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ABSTRACT

ENHANCING THE STABILITY AND QUALITY ASSESSMENT OF VISUAL
EXPLANATIONS FOR THORAX DISEASE CLASSIFICATION USING
DEEP LEARNING

Rahimiaghdam, Shakiba
Ph.D., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Hande Alemdar

September 2023, [79] pages

Deep learning models are renowned but their complex internal workings often render
them opaque. While efforts are underway to amplify their explainability, a substan-
tial gap persists. One pivotal challenge is the unavailability of quantifiable metrics
for evaluating visual explanations, leading to a reliance on manual assessments or
suboptimal metrics. This restricts scalability, compromises reproducibility, and un-
dermines trustworthiness. The necessity for objective metrics is further underscored
during hyperparameters fine-tuning and the evaluation of various Explainable Artifi-
cial Intelligence (XAI) models. Another prominent hurdle is the instability exhibited
by models like Local Interpretable Model-agnostic Explanations (LIME). The ran-
dom perturbations intrinsic to LIME lead to inconsistent explanations, eroding trust

and obstructing their integration into critical applications.

To navigate these challenges, we unveil a robust method for the objective assessment,
refinement, and juxtaposition of visual explanation algorithms, offering a concrete
solution to metric inadequacy. Addressing instability, we introduce MindfulLIME.

This cutting-edge approach leverages graph-based pruning and uncertainty sampling,



strategically crafting purposeful samples and elevating the reliability and consistency
of visual explanations - a discernible advancement over LIME. Our intricate qualita-
tive analysis, applied to unseen random samples from the VinDr-CXR dataset, attests
to the preeminence of our selected metric. In a comparative analysis involving multi-
label, multi-class diagnosis of thorax diseases, MindfulLIME, evaluated via this re-
fined metric, epitomizes optimal stability and augmented localization accuracy. This
underscores its capacity to elevate the trust quotient associated with machine learning

applications in the nuanced field of medical imagery.

Keywords: Explainable Artificial Intelligence (XAI), Visual Explanation Evaluation,

Machine Learning, Deep Learning Models, Thorax Diseases Diagnosis
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0z

DERIN OGRENME KULLANARAK GOGUS HASTALIKLARI
SINIFLANDIRMASI iCIN GORSEL ACIKLAMALARIN KARARLILIK VE

KALITE DEGERLENDIRMESINi GELISTIRME

Rahimiaghdam, Shakiba
Doktora, Bilgisayar Miihendisligi Boliimii
Tez Yoneticisi: Do¢. Dr. Hande Alemdar

Eyliil 2023 ,[79]sayfa

Derin 6grenme modellerinin karmasik ic isleyisi onlar1 anlagilmaz hale getirmektedir.
Aciklanabilirliklerini artirmaya yonelik ¢abalardaki onemli zorluklardan biri, gorsel
aciklamalar1 degerlendirmek i¢in Ol¢iilebilir 6l¢iimlerin mevcut olmamasidir. Bu du-
rum, manuel degerlendirmelere veya optimal olmayan 6l¢iimlere giivenilmesine yol
acmaktadir. Bu, 6l¢ceklenebilirligi kisitlar, tekrarlanabilirligi tehlikeye atar ve giiveni-
lirligi zayiflatir. Objektif dl¢timlerin gerekliligi, hiperparametrelerin ince ayari ve ce-
sitli Aciklanabilir Yapay Zeka (XAI) modellerinin degerlendirilmesi sirasinda daha
da vurgulanir. One cikan bir diger engel ise Yerel Yorumlanabilir Model-Agnostik
Aciklamalar (LIME) gibi yontemlerin sergiledigi istikrarsizliktir. LIME yOdntemine
ozgii rastgele karigikliklar tutarsiz aciklamalara yol agarak gilivenin aginmasina ve

kritik uygulamalarda kullanilamamasina neden olur.

Bu zorluklarin iistesinden gelmek icin, gorsel aciklama algoritmalarinin nesnel de-
gerlendirmesi, iyilestirilmesi ve yan yana getirilmesi i¢in metrik yetersizligine somut

bir ¢oziim sunan saglam bir yontem ortaya koyuyoruz. Istikrarsizliga ¢6ziim bulmak
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icin MindfulLIME yontemini tanitiyoruz. Bu yeni yaklasim, grafik tabanli budama
ve belirsizlik orneklemesinden yararlanarak, stratejik olarak amaca yonelik ornek-
ler olusturur ve gorsel aciklamalarin giivenilirligini ve tutarliligini artirir. Bu, LIME
yontemine gore gozle goriiliir bir ilerlemedir. VinDr-CXR veri setindeki goriinme-
yen rastgele orneklere uygulanan nitel analizimiz, sectigimiz metrigin iistiinligiini
kanitlamaktadir. Toraks hastaliklarinin ¢ok etiketli, ¢cok sinifli teshisini iceren kar-
silagtirmali bir analizde, Onerilen hassas 6l¢iim metridi aracilifiyla degerlendirilen
MindfulLIME, optimal stabilite ve artirilmis lokalizasyon dogrulugu ortaya koymak-
tadir. Bu durum, tibbi goriintiilerle makine 6grenimi uygulamalarinda giiven oranini

artirma kapasitesinin altin1 ¢cizmektedir.

Anahtar Kelimeler: Aciklanabilir Yapay Zeka, Gorsel Ag¢iklama Degerlendirmesi,

Makine Ogrenmesi, Derin Ogrenme Modelleri, Gogiis Hastaliklar1 Teshisi
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CHAPTER 1

INTRODUCTION

The advent of machine learning-based systems has revolutionized numerous com-
plex tasks in our lives, ranging from image object detection and text processing to
speech signal analysis (Dong et al., 2021} Prasanna & Tripathi, [2022). These systems
have demonstrated remarkable performance, often surpassing human-level capabil-
ities. However, their inherent non-transparency, non-linearity, and nested internal
computations pose a challenge in establishing user trust (von Eschenbach, [2021).
Most machine learning algorithms lack traceability, resembling black boxes where
decisions are made without clear explanations based on input data. Hence, it is cru-
cial to have deep learning models that are explainable and transparent in order to
enable their widespread utilization across different vertical domains, particularly in
critical areas like justice, cybersecurity, and medicine (Collenette et al.,[2023; Giudici

& Raffinetti, 2022 Jin et al., [2022).

1.1 Research Problem and Approach

While simpler algorithms like decision trees and linear regression are easier to un-
derstand due to their simple representations, more complex models like neural net-
works and random forests are often treated as black boxes. To address this issue,
recent literature in the field of Explainable Artificial Intelligence (XAI) proposes in-
terpretable and explainable models as a means to achieve transparency for complex
models (Barredo Arrieta et al., 2020). The explainable models can be classified based
on criteria such as being model-agnostic or model-specific, local or global, and in-

trinsic or post hoc (Linardatos et al., 2021). Among all, post hoc model-agnostic
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approaches are popular as they aim to explain the decision-making process of any
machine learning model. An intrinsically explainable model provides insights di-
rectly from a model’s parameters or structure, as seen in linear models or decision
trees, but they may lack the power required for modern tasks. Post hoc explanations,
on the other hand, provide insights after a model is trained and can be model-specific
or model-agnostic. Model-agnostic methods, such as LIME (Y. Zhang et al., 2019),
Anchors (Ribeiro et al., [2018)), and SHAP (Lundberg & Lee, 2017), are popular and
do not require knowledge of the internal model structure. In other words, post hoc ex-
planation methods are model-independent and determine the importance of features

for predictions.

A key algorithm in this category is LIME, which operates on the principle that, within
a local vicinity of the classification boundary, a less complex model, such as logis-
tic regression (the choice of model may vary depending on the data), can yield an
explanation that is easier for users to grasp. LIME leverages such simpler models
to decode the decision-making process and highlight key features through regression
coefficients. It creates simulated data points by perturbing instances and fits a sparse
linear model using the responses predicted from these altered points. This multi-
faceted approach facilitates explanations for a spectrum of classification models, from
random forests and gradient boosting trees to neural networks, across diverse input
data types such as text, images, or tabular data. Significantly, the explanations LIME
provides remain locally faithful to an instance, regardless of the classifier utilized (Y.

Zhang et al.,|2019).

However, the random perturbation process employed in LIME and similar local ex-
planation methods exhibits certain limitations (Hooker et al., 2021)). The non deter-
ministic nature of these algorithms, stemming from the random perturbations, com-
promises stability, which is a crucial characteristic for interpretable models, particu-
larly in critical domains. Several studies have emphasized the significance of stabil-
ity, which entails providing consistent explanations for similar inputs, and proposed
various methods to enhance this aspect (Alvarez-Melis & Jaakkola, 2018; Khaire
& Dhanalakshmi, 2022; Vilone & Longo, 2021). Furthermore, random perturba-
tion techniques can introduce data and label shifts, potentially leading to misleading

explanations (Rahnama & Bostrom, 2019j Slack et al., 2020). Additionally, these



methods often generate perturbed samples from a uniform distribution, overlooking
the intrinsic correlation between features. As a result, valuable information for learn-
ing local explanation models is lost. Therefore, it becomes essential to ensure proper
sampling operations to address and resolve instability, prevent the generation of Out-
of-Distribution (OoD) data, and efficiently produce samples of higher quality, partic-

ularly in sensitive domains such as medicine.

This work delves into post hoc explanations that utilize perturbations, a widely em-
braced paradigm for crafting model explanation methods, with a specific focus on
image data. Despite significant advancements in the stability of other data modal-
ities, such as text and tabular data, a pronounced gap persists for image data. To
address this, we introduce MindfulLIME, an innovative non-random sample gener-
ation algorithm engineered expressly to tackle the challenges of stability and repro-
ducibility in repeated runs. The name Mindful LIME mirrors our endeavor to augment
LIME, a widely-used model-agnostic explanation method, by infusing it with intelli-
gent sampling strategies that render it more mindful of the stability in the explanations

it generates.

While many alternative methods in the XAl arena typically employ random sample
perturbations, we deliberately opted for LIME to effectively demonstrate and eval-
uate the performance of MindfulLIME. Our decision to center on medical images
and specifically X-ray images in this study is driven by their pivotal role in medical
diagnostics, the complexities and challenges tied to interpreting these images, and
the accessibility of publicly available datasets for experimentation. This strategy not
only accentuates the specific application of medical images addressed herein but also
suggests the potential for MindfulLIME to be efficaciously generalized across other

domains.

In this context, explanation term refers to the superpixels or segments of the image
that lead the classifier to a particular conclusion. A superpixel is a cluster of pixels
that share similar characteristics and are processed as a unit. These are the critical
segments of the image that the classifier leverages to render its final judgment, and
our primary goal is to enhance the stability of these visual explanations. Our ap-

proach involves transforming superpixels into an undirected graph, where each seg-



ment represents a vertex, and adjacent superpixels are connected through edges. This
transformation facilitates the systematic generation of new samples in each iteration
by deactivating a combination of superpixels from the original image using a defined
algorithmic procedure. The suitability of each generated sample is then evaluated to
decide whether to keep or discard it. To aid in this decision-making process, we em-
ploy uncertainty sampling, which involves selecting samples based on the classifier’s
confidence level. This technique prioritizes samples for which the classifier exhibits
lower confidence (uncertainty sampling) Lewis and Gale, |1994 or higher confidence
(reversed uncertainty sampling) Cardellino and Alemany, 2015} enabling us to bol-
ster the quality and reliability of our explanations. By focusing on samples when
the classifier is more confident, we ensure their informativeness and representation of
the data distribution while mitigating the risk of generating out-of-distribution sam-
ples through sample filtering based on the classifier’s confidence. Additionally, our
approach fully incorporates the interplay between features to enhance the quality of

explanations.

In ensuring the objective and computationally efficient evaluation of our proposed al-
gorithm, the right metrics play an indispensable role. Another pivotal contribution of
this study bridges a gap in the current literature, introducing a robust quantitative eval-
uation for generated visual explanations. We start by defining criteria essential for the
ideal metrics to measure the quality of explanations, particularly in terms of localiza-
tion. While we delve into metrics already recognized in computer vision, our research
also brings forth new metrics, enriching the available repertoire. These metrics are
systematically assessed against our criteria in various scenarios, shedding light on
their efficacy. We then pinpoint the most effective metric that addresses the broader
challenge of evaluating visual explanation quality, transcending the specific scope of
our study. Following this, we showcase the practical utility of the selected metric
through both qualitative and quantitative analyses. Qualitatively, we assess various
metrics, with our chosen one proving its superiority. Quantitatively, the metric aids in
refining LIME across diverse segmentation techniques and facilitates a performance
comparison with Gradient-weighted Class-Activation Maps (GradCAM), a notable

saliency map model in XAI.

Given the sensitivity of the medical domain, the importance of explainability can-



not be overstated, especially when it comes to analyzing Chest X-ray (CXR) images
for automated thorax disease diagnosis. Relying solely on human expertise for CXR
interpretation poses challenges due to human limitations and the complexity of the
task, increasing the risk of misdiagnosis (Fourcade & Khonsari, 2019; van der Velden
et al., [2022). To address this issue and provide Al-driven automated tools with ex-
plainable decisions, we have developed a framework that leverages two CXR image
datasets. For training our classifier, we utilized the CheXpert CXR image dataset
(Irvin et al., 2019), which offers a substantial number of samples for each class. To
evaluate the spatial precision of explanations, we employed the VinDr-CXR dataset
(Nguyen et al., 2020), which provides precise local annotations for the same classes

as the CheXpert dataset, annotated by a group of radiologists.

The experimental findings prominently highlight the superiority of our novel algo-
rithm, named Mindful LIME. Notably, MindfulLIME not only achieves a remarkable
stability rate of 100%, but also outperforms LIME in terms of precision in local-
ization and efficiency of execution. Furthermore, we delve into the examination of
diverse parameters, including segmentation size and quantity, as well as various sam-
ple numbers, influencing the quality of explanations generated by the aforementioned
algorithms. Our devised framework, coupled with the exceptional performance ex-
hibited by MindfulLIME, effectively showcases the potential of Al-driven automated
tools within the realm of thorax disease diagnosis. By furnishing dependable and
precise explanations, our framework empowers medical professionals with height-
ened decision-making acumen and significantly contributes to the advancement of

medical research.

1.2 Contributions

We summarize our contributions as follows:

e Objective Evaluation Framework for Visual Explanations: We propose cri-
teria tailored to identify the optimal metrics for evaluating visual explainability
algorithms. While our methodology integrates established metrics, it also pio-

neers new ones. After evaluating the metrics’ formulations against our criteria,
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we discern a leading metric for visual explanation quality. This metric plays a
pivotal role in optimizing LIME and facilitates quantitative comparisons with

other XAI models.

e Explanation Stability Enhancement: Our approach leverages graph repre-
sentation to systematically select combinations of superpixels, employing a
non-random sampling technique. This technique addresses the stability issue
in generating explanations while improving the quality of explanations and en-

hancing interpretability.

o Explanation Quality Refinement: We incorporate uncertainty sampling tech-
niques to ensure reliable and trustworthy explanations. By assessing the ac-
ceptability of each sample based on the classifier’s confidence, we enhance
the quality of generated explanations and filter out potential out-of-distribution

samples.

e Application to Medical Diagnosis: We rigorously assess the effectiveness of
our framework within the domain of automated thorax disease diagnosis uti-
lizing chest X-ray images. By contrasting the performance of the conventional
LIME with our novel algorithm, Mindful LIME, employing varying superpixel
algorithms and sample quantities, we gained valuable insights. Having under-
gone training on the CheXpert dataset and subsequent evaluation on the unseen
VinDr-CXR dataset, Mindful LIME demonstrated an impeccable stability rate
of 100% and showcased superior efficiency in terms of localization precision

when compared to LIME.

1.3 Structure of the Thesis

The manuscript’s organization unfolds as follows: In Chapter [2] we present a con-
cise overview of the LIME algorithm. Alongside this, we outline pertinent studies
from the literature pertaining to visual explanations and delve into the exploration of
metrics commonly utilized for the evaluation of explainable Al (XAI) models. More-
over, Chapter [2] comprehensively reviews existing literature studies that emphasize

enhancements to perturbation-based sampling algorithms, including LIME.
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Moving to Chapter [3| we meticulously detail the datasets we have chosen, as well
as the optimal classifier we trained for this study. Our dataset selection is carefully
tailored to fulfill the dual roles of training the classifier and generating/evaluating

visual explanations.

Transitioning to Chapter 4 we embark on our primary contribution, conducting an in-
depth exploration of explanation assessment and proposing appropriate localization-
based evaluation metrics for visual explanations. This section meticulously expounds

on the insights and conclusions drawn from our extensive evaluations.

Advancing to Chapter [5] we introduce our secondary innovative approach, which
centers around a perturbation-based XAl model that is deterministic in nature, ensur-
ing stable and consistent explanations. In tandem, we provide a comprehensive ex-
planation of our novel algorithm, Mindful LIME. Concluding this chapter, we present
a thorough discussion and showcase the outcomes gleaned from meticulous evalua-
tions, which compare MindfulLIME and LIME. These evaluations encompass a di-
verse array of assessment criteria rooted in various superpixel algorithms and sample

counts.

Finally, Chapter [6] marks the conclusion of our endeavor, wherein we succinctly
summarize the conclusions we have drawn. Additionally, we offer valuable insights

into potential pathways for future research endeavors.






CHAPTER 2

LITERATURE REVIEW

In this chapter, our aim is to delve into the literature that pertains to our two main
contributions. The first centers around the accurate and effective evaluation of vi-
sual explanations, which is a prerequisite for discerning the superiority of AI models.
The second area of focus involves the introduction of innovative techniques to en-
hance perturbations-based XAI models. These techniques are meticulously designed
to bolster stability and tackle associated challenges. To demonstrate the efficacy
of our proposed approaches, we utilize the capabilities of LIME, employing it as a
benchmark for illustration. We commence by elucidating the mechanics of LIME,
which serves as the foundation for ensuing discussions. Subsequently, we conduct
an in-depth survey to examine prevailing methodologies for assessing the effective-
ness of visual explanations. Following this, we explore methods that have enhanced
perturbation-based XAl algorithms, addressing issues like stability, data shift (caused

by out-of-distribution data generation), and the neglect of feature correlations.

2.1 Background

LIME, which stands for Local Interpretable Model-agnostic Explanations, is a mod-
ern technique designed to provide understandable and faithful explanations for pre-
dictions made by any classifier. Its primary purpose is to demystify how classifiers
arrive at their decisions. This is achieved by initially selecting a specific example for
which an explanation of the classifier’s decision is needed. LIME then creates per-
turbed samples by introducing controlled changes to the interpretable elements of the

chosen instance.



The core idea behind LIME is to understand how a black box model behaves locally
in the vicinity of a specific point of interest. Remarkably, LIME achieves this un-
derstanding without requiring detailed knowledge about the internal workings of the
model. To overcome this challenge, LIME generates a simulated dataset by creating
multiple new examples that are close to the original point of interest. These new ex-
amples are used to query the black box model and gather predictions. The outcome
is a collection of pairs, where each pair consists of an example and the corresponding

prediction made by the black box model.

The black box model can take various forms, such as regression or classification. To
make the explanation easily understandable, LIME selects a simpler model, termed
the explanation model, from a set of models that are interpretable. This selection
process involves finding the explanation model that best approximates the behavior

of the black box model in the local vicinity of the point of interest.

In essence, LIME makes slight changes to the features of an example and observes
how these changes impact the predictions. By systematically modifying one feature
at a time, LIME measures the difference between the new prediction and the original
prediction for the example. This difference helps quantify the importance of each

feature in the decision-making process.

When dealing with image data, LIME simplifies the analysis by grouping pixels into
clusters called superpixels. These superpixels represent meaningful regions in the
image. During the explanation process, LIME deactivates certain superpixels to ob-
serve how the absence of those regions affects the predictions. This approach allows
LIME to provide insights into which parts of an image contribute most to a particular

classification decision.

In summary, LIME is a technique that dissects how classifiers arrive at their predic-
tions. It achieves this by generating new examples that are similar to the original and
observing how changes in those examples impact the predictions. By doing so, LIME
provides understandable explanations for complex model behaviors, even when the

inner workings of the models are not fully known.
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2.2 Visual Explanation Evaluation

Different types of explanations can take various forms, such as text, math (numbers),
and visuals. Visual explanations are often preferred since they make it simpler to
understand and interpret the results of complex models. One common way to create
such visuals is by using saliency maps. In our study, we take the saliency map output
from LIME and compare it to expert-annotated ground-truth masks. This lead us to
focus on visual explanations generated by LIME, particularly for medical image data.
We are particularly interested in metrics that assess the similarity or dissimilarity

between saliency maps, with a focus on localizing multi-label classifiers.

We survey recent works concerning visual explanations for medical images. For in-
stance, Xiang and Wang (Xiang & Wang, 2019) used LIME on a skin lesion classifier
to verify that the trained Convolutional Neural Network (CNN) correctly uses rele-
vant information for diagnosis. Similarly, Arrieta et al. (Barredo Arrieta et al., [2020)
employed LIME explanations to show that deep learning models perform better on
chest X-ray images than Computed Tomography (CT) scans for classifying COVID-
19 patients. As another example, Rajaraman et al. (Rajaraman et al., 2018)) evaluated,
visualized, and explained the behavior of trained models for detecting pneumonia by
employing popular methods such as LIME, Class Activation Maps (CAM), and its

other variations.

Ahsan et al. (Ahsan et al., 2020) applied LIME to detect essential features distin-
guishing COVID-19 patients from other patients using CT and CXR images. Lastly,
in another work, Teixeira et al. (Teixeira et al., [2021)) utilized LIME and GradCAM
to evaluate the impact of lung segmentation using a U-Net CNN architecture (Ron-
neberger et al., 2015) for generating segmentations over three well-known CNN clas-
sifiers. Since the authors’ primary objective is to explore which part of the image
effectively contributes to the identification, they applied explanation models to a test
set of images. By aggregating all explanation regions in a heatmap, they showed the

model’s most common areas for prediction.

There are several taxonomies in the literature for visual explanation evaluation. Based

on the presented classification by Arrieta et al. (Barredo Arrieta et al., 2020), outputs
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are mainly discussed in two broad groups: qualitative and quantitative analysis.

In qualitative evaluation, the outcomes of one or more models are visually investi-
gated for a limited number of random samples. Quantitative analysis can be cate-
gorized into two sub-groups: model truth-based and ground truth-based (Sattarzadeh
et al., 2021)). The former investigates the model behavior by assessing the algorithm’s
consistency, correctness, and faithfulness. The latter justifies the visual quality of the
explanation maps generated through explanation models by comparing them to the

ground truth maps determined by amateur or expert users.

According to another classification, assessment approaches can be divided into three
classes: application-grounded, human-grounded, and functionally-grounded (Doshi V-
elez & Kim, 2018). Application-grounded and human-grounded assessments resem-
ble ground truth-based methods, and functionally-grounded methods are similar to

model-based ones.

Qualitative analysis plays a crucial role in assisting users in evaluating the quality
of the explanations. However, more than these analyses are needed to establish or
generalize the explanations’ correctness, appropriateness, and precision. Hence, we
investigate the notable metrics used in model truth-based and ground truth-based eval-

uations.

Model truth-based metrics generally evaluate the explanations’ faithfulness, and cor-
rectness (Liet al.,2021). As Alvarez and Jaakkola claimed (Alvarez-Melis & Jaakkola,
2018)), the faithfulness of an explanation refers to whether the relevance scores re-
flect the true importance. Drop percentage, increase percentage (Chattopadhay et al.,
2018; Ramaswamy & Desai, [2020), and incremental Area Under the Curve (1AUC)
(Petsiuk et al., 2018)) are measures employed to evaluate the faithfulness of a model.
Some other efforts have been made to evaluate concepts such as stability, separability,
identity (Hailemariam et al.,|[2020; Sokol & Flach, 2020), and consistency degrees in

explanations (Graziani et al., 2020).

This study addresses ground truth-based and object localization-based evaluation met-
rics and approaches, especially for medical image classifications. Li et al. (Li et al.,

2021) recommended the Pointing Game (PG) metric to assess whether the explainer
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correctly localizes the object to be recognized. With the assumption that a good
saliency map is not required to cover the entire object, PG (J. Zhang et al., 2018)
counts hit numbers if the highest score saliency pixel lies inside the annotated bound-

ing box.

Likewise, Sattarzadeh et al. (Sattarzadeh et al., 2021) validated the quality of their
proposed visual explanation model in comparison to other state-of-the-art attribution-
based explanation models using Energy-Based Pointing Game (EBPG), mean Inter-
section over Union (mloU), and Bounding Box (Bbox)(Schulz et al.,[2020). Extend-
ing the idea of PG, EBPG considers all pixels in the explanation map for evaluation
by measuring the fraction of its intersection with the ground truth map normalized by

the explanation region (Wang et al., 2020).

In other words, it evaluates the precision and denoising capability of the explana-
tions. Weighted Intersection over Salient Region (WIoSR) is a modified version of
the EBPG metric in which saliency scores of the detected regions are used as the
weights while calculating the localization score (Petsiuk et al., |2018; Zeiler & Fer-

gus, 2014).

Schallner et al. (Schallner et al., 2020) investigate the effect of various segmentation
algorithms on the LIME performance by utilizing the Jaccard Coefficient on a binary
classification task for malaria blood smear images. Despite some similarities between

this work and the current one, fundamental differences exist.

Our work emphasizes exploring various suitable metrics, introducing, and adapting
them to find the most proper one for the defined problem, which is explainability for
a more complex classification task for a multi-label multi-class dataset. Besides that,
we utilize a second unseen larger dataset for replacing human intervention with a
more efficient and accurate automated system. Finally, yet importantly, we show how
IoU-based metrics such as Jaccard Coefficient, Bbox, and mloU perform poorly in

measuring the similarities between two bounding boxes when there is no intersection.
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2.3 Enhanced Perturbation-Based XAI Models

Perturbation-based techniques have shown promise in explaining black-box machine
learning models, but they have several issues that must be addressed. These include
generating out-of-distribution data points, which can lead to less reliable classifier
outputs and inconsistent results in LIME (Agarwal & Nguyen, 2021). Furthermore,
these techniques often fail to consider useful information, such as feature correlations,

when generating new samples (Shi et al., 2020).

As aresult, the explanations generated by these approaches are relatively less reliable,
less trustworthy, and of poor quality. This section discusses relevant works that aim to
improve LIME or similar models from various aspects. These approaches encompass
various strategies, including identifying more suitable random samples, utilizing ad-
ditional data, generating synthetic in-distribution datasets, or completely altering the
sample generation process to eliminate randomness. Indeed, it is worth noting that

these approaches also address distinct issues.

Influenced by stable approximation trees in model distillation (Y. Zhou et al., 2018)),
Zhou et al. (Z. Zhou et al., 2021)) presented S-LIME. This method aims to address the
challenge of stability in LIME and similar techniques, though it does not guarantee
absolute stability. S-LIME employs a hypothesis testing framework grounded in the
central limit theorem to deduce the optimal number of perturbed samples, striving to

offer explanations with enhanced stability compared to traditional LIME.

OptiLIME, another framework proposed by Visani et al. (Visani et al., 2022), fo-
cuses on maximizing stability and maintaining fidelity to ML model explanations. It
achieves this by automatically determining the optimal kernel width value, ensuring

the desired fidelity level while optimizing explanation stability.

In contrast to our integrated solution, these techniques require individual execution for
each dataset or problem, increasing the workload for each case. While they improve
stability, they do not provide a guarantee of a 100% stable solution. Additionally, the
run-time efficiency and potential impact on the quality of explanations have yet to be

thoroughly examined.
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Some approaches generate datasets that preserve the distribution of the training data
around the target instance, resulting in stable and accurate explanations. For example,
authors (Jiang, 2022) proposed a modified version of LIME for regression models in
aerodynamic tabular data. Their approach involves perturbed sample generation that
emphasizes differences and ensures a uniform distribution of distances and weights.
However, further research is needed to validate this approach with more extensive and

diverse datasets, different models, and additional analyses.

A study (Vre$ & Sikonja, 2021) proposes advanced sampling methods utilizing data
generators to capture the training dataset’s distribution effectively. The authors ex-
plore various data generators, including Radial Basis Function (RBF) network-based,
and variational autoencoder-based approaches (Miok et al., 2019; Robnik-Sikonja,
2016). The focus is on robustness, which refers to the ability of an explanation
method to identify biased classifiers in adversarial environments, mainly targeted at-
tacks (Alvarez-Melis & Jaakkola, 2018} Slack et al., 2020). The research highlights
the importance of data generators and emphasizes the need for requirements regarding

access to training data.

Similarly, Saito et al. (Saito et al., 2020) introduce a method to enhance the ro-
bustness of LIME against adversarial attacks. They propose training a Conditional
Tabular GAN (CTGAN) model (Xu et al., 2019), a generative adversarial network, to
generate realistic synthetic data for LIME’s explanation generation process. Experi-
mental results on three real-world datasets demonstrate improved accuracy in detect-
ing adversarial behavior compared to vanilla LIME while maintaining comparable

explanation quality.

Generating synthetic data demands particular attention to detail and significant effort,
involving creating artificial data points that closely resemble the distribution and char-
acteristics of the original training data. This can be challenging for high-dimensional
or complex datasets, requiring computational resources, parameter tuning, and iter-
ative refinement. Integrating synthetic data generation into the explanation process
adds complexity and computational overhead, necessitating customized approaches
and parameter settings for each dataset. Careful consideration of computational re-

sources, time, and expertise is crucial, along with optimizing implementation to mit-
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igate the additional load.

On the other hand, alternative methods take a different approach by utilizing a portion
of the training data instead of generating a synthetic dataset. Hall et al. (Hall et al.,
2019) propose a technique that involves partitioning the dataset using k-means clus-
tering instead of perturbing data points around the instance being explained. However,
the non-deterministic nature of the default k-means implementation, which randomly
selects centroids, limits the effectiveness of this approach. Similarly, Hu et al. (Hu

et al., 2018) introduce a supervised tree-based method for dataset partitioning.

Building upon these ideas, Zafar et al. (Zafar & Khan, 2021) present a more practi-
cal approach called Deterministic Local Interpretable Model-Agnostic Explanations
(DLIME) to enhance the interpretability of black box Machine Learning (ML) algo-
rithms. DLIME utilizes Agglomerative Hierarchical Clustering (AHC) and K-Nearest
Neighbor (KNN) techniques instead of generating synthetic samples, providing a de-
terministic variation of LIME. It is important to note that this approach requires access
to the training data and may face challenges when applied to image data or datasets

with a large number of features due to the inherent complexity involved.

Guided-LIME (Sangroya et al., [2020) represents an alternative approach that lever-
ages a subset of the training data, aiming to refine explanations for machine learn-
ing models. This approach employs Formal Concept Analysis (FCA) to enhance
the structured sampling of instances, which are then fed to SP-LIME—a sampling
technique that emphasizes interpretable features with high importance (Ribeiro et
al., 2016). The result is a more comprehensive coverage of the explanation space
compared to using SP-LIME alone. By leveraging this structured sampling, Guided-
LIME optimizes instance selection in terms of both quantity and quality. When eval-
uated with the calibration error metric, Guided-LIME demonstrates a closer approx-
imation to original black-box ML models. However, there is no explicit claim about

its stability, suggesting potential residual instabilities.

Some approaches use methods to select relevant samples or modify random sam-
ples to improve their suitability. Applying criteria like affinity quantification or inlier
scores in the filtering step enhances the quality and effectiveness of the explanations.

For instance, a solution proposed by the authors (Qiu et al., 2022)) addresses the out-
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of-distribution problem by incorporating a module that measures the similarity be-
tween perturbed data and the original dataset distribution. The authors enhance the
robustness of the final explanations by penalizing the influence of unreliable OoD
data, leveraging inlier scores and prediction results. While their approach claims
compatibility with popular perturbation-based XAl algorithms such as RISE (Petsiuk
et al., [2019), OCCLUSION (Zeiler & Fergus, 2014), and LIME, they acknowledge

its inapplicability to LIME and identify deficiencies in localization metrics.

Rasouli et al. (Rasouli & Yu, 2019) address limitations in traditional data sam-
pling for local explanation methods. They propose a sampling methodology based
on observation-level feature importance, which generates more meaningful perturbed
samples than Gaussian or training data distributions. The proposed approach captures
feature interactions and creates a perturbed dataset that accurately represents the lo-
cality of a given sample. However, further testing is needed to evaluate its stability

and efficiency, and its applicability is currently limited to tabular data.

ALIME (Shankaranarayana & Runje, 2019) utilizes a pre-trained autoencoder to
transform randomly generated disturbance samples into lower-dimensional latent codes.
Instead of relying on Euclidean distance, the similarity between disturbed samples
and the input instance is assessed based on the distance between these latent codes.
This approach offers an alternative way to measure similarity and capture significant

patterns during the explanation process.

Some approaches aim to refine LIME’s random sample generation algorithms by
prioritizing feature correlations rather than the stability and quality of explanations.
Modified Perturbed Sampling for LIME (MPS-LIME) (Shi et al., 2020) stands as a
notable example, addressing the inherent limitations of LIME’s standard sampling.
MPS-LIME delves into feature correlations by converting the superpixel image into
an undirected graph, treating perturbed sampling as a clique set construction chal-
lenge. Rigorous evaluations on Google’s pre-trained Inception neural network (Szegedy
etal.,[2015) show that MPS-LIME holds an advantage over LIME in areas such as un-
derstandability, fidelity, and efficiency. However, it is crucial to note that the method

has not been tested for stability, raising questions about its reliability.

As another example in this category, Bootstrap-LIME (B-LIME) (Abdullah et al.,
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2023) is tailored to enhance the explainability of deep learning models for Electro-
cardiogram (ECG) data. Recognizing the inherent temporal relationships within ECG
features, B-LIME seamlessly integrates advanced techniques such as heartbeat seg-
mentation and the bootstrapping technique for data resampling. This combination is
meticulously crafted to bolster the model’s interpretability, emphasizing the temporal
dynamics of features. The authors further pioneered a data-generation technique, en-
suring explanations resonate with the local vicinity of predictions, and an explanatory
framework reflecting the precision of the original ML model. However, a thorough
evaluation concerning the approach’s quality and stability remains absent from the
study, leaving lingering questions about its definitive stability. Predominantly, this

method is tailored for temporal signal data.

The proposed algorithm distinguishes itself from previous works by offering a pur-
poseful, deterministic sample generation approach that addresses stability, improves
localization precision in bounding boxes, and considers feature correlations. It com-
prehensively improves on all these factors, significantly contributing to the field of
perturbed-based XAl models. Unlike other approaches, it achieves simultaneous im-
provements in stability, explanation qualities, and run-time efficiency. Additionally,
our method does not require additional training data and is simple to implement while
enhancing LIME in multiple aspects. Notably, the stability enhancement provided by
our method is guaranteed. Our approach transcends the confines of specific data
modalities. It can be applied not only to image data but also to any dataset where
samples can be converted into a graph of correlated features, making it more versatile
than solutions limited to tabular data. Furthermore, we conducted experiments on
a larger dataset, utilizing more suitable metrics such as Jensen-Shannon Divergence
(JS_DIV) (Samek et al., 2019) to compare bounding box similarities between ground

truth data and explanations, even in cases without overlap.
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CHAPTER 3

DATA SETS AND TRAINED CLASSIFIER

Our research centers on producing explanations for the outcomes of the thorax dis-
ease classifier, specifically within the realm of Chest X-ray (CXR) images. However,
our exploration does not solely begin with generating explanations. It starts with the
foundational steps of dataset preparation and classifier training. Robust and represen-
tative datasets, carefully curated to reflect real-world variations and complexities, play
a pivotal role in ensuring the effectiveness of our explanations. A well-trained clas-
sifier, accurately and consistently discerning patterns within CXR images, serves as
the cornerstone for our explanation generation process. Therefore, the achievement
of an accurate classifier enhances the subsequent explanation outcomes with trust-
worthiness and reliability. As we dive deeper, the upcoming subsections will provide
comprehensive insights into the intricacies of the datasets used and the model trained

for our study.

3.1 Datasets

This study uses two datasets: CheXpert (Irvin et al., 2019) and VinDr-CXR (Nguyen
et al.,[2020). These datasets were thoughtfully selected as the most suitable and com-
plementary combination. CheXpert offers sufficient samples per class and reliable
global annotations, making it well-suited for training and classification using deep
neural networks. Conversely, vinDr-CXR provides precise regional annotations for
classes that align with CheXpert, making it a valuable resource for evaluating ex-
planations. CheXpert ensures adequate training samples, while vinDr-CXR provides

essential and precise local annotations for evaluation.
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The CheXpert dataset comprises 224,316 chest radiographs from 65,240 patients,
accompanied by chest-related global annotations. These annotations were extracted
using an automated, rule-based labeler that parsed categories from the free-text ra-
diology reports authored by radiologists. To ensure reliability, additional rules were
applied to capture negations and uncertainties mentioned in the reports. Each sample
within the CheXpert dataset includes the image ID, patient’s sex and age, X-ray prop-
erties (frontal/lateral and AP/PA), and a hot vector representing 14 distinct classes.
Within this vector, O labels indicate negative findings, +1 labels represent positive

findings, and -1 labels indicate uncertain findings.

The 14 classes encompass Atelectasis, Cardiomegaly, Consolidation, Edema, Pleu-
ral Effusion, Pneumonia, Pneumothorax, Enlarged Cardiomediastinum, Lung Lesion,
Lung Opacity, Pleural Other, Fracture, Support Devices, and No Finding. Alongside
the training set, a separate validation set of 234 samples is provided, which underwent
label approval by radiologists. Consequently, uncertain labels were eliminated from

the validation data.

The VinDr-CXR dataset includes 15,000 images within its training set, with labels
manually defined by a team of radiologists. Figure [3.1] presents sample images from
this dataset. The dataset includes 22 local labels represented by bounding boxes sur-
rounding abnormalities, and six global labels denoting detected diseases. The images
are provided in the Digital Imaging and Communications in Medicine (DICOM) for-
mat, accompanied by relevant DICOM tags such as patient sex and age. Primarily
consisting of Posterior Anterior (PA)-view chest X-rays, the dataset excludes non-

relative X-rays from other body parts.

The local labels cover various abnormalities such as Aortic Enlargement, Atelecta-
sis, Cardiomegaly, Calcification, Clavicle Fracture, Consolidation, Edema, Emphy-
sema, Enlarged PA, Interstitial lung disease, Infiltration, Lung Cavity, Lung Cyst,
Lung Opacity, Mediastinal Shift, Nodule/Mass, Pulmonary Fibrosis, Pneumothorax,
Pleural Thickening, Pleural Effusion, Rib Fracture, and Other Lesion. Additionally,
the global labels encompass Lung Tumor, Pneumonia, Tuberculosis, Other Diseases,

Chronic Obstructive Pulmonary Disease, and No Finding.

Figure [3.2] presents the distribution of samples for each label category within each
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Figure 3.1: Samples of the VinDr-CXR dataset with precise annotated labels

dataset. The CheXpert dataset offers a sufficient number of samples per class, mak-
ing it well-suited for training and classifying tasks using deep neural networks. Con-
versely, VinDr-CXR includes precise local annotations for several classes that overlap
with the classes found in CheXpert, making it an appropriate choice for evaluating the

explanations generated.

3.2 Training The Classifier

The accuracy of the classifier’s results greatly influences the explanations’ quality.
Therefore, our trained model must identify labels accurately. Explanations generated
by a poorly performing classifier are often uninformative and lack value. We apply
data preprocessing techniques to the CheXpert dataset to ensure data quality. We ex-
clude samples that contain uncertain labels among their classes. Furthermore, we only
select PA and Lateral images for both sets. The test set is not yet available because the
CheXpert dataset is an ongoing competition. Hence, we conduct the training phase
using 85% of the samples from the filtered training set (83,781) while reserving the
remaining 15% for validation and testing purposes. Within the remaining 15%, 10%
is allocated for validation, and the remaining 5% is combined with the filtered original

validation test to form the test set.
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Subsequently, we train several well-known CNN models including InceptionRes-
NetV2 (Lingkvist et al., |2014), InceptionV3 (Szegedy et al., 2016), DenseNet121
(Huang et al., 2017), ResNet50 (He et al.,[2016), MobileNetV2 (Sandler et al., 2018]),
and VGG16 (Simonyan & Zisserman, 2015). All models are trained on an Nvidia
GeForce RTX 3080 GPU, employing a batch size of 16. We utilize the Adam opti-
mizer with a learning rate 0.0001, initializing the models with weights pre-trained on

the ImageNet dataset.

In order to determine the most suitable classifier model, we assessed model accu-
racy using the Area Under the ROC Curve (AUC). Based on the overall performance
presented in Table [3.1} InceptionV3 emerged as the top choice with a mean AUC
value of 89%. This performance is consistent with findings from literature, specifi-
cally (Ke et al., 2021), where InceptionV3 recorded a leading AUC of 0.862 for the
CheXpert dataset, surpassing other well-known models such as DenseNet121 (0.859),
MobileNetV2 (0.854), and ResNet50 (0.859). As a result, we opted to continue the

study with InceptionV3 as our selected classifier model.

Table 3.1: Comparing different trained classifiers by their AUC percentages for each

class

Class Name Inception Mobile VGGI16 ResNetS0 Dense Inception
ResNetv2 NetV2 Netl21 V3

Cardiomegaly 79 84 79 79 82 82

Pleural Effusion 90 88 91 91 91 92

Lung Opacity 90 90 88 89 89 94

Consolidation 90 90 91 91 90 91

Atelectasis 75 72 75 76 78 77

Pneumothorax 98 85 81 94 92 95

No Finding 94 94 95 94 93 92
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datasets
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CHAPTER 4

QUANTITATIVE VISUAL EXPLANATION EVALUATION

The primary objective of this chapter is to present a practical solution for evaluating
generated explanations. We address this issue in a step-by-step manner. Firstly, we
establish essential criteria that define what we expect from an acceptable explana-
tion when the classifier correctly detects the labels. Secondly, we introduce several
metrics suitable for comparing local annotations made by experts with the generated
explanations produced by LIME. Lastly, we discuss the drawbacks of each metric in
relation to the defined criteria, using their respective formulas, to determine the most

suitable approach. Detailed information is provided in the following subsections.

4.1 Desired Criteria

To effectively assess the quality and precision of generated explanations, particularly
when the classifier has accurately predicted the label(s), we have established a set of
fundamental principles. These principles serve as the foundation for our objective

evaluation:

e Overlap with Ground Truth: The generated explanations should largely co-
incide with the ground truth annotations, which means striving for a high true

positive rate and a low false positive rate.

e Multi-label Consideration: In multi-label scenarios, the explanations should
encapsulate multiple regions, akin to what the ground truth annotations illus-

trate, thereby minimizing false negatives.
e Minimized Discrepancy: If an explanation and the ground truth regions do not
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overlap, they should still be proximate; the distance between them should be as

minimal as possible.

Rooted in these principles, we introduce our tailored criteria—a unique contribution
that paves the way for choosing more discerning metrics. These criteria not only
reflect the considerations mentioned earlier but also enhance our ability to objectively

evaluate and compare different explanation mechanisms:

o Informativeness: This criterion underscores the necessity for the metric to
yield a non-zero value in every conceivable scenario. It is crucial for the met-
ric to encapsulate the relationship between the explanations and ground truth
annotations, unaffected by the configuration—whether it’s a direct alignment,
one region enveloping another, or any diverse arrangement. The metric must
consistently yield a discernible value that comprehensively conveys the com-
parative quality of the explanation relative to the ground truth, ensuring no

scenario results in an undefined or zero value.

e Localization: Centered on spatial considerations, this criterion evaluates the
closeness of generated explanations to the ground truth. Explanations in close
proximity to the actual ground truth, regardless of overlap, offer valuable con-
textual clues. An effective metric should acknowledge and appropriately value

these near-miss explanations over more distant ones.

e Coverage: This criterion prioritizes explanations that mirror the ground truth.
Explanations closely aligned with the ground truth indicate accurate represen-
tation, while those deviating should be penalized, signaling their reduced accu-

racy.

o Multi-target Capturing: Recognizing the complexities of multi-label scenar-
10s, this criterion ensures that each target region within a sample is indepen-
dently assessed. This granular approach guarantees that every annotated area is
evaluated appropriately, irrespective of the number of target regions in a sam-

ple.

e Proportionality: Metrics should directly correlate the degree of difference be-

tween explanations and the ground truth. A larger disparity should result in
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a commensurately higher metric value, guaranteeing that the evaluation accu-

rately mirrors the given situation.

In summary, the criteria we have presented are designed to rigorously and compre-
hensively evaluate the efficacy of generated explanations. By meticulously addressing
every facet of explanation quality, from spatial alignment to the nuances of multi-
label scenarios, our criteria ensure a holistic assessment. This novel contribution not
only bolsters the accuracy of evaluation metrics but also stands as a testament to the

evolving sophistication and rigor in the domain of explainable Al.

4.2 Localization-based Evaluation Metrics

We explore several metrics to evaluate the quality of the generated explanations. By
comparing the localization of LIME’s explanations to the ground truth annotations
of the VinDr-CXR dataset, we can determine the best configuration for the LIME
method or even compare it with other explanation methods in terms of accuracy. Both
ground truth masks and LIME explanation masks are converted to one-dimensional
lists to facilitate pixel-wise measurements, especially for dealing with multi-bounding
boxes for both masks. Additionally, to make the maps comparable and ensure con-
sistency, we convert the pixel values to binary values. In this context, we denote the
ground truth mask as GT, the achieved explanation map as EX, and the total number

of pixels as P. The evaluation metrics used in the study are as follows:

Mean Absolute Error (MAE): A common metric for error calculation (Mohseni et
al., 2021). It measures the distance between the model saliency mask and the ground

truth mask. Formally, it can be defined as:
P
MAE(GT,EX) = 1 > GT(i) — EX(i) (4.1)
’ P =1 .

Intersection over Union (IOU) or Jaccard Index: A popular metric for object de-

tection tasks. It indicates the similarity of two sets by dividing the intersection of the
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estimated area and ground truth area by their union. An IOU of zero indicates no in-
tersection, and one indicates that two areas are entirely overlapped. In our case, IOU
is calculated pixel-wise by taking the intersection of the GT map and the EX map,

divided by their union:

[OU(GT, EX) = Ty OT(0) N EX ()
’ SPLGT(@) U EX(i)

(4.2)

Jensen-Shannon Divergence (JS_DIV): Another way to quantify the difference or
similarity between two probability distributions (Samek et al., 2019). It utilizes the
Kullback-Leibler Divergence (KL_DIV) measurement, which quantifies how much
one probability distribution differs from another probability distribution (Bylinskii et
al., 2019). We convert GT and EX maps to probability distributions of the ground-
truth map and explanation map, respectively, so that the sum of all values in each map

equals one. Then, given two probability distributions, KL_DIV is calculated as:

P
KL_DIV(EXpg, GTpa) = > EXpa(i)log(

=1

EXpqli) + ¢

e Y

KL_DIV is a non-symmetrical and non-linear measure that varies from zero to infin-
ity. If the score value between £'X,; and GT,, is lower, then the £X,,; has a better
approximation of the ground truth G7},4. In other words, the intuition for this score is
that when the probability for an event from £ X, is large, but the probability for the
same event in GT,,4 is small, there is a considerable divergence. Reversely, when the
probability of an event from £X,,, is small and the probability of GT,, is large, there

is also a large divergence, but not as significant as the first case.

JS_DIV uses the KL_DIV to calculate a normalized score that is symmetrical as

follows

KL(EXpq, M) + KL(GT,q, M)

JS_DIV(EX,q,GTyq) = 5

4.4)

where M is the average of two probability distributions. JS_DIV provides a smoothed

and normalized version of KL_DIV, with scores between zero (identical) and one
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(maximally different) when using the base-2 logarithm. KL_DIV is a score rather
than a metric; hence, it can be substituted with its symmetric normalized version,

JS_DIV.

Pixel Wise Precision (PWP) or Intersection over Salient Region (IoSR): This
metric calculates the ratio of the intersection between the explanation mask and the

ground truth mask over the explanation map (Li et al., 2021). PWP is defined as:

P . .
PWP(GT, EX) = 2z GT() NEX() (4.5)

>l EX (i)

The formula has the same structure as the popular precision metric, where the inter-

section of the ground truth mask with the explanation mask indicates true positives.
The whole area of the explanation mask represents the combination of the true posi-

tives and false positives.

Pixel Wise Recall (PWR) or Intersection over Ground truth Saliency (I0GS):
This metric is inspired by the recall metric and calculates the ratio of the explanation
mask and the ground truth mask intersection over the ground truth area. PWR is

calculated as:

P . .
PWR(GT, EX) = 2L GT(0) 1 EX() (4.6)

> GT(i)

The formula has the same idea as the recall metric, where the intersection of the
ground truth mask with the explanation mask indicates true positives, and the whole

area of the ground truth mask combines true positives and false negatives.

Pixel Wise Accuracy (PWA): Following the same idea as PWP and PWR, PWA is
defined as the percentage of correctly detected pixels. In other words, PWA is the
division of the sum of true positives and true negatives (XNOR of GT and EX) to the
sum of all true positives, true negatives, false positives, and false negatives (the whole

image):
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P . .
PWA(GT, EX, Image) = 221 GT0) © EX() 4.7

Zle I'mage(i)

To the best of our knowledge, JS_DIV, PWR, and PWA are employed for the first
time in this domain. Additionally, except for MAE and IOU, the other mentioned

metrics are applied for the first time to evaluate explanations generated by LIME.

4.3 Evaluation Metric Selection

In this section, we conclude our study by examining the behavior of each metric in
terms of the defined criteria in Section {1 and the metrics presented in Section 4.2
Our goal is to limit the proposed metric set to a minimum, including only the most

suitable ones.

Intersection-based metrics such as IOU, PWP, and PWR (which have 25;1 GT(i)N
EX (i) in the numerator) fail to calculate the distance between two entirely sepa-
rated regions. In cases where there is a complete separation between the explanation
and ground-truth bounding boxes, IOU, PWP, and PWR become zero. Therefore,
intersection-based metrics cannot guarantee measuring Informativeness and Local-
ization in some scenarios. Additionally, MAE and PWA consider false positives and
false negatives regardless of their position. Consequently, they also fail to evaluate

more complex cases accurately in terms of Localization.

Regarding Coverage, PWP and PWR fail to evaluate Coverage effectively for some
cases due to considering only the explanation region (Zil EX(i)) or the ground-
truth region (Y7 | GT'(i)) in their denominators. PWR struggles to evaluate Cov-
erage while trading off between higher true positive and lower false positive val-
ues. Moreover, PWR reaches its highest value (one) when the explanation region
surrounds the ground-truth bounding box. In the opposite situation, PWP fails to
evaluate Coverage when the explanation masks are entirely inside the ground-truth

annotations.

In this study, we propose an explainable classifier for multi-label data. Due to pixel-

wise calculation, none of the mentioned metrics violate the Multi-target Capturing
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criterion if more than one region is marked as an explanation region. By considering
every pixel value in the calculations, we ensure that multiple marked areas of expla-

nation can simultaneously be compared to multiple annotated ground-truth regions.

MAE and PWA are examples of violating the Proportionality condition by distribut-
ing the difference to the total number of pixels. Therefore, while having explanations
with significant differences for a single sample, there are trivial changes in their val-
ues, even if notable differences between those cases exist. Intersection-based metrics
(I0U, PWP, and PWR) violate the Proportionality due to the lack of measurement

when no overlap exists between explanations and ground-truth annotations.

Table summarizes the essential parameters for each evaluation metric applicable
to the current problem. Based on this analysis, we can confidently state that JS_DIV is
the only metric that satisfies all the necessary conditions. The results and discussions
related to these metrics and the segmentation algorithms used are provided in the

following section.

Table 4.1: Summary of the essential parameters for each evaluation metric

JS_ DIV 10U MAE PWP PWR PWA

Informativeness v X v X X v
Localization v X X X X X
Coverage v v v X X v
Multi-target Capturing v/ v v v
Proportionality v X X X X X

4.4 Experimental Results and Discussions

We divide our experimental results into two subsections. In the initial subsection, we
visually evaluate the performance of superpixel segmentation algorithms (Quickshift
(Vedaldi & Soatto, 2008)), Felzenszwalb (Felzenszwalb & Huttenlocher, [2004), and
SLIC (Achanta et al., [2012))) against their optimized counterparts. Additionally, we

analyze and illustrate the quality of the metrics presented in the preceding section,
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referencing the essential criteria defined earlier and examining them through vari-
ous examples. In the subsequent subsection, we present assessment results based on
the metric chosen earlier. This encompasses evaluations for different segmentation
settings employed by LIME and a comparative analysis between the optimal LIME
setting and another XAl technique, GradCAM. As a result, we quantitatively iden-
tify the best segmentation algorithm among multiple LIME variants for the top three
predicted labels and compare it with GradCAM’s visual explanations in terms of lo-

calization precision.

4.4.1 Qualitative Analysis

4.4.1.1 Segmentation Algorithms Exploration

Before the performance evaluation of various superpixel segmentation algorithms
formally, it could be practical to display their behavior within some case studies.
For each algorithm, two versions are used: the default and optimized configura-
tions. Thus, apart from LIME’s default segmentation (Quickshift), we use Optimized
Quickshift, Felzenszwalb, Optimized Felzenszwalb, Simple Linear Iterative Cluster-

ing (SLIC), and Optimized SLIC.

Felzenszwalb is an efficient graph-based algorithm that utilizes the minimum span-
ning tree. SLIC, on the other hand, is a cluster-based superpixel algorithm that applies
k-means clustering in a five-dimensional space of color information. Quickshift, the
default algorithm in LIME, generates superpixels using an approximation of kernel-
ized mean-shift through the mode-seeking method. To visually demonstrate these
algorithms, Figure 4.1 shows the output of each algorithm on a random sample from

the VinDr-CXR dataset.

We examine segmentation algorithms manually to find their optimized version. Hence,
we perform a grid search on each parameter’s range of values for each segmentation
method on 50 randomly selected VinDr-CXR data samples. Then, based on how
detailed segmentation each demonstrates on X-ray images, we decide which param-

eter set is the best. The tuned parameters used for each segmentation approach are

presented in Table
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(a) Quickshift

(b) SLIC (c) Felzenszwalb

Figure 4.1: Exploring Various Segmentation Algorithms: Given superpixels to the

LIME generated by different segmentation algorithms

Table 4.2: Segmentation algorithms parameters

Segmentation Algorithms Parameters  Value
Optimized Felzenszwalb  scale 600
min_size 200
sigma 0.2
Optimized SLIC n_segments 50
compactness 80
sigma 20
Optimized Quickshift kernel _size 4
max_dist 100
ratio 0.6
sigma 0.3

Since our primary focus is on the effect of the segmentation performance on the ex-
planations, except for superpixel algorithms, we use the default values for other LIME
parameters. The LIME default value for sample numbers for the perturbation is 1000.
However, for more robust results, we use 3000 samples. Moreover, we compute the

LIME results for 1, 2, and 4 features and report the average.

In Fig. [4.2] the brown rectangles show the radiologists’ annotations for the detected

lung consolidation condition, and the orange rectangles show the explanations gen-
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erated by LIME. The first row displays explanations generated by the segmentation
algorithm with default parameter settings of each superpixel algorithm. And the sec-
ond row displays explanations generated for the same segmentation algorithms with
the optimized parameter values. The effect of optimization and parameter tuning on
each segmentation algorithm can be noticed by comparing each figure at the top with
its corresponding one below. In addition, better coverage of Optimized SLIC and Op-

timized Felzenszwalb in comparison with the Optimized Quickshift is exemplified.

50 100

(d) Optimized Quickshift (e) Optimized SLIC (f) Optimized Felzenszwalb

Figure 4.2: The first row displays explanations generated by the segmentation algo-
rithm with default parameters, and the second row displays explanations generated for
the same segmentation algorithms with the optimized parameter values. The brown
(darker) rectangles show the radiologists’ annotations for detected lung consolidation,
and the orange (lighter) rectangles show the border of explanations (yellow-bordered

area) generated by LIME.

Similarly, Fig. @.3]illustrates another case study with multiple annotations. The dark
blue rectangles show the radiologists’ annotations for the detected Lung Opacity con-

dition, and the light blue rectangles show the explanations generated by LIME. The

34



effect of parameter tuning for superpixel algorithms on the accuracy and efficiency of
segmentations can be clearly observed in Fig.[d.3| (even in multi-label cases).

o o

0

(d) Optimized Quickshift (e) Optimized SLIC (f) Optimized Felzenszwalb

Figure 4.3: The first row displays explanations generated by the segmentation algo-
rithm with default parameters, and the second row displays explanations generated
for the same segmentation algorithms with the optimized parameter values. The dark
blue rectangles show the radiologists’ annotations for the detected Lung Opacity con-
dition, and the light blue rectangles show the border of explanations (yellow-bordered

area) generated by LIME.

4.4.1.2 Evaluation Metric Exploration

Regardless of the segmentation algorithm outcomes and their role in the explanation
quality and accuracy, in this part, the behavior of the metrics introduced in the previ-
ous section (according to the defined criteria in previous chapter) is visually demon-
strated and investigated through samples shown in Fig. .4 Fig. .5 with the results
presented in Table 4.3] and Table 4.4 respectively. In both figures, the darker rect-

angles show the radiologists’ annotations for the detected condition, and the lighter
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ones show the border of explanations (yellow-bordered area) generated by LIME.
Each row shows a different case with three distinct segmentation settings. The left-
most examples demonstrate the more desirable result, and the right-most ones show

the less desirable explanations.

(a) (b) (c)

Figure 4.4: Examples that violate Informativeness and Localization are shown for a
single case with different segmentation algorithms. The dark blue rectangles show
the radiologists’ annotations for the detected Lung Opacity condition, and the light
blue rectangles show the border of explanations (yellow-bordered area) generated by

LIME.

Informativeness: As mentioned, intersection-based metrics such as IOU, PWP, and
PWR fail to calculate the distance between two entirely separated regions. In the com-
plete separation between explanation and ground-truth bounding boxes, IOU, PWP,
and PWR become zero, as shown in Fig. .4] and Table 4.3] Therefore intersection-

based calculations lack Informativeness in some cases.

Localization: By comparing Fig. #.4(a), Fig. B.4(b), and Fig. #.4(c), the meaning
of better Localization measurement can be inferred. In case of no overlap between
explanations and the ground-truth regions, the proper metric should generate higher
values for closer regions. Although explanations in Fig. [4.4[b) contain larger false
positive areas, they are still more helpful than the one in Fig. [4.4{(c) since at least one
of the two regions is closer to the ground-truth annotations (Table 4.3). Intersection-

based metrics such as IOU, PWP, and PWR fail to evaluate such situations. In ad-
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(2 (h) (1)

Figure 4.5: Examples that violate Coverage and Proportionality are shown for a sin-
gle case with different segmentation algorithms. The darker orange, green, and blue
rectangles show the radiologists’ annotations for the detected Cardiomegaly, Pleural
Effusion, and Lung Opacity conditions. The lighter orange, green, and blue rect-
angles show the border of explanations (yellow-bordered area) generated by LIME.
Each row shows a different case with three distinct segmentation settings. The left-
most examples demonstrate the more desirable result, and the right-most ones show

the less desirable explanations.
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dition, MAE and PWA consider false positives and false negatives regardless of the

position. Consequently, they also fail to evaluate more complicated cases similar to
Fig. #.4(b) and Fig. 4.4]c) correctly (Table 4.3).

Table 4.3: Metric results for the examples violate Informativeness and Localization

shown in Fig. @

Sub Figure JS_DIV| IOUt MAE] PWP{ PWR?t PWA 1

0.693 0 0013 0 0 0.987
b 0.734 0 0.023 0 0 0.977
c 0.806 0 0015 O 0 0.985

Table 4.4: Metric results for the examples violate Coverage and Proportionality

shown in Fig.

Sub Figure JS_DIV] IOU{ MAE| PWP{ PWR{ PWA“?

a 0.23 0.496 0.04 0.781  0.576  0.96

b 0.56 0.099 0.075 0341 0.122 0925
c 0.576 0.092 0.123 0.155 0.185 0.877
d 0.358 0278 0.015 0278 1 0.985
e 0.482 0.139 0.035 0.139 1 0.965
f 0.565 0.069 0.076  0.069 1 0.924
g 0.575 0.066 0.053 0.792 0.068  0.947
h 0.616 0.036 0.054 1 0.036  0.946
i 0.674 0.019  0.055 1 0.019  0.945

Coverage: the proper metric should give higher values for cases with the maximum
intersection between explanations and the ground-truth masks and the minimum sep-
aration of these two regions. Poor performance of PWP and PWR metrics in mea-
suring the Coverage is noticeably observable in several cases in Fig. 4.5] Each row
of Fig. 4.5 shows a different case with three distinct segmentation settings. The left-

most examples demonstrate the more desirable result, and the right-most ones show
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the less desirable explanations. PWR’s deficiency regarding the best Coverage is
shown in Fig. 1.5(a-c) and Fig. 4.5(d-f). PWR fails to evaluate better Coverage while
trading off between higher true positive and lower false positive (Fig. 4.5(b-c) and
Table{.4). Although Fig.[4.5|b) shows a smaller true positive area, the explanation is
more acceptable rather than the one in Fig.[4.5|(c) since it marks a more specific region
that is closer to the expert’s annotation. Moreover, PWR is equal to its highest value
(one) when the explanation region surrounds the ground-truth bounding box. For
example, different explanations generated by different segmentations in Fig. {.5(d),
Fig.[d.5(e), and Fig. 4.5(f) are entirely similar and even best in terms of PWR value.
In the opposite situation, PWP fails to evaluate the Coverage while the explanation
masks are entirely inside the ground-truth annotations. As shown in the third row of
Fig.[4.5] the best explanation shown in Fig. [4.5(g) has a lower value of PWP, and the
worst one shown in Fig. [4.5(i) has the highest value of PWP as one (Table {4.4)).

Multi-target Capturing: in this study, we intend to offer an explainable classifier for
multi-label data. Due to pixel-wise calculation, none of the mentioned metrics violate

Multi-target Capturing if more than one region is marked as an explanation region.

Proportionality: There should be a positive correlation between ground truth and ex-
planation mask distances and the metric values reflecting the situation proportionally.
MAE and PWA are examples of violating this condition by distributing the difference
to the total number of pixels. Therefore, while having significant differences for a
single sample, there are trivial changes in their values, even if notable differences
between those cases exist. As an example, although there are noteworthy differences
between Fig. 4.5 g) (the most desirable explanation) and Fig. [4.5(i) (almost the most
unfavorable one), there are negligible differences between values reported by either
MAE or PWA for both cases (Table {.4)). In case of no overlap between explanation
and ground-truth annotations, it can be inferred that intersection-based metrics (I0U,
PWP, and PWR) fail, reflecting the Proportionality due to generating zero as their

final value.
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4.4.2 Quantitative Analysis

To examine the effect of various segmentation algorithms on the LIME explanations,
we perform extensive analysis on a random selection of 2000 images belonging to the
unseen VinDr-CXR dataset. The analysis result is presented in Table[4.5] LIME uses
Quickshift by default as the segmentation algorithm. Apart from this algorithm, we
apply SLIC and Felzenszwalb segmentation algorithms to compare the effect of dif-
ferent segmentation settings on the explanation qualities. We consider two versions
for each segmentation algorithm, default and optimized (Table [4.2)). For each varia-
tion of LIME, we calculate the JS_DIV value for the top three predicted classes with
the probability of more than 25%. We then apply the same calculations for feature
settings 1, 2, and 4. The number of patches (superpixels) given as output by the LIME
algorithm is called a feature and should be set manually. We take the average of all
metric values for each segmentation algorithm to measure the overall performance
for features 1, 2, and 4. Then for each prediction, we select the finest segmentation

setting for LIME as shown in Table .5}

Based on the JS_DIV (selected as the most proper metric previously) value, LIME
using optimized SLIC segmentation has the best result for all predictions. Moreover,
optimized Felzenszwalb and default Felzenszwalb show the best second and third
results, respectively. The JS_DIV value for each metric decreased from the first pre-
diction to the third one. It is expected since the second predicted class has a lower
probability value (the classifier is less confident), and the third one has the lowest

among all three.

In another significant experiment presented in Table 4.5 we compare LIME, with its
various segmentation configurations, to GradCAM. GradCAM, by leveraging gradi-
ent information from within models having convolutional layers, typically offers more
precise localization maps. However, with strategic optimization of LIME, particularly
when paired with the SLIC and Felzenszwalb segmentation algorithms, we observe
superior explanatory results than those generated by GradCAM. The reason behind
this improvement lies in the intrinsic design of these segmentation algorithms. Both
SLIC and Felzenszwalb generate coherent and homogeneous segments that capture

meaningful structures within images. This capability assists LIME in crafting expla-
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Table 4.5: Comparison of the LIME method with various segmentation algorithms

for the first three predicted classes

Segmentation Algorithm JS_DIV
Ist Prediction  LIME + Optimized SLIC 0.558
LIME + Default SLIC 0.576

LIME + Optimized Felzenszwalb 0.559
LIME + Default Felzenszwalb 0.565
LIME + Optimized Quickshift 0.607

LIME + Default Quickshift 0.619
GradCAM 0.567
2nd Prediction LIME + Optimized SLIC 0.562
LIME + Default SLIC 0.582

LIME + Optimized Felzenszwalb 0.565
LIME + Default Felzenszwalb 0.568
LIME + Optimized Quickshift 0.615

LIME + Default Quickshift 0.629
GradCAM 0.574
3rd Prediction LIME + Optimized SLIC 0.603
LIME + Default SLIC 0.612

LIME + Optimized Felzenszwalb 0.607
LIME + Default Felzenszwalb 0.608
LIME + Optimized Quickshift 0.624
LIME + Default Quickshift 0.635
GradCAM 0.611

nations that not only localize features accurately but also resonate better with human

interpretability, making them more comprehensive than GradCAM’s outputs.

In this chapter, we have outlined specific criteria to pinpoint an optimal metric for
comparing explanation annotations to their intended ground truth. While examin-
ing various existing metrics, we bring some metrics into this domain for the first

time. Each metric is rigorously assessed based on its formula, behavior, and the cri-
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teria we set forth. From this selection, our chosen metric, originally prominent in
the computer vision domain and novel to the XAl domain, distinguishes itself with
its precision and reliability. Qualitative analyses underscore its accuracy, while our
quantitative research further highlights its utility in refining models, specifically like
LIME, compared to higher-performing models such as GradCAM. As we progress,
this metric paves the way for the next phase, where we use it to assess the quality of

explanations generated by our proposed algorithm and contrast it with LIME.
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CHAPTER 5

PURPOSIVE PERTURBATION

In this section, we outline the random sampling algorithm of LIME, followed by a de-
tailed overview of our MindfulLIME algorithm, which employs a purposive sample
generation-based approach. Our enhanced perturbation-based XAI algorithm frame-
work 1is crafted to function with any data that can be transformed into a graph of
correlated features. Specifically, in this paper, we underscore its application and val-
idation employing a dataset of X-ray images, wherein each segment of an image is

treated as a feature and represented as a vertex in the graph.

5.1 LIME

LIME, which stands for Local Interpretable Model-agnostic Explanations, is an inno-
vative method designed to explain the predictions of various types of machine learn-
ing models in an interpretable and faithful manner. Before diving into the LIME
framework, it is essential to understand the initial processing of the input image.
Image classification tasks typically involve working with tensors with three color
channels per pixel. However, interpreting such tensors can be challenging and com-
putationally intensive. This is where superpixel-based representations come into play.
Images are composed of individual pixels, but it is important to note that a single pixel
may not convey a complete and accurate representation of the depicted scene. There-
fore, selecting groups of pixels that collectively represent semantically meaningful
features becomes necessary, particularly for tasks like object detection. Segmentation
algorithms are designed to group pixels based on common properties such as color,

forming superpixels. Superpixels are non-overlapping segments that are easier to
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work with than individual pixels. By converting pixels into superpixels, we increase
expressiveness while reducing complexity. In the context of the LIME framework,

superpixels are treated as features.

Figure[S.1|presents a high-level block diagram illustrating the LIME framework. The
initial step involves selecting a specific instance for which we want to explain the
classifier’s decision. LIME then generates perturbed samples by introducing random
disturbances to the features of the selected instance, as generated in the preceding
step. Specifically, this involves turning on and off different superpixels. LIME aims
to gain insights into the local behavior of a black box model f around the point of

interest x, even without knowing its internal structure.

( Select h
. elec
ML Model Build Local Important
Model
L Features

!

Local
Explanations

J

Test Data

|

Generate Generate Random
Interpretable Perturbed

Components Samples

Figure 5.1: A block diagram illustrating the high-level structure of the LIME frame-

work.

Given the lack of detailed information about the inner workings of the black box
model f, LIME tackles this challenge by randomly generating samples in the prox-
imity of z and querying the model to obtain predictions for each generated sam-
ple (red rectangle in Figure [5.I). This process creates a simulated dataset D =
(x1,11), (T2, Y2), .., (Tn, Yn ), Where y; represents the class probabilities outputted by
f for x;. The number of perturbations used in the sampling process is determined by
the hyperparameter n. The model f can take various forms, such as regression (with
y; € R) or classification (with y; € 0,1 or y; € [0, 1] for probability outputs). To
provide an explanation, LIME chooses a linear model g (denoted as the local model
in Figure from a collection of function spaces (G, by solving an optimization

problem:
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argminL(f, g, m) + Q(g) (5.1)
geG

Where f refers to the original (or black box) model, x represents the original data
point on which the explanation will be performed, and g corresponds to the model
deduced by LIME, which can vary from a small linear model to a decision tree or a
rule list, contingent on the nature of the data. This selection is based on the widely
held belief that, while not universally interpretable across all data types, simpler mod-
els are often easier for users to understand. The proximity measure 7 quantifies the
distance between an instance x; and x, defining the locality around z. It assigns
weights to z; (perturbed instances) based on their distance from x. The first term of
the formula shows the measure of the unfaithfulness of g in approximating f in the
locality defined by 7. This is known as the locality-aware loss in the original paper.
The second term represents a measure of the complexity of the explanation model
g. The coefficients of the linear model g indicate the contribution of each superpixel

towards the prediction of each class.

To summarize, LIME introduces slight modifications to the features of the input data
point and generates new predictions based on these modified samples. By systemati-
cally adjusting the value of a variable, it calculates the discrepancy between the new
prediction and the original data point’s prediction. This information is then used to
determine the importance of that particular variable. In the context of this study, the
variables that LIME selectively retains or disregards in each iteration correspond to
the features of the generated samples, which are segments of image instances. For
image data, the explanation provided by LIME typically involves highlighting the
superpixels associated with the top positive and negative coefficients of the linear
model, indicating which parts of the image have the greatest positive and negative

influence on the model’s prediction.(Garreau & Mardaoui, 2021))

5.2 MindfulLIME

In this subsection, we present our purposive perturbed sampling algorithm, which

primarily aims to address the instability of LIME output. As mentioned earlier, LIME

45



generates samples randomly, posing risks such as output instability, generation of out-
of-distribution data, or even creating nonsensical samples that disrupt the learning of
local explanation models. In contrast, our algorithm adopts a deterministic approach,
ensuring stability in the generated output. A deterministic algorithm follows a specific
set of rules or instructions, consistently producing the same output for a given input.
We control the sampling process by employing a non-random algorithm, allowing us
to retain samples and consider specific conditions during their generation selectively.

This capability significantly enhances the quality of the generated samples efficiently.

Figure[5.2]illustrates a high-level block diagram showcasing the MindfulLIME frame-
work. In this framework, the instance that needs an explanation is represented as
a graph, where the superpixel segments are depicted as vertices, and only the ad-
jacent segments are connected by edges. Superpixels are generated using popular
segmentation algorithms, such as Quickshift (Vedaldi & Soatto, 2008)), Felzenszwalb
(Felzenszwalb & Huttenlocher, 2004), and SLIC (Achanta et al., [2012)), the details
and comparisons of which will be provided in [5.3] Section. We denote this graph as
G = (V,E), where V represents the set of vertices (superpixels) and E represents

the set of undirected edges. The cardinalities of V' and E are denoted as |V| = S

(indicating the number of superpixels) and |E
———
|
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Figure 5.2: A block diagram illustrating the high-level structure of the Mindful LIME

, respectively.

framework.

Our modified sampling solution is presented in the following algorithms. The core
idea is to systematically analyze the graph of superpixels and generate new samples
by selectively deactivating a specific subset of superpixels while leaving the rest ac-
tivated. We represent the superpixel mask as a binary vector, denoted as mask, with

a size of S, where each index corresponds to an individual superpixel, denoted as s;.
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A value of 1 indicates an activated superpixel, while O represents a deactivated one.
In this context, activation refers to maintaining the superpixel in its original state,
implying that the pixel values remain unchanged. Conversely, deactivation involves
substituting the pixel values with the mean of all pixels belonging to that specific

superpixel, effectively neutralizing its distinct features.

There are two phases within Algorithm [T} PurposiveSampleGeneration. In the initial
phase, we generate masks where only one superpixel is deactivated per mask. This
process aims to identify the individual superpixels that have a negative impact on the
certainty of the classifier. Our objective is to determine which superpixels, in this
phase, or a combination of superpixels in the next phase, when deactivated, cause the
data point to deviate from the expected distribution. In the context of this study, when
deactivating one or more superpixels decreases the certainty of the trained classifier,
it reduces the reliability of the classifier’s output for the corresponding generated
sample. This reduction in certainty serves as an indicator of an out-of-distribution
generated sample, the exact nature of which will be elaborated upon later in this

section.

Assuming superpixels are represented as vertices, we generate V' masks in this step,
where each mask has only one deactivated vertex with a value of 0, while the rest of
the vertices have a value of 1. The new mask is then applied to the original image,
and the modified image is passed to the DecisionModule, Algorithm 2| The new
mask is either discarded or retained depending on the decision the DecisionModule
returns. If the new mask is discarded, the deactivated vertices and their connected
edges are removed from the original graph. When the new mask is retained, a new
sample tuple is generated and appended to the Generated Sample Table (G), which
includes mask values. Each sample has three properties: path, value, and processed.
The path property consists of a list of edges (v;, v;) that represent the path and the
order in which the deactivated vertices in the corresponding sample are processed.
The value property represents the mask value of the sample. The binary processed
property indicates whether the sample has been processed or not, based on whether
the second vertex v; in the last appended edge (v;, v;) in its path has been visited or

not.
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Algorithm 1 PurposiveSampleGeneration

Require: Undirected Edge List (E), Vertex List (V), original_image, threshold
Ensure: Generated Sample Table (G)

1: G < Table()

2: forv<+ 1toV do

3: mask < [1] x V.count

4 mask[v] < 0

5: sample_image < apply_mask(original_image, mask)
6: decision < Decision M odule(sample_image, threshold)
7: if decision == T'rue then

8: Initialize new_sample and append it to G

9: else

10: V.remove(v)

11: for (z,y) in F do

12: if (r == v or y == v) then

13: E.remove(z,y)

14: end if

15: end for

16: end if

17: end for

18: for sample in G.itertuples() do

19: if sample.processed == False then

20: v« second_vertex(last_edge(sample.path))

21: for (x,y) in E do

22 if (t == v or y == v) then

23: if ((z,y) or (y, z) not in sample.path) then

24: mask < sample.mask

25: mask[z], maskly] < 0,0

26: sample_image < apply_mask(original_image, mask)
27: decision < Decision M odule(sample_image, threshold)
28: if decision == T'rue then

29: Initialize new_sample and append it to G

30: end if

31 end if

32: end if

33: end for

34: sample.processed < True

35: end if

36: end for
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Algorithm 2 DecisionModule
Require: sample_image, threshold

1: probability <— Classi fier(sample_image)
2: if probability > threshold then

3: return 7rue

4: end if

5. return False

A subgraph consisting of the retained vertices from the first phase is passed as input to
the second phase. In the second phase of Algorithm|I] we iterate over each generated
sample, which is appended to the Generated Sample Table (G) (outer loop). If it
has not been processed before, we retrieve the second vertex from the last appended
edge in its path property for each sample. We then examine the unvisited adjacent
vertices of the current vertex. In each iteration of the nested loop, we select one of the
adjacent vertices, denoted as v;, and generate a new mask by modifying the previous
mask. This modification involves deactivating the vertex v; in the new mask. Similar
to the first phase, a new sample with the value of the new mask is generated and
retained if determined to be appropriate by the DecisionModule. Otherwise, it is
ignored. This process continues until no new samples can be generated and all the

generated samples are processed.

The DecisionModule, Algorithm [2] plays the main role in determining whether the
newly generated sample should be retained or discarded. Its primary objective is
to identify and select in-distribution data points, which are characterized by higher
confidence from our trained classifier. We employ a technique known as uncertainty
sampling to filter out potential out-of-distribution data points. Uncertainty sampling
is a machine learning and data annotation approach that prioritizes samples for further
analysis or labeling based on their level of uncertainty. It utilizes probabilistic mod-
els, such as classifiers or predictive models, to estimate the uncertainty or confidence
associated with each sample. By actively seeking out uncertain samples, uncertainty
sampling aims to enhance the model’s performance by focusing on areas where addi-

tional labeled data or targeted analysis would likely yield the greatest benefits.

There are various methods of uncertainty sampling, including entropy-based sam-

pling, margin sampling, and confidence-based sampling. Entropy-based sampling

49



selects samples based on the entropy of the predicted class probabilities. Higher en-
tropy indicates higher uncertainty, as the model is less confident in its predictions.
Margin sampling, on the other hand, considers the difference between the top two
predicted probabilities. A smaller margin suggests higher uncertainty, as the model
is less decisive between the top two classes. Lastly, confidence-based sampling is
a straightforward approach that includes samples if their predicted probability for
the selected class exceeds a predefined confidence threshold. In this work, we ap-
plied this method in a reverse manner by focusing on selecting samples for which
the model exhibits high confidence while disregarding those with lower probabilities.
The confidence is calculated as the predicted probability that a given sample belongs

to a particular class, derived directly from the output of our trained classifier.

Given that our problem involves multi-class, multi-label classification, each sample
can belong to multiple classes, with each class potentially having multiple annota-
tions. As a result, we execute the LIME algorithm separately for each class among
the top three predicted probabilities to which the sample belongs. In Algorithm [2]
we input the sample image into the trained classifier to calculate the probability of
it belonging to the desired class. We need a criterion to determine which samples
the model is more confident about and categorize as in-distribution data points. In
this context, confidence is not just about the model making a prediction but about
the degree of certainty associated with that prediction. Confidence-based sampling
becomes a pivotal element in this scenario, especially considering the limited infor-
mation available. It enables us to differentiate samples with a high degree of certainty
from those with lower confidence. Setting specific thresholds for this confidence, as
elaborated in the following paragraph, aids in systematically identifying and selecting

these in-distribution data points.

To select thresholds, we calculate the average probabilities for each class over a small
random unseen subset of the CheXpert dataset, specifically when the classifier cor-
rectly detects the correct label. These average probabilities serve as thresholds in our
sample generation algorithm for each class within the top three classes to which the
original image belongs. Therefore, if the probability of a newly generated unlabeled
sample belonging to the desired class exceeds the respective threshold, we consider it

to have a lower likelihood of being an out-of-distribution data point, making it more
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suitable among some other samples.

This approach ensures that the order in which superpixel combinations are tested
does not affect the stability of the outcome or efficiency of the algorithm. Moreover,
it is important to note that while our algorithm does generate and evaluate multiple
combinations of superpixels, it does so in an efficient manner. In the initial phase,
the algorithm quickly narrows down the set of relevant superpixels by evaluating in-
dividual superpixels, and in the second phase, the algorithm intelligently generates
and tests combinations of adjacent superpixels, rather than exhaustively testing all

possible combinations.

Our method not only reduces the number of samples that need to be generated and
evaluated but also leverages the spatial relationships between superpixels to generate
more informative explanations. In comparison to LIME, which requires generating
a much larger number of samples to accurately estimate the local decision boundary,
our algorithm terminates with fewer samples while achieving better or comparable
results. Our experiments indicate that our algorithm outperforms LIME in terms of
efficiency, while consistently delivering stable results. Detailed results of these ex-

periments will be provided further in Section[5.3]

The time complexity of the LIME random perturbation technique is influenced by
various factors, including the complexity of the underlying model being explained,
the number of perturbed samples, and the number of features or dimensions in the
data. In this study, the features correspond to superpixels. The time complexity of
the LIME random perturbation technique can be approximated as O(d x n x f),
where d represents the number of features (superpixels), n represents the number of
perturbed samples, and f represents the complexity of fitting the interpretable model.
This approximation assumes that the complexity of LIME is directly proportional to
the number of perturbed samples n. Considering that the number of features d is
generally much lower than the number of samples n (|d| << |n|), we can simplify

the complexity of LIME as O(n), where n represents the number of samples.

MindfulLIME’s complexity is influenced by the number of features (superpixels), de-
noted as d, and the depth of the graph exploration, referred to as the level. Here, level

signifies the number of iterations we run, where in each iteration, the exploration
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delves one node deeper into the graph, examining adjacent nodes. Initially, d samples
are created, each containing a single 0 for the corresponding superpixel, resulting in
an initialization complexity of O(d). In the subsequent phase, individual adjacent
superpixels to the previously visited ones are considered during each iteration (level).
In the worst-case scenario, for every d previously generated samples, k£ new samples
are generated. As a result, the complexity of Mindful LIME (z levels) can be estimated
as O(dk"). The values of d and k can vary depending on the selected superpixel al-
gorithms, highlighting the need to investigate further their impact on the performance
and efficiency of MindfulLIME. This investigation will be conducted in the following

section.

5.3 Experimental Results and Discussions

This section presents the results of the proposed MindfulLIME algorithm through
two subsections: qualitative and quantitative analysis. In the qualitative analysis,
we visually explore the algorithm’s performance using two random samples, offering
valuable insights into the effectiveness of MindfulLIME. The quantitative analysis
compares the performance of LIME and MindfulLIME, focusing on stability, local-
ization precision, and run-time efficiency. Various settings, including segmentation
algorithms, different sample numbers, and features, comprehensively assess the algo-

rithms’ performance in diverse contexts.

5.3.1 Qualitative Analysis

The behavior of MindfulLIME compared to LIME is demonstrated in Figures|5.3|and
[5.4] Figure [5.3] showcases random sample 1 with a detected Pleural Effusion condi-
tion (annotations highlighted in green), while Figure [5.4] features random sample 2
with a detected Lung Opacity condition (annotations highlighted in blue). Each fig-
ure displays the ground-truth annotations (represented by darker-colored rectangles)
in contrast to the explanations generated by LIME or MindfulLIME. These expla-
nations are visualized as lighter-colored rectangles with yellow borders, indicating

the selected superpixels as output from the algorithms. We would like to emphasize
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Figure 5.3: Visual Analysis: Comparing generated explanations (the yellow-outlined
areas enclosed with light green bounding boxes) by Mindful LIME and LIME to the

ground truth annotations (dark green bounding boxes) for Random Sample 1
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Figure 5.4: Visual Analysis: Comparing generated explanations (the yellow-outlined
areas enclosed with light blue bounding boxes) by MindfulLIME and LIME to the

ground truth annotations (dark blue bounding boxes) for Random Sample 2
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that our trained classifier model generalizes well and is not simply memorizing the
training data, as evidenced by its performance on a separate, unseen dataset used for

evaluation.

The left columns depict the results for the top 1 feature, while the right columns
display the results for the top 4 features. The first row presents the output of Mind-
ful LIME, while the second and third rows represent the results of LIME using 1000
and 4000 samples, respectively. When comparing the results of LIME and Mindful-
LIME for two visual random samples, it becomes evident that MindfulLIME excels
in multiple aspects. Firstly, Mindful LIME consistently identifies the top 1 feature
with the highest similarity with the actual bounding box. Additionally, as the num-
ber of top features increases, MindfulLIME effectively prioritizes and presents more
relevant features at the forefront. These findings highlight the enhanced performance

and prioritization capabilities of Mindful LIME compared to LIME.

5.3.2 Quantitative Analysis

We conduct experiments using a set of 200 test instances, running each for ten it-
erations to demonstrate the instability inherent in explanations generated by LIME.
The experiments aim to explain predictions made by our trained chest X-ray classifier
using both LIME and MindfulLIME. Our evaluation focuses not only on stability but
also on precision and run-time efficiency, enabling a comprehensive comparison of

the results.

The experiments involve evaluating three versions of MindfulLIME: MindfulLIME
(2 levels), MindfulLIME (3 levels), and MindfulLIME (4 levels). Through experi-
ments across different level settings, we examine the trade-off between performance
and efficiency, gaining insights into the impact of levels on the algorithm’s effective-
ness and efficiency. We maintain the default values for most LIME parameters and
settings, except for the generated random sample number and the segmentation al-
gorithms used. We specifically focus on reporting the results of LIME for the most
significant 1 and 4 features. The feature count, representing the number of patches

(superpixels) generated by the LIME algorithm, necessitates manual configuration.
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The default value for the number of perturbed samples in LIME is 1000. However,
we also conduct experiments with 2000 and 4000 samples to investigate their impact
on stability and other aspects. Additionally, we explore the effects of various popu-
lar segmentation algorithms apart from LIME’s default algorithm (Quickshift). Each
superpixel algorithm exhibits variations in shape, size, and number of generated seg-
ments. We aim to evaluate the influence of different superpixel shapes and numbers

on precision and run-time efficiency.

We compare Quickshift with two additional segmentation algorithms: Felzenszwalb
and SLIC. To visually demonstrate these algorithms, Figure [5.5] shows the output of
each algorithm on a random sample from the VinDr-CXR dataset. We tune the param-
eters of the two additional segmentation algorithms to optimize their performance.
We identify the most appropriate parameter values by conducting a comprehensive
grid search on the parameter space of each segmentation method, using 50 randomly
selected VinDr-CXR data samples. This thorough parameter tuning process enables
us to tailor the segmentation algorithms to our specific data, ensuring they provide de-
tailed and accurate results on X-ray images. The optimized parameter configurations

for each segmentation approach are presented in Table [5.1]
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Figure 5.5: Exploring Various Segmentation Algorithms: Given superpixels to the

LIME generated by different segmentation algorithms

We also determine the thresholds for sample generation by calculating the average
probabilities for each class over a small random subset of the CheXpert dataset.
Specifically, we focus on instances where the classifier accurately detects the labels of

interest. The selected classes and their corresponding thresholds for the experiments
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Table 5.1: Segmentation Algorithms Parameters

Segmentation Algorithms Parameters ~ Value

SLIC n_segments 50
compactness 80
sigma 20

Felzenszwalb scale 600
min_size 200
sigma 0.2

are as follows: Cardiomegaly (0.42), Pleural Effusion (0.44), Lung Opacity (0.19),
Consolidation (0.25), Atelectasis (0.16), and Pneumothorax (0.79). These thresholds
serve as the criteria for identifying confident in-distribution data points during the

sample generation process (Decision Module).

Figure [5.6]illustrates the stability results obtained for different versions of LIME and
MindfulLIME using various superpixel algorithms. For each sample instance, we
conducted the explanation generation task 10 times. We calculated the Intersection
over Union (IOU) in each iteration between the ground truth and the generated ex-
planation. The average IOU across all iterations was then computed as a quantitative
measure of stability. Notably, only MindfulLIME achieved a perfect stability score
of 100%, while all other versions of LIME exhibited instability. Although increasing
the number of random samples generated in LIME improved stability to some extent,
the overall instability problem persisted. Regardless of the segmentation algorithm
employed, MindfulLIME consistently demonstrated complete stability, confirming

its expected effectiveness.

Moving on to Figure it presents the localization similarity between the ground
truth annotations and the explanations generated by different variations of LIME and
MindfulLIME, considering various segmentation algorithms and feature settings. A
higher localization precision score indicates greater consistency between the expla-
nation generated by an algorithm and the actual annotated data in terms of bounding

box distance. Since each sample instance in our data can contain multiple regions

57



1.0 Algorithm
m MindfulLIME
. LIME
0.8
g
3’ 0.6
>
=
3
So0a
0.2
0.0
2 Levels 3 Levels 4 Levels 1000 2000 4000
(a) Quickshift
1.0 Algorithm
m MindfulLIME
= LIME
0.8
o
H
] 0.6
£
a8
204
0.2
0.0
2 Levels 3 Levels 4 Levels 1000 2000 4000
1.0 Algorithm
= MindfulLIME
. LIME
0.8
g
§ 0.6
£
a2
204
0.2
0.0
2 Levels 3 Levels 4 Levels 1000 2000 4000

(c) Felzenszwalb

Figure 5.6: Stability Comparison: LIME vs. Mindful LIME for various versions and
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Figure 5.7: Quality Comparison: LIME vs. MindfulLIME for various versions and

settings
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marked by doctors for the same detected condition, we conducted experiments with
the top 1 feature and the top 4 features to observe the effect of increasing the number

of top superpixels in the generated explanations.

In all settings, MindfulLIME demonstrates higher localization precision or, in other
words, higher explanation quality than LIME. Except for the Quickshift algorithm
with the top 1 feature setting, MindfulLIME (2 Levels) consistently produces the best
results in all other cases. Additionally, it is evident that increasing the number of
top features to 4 leads to an increase in localization precision for both algorithms,
which can be attributed to the multi-label nature of samples and the granularity of the

marked annotations in actual data.

The run-time of LIME and MindfulLIME is compared with different numbers of su-
perpixels generated by various segmentation methods, as shown in Figure [5.§] and
Table Each segmentation algorithm produces varying numbers, sizes, and ar-
rangements of segments within an image. For instance, as shown in Table[5.2] SLIC

divides images into 49 superpixels, Quickshift into 66, and Felzenszwalb into 158 on

average.
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Figure 5.8: Run-Time Comparison: LIME vs. Mindful LIME for various versions and

superpixel numbers

While LIME’s run-time primarily depends on the number of perturbed samples, Mind-
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fulLIME’s complexity is influenced by the number of superpixels (which affect the
maximum adjacent superpixels) and the algorithm’s depth level. As the depth level
increases in MindfulLIME, the impact of the number of superpixels, especially the
maximum adjacent superpixels, intensifies. This is due to the exponential increase
in explored branches and subsequent processes. The effect of this intensification is
demonstrated in Table[5.2] where superpixel algorithms that produce denser and more
segments, such as Felzenszwalb, require additional computations and lead to longer

processing times.

Run-time efficiency holds significance when discussing LIME or MindfulLIME. In
practical applications, especially in critical sectors like healthcare, timely outputs can
streamline operations and decision-making processes. These algorithms, when op-
erating seamlessly, can swiftly provide insights for individual data points, making
them more user-friendly and applicable in real-world scenarios. Moreover, during the
model’s development or tuning stages, there may be situations where evaluations need
to span across entire datasets. Here, efficiency in execution can dramatically shorten
the time required for comparisons and adjustments. Concluding, while the core em-
phasis is often placed on the quality and stability of explanations, the relevance of

run-time efficiency should not be underestimated.

MindfulLIME proves to be a practical choice, achieving a favorable balance between
stability, precision, and efficiency. It demonstrates these qualities without needing
deeper levels or intricate computations, particularly by employing less complex su-
perpixel algorithms like SLIC and Quickshift with a higher granularity of segments.
Our findings highlight the superiority of Mindful LIME over LIME in various segmen-
tation settings, as it generates fewer high-quality samples within an acceptable pro-
cessing time. Overall, MindfulLIME guarantees stability and improves localization
precision, making it a valuable tool for generating reliable and accurate explanations

in machine learning models.

Concluding our discussion, stability in explainable Al, especially in sensitive areas
like healthcare, is crucial not just for consistency but also for establishing trust and
ensuring safe decision-making. When experts use Al systems, they expect reliable

and consistent reasoning behind decisions. An unstable model, despite its accuracy,
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Table 5.2: Run-Time Comparison: LIME vs. MindfulLIME for various versions and

superpixel numbers

Algorithm Version Average Average  Average
Superpixel Run-time Generated
Count (Second) Samples
LIME 1000 Samples 49 11.6 1000
66 12.0 1000
158 13.8 1000
2000 Samples 49 23.2 2000
66 23.9 2000
158 27.6 2000
4000 Samples 49 46.2 4000
66 47.7 4000
158 54.9 4000
MindfulLIME 2 Levels 49 14.5 173
66 21.7 261
158 69.4 834
3 Levels 49 40.5 513
66 79.8 1016
158 349.0 4196
4 Levels 49 91.7 1183
66 258.0 3275
158 1763.0 17836

can cast shadows of uncertainty and confusion, complicating the decision-making

process. Moreover, stable explanations streamline model refinement and enable clear

accountability trails. Notably, our proposed algorithm, MindfulLIME, achieves this

stability without compromising the quality of explanations. In fact, it enhances both

stability and the richness of the insights, ensuring users get the best of both worlds.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

Despite the computational power some machine learning-based models offer, their
non-transparent structure limits the domains on which such models can be applied.
On one side, these models can be significantly beneficial for solving complex prob-
lems. Conversely, their black-box nature makes their decisions unreliable to experts.
Therefore, in this study, we present an explainable Al solution for the problem of tho-
rax disease classification. Our proposed framework comprises two primary phases:
the exploration of appropriate evaluation metrics and the selection of the most suit-
able one, along with the proposal of a stable yet efficient algorithm for generating

samples in perturbation-based XAl models.

We trained various renowned neural network architectures on the CheXpert dataset,
identifying InceptionV3 as the most efficient for our multi-label classifier. Applying
the LIME method with diverse segmentation configurations, we generated explana-
tions for unseen samples from the VinDr-CXR dataset. Highlighting a core contri-
bution, we elucidate the process of achieving the ideal metric for evaluating gener-
ated explanations, crafting criteria based on the desired quality of explanations. We
present an extensive range of metrics and, using the set criteria, evaluate the effective-
ness of each, detailing our selection of the most fitting metric. Through qualitative
analysis, we observed the behavior of our chosen metric compared to others, confirm-
ing its superiority in terms of accuracy and reliability. Our quantitative analysis not
only reveals that employing the right superpixel algorithms can yield more precise
and efficient explanations, bypassing LIME’s default, but also showcases the utility
of having such a metric in comparing diverse XAl models. We demonstrated that,

with the optimized LIME, we can achieve results surpassing even those of advanced
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models like GradCAM.

We then introduce MindfulLIME, an engineered algorithm to optimize both stability
and performance without compromising efficiency. It proposes a purposive sample
generation algorithm to eradicate randomness, employs a graph-based algorithm to
consider correlated features, and applies uncertainty sampling techniques to precisely
localize explanations. Together, these components address the instability issues as-
sociated with existing models like LIME which using random perturbation sampling,
guaranteeing the production of more reliable and interpretable explanations for black-

box models.

Despite advancements in the stability of other data modalities, a notable gap remains
for image data. Our rigorous training and evaluation on the CheXpert and VinDr-
CXR datasets, respectively, confirm that MindfulLIME not only attains 100% sta-
bility but also efficiently surpasses LIME in localization precision while generating
fewer samples. This achievement demonstrates Mindful LIME’s potential to enhance
the interpretability of black-box models, particularly in critical domains. These ex-
tensive experiments not only bridge this gap but also underline the model’s potential
for broader applications beyond the medical imaging domain addressed in this work.
The selection of these datasets implies that MindfulLIME can be effectively gener-
alized across other domains, given the challenges associated with interpreting such
images. By overcoming the fundamental limitations of LIME, MindfulLIME ensures
stable and accurate explanations, thereby amplifying the interpretability of black-box
models. This positions MindfulLIME as a valuable, durable, and indispensable tool

for the future.

While MindfulLIME has successfully achieved significant stability and shown en-
couraging results, there are multiple avenues for future research to enhance its perfor-
mance and efficiency. Crucial areas for improvement include investigating alternative
sample filtering techniques and incorporating domain knowledge into the sampling
process, specifically designed to identify In-Distribution samples. This action di-
rectly influences the pruning policies of the graph, thereby optimizing the model’s
efficiency. Additionally, we are exploring the integration of various feature selec-

tion methods to create even more precise and interpretable explanations. Although
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the current study focuses on medical images as a case study, MindfulLIME’s de-
sign is versatile, making it applicable to any data sample convertible into a graph of
correlated features. Nevertheless, we plan to apply MindfulLIME to a wider array
of datasets and domains to determine its generalizability and applicability in diverse
contexts. These anticipated enhancements will be the focus of our future work, and
we are confident they will contribute to further optimizing MindfulLIME’s perfor-

mance.
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