

� Direct Models pre-trained with Radiological Sign labels : ImageNet pre-trained DenseNet
sub-model that detects radiological signs from CXR by replacing the �nal layer with a fully
connected layer with 14 output nodes and pre-training it with NIH CXR14 dataset, and then
further replacing the multi-class output layer with a randomly initialised output layer for
binary classi�cation. The model is then �ne-tuned on detecting PTB with various public
TB-related datasets

Radiological signs here refer to the radiological abnormalities that are found on the CXR.
These signs can be used to detect TB, amongst other diseases. Datasets such as NIH CXR14
consist of CXRs where each X-ray is annotated with various abnormality labels. For each abnor-
mality, either a 0 (abnormality not present) or 1 (abnormality present) is provided. With such a
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dataset, it is possible to train a multi-label classi�cation model, meaning it is possible to train a
model such as DenseNet-121 to detect the presence of multiple such radiological signs for each
CXR.

As mentioned in Section 2.2, the author concludes that an indirect model is naturally more
interpretable than the direct model due to the intermediate step of identifying the radiological
signs, as this allows us to see what radiological sign labels the model's decision was based on.
But the third type of model reached a higher AUC. Raposo (2021) hypothesised that a dataset
annotated with radiological sign labels speci�c to PTB could perform better than the direct model.
However, such a dataset was unfortunately not publicly available at the start of this work, so this
hypothesis cannot be fully con�rmed. Datasets such as NIH CXR14 are not TB-speci�c, but as
Raposo (2021) has shown, this was not necessary. It was still possible to extract useful information
from them by constructing the indirect model that can discriminate between normaland PTB.

Logistic Regression is a statistical model that classi�es the input data by outputting the prob-
ability of the input data belonging to a (binary) class. Just as with NNs, there are algorithms to
optimise the weights of this model to minimise the loss function. The model takes the input data
x1 to xN and multiplies them similarly with their respective weights (bias term included, too) as
in (3.1). To obtain the class probability, the Sigmoid function is used on the result. This is very
similar to a single layer fully connected NN, or simply a perceptron as in Figure 3.2, and it can be
implemented as such. Raposo (2021) has implemented the logistic regression sub-model from the
indirect model as a simple NN with one layer, and it is trained with mini-batch gradient descent
to minimise the binary cross-entropy loss.

3.2 Saliency Mapping Techniques
Saliency maps are post-hoc interpretations that explain the outcomes of a model (Lipton, 2018).
They can increase the trust of a user in the model as it shows what the model has "observed" when
arriving at its output (Pasa et al., 2019). This also means they can highlight where models fail
by visually uncovering the biases imposed through the dataset or training procedure (Selvaraju
et al., 2017). However, the transparency they provide about the inner workings of a model is
considered to be small. They do not necessarily showcase the internal operations of a model, but
by highlighting regions in the input data that have most in�uenced the decision-making process
of the model, they are still adding a dimension of interpretability and explainability by presenting
certain aspects of the model's behaviour in an understandable way. Through these visualisations
that focus on important regions, saliency maps can aid medical experts in diagnosing aTB by
striking a balance between interpretability and completeness.

Saliency mapping techniques can differ in how much completeness and usefulness they pro-
vide. In light of this, the subsequent subsections delve into detailed explanations of selected
techniques.

3.2.1 Grad-CAM
Grad-CAM is one of the earlier techniques that popularised the use of pixel attribution meth-
ods for CNNs, invented by Selvaraju et al. (2017). It stands for Gradient-weighted Class Activation
Mapping (Grad-CAM). It offers a visual explanation by backpropagating the gradient to the last
convolutional layer of a model to form a coarse localisation map highlighting the important re-
gions of an input image. What stands out compared to previous techniques is that it can be used
for many CNN models without having to make any changes to the model or its architecture, elim-
inating the interpretability vs. usefulness trade-off that was an issue with the original CAMs tech-
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nique (Zhou et al., 2016). The visualisations are class-discriminative for categorical classi�cations,
meaning it is possible to focus the visualisations on a speci�c target class, due to the tendency of
neurons of the last convolutional layer of CNN encoding class-speci�c information. It can also be
used for binary classi�cation with a single output node, in which case the visualisations show the
parts of the image contributing to the prediction of the positive class.

This is roughly how Grad-CAM works (Selvaraju et al., 2017):

� Compute the gradient yc for the classc (before softmax/sigmoid) with respect to the feature
map activations Ak for the k feature maps output by the last convolutional layer, e.g. @̂yc

@Ak
.

Here, k is the index of a speci�c feature map (i.e. channel) and ranges from 1 to D , where D
is the total number of feature maps produced by the last convolutional layer. The gradients
indicate how much in�uence the individual activations have on the target class score.

� The next step is to calculate how important each of the k feature maps are with respect to
target class c. This is done by applying global average pooling to each of the k gradient
matrices calculated from the previous step to obtain the weights � k

c . Here, a feature map
has height and width dimensions of H � W , and i and j represent the indices from 1 to H
and 1 to W respectively. Z stands for the total number of elements in a feature map Ak (i.e.
H � W ), and A ij

k represents the activation on the i -th row and j -th column of the k-th feature
map:

� k
c =

global average pooling
z }| {

1
Z

HX

i =1

HX

j =1

@̂yc

@Aijk| {z }
gradients via backprop

(3.10)

� Now, the average of the feature map activations can be calculated by weighing each of the
feature maps with its respective weight. On top of that, ReLU is being applied to the �nal
matrix to get rid of negative activations (since this focuses the visualisation on the target
class according to Selvaraju et al. (2017)):

L c
Grad-CAM = ReLU

 
DX

k=1

� k
c Ak

!

| {z }
linear combination

(3.11)

� Since the feature maps had a lower dimensionality than the original image, the coarse
saliency map(i.e. heatmap) needs to be upscaled before being overlaid over the original
image. Usually, the saliency map is normalised to an interval between 0 and 1 before be-
ing upscaled by e.g. bilinear interpolation. In addition, a colour map can be applied to the
saliency map before being overlaid over the original image.

Amongst various other topics, Selvaraju et al. (2017) also touches on the trade-off between
faithfulness and interpretability, and argues that Grad-CAM offers more of both compared to
previous visualisation methods. They also show how Grad-CAM visualisations can help to de-
tect biases in the training dataset by visually inspecting failed cases. Figure 3.7 shows how the
model they had trained learned to differentiate nurses from doctors by looking at their faces and
hairstyles. They were able to �x the bias by adding more images of female doctors and male
nurses.
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Figure 3.7: BIAS DETECTION. This �gure shows, by utilising Grad-CAMs, the biases learned by a model.
It was possible to debias the model by inspecting the biased pictures and adding images of female doctors
and male nurses to the training set (�gure by Selvaraju et al. (2017)).

3.2.2 Score-CAM
Wang et al. (2020) raise the concern that gradients might not be the best variable to base the
visualisations on, and propose a new gradient-free method called Score-CAMthat is based on
the global contribution of the input features, in contrast to the local contribution of the gradi-
ents. The authors argue that gradients are visually noisy due to them being subject to either
the vanishing-gradient problem when used with Sigmoid activations in the hidden layers or the
ReLU outputting zeroes during back propagation. Further, the authors show that a higher weight
� k

c for one Ak does not necessarily imply that the contribution of that feature map for class c is as
important as other weights and that this also might be attributed to either the vanishing-gradient
problem or the global average pooling operation on the gradients. The main difference between
Score-CAM and Grad-CAM is how the weights � k

c for the k feature maps are generated. While
Grad-CAM uses the global average pooling over the gradients speci�c to each Ak , Score-CAM
calculates the weights through the increase in con�denceafter perturbing the original images with
the feature maps and by observing the change in prediction after inputting the perturbed images
into the same CNN.

Here is a more detailed description of how Score-CAM works:

� First, similar to Grad-CAM, the feature map activations Ak for the k feature maps output by
the last convolutional layer is used. In the �rst step, they get upscaled and then normalised
to a range [0, 1] to obtain the masks M k . Here, Up(�) refers to the upsampling operation
(bilinear interpolation) and s(�) to the normalisation.

M k = s(Up(Ak )) (3.12)

� Then, for each mask k, a perturbed version of the original image G is generated as Rk

through element-wise multiplication of the image with the mask:

Rk = G � M k (3.13)
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Figure 3.8: SCORE-CAM ALGORITHM . This �gure shows how the visualisations by Score-CAM are
generated. The process is divided into two phases. In phase 1, the original image is input in the CNN to get
the feature maps. They are then upscaled and normalised. In phase 2, these upscaled masks are element-wise
multiplied with the original images, and the resulting perturbed images are input into the CNN again to
obtain their predictions, and ultimately scores. The scores are linearly combined with the feature maps from
phase 1 to obtain the �nal saliency map (�gure by Wang et al. (2020)).

� After perturbing the images, they are propagated forwards in the CNN to obtain the output
class probability for class c. They are then used to calculate the increase in con�dence by
comparing the outputs of the perturbed images to the output of the original image. Again,
� k

c stands for the score (i.e. weight) that belongs to the k-th feature map, and it represents
the importance of each feature map Ak with respect to target class c. f (�) stands for the
forward propagation through the CNN, and C(�) stands for the calculation of the increase in
con�dencescore:

� k
c = C(Rk ) = f (Rk ) � f (G) (3.14)

� The weights are then used to calculate the saliency map, similar to Grad-CAM:

L c
Score-CAM = ReLU

 
DX

k=1

� k
c Ak

!

| {z }
linear combination

(3.15)

Figure 3.8 also depicts the whole process visually. The authors use various measurement
techniques to compare the performance of Score-CAM with Grad-CAM, such as Most Relevant
First (MoRF) and Least Relevant First (LeRF) (see Section 3.4.3) and the Proportional Energy
score (see Section 3.4.2). They report improved performance for every measurement compared to
Grad-CAM and Grad-CAM++.

3.2.3 FullGrad
Similar to Grad-CAM and Score-CAM, FullGrad is another saliency mapping technique that aims
to calculate importance scores for each feature map (Srinivas and Fleuret, 2019). Unlike Grad-CAM,
which only considers the gradient of the last convolutional layers, FullGrad takes into account
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the biases and weights throughout the entire CNN to provide a more comprehensive explana-
tion. Speci�cally, the authors mention the role of saliency maps in explaining the behaviour of
the CNN. They differentiate between local and global attribution. Local attribution(i.e. weak de-
pendence) refers to the notion of feature importance based on how much changing a particular
input feature affects the CNN's output. Global attribution(i.e. completeness) refers to the idea that
the importance scores for individual input features should collectively explain the CNN's entire
output, essentially redistributing the output score back to the individual features. Srinivas and
Fleuret (2019) prove mathematically that FullGrad provides both of them.

Here is a simpli�ed version of how FullGrad is calculated:

� First, the gradients are calculated with respect to the inputs. Here, x stands for the input data
in the input layer, f (�) stands for the forward propagation through the CNN, and r x f (x)
represents the input-gradients. The input-gradients tell how much of each input feature
contributes to the output:

r x f (x) =
@f(x)

@x
(3.16)

� Consider a single convolutional layer l with �lter z = w � x + b. The aim is to compute
the bias-gradient f ( l )

b (x) for that layer. w is the convolutional �lter and x is the input to the
layer. b is shaped like the input x for that layer, which is achieved by repeating the single
scalar b value multiple times. � represents the convolution operation. The gradient of f (x)
with respect to z is r z ( l ) f (x). To compute the bias-gradient for a speci�c layer, or rather the
gradient of f (x) with respect to bias b, the element-wise multiplication of r z ( l ) f (x) and b
needs to be computed:

f ( l )
b (x) = r z ( l ) f (x) � b( l ) (3.17)

� To calculate the �nal FullGrad saliency map L F ullGrad (x), it is necessary to weigh the in-
put values x of the neural network with the input-gradients r x f (x) through element-wise
multiplication. Then, for every layer l of all the layers L in the network, and for each chan-
nel k of all of the layer's channels D , the bias-gradient f ( l )

b (x)k needs to be summed up.
The sum of all bias-gradients needs to be summed up with the element-wise multiplica-
tion of the input-gradient and the inputs to get the �nal full-gradient. To directly obtain
L F ullGrad (x), post-processing  (�) needs to be applied individually as shown below. In
Srinivas and Fleuret (2019), this consists of 3 individual post-processing steps: �rst, the ab-
solute value is taken, then, the gradients are rescaled, and �nally bilinear interpolation is
used for upsampling. Here is the �nal equation:

L F ullGrad (x) =  (r x f (x) � x) +
X

l 2 L

X

k2 D

 (f ( l )
b (x)k ) (3.18)

By incorporating both, the input attributions and the bias attributions, it aims to provide a
complete explanation for the network's decisions. This computation, however, is more expensive
than other saliency mapping techniques like Grad-CAM or Score-CAM.

3.2.4 Other Saliency Mapping Techniques
This section very brie�y introduces the other saliency mapping techniques, although without
going into detail about each of them, as the core concepts are all very similar to the previously
introduced methods.
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Ablation-CAM A gradient-free saliency mapping technique that utilises ablation analysis to de-
termine the weights of the feature maps with respect to the target class (Desai and Ramaswamy,
2020), in an attempt to improve the problems of Grad-CAM (mentioned Section 3.2.2).

Eigen-CAM The principal components of the learned representations within the convolutional
layers are being visualised. This method is not class-discriminative, and thus still seems to pro-
vide good visualisations without a correct classi�cation by the model (Bany Muhammad and
Yeasin, 2021).

EigenGradCAM Similar to Eigen-CAM, but with class discrimination. This is done by taking
the �rst principle component of the element-wise multiplication of the activations and gradients
ReLU (Gildenblat, 2023).

GradCAMElementWise Similar to Grad-CAM, but the activations are multiplied element-wise
with the gradients before applying ReLU (Gildenblat, 2023).

Grad-CAM++ A variation of Grad-CAM, where instead of taking the global plain average of the
gradients of each feature map, the weighted average is taken instead to provide better localisation
(Chattopadhay et al., 2018).

HiResCAM Draelos and Carin (2021) aim to increase the faithfulness of the explanations gener-
ated by saliency mapping techniques. Instead of averaging the gradients like in Grad-CAM, they
are instead element-wise multiplied with the feature maps.

LayerCAM The positive gradients are input into ReLU and used as weights for the activations.
As with the other methods, this method, too, attempts to improve the performance of Grad-CAM
Jiang et al. (2021).

RandomCAM This is a toy saliency mapping technique implemented in Gildenblat (2023) that
creates a saliency map �lled with random uniform values in the interval of [-1, 1]. This is used as
a baseline, any method performing worse than this baseline is not good.

XGrad-CAM Fu et al. (2020) argue that this method enhances Grad-CAM and is comparatively
easier to implement than Grad-CAM++ and Ablation-CAM. The weights for the feature maps are
calculated by a normalised weighted combination of the gradients and activations.

3.3 Tools and Frameworks
This section brie�y introduces the libraries that were used for Python to train and evaluate the
models and the saliency mapping techniques.

3.3.1 ptbench
ptbenchis a library speci�cally for training pre-con�gured models for aTB detection on CXRs. It
provides a fully reproducible experiment cycle, meaning everything from the training up to the
evaluation can be done with very few commands. For that, it uses con�gurations for publicly
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available datasets. The library relies mainly on PyTorch to train the models, while the evaluation
methods are custom.

The open-source code and the documentation are both available on the GitLab of the Idiap
Research Institute.2

The pytorch-grad-campackage has been integrated into ptbenchpackage to produce visualisa-
tions with saliency mapping techniques and to evaluate them.

3.3.2 pytorch-grad-cam
pytorch-grad-camis a library that standardises the application of saliency mapping techniques on
CNN models that have been trained with PyTorch. It supports various saliency mapping tech-
niques, including Grad-CAM, Score-CAM, and FullGrad, and thus allows the user to add visual
explanations to the models. It also provides evaluation methods like RemOve and Debias (ROAD)
to measure the performance of the saliency mapping techniques.

The code and documentation are open-source and they can be found on GitHub. 3

3.4 Measurements & Metrics for Evaluation
In this section, different established measurement techniques and metrics are introduced. They
are necessary to quantify, assess and evaluate the performance of the models, and they not only
help to identify improvement points but also allow for comparison of the different models to each
other. For each technique, an explanation of how they work and why they were chosen is given.

For RQ1, Area Under the Receiver Operating Characteristic (AUROC) Curve (or also AUC) is
the main metric used to assess the performance of the models, and the F1-Score is not only used
to select the optimum evaluation threshold for the models before measuring the sensitivity and
speci�city but also to provide an alternative performance score. See Section 5 for more details on
why and how they are used.

For RQ2, ROAD and Proportional Energyare the main metrics used to assess the performance
of the saliency mapping techniques. See Section 5 for more details on why and how they are used.

3.4.1 Measurements & Metrics for Model Prediction

Confusion Matrix

A confusion matrix visually aids in understanding the metrics used in this section. Table 3.1
shows such a typical confusion matrix with binary labels. The model �rst generates an output
score, which is then translated into a binary decision (positive or negative) based on a selected
threshold. The matrix represents the four possible outcomes when comparing the model's binary
predictions to the actual labels. The positive and negative classes could for example represent the
presence (positive) or absence (negative) of aTB in the patients. The 4 cases are explained in more
detail below (Bradley, 1997):

� True Positive (TP) : The model predicts positive, and the actual case was positive

� False Positive (FP): The model predicts positive, but the actual case was negative. The
model has made an error.

2https://www.idiap.ch/software/biosignal/docs/biosignal/software/ptbench/main/sphinx/install.html
3https://github.com/jacobgil/pytorch-grad-cam
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� False Negative (FN): The model predicts negative, but the actual case was positive. The
model has made an error.

� True Negative (TN) : The model predicts negative, and the actual case was negative

Actual Positive Actual Negative

Predicted Positive True Positive False Positive

Predicted Negative False Negative True Negative

Table 3.1: Confusion matrix for binary classi�cation

Accuracy

Accuracyis a common metric in classi�cation tasks. It quanti�es the proportion of instances that
are classi�ed correctly out of the total number of instances. It can be calculated by dividing the
number of correctly classi�ed predictions (True Positive (TP) and True Negative (TN)) by all pre-
dictions (Bradley, 1997):

Accuracy =
Nr. of all correct predictions

Nr. of all predictions
=

TP + TN
TP + FP + FN + TN

(3.19)

While it is a straightforward and easy-to-understand metric, it can be problematic for imbal-
anced datasets, as the prediction performance on the majority class will in�uence the accuracy
the most.

Sensitivity & Speci�city

Sensitivity (also known as recallor True Positive Rate) and Speci�city (also known as True Negative
Rate) are two complementary and widely used metrics in the medical and the AI domain (Bradley,
1997). Sensitivity answers the question"How many of the actual positive cases were correctly classi�ed
as such?". Speci�city answers the question "How many of the actual negative cases were correctly
classi�ed as such?"

Sensitivity =
Nr. of all correct positive predictions

Nr. of all actual positive cases
=

TP
TP + FN

(3.20)

Specif icity =
Nr. of all correct negative predictions

Nr. of all actual negative cases
=

TN
TN + FP

(3.21)

These metrics are not impacted by imbalanced data as in accuracy, and it is possible to assess
how the model performs in predicting each class label.

F1-Score

The F1-Score is the harmonic mean of precision and recall, providing a single metric that balances
the trade-off between these two measures. Recall (or Sensitivity) has been de�ned already, and
below is also a de�nition for precision. It answers the question "How many of the cases predicted
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as positive were actual positive cases?". It is generally a popular metric that is used in the medical
domain (Taha and Hanbury, 2015).

P recision =
Nr. of all correct positive predictions

Nr. of all positive predicitions
=

TP
TP + FP

(3.22)

The F1-Score is de�ned as:

F 1 � Score= 2 �
precision � recall
precision + recall

(3.23)

Since it takes account of both false positives and false negatives, the metric can be used for im-
balanced datasets. If either of these values performs badly, the F1-Score will be affected. Another
advantage is that it is only a single value to account for while comparing and optimising models.
However, if sensitivity is preferable over speci�city or vice versa, as it often can be in the medical
domain depending on the use case (World Health Organization, 2021), the F1-Score might not
be suitable as a single measure. The F1-Score is further in�uenced by the chosen threshold for a
model during evaluation. That is why AUROC is also introduced in the next section to obtain a
more holistic and theoretical understanding of a model's ability to discriminate the classes.

Area Under the Receiver Operating Characteristic Curve

Compared to the F1-Score, the Area Under the Receiver Operating Characteristic (AUROC) Curve
is a threshold-independent metric, because it measures the performance of a model across various
classi�cation thresholds. It is another widely used metric in binary classi�cation tasks (Bradley,
1997).

AUROC is a metric for showing the separability of two classes by plotting the True Positive
Rate (TPR) (Sensitivity) against the False Positive Rate (FPR) ("How many of the actual negative cases
were wrongly classi�ed as positive?").

FPR =
Nr. of all wrong positive predictions

Nr. of all actual negative cases
=

FP
FP + TN

= 1 � Specif icity (3.24)

To get the AUROC, �rst, the ROC curve needs to be de�ned. This is done by calculating the
sensitivity and FPR for different thresholds for the measurements in Section 3.4.1. Then, the Area
under the plotted Curve is calculated through an integral. This will lead to a value between 0 and
1, which can be considered as the summary of the performance of a model across different thresh-
olds. Figure 3.9 depicts an exemplary AUROC Curve. A classi�er that can perfectly separate the
two classes will have an AUROC of 1. A classi�er whose predictions seem to resemble a random
50/50 coin toss will have an AUROC of 0.5 and its ROC curve will be diagonal, as depicted in the
�gure.

For the thesis, this metric is suf�cient, since it is commonly used and thus allows for easy
comparability between different models in the �eld.

3.4.2 Metrics for Model & Visualisation Performance

IoU and IoDA

Intersection over Union, and Intersection over Detected Areaare two metrics that can be used to mea-
sure the localisation performance of saliency mapping techniques. It is a simple metric that is
popular in the medical and AI �eld (Selvaraju et al., 2017; Wang et al., 2017; Zhou et al., 2016).
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Figure 3.9: AUROC CURVE. This �gure depicts an exemplary AUROC. It also shows where the ROC
of a perfect and a random classi�er would be located (�gure by The MathWorks (2023)).

Intersection over Union (IoU) can be calculated by dividing the intersection of the ground
truth bounding box area with the bounding box of the detected area by their union:

IoU =
AreaGroundT ruthBbox \ AreaDetectedBbox

AreaGroundT ruthBbox [ AreaDetectedBbox
(3.25)

Similarly, this is the formula for Intersection over Detected Area (IoDA):

IoDA =
AreaGroundT ruthBbox \ AreaDetectedBbox

AreaDetectedBbox
(3.26)

The way the bounding box around the detected area is being generated is how it is being
described in the original CAMs publication by Zhou et al. (2016). The pixel values above 20%
of the max value are kept in the saliency map. From the remaining pixels, the largest connected
component is calculated, and a bounding box is drawn around it. Since Zhou et al. (2016) does
not specify which algorithm was used for the largest component calculation and bounding box
generation, the default algorithms within the OpenCVpython library (OpenCV, 2023) are being
used. Speci�cally, for the largest component calculation, connectedComponentsWithStatis being
used with the default 8-way Spaghetti algorithm (Bolelli et al., 2020). The boundingRectfunction
is being used from the same library to draw the bounding box.

Since images can have multiple ground truth bounding boxes, the bounding box that achieves
the highest intersection with the detected area bounding box can be used to calculate the �nal
score for each image sample. An alternative is to generate multiple detected bounding boxes,
order them by the size of the largest connected components and compare them the the multiple
ground truth bounding boxes.

These two metrics can also be used together with a threshold to obtain a binarised metric. If
the IoU or IoDA are above a certain threshold, the localisation counts as successful and vice versa.
A confusion matrix can be created this way and other metrics can be calculated, such as accuracy,
according to that (Wang et al., 2017).

The advantage of these two metrics is that they are easy to understand, commonly used in
the �eld, and have practical relevance, meaning a high score indicates that the correct parts of an
image are being highlighted according to the ground truth provided by radiologists. However,
the disadvantages outweigh the advantages by far. The introduction of extra calculation steps by
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Figure 3.10: DETECTED A REA FOR IOU/I ODA. This image shows the visualisation of saliency maps
generated by Grad-CAM. The CXR also includes bounding boxes for the ground truth area of the radiologi-
cal sign (green) and the bounding box for the detected area (red) by choosing the largest connected activated
area

deliberately choosing a threshold value for the saliency map, by selecting an algorithm for largest
component detection, and drawing a rectangular box around it that encompasses pixels that are
not relevant, make these metrics more imprecise as they may seem. Another disadvantage, or
rather feature, of these metrics is that they not only measure the performance of the model in
an isolated way, they also inevitably indirectly get in�uenced by the model performance. This
makes it impossible to distinguish between errors from the visualisation technique and the errors
made by the model. This feature further undermines the practical relevance, since in the end, the
overall performance of the CAD system is what matters to a medical expert.

The introduction of arti�cial noise seems �xable by avoiding doing the calculation steps. The
next metric solves this problem.

Proportional Energy

Proportional Energy 4 is a localisation metric that is used in Wang et al. (2020) to measure the
performance of saliency maps. This is done by summing up the activations of the saliency map
that lie within the ground truth bounding box and dividing that by the sum of all activations
within the saliency map. This results in a metric that represents the proportion of activations that
are "correct":

P roportionalEnergy =

P
i;j (L c

i;j � M c
i;j )

P
i;j L c

i;j
(3.27)

M c is a mask where the values within the ground truth bounding box equal 1, and the values
outside equal 0. This mask is then element-wise multiplied with the saliency map L c to get the

4Wang et al. (2020) call it theenergy-based pointing game, but since this name does not provide clues on what the metric
does, Proportional Energy has deemed to be a more descriptive name for it for this thesis.
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numerator. The denominator is simply the sum of all activations within the saliency map.
While IoU and IoDA were implemented to only consider the highest intersecting ground truth

box for the metric calculation, the implementation of Proportional Energy in ptbenchwill consider
all ground truth bounding boxes when calculating the metric, as the notion of a singular largest
component as the detected area gets dropped with this metric.

Contrary to IoU and IoDA, this metric does not introduce any arti�cial noise to the detect-
ed/highlighted area and is more faithful to the result of the saliency mapping technique while
keeping the practical relevance advantage. It is also still relatively simple to understand. How-
ever, the "property" of the inseparability of the performance of the model and saliency mapping
technique remains. Further, this metric in a sense, measures how well the performance of the
models and techniques is according to the ground truth provided by radiologists. It assesses the
performance of the model to human standards, but even an expert radiologist's ability to recog-
nise patterns has an upper limit due to the limitations of the human body. Thus, if the models and
techniques use patterns that a human cannot detect or comprehend, and decides to base its deci-
sions on them, they would inevitably score lower on the Proportional Energy, even if the patterns
were correct.

The next metric aims to isolate the performance of the saliency mapping technique from the
underlying model, and since it does not use ground truth labels drawn by radiologists, the next
metric, while it could measure the in�uence of radiologists to a certain degree, is not bound by it.

3.4.3 Metrics for Visualisation Method Performance

ROAD

RemOve And Debias (ROAD) is a metric based on pixel perturbations to measure the perfor-
mance of attribution methods (Rong et al., 2022) speci�cally, without other external in�uences
on the metric. It is comparatively computationally inexpensive to calculate compared to other
sophisticated methods that attempt the same, like RemOve and Retrain (ROAR) or with GANs.

Perturbation methods are not new and have been used previously to measure the performance
of attribution methods. Speci�cally, Chattopadhay et al. (2018) have used this method to evaluate
and compare Grad-CAM++ to Grad-CAM. There are multiple approaches in perturbed images.
Two popular ones are Most-Relevant-First (MoRF) and Least-Relevant-First (LeRF). Taking MoRF
as an example, in this method, a certain percentage of the most relevant pixels according to the
saliency map gets removed (pixel value set to 0), and the perturbed new image gets input into the
model again to see how the classi�cation of the image has changed by the model. If the con�dence
of the model dropped, then the original saliency map did a good job of highlighting the most
important regions, since after removing these regions, the model was not able to properly identify
the ground truth class of the perturbed image. Vice versa, in LeRF, one would expect either no
con�dence change or an increase in con�dence when unimportant parts of an image have been
removed. This drop or increase in con�dence can be calculated in various ways, but usually, the
model's outputs for the original and perturbed image are taken, and their difference is calculated.
Figure 3.11 shows an example of how an image might look after a typical LeRF perturbation.

In a sense, MoRF and LeRF measure how well the explanation re�ects the prediction of the
underlying model, providing �delity to the visual explanations. However, it is often the case that
MoRF and LeRF do not agree with each other. The exact reasons for this are currently unknown,
and one strategy might work better for a speci�c model/saliency mapping technique combination
than the other (Rong et al., 2022; Srinivas and Fleuret, 2019; Tomsett et al., 2020). Additionally,
some methods may require retraining steps (e.g. Generative Adversarial Networks (GANs), or
ROAR by Hooker et al. (2019)), which is computationally expensive. Hooker et al. (2019) show
that MoRF and LeRF introduce artefacts, and distribution shifts in the data. Changing the pixels
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