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Geometric Deep Learning for Healthcare Applications

Gaurang A. Karwande

(ABSTRACT)

This thesis explores the application of Graph Neural Networks (GNNs), a subset of Geo-

metric Deep Learning methods, for medical image analysis and causal structure learning.

Tracking the progression of pathologies in chest radiography poses several challenges in

anatomical motion estimation and image registration as this task requires spatially aligning

the sequential X-rays and modelling temporal dynamics in change detection. The first part of

this thesis proposes a novel approach for change detection in sequential Chest X-ray (CXR)

scans using GNNs. The proposed model CheXRelNet utilizes local and global information in

CXRs by incorporating intra-image and inter-image anatomical information and showcases

an increased downstream performance for predicting the change direction for a pair of CXRs.

The second part of the thesis focuses on using GNNs for causal structure learning. The pro-

posed method introduces the concept of intervention on graphs and attempts to relate belief

propagation in Bayesian Networks (BN) to message passing in GNNs. Specifically, the pro-

posed method leverages the downstream prediction accuracy of a GNN-based model to infer

the correctness of Directed Acyclic Graph (DAG) structures given observational data. Our

experimental results do not reveal any correlation between the downstream prediction accu-

racy of GNNs and structural correctness and hence indicate the harms of directly relating

message passing in GNNs to belief propagation in BNs. Overall, this thesis demonstrates the

potential of GNNs in medical image analysis and highlights the challenges and limitations

of applying GNNs to causal structure learning.



Geometric Deep Learning for Healthcare Applications

Gaurang A. Karwande

(GENERAL AUDIENCE ABSTRACT)

Graphs are a powerful way to represent different real-world data such as interactions between

patient observations, co-morbidities, treatments, and relationships between different parts

of the human anatomy. They are also a simple and intuitive way of representing cause-

and-effect relationships between related entities. Graph Neural Networks (GNNs) are neural

networks that model such graph-structured data. In this thesis, we explore the applicability

of GNNs in analyzing chest radiography and in learning causal relationships. In the first part

of this thesis, we propose a method for monitoring disease progression over time in sequential

chest X-rays (CXRs). This proposed model CheXRelNet focuses on the interactions within

different regions of a CXR and temporal interactions between the same region compared in

two CXRs taken at different times for a given patient and accurately predicts the disease

progression trend. In the second part of the thesis, we explore if GNNs can be used for

identifying causal relationships between covariates. We design a method that uses GNNs

for ranking different graph structures based on how well the structures explain the observed

data.
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Chapter 1

Introduction

The healthcare industry has traditionally relied heavily on manual practices, with clinicians

and healthcare providers manually collecting and analyzing patient data, and making de-

cisions based on their own expertise and judgment. However, this approach has become

increasingly unsustainable, as the demand for healthcare services continues to rise, while the

number of clinicians and healthcare providers remains limited [89]. This has resulted in an

increased workload for clinicians, who are often overburdened and unable to keep up with

the demands of patient care. At the same time, there is a shortage of doctors and other

healthcare professionals, which further exacerbates the problem. The need for automation in

healthcare has never been more pressing, as it has the potential to help healthcare providers

to manage their workload more efficiently, and reduce the risk of errors and inconsistencies

in patient care. Artificial (AI) Intelligence and Machine Learning can help facilitate this.

Over the last decade, the healthcare industry has seen a digital revolution. Today, about

30% of the world’s data volume is generated by the healthcare sector, and it is estimated

to reach 36% by 2025 [3]. The widespread implementation of Electronic Health Records

(EHRs) has enabled relatively easy access to large amounts of patient data across varied

settings and demographics. EHRs can include a range of different types of data, including

structured data such as patient demographics, diagnoses, and medication records, as well

as unstructured data such as clinical notes, imaging data, and other types of multimedia

data. The multimodal nature of EHRs is an important aspect of their utility in healthcare,
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as it enables healthcare providers to integrate and analyze different types of data to gain a

more comprehensive understanding of patient health. The volume of data made available

by EHRs provides significant opportunities for leveraging machine learning and other ad-

vanced analytical techniques to improve healthcare outcomes. By developing models that

can integrate and analyze different types of data, researchers and healthcare providers can

develop more accurate predictive models for patient outcomes, identify patients at risk for

certain conditions or complications, and develop personalized treatment plans that take into

account the full range of patient health data [39, 49, 101].

While most AI techniques are data-intensive, infusion of domain knowledge is essential for

accurate and robust predictions [2]. This is especially true in sciences such as physics, chem-

istry, biology, and economics, where our knowledge about natural processes can help establish

strong priors during modeling. Domain Knowledge is particularly important in healthcare,

where patient data is often multimodal and complex, and the domain knowledge-based-priors

help clinicians identify important relationships between different entities. Models that can

learn from the complex relationships between different interacting entities such as patients,

radiological scans, diseases, and medical procedures while incorporating domain knowledge

can lead to better performance and more accurate predictions [7]. Graph Neural Networks

(GNNs) can capture complex relationships between such interacting entities. GNNs are a

class of neural networks designed to operate on graphs. Owing to the incredible flexibility

of graphs compared to more rigidly structured forms of information like images, videos, and

text, many real-world tasks can be represented as graphs.

Deep learning (DL) has made significant advances in biomedical image analysis and assist-

ing radiologists with diagnosis. DL algorithms are being used for classification, prediction,

segmentation, and reconstruction tasks with medical images [91]. However, traditional DL

techniques such as Convolutional Neural Networks (CNNs) by themselves are not able to
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exploit the structural information abstracted within the human body. Imaging techniques

such as X-rays, CT scans, and MRIs reveal a lot about not just the specific body parts being

imaged, but also the exact position and function of the regions within the entire human

anatomy. GNNs inherently work with such structural information and thus can aid in the

development of clinically intuitive models. In Chapter 3, we propose a graph-based approach

for interpreting Chest X-rays (CXRs) that tries to mimic the workflow of an expert radi-

ologist. This chapter is derived from my recently published work [48] in collaboration with

students and faculty at Virginia Tech, and researchers from IBM, the University of British

Columbia, and the Massachusetts Institute of Technology.

While existing DL methods can analyse massive datasets of medical images and/or text,

most of them work by identifying the correlation between different entities within the data.

In healthcare, there are often many factors that can affect a patient’s health outcomes, and

it can be difficult to determine which factors are causal and which are merely correlations.

Being able to identify cause-and-effect relationships within vast volumes of clinical data has

the potential to improve patient outcomes, reduce healthcare costs, and advance medical

research. Therefore, causal reasoning is essential in healthcare settings. A famous quote by

Judea Pearl, a pioneer in Bayesian Networks (BN) and causality theory, is - “As X-rays are

to the surgeon, graphs are to causation” [75]. Hence, graphs, or more precisely Directed

Acyclic Graphs (DAGs), are core to causality and are a simple way of representing causal

relationships among entities. In real-world settings, the complete causal model of a system

is rarely available and one needs to learn the most fitting causal structure given the observed

data. In Chapter 4 we explore the use of GNNs for evaluating causal structures or DAGs.

In this thesis, we ask the following research questions:

1. Can we use GNNs to exploit the anatomical information abstracted within medical

images for accurate and robust monitoring of CXRs?
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2. Can we use DL methods with sufficient inductive bias such GNNs for causal discovery?

3. Can message passing in GNNs be related to Belief Propagation in BNs?
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Chapter 2

Review of Literature

2.1 Deep Learning and Medical Imaging

Medical imaging is an important tool in healthcare for the diagnosis, treatment planning, and

monitoring of various medical conditions. There has been significant progress in applying

DL techniques to radiological tasks such as diagnosis, Region of Interest (RoI) detection and

segmentation, and image enhancement [6, 35]. These cover variety of radiological modalities

such as X-rays, MRIs, CT scans, etc. Convolutional Neural Networks (CNNs) have been

shown to achieve dermatologist-level accuracy in the classification of skin cancer images. [25].

Similarly, SOTA results have also been produced for breast cancer detection as well [83]. In

2016, a study by Lakhani and Sundaram [55] demonstrated that a deep learning algorithm

can detect pulmonary nodules in CT scans with an Area Under the Curve (AUC) of 0.99.

Deep learning methods have also been applied to Chest X-rays for enhancing pulmonary

nodule detection [68]. Image segmentation is a dense classification task of classifying every

pixel within the image. Medical image segmentation is a critical clinical task in various

clinical applications such as disease diagnosis, treatment planning, and monitoring. U-Net is

a popular architecture for medical image segmentation, which combines the encoder-decoder

architecture with skip connections [78], has shown excellent results in segmenting various

structures such as the liver, brain, and blood vessels [18].

Despite these advances, complex reasoning tasks remain fairly unexplored. For example,
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monitoring changes in longitudinal disease progression has received limited attention from

the research community. Previous work tackles change between longitudinal patient visits

and evaluates the severity of diseases at each time point on a continuous scope on osteoarthri-

tis in knee radiographs and retinopathy of prematurity in retinal photographs [59]. Other

works target longitudinal disease tracking and outcome prediction severity for COVID-19

pulmonary diseases [58], by calculating a severity score for pulmonary X-rays via computing

the Euclidean distance between each of the normal images and the image of interest. In

addition, geometric correlation maps have been used to study the CXR longitudinal change

detection problem [70], in which feature maps are extracted from CXR pairs and their match-

ing scores are used to generate a geometric correlation map that can detect map-specific

patterns showing lesion change. Most of these works rely on global image information. To

the best of our knowledge, no prior work considers capturing correlations among anatomical

regions and findings when modeling change between medical examinations. Yet, localizing

pathologies to anatomy is critical for the radiologists’ reasoning and reporting process, where

correlations between image findings and anatomical regions can help narrow down potential

diagnoses.

2.2 Graph Neural Networks

Graph Neural Networks (GNNs) operate on graph-structured data. Message-passing net-

works (MPNs) are a type of GNN that explicitly define message-passing operations between

nodes in a graph. MPNs can be used for a variety of tasks, including graph classification,

node classification, and link prediction [24, 52, 110]. The message-passing mechanism in

MPNs involves passing messages between neighboring nodes in the graph to update their

hidden states. This is done through a series of transformation functions that combine the

6



previous hidden state of each node with the messages received from its neighbors. This

process is repeated iteratively until convergence is achieved or a fixed number of iterations

is reached [12]. One advantage of MPNs is their ability to capture both local and global

information from the graph structure. By iteratively passing messages between nodes, the

network can incorporate information from the entire graph, while still retaining informa-

tion about local neighborhoods. This makes MPNs well-suited for tasks such as molecule

property prediction, where the properties of a molecule are dependent on the interactions

between its atoms [29]. Another advantage of MPNs is their ability to handle graphs of

varying sizes and structures. This makes them ideal for applications in which the underlying

graph structure is not fully known or is subject to change, such as social network analysis or

medical diagnosis [37]. One example of an MPN is the graph convolutional network (GCN),

which uses a simple form of message passing based on graph convolution [52]. GCNs have

been applied successfully to a wide range of tasks, including social network analysis, protein

structure prediction, and recommender systems [111]. Another example of an MPN is the

graph attention network (GAT), which uses attention mechanisms to weigh the messages

sent between nodes [94]. GATs have been shown to achieve state-of-the-art results on several

graph-based tasks, including node classification and link prediction [34, 95].

This flexibility of the message-passing framework in GNNs has shown great promise in med-

ical imaging where graphs can be used to represent relationships between regions of interest.

In a study by Parisot et al. [73], a GNN-based framework was proposed for the diagnosis

of Alzheimer’s disease using graph representations of brain networks. In another study by

Zhao et al., a GNN-based framework was proposed for airway segmentation in chest CTs

[28]. The framework incorporated information based on node connectivity in addition to

local features, and hence improve upon the segmentation decisions. GNNs have also been

used for segmentation of retinal vessel [27, 84], intracranial arteries [28], and cerebral cortex
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[21, 33]. We review more applications of GNNs pertinent to causal inference and structure

learning in Section 2.4.

2.3 Causal Inference and Structural Causal Models

Causal inference is a branch of statistics and machine learning that seeks to understand the

causal relationships between different variables in a system. To make causal claims, we need

to go beyond simple correlations and consider the underlying causal mechanisms that link

different variables together. Causation is a subtle concept that cannot be fully described in

the language of Boolean logic [80] or that of probabilistic inference; it requires the additional

notion of intervention [23, 76]. A variable X is said to cause another variable Y if when all

confounders are adjusted, an intervention in X results in a change in Y [75].

Compared to causal models, statistical models are a rather superficial description of reality

as they are only required to model associations [80]. For a given set of input examples X

and target labels Y , we are interested in approximating P (Y |X) to answer questions such

as “What is the probability that a particular image is of a dog or a cat?” or “What is the

probability that the given CXR indicates pneumonia?”. Subject to suitable assumptions,

these questions can be answered by observing a large amount of independent and identically

distributed (i.i.d) data from P (X,Y ) [93]. The predictions of a statistical model are only

accurate within identical experimental conditions. Performing an intervention results in

a change in the data distribution, which may lead to random and inaccurate predictions

[75, 87]. However, interventions are quite relevant in real-world settings, where changes in

data distributions happen naturally. For example, a drug discovery model trained to find

a molecular compound with the most affinity to a prevalent virus. Over time, a mutation

within the virus can produce a whole new strain on which this particular compound is no
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Table 2.1: Pearl’s Causal Hierarchy (PCH). Questions from level 1 can only be answered if
information from level 1 or higher is available [76].

Level
(Symbol)

Typical
Activity

Typical Questions Examples

1. Association
P (y|x)

Seeing What is?
How would seeing X
modify my belief in Y ?

What does a symptom tell me
about a disease?

2. Intervention
P (y|do(x), z)

Doing
Intervening

What if?
What if I do X?

What if I take morphine, will my
pain reduce?

3. Counterfactuals
P (yx|x′, y′)

Imagining
Retrospection

Why?
Was it X that caused Y ?
What if I had acted differently?

Was it morphine that reduced my
pain?
What if I had not taken mor-
phine?

longer effective. Hence, answering questions such as “What is the probability that the drug is

effective if a particular mutation happens results in a modified virus strain?”. Mathematically

this can be represented by the do operator introduced by Pearl [76]. P (Y |do(X = x), z) is

the probability of Y if we intervened in the data generating process by artificially forcing

the variable X to take value x, but otherwise simulating the rest of the variables according

to the original data generating process [76].

The three rungs or layers of Causal Inference were introduced by Pearl [76]. This is a hierar-

chy of three types of problems with increasing difficulty. The first two levels are association

and intervention, which we described above. The third and top level is counterfactuals which

involve retrospective reasoning. Mathematically, this is given by P (Y ′
x′ |(x, y)), that is the

probability of Y had the event x′ taken place instead of event x having known the probability

of the actual event and outcomes x and y respectively. The three rungs of causal inference

are illustrated in Table 2.1.

Causality is represented mathematically with Structural Causal Models (SCMs). An SCM

M is a 4-tuple < U ,V , P (U),F) > [11], where:

• U is a set of background variables, also called exogenous variables, that are determined
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by factors outside the model.

• V is a set Vi, V2, ..., Vn of variables, also called endogenous variables, that are determined

by other variables in the model - that is variables in U ∪ V .

• P (U) is the probability function defined over the domain U .

• F is a set of functions f1, f2, ..., fn such that each fi is a mapping from (respective

domains of) Ui ∪ Ti to Vi, where Ui ⊂ U and Ti ⊆ V \ Vi constitutes the set of parent

nodes of variables Vi, and the entire set F forms a mapping from U to V . That is, for

i = 1, ..., n each fi ∈ F is such that:

vi ← fi(Ti,Ui) (2.1)

i.e., fi assigns a value to variable vi that depends on the select set of variables in U ∪V .

Each SCM can be seen as partitioning the variables involved in a certain phenomenon into

sets of exogenous (unobserved) and endogenous (observed) variables, respectively, U and V .

The exogenous ones are determined “outside” of the model and their associated probability

distribution, P (U), represents a summary of the state of the world outside the phenomenon

of interest. Inside the model, the value of each endogenous variable vi is determined by the

causal process vi ← fi(Ti,Ui), that maps the exogenous factors Ui and the specific set of

endogenous variables Ti to Vi.

An SCM can be represented as a Directed Acyclic Graph (DAG) and by a set of equations

termed a Structural Equation Model (SEM) [92]. A DAG is a special type of graph for which

all edges are directed and there are no cyclic paths. That is, between nodes information can

only flow in one direction and the information that leaves a node can never loop back to the

same node. The nodes in a causal DAG represent the variables in an SCM and the arrows
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)

)

)

Directed Acyclic Graph Structural Equation Models

Figure 2.1: Structural Causal Model. The DAG representation is on the left and the SEM
representation is on the right.

represent causation. Hence Ti is the set of all nodes having a directed edge towards the

node Vi. SEMs on the other hand represent the exact causal relationships between variables.

SEMs are generally asymmetric, meaning the equality only works in one direction. Figure

2.1 shows the DAG and SEM representation of a toy SCM.

2.4 Structure Learning

SCMs thus provide a rigorous framework for understanding causal relationships among vari-

ables in a complex system. However, in real-world settings, a true SCM is rarely available

or is only partially available. The complete SCM is available only in special settings where

laws of nature are understood with high precision, such as in physics or chemistry [105].

Access to the SCM of a dynamic system, particularly in critical domains such as healthcare,

would be very helpful to the researchers. Causal Discovery or Structure Learning aims to

uncover the causal structure from observational data [32]. Causal Discovery is an inverse
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problem. Causal Discovery is an NP-hard problem as it involves searching over a large space

of possible causal structures and evaluating the fitness of each structure based on a statistical

criterion [17]. The space of possible structures (DAGs) grows exponentially with the number

of variables.

Traditional structure learning methods can be categorized into constraint-based methods

and score-based methods. Constraint-based methods are based on the idea that the causal

relationships between variables can be inferred by examining the conditional independence

relations between them [65, 87]. The most commonly used constraint-based method is the

PC algorithm [87], which works by first identifying all the pairwise conditional independence

relations between the variables, and then using these relations to construct a graph that

represents the causal structure. While the PC algorithm is known to be efficient and reliable,

it suffers from several limitations, such as the requirement of an acyclic causal graph and the

assumption of faithfulness [57]. Score-based methods, such as the Bayesian score, maximum

likelihood, and Akaike Information Criterion (AIC) [90], search for the causal structure

that maximizes a predefined scoring function [22]. These methods do not rely on conditional

independence assumptions and can handle datasets with hidden variables. However, they can

be computationally expensive and may suffer from overfitting when the number of variables

is large [22]. Structure learning is inherently a discrete optimization problem. DAG with

NO TEARS [113] was the first method to recast the combinatoric graph search problem as

a continuous optimization problem. They model the weighted adjacency matrix as a linear

SEM and then fit observational data to the SEM along with l1-regularization to enforce

the sparsity of the graph. The main contribution of this work is the translation of the

combinatorial acyclicity constraint into a continuous penalty derived as:

h(A) = tr(eA⊙A)− |V | = 0 (2.2)
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where |V | is the number of vertices in the graph defined by the adjacency matrix A, tr(·) is

the trace operator and ⊙ is the Hamdard product. Subsequently, this resulted in a growing

interest in structure learning within the deep learning community [96]. Another recent

method, CASTLE [54], regularizes neural networks by jointly learning causal relationships

between variables. They use an auto-encoder-type neural architecture to learn causal DAG

as an auxiliary task while training a supervised model. The authors of CausalVAE [107] use a

Variational AutoEncoder-based approach to uncover causal relationships from latent factors.

They propose a new framework termed causal disentanglement which includes a causal layer

that transforms exogenous factors into endogenous factors of the learned DAG. Another

auto-encoder type method, GAE [72] extends NO TEARS to facilitate non-linear structural

relationships and vector-valued variables. Many of these methods deal with homogenous

data only. Real-world signals such as electronic health records are multimodal and include

not just continuous measurements but also recordings of patient-specific characteristics such

as age, sex, comorbidities, and so on. Hence, there is still a dearth of methods that can be

directly applied for practical applications. Also, a lot of the deep learning methods for causal

discovery are computationally expensive and can only be used for small to medium-sized

graphs and have difficulty scaling up to the interventional layer of Pearls Causal Hierarchy

(PCH) [36]. This is not surprising as deep learning methods require significant quantities of

data, and interventional data is not easily accessible in practical scenarios. Reinforcement

learning techniques do look promising for overcoming this hurdle [42, 97, 114].

In recent times, GNNs have also been used for structure learning. DAG-GNN [108] extends

DAG with NO TEARS by utilizing a deep generative model. They use a variational au-

toencoder parameterized by a GNN. Deep-GMG [60] also introduces a generative model for

capturing probabilistic dependencies over the graph’s edges and nodes. In their learning

paradigm, new structures are sequentially added and GNNs are used for efficient represen-
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tation at each step. Some recent works propose graph structure learning as an auxiliary

task to downstream prediction tasks. While the main focus of these works is improving

upon the downstream performance of the model, they introduce an interesting way in which

differential graph structures can be learned during training. Raindrop [112] proposes a GNN

architecture for the classification of irregularly sampled time series. Each time series is rep-

resented as a fully connected graph, whose edges are pruned during model training aimed

at improving the classification accuracy. Their ablation study shows that distinctive graph

structures corresponding to separate sample categories are learned during training. Lowe

et al. [63] also use a related approach for time-series forecasting. In their work, they use

a GNN encoder that receives a fully connected graph, and the encoder’s output is used to

predict the time series value at the current time step.

So far none of the works has explored the use of GNNs to score DAGs based on observa-

tional data. In Chapter 4, we perform experiments on BNs by simulating belief propagation

using message passing in GNNs and explore if we can infer causal relationships from the

observational data and intervene upon DAG structures.
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Chapter 3

Change Detection in Chest Xrays

A chest radiograph or a Chest X-ray (CXR) is an imaging test used to diagnose conditions

affecting the heart, lungs, and nearby structures. Chest radiography is one of the most per-

formed diagnostic examinations in the world. It is the foremost imaging test for diagnosing

symptoms such as breathing difficulties, persistent cough, chest pain, and fever, and aids

the physicians in diagnosis and monitoring of conditions such as pneumonia, heart failure,

lung cancer, emphysema, and other medical conditions. The demand for chest radiography

has increased the radiologists’ workload. As manually interpreting CXRs and radiology re-

ports can be time-consuming, these challenges contribute to the delays in detecting findings

and providing exemplary patient clinical management plans. About 129 million CXR were

acquired in the United States alone in 2009 [66]. Subsequently, quite a few CXR datasets

have been released by the research community specifically for the development of machine

learning workflows [43, 46, 98]. A significant portion of research in this domain is focused

on detecting and segmenting different anatomical regions within a CXR [50, 64, 85] or on

the computer-aided diagnosis of CXR [5, 62, 82].

However, monitoring disease progression in CXRs, a routine task performed by radiologists,

has so far attracted limited attention from the Artificial Intelligence (AI) community. Un-

derstanding if a patient’s condition has deteriorated or improved is crucial to guide the

physician’s decision-making and determine the patient’s clinical management. Automating

this process is a challenging task. At times, differences between the X-rays are quite subtle
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and to an untrained eye might go undetected. This will hinder early detection of disease

progression which would have then required an immediate change in treatment plans. There-

fore, there is a need for imaging models that can track disease progression or monitor the

changes within CXR findings.

In this chapter, we propose CheXRelNet, an anatomy-aware neural model that utilizes the

structural information encoded within a CXR to perform a longitudinal relational compar-

ison between CXR exams for a variety of anatomical findings [48]. The proposed model

uses Graph Attention Network [94] to capture the intra-image dependencies between differ-

ent anatomical regions of the chest as well as inter-image temporal relations. CheXRelNet

combines the localized region features with global CXR-level features to accurately capture

anatomical location semantics for tracking disease progression.

The contributions of this work are summarized as follows:

1. We introduce CheXRelNet, an anatomy-aware model for tracking longitudinal rela-

tions between CXRs. The proposed model utilizes both local and global anatomical

information to output accurate localized comparisons between two sequential CXR

examinations.

2. We propose a novel graph construction workflow that takes into consideration the cor-

relations between different anatomical regions of the chest as well as temporal relations

across CXRs.

3. We conduct experimental analysis to demonstrate that our proposed CheXRelNet

model outperforms baselines.

4. We perform transfer learning experiments to examine the generalization capabilities of

our model across pathologies.
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3.1 Methodology

3.1.1 Problem Definition

Let C = {(xi, x′i)}Ni=i be the set of CXR image pairs. Each image xi has K anatomical

regions. Each image is associated with a set of labels Yi = {yi,m}Mm=1, where yi,m ∈ {0, 1}

indicating whether the label for pathology m appears in image xi or not and each pair

(xi, x
′
i) is associated with a set of labels Z = {zi,m}Mm=1, zi,m ∈ {0, 1} indicating whether the

pathology m appearing in the image pair has improved or worsened. Within each CXR the

pathology label yi,m is also associated with a specific anatomical Region of Interest (RoI),

k ∈ {1, . . . , K}. The goal is to design a model that compares the two images and predicts

their labels as accurately as possible for an unseen image pair (x, x′) and a wide range of

pathologies.

3.1.2 CXR Graph Construction

We construct a graphical representation of the CXR image pair by utilizing (i) the correlation

among anatomical region features from the images xi, x′i, i.e. R = f(x) and R′ = f(x′),

R,R′ ∈ RK×d, where K is the number of anatomical regions, each embedded into a row vector

with dimensionality d (extracted by a pre-trained feature extractor f) and (ii) the correlation

among anatomical regions between the two images in the pair. Given the initial training set

of anatomical region representations {(Ri, R
′
i)}Ni=1, we define a normalized adjacency matrix

A ∈ R2K×2K that captures intra-image and inter-image region correlations.

First, we construct the graph for a single CXR. This graph is defined by a normalized ad-

jacency matrix Aintra ∈ Rk×k that captures the intra-image region correlations. The intra-

image correlations are calculated based on the region-disease co-occurrence. The region-
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disease co-occurrence matrix is computed by finding the number of times two anatomical re-

gions co-occur with the same pathological finding in the entire set of images C = {(xi, x′i)}Ni=i.

Each K ×K co-occurrence matrix can be computed via the Jaccard similarity

J(rs, rt) =
1

M

M∑
m=1

|Ys,m ∩ Yt,m|
|Ys,m ∪ Yt,m|

. (3.1)

Here, rs represents an anatomical region, Ym
s is the set of disease labels for region rs and

pathology m across all images and ∩,∪ denote the intersection and union over multi-sets.

To overcome the shortcomings of the label co-occurrence construction tendency to overfit

the training data, a filtering threshold τ is adopted, i.e.,

Aintra(s, t) =


1 if J(Rs, Rt) ≥ τ

0 if J(Rs, Rt) < τ

. (3.2)

This is a constant adjacency matrix and is used to define edge connections for all the CXRs.

The overall adjacency matrix A for the image pair constitutes two identical intra-image

adjacency matrices, Aintra along the diagonal, and the two off-diagonal k × k blocks corre-

spond to the relationship between the same anatomical regions of every pair of images. More

precisely, we set A(s, t) = 1{t = s + k} for s = 1, . . . , k. The rationale of this adjacency

matrix definition is that A will be associated with every pair (xi, x′i) and will capture useful

inter-image correlations and local intra-image region-level correlations. More precisely, the

upper k × k diagonal block is associated with image xi, forming a graph Gi = (Vi, E) with

nodes being the vector representations of the k anatomical regions of image xi. Similarly,

the lower k × k diagonal block is associated with image x′i, forming a graph G′
i = (V ′

i, E) as

before. Finally, the k × k off-diagonal blocks indicate a set of directed edges Ẽ between the

same regions of images xi, x′i. This graph construction is also depicted in Figure 3.1.

18



CXR 1

CXR 2


Detected ROIs

R
es

ne
t1

01
A

E
R

es
ne

t1
01

A
E Chest

ImaGenome
bboxes


ROI Features

 Chest
ImaGenome

bboxes


CXR 1 Graph CXR 2 Graph

Figure 3.1: Graph Construction overview. Detected anatomical regions of interest (ROIs) are
fed into a ResNet101 pre trained autoencoder to extract their corresponding visual features,
formulating initial node representations Vi,V ′

i for CXR graphs Gi = (Vi, E) and G ′i = (V ′
i, E).

Here, E is constructed based on intra-image region-disease co-occurrence. Moreover, the
nodes of the two graphs are connected via a set Ẽ of directed edges indicating inter-image
relations.

3.1.3 Graph Representation Learning

To capture global and local dependencies between anatomical regions, we utilize a graph

attention network (GAT) [94] Zi = g(Ri, A) ∈ Rk×d to update Ri as follows:

R
(t+1)
i = α

(t)
i,iW

(t)
1 R

(t)
i +

∑
j∈N (i)

α
(t)
i,jW

(t)
1 R

(t)
j , (3.3)

where W1 ∈ Rd×d is a learned weight matrix, N (i) denotes the neighborhood of xi, t is the

number of stacked GAT layers, and αi,j are the attention coefficients computed as

α
(t)
i,j =

exp
(

LeakyReLU
(

a⊤
[
W

(t)
1 R

(t)
i ;W

(t)
1 R

(t)
j

]))
∑

k∈N (i)∪{i}
exp

(
LeakyReLU

(
a⊤

[
W

(t)
1 R

(t)
i ;W

(t)
1 R

(t)
j

])) (3.4)

Here, a is a learned weight vector, and ; denotes concatenation. The final region represen-
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tations are computed by a weighted combination of the neighbour vector representations,

scaled by their attention scores

R
(t+1)
i = ϕ

 ∑
j∈N (i)

α
(t)
ij R

(t)
j

 , (3.5)

where ϕ(·) is a non-linear transformation. Given the history of the patient, a medical expert

has enough information to direct the majority of their focus on a particular region within

a CXR. In Figure 3.1, the node highlighted in red corresponds to the physician-designated

focus region k∗ ∈ [1, k] for the particular CXR examination. We extract the node embedding

corresponding to the focus region of x′i for each CXR image pair and forward this embedding

to the final dense classification layer. Specifically, for a focus-region k∗ ∈ [1, k], the extracted

node embedding R′
i ∈ Rd is given by,

R′
i = R′

i
(t+1)

1{k = k∗} (3.6)

To capture global image-level information, each image in pair (xi, x
′
i) is encoded into two

d-dimensional vectors by utilizing the pretrained feature extractor f , i.e., Qi = f(xi) and

Q′
i = f(x′i), Qi, Q

′
i ∈ Rd. The final prediction is computed via

ŷ = [R′
i;Qi;Q

′
i]W

T
2 , (3.7)

where ; denotes the concatenation of the local region-level and global image-level features,

W2 ∈ R3d×M is a fully connected layer that obtains the label predictions. The network is

trained with a multi-label cross-entropy classification loss

L =
1

N

N∑
i=1

M∑
m=1

zi,mlog(σ(ẑi,m)) + (1− zi,m)log(1− σ(ẑi,m)), (3.8)
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Figure 3.2: Classification module. The constructed graph, i.e., the anatomical regions of
interest (ROIs) vector representations and the corresponding adjacency matrix, is passed
through a graph attention network that learns ROI inter-dependencies, essentially captur-
ing local ROI information. Global image-level representations extracted from a pretrained
ResNet101 autoencoder model are concatenated with the ROI learned representations and
are passed through a final dense classification layer. The model is trained end-to-end with
a cross-entropy classification loss.

where σ is the sigmoid function and {ŷmi , ymi } ∈ RM are the model prediction and the ground

truth for example xi, respectively. Figure 3.2 presents an overview of the model architecture.

3.1.4 Improving the Feature Extraction Pipeline

The two main components of CheXRelNet are the convolutional feature extractor and the

graph neural network module. The feature extractor takes each cropped RoI as input and

encodes it into a d-dimensional feature vector. If there are k anatomical regions within a

single CXR image, the forward pass through the feature extractor will happen k times. Hence

for a CXR pair, the forward pass happens 2k times. Quite unsurprisingly, experimentation

revealed the feature extractor to be the main bottleneck in terms of training and inference
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times.

The seminal R-CNN model [31] also faced similar computational inefficiencies which stopped

them from achieving real-time object detection. The R-CNN model first performed a selective

search over the input image to extract region proposals. These region proposals are then

cropped, resized, and fed into a CNN-based feature extractor. The extracted features are

then used to identify objects. This workflow is quite similar to CheXRelNet. Instead of

selective search, we already have the RoI coordinates from the CHEST IMAGENOME dataset

[104]. We crop these regions from the original image and then forward the encoded feature

maps to the message-passing network for downstream comparison.

Fast R-CNN [30] addresses the computational drawbacks of the earlier method. In Fast

R-CNN the expensive convolution operation is shared amongst all the RoI proposals. Here,

the input image is fed to the CNN feature extractor, and RoI proposals are then cropped

from the encoded feature maps. Hence, the feature map for all region proposals is generated

via a single pass through the CNN feature extractor as opposed to generating a feature

map for each region proposal individually by separate forward passes. We employ a similar

feature extraction pipeline where the features for all anatomical regions within the CXR

are extracted in a single forward pass. To realize this, we utilize Feature Pyramid Network

(FPN) [61] and the RoIAlign layer [38]

FPN is a widely used technique for computer vision object detection tasks. FPNs address

the problem of detecting objects at different scales by creating a multi-scale feature pyramid.

The pyramid is created by combining feature maps from a feature extractor network, such

as a Convolutional Neural Network (CNN), at different levels of abstraction and spatial

resolution, with higher-level feature maps capturing more abstract and global features and

lower-level feature maps capturing fine-grained details [61]. To pick feature maps for different

resolutions of objects, FPNs use a technique called “pyramid pooling”. In pyramid pooling,
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Figure 3.3: The FPN-based feature extraction pipeline

feature maps are pooled over different levels of the pyramid to generate a fixed-length rep-

resentation for each region of interest. This representation captures both the global context

and fine-grained details of the region of interest, allowing for accurate object detection at

different scales.

Figure 3.3 shows the adaptation of FPN for extracting features from CXR regions. Using

FPN we first extract four feature maps from a single CXR. We use these feature maps to

then extract high-dimensional feature vectors for each anatomical region within the CXR.

Depending upon the spatial sizes of the regions in the original image and the feature map

sizes, different regions are mapped onto different feature maps using the RoIAlign layer. The

RoIAlign layer takes the original bounding box coordinates as input and rescales them with

respect to the dimensions of the encoded feature maps. It uses bilinear interpolation [1]

while rescaling the coordinates to avoid loss of information due to quantization. We assign

an RoI of width w and height h to the level Pk of our feature pyramid as [61]:

k = ⌊k0 + log2(
√
wh/224)⌋ (3.9)
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Here 224 is the input CXR size, and k0 is the feature map level on which an RoI with

w × h = 2242 should be mapped onto. Hence, according to Equation 3.9, RoIs with smaller

scales are mapped on higher-resolution feature maps. Put simply, instead of cropping the

RoIs from the original image and then feeding each one separately to a CNN-based feature

extractor, we first extract feature maps and then using RoI Align directly crop the RoIs from

these feature maps. Overall using FPNs with the RoI Align layer results in more efficient

computation and solves the issue of the ResNet encoder being the computational bottleneck.
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3.2 Experiments

3.2.1 Dataset

The proposed CheXRelNet model is trained and evaluated on the CHEST IMAGENOME dataset

[104]. This dataset was generated by locally labelling 242, 072 frontal MIMIC-CXRs [46] (AP

or PA view) automatically through a combination of rule-based text analysis and atlas-based

bounding box extraction techniques [102, 103]. CHEST IMAGENOME represents the connec-

tions of each CXR annotation as an anatomy-centred scene graph, following a radiologist-

constructed CXR ontology. The dataset contains 1, 256 combinations of relation annotations

between 29 CXR anatomical locations and their attributes structured as one scene graph per

image, and about 670, 000 localized comparison relations between the anatomical locations

across sequential exams. In this work, we utilize the localized comparison relations data that

involves cross-image relations for the 9 pathologies. Each comparison relation in the CHEST

IMAGENOME dataset consists of the DICOM identifiers of the two CXRs being compared, the

particular pathological finding observed in those two CXRs, the anatomical region of interest

on which the radiologist’s comparison is focused, and the corresponding comparison label. In

addition to comparison relations, the CHEST IMAGENOME dataset also provides bounding box

information for extracting individual anatomical regions from the CXRs, viz. “Left Lung”,

“Cardiac Silhouette”, etc. For each of the 242, 072 frontal MIMIC-CXRs, a list of anatomi-

cal regions (bboxes) is provided, as well as the corresponding Euclidean coordinates for each

bounding box. We utilize these coordinates to crop different anatomical regions within a

CXR. There are a total of 122, 444 unique comparisons in the dataset, of which 79, 902 have

at least one of the nine selected pathology labels, in addition to regions detected by the ob-

ject detection pipeline and the overall comparison relation. Table 3.1 shows high-level data

statistics. For each image, except for those with the pathology label as “Enlarged Cardiac
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Table 3.1: Dataset Characteristics. # Image Pairs (number of comparison CXR pairs) and #
Bboxes (number of bounding boxes) and # Training Pairs (number of training comparison
CXR pairs) per pathology label. Each pathology is indexed with a pathology ID (first
column).

Pathology ID Description # Image Pairs # Bboxes # Training Pairs
D1 Lung Opacity 32,524 455,336 22,620
D2 Pleural Effusion 13,122 183,708 9,192
D3 Atelectasis 9,660 135,240 6,922
D4 Enlarged Cardiac Silhouette 1,958 3,916 1,384
D5 Pulmonary Edema/Hazy Opacity 12,090 169,260 8,424
D6 Pneumothorax 2,728 38,192 1,930
D7 Consolidation 3,332 46,648 2,310
D8 Fluid Overload/Heart Failure 674 9,436 132
D9 Pneumonia 3,814 53,396 2,590

All 9 Pathologies Total 79,902 1,095,132 55,504

Silhouette”, 7 of the most frequently occurring anatomical regions were extracted. For the

pathology label “Enlarged Cardiac Silhouette”, the dataset provides only one corresponding

bounding box.

3.2.2 Baselines

We compare the CheXRelNet model against the following baselines: 1) Local model: we

utilize a previously proposed siamese network trained on cropped RoIs, encoded with a pre-

trained ResNet101 autoencoder and passed through a dense layer and a final classification

layer [104]. This model essentially only looks at the corresponding anatomical regions and

considers neither global information nor intra-region dependencies. 2) Global model: we

also design a Siamese architecture that encodes the entire CXR as opposed to only the

cropped RoIs in the Local model. Apart from the input being a full image rather than an

RoI, the model architecture is the same as the Local model. Hence, this baseline incorporates

the global information but does not take into consideration the anatomical region of interest

nor explicitly models inter-region dependencies. These two siamese models serve as baseline
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(b) Global Baseline

Figure 3.4: The Local and Global baseline siamese networks

methods to contrast the effectiveness of CheXRelNet, which not only is location-aware but

can also explicitly model both inter-region and intra-image CXR dependencies. Figure 3.4

shows the two baseline model architectures.

3.2.3 Implementation Details

To train each model, we use the train/validation/testing splits and detected RoIs provided by

CHEST IMAGENOME. The two different feature extraction pipelines result in slightly distinct

training workflows. The base feature extractor is a pre-trained ResNet101 autoencoder

[19]. This autoencoder is trained on Padchest [14], NIH [44], CheXpert [43], and MIMIC

datasets [46]. For each image within the comparison pair, we crop the image RoIs and

resize them to 224 × 224, and feed the cropped RoIs separately to the ResNet101 encoder.

When using the FPN-based feature extraction pipeline, the entire image is directly fed to

the ResNet101 encoder, and the RoIs are cropped from encoded feature maps. We extract 4

feature maps from different layers of the encoder, their sizes are (256×56×56), (512×28×28),

(1024 × 14 × 14), and (2048 × 7 × 7). Each cropped RoI is then finally embedded into a

2048-dimensional vector. The co-occurrence matrix threshold is set to 0.5.

Our model is a 2-layer graph neural network with 2048 and 1024 neurons per layer, in the
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Table 3.2: Comparison against baselines (accuracy)

Method D1 D2 D3 D4 D5 D6 D7 D8 D9 All
Local 0.59 0.53 0.60 0.47 0.56 0.46 0.61 0.47 0.63 0.60
Global 0.67 0.69 0.64 0.74 0.71 0.50 0.65 0.69 0.67 0.67
CheXRelNet 0.67 0.68 0.66 0.75 0.71 0.52 0.67 0.73 0.67 0.68

first and second layers, respectively. There are 5 and 3 multi-head-attentions in each respec-

tive layer. The output from the graph attention network is concatenated with the global

information and then passed through two dense layers of sizes 768 and 128, respectively. We

train the network using Adam [51] optimizer for 200 epochs, with a 0.8e−3 initial learning

rate [100] and a batch size of 32. To avoid overfitting, we utilize early stopping with patience

set to 11 epochs and gradient clipping set to 0.1. In addition, we use 0.5 Dropout [88] and

a learning rate decay factor of 0.3 with the patience threshold set to 4. The model is imple-

mented by utilizing the PyTorch [74] and pytorch_geometric [26] deep learning frameworks.

The evaluation metric is accuracy and results are reported over six experimental trials.

3.3 Results

3.3.1 Binary Classification

Results are summarized in Table 3.2. CheXRelNet achieves a mean accuracy of 0.683

(SD=0.0024), while the Local model has 0.602 mean accuracy (SD=0.0059) and the Global

model has 0.672 mean accuracy (SD=0.0046) over six trials. We observe that the Local

model is generally underperforming, and it is most likely limited because it focuses on a

specific anatomical region and completely neglects global information. In contrast, radiolo-

gists often take into consideration more than one anatomical region when drawing inferences

from CXRs. The Global model is a lot more effective than the Local one, and incorporating
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Table 3.3: Transfer learning evaluation against baselines (accuracy). Models are trained
on D6-D9 and tested on unseen pathologies (D1-D5). SetA consists of unseen pathologies
{D1, D2}. SetB consists of unseen pathology labels, {D3, D4}. Set C consists of all unseen
pathology labels {D1,D2,D3,D4,D5}.

Method D1 D2 D3 D4 D5 SetA SetB SetC
Local 0.56 0.49 0.54 0.49 0.55 0.54 0.55 0.54
Global 0.61 0.63 0.60 0.65 0.63 0.61 0.63 0.62
CheXRelNet (ours) 0.64 0.60 0.61 0.68 0.67 0.63 0.64 0.64

global information boosts the prediction accuracy. Yet, the Global model is also limited as it

focuses on the entire image but fails to consider the relationships among anatomical regions.

We additionally perform statistical significance tests, i.e. an unpaired t-test (p = 0.049) and

a one-tailed t-test (p = 0.018) comparing CheXRelNet and the Global baseline. These t-test

results verify that the CheXRelNet and Global baseline predictions follow distinct distribu-

tions and that the improvement in accuracy is significant at p < 0.05. Overall, CheXRelNet

improves upon the Global model’s prediction accuracy by modelling the inter-image and

intra-image region correlations and attending to the anatomical regions of interest.

3.3.2 Transfer Learning

We also perform a transfer learning experiment wherein we train CheXRelNet on a set of

diseases and test performance on a different set of diseases [16, 106]. Specifically, we train

CheXRelNet on a subset of the data with ‘Pneumothorax’, ‘Consolidation’, ‘Fluid Overload/-

Heart Failure’, ‘Pneumonia’ (D6-D9) pathologies, and test on the following pathology labels

that are unseen during training: ‘Lung Opacity’, ‘Pleural Effusion’, ‘Atelectasis’, ‘Enlarged

Cardiac Silhouette’, and ‘Pulmonary Edema/Hazy Opacity’ (D1-D5). Results are reported

in Table 3.3. We perform this experiment on individual unseen pathology labels as well as on

sets of multiple unseen pathology labels. We observe that our model can generalize well to
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Table 3.4: Pathology-specific comparison of CheXRelNet against baselines.

Method D1 D2 D3 D4 D5 D6 D7 D8 D9 AVG
Local 0.63 0.55 0.59 0.62 0.68 0.53 0.60 0.45 0.63 0.59
Global 0.68 0.64 0.61 0.69 0.70 0.49 0.59 0.69 0.58 0.63
CheXRelNet (ours) 0.67 0.69 0.61 0.71 0.70 0.49 0.67 0.65 0.65 0.65

unseen pathology labels. We can attribute this to the incorporation of both local and global

information during training. The model is learning associations between different anatomical

regions and therefore can identify complex bio-markers associated with the progression of

pathologies.

3.3.3 Pathology-specific Models

In this experiment, we train models that are specific to a given pathology label. Hence, unlike

Table 3.2, where the model is trained jointly for all nine pathology labels and later tested

over each individual pathology, here we train and test our model on the same pathology

label. Results are shown in Table 3.4. From these results, we can infer that CheXRelNet is

comparable to or outperforms the Local and Global baselines for five out of nine pathologies.

For the pathologies ‘Pleural Effusion’ (D2), ‘Consolidation’ (D7), and ‘Pneumonia’ (D9), the

difference in accuracy is greater than or equal to 5%. Compared to the results in Table 3.2,

another interesting observation is that when our model is trained for all pathologies, the

classification accuracy is higher. We attribute this observation to the presence of a consis-

tent pattern of disease progression across all pathologies. Hence, the model trained on all

pathologies can generalize better and is more consistent than the one trained on a single

pathology.
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Table 3.5: Ablation study on model structure and capacity.

Model Local Global CheXRelNet

Type A Type B Type C Type A Type B Type C Type A Type B Type C Type D
#Parameters (M) 25.6 34.7 41.4 25.6 34.7 41.4 38.6 27.8 54.3 28.9
Accuracy 0.60 0.64 0.63 0.67 0.67 0.67 0.68 0.68 0.68 0.67

3.3.4 Ablation Study: Model Architectures and Capacity

We perform an ablation study to investigate if there exists a correlation between the per-

formance and the model capacity (number of trainable parameters). Results are shown in

Table 3.5. For all three models, the architectures named Type A are the ones used through-

out the study. The architectures named Type B and Type C, for the Local and Global

baselines, have more dense layers and neurons. As for the graph models, Type B, Type C are

the shallower and deeper versions of CheXRelNet having 1 and 3 Graph Attention (GAT)

layers, respectively, whereas Type A is the actual CheXRelNet that has 2 GAT layers. Type

D is the version of our CheXRelNet model without attention and in that we replace the GAT

layers with simpler Graph Convolution layers. The number of trainable parameters and

corresponding accuracy is reported in Table 3.5. We can infer that the model performance

is less influenced by the model capacity and that the graph neural network is the prominent

differentiating factor.

3.3.5 Improvement in Computing Efficiency with FPNs

The use of FPN and RoI-Align layers greatly speeds up the training and inference phase.

Table 3.6 compares the training and inference times, and the overall prediction accuracy of

CheXRelNet and CheXRelNet with FPN. Without FPN, CheXRelNet has a training time of

13.9 hours (SD = 1.07) and an inference time of 1.28 seconds (SD = 0.49) on GPU, over

six trials. With FPN, CheXRelNet has a training time of 6.7 hours (SD = 0.82) and an
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Table 3.6: Speedup with FPN and RoIAlign layers

Model Training (↓) Inference (↓) Accuracy (↑)
ChexRelNet 13.9 h 1.28 s 0.68
ChexRelNet with FPN 6.7 h 0.6 s 0.68

Table 3.7: Comparison against baselines with ‘no change’ samples.

Method D1 D2 D3 D4 D5 D6 D7 D8 D9 All
Local 0.41 0.37 0.41 0.29 0.37 0.37 0.49 0.29 0.42 0.43
Global 0.45 0.47 0.44 0.48 0.48 0.36 0.47 0.50 0.43 0.45
CheXRelNet (ours) 0.49 0.47 0.44 0.49 0.49 0.36 0.47 0.44 0.47 0.47

inference time of 1.02 seconds (SD = 0.3) on GPU, over six trials. However, we do not

see any improvement in the model performance over the change classification task. Overall

accuracy with FPN is 0.680 (SD = 0.016) and without FPN is 0.683 (SD = 0.0024) Hence,

we can conclude that the addition of FPN and RoI-Align results in almost 2x speedup in

training and inference.

3.3.6 Adding “No Change” samples

Table 3.7 shows the results when we repeat the original experiment with samples wherein

there is no change in the disease progression. Albeit the accuracy drops considerably for all

models, CheXRelNet outperforms baselines. Future work can target improving the model

performance and making the model robust to “No Change” samples.

3.3.7 Qualitative Results

We visualize the model predictions for different pathologies. Figure 3.5a showcases an input

image pair for the pathology label ‘Fluid Overload/ Heart Failure’ where there has been

a worsening in the patient’s condition. For this particular pair, the anatomical region of
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CXR 1 CXR 2

(a) Image pair for pathology D8, class: Worsened

CXR 1 CXR 2

(b) Image pair for pathology D9, class: Improved

Figure 3.5: Qualitative Results. Figure (a) shows the image pair for pathology Fluid Over-
load/Heart Failure. Figure (b) shows the image pair for pathology Pneumonia

interest (ROI) is ‘Cardiac Silhouette’, which is depicted with a red bounding box. Other

anatomical regions that our model takes into consideration when making predictions are

shown in green bounding boxes. The previous and current CXRs are named ‘CXR 1’ and

‘CXR 2’, respectively. Upon close inspection, we can see there are subtle changes within the

ROI as well as in other parts of the CXR. There is increased haziness in the Left and Right

Lungs, and minute changes in the Cardiac Silhouette. Similarly, Figure 3.5b, depicts the
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input image pair for the pathology label ‘Pneumonia’, and the case where there has been

an improvement in the patient’s condition. For this particular pair, the anatomical ROI is

the ‘Right Lower Lung Zone’. In addition to changes within the ROI, there are significant

improvements in the regions ‘Left Mid Lung Zone’ and ‘Left Lower Lung Zone’. The Local

model focuses only on the ROI, whereas the Global model focuses only on the entire image.

Hence, both of these fail in making correct predictions about these images. Our CheXRelNet

model builds associations between various regions and hence is able to factor in the minute

changes across the entire anatomy while making predictions.

3.4 Discussion

CXRs are repeatedly requested in the clinical workflow to assess for a myriad of attributes.

Diagnosis and monitoring are typically performed through comparisons of sequential CXR

images, both in in-patient and outpatient settings. Given a patient with two sequential CXR

exams, the goal of this work is to automatically evaluate disease change. To this end, we

describe a methodology for localized relation comparisons between CXR images. This is a

rather complex task because

1. There is no ideal frame of reference in chest radiography. i.e., there is no CXR that

represents the absolutely perfect health condition and hence enables us to compare a

new CXR exam and directly infer whether the medical condition of the patient has

improved or worsened.

2. The biomarkers for change are specific to a given patient and for a given pathology.

i.e. two patients sharing the same condition will show different features of change even

if the disease progression trend for both of them is the same.
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3. Finally, slight changes between CXR examination environments caused by changes in

lighting conditions, patient movements, and deviations in the angle of imaging, make

it even more difficult to extract quality visual features from the CXRs.

The proposed CheXRelNet makes initial strides in overcoming these hurdles by fusing global

image-level information, local intra-image region-level correlations, and inter-image correla-

tions. Experimental results show that CheXRelNet outperforms baselines in both traditional

and transfer learning settings. As a result, our method provides the necessary components

for monitoring the progression of pathologies that are visualized through chest imaging.

With hopes of igniting future research in this direction, we have open-sourced the code at

https://github.com/PLAN-Lab/ChexRelNet.

In the future, we hope to expand our work to model disease progression among several

sequential CXRs, incorporate additional temporal context information and physiological

data [47, 104] and account for the time interval variability found in longitudinal imaging

records. Also, the net gain in performance over the global baseline model is limited. This

could be improved upon by constructing more informative graphs. In the current graph

construction methodology the edges are static. A possible future work could transform the

edges into more stochastic nature and infuse edge features into them. Expanding the model

to cover the “No Change” samples without a drop in performance is also something we plan

to further investigate.
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Chapter 4

Causal Structure Learning

The previous chapter introduced a novel way to analyse chest radiographs and track anatom-

ical changes over time. While we utilized only image data, there are abundant other works

which make use of medical data in different modalities - images, text, speech, biological

signals, etc., for diagnosis and treatment recommendation tasks [77]. Neural methods can

take in, process, and output multimodal information. Overall the universal applicability of

neural networks is one of the most widely recognized and decorated findings in the study

of intelligence [41]. The universal approximation theorem of neural methods along with the

insight that most tasks can be simplified and represented as input/output, that is, as func-

tions, results in the belief that neural networks under the correct set of conditions can solve

the majority of tasks in AI. In this chapter, we investigate this belief in the context of Causal

Inference, Structural Causal Models (SCMs), and Graph Neural Networks. More precisely

we explore whether neural methods with inductive bias such as GNNs can be utilized for

causal discovery based on observational data.

Correlation seldom reveals causation. This is especially significant in medical environments.

For example, consider a machine learning model that predicts hospital readmission rates

based on EHRs. If the model detects a strong correlation between a particular medication

and readmission rates, it may be alluring to say that the medication is the cause behind

patient re-admissions. However, without considering other contributing factors such as pa-

tient demographics, the severity of underlying conditions, and so on, this reasoning may be
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incorrect. Hence, by incorporating causal reasoning into deep learning methods we can aug-

ment their accuracy and reliability, and ultimately improve clinicians’ trust in traditionally

black-box deep learning techniques.

Graphs, or more precisely Directed Acyclic Graphs (DAGs), are core to causality and are a

simple and intuitive way of representing SCMs. Graph-structured data is widely prevalent

in the real world and healthcare settings. It is thus quite interesting to think about the

usability of GNNs in uncovering causal insights in data. From a high-level perspective, one

can intuitively relate Belief Propagation (BP) in BNs to the message-passing framework in

GNNs. In this chapter,

1. We explore the applicability of Graph Neural Networks for causal inference.

2. We relate interventions in causality theory to graph manipulations.

3. We try to simulate BP with message passing in GNNs and hence explore the utility of

GNNs in structure learning.

4. We conduct experimental analysis on nine expert-curated Bayesian networks, with six

of these originating from the medical domain.
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4.1 Methodology

Zecevic et al. [109] establish theoretical proofs and reasoning relating GNNs to SCMs. They

theoretically prove that any GNN can be seen as a neural SCM variant. Additionally, they

extend this relation to the Neural Causal Model (NCM) introduced in [105]. The concept

of intervention is central to causality as suggested by Holland et al., -“No causation without

manipulation” [40]. Hence in Zecevic et al. [109], equation (9) introduces the process of

intervention within a GNN computational layer. They define intervention as follows:

Definition 1 (Intervention): An intervention x on the corresponding set of variables X ⊆

V within a GNN layer f(D,AG) denoted by f(D,AG|do(X = x)), where D is some dataset

considered to be vector-valued samples of our variables {vi}ni=1 ∈ Rd and AG ∈ Rn×n is the

adjacency matrix representation of our graph G, is defined as a modified layer computation,

hi = ϕ(vi,
⊕
j∈MG

i

ψ(vi, vj)), (4.1)

where the localized local neighbourhood is given by,

MG
i = {j|j ∈ NG

i , j /∈ Ti ⇐⇒ i ∈ X} (4.2)

where ϕ(·) is permutation invariant function on each of the variable features di and their

respective neighbourhoods, NG
i denotes the regular graph neighborhood, Ti denotes the set

of parent nodes of the ith variable, and hi represents the updated information of node i

aggregated (
⊕

) over its neighborhood in the form of messages ψ. Such GNN layers are

said to be interventional. This definition stresses the local nature of intervention in SCM.

Simply put intervention with the do operator in an SCM is analogous to manipulating the
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Figure 4.1: Doing interventions on causal DAGs

graph. After intervening or manipulating the graph the modified neighbourhood of a given

node is the subset of the original neighbourhood. This alters the adjacency matrix. This

is illustrated in Figure 4.1. In our experiments, instead of manipulating the graphs within

GNN layers, we do the interventions outside the GNN. This change simplifies the GNN

training methodology and enables us to use a more standard GNN architecture such as

Graph Convolution Network (GCN). It also allows us to realize a direct one-to-one mapping

between interventions and the downstream prediction performance of the model.

Let C be an SCM represented by the causal DAG G(V , E), where vi ∈ V , for i = 1, ..., n

is the set of d endogenous variables or graph vertices. Given, this SCM C we can simulate

a dataset DV of N samples by forward sampling. Each sample di ∈ Rn in DV constitutes

of n variables {vi}ni=1 ∈ Rd. We select a target variable vt ∈ Rd, for t ∈ 1, ..., n, and

define a neural model vt ← fθ(DV ′ , AG), where V ′ = V \ vk, AG is the adjacency matrix

defining the DAG G, and θ = arg maxP (vt|DV , G(V , E)). Given the model fθ, the sampled

data DV , and the causal DAG G, we aim to evaluate how the interventions on the DAG

affect the downstream prediction performance of vk, and hence (indirectly) infer the causal

relationships. The interventions are caused by altering AG. The underlying intuition is
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given an SCM and an accompanying causal DAG, the model performance on a downstream

inference task will vary with the structure of the DAG. When the DAG structure deviates

from the actual DAG structure of the data-generating SCM, the downstream performance

will decrease. We can thus use a neural model conditioned on the adjacency matrix to rank

different causal DAG structures using the downstream prediction performance as a proxy.

Formally the null and alternative hypotheses of our experiments are

Null Hypothesis, H0 : The downstream prediction performance does not vary with the

amount of intervention in the DAG structure. Hence it cannot be used to rank DAGs.

Alternative Hypothesis, Ha : The downstream prediction performance varies with the amount

of intervention in the DAG structure. Hence it can be used to rank DAGs.

The model fθ compromises of message passing the GNN layer and a final dense layer to

perform the prediction (classification) task. We first embed all the endogenous variables in

V ′ = V \ vk in a high-dimensional space. Each variable acts as a node in the graph defined

by the adjacency matrix AGV′ ∈ R(n−1)×(n−1). To simulate belief propagation via message

passing, we utilize a Graph Convolutional Network (GCN) [52], R = g(vi,AG′
V
), as follows:

R(t+1) = σ(Õ−1/2ÃÕ−1/2RtW t) (4.3)

W (t) is the trainable weight matrix for GCN layer t. Ã = AGV′ +In−1 is the adjacency matrix

with added self-connections and Oii =
∑

j Ãjj. σ(.) is the activation function such as ReLU

[67]. R(t) ∈ R(n−1)×d are the node embeddings for all n nodes after the Lth GCN layer. After

L GCN layers, we extract node embeddings corresponding to the terminal nodes. Terminal

nodes are defined as follows:
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Definition 2 (Terminal Nodes). An endogenous node is said to be a terminal node in the

DAG if it is the direct parent of the designated target node. i.e., Vtn is a set of terminal

nodes with respect to the target node vt if and only if Vtn ∈ V \ vt and Vtn = Tvt , where Tvi
are the parents of node vi ∈ V .

The extracted node embedding Rtn ∈ R(|Vtn|×d) is given by,

Rtn = Rvi
(t+1)1{vi ∈ Vtn}. (4.4)

The final prediction of the target node state is computed as,

v̂t = RtnW
T
2 , (4.5)

where, W2 ∈ R(|Vtn|d)×M is a fully connected layer and M is the total number of states the

target node vt takes. The overall network is then trained with binary cross-entropy loss,

L =
1

N

N∑
i=1

M∑
m=1

vti,mlog(σ(v̂ti,m)) + (1− vti,m)log(1− σ(v̂ti,m)), (4.6)

where, σ(.) is the softmax operator. The entire model and the methodology are illustrated

in Figure 4.2.

We follow the same training procedure for all intervention operations. That is, each inter-

vention creates a new DAG structure as shown in Figure 4.1. Then this manipulated DAG

is fed into the GNN model. We can then evaluate the structural integrity of DAGs based

upon the GNN performance on the simulated data generated by forward sampling the orig-

inal SCM C. We use prediction accuracy to score and rank each DAG. This is illustrated in

Figure 4.3.
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Figure 4.2: Method Design. Figure (a) shows the DAG representation of a data-generating
SCM or BN. We simulate data by forward sampling this BN. Figure (b) shows the entire
GNN pipeline. The node embedding from the graph minus the target node (here D) is fed
to the GCN layers. Message passing happens within the GCN layers and the updated node
embeddings are passed ahead. Based upon the original DAG structure (refer Figure (a))
only the terminal node embeddings (A and B) are passed on to the final classification layer,
which makes predictions for the target node (D).

4.2 Experiments

4.2.1 Dataset

The proposed GNN model is trained and evaluated on 9 diverse Bayesian Networks (BNs)

from the bnlearn network repository [81]. The BNs are summarized in Table 4.1. We run

experiments over 3 small BNs, 3 medium BNs, 2 large BNs, and 1 very large BN. The number

of nodes in the network characterizes the size of the BNs. All BNs are composed of discrete

variables. Hence, the final prediction task is multi-class classification. Below we describe

each network in detail.
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Figure 4.3: The DAG scoring methodology. DAG G is the original DAG for an arbitrary
SCM C and dataset D is generated by forward sampling from C. DAGs G1, G2, G3 are the
resultant DAGs after introducing interventions. The same dataset D is used to evaluate the
performance of all DAGs after message passing.
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Table 4.1: Dataset Charachteristics

Network Size Network Name # Nodes # Arcs # Parameters Target Node
Small Cancer [53] 5 4 10 “Dyspnoea”
Small Asia [56] 8 8 18 “dysp”
Small Sachs [79] 11 17 178 “Akt”

Medium Child [86] 20 25 230 “GruntingReport”
Medium Alarm [13] 37 46 509 “BP”
Medium Water [45] 32 66 10,083 “CNON_12_45”
Large Hailfinder [4] 56 66 2,656 “R5Fcst”
Large Hepar2 [71] 70 123 1,453 “consciousness”

Very Large Diabetes [9] 413 602 429,409 “bg_24”

Cancer: The Cancer BN, also known as the “Cancer” model, is a commonly used example

of a BN in causal modelling [53]. This network represents a set of variables related to

pollution, smoking, X-ray, dyspnoea, and cancer. The target node is the binary variable

“dyspnoea”, and the task is to predict its presence.

Asia: The Asia BN, also known as the “Asia” model, is a well-known example of a BN

used in causal modelling. The Asia model was first proposed by Lauritzen and Spiegelhalter

in 1988 [56] and has since been used as a benchmark dataset in various studies of BN

inference and Causal Discovery algorithms. The network represents a set of variables related

to lung cancer, including smoking, pollution, tuberculosis, and cancer, among others. The

Asia model serves as a good illustration of the challenges in causal inference, as it involves

variables with complex interdependencies and intricate causal relationships. The target node

is binary variable “dysp” or “dysponea” and the task is to predict its presence.

Sachs: The Sachs BN consists of 11 nodes, representing different variables related to

gene regulation and cell signalling pathways [79]. These nodes are named after the biological

factors they represent: ERK, JNK, p38, Akt, PKA, PKC, p70S6K, MSK, CREB, ATF2,

and Elk1. The interactions among these nodes are represented by directed edges in the BN,
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with each edge indicating a causal relationship between the corresponding variables. The

target node is “Akt”, and can have 3 distinct states. Hence the network task is a 3-way

classification task.

Child: The Child BN models the relationships among a set of variables that are thought

to influence respiratory illness within children [86]. The nodes in the BN include variables

such as the child’s age, symptoms, and exposure to pollution, chest X-ray reports, as well as

environmental factors such as the time of year and the presence of other respiratory illnesses

in the community. The target node is “GruntingReport” and the prediction task is to binary

prediction between “yes” and “no”.

Alarm: The Alarm BN models a medical alarm system in an intensive care unit, with

nodes representing different physiological variables such as blood pressure, heart rate, and

respiratory rate, as well as alarms that can be triggered based on the values of these variables

[13]. The Alarm network has been widely used for testing and evaluating probabilistic

inference algorithms and decision-making strategies, as well as for exploring the challenges

and complexities of modeling real-world systems using probabilistic graphical models [15].

The target node is “BP” or relating to “Blood Pressure”. The network task is to predict

whether the blood pressure is low, normal, or high.

Water: The Water BN models an expert-designed system for wastewater management

[45]. The nodes represent the state of the system at different stages of the water treatment

process. The target node here is “CNON_12_45”, which takes 4 different states relating to

the influent flow.
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Hailfinder: The Hailfinder BN is a model designed to predict hailstorms [4]. It was

developed by the National Center for Atmospheric Research (NCAR) and uses data from

weather stations, radars, and satellites to make its predictions. The network consists of

nodes representing different weather variables, such as temperature, humidity, and wind

direction. The model is trained on historical data of hailstorms and their associated weather

conditions, allowing it to learn the complex relationships between different variables and

how they contribute to the weather forecast. The target node is “5Fcst” or the forecast for

Region 5 (Denver), which takes 3 states - Nil, Significant or Severe hailstorms.

Hepar2: The Hepar2 is BN for diagnosis of liver disorders [71]. The model was generated

based on 570 patient records at the Gastroenterological Clinic of the Institute of Food and

Feeding in Warsaw. The variables can be divided into three groups: symptoms reported

by patients, objective evidence by physicians, and laboratory results. The target node is

“consciousness” and the task is to predict its presence.

Diabetes: The Diabetes BN is a differential equation model of carbohydrate metabolism

[9]. This network is a rule-based system for insulin therapy to control blood glucose levels.

The base model is a discrete-time model with a one-hour time step, that describes the factors

affecting the patient blood glucose. A 24-hour model is then constructed by concatenating

the one-hour models. The target node is “bg_24” or the blood glucose levels over a 24-hour

time slice. This variable takes 11 states relating to the glucose level.
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4.3 Implementation Details

The target node for each BN described above is listed in the last column of Table 4.1. The

target node is chosen based upon topological ordering of the DAG [99] (refer Appendix A

for more details). For each BN, we generate 10,000 samples by forward sampling. Out of

these, 6,000 samples constitute the training set, and the testing and validation set comprises

2,000 samples each. For each BN, we create additional interventional DAGs. These are

characterized by increasing amounts of noise or perturbation. As the noise increases, the

DAG structure deviates farther from the original. The perturbation is designed to keep the

number of edges constant as well as to maintain acyclicity in the graph. Throughout our

experiments, we utilize six noise levels ranging from 0 to 1. At noise level 0.2, 20% of the

edges in the original DAG are replaced by an equivalent number of random edges, and so on.

We train a new model from scratch for each BN and each noise level. The evaluation metric

is classification accuracy. Overall we train and evaluate 9× 6 = 54 models. Our model is a

2-layer GCN followed by MLP consisting of two dense layers with ReLU [67] activation. The

number of neurons in the GCN varies as per the size of the BN. Similarly, the number of

neurons in the MLP varies with the number of terminal nodes in the DAG and the number of

states the target node takes. The classes for the classification task correspond to the target

node/variable states. Before feeding into the model, each discrete variable is mapped onto

a 16-dimensional feature space, by an embedding layer.

We train the networks using Adam [51] optimizer for 50 epochs, with an initial learning rate

set to 1e−2, and a batch size of 256. We also use 0.5 dropout in between the GCN and MLP

layers and a learning rate scheduling paradigm that reduces the learning rate by a decay

factor of 0.3 if there has been no improvement in the classification accuracy for 4 epochs.

To avoid overfitting we implement early stopping with the patience of 10 epochs. For each

DAG (original and intervened) we compute the Bayesian Information Criteria (BIC) score
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[69]. BIC is widely used for evaluating structure learning algorithms. The GNN model is

implemented by utilizing PyTorch [74] and pytorch_geometric [26] deep learning frameworks,

and data generation for BNs, perturbation operations, and BIC evaluation is implemented

with the pgmpy library [10]. In Section 4.4 we report the BIC as well as the testing accuracy

for all DAGs and also compute the correlation between noise, BIC, and accuracy.

4.4 Results

The results are illustrated in Figure 4.4 and Figure 4.5. We plot the accuracy and the BIC

score against increasing noise levels over eight trials. The solid red line represents the mean

downstream prediction accuracy and the shaded red region is the 95% confidence interval.

Similarly, the solid blue line is the BIC score and the shaded blue region is its 95% confidence

interval. A higher BIC score (less negative) indicates a better model fit. Hence, ideally, the

BIC score should decrease as we increase the noise. Figure 4.4 shows how the trend of the

metrics for small and medium-sized BNs as delineated in Table 4.1. We can observe that the

BIC score is downward trending for five out of the six BNs. Pearson correlation test reveals

that the BIC score is negatively correlated for Cancer, Asia, Sachs, Child, and Alarm and is

significant at p < 0.05 (refer to Table A.1 in Appendix A). However, there seems to be no

such trend in the accuracy curves. Only Asia and Water BNs showcase a negative correlation

between accuracy and noise that is statistically significant at p < 0.05. Figure 4.5 shows

how the metrics trend for the remaining large and very large BNs. For these BNs there exists

no correlation between the BIC score and noise levels. The accuracy curves follow the same

trend as in Figure 4.4 and they are uncorrelated with the noise except only for Diabetes.

While the BIC score trends are surprising, considering this to be a conventional metric

for evaluating structure learning methods, one can notice that BIC becomes increasingly
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(a) Cancer (b) Asia (c) Sachs

(e) Child (f) Alarm (g) Water

Figure 4.4: Accuracy and BIC score on small and medium sized BNs

(a) Hailfinder (b) Hepar2 (c) Diabetes

Figure 4.5: Accuracy and BIC score on large and very large BNs

unreliable with an increase in the network size. Based on these results, we can conclude that

downstream accuracy is not a good metric for scoring DAGs or the evaluation of structure

learning methods. Hence, we cannot reject the null hypothesis (H0) defined earlier.
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4.5 Discussion

GNNs require well-defined graph structures for accurate graph representational learning,

and structure learning aims to generate these graph structures. Thus in this chapter, we

have explored whether GNNs can collectively address both these problems. We developed

a workflow that tries to simulate Belief Propagation in BNs with message-passing networks

and ran experiments to check if this workflow can be used for structure learning. The

experimental results show that downstream model performance is not a good proxy for

evaluating the correctness of causal structures. Possible reasoning for the observed results

is the modularity of interventions or the do operation [75]. An SCM can be said to be a

collection of local partial mechanism fij of any structural equation [109]. An SCM thus

considers a particular mechanism for each variable or node in the graph. This directly

relates to the atomic property of the do operator. GNNs however have the property of

shared computations which might violate the localized nature of interventions. The update

function (which updates the node embeddings) is shared amongst all nodes in the graph. This

thus creates a discrepancy when trying to simulate belief propagation in BNs. Additionally,

GNNs use message passing to learn representations of the graph, while BP in BNs uses

message passing to perform probabilistic inference. Hence even though message passing and

belief propagation schemes both work on graph-structured data it might not be prudent to

directly equate them.

When we manipulate the DAG with noise, we are causing interventions in the SCM. Consider

the DAGs G and G2 in Figure 4.3. The intervened DAG G2 has additional edges between

nodes C and D and between nodes C and B, and it is missing an edge between nodes A

and D. i.e., our intervention is causing node C to send a message or propagate belief to

nodes D and B and it is obstructing the message from node A to node D. However, the

dataset is generated based on the original DAG G and the data has no observations for
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this new scenario created by us. Feeding such data to a GNN has the potential to result in

stochastic behaviour since we are essentially trying to answer interventional questions from

observational data. This violates PCH [76] and could be another possible explanation for

our results.

We also see that the BIC score, while quite accurate for smaller networks, becomes incon-

sistent as the size of the BNs grows. It is also computationally expensive to calculate the

BIC score for large networks. Our experiments on a massive BN, MUNIN, [8] with 1041

nodes and 80592 parameters were unfeasible to run. The BIC score has a time complexity

of O(NM) where N is the number of data points and M is the number of parameters in the

network. Hence there is a need to find more efficient metrics for structure learning [20].
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Chapter 5

Conclusions

In this thesis, we explore the utility of geometric deep learning for healthcare applications.

Our motivation for using GNNs is the flexibility they offer in representing real-world informa-

tion as graphs, where nodes and edges can represent different entities and their relationships.

The learnings from our studies may facilitate the development of novel graph representation

techniques for a variety of real-world settings. The foremost conclusive deliverables and

prospects of our work are listed as follows:

1. We develop CheXRelNet, a novel graph-based deep learning model for identifying

changing pathology in longitudinal CXR examinations. CheXRelNet utilizesz struc-

tural information that is crucial to diagnosis. Representing CXR regions as nodes

within the graph and allowing message propagation within is clinically intuitive, in the

sense that any organ within the human body is influenced by the changes occurring in

the surrounding regions. This work transforms the biomedical image analysis problem

into a scene understanding task and opens up interesting possibilities in graph repre-

sentation learning for medical images. Our novel graph construction methodology can

be further expanded to other problems wherein there are multiple interacting entities

and the interactions between them are significant for efficient representation learning.

2. We propose a novel GNN-based workflow for causal structure learning that tries to

score DAGs by using downstream prediction accuracy as a proxy for the structural
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score. Although the results of this study did not support our hypothesis, we believe

that the findings have provided valuable insights into the limitations and challenges of

the proposed approach. The lack of correlation between prediction accuracy and the

DAG structure suggests that it is not prudent to directly equate belief propagation

in BNs to message passing in GNNs. Despite this setback, we believe that our study

adds to the growing body of literature in this area and lays the groundwork for future

research in the intersection of GNNs and SCMs.
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Appendix A

A.1 Topological Sorting

Topological sorting is a common operation in graph theory that involves arranging the ver-

tices of a DAG into a linear ordering such that for every directed edge (u, v), vertex u

comes before vertex v in the ordering. This linear ordering is known as a topological sort or

topological order of the DAG.

The topological ordering of the DAG results in an upper or lower triangular adjacency matrix.

Having the original DAG topologically sorted is essential to performing interventions in the

DAG and yet maintaining the property of acyclicity. Once the DAG is topologically sorted we

select the last node in the sorted order as the target node which defines the GNN prediction

task. This ensures that both the graphs defined by AGV and AGV′ are DAGs.

A.2 Pearson Correlation Test on Accuracy, BIC score,

and noise level

Table A.1 shows the Pearson correlation coefficient for accuracy, BIC score, and noise. The

statistics at p < 0.05 significance are highlighted in bold.
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Table A.1: Pearson Correlation test on accuracy, BIC score, and noise level. The p-values
for each correlation statistic are shown in parentheses.

Network Name Noise - Accuracy Noise - BIC BIC - Accuracy

Cancer -0.02 -0.47 0.42
(0.87) (7.0e-04) (3e-03)

Asia -.0.72 -0.93 0.73
(7.06e-09) (1.0e-21) (3.7e-09)

Sachs 0.26 -0.87 0.32
0.07 6.79e-16 0.02

Child 0.21 -0.81 0.18
0.14 3.4e-12 0.21

Alarm -0.05 -0.79 0.05
(0.71) (2.3e-11) (0.69)

Water -0.6 -0.22 0.07
(5.91e-06) (0.13) (0.64)

Hailfinder 0.31 0.03 -0.5
(0.03) (0.82) (1.4e-05)

Hepar2 0.0 0.009 0.15
(0.99) (0.95) (0.31)

Diabetes -0.83 -0.53 0.44
(1.50e-11) (2.3e-4) (0.004)
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