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Abstract

In recent years, Deep Learning has garnered significant attention within the research com-
munity, owing to its remarkable performance across a spectrum of tasks. Consequently,
deep learning models have found successful applications in diverse domains, including but
not limited to speech recognition, autonomous vehicle navigation, medical image analysis,
disease diagnosis, as well as broader tasks like segmentation and classification. Despite the
widespread adoption of deep learning, there remains ample room for improvement, particu-
larly in scenarios where data availability is limited. Additionally, deep learning models are
often regarded as enigmatic ”black-box” systems, making it challenging to elucidate the ra-
tionale behind the labels they assign. This thesis centers on addressing two critical areas:
first, the effective handling of small datasets through the utilization of the deep metric learn-
ing paradigm, and second, the development of methods for explaining the decisions made by
neural networks trained with limited data. These endeavors are specifically tailored to the

domain of medical imaging.

To begin, I present the notion of metric learning, an approach centered on the use of
a distance metric to discern the similarity or dissimilarity between images. This technique
leverages a limited number of images from each category to facilitate classification. In this
context, I employ Siamese networks and Triplet nets, both stemming from the metric learning
paradigm, to construct classification models tailored for small-sized medical datasets. Some
of the medical problems which are tackled in various experimental studies in this work are
bone-age assessment in 0-3 years of age, COVID-19 detection, pneumonia classification and

lung cancer prediction.

Subsequently, the thesis shifts its focus towards crafting interpretable frameworks, de-
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veloped through the metric learning approach, and trained on compact medical datasets.
These frameworks not only yield meaningful insights but also come accompanied by compre-
hensive explanations that elucidate the underlying mathematical models. To commence this
exploration, I provide a concise introduction to Explainable Artificial Intelligence (XAI) tech-
niques, delving into their extensive categories applicable in the realm of deep learning for the
analysis of medical images. Following that, I outline the methodology employed to explain
the models that have been trained on the aforementioned medical datasets with limited data,
employing various explanation methods, including post-hoc, model-specific, model-agnostic,

local, and counterfactual techniques.

In the later part of the thesis, a systematic comparison of Explainable Artificial Intel-
ligence (XAI) methods with their suitability of application to different dataset scenarios is
discussed. To evaluate both the quantitative and qualitative effectiveness of each interpreta-

tion method introduced in this study, we have devised two comprehensive validation metrics.

In summary, these frameworks pave the way to not only create new classification frame-
works which work for small-scale medical datasets but also provide logical explanations to

the decisions made by models trained using small datasets.
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