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Abstract

Tobacco smoking is one of the health risk factors most associated with population morbidity

and mortality causing a variety of lung diseases that are responsible for the death of more than 8

million people each year. The inhalation of cigarette smoke can affect the lung in diverse ways and

is directly associated with the development of lung parenchyma disorders including emphysema,

characterized by airspace dilation and alveolar destruction, and interstitial or fibrotic changes caused

by the inflammation and scarring of pulmonary parenchyma. These parenchymal injuries are often an

irreversible process specially when they are in an advanced stage.

High resolution computed tomography (HRCT) plays an essential role in the diagnosis and assess-

ment of disease prognosis and progression of lung diseases. In this thesis, we developed deep learning

approaches to characterize parenchymal injury patterns on HRCT, which may facilitate disease under-

standing, serve as a strong basis to assess disease prognosis and progression, and facilitate automated

diagnosis of lung diseases at early stages.

In this Ph.D. thesis, we described a novel optimally cost-effective convolutional neural network

(CNN) to characterize emphysema subtypes which was subsequently extended by developing an en-

semble of multiple CNN covering the lesions’ multiscale representation designed to identify interstitial

lung abnormalities that are found as early sign of fibrotic disorders in the lung parenchyma. Moreover,

we proposed an innovative CNN segmentation architecture to identify paraseptal emphysema lesions,

a particular subtype of emphysema with a unique notion of location, that leverages and exploits 3D

contextual information while producing 2D annotations alleviating the need of having 3D labels which

carries a high burden from experts. Finally, we designed a novel methodology that learns the spatial

interdependence of parenchymal injuries patterns using a segmentation approach from an initial

labelling based on local methods. This new paradigm relieves the need for delimited annotations to

perform segmentation tasks.

Developed approaches have demonstrated that are able to identify subtype injury patterns which

are related to different clinical outcomes. Therefore, these methods allow to advance in the under-

standing of both lung diseases and the clinical implications of the different parenchymal patterns.



Resumen

El consumo de tabaco es uno de los mayores factores de riesgo para la salud asociado a una alta

morbilidad y mortalidad debido a que causan una variedad de enfermedades pulmonares responsables

de la muerte de más de 8 millones de personas al año. El tabaco afecta a los pulmones de diversas

maneras y está directamente relacionado con el desarrollo de desórdenes en el parénquima pulmonar

como el enfisema pulmonar, caracterizado por la dilatación de los alveolos o la destrucción de sus

paredes, así como cambios fibróticos causados por una inflamación y cicatrización del tejido pulmonar.

Estos daños del tejido son usualmente procesos irreversibles, especialmente cuando ocurren en una

etapa avanzada.

La Tomografía Axial Computarizada (TAC) juega un papel esencial en el diagnóstico y la evaluación

de la progresión de las enfermedades pulmonares. En esta Tesis Doctoral se desarrollan diferentes

enfoques basados en Deep Learning para la caracterización automática de daños en el parénquima

pulmonar mediante imágenes de TAC que puedan facilitar y mejorar el entendimiento de las en-

fermedades, puedan servir como base para evaluar la progresión de la misma, y puedan facilitar el

diagnóstico automático de las enfermedades pulmonares en estadíos tempranos.

En esta Tesis Doctoral se propone una nueva y eficiente arquitectura de red neuronal convolu-

cional (CNN, del inglés Convolutional Neural Network) especialmente diseñada para la caracterización

de distintos subtipos de enfisema pulmonar. Además, esta nueva técnica propuesta ha sido extendida

desarrollando un método que combina múltiples arquitecturas CNN que cubren distintas repre-

sentaciones locales de las lesiones pulmonares para la identificación de anormalidades intersticiales,

consideradas como un signo temprano y que precede a la aparición de cambios fibróticos irreversibles

en el parénquima pulmonar. Además, se propone una innovadora arquitectura de CNN para la

segmentación de enfisema paraseptal, una lesión particular que tiene características únicas de lo-

calización. Esta arquitectura explota y aprovecha el contexto tridimensional alrededor de la lesión

mientras que produce segmentaciones bidimensionales, de forma que elimina el hecho de necesitar

anotaciones tridimensionales disminuyendo así la carga de expertos requerida para construir dichas

etiquetas. Finalmente, se ha diseñado una nueva metodología para inferir y aprender las diferentes

dependencias espaciales entre los distintos subtipos de parénquima pulmonar. Para ello se propone

una técnica de segmentación a partir de un etiquetado inicial basado en métodos locales. De esta

forma, además este nuevo paradigma elimina la necesidad de tener bases de datos de imágenes

anotadas para llevar a cabo tareas de segmentación.

Los métodos desarrollados en esta Tesis Doctoral han demostrado que son capaces de identificar

subtipos de parénquima pulmonar que están relacionados con diferentes resultados clínicos. Por tanto,

estos métodos permiten el avance en una mejor comprensión de las enfermedades pulmonares así

como de las implicaciones clínicas de los distintos patrones radiológicos presentes en el parénquima

pulmonar.
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10 CHAPTER 1. MOTIVATION AND OBJECTIVES

1.1 Motivation

Smoking is one of the health risk factors most associated with population morbidity and

mortality. Tobacco is the only legal drug which, used in moderation and exactly as intended

by manufacturers, causes severe harm to the consumers and even kills many of its users. The

Wold Health Organization (WHO) has estimated that tobacco use is currently responsible for

the death of more than 8 million people across the world each year. More than 7 million of

those deaths were attributable to direct cigarette smoking, and around 1.2 million are the

result of secondhand smoke.

Smoking related lung diseases are the respiratory manifestations of disease that are related

to cigarette smoking. Inhalation of cigarette smoke can affect the lung in diverse ways, and is

directly associated with the development of lung parenchyma disorders (Auerbach et al. 1974;

Ryu et al. 2001).

Damage to the lungs is often an irreversible process, specially when it is in an advanced

stage. Furthermore, many patients affected by lung diseases remain underdiagnosed. In this

context, a precise and early diagnosis is highly important and remains critical to properly

caring of these patients. This has become increasingly important specially for those patients

with pulmonary fibrosis, a progressive and frequently fatal disease, but where new therapies

that slow the disease progression have been introduced (Talmadge et al. 2014).

High resolution computed tomography (HRCT) plays an essential role in the diagnosis and

assessment of disease prognosis and progression of lung diseases (Mai et al. 2017). Findings

in HRCT images have a substantial effect on subsequent management decisions. However,

visual subjective analysis for disease identification is time consuming, often insensitive to

subtle changes and requires a high degree of expertise from radiologists. Objective identi-

fication of lung diseases based on HRCT images would be of enormous benefit, facilitating

automated diagnostic support at early stages, disease understanding, and assessment of

disease prognosis and progression.

New techniques in artificial intelligence, specifically the application of machine learning

and deep learning to interpreting complex medical image data, have revolutionized the field

by helping with objective diagnosis, detecting preliminary signs of disease, and predicting

how the disease will develop.

1.2 Objectives

The main objective of this PhD Thesis is the design, development and validation of com-

pletely automatic and objective methods to characterize and quantify pulmonary parenchy-

mal injuries. The most prominent hypothesis under the present work is that such methods
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would support automated diagnostic and quantification of smoke-related lung diseases, spe-

cially at early stages. Additionally, the methods could facilitate disease understanding and

become a potential source of information for disease prognosis.

This general objective will be addressed through the fulfillment of the following sub-

objectives:

1. Design and implementation of local-based methods for the objective and automated

quantification of lung parenchymal injuries. Lung parenchymal injuries have been

traditionally defined as a semi-local damage affecting the pulmonary secondary lobule

which is considered the fundamental unit of lung structure and function. This sub-

objective aims at developing methods to identify and classify in an automatic manner

different parenchymal injuries exploiting the local appearance of HRCT covering the

secondary lobule extension.

2. Design and implementation of global-based methods for the objective and automated

quantification of lung parenchymal injuries. In order to improve the identification

of parenchymal lung injuries and to incorporate context and spatial information, we

developed segmentation methods which uses global context. Getting precise annota-

tions for training global-based methods carries a high burden from experts. We also

proposed strategies to reduce the need of collecting such demanding reference data.

3. Clinically validate the proposed methods. To achieve clinical impact we exhaustive

validated the proposed methods to test the association between quantitative measure-

ments of parenchyma lung injuries and clinical and functional variables.





2
Clinical context and state of the

art
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2.1 Clinical context

2.1.1 Smoking-related lung injuries

Tobacco smoke is a toxic mixture containing around 5000 chemicals and considered as one

of the most important causes of chemically mediated disorders in humans (Borgerding et

al. 2005; Fowles et al. 2003; Thielen et al. 2008). Both direct toxicity and induced immune-

mediated response result in a wide range of parenchymal abnormalities in the lung. These

parenchymal injuries include both airspace dilation and alveolar destruction leading to a

local decreases in lung density typically called emphysema, and inflammation and scarring

leading to local increases in lung density, typically called as interstitial changes or fibrotic

disorders (Houghton et al. 2008; Kumar et al. 2018; J. H. Ryu et al. 2001).

Many pathological and radiological findings coexist in the lung of a smoker. There is a

increasing clinical, radiological and pathological recognition of the coexistence of emphy-

sema and interstitial fibrosis, which appears to be at the opposite end of the spectrum of

smoking-related lung diseases (Madan et al. 2016) (Figure 2.2). Combined pulmonary fibrosis

and emphysema (CPFE) is a clinical entity characterize by the coexistence of both lung dis-

eases (Cottin, Nunes, Brillet, et al. 2005). When both disorders appears in the same patient,

emphysema usually appears in the upper lobe, while pulmonary fibrosis is located in the

lower lobe (Figure 2.1). The coexistence of the two conditions is considered to have different

pathophysiological characteristics. This overlapping spectrum warrants inclusion as a novel,

distinct pulmonary manifestation within the spectrum of smoking-related disorders which

have a distinct characteristics and prognosis compared to its individuals components (Cottin,

Nunes, Mouthon, et al. 2011). The overall mortality of CPFE patients in comparison with those

patients with lone fibrosis is still matter of debate (Bodlet et al. 2013; Kurashima et al. 2010;

Mejia et al. 2009; Sugino et al. 2014). But CPFE has been related to pulmonary hypertension

(Cottin, Nunes, Brillet, et al. 2005) and lung cancer (Kwak et al. 2014), which are associated

with reduced survival in CPFE patients (Kumagai et al. 2014; Mejia et al. 2009; Sugino et al.

2014).

Computed tomography (CT) plays a critical diagnostic role, as it actually constitutes the

main examination tool for establishing in vivo the diagnosis and evaluation of emphysema

and interstitial lung diseases. CT also plays an important role in predicting the prognosis of

the diseases. Quantitative CT has been established as the main tool for measuring the extent

of those parenchymal disorders, also building a better understanding of the relationship

between morphologic imaging findings and pulmonary function (Matsuoka et al. 2015b).

Additionally, research use of CT has risen awareness that smokers can manifest early signs of

pulmonary emphysema or interstitial lung abnormalities (ILA) many years before symptoms
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A

B

C

Figure 2.1: A-B Hight resolution computed tomography (HRCT) scan of a patient with CPFE
with different distribution of the zones of emphsyema (upper zones) and fibrosis (basal zones).
C Gross photo showing marked upper lobe emphysema with fibrosis in lower lobes. Sources
(Tzilas et al. 2016) under CC BY 4.0 and (Inomata et al. 2014) under CC BY 2.0.

Emphysema CPFE Pulmonary
fibrosis

Figure 2.2: Spectrum of smoking-related lung diseases. Combined pulmonary fibrosis and
emphysema disorder (CPEF) covers the overlapping area between emphysema and fibosis.
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appears. This findings present the possibility of studying smoking-related lung destruction

prior to establishment of end-stage injury.

2.1.2 Pathophysiology of parenchymal injuries

Lungs are the essential organs in the respiratory system. Each lung is divided into lobes by

fissures. The left lung is divided into two lobes (superior and inferior) and the right lung is

divided into three lobes (superior, middle, and inferior) (see Figure 2.3). The lobes can be

further divided into functional units called bronchopulmonary segments.

The trachea divides into two primary bronchi, which enter on its respective lung and

divides into smaller branches called secondary bronchi. The secondary bronchi continue to

branch forming tertiary bronchis, bronchioles, terminal bronchioles and respiratory bronchi-

oles which have thin, gas-exchanged walls. Respiratory bronchioles transition into alveolar

ducts, which open into numerous alveoli which forms alveolar sacs. The acinus is defined as

the unit of the lung structure distal to the terminal bronchiole and that consists on alveolar

ducts, alveolar sacs and alveoli (Berend et al. 1991).

The lung is composed of many anatomic structures smaller than a pulmonary lobe or

segment. The secondary pulmonary lobule is considered the fundamental unit of lung

structure and function. Secondary pulmonary lobules are irregularly polyhedral in shape

and are approximately 1 to 2.5 cm on a side. Secondary lobules are supplied by a bronchiole

and pulmonary artery branch and are delineated by connective tissue septa (Heitzman et al.

1969a; Heitzman et al. 1969b). Airways, pulmonary arteries and veins, as well as numerous

components of the pulmonary interstitium are all normally observed at the level of the

pulmonary secondary lobule. Several lung diseases, which have been shown to affect different

components of the secondary lobule, can be studied by comparing the appearance of the

normal secondary lobule with abnormal secondary lobules (Kawata et al. 2010; Webb 2006).

2.1.2.1 COPD: emphysema

Chronic obstructive pulmonary disease (COPD) is a general name for the chronic airflow

limitation which is normally related to inflammatory processes in airways. COPD is developed

most often as a result of cigarette smoking, although other factors, such as prolonged exposure

to pollution, certain chemicals or genetic disorders (α1-antitrypsin deficiency) may affect

to the development of the disease. The pathology of COPD cover numerous lesions in the

airways, lung parenchyma and pulmonary vasculature, and these lesions can be correlated

with changes in pulmonary function.

COPD encompass lesions of the lung parenchyma called emphsyema. Emphsyema is

defined as the "abnormal permanent enlargement of the airspaces distal to the terminal
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Trachea
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B

Figure 2.3: A Lung anatomy. B Pulmonary seconday lobule.
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bronchioles accompanied by destruction of the alveolar wall without obvious fibrosis" (Snider

et al. 1985). Enlargement of airspaces leads to hyperinflation of the lungs producing an

increase in total lung capacity (TLC). As shown in Figure 2.4, in contrast to the normal lung,

the emphysematous lung parenchyma shows a marked destruction of alveolar walls, leading

to confluent alveoli and thus hyperinflation.

Figure 2.4: Smoking associated emphysema. A An area of emphysematous lung with severe
effacement of alveolar walls. B Normal lung with intact alveolar walls. Source (Higham et al.
2019) under CC BY 4.0.

Emphysema can be morphologically classified according to the location of the lesions

within the acinus. There are three commonly recognized types of emphysema: centrilobular,

panlobular and paraseptal emphysema (Figures 2.5). CT is a reliable tool for demonstrating

the pathology of emphysema, even in subtle changes within the pulmonary secondary lobules

(Figure 2.6).

Normal Centrilobular Panlobular Paraseptal

terminal

bronchiole

respiratory

bronchiole
alveoli pleural

surface

Figure 2.5: Morphologic classification of emphysema. Centrilobular emphysema: destruction
and enlargement of respiratory bronchiole. Panlobular emphysema: uniform destruction
of airspaces beyond the respiratory bronchiole. Paraseptal emphysema: destruction of
subpleural areas.

Centrilobular emphysema The destruction affects the bronchioles in the central part of the

secondary lobule, while the peripheral alveolar ducts and alveoli may be preserved.

Centrilobular emphysema is most common in the upper lobes, and is most frequently
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associated with smoking. CT in centrilobular emphysema shows evenly distributed

centrilobular areas of low attenuation surrounded by normal tissue. As centrilobular

emphysema becomes more severe, low attenuation areas become confluent.

Panlobular emphysema Shows destruction of the whole secondary lobule, with destruction

of alveolar septa from the center to the periphery of the acinus. This type of emphysema

is most common and severe in the lower lobes, and is most frequently associated with

α1-AT deficiency. CT shows large low attenuation areas in panlobular emphysema.

Early stages of this subtype are difficult to identify at CT.

Paraseptal emphysema Also known as distal acinar emphysema, is characterized by destruc-

tion of subpleural and peribronchovascular regions with intact interlobular septa, and

is always located adjacent to the pleura and septal lines (Hansell et al. 2008). Paraseptal

emphysema is usually limited in extent, located in the upper lobes and clinically asymp-

tomatic. Paraseptal emphysema is characterized at CT by subpleural low attenuation

areas with a wee-defined wall, and appears along peripheral pleura and fissures.

Centrilobular Panlobular Paraseptal

A

B

Figure 2.6: A Illustrations of radiologic patterns in CT images of centrilobular, panlobular
and paraseptal emphysema. Cases courtesy of A.Prof Frank Gaillard, Radiopaedia.org, rID:
9225. B Axial computed tomography images for all emphsyema subtypes. Source (Smith et al.
2014).
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2.1.2.2 Interstitial Lung Diseases

Interstitial lung diseases (ILD) form a complex and heterogeneous group of over 200 different

disorders which primarily exert their effects on the collagen and elastic connective tissue

found in the interstitium, but which may present airway or vascular manifestations as well.

ILD may be progressive, slowly progressive or static in their course. Some of them are of

unknown etiology, but some of the most common ILD are caused by exposure to inhaled dust

and particles, and exposure to toxic drugs, although they may be also caused by infections.

ILD affecting distal part of the alveoli cause physiologic restrictions and decreased lung

volumes while when the interstitium closer to the proximal aspect of the acinus near the

bronchioles is involved cause physiologic obstruction but without impact on lung volumes.

Normally, lung volumes, including vital capacity and total lung capacity (TLC) are reduced in

ILD. In general, ILD produce dyspnea with rapid and shallow breathing, and in severe cases,

mild cyanosis may be observed.

High resolution CT is considered the imaging technique of choice for the detection and

characterization of ILD. The pattern of the radiographic abnormalities on HRCT can help

identify specific ILD.

The most common abnormal findings seen in high resolution CT that may characterize

ILD include reticulation, ground-glass opacities, consolidation, nodules, linear opacities and

honeycombing (Hansell et al. 2008)(see Figure 2.7).

Reticulation Refers to a netlike pattern which is the result of thickened interlobular and

intralobular septa. Is most commonly seen in the peripheral and basal lung zones.

Ground-glass pattern Are defined as areas of increased density and attenuation with visible

vascular structures. Ground-glass opacities are very often limited in extent to a certain

segment or lobe.

Consolidation Appears as an area of increased density and attenuation, but it can be differ-

entiated from ground-glass opacities by the inability to visualize vascular structures.

The feature of pulmonary tissue consolidation is the replacement of air in the alveoli

with fluid, such as edema or blood, cells, solid matter, or other factors.

Nodules Are focal areas of increased attenuation. Nodules are assessed in size, appear-

ance, density, number and distribution. Nodules can be mainly categorized into three

categories: centrilobular, perilymphatic and random. Centrilobular nodules are char-

acterized by their central location in the secondary pulmonary lobules (nodules are

not present on the pleura). Perilymphatic nodules are located peribronchovascularly,

subpleurally and on the interlobular septa. Random nodules occur diffusely throughout

the lung parenchyma and do not show a predominant distribution.
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Linear Opacities Arise based on thickening of pulmonary interstitium and can include sub-

pleural line and linear scar patterns. Subpleural line refers to a thin curvilinear opacity

lying adjacent and parallel to the pleural surface. Linear scar are linear opacities which

run through the lung parenchyma and usually extend from a visceral pleural surface.

Honeycombing Represents the destruction of lung parenchyma in advanced stage of pul-

monary fibrosis. The appearance is of clustered subpleural cystic structures with a

well-defined walls composed of fibrous tissue. Predominate on peripheral and subpleu-

ral lung regions.
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Figure 2.7: Axial slices of HRCT scans representing the typical ILD patterns. A shows basilar
predominant reticular pattern. B Ground glass opacity in the left lung. C Honeycombing in
the form of well-defined walled cysts in the right lung. D Subpleural curvilinear line in the
basilar portion of the left lung. E Linear scar opacity in the left lung. F shows consolidation in
the upper zone of the right lung. G Random macronodules on the left lung. H Perilymphatic
micronodules adjacent to the fissure.
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2.1.2.3 Subclinical Interstitial Lung Abnormalities

There is a growing acceptance that some forms of ILD, especially idiopathic pulmonary

fibrosis (IPF) may be preceded by early or subtle radiographic findings seen on CT scans of the

chest (Lederer et al. 2009; Washko, Hunninghake, Fernandez, Nishino, Okajima, Yamashiro,

Ross, Estépar, et al. 2011). The visual presence of these findings, often termed interstitial

lung abnormalities (ILA), which include subtle ground-glass opacities, reticulation, linear

opacities, honeycombing and centrilobular nodularity, might therefore represent ILD at its

earliest stage, and has been shown to be associated with reduced lung volume, decrements

in exercise capacity, increased mortality and a genetic polymorphism that is also associated

with IPF (Doyle et al. 2012; Hunninghake et al. 2013; Putman et al. 2016; Seibold et al. 2011;

Washko, D. A. Lynch, Matsuoka, Ross, Umeoka, A. Diaz, Sciurba, Hunninghake, Estépar, et al.

2010).

The relationship between emphysema and interstitial lung abnormalities is an area of

increased interest. Recent studies demonstrated a significant association between paraseptal

emphysema and interstitial lung abnormalities (Araki et al. 2015). The combined presence of

interstitial features and emphysema was also associated with worse physiologic measures,

reduced exercise capacity, worse respiratory health–related quality of life, and higher mortality

than was emphysema alone. In addition, interstitial features intensify the effect of emphysema

on those outcomes (Ash, Harmouche, Ross, A. A. Diaz, Rahaghi, et al. 2018), suggesting

that emphysema is more deleterious in patients with interstitial features than in those with

emphysema alone.

The rapid growth in use of CT scanning, combined with the high mortality associated

with IPF and the fact that its available treatments slow but do not reverse the disease process,

has led to a growing need for methods to accurately detect early interstitial changes before

they progress to end stage fibrosis (Ley et al. 2011; Richeldi et al. 2014).

2.1.3 Quantitative imaging

Medical imaging encompasses different imaging modalities and processes to image in vivo

anatomy and physiological processes for a better prognostic, diagnostic and treatment pur-

poses, playing an important role in improving medical care for patients and public health.

There is growing consensus among the respiratory community that although patient

histories and lung function testing are the minimum required for clinical examinations, these

tests alone are not sufficient for disease characterization. Therefore, the use of computed

tomography (CT) imaging is increasing used in clinical decision making for lung diseases.

There is ample evidence that HRCT provides diagnostic and prognostic information in

COPD and ILD. In practice, qualitative or semi-quantitative analysis based on visual assess-
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ment has an inherent degree of subjectivity and is limited by significant inter- and intra-

observer variability (D. Lynch et al. 2005; Mascalchi et al. 2012). In addition, is unable to

detect subtle disease, as well as is insensitive to longitudinal change.

In this context, computer-based methods for quantitative analysis of disease on HRCT

could provide rapid and objective measurement of disease extent and change over time.

Imaging-based biomarkers could provide objective diagnostic information of the disease, as

well as could constitute a prognostic factor informing on the outcome of the disease. Imaging-

based biomarkers could also provide predictive information on the benefit from treatment,

playing an important role in the identification of treatment efficacy and the in identification

of patients that are most likely to benefit from a given therapy.

2.2 State of the art in parenchymal injuries quantification

Conventional pulmonary function tests (PFT), such as spirometry, are quantitative and re-

producible techiniques. However, althought they are cheaper than CT and avoid the use of

harmful ionizing radiations, PFT are only available at one location and only provide a global

assessment of the lung damage. The regional information provided by CT, along with its

capability to differentiate the components underlying obstructive or fibrotic lung disease, has

placed HRCT as the gold standard modality for lung disease evaluation and quantification.

HRCT is a highly sensitive imaging tool for the assessment of macrostructural changes

in lung parenchymal injuries. Quantification of CT density changes, overall lung histogram

features, parenchymal texture features and other assessments by advanced algorithms includ-

ing machine learning and deep learning approaches to image analysis have the potential to

standardise and develop the role of HRCT in lung parenchymal injuries quantification.

2.2.1 Lung density analysis

Quantitative measures of lung density are based on the observation that air-filled areas in the

lung appear as areas of low attenuation in CT images, while fibrotic and interstitial changes in

pulmonary parenchyma appear as areas of high attenuation.

Low attenuation areas (LAA) is a measure of lung density, defined as the percentage of

the voxels in the lung below a certain threshold (Figure 2.10). Densitometric analysis based

on LAA is a widely accepted technique for emphysema quantification. Although numerous

density thresholds have been investigated, including -970HU, -960HU, -950HU and -910HU

(Dirksen et al. 1997; Madani et al. 2006; Muller et al. 1988), the -950HU threshold has shown

a greater correlation with microscopic measurements of emphysema (Gevenois et al. 1996),

and is the most commonly used.
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Figure 2.8: Low attenuation areas (LAA) below -950HU (LAA950) are highlighted in red.

High attenuation areas (HAA) is a measure of the percentage of the volxels in the lung

above a certain threshold, or between two thresholds (low and high threshold). Incipient inter-

stitial lung abnormalities have been quantified as the lung area between -250HU and -600HU

(Kliment et al. 2015; Lederer et al. 2009), while when fibrotic lesions are quantified, measures

based on areas above -200HU or -500HU are preferred (Tanizawa et al. 2015; Umakoshi et al.

2017).

Figure 2.9: High attenuation areas (HAA) below -500HU (HAA500) are highlighted in red.

The percentile index (Perc) is a well-established density measurement for estimating

emphysema, although it has also been used for ILD quantification. Perc is defined as the

value in HU below which that given percentage of all voxels is distributed. When emphysema

extent increases, the density histogram shifts towards lower HU values and the given Perc

index decreases. Conversely, when areas affected by ILD increase, the density histogram

shift towards grater HU values, resulting in an increment in the Perc index. For emphsyema

quantification, Perc at 15% (Perc15) is a commonly used index (Heussel et al. 2009). Perc85
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represents the most informative density parameter to assess ILD (Ninaber et al. 2015).

Kurtosis and skewness represent the distortion or disparity deviation of a histogram when

compared with a normal distribution. Skewness is a measure of the lack of symmetry of the

histogram, while kurtosis is a measure to which the distribution is peaked relative to a normal

distribution. These measurements have been used for the study of COPD (Yamashiro et al.

2011), although it has been used most for ILD quantification (Best et al. 2003; Hartley et al.

1994). In lung fibrosis, both kurtosis and swewness typically decrease.
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Figure 2.10: Density histogram indicating the appearance in normal, emphysematous and
fibrotic lung, and the deviation of densitometry indixes.

2.2.2 Texture and Machine learning-based analysis

The first texture-based method for quantification of parenchymal disorders used a combi-

nation of texture features, including gray–level histograms (GLH), gray–level co–occurrence

matrices (GLCM) and run–Length encoding (RLE) features, to describe two-dimensional

regions of interest (ROI), along with a linear discriminant (LD) analysis (Delorme et al. 1997).

GLH, GLCM, RLE features have been widely used for many years (Chabat et al. 2003; Malone

et al. 2004; Uchiyama et al. 2003; J. Wang et al. 2009b).

AMFM (adaptive multiple feature method) was firstly proposed for the objective assess-

ment of global and regional changes in pulmonary parenchyma to classify emphysema, using

a combination of different features describing the texture and structure in two-dimensional

(2D) regions of interest (ROI), along with a Bayesian classifier (Uppaluri, Mitsa, et al. 1997).

AMFM was rapidly extended for discriminating between multiple pulmonary diseases pro-

cesses, including emphysema and fibrosis (Uppaluri, Hoffman, et al. 1999). Further work on
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AMFM allowed three-dimensional (3D) assessment for the differentiation of parenchymal

pathology associated with both emphysema and interstitial lung diseases (Xu et al. 2006).

Gabor filters have been also used along with a k-nearest-neighbors (KNN) classifier to

classify diffuse lung opacities (Mitani et al. 2000), as have 2D fast Fourier transform (FFT) co-

efficients to represent the texture features and discriminate between normal and pathological

tissue (Liu et al. 2001). Abnormality detection from patients with ILD was also performed

extracting features to describe local image structure by means of a multi-scale filter bank

and subsequently classified using various algorithms including LD classifier, quadratic dis-

criminant (QD) classifier, support vector machine (SVM) and a KNN classifier (Sluimer et al.

2003).

Local binary patterns (LBP) and joint LBP and intensity histograms are used for charac-

terizing regions of interest (ROI), along with a KNN classifier to distinguish between normal

and 2 types of emphysema (Sorensen et al. 2010a). A combination of LBP with other intensity,

shape and context features has been used to describe the appearance of ground glass nodules

(Jacobs et al. 2011).

Simpler features and first order spatial statistics, such as kernel density estimation of local

histogram (LH) has been also proposed to discriminate emphysema subtypes, rather than

higher order spatial statistics such as LBP (Castaldi et al. 2013; Mendoza et al. 2012). Local

histogram-based measures have been also recently used for the objective identification and

quantification of both subclinical ILA and pulmonary fibrosis (Ash, Harmouche, Vallejo, et al.

2017; Ash, Harmouche, Ross, A. A. Diaz, Hunninghake, et al. 2017).

More recent approaches have proposed the use of features learned directly from the data,

instead of hand-crafted ones. Some of these methods are based on unsupervised learning

algorithms to construct a set of learned features such as restricted Boltzmann machine (RBM)

for ILD classification (Li et al. 2013), k-means algorithm for emphysema discrimination

(Gangeh et al. 2010), and the application and optimization of the sparse representation (SR)

for the classification of various pulmonary patterns (Zhao et al. 2015). Data-driven textural

analysis (DTA) is able to use clustering analysis to learn consistent patterns and generate a

dictionary of ILD elements (Humphries, Yagihashi, et al. 2017).

Multiple deep learning approaches have been used to prognosticate and characterize

disease. Convolutional Neural Networks (CNN) have been trained for a number of purposes,

including characterization of disease severity and prediction of clinical outcomes (Gonzalez,

Ash, et al. 2018), pulmonary artery-vein separation (Nardelli et al. 2018), biomarker regression

(Gonzalez, Washko, et al. 2018) or pulmonary fissure detection (Gerard et al. 2019).

For ILD characterization, there have been proposed several CNN-based methods for auto-
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matic classification of patients with fibrotic lung disease (Walsh et al. 2018), for classifying the

image-level label of ILD types (C. Wang et al. 2019) and for classifying whole lung slices (Gao

et al. 2018). On the other hand, ILD radiographic subtype classification has been addressed

by proposing specific CNN architectures (Anthimopoulos et al. 2016; Christodoulidis et al.

2017) or by using well-known and standard models such as AlexNet and GoogleNet (Shin et al.

2016).

Emphysema classification and quantification have also been addressed using CNN (Hatt

et al. 2018; Karabulut et al. 2015; Pei 2015), as have the integration of hand-crafted features

into a CNN (V. Srivastava et al. 2019). Variations from standard CNN architectures have been

proposed, including the incorporation of multi-scale information into the CNN to take full

consideration of the characteristics of different emphysema (Peng et al. 2018), as well as the

combination of CNN and recurrent neural nerworks (RNN) capable of learning dependencies

in sequence data (Humphries, Notary, et al. 2018).





3
Emphysema classification

The association between tobacco smoking and the development of emphysema has been well

documented. Although cigarette smoke is not the only cause of emphysema, approximately

20% of smokers develop emphysema. In this chapter we propose an automatic method to

identify and classify different subtypes of emphysema in HRCT images. This method could

be directly used for emphysema subtype quantification.
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3.1 Introduction

Chronic Obstructive Pulmonary Disease (COPD) is the fourth leading cause of death world-

wide, and it is estimated to be the third one in a few years, which has led to an increasing

interest of population studies that allow a better understanding of its patophysiology. COPD is

defined as persistent obstruction of the airways. It can be divided into two main phenotypes:

chronic bronchitis and pulmonary emphysema that causes an overall decrease in the lung

elasticity affecting the lung tissue. The progression of emphysema has traditionally been

evaluated by spirometric pulmonary function tests (PFTs), although nowadays it is considered

as a non-specific parameter and non-sensitive to very early stages of the disease.

Densitometric analysis in chest CT is widely accepted as an alternative measurement of

pulmonary emphysema more specific and sensitive than PTFs for in vivo studies (Cavigli

et al. 2009). This method is based on the choice of a Hounsfield threshold inside the lung

mask to discriminate between emphysematous and non-emphysematous tissue. Although a

densitometric approach may be able to quantify the disease extension, it may not be able to

classify it into different subtypes. That is why other methods based on texture information

(Depeursinge et al. 2007; Y. S. Park et al. 2008; Uppaluri, MITSA, et al. 1997) or local histograms

(Castaldi et al. 2013) have been proposed to carry out an emphysema subtype classification.

Recently, two approaches have been published to tackle the parenchyma patterns classi-

fication problem employing CNNs (Anthimopoulos et al. 2016; Christodoulidis et al. 2017).

In (Anthimopoulos et al. 2016), a specific CNN to classify 2D patches into interstitial lung

patterns was proposed, whereas (Christodoulidis et al. 2017) used the same CNN proposed in

(Anthimopoulos et al. 2016), but pre-trained with a variety of texture data.

In this chapter we aim to compare these previously proposed CNN architectures in the

emphysema subtyping problem with respect to 3D, 2.5D (multi-view) and 2D simpler archi-

tectures.

3.2 Methods

In this chapter, we proposed a CNN for objective and automated classification of emphysema

patterns on chest CT images, considering a total of six radiographic tissue patterns: normal

parenchyma (NP) and five emphysematous subtypes (paraseptal (PS), panlobular (PL) and

mild, moderate and severe centrilobular (CL1, CL2, CL3) emphysema).

Deep architectures usually include hundreds of thousands of parameters, imposing con-

siderable computation and a large number of training samples. In this chapter, we propose a

relative simple architecture with a reduced number of parameters that tackle the emphysema

classification problem considering a 2.5-dimensional representation of the input data. To
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Figure 3.1: Proposed multi-view CNN (2.5D CNN) for emphysema classification. 2D and 3D
architectures are the same as the 2.5D network, except for the input dimensionality, and the
convolutional operations in the 3D case. Filter size and pooling size in convolutional (CONV)
and max-pooling (MAX) layers specify their size on each dimension (2D or 3D depending on
the architecture).

justify the usage of the proposed architecture, we compared it to different 2D- and 3D- CNNs,

as well as the CNN proposed in (Anthimopoulos et al. 2016). We also compared the proposed

method with a state-of-the-art work for emphysema subtypes discrimination that uses local

intensity probability distribution functions subsequently classified with a KNN classifier

(Castaldi et al. 2013).

3.2.1 Multi-view Convolutional Network (2.5D CNN)

3.2.1.1 Architecture

The proposed multi-view CNN architecture is shown in Figure 3.1, and it is composed of 4

convolutional, 3 max-pooling layers and 3 fully-connected layers. The input of the network

consists of a multi-view (2.5D) representation of pulmonary segment tissue under study.

Therefore, the input is comprised of three 2D patches of size 31x31 pixels, corresponding to

the axial, sagittal and coronal views.

Emphysematous patterns in CT images are mainly characterized by local texture patterns.

To capture these local patterns and to reduce the complexity of the network, and hence the

number of parameters, we use relatively small kernels in the convolutional layers and reduce

the number of pooling operations through the network compared to standard convolutional

networks.

The network training is based on an optimization problem that minimizes the loss func-

tion. In this work we use the Stochastic Gradient Descent (SDG) method updated with

Nesternov momentum (Bengio et al. 2013) to minimize the categorical cross entropy.
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3.2.1.2 Overfitting prevention

Convolutional Neural Networks easily overfit the training data. In this work we apply 4 differ-

ent techniques to prevent and reduce the overfitting. First, we have applied a regularization

of the loss function. L2 regularization penalizes the square magnitude of the parameters

(w) in the loss function by adding the term 1/2λw2, where λ is the regularization strength.

This method penalizes sharp changes in the parameters preferring soft ones. The second

technique employed is data augmentation. We apply data augmentation using 7 different

spatial transformations by rotating 90, -90 and 180 degrees, flipping along horizontal and ver-

tical axes and combining both transformations over the training dataset. Another prevention

technique is early stopping, where the training stage is stopped before overfitting process

begins. Finally, we have applied dropout to prevent the overfitting, by randomly dropping

units with a given probability (p=0,5) from the network during training.

3.2.2 Comparative methods

3.2.2.1 2D and 3D CNN

For comparative purposes, we also designed the 2D and 3D versions of the proposed architec-

ture. Both networks have the same configuration as the one proposed with the only difference

that the convolutional operations in the 3D CNN are made in three dimensions.

For the 2D CNN, the input consist of an image patch of size 31x31 pixels in the axial plane,

whereas for the 3D CNN, the input corresponds to a 3D segment of size 31x31x31 pixels (see

Figure 3.1).

3.2.2.2 State-of-the-art CNN

To justify the usage of the proposed CNN we also re-implemented the CNN proposed in

(Anthimopoulos et al. 2016), where the authors focused on detecting patterns of interstitial

lung diseases from 2D patches. The input of the CNN is a 32x32 image patch which is

convolved by a series of 5 convolutional layers with 2x2 kernels, and followed by one average

pooling with size equal to the size of the final features maps. Finally, the classification stage is

comprised of 3 fully-connected layers.

The authors proposed the use of LeakyReLU as a non-linear activation function for both

convolutional and fully-connected layers, and Adam optimizer for minimizing the categorical

cross-entropy during training.
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Table 3.1: Description of the dataset and distribution along different emphysema patterns.

Lung pattern NP PL PS CL1 CL2 CL3
Num. Samples 447 250 152 223 299 182

3.3 Experiments and results

3.3.1 Dataset and evaluation setup

267 CT scans were selected from the COPDGene study. CT scans were acquired with equip-

ment from 3 vendors and a total of 9 different models. Through these scans, an experienced

pulmonologist manually placed 1553 points corresponding to six different radiographic pat-

terns (see Table 3.1). This database has been previously used for automated emphysema

classification in (Mendoza et al. 2012). Of all of these points, 390 were randomly selected

for testing (around 25%), while the remaining points were randomly split using a 10-fold

cross validation scheme leading to the training and validation sets. The final evaluation of

the proposed method as well as a comparison with other CNNs and state-of-the-art methods

were carried out on the test set. Training sets was used for training the algorithms, while the

validation sets were used to hyper-parameter tuning of the proposed architecture.

To evaluate the methods, we consider the sensitivity (SN), specificity (SP), geometric mean

(GM) and balanced accuracy (BA), defined as:

SN = T P

T P +F N

SP = T N

T P +F P

GM =
p

T P ∗T N

B A = SN +SP

2

(3.1)

, where TP, FP, TN and FN stand for true positives, false positives, true negatives and false

negatives rates respectively.

3.3.2 Validation

The proposed multi-view CNN, as well as other CNNs are trained on Regions of Interest (ROIs)

extracted around the manually labeled points. The size of the ROIs are selected in accordance

with each network architecture as described in Sections 2.1.1 and 2.2.1.

The only pre-processing performed on the dataset was subtracting the mean and dividing

by the standard deviation computed on the training and validation sets to normalize the

image ROIs.

The framework used in this work to train the CNNs is based on Theano and Lasagne
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Table 3.2: Comparison of the proposed CNN (bold) with other CNNs architectures. Results
are computed on the independent test set. Evaluation metrics (SN, SP, GM, BA), the number
of parameters involved and the time needed to train each CNN are reported.

Method 2D 2.5D 3D Lung-CNN
(Anthimopoulos et al. 2016)

SN(%) 78.52 81.78 82.52 77.20
SP(%) 96.79 97.34 97.10 96.45
GM(%) 87.18 89.22 89.51 86.33
BA(%) 87.66 89.56 89.81 86.86
#Params 68918 69494 157558 467426
Time(s) 19.68 20.48 240.4 137.3

libraries using a PC with GPU NVIDIA TITAN X Pascal 12GB, CPU Intel Core i7 3.6 GHz and

32GB of RAM.

3.3.2.1 Comparision to other CNNs

Table 3.2 provides a comparison of the proposed multi-view CNN with other CNNs, including

the 2D and 3D version of the latter, as well as the network proposed in (Anthimopoulos et al.

2016). All the networks were trained with the same samples, and tested in the same test set.

As derived from the Table 3.2, the proposed 2.5D CNN achieves analogous results to those

obtained using the 3D CNN, while keeping the same small number of parameters and the

same training time as in the 2D CNN case.

The proposed method also outperforms the CNN proposed in (Anthimopoulos et al. 2016),

and considerably reduces the computational cost by a factor around 6 to 7 in terms of number

of parameters involved in the architecture and training time.

3.3.2.2 Comparison to Local Histogram

As an additional comparative study, we also compared our proposed method against a ref-

erence method in emphysema classification. This method has been previously detailed in

(Castaldi et al. 2013). Briefly, the local intensity distribution of a two-dimensional ROI of size

31x31 pixels is computed using a kernel density estimator (KDE), and a k nearest neighbors

(kNN) classifier assigns each ROI local histogram to its corresponding emphysema pattern

based on a majority consensus from the k nearest training samples.

Our proposed method outperforms the results achieved by (Castaldi et al. 2013), which

obtained a sensitivity (SN) of 44.75%, specificity (SP) of 88.39%, geometric mean (GM) of

60.65% and balanced accuracy (BA) of 66.57%. Although the training time of (Castaldi et al.

2013) is lower than the time needed to train the proposed CNN, the classification time is

much higher due to the need to compute the KDE features.
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Figure 3.2: Confusion matrix of the proposed method.

Figure 3.3: ROC analysis for the proposed CNN and state-of-the-art approaches. The ROC
curves are obtained by macro-averaging over all classes. The area under the curve (AUC) are
also reported.

3.3.2.3 Analysis of the method’s performance

Figure 4.6 shows the confusion matrix of the proposed 2.5D CNN. As can be seen, mis-

classifications generally occurred within the centrilobular emphysema classes, due to their

common nature that differ only by the disease stage. Confusion error also occurred between

severe centrilobular (CL3) and panlobular (PL) emphysema, since both classes involve a large

parenchyma destruction.

Figure 3.3 shows the macro-average ROC curves and the area under the curve (AUC) for

the proposed CNN and state-of-the-art methods, where it can be seen that the proposed

method achieved the highest AUC.

For a further validation, we performed full-lung classification on a severe emphysema CT
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Figure 3.4: Full-lung classification results for a severe emphysema case.

scan (Figure 4.10). The classification was carried out at a sampling grid of 5x5x5 pixels in each

axial image slice. The rest of the voxels were classified using nearestneighbor interpolation.

An expert evaluator confirmed the good agreement of the resultant classification. However, it

should be noted that although the identification of paraseptal emphysema obtained a high

performance in the test set, the proposed methodology usually results in PSE over-estimation

in the vicinity of high-intensity areas (i.e. in the proximity of the pleura). This suggests that

the identification of PSE lesions require further investigations and additional work needs to

be done to properly identify this particular type of emphysema.

3.4 Conclusions

In this chapter, we present a relatively simple Convolutional Neural Network (CNN) architec-

ture for automated emphysema classification in CT images, considering six different tissue

classes, including normal parenchyma and five emphysematous patterns. The proposed ar-

chitecture, which is composed of 4 convolutional and 3 pooling layers, is considerably simpler

than other deeper state-of-the-art architectures proposed in the literature that are specific for

lung pattern classification (Anthimopoulos et al. 2016), reducing the computational cost by a

factor around six to seven, and outperforming the results.
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Additionally, we showed that the 2.5D proposed approach is optimally cost effective, since

it is able to reflect 3D information and achieve similar results to those obtained with 3D CNNs,

and have similar computation cost compared to 2D approaches.

To train and test the proposed method, we used 1553 manually labelled tissue samples

corresponding to six different tissue classes. Visual inspection of full-lung classification and

results in the test set (sensitivity of 81.78%, specificity of 97.34%) prove the potential of the

method for emphysema detection and classification.





4
Parenchymal injuries classification

Cigarette smoking is not only associated with the development of emphysema but more

generally with a variety of effects on the lung parenchyma. In this chapter, we profoundly

extended the method presented in Chapter 3 proposing a robust method for the automatic

identification and classification of early parenchymal lung disease including interstitial lung

disease at an early stage as well as different subtypes of emphysema.
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4.1 Introduction

Chronic cigarette smoke exposure is associated with a variety of effects on the lung parenchyma.

While there are other, more uncommon manifestations, generally, these effects can be charac-

terized as those associated with destruction of the parenchyma (Auerbach et al. 1974; Ryu

et al. 2001) leading to a local decreases in lung density typically called emphysema, and those

associated with inflammation and scar formation leading to local increases in lung density,

typically called as interstitial changes. In fact, these manifestations can co-exist even within

the same individual.

Interstitial Lung Diseases (ILD) are a heterogeneous group of more than 200 lung disorders

that largely affect the lung parenchyma but which may present airway or vascular manifes-

tations as well. There is a growing acceptance that some forms of ILD, especially idiopathic

pulmonary fibrosis (IPF), may be preceded by interstitial lung abnormalities (ILA), which are

early or subtle radiographic findings seen on computed tomography (CT) scans of the chest

(Lederer et al. 2009; Washko, Hunninghake, Fernandez, Nishino, Okajima, Yamashiro, Ross,

Estépar, et al. 2011). The visual presence of ILA has been shown to be associated with reduced

lung volume, increased mortality and a genetic polymorphism that is also associated with IPF

(Doyle et al. 2012; Hunninghake et al. 2013; Putman et al. 2016; Seibold et al. 2011; Washko,

D. A. Lynch, Matsuoka, Ross, Umeoka, A. Diaz, Sciurba, Hunninghake, Estépar, et al. 2010).

The rapid growth in use of CT scanning, combined with the high mortality associated with IPF

and the fact that its available treatments slow but do not reverse the disease process, has led to

a growing need for methods to accurately detect early interstitial changes before they progress

to end stage fibrosis (Ley et al. 2011; Richeldi et al. 2014). While visual CT analysis remains

the mainstay of clinical imaging interpretation, there has been an increasing recognition

of the potential role of objective analysis techniques to quantify abnormalities on CT and

characterize disease subtypes (Ash, Harmouche, Ross, A. A. Diaz, Hunninghake, et al. 2017).

In this chapter we propose a method for objective and automated identification and

classification of ILA and emphysematous patterns on chest CT scans, based on Convolutional

Neural Networks (CNNs), considering a total of eight different radiographic patterns: normal

parenchyma, five interstitial patterns (ground-glass, reticular, nodular, linear scar, subpleural

line) and two emphysematous patterns (centrilobular and paraseptal) as depicted in Fig. 4.1.

4.1.1 Related work

There have been several approaches to computer-aided analysis and automated identification

and classification of ILD using CT images. For example, in patients with IPF, densitometric

measures, such as the skewness, kurtosis and the mean of the histogram of distribution of
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NP GG RETIC NOD LINSC SUBPL PS CL

Figure 4.1: Examples of patches centered on selected points along different ILA patterns,
including normal parenchyma (NP), ground-glass (GG), reticular (RETIC), nodular (NOD),
linear scar (LINSC), subpleural line (SUBPL), paraseptal emphysema (PS) and centrilobular
emphysema (CL).

lung density, have been found to be associated with outcomes such as pulmonary function

and transplant free survival (Matsuoka et al. 2015a; Shin et al. 2011). Hand-crafted texture

features such as gray level co-occurrence matrices (GLCM), run length matrices (RLM), and

fractal analysis, have been also widely used (Lim et al. 2011; S. O. Park et al. 2011; J. Wang et al.

2009a) for classification of patterns of interstitial change as have local binary patterns (LBP)

(Sørensen et al. 2010) and local histogram-based measures (Ash, Harmouche, Vallejo, et al.

2017; Ash, Harmouche, Ross, A. A. Diaz, Hunninghake, et al. 2017). For example, Park et al

proposed a CAD scheme to detect, but not classify, early ILD using low-dose CT images based

on hand-crafted features such as RLM and histogram features on 30 patients (S. C. Park et al.

2011).

There have also been proposed approaches to learn the features directly from the data.

Some of these methods are based on unsupervised learning algorithms such as restricted

Boltzmann machine (RBM) (Li et al. 2013) or k-means and k-SVD to construct a set of learned

features (Gangeh et al. 2010; Zhao et al. 2015). However, the majority of the proposed methods

for learning features from the data are supervised algorithms based on Convolutional Neural

Networks (CNN). There have been proposed CNN-based methods for automatic classification

of patients with fibrotic lung disease (Walsh et al. 2018) and classifying the image-level label of

ILD types (C. Wang et al. 2019). There has also been an attempt to classify in an holistic manner

whole lung slices by using a pre-trained and fine-tuned AlexNet architecture (Gao et al. 2018).

However, a holistic classification of a whole slice as a unique label does not consider multiple
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tissue subtypes in the same slice thus it only provides a rough quantification method of the

disease. Regarding ILD radiographic subtype classification, other recent notable approaches

include the use of a variety of CNNs. These include CNNs to classify 2D patches as interstitial

patterns with or without pre-training using a variety of texture datasets (Anthimopoulos

et al. 2016; Christodoulidis et al. 2017; Kim et al. 2018) as well as the use of the well-known

architectures such as AlexNet and GoogleNet pre-trained on ImageNet (Shin et al. 2016).

One potential approach for improving the performance of all of these techniques is to

combine multiple classifiers into an ensemble. While this has not been attempted for ILD

classification, others have used this approach for the identification of other lung structures

such as nodules. These efforts have included both the combination of multiple CNN with

the same configuration, each of them having as input a different nodule view (Setio et al.

2016) and the combination of MLP, KNN and SVM to classify hand-crafted features for nodule

diagnosis (Farahani et al. 2015).

In this work we propose the first deep learning-based method to identify and classify

radiographic patterns of ILA, which likely represents early or subtle ILD in some cases, that

implies the characterization of 8 different parenchymal features types. We propose a method-

ology based on an ensemble of various 2D, 2,5D and 3D CNN specific architectures to tackle

subtle parenchymal patterns, including multi-context and multi-stage architectures, proving

the superiority with respect to previous methods specifically designed to address late-stage

interstitial diseases revealing the need of specific designs and research to tackle ILA prop-

erly. Additionally, this work precisely defines how to perform and optimize the ensemble of

different CNN architectures which has rarely been addressed.

4.2 Methods

4.2.1 Database

The CT scans used in this study for both training and evaluating the proposed method were

acquired as part of the COPDGene study, a previously described (Regan et al. 2010) multi

center study designed to identify genetic and epidemiologic factors associated with COPD.

The COPDGene study was approved by Partners Human Research Committee (Protocol

Number 2007-P-000554/2) and institutional review boards at all study sites, and written

informed consent was obtained from all subjects. All research in this study was performed in

accordance with relevant guidelines and regulations.

The scans utilized for this study were acquired at full inspiration and were obtained with a

total of 9 CT scanner models from 3 manufactures. From each CT scan, images were acquired

using two different reconstruction kernels, namely a soft filter (B35, Smooth Recon) and a



4.2 Methods 43

Table 4.1: Description of the database

ILA radiographic pattern Num. Points Num. Scans

Normal parenchyma 23696 161

Ground-glass 137 9

Reticular 5409 58

Nodular 116 7

Linear scar 195 8

Paraseptal emphysema 3845 43

Centrilobular emphysema 3613 51

Subpleural line 413 19

shaper one (B50, Sharp Recon). Two pulmonologists manually placed a total of 37427 training

points in the scans of 208 randomly selected individuals. These points were placed throughout

the lungs of the participants and included the following parenchymal features types: normal

parenchyma, interstitial features including ground glass, reticular, nodular, linear scar and sub

pleural line, and emphysematous features including centrilobular and paraseptal emphysema

(Table 4.1). This list of features was felt to represent the majority of parenchymal tissue types

in the cohort and all of the feature types were included, so that, during the classification

process, the entire lung volume could be classified as a particular subtype. That is, no volume

was classified as other or unclassifiable. Of note, normal parenchyma was labeled both distant

from and adjacent to the other tissue subtypes, but only in areas that were clearly visually

normal. Additionally, no pan-lobular emphysema was identified in the training cohort, likely

due to the lack of alpha-1-antitrypsin disease, and thus this feature was excluded.

4.2.2 Multi-model ensemble

In order to address the problem of radiographic ILA pattern classification from CT images,

we designed a multi-model ensemble of deep convolutional neural networks. Ensemble

strategies allow combining the individual predictions of a set of classifiers following some

defined criterion such as weighted averaging or majority voting rule. The combination of mul-

tiple independent models usually performs better than the independent models separately

(Rokach 2010). Individual networks work well on finding locally optimal solutions of the true

function that maps the input image space to the output label space. Ensemble methods show

their advantage by starting the optimal solution search of the true function from different

locally optimal points. The ensemble algorithm can then combine different information from

each individual model to construct a better representation of the input therefore enabling a

better mapping function.
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In the proposed ensemble method, each individual network is trained from scratch

using the same training samples. Then, the output probability distribution responses of the

networks are combined using a weighted averaging to form the overall output of the ensemble:

Y(x) =
n∑

i=1
wiPi(x) (4.1)

Where x is the input image and wi is the weight assigned to the individual response of the ith

network, Pi(x). We use a heuristic search of the optimal values of the weights applied to the

individual networks. The weights are randomly initialized and iteratively evolve so that the

overall performance of the resulting ensemble improves. We solve this optimization problem

by minimizing the overall error of the ensemble using the Tree-structured Parzen Estimator

(TPE) (Bergstra et al. 2011), an improved version of Sequential Model-based Algorithm Config-

uration (SMAC). Briefly, TPE constructs the surrogate function p(Y|w), a probabilistic model

of the objective function which maps the hyperparameters w to a probability of the score

Y, by appyling the Bayes’ theorem. Instead of modeling the surrogate p(Y|w) directly, TPE

models p(w|Y) and p(Y), where p(w|Y) is modeled by two non-parametric density functions

based on observations w.

The final predicted label is based on the optimal decision rule, where the predicted class

is that which has the highest probability.

The proposed ensemble is comprised of seven Convolutional Neural Networks: three 2D

CNNs, two 2.5D CNNs and two 3D CNN, as detailed in Figure 4.2.

Radiographic ILA patterns are mainly characterized by local texture patterns in CT im-

ages. In order to capture these local texture patterns, our baseline architecture uses relative

small kernels in convolutional layers in order not to introduce non-local information in the

receptive field. We also reduced the number of pooling layers through the network compared

to standard CNNs to avoid spatial information loss. In view of these considerations, and

considering that shallow CNNs do not have enough discriminative power while too deep

architectures are computationally expensive to train and can easily overfit the training set, our

baseline architecture (BCNN2D) for the classification of ILA radiographic patterns in HRCT

images is a deeper variant of the well-known LeNet configuration, where each convolutional

layer with 5x5 kernels are replaced with two layers with 3x3 kernels. We also introduced a

batch normalization layer after each pooling operation to accelerate the network training and

improve the overall performance.

In order to introduce architectures that exploit contextual information into the ensem-

ble, we designed the multi-stage and multi-context versions of the baseline architecture
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(MSTAGE-CNN2D and MCONTEXT-CNN2D respectively). Multi-stage networks exploit con-

textual information by branching middle-level features from the CNN and concatenating

them with the last features before being fed into the classification step, so that the network

has richer representation of the input image with different scales of the receptive field. This

configuration combines, at the classification step, high-level features from the latter stage with

global information, and low-level features that represent local structures from the image so

that the loss of spatial relationship between global features is avoided. Multi-context networks

also add a secondary path to the architecture that parallel processes a larger scale input image

so that the network simultaneously learns features from the input image at multiple scales.

To take advantage of spatial information, we designed the respective 2,5D and 3D ver-

sions of the baseline and multi-stage networks previously presented (yielding the BCNN2.5D,

MSTAGE-CNN2.5D, BCNN3D and MSTAGE-CNN3D configurations), though the 2,5D and 3D

multi-context versions were discarded due to their inadequate performance and conver-

gence. 2,5D networks explore two-and-a-half dimensional (2,5D) representation of the image,

learning features and capturing information from the three orthogonal planes, namely axial,

sagittal and coronal slices. It has been shown that a two-and-a-half dimensional represen-

tation of pulmonary segments is optimally cost effective and has been claimed to be more

suitable compared to more complex architectures (see Chapter ??). A natural extension of

2,5D architectures are 3D CNNs which have the ability to model and capture volumetric

contextual information around the voxel to classify.

All the architectures of the CNNs that comprise the proposed ensemble are described in

details in Figure 4.2.

The training of the CNNs is based on an optimization problem that minimizes a loss

function. In this work we use Adam optimizer to minimize the L2-regularized categorical

cross entropy.

4.2.3 Overfitting prevention

Deep architectures, which involve a large number of parameters, easily overfit the training

data. In this work we apply four different techniques to prevent and reduce the overfitting.

In order to increase the number of training samples and to consider variability through

samples from the same class, we used two approaches to augment the training data by

modeling both geometric and physiological transformations. Geometric transformations on

training samples belonging to the classes with less training data (i.e. ground glass, nodular,

linear scar and subpleural line) were used, combining rotation, horizontal and vertical shifts

and flips and shearing. Additionally, in all samples of the training data, we also performed

a domain-specific data augmentation to model the differences of tissue density depending
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Figure 4.2: Architectures of the CNNs included in the proposed ensemble. Each network is
fed with a 2D, 2.5D or 3D ROI extracted from a sample point.
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on the level of inspiration, which is frequently needed when estimating pulmonary diseases

in CT images (Camiciottoli et al. 2013). In this work, we implemented a new approach to

augment the training data modeling variations in lung density and volume due to differences

on inspiration levels among patients in order to be robust and relatively independent of the

respiratory state of the lungs at acquisition time. Our approach is based on the so-called

sponge model of the lung (Stoel et al. 2008) which assumes mass preservation over the lung

respiratory cycle causing that a proportional decrease in lung volume would yield an equally

proportional increase in density. We have modeled random lung volume variations of ±100

milliliters (mL) —U (−1000,1000)—, corresponding to mild fluctuations in inspiratory lung

volume.

On the other hand, we have also applied a regularization of the loss function for overfitting

prevention. L2 regularization penalizes the square magnitude of the parameters (w) in the

loss function by adding the term 1/2λw2, where λ is the regularization strength. This method

penalizes sharp changes in the parameters, preferring soft ones. Dropout technique (N.

Srivastava et al. 2014) was also used to prevent the overfitting by randomly dropping units

with a given probability p from the network during training. Finally, we also employed early

stopping technique, where the training stage ends before overfitting process begins. The

training finishes when the error on the validation set (validation loss) does not decrease for a

preset iteration epochs (patience).

4.3 Experiments and results

4.3.1 Experimental setup

4.3.1.1 Implementation details

All individual networks from the proposed ensemble method were trained on Regions of

Interest (ROIs) extracted around the manually labeled points. The size of the ROIs was

selected in accordance with each network architecture, always ensuring the coverage of a

whole secondary pulmonary lobe (functional and anatomical unit of the lung), leading to ROIs

of 30 mm2 mean size for the 48×48 axial patches. As derived from Figure 4.2, we extracted

two-dimensional ROIs from the axial plane for 2D-CNNs, while two-and-a-half-dimensional

ROIs (from axial, sagittal and coronal planes) and three-dimensional ROIs were extracted for

2.5D-CNNs and 3D-CNNs respectively. Of the two available images per scan, the dataset was

built with ROIs extracted from the CT images reconstructed with the B50 filter.

The only pre-processing performed on the dataset was normalizing the attenuation by

subtracting the mean and dividing by the standard deviation tissue density computed on

training and validation sets to normalize the image ROIs.
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The framework used to implement the proposed method was based on Theano and

Lasagne libraries using a PC with GPU GeForce GTX TITAN X Pascal 12GB, CPU Intel Core i7

3.6 GHz and 32GB of RAM.

4.3.1.2 Evaluation

To evaluate all proposed and state-of-the-art methods for the classification of ILA patterns,

we constructed a train-validation-test scheme. For radiographic tissue classes with 800 or

more training points, we randomly selected 600 samples (maximum of 75%) to be part of

the training set, while for those classes with less than 800 points (i.e. ground glass, nodular,

linear scar and subpleural line), 75% of the points were randomly separated for the training

set and augmented with geometric transformations until all classes had 600 points in order to

build an equally distributed training set. These training data were then split using a 10-fold

cross validation scheme leading to create the final training and validation datasets, and all

the CNNs were trained and evaluated 10 times according to the 10-fold cross validation split.

For all tissue classes, the remaining samples not considered in this selection were defined as

the test set (minimum of 25%). The training of the models was carried out on the training

sets, and the validation sets were used for hyper-parameter tuning. The final performance

evaluations of the proposed and state-of-the-art methods were carried out on the test sets.

Additionally, and for further validation, we performed an additional experiment with a

train-test split at patient level, creating a completely independent test set without overlap

between samples from the same CT scan in both the training and the new independent test

sets. This experiment allows us to check the repeatability of our results at the subject level

assuming that disease presence within a subject is somehow correlated between lung regions.

From the 254 CT scans described in Database section, we randomly selected 5 patients for

testing ensuring that all eight tissue classes under study were represented, and the rest of the

scans were used for training, leading to 4800 training points and 2330 samples for testing.

We employed five point-metrics to evaluate and compare the proposed and baseline

classification methods To deal with the skewed class distribution of the test dataset and to

equalize the importance of each class, we computed the point-metric for each class, and

estimated their unweighted average. We considered the sensitivity (SN), specificity (SP),

geometric mean (GM) and balanced accuracy (BA), defined as:

SN = TP

TP+FN
SP = TN

TN+FP
GM =

p
TP∗TN BA = SN+SP

2
(4.2)

where TP, FP, TN and FN denote the number of true positives, false positives, true negatives

and false negatives respectively.
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Table 4.2: Fine-tuned hyperparameters

Hyper-parameter Value

Optimizer Adam updates

η=0.001, β1=0.9, β2=0.999, ε=10e-08

L2 regularization strength 0.0025

Patience (early stopping) 30

Dropout rate 0.5

Batch size 128

4.3.2 Validation results

In the following subsections we describe a set of experiments performed to validate the

proposed method. First, we compared the proposed ensemble to the individual networks.

Second, we evaluated the generalizability of the method when it is applied to data with char-

acteristics different than those of the training set. Next, we performed an overall analysis of

the system’s performance with an independent test dataset. Finally we performed a com-

parison of our techniques with previous studies, as well as an experiment to investigate the

performance of our method when it is applied to the full lungs with sliding ROIs.

4.3.2.1 Ensemble of models

We first compared the performance of individual networks to the proposed multi-model

ensemble. To identify the optimal architectures of individual networks we experimented with

different configurations, resulting in the architectures shown in Figure 4.2. To optimize the

training procedure we also experimented with different hyper-parameters, but for purposes

of comparative evaluation, we used the same parameter set for all individual CNNs of the

ensemble. In Table 4.2 we summarize these hyper-parameters tuned via cross-validation. The

weights w assigned to the individual response of each network of the ensemble (Eq. 4.1) were

also optimized via cross validation.

Figure 4.3 compares the proposed ensemble with the individual networks performance by

giving the unweighted average along all classes for each evaluation metric. It can be seen that

the ensemble achieved a significantly (two-sample t-test: p-value<0.001) better performance

compared to isolated models by combining its individual responses, outperforming in terms

of all considered metrics the individual CNNs, and reducing the standard deviation of the

mean of each metric.

Table 4.3 demonstrates the effect of using different strategies to aggregate the individual

networks to build the ensemble, including weighting and non-weighting methods. For weight-

ing methods, we used different optimization algorithms to optimize the weights. Minimizing
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Figure 4.3: Classification performance of each individual models (gray) and combined in
the ensemble (orange). The two-samples t-test to assess the statistical significance of the
improvement in performance of the ensemble compared to the individual networks are
represented with blue asterisks (***two-sample t-test: p-value<0.001). SN: sensitivity, SP:
specificity, GM: geometric mean, BA: balanced accuracy.

the overall error of the ensemble using cross-validation, we concluded that all the methods

yielded roughly the same performance, with TPE providing the best results, followed by

Bayesian Optimization (BO) and Random Search (RS). When Majority Voting rule (MVR) was

used to combine the individual responses it also obtained a higher performance compared to

individual models, but all weighting methods scored better than the latter.

As shown in Table 4.4, there was considerable variation between the learned weights of

each of the individual networks using the different optimization algorithms, although all

performed similar (Table 4.3). This may be due to the fact that all algorithms find different

but equivalent local minima and close to the same global minima.

4.3.2.2 Evaluation of generalization capability

Because CNNs learn features from their training data and it is important to determine if

they are generalizable to data with characteristics that are different than those of the training

dataset. For CT imaging data this may include diverse acquisition protocols including different

CT scans vendors, reconstruction kernels, and other imaging characteristics.

The database used for training the individual networks from the ensemble is composed of
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Table 4.3: Classification performance using different aggregation strategies to build the
ensemble

Ensemble strategy SN(%) SP(%) GM(%) BA(%)

Weighting

method
RS

92.39

(± 0.55)

98.91

(± 0.10)

95.60

(± 0.33)

95.65

(± 0.32)

TPE
92.51

(± 0.62)

98.93

(± 0.10)

95.67

(± 0.37)

95.72

(± 0.36)

BO
92.47

(± 0.58)

98.93

(± 0.09)

95.64

(± 0.34)

95.70

(± 0.33)

Non-weighting

method
MVR

91.81

(± 0.87)

98.83

(± 0.12)

95.25

(± 0.51)

95.32

(± 0.49)

SN: sensitivity; SP: specificity; GM: geometric mean;

BA: balanced accuracy.

Table 4.4: Optimized weights

Weigths Optimization Algorithm

RS TPE BO

w1: BCNN2D 0.468 0.682 0.745

w2: MSTAGE-CNN2D 0.635 0.979 1.000

w3: MCONTEXT-CNN2D 0.285 0.367 0.447

w4: BCNN3D 0.630 0.781 0.849

w5: MSTAGE-CNN3D 0.690 0.98 1.000

w6: BCNN2.5D 0.145 0.373 0.389

w7: MSTAGE-CNN2.5D 0.645 0.902 1.000
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Figure 4.4: Evaluation of the proposed ensemble optimized with TPE when trained and tested
on datasets with images reconstructed with different kernels (B35 and B50), with respect to the
evaluation metrics SN (sensitivity), SP (specificity), GM (geometric mean) and BA (balanced
accuracy).

different scans from diverse vendors and models, which leads to a non-homogeneous dataset,

and likely improves generalizability. We sough to further explore the generalizability of our

approach, specifically relating to reconstruction kernel, by taking the advantage of the fact

that we were able to extract two different ROIs corresponding to two different reconstruction

kernels for each point in the dataset (B35 and B50 filters).

As shown in Figure 4.4, we achieved the higher performance when training and testing

were carried out on images reconstructed with the B50 filter, corresponding to the sharp

reconstruction kernel. These results are in accordance with the clinical routine, where the use

of sharper images are preferred when performing visual identification and quantification of

interstitial diseases. Additionally, it is also shown the generalization capability of the proposed

method when the networks are trained and tested on images reconstructed with different

kernels.

4.3.2.3 Analysis of the ensemble performance

Figure 4.6 shows the normalized confusion matrix of the proposed ensemble optimized with

TPE. As shown, the misclassifications generally occurred within interstitial group, where mis-

classified reticular samples were mainly confused with subpleural line and nodular patterns.

Misclassifications also occurred between normal parenchyma and centrilobular emphysema.

Detailed numerical outcomes of each class are presented in Table 4.5.

In addition, an evaluation of the proposed method on a subject independent test set

with respect to the training set showed a sensitivity (SN) of 88.9%, specificity (SP) of 98.4%,

geometric mean (GM) of 93.5% and balanced accuracy (BA) of 93.61%. The results of our
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Figure 4.5: Activation maps generated by BCNN2D network. Correct label appears above
the original image patch. Predicted label appears above the activation maps. Activation
maps corresponding to normal parenchyma (NP) focused on the entire image patch, almost
uniformly, as there is not any radiological sign of disease. Activation maps corresponding
to linear scar (LINSC), centrilobular emphysema (CL), subpleural line (SUBPL) and nodular
pattern (NOD) focused on those areas that define each disease subtype and lesion location.
For parastatal emphysema (PSE) regions the network focused on both low attenuation areas
representing emphysema and pleural regions.

solution when training using each sample independently or using only samples from the

same subjects are comparable. Our interpretation is that the lung damage is a process that

affects the secondary lobule and is somehow independent across different secondary lobules.

Therefore training and testing could be done using samples from the same subject as long as

they belong to different secondary lobules as it is the case in our training set.

Understanding and interpreting the results obtained with deep learning techniques is

of paramount importance. Grad-CAM technique is a valuable manner to better understand

and interpret what trained deep models have learned (Selvaraju et al. 2017). We mapped the

activation maps corresponding to one of our proposed two-dimensional networks (BCNN2D).

Activation maps highlight the regions for each sample that most influence the predictions. We

observed that the activation maps consistently select the location of the lesions (Figure 4.5).
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Table 4.5: Detailed performance of the proposed method

Group Class #Samples Results

CV Train Test SN(%) SP(%) GM(%) BA(%)

HEALTHY Normal parenchyma (NP) 600 23096 0.8937 0.9649 0.9286 0.9293

INTERSTITIAL Ground glass (GG) 600 34 0.9118 0.9907 0.9504 0.9512

Reticular (RETIC) 600 4809 0.8064 0.9501 0.8753 0.8782

Nodular (NOD) 600 30 0.9667 0.9977 0.9820 0.9822

Linear scar (LINSC) 600 48 0.9375 0.9936 0.9652 0.9656

Subpleural line (SUBPL) 600 103 0.8544 0.9907 0.9200 0.9225

EMPHYSEMA Paraseptal emphysema (PS) 600 3245 0.9405 0.9861 0.9630 0.9633

Centrilobular emphysema (CL) 600 3013 0.9220 0.9810 0.9510 0.9515

Avg/Total 4800 34378 0.9041 0.9818 0.9420 0.9430

SN: sensitivity; SP: specificity; GM: geometric mean; BA: balanced accuracy.
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Figure 4.6: Normalized confusion matrix of the proposed ensemble optimized with TPE for
the eight tissue classes under study.

4.3.2.4 Comparison with the state-of-the-art methods

Table 4.6 compares the performance of the state-of-the-art methods to the proposed en-

semble of CNNs (ECNN). The first row corresponds to a method based on local histogram

hand-crafted features (LH) (Ash, Harmouche, Ross, A. A. Diaz, Hunninghake, et al. 2017),

while the rest correspond to methods that use CNNs for feature extraction and classifica-

tion, including the well-known GoogleNet (Szegedy et al. 2015) (57 convolutional layers) and

VGG-16-Net (Simonyan et al. 2014) (13 convolutional layers) networks. Both networks were

trained from scratch on our dataset, and pretrained on ImageNet and fine-tuned on our data

(GoogleNet-P and VGG-P). Also shown the results of the CNN proposed by Anthimopoulos

et al (Anthimopoulos et al. 2016), which focused on detecting patterns of interstitial lung
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(AUC = 0.7628)

(Anthimopoulus et al. 2016)

LH (Ash et al. 2017)

(Kim et al. 2018)

Figure 4.7: ROC analysis for the proposed ensemble and eight sate-of-the-art methods. The
ROC curves represent the macro-average over all classes. The area under the curve (AUC)
values are also given for each ROC. VGG-P and GoogleNet-P stands for the pretrained versions
on ImageNet of VGG-Net and GoogleNet architectures. VGG-LF and VGG-EF stands for the
ensemble of VGG networks using late and early fusion respectively.

diseases from 2D patches, as well as those obtained with the architecture proposed by Kim

GB et al (Kim et al. 2018), which considers an image patch of 20×20 pixels. We independently

implemented all of the methods and trained and tested them using the same data and frame-

work. Table 4.6 also presents the performance of all individual networks that constitute the

ensemble (last seven rows).

Additionally, and for a more extended comparison, we have also implemented two dif-

ferent ensembles of VGG-16 networks. The ensembles are composed by nine VGG networks,

each of them having as an input a single image patch including the seven axial images which

comprise the 3D volume as well as the sagittal and coronal views. We used the VGG networks

pretrained on ImageNet as a feature extractor. We then combine the features using both early

and late fusion. For the early fusion (VGG-EF), we fused the features with a single multilayer

perceptron trained on our own dataset. Conversely, for the late fusion (VGG-LF), the infor-

mation is fused at the decision level, where the final fully connected layers of the nine VGG

networks were fine tuned on our data independently and the predictions were subsequently

fused using a soft voting rule.

In general, our proposed ensemble method, outperformed the other techniques. For

example, our approach had a 28% higher BA than the method that uses hand-crafted features.

In addition, compared with the rest of the methods based on CNNs, our ensemble method

outperformed the best of them by 7.6% in terms of BA. We also found that very deep CNNs

such as GoogleNet easily overfit the data when they are not trained in very large datasets,
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yielding poor performance on the test set. The ensambles of VGG networks which process

multi-view and multi-dimensional data do not outperformed the porposed method. The

macro-average ROC curves for each method are shown in Figure 4.7 and demonstrated

that the proposed method achieved the highest area under the curve (AUC). Finally, for

comparison, in Figure 4.8, the confusion matrices of the proposed method, the individual

networks that compose the ensemble and state-of-the-art are all shown.

Figure 4.8: Normalized confusion matrices of the proposed ensemble, individual networks
that make up the ensemble and state-of-the art methods.

4.3.2.5 Visual evaluation

In order to complete the validation from a clinical point of view and to extend the analysis

from isolated ROIs, we performed a visual evaluation of the proposed method. For these

analyses, we computed the full-lung classification of twenty CT scans from COPDGene cohort

at different stages of disease severity and ILA patterns.

Full-lung classification was carried out at a fixed sampling grid with spacing 5×5×5 voxels,

and the rest of the voxels were classified using a nearest-neighbor interpolator. The time

needed for the proposed method to process an average-sized entire scan (700 slices) using a

sampling grid of 10×10×10 voxels was 3,5 minutes, while the corresponding time needed

when a sampling grid of 5× 5× 5 is used was 25 minutes, using the previously described

hardware.

For visual scoring, two experts inspected the classification results of twenty full lung classi-

fications performed by two methods: the proposed ensemble of CNNs, and, for comparision,
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Table 4.6: Comparison of the proposed ensemble with state-of-the-art methods. The first
group of methods (first seven rows) presents the results of the state-of-the-art and the pro-
posed ensemble methods. The second group presents the results of the individual models.

Method SN(%) SP(%) GM(%) BA(%)

LH (Ash, Harmouche, Ross, A. A. Diaz, Hunninghake, et al. 2017) 0.6888 0.9376 0.7976 0.8132

VGG 0.6241 0.9319 0.7565 0.7780

VGG-P 0.6553 0.9703 0.7727 0.8128

GoogleNet-P 0.6930 0.9264 0.7943 0.8097

GoogleNet 0.6256 0.9341 0.7608 0.7798

VGG-EF 0.7762 0.9633 0.8647 0.8697

VGG-LT 0.8148 0.9678 0.8880 0.8913

(Kim et al. 2018) 0.3759 0.9027 0.5825 0.6393

(Anthimopoulos et al. 2016) 0.7687 0.9657 0.8567 0.8672

ECNN 0.9041 0.9818 0.9420 0.9430

BCNN2D 0.8615 0.9730 0.9152 0.9172

MSTAGE-CNN2D 0.8552 0.9740 0.9125 0.9146

MCONTEXT-CNN2D 0.8621 0.9766 0.9171 0.9194

BCNN2.5D 0.8426 0.9748 0.9051 0.9087

MSTAGE-CNN2.5D 0.8776 0.9754 0.9246 0.9265

BCNN3D 0.8271 0.9650 0.8917 0.8960

MSTAGE-CNN3D 0.8335 0.9727 0.8993 0.9031

SN: sensitivity; SP: specificity; GM: geometric mean; BA: balanced accuracy

a local histogram-based method (Ash, Harmouche, Ross, A. A. Diaz, Hunninghake, et al. 2017),

which has previously shown to identify interstitial patterns with both clinical and genetic

associations (Ash, Harmouche, Putman, et al. 2017). The scoring was done in a blinded

manner, and based on the consensus of the two reviewers as to the goodness of the method

to classify each of the eight interstitial. Additionally, the performance in terms of the spatial

consistency of the resulting labeled lung and the classification precision on the hilum, which

is an area prone to errors due to its anatomical complexity, were assessed. Visual scoring

of the results of the subtypes classification was done using a range from 0 to 10 according

to the degree of under- and over-estimation of the extent of the tissue class, where 0 means

significant under estimation, 5 means neither under estimation nor over estimation of the

subtype, and 10 represents a high over estimation. Visual scores for spatial consistency and

precision on the hilum range from 5 to 10, where 5 means high or good spatial consistency

and hilar precision and 10 low spatial consistency and hilar precision.

Table 4.7 and Figure 4.9 summarize the visual scores for both methods. Table 4.7 reports

the Mean Absolute Error (MAE), defined as the distance to 5, for all the inspected aspects
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(subtypes and overall considerations), and the mean of overestimation (scores>5) and un-

derestimation (scores<5) for all subtypes. Additionally, for reference, the Mean Percentage

Volume (MPV) of each subtype under study was measured for the twenty cases. For each case

the subtype percentage volume was estimated as the mean classified volume provided by

both LH and ECNN methods. Although for some subtypes the local-histogram based method

exhibits a better behaviour in terms of extent definition, the proposed ensemble of CNNs is

significantly better than those obtained with the local histogram-based method in terms of

Mean MAE for all the subtypes (two-sample t-test, p-value<0.001). It can be also observed

that for the subtypes with higher presence in our test population (defined as MPV≥5%) the

ECNN performs better than the local-histogram approach.

As can be seen in Figure 4.10, qualitative review of the technique’s performance suggests

that while the overall performance of the approach was excellent, there were a few systematic

errors. These include the classification of linear bronchovascular bundles as linear scar

(LINSC), the misclassification of proximal bronchovascular bundles viewed in cross-section as

nodular (NOD), and the identification of motion artifact related to the fissures and diaphragm

as ground glass (GG), all of which are errors that can be easily removed via masking. Reticular

(RETIC) areas were also sometimes misclassified as Nodular (NOD) pattern. This effect was

previously described, and is also observed in the confusion matrix (Figure 4.6).
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Figure 4.9: Visual score for twenty full-lung classification results obtained with the proposed
ECNN and LH methods. *Spatial Consistency; **Hilar Precision
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NP RETIC NOD SUBPL LINSC GG PS CL

Figure 4.10: Automated full lung classification results of two CT scans with different ILA
subtypes and stage of disease severity. The first row of the upper figure shows several ground
truth areas.

4.3.2.6 Clinical validation

For further clinical validation we wanted to test if the proposed method is directly associ-

ated with the visually determined score of the presence of ILA. We hypothesized that the

proposed method can determine the binary classification of a patient presenting ILA using as

benchmark the visual identification of ILA.

The visual assessment of CT scans for ILA has been carried out following the previously
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Table 4.7: Visual assessment of the proposed ensemble and local histogram-based method.
LH stands for Local Histogram. ECNN stands for the proposed Ensemble of Convolutional
Networks method.

MPV MAE Over. Under.

(mean±sd) LH ECNN LH ECNN LH ECNN

NP 73.2±10.9 1.25 0.80 6.00 5.60 3.89 4.37

RETIC 10.0±5.6 2.45 0.80 7.45 5.77 5.00 4.75

PS 3.2±1.6 0.70 0.70 5.07 5.50 4.32 4.46

CLE 6.5±9.2 1.45 0.80 6.33 5.33 4.17 4.23

SUBPL 1.5±0.6 0.75 0.25 5.75 5.21 5.00 4.94

GG 1.2±1.0 0.40 0.50 5.40 5.07 5.00 4.52

NOD 2.5±3.8 0.00 1.15 5.00 6.15 5.00 5.00

LINSC 1.9±0.9 1.40 0.70 6.37 5.70 4.78 5.00

Sp. Cons.* - 2.6 1.10 - - - -

H. Prec.** - 2.35 0.85 - - - -

Mean - 1.33 0.76 5.92 5.54 4.64 4.66

*Spatial Consistency; **Hilar Precision

MPV : Mean Percentage Volume, MAE: Mean Absolute Error, Over.: Overestimation, Under.: Underestimation

described procedure (Washko, Hunninghake, Fernandez, Nishino, Okajima, Yamashiro, Ross,

Estepar, et al. 2011). All individual’s CT scans were visually analyzed and determined to have

ILA if there were nondependent ground-glass or reticular abnormalities, diffuse centrilobular

nodularity, nonemphysematous cysts, honeycombing, or traction bronchiectasis affecting

more than 5% of any lung zone.

We defined a quantitative ILA score as the percentage of the lung area affected by any

interstitial pattern, namely ground glass, reticular, nodular, linear scar and sub pleural line

where only the voxels with greater than a determined certainty threshold were considered.

The certainty of a voxel was defined based on the probability given by the proposed ensemble

of CNNs and associated to the predicted label for this voxel (see example in Figure 4.11a-c).

Receiver operating characteristic curves and the area under the curve were generated

using logistic regression via cross-validation for the prediction of those individuals with

visually identified presence of ILA.

CT scans from 114 subjects, that were not included in the training set, were evaluated

(52 with visually defined ILA and 62 without ILA). Overall the proposed method had an area

under the receiver operating characteristic (ROC) curve of 0.863 ± 0.067 for the detection of

visually defined ILA when using a certainty threshold of 95%. For lower certainty thresholds

the classifier performance slightly decreased as shown in Figure 4.11d.
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Figure 4.11: A Original image; B Certainty map given by the proposed method for non-ILA
labeled voxels (blue) and ILA labeled voxels (yellow); C Lung area affected by interstitial
patterns with certainty greater than 95%; D ROC curves using several thresholds for the
detection of visually defined ILA.

4.4 Conclusions

In this chapter, we proposed a novel method to detect and classify radiographic patterns

of ILD at an early stage in CT images, considering eight radiographic classes of lung tissue,

including normal tissue, five interstitial features subtypes and two emphysematous classes.

Specifically, we proposed a multi-model ensemble of deep CNNs. The ensemble is comprised

of seven CNNs, incorporating 2D, 2.5D and 3D networks. To this end, each individual network

was trained from scratch on our database, and then the outputs of the networks are summed

up in a weighted manner and combined to form the overall output of the ensemble. Both
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the CNNs and the weights of the ensemble are trained via cross-validation. The resulting

ensemble achieved a higher performance compared to each of the individual models, proving

the potential of combining the responses of various classifiers.

The augmentation in learning enabled by utilizing different CNN architectures has been

scarcely used in medical imaging but shows promising results (A. Kumar et al. 2017). Our

proposal combines deeper and shallower representations with different input dimensionality.

The optimized ensemble weights show that each of the single models contributes to the final

classification. Although there is not a single local minima for the ensemble, the different

optimization approaches produce comparable results in terms of accuracy. This might

indicate some degree of redundancy in the prediction provided by each ensemble. Further

studies could include the minimum set of information that is needed to achieve similar

performance.

Previous studies have shown the advantage of using 2.5D and 3D architectures encoding

more spatial contextual information, and therefore producing representations with higher

discrimination capability (Dou et al. 2017; Roth, Lu, et al. 2016). Our study proves that the

combination of different input data representations (2D, 2.5D and 3D) is important, given

that the proposed ensemble improves the performance with respect to the isolated models.

Our study suggests that the proposed method can be employed to identify radiographic

patterns of ILD at an early stage. In our test studies, which involve a large dataset of 34378

samples, the performance of our method showed greater area under the ROC curve (AUC)

than state-of-the-art architectures commonly used by the computer vision community. Our

method also outperforms two specific architectures of CNN to detect ILD patterns (Anthi-

mopoulos et al. 2016; Kim et al. 2018), as well as a simpler approach to objectively identified

ILA based on density histogram features (Ash, Harmouche, Ross, A. A. Diaz, Hunninghake,

et al. 2017).

Additionally, we have shown the generalization capability of our method to be applied

to large cohorts of patients with data reconstructed with different kernels. We performed

intra-kernel and inter-kernel studies in which the training and test images were reconstructed

with the same and different kernels respectively, and to the best of our knowledge, this is

the first work that comprises images with different reconstruction algorithms and that has

studied and verified the generalization capability of a method for automated classification of

lung tissue.

We also performed a quantitative experiment where the method was tested on a com-

pletely independent test set separating the training and testing dataset at the patient level.

This experiment allowed us to ensure the repeatability of results and generalization of the
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proposed method.

To confirm the clinical feasibility of the proposed method we performed two experiments

including a visual evaluation of the proposed method and a clinical validation where we

tested the association between the method and the visually determined score of the presence

of ILA. For the visual evaluation, two experts visually evaluated and scored by consensus

twenty full-lung classification results. The results of the clinical visual assessment confirmed

the statistically significant (p-value<0.001) superior performance of the proposed method

against previous work based on local histogram features that has recently shown to provide

insightful clinical and genetic associations (Ash, Harmouche, Putman, et al. 2017). Our visual

evaluation highlights the difficulty of assessing interstitial subtypes with low prevalence. It is

worth noting that the subtypes for which our method obtained lower accuracy in terms of

visual scoring, are the ones that correspond to the cases with the lowest number of training

and testing samples that may influence the ability of their CNN approach to learn their unique

characteristics. We expect that the inclusion of more training data for these subtypes could

alleviate this effect.

Regarding the ability of the method for detecting visually defined ILA, the experiment car-

ried out on 114 subjects showed that estimation of ILA patterns in high certainty areas seems

to better predict the visual assessment of ILA, suggesting the importance of the prediction

probability.

In summary, we have demonstrated that the proposed ensemble of CNNs, in spite of the

intrinsic difficulty of the problem due to the subtle nature of the disease, is able to identify

radiographic patterns of early parenchymal lung disease that have been previously shown

to be associated with prognosis and clinical outcomes. It has also been shown that our

method can identify individuals with interstitial abnormalities, but further study is needed to

determine the association between the response of the proposed method and other clinical

outcomes including mortality.





5
Paraseptal emphysema

segmentation

Emphsyema subtype classification has been traditionally addressed by local-based methods

which exploits the local appearance, intensity and texture of HRCT images. However, as

outlined in Chapter 3, the automatic detection of paraseptal emphysema represents an

unique challenge and require global and contextual information within the lung in addition to

intensity and texture information. Thus, local-based method would not exploit the intrinsic

nature of paraseptal emphysema lesions and are not able to properly characterize it. In this

chapter, we present a novel method to identify paraseptal emphysema lesions exploiting

contextual information and considering the specific nature of this particular subtype of

emphysema.
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5.1 Introduction

Pulmonary emphysema is characterized by abnormal permanent enlargement of airspaces

distal to the terminal bronchiole, accompanied by the destruction of their walls, and with-

out obvious fibrosis (Snider et al. 1985). Emphysema is divided into three major subtypes:

centrilobular, panlobular and paraseptal emphysema.

Paraseptal emphysema (PSE), also known as distal acinar emphysema, is characterized

by subpleural and peribronchovascular regions of low attenuation separated by intact inter-

lobular septa (Hansell et al. 2008). PSE is a relatively unexplored emphysema subtype with a

very distinct clinical manifestation that is often underrecognized clinically. However, recent

studies demonstrated a significant association between paraseptal emphysema (PSE) and

interstitial lung abnormalities (ILA) (Araki et al. 2015), which the latter have been associated

with clinical outcomes, including mortality (Washko, D. A. Lynch, Matsuoka, Ross, Umeoka,

A. Diaz, Sciurba, Hunninghake, Estepar, et al. 2010).

Densitometric analysis in computed tomography (CT) is commonly used and widely

accepted to identify and quantify the extent of pulmonary emphysema. This method discrim-

inates emphysematous and non-emphysematous tissue by thresholding the intensity levels

in the CT image within the lung region.

A densitometric approach disregards the information present in the morphology of the

emphysema subtypes. Thus, several methods have been previously proposed to carry out

emphysema subtype classification exploiting local texture and intensity patterns (Sorensen

et al. 2010b). The justification for using a local-based approach is usually founded on the

pseudo-independence between adjacent regions of interest (ROI) that correspond to the

secondary pulmonary lobule (smallest subunit of the lung). Although this approach is valid

for detecting centrilobular and panlobular subtypes, it has been observed that is not able

to resolve the identification of PSE properly. Given its particular structure, PSE is not only

defined as a local pattern but it is a context-based lesion with a notion of location, always

appearing adjacent to a pleural surface, as well as lobar septal walls, and which may have a

considerable extension. This characteristics make the PSE identification problem consistent

with a segmentation approach.

In this chapter, we present the first technique to particularly address paraseptal emphy-

sema identification by proposing the Slice-Recovery architecture (SR-Net) that exploits 3D

information to perform segmentation of PSE lesions on 2D slices of CT images.
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5.2 Methods

3D manual annotation carries a high burden from experts, and when they make 2D annota-

tions they usually use 3D information to place value on the spatial context around the region

to segment. In this work, we propose the new Slice-Recovery network (SR-Net) for automatic

segmentation of paraseptal emphysema (PSE) on CT images. The proposed CNN architecture,

fully described in Section 5.2.1.2, leverages 3D information for 2D segmentation of PSE in

CT axial images. We hypothesize that incorporating 3D context information can improve 2D

segmentation results in medical imaging by capturing volumetric information around the

lesion.

5.2.1 SR-Net

5.2.1.1 Volume extraction

The input of the proposed network consists on a 3D volume of size 384×384×8 voxels, where

the central axial slice corresponds to the target 2D slice to be segmented. This input volume

is further pre-processed by segmenting and masking only the lung region.

5.2.1.2 CNN architecture

The proposed SR-Net is illustrated in Figure 5.1 and its innovative dense efficient architecture

decodes 2D segmentation maps from a 3D encoded volume through a Slice-Recovery layer.

The encoding pathway of the proposed CNN is composed by encoder blocks. Each encoder

block consists of a convolutional dense block with an iterative concatenation of previous

feature maps. Dense blocks introduced in (Huang et al. 2017) have been previously used to

deal with the problem of semantic segmentation (Jégou et al. 2017). These dense blocks are

subsequently processed by an ENet-style block which combines max pooling and strided

convolutions to avoid representation bottlenecks (Paszke et al. 2016). It has been shown that

a purely 3D version of the proposed architecture outperforms state-of-the-art segmentation

CNNs such as U-Net (Ronneberger et al. 2015) when segmenting 3D pulmonary arteries in

CTA images (López-Linares Román et al. 2018).

On the other hand, in the decoding pathway, transposed convolutional layers (deconvolu-

tion) and skip-connections are subsequently processed by a dense block. Skip-connections of

the SR-Net are designed to pass higher resolution feature maps to the decoding path. These

connections are based on a Slice-Recovery (SR) layer. We designed the SR layer to select

the higher resolution feature maps that correspond to the original target 2D image to be

segmented (highlighted in red in Figure 5.1). Thus, the decoding path can generate a 2D

segmentation map based only on the higher resolution features of the slice under study rather

than the whole input 3D volume. Deconvolution operation in the decoding path is performed
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A

B

Figure 5.1: A SR-Net architecture which generates a 2D segmentation map given a 3D input
volume. B Example of a dense block of 2 layers (N=2) (green), ENET-style block (blue) and
Up-convolutional block (yellow).
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to generate 2D segmentation maps from contracted features extracted by the encoding path

from the 3D volume by fixing the third dimension of the 3D convolutional kernels to be 1.

The decoding path ends with a 1×1×1 convolution with a sigmoid activation function to

generate the final probability map.

The network were trained on data augmented with random non-rigid distortions. In this

work we used Adam Stochastic Optimization (with an initial learning rate 1e-4 and plateau

learning rate decay with a factor of 0.2 when the validation loss is not improved after 5 epochs)

to minimize a class-weighted Dice-based loss function to consider class imbalance.

The network was implemented using Keras with TensorFlow, and built in a PC with GPU

NVIDIA TITAN X Pascal 12GB, CPU Intel Core i7 3.6 GHz and 32GB of RAM.

5.2.2 Comparative methods

To prove the potential of incorporating 3D context to the network for 2D segmentation

problems, we compared the proposed 3D-to-2D SR-Net to a purely 2D version of the latter (2D-

Net). Additionally, we compared the proposed method to the UNet (Ronneberger et al. 2015),

a strong baseline method in medical image segmentation problems, and to the converted 3D-

to-2D version of the UNet following the proposed SR-Net approach (SR-UNet). We therefore

prove the possibility and potential of converting previously designed architectures using

the proposed SR-Net paradigm. Additionally, we will compare the proposed method to the

local-based approach proposed in Chapter 3.

5.3 Experiments and results

5.3.1 Dataset and evaluation approach

An experienced radiologist manually segmented PSE lesions on 664 2D axial images coming

from 111 CT scans from the COPDGene study. COPDGene centers obtained approval from

their Institutional Review Boards and all subjects provided written informed consent. Of all of

these subjects, 89 were randomly selected for training and validation, while the remaining 22

subjects were used for testing. Both training (55%) and validation (20%) sets comprised 498

axial slices, while the independent test set was composed by 166 images (25%). The evaluation

of the proposed method as a well as the comparison to other methods were carried out on the

test set. Training and validation sets were used to hyperparameter tuning of the proposed

architecture.

Segmentation accuracy was evaluated using Dice Similarity Coefficient (DSC), Jaccard
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Similarity Coefficient (JSC), and Mean Accuracy (MA), defined as:

DSC = 2∗TP

2∗TP+FP+FN

JSC = TP

TP+FN+FP

MA = TNR+TPR

2

(5.1)

where TP, FP, TN and FN detone the number of true positives, false positives, true negatives

and false negatives respectively. TNR and TPR denote true negative and true positive rates.

The lung area affected with PSE can vary substantially from one patient to another, ranging

from 0.23 cm2 up to 134 cm2. Overlap ratio measures have been shown unsuitable for

comparing segmentation accuracy on objects that differ in size. To compensate for this

drawback, all reported metrics correspond to a weighted average of the previous metrics

according to the area of the lesions, thus giving a higher weight to those lesions with a greater

extension. These weighted metrics are consistent with the overall measure used to report

disease extension that would be percentage of volume affected by PSE.

5.3.2 Results

The evaluation metrics are computed between the manually segmented images and the

thresholded probability maps generated by the CNN. The threshold was chosen so that it

maximizes the performance on the validation set.

An overview of the results are shown in Table 5.1, providing a comparison of the proposed

SR-Net with a purely 2D version of the architecture as well as with UNet and a converted

version of UNet using the proposed SR-Net approach. All the networks were trained with

the same training samples, and tested with the same test set. Table 5.1 proves the potential

of incorporating volumetric 3D context information to the network for a 2D segmentation

problem. We can observe how both converted 3D-to-2D versions of the baseline architectures

outperform their 2D verions by 22% and 5.1% respectively on terms of mean DSC.

Figure 5.2 shows the segmentation results of 5 cases selected from the test set with different

PSE extension and in the presence of other emphysema subtypes, even with an advanced

stage.

Results shown in Table 5.1 and Figure 5.2 also prove how a local-based approach fails at

properly characterize PSE.
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Figure 5.2: Comparison of the segmentation results for the proposed method, UNet and a the
local-based approach presented in Chapter 3 for three cases from the test set with different
emphysema extension.
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Table 5.1: Overview of the results obtained with the proposed method and comparative
methods (weighted mean±std). Results are computed on the independent test set. DSC: Dice
Similarity Coefficient, JSC: Jaccard Similarity Coefficient, MA: Mean Accuracy.

DSC JSC MA

2D-UNet 0.492 (± 0.047) 0.355 (± 0.044) 0.713 (± 0.020)

SR-UNet 0.712 (± 0.013) 0.563 (± 0.016) 0.844 (± 0.007)

2D-Net 0.715 (± 0.019) 0.572 (± 0.021) 0.864 (± 0.006)

SR-Net 0.764 (± 0.014) 0.630 (± 0.017) 0.908 (± 0.004)

Local-based (Ch.3) 0.448 (± 0.014) 0.295 (± 0.008) 0.730 (± 0.003)

5.4 Conclusions

In this chapter, we present a dense efficient 3D-to-2D CNN architecture (referred as SR-

Net) for automatic paraseptal emphysema (PSE) segmentation in axial 2D images leveraging

and exploiting contextual 3D information. Additionally, we have shown the benefit of this

approach when applied to previous state-of-the-art CNN architectures.

Manual annotation of regions in 3D is a non-trivial task which demands an intensive and

time-consuming labour from experts. On the other hand, when experts annotate 2D images

belonging to a 3D volume, they usually use 3D information to reach optimal 2D annotations

placing value on contextual information around the region to segment. Considering these

premises, we proposed an approach based on 2D annotations but incorporating spatial 3D

information.

It has been shown that previous local-based methods to emphysema subtype identi-

fication, achieve remarkable accuracy in characterizing and identifying centrilobular and

panlobular emphysema subtypes, but are not able to properly characterize PSE. The proposed

method tackles PSE identification considering the specific nature of PSE, consistent with a

context-based segmentation approach.

The results, which were obtained on an independent test set, demonstrated that the

proposed SR-Net outperforms state-of-the-art methods when segmenting PSE lesions on CT

images.



6
Parenchymal injuries

segmentation

Although local-based methods achieve remarkable accuracy in the automatic identification

of parenchymal lung injuries, they still have the problem of spatial inconsistency when are

extended from isolated local regions and applied for full lung classification. In this chapter

we present a method to identify parenchymal lung injuries which produces a more spatially-

consistent solution compared to the one obtained with a local-based method.
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6.1 Introduction

Parenchymal lung injuries have been shown to affect different components of the secondary

pulmonary lobule (Bergin et al. 1988). This has led to propose different methods to asses

parenchymal lung injuries identification using a local-based approach by analyzing the

appearance of HRCT local patches covering the secondary lobule. These local approaches

have been shown to be able to identify radiographic patterns associated to both interstitial

and emphysematous parenchymal lung injuries. However, it is known that lung injuries are

not only defined at a local level, but performing a proper identification implies considering

context and spatial information. For example, it is known that reticulation is most commonly

seen in the peripheral and basal lung zones, ground glass opacities are usually limited in

extent to a pulmonary lobe, honeycombing predominate on peripheral and subpleural lung

regions and paraseptal emphysema always appears along peripheral pleura and fissures.

Thus, consistency in terms of both neighboring tissues and the spatial position has to be

considered.

Local-based approaches do not consider this context and spatial information. In general,

when are applied for full lung classification, these methods label each voxel of the lung image

by analyzing the appearance of local image patches centered on a given voxel. This procedure

usually gives rise to a spatial inconsistency in the resulting label map.

Attempts have been made to reduce the spatial inconsistency induced by the use of local-

based methods for image segmentation. These approaches are mainly focused on the post

processing of the output generated by the local methods. Formulating constraints among the

final label map by using conditional random fields (CRF) (Cai et al. 2016; Christ et al. 2016;

Gao et al. 2016) or Markov random fields (MRF) (Shakeri et al. 2016) to refine the results can

improve the final segmentation and reduce the spatial inconsistency by applying a spatial

regularization to the resulting label map. Gaussian filtering of the resulting probability map

has also been proposed to smooth the resulting label map and thus gaining spatial consistency

(Roth, Farag, et al. 2015).

Global approaches such as segmentation methods address the spatial inconsistency prob-

lem. However, ground truth generation for segmentation methods by manually delimiting

regions is a non-trivial task which demands an intensive and time-consuming labour from

experts, requiring much more resources than a local labeling based on patches or points.

Additionally, although parenchymal injuries are related with its spatial context, it is compli-

cated making ground truth annotations in the form of delineated regions, as clear boundaries

delimiting the lesions are hard to define, with the exception of paraseptal emphysema lesions.

We propose a novel approach to identify parenchymal lung injuries using a segmentation
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method which uses a spatial global context, without the need of delimited annotations. The

proposed approach is a two stage solution, where we first train a local-based method using

local annotations. We then use the result of this first stage to bootstrap and train the final

segmentation method which will gain spatial consistency compared to the local method.

The proposed approach may be applied to any problem where a solution with spatial

consistency is needed, but segmentation ground truth is unavailable or can not be gener-

ated. This approach performs a domain transformation from a locally-defined problem to a

segmentation solution.

6.2 Methods

6.2.1 Domain transformation

The proposed approach consists on the use of a segmentation architecture to produce a

spatially-consistent solution for the problem of lung parenchymal injuries identification. We

propose a novel approach to use a locally-defined training set to generate a new database

which is consistent to a segmentation problem, and thus allowing to train a segmentation

architecture to produce higher spatially-consistent solutions.

This approach is divided into two steps, where the revised output of a previously trained

local method produces the ground truth for the final segmentation method. First we trained a

local-based method using the original locally-defined ground truth. Once the local method is

trained, we deployed the local method on a set of cases using a sliding window procedure and

aggregated the results, constituting a new dataset. This generated dataset will represent the

ground truth for the segmentation method (see Figure 6.1).

We hypothesize that the segmentation network is able to learn the intrinsic patterns of

each parenchymal injury class as well as its spatial dependencies producing segmentation

results based on a sub-optimal ground truth which is generated relying on the results obtained

with a preceding method originally trained with a locally-defined dataset.

It should be noted that the proposed approach is completely agnostic to the local method

used for generating the new ground truth.

6.2.1.1 Ground truth generation

As the output of the local method may contain certain level of error, it is necessary to carry out

a post-processing of this output before it becomes the final ground truth of the segmentation

method.

In order to show the capacity of the proposed approach to generate more consistent results

regardless of the underlying local method, we will apply the domain transformation approach

to two different case studies using two different local methods. The first one corresponds to a
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local method based on local histogram hand-crafted features (LH) (Ash, Harmouche, Ross,

A. A. Diaz, Hunninghake, et al. 2017). The second one corresponds to an ensemble strategy of

various CNN which were trained on a locally-defined dataset and is fully described on Chapter

4. Both methods were trained to identify radiographic patterns of early parenchymal lung

disease, including normal parenchyma (NP), incipient fibrotic pattern (ILA), centrilobular

emphysema (CLE) and paraseptal emphysema (PSE).

As previously discussed on Chapter 5, local-based methods achieve remarkable accuracy

in characterizing and identifying CLE subtype, but are not able to properly characterize PSE

lesions. In order not to introduce this error in the generated ground truths and propagate

it through the segmentation methods, for both local-based results, all voxels classified by

the local method as paraseptal emphysema were eliminated. With the purpose of having

PSE representation in the generated ground truths, we used the segmentation architecture

presented in Chapter 5 to generate PSE annotations. It is important to note that as we

introduced PSE annotations to the new ground truth, any other kind of information may be

included at this point. Fig 6.1 shows a general example of the process of generating the new

ground truth by processing the output of a local-based method, with the inclusion of different

information which comes from new resources other than the local method. Fig 6.2 shows the

particular example of the generation of the new ground truth compatible with a segmentation

approach given the result of the local method based on an ensemble of CNN.

Furthermore, we reduced the error of the result provided by the ensemble of CNN during

this post-processing step by only keeping those voxels in the resulting output from this local

method with greater than a determined certainty threshold. The certainty of a voxel was

defined based on the probability given by the ensemble of the CNN and associated to the

predicted label for this voxel. Voxels with lower certainty than the determined threshold

where labeled as undefined regions, as we do not have enough confidence to assign a valid

label to those uncertain regions. The certainty threshold was set to be 75% reaching a balance

between certainty and size of the resulting ground truth. A very high certainty threshold

reduces the noise of the generated ground truth while the size (number of voxels) of the new

dataset is also considerably reduced. Note that this processing could not be performed on the

results generated by the LH local method since the output of this approach is not built upon

probability distributions and therefore all the labeled voxels were considered.

6.2.2 SR-Net with domain transformation

The network used in this study is a multi-class version of the Slice-Recovery network (SR-

Net) presented in Chapter 5 which has been demonstrated that outperforms state-of-the-art

methods for segmentation purposes.
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Figure 6.1: General example of the process to generate the ground truth dataset for the
proposed domain transformation methodology.
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Figure 6.2: Generation of the segmentation ground truth based on the result given by the
ensemble of local CNN. The output is processed by incorporating PSE labels from the PSE
segmentation method and eliminating low certainty labels from the local method.

The network was trained on both datasets generated by the local methods which identify

normal tissue, centrilobular emphysema and interstitial lung abnormalities, as well as on

PSE annotations generated by a previously trained segmentation algorithm. We used Adam

Stochastic Optimization (with an initial learning rate of 1e-4 and plateau learning rate decay

with a factor of 0.2 when the validation loss is not improved after 5 epochs).

To tackle representation imbalance between classes we used a class-weighted Dice score

as loss function. The loss function has also been designed to ensure that non-annotated

regions (regions labeled as undefined when the dataset generated by the ensemble of CNN

was used) are not considered as they are uncertain areas without a valid label. Hence, the loss

for an image x with output ŷ can be defined as:

L(x, ŷ) =
C∑

i=1
wi

2(
∑

j y j ŷ j )∑
j y j +∑

j ŷ j
; j ∈ (UNDF 6= 0) (6.1)

where y is true label, C is the number of classes, wi is the weight for class i which is inversely

proportional to the class support, and j represents the pixels of certainty areas (i.e. pixels not

labeled as undefined, UNDF).

6.3 Experiments and results

6.3.1 Training dataset

Both local methods used for the generation of the new ground truth datasets were previously

trained on a locally-defined dataset comprised by 37427 manually placed training points com-

ing from 208 CT scans acquired as part of the COPDGene study (see more details in Section
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4.2.1). These points included the following parenchymal feature types: normal parenchyma,

interstitial features including ground glass, reticular, nodular, linear scar and sub pleural line,

and emphysematous features including centrilobular and paraseptal emphysema.

Segmentation methods were trained on 2432 axial slices from the same 208 CT scans and

were each local method was deployed. Its corresponding PSE annotations were addition-

ally incorporated for each axial slice. All interstitial lung features were aggregated so that

each voxel in the lung field were labeled as normal, paraseptal emphysema, centrilobular

emphysema, interstitial, or undefined.

6.3.2 Visual validation

In order to examine the benefits of the proposed approach we performed a visual evaluation

of the results obtained with both segmentation methods and compared to the ones obtained

with its corresponding local methods by extending the experiment carried out in Section

4.3.2.5. All methods, i.e. locally defined ensemble of CNN (L-ECNN, described on chapter

4), locally-defined LH method (L-LH)(Ash, Harmouche, Ross, A. A. Diaz, Hunninghake, et al.

2017), segmentation method trained with labels produced by ECNN method (S-ECNN) and

segmentation method trained on LH labels (S-LH), were deployed on twenty CT scans com-

pletely independent from the ones used for training the methods and two experts visually

inspected their results and scored the goodness of the methods to identify each of the four

parenchymal subtypes: normal parenchyma (NP), interstitial subtype (ILA), paraseptal em-

physema (PSE) and centrilobular emphysema (CL). Visual scoring of the results was done

using a range from 0 to 10 according to the degree of under- and over-estimation of the extent

of the tissue class, where 0 means significant under-estimation, 5 means neither under- nor

over-estimation of the subtype, and 10 represents a high over-estimation.

Figure 6.3 and Table 6.1 summarize the visual evaluation for all methods. Table 6.1

reports the Mean Absolute Error (MAE), defined as the distance to 5 (neither under- nor

over-estimation) and the mean of overestimation (scores greater than or equal to 5) and

underestimation (scores less than or equal to 5) for all the inspected parenchymal subtypes.

The results prove the potential of the proposed approach which is able to considerably reduce

the error by regularizing the final result. It can be seen that the underestimation of normal

tissue is reduced using the segmentation approach compared to the local methods. On the

other hand, it can also be seen that the overestimation of ILA subtype is considerably reduced.

In general terms the proposed approach is able to reduce the mean absolute error by a factor

of approximately 30% when the ECNN baseline method is used, while when LH method is

employed, the error is reduced by a factor of approximately 55%.

These results prove that the proposed approach can be applied to increase the perfor-



80 CHAPTER 6. PARENCHYMAL INJURIES SEGMENTATION

mance of any type of local method. Moreover, it can be seen that the increment in the

performance is even more clear when LH method is used which takes a greater advantage of

the benefit of this approach in comparison to the CNN-based method. However, it can be

noted that the CNN-based method continued to show the best performance.

Table 6.1: Visual evaluation of all methods, including both segmentation methods using the
proposed approach (S-ECNN, S-LH) and its corresponding local methods (L-ECNN, L-LH).

Method NP ILA CL PSE Mean

MAE

S-ECNN 0,50 0,85 0,70 0,35 0,60
L-ECNN 0,80 0,90 0,60 0,95 0,81
S-LH 0,65 1,48 0,60 0,45 0,80
L-LH 1,25 2,26 1,45 0,70 1,42

Over.

S-ECNN 5,07 5,63 5,25 5,00 5,24
L-ECNN 5,44 6,06 5,21 5,95 5,67
S-LH 5,08 6,29 4,71 5,21 5,32
L-LH 6,00 7,26 6,36 5,07 6,17

Under.

S-ECNN 4,78 5,00 4,69 4,89 4,84
L-ECNN 4,29 4,42 4,47 5,00 4,55
S-LH 4,61 5,00 4,71 5,00 4,83
L-LH 3,89 - 4,17 4,32 4,13

MAE: Mean Absolute Error, Over.: Overestimation, Under.: Underestimation

Figure 6.3: Visual scoring for twenty cases comparing the results obtained with the proposed
segmentation approach (S-ECNN, S-LH) and its corresponding local method (L-ECNN, L-LH).

For illustrative purposes, Figure 6.4 shows the result of two cases at different stage of

disease severity and with different parenchymal injuries subtypes obtained with L-ECNN and

S-ECNN.
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Figure 6.4: Automatic identification and classification of different parenchymal injuries
subtypes with the proposed S-ECNN and its corresponding local method (L-ECNN).

6.3.3 Clinical associations

For further validation, we wanted to compare the results between the two described methods

(S-ECNN, S-LH) which use the proposed regularization approach. Our hypothesis is that

the segmentation method based on an ensemble of CNN (S-ECNN) is able to identify lung

parenchymal regions which are more descriptive and related to pulmonary function and

clinical outcomes.

Multivariable regression models were used to evaluate the descriptiveness of parenchymal

subtype specific characteristics for S-CNN and S-LH methods and its association with visual

diagnosis of ILA and clinical outcomes including pulmonary function test measures such as

FEV1PP and FVCPP (FEV1 and FVC expressed as percentage of predicted value respectively),

and exercise capacity metrics such as the six-minute walk distance test (6MWD). In particular,

simple CT-based subtype specific characteristics including ILA volume percentage, mean

density, standard deviation and skewness of density in ILA regions, and mean density and

standard deviation of density in normal parenchyma regions were included as covariates to

assess the descriptive capacity of the methods.

The analysis were performed on a population of 7497 smokers with and without spiromet-

ric COPD.

Figure 6.5 shows the receiver operating characteristic (ROC) curves for the association

between the CT-based measures and the visual diagnosis of ILA using a logistic regression

model. Table 6.2 summarizes the results for the association of CT-based metrics and the
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Figure 6.5: ROC curves for describing the association between CT-based metrics on regions
delineated by S-CNN and S-LH methods and the visual ILA diagnosis.

clinical outcomes using a linear regression model. As derived from the figure and the table,

simple subtype characteristics such as ILA volume and histogram-based features for S-CNN

method are able to better determine both the visual ILA diagnosis and the associations with

clinical outcomes. The area under the ROC curve for S-CNN method is considerably higher

than the one obtained with S-LH (experiencing an increment of 12.5%) for determining

the visual ILA diagnosis. On the other hand, the total explained variance for all the clinical

outcomes under study using the linear regression models are higher for the S-CNN, which

also presents lower values of AIC (Akaike information criterion) for all models, when using

the proposed coviariates.

Therefore, these results along with the ones presented in Table 6.3 may indicate that

subtype characteristics of regions detected by the S-CNN method are more explanatory and

have a greater clinical value compared to S-LH, indicating that the method better delineates

the radiological characteristics of the pulmonary parenchyma disease. As derived from

Table 6.3 tissue heterogeneity in ILA regions appears to be an important and informative

densitometric characteristic with a high association with clinical outcomes. Further research

is necessary to better understand why factors contributing to the different clinical outcome

differ depending on the model.

6.4 Conclusions

In this chapter, we present a novel methodology for pulmonary parenchymal injuries identi-

fication using a segmentation approach which produces a spatially consistent result. This
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Table 6.2: Comparison of the association of subtype specific characteristics of regions detected
by S-CNN and S-LH methods with FEV1PP, FVCPP and 6MWD clinical outcomes.

FEV1PP FVCPP 6MWD

R2 AIC R2 AIC R2 AIC
S-CNN 0.331 67510 0.140 72633 0.172 109558
S-LH 0.260 68258 0.112 72907 0.144 109811

Table 6.3: Associations of CT-based subtype specific measures and clinical outcomes.

Visual ILA diagnosis FEV1PP

S-ECNN S-LH S-ECNN S-LH

Coef. p value Coef. p value Coef. p value Coef. p value

ILAvp 0,100 0,000 0,069 0,000 0,061 0,229 -0,565 0,000
HUMeanILA -0,001 0,802 0,002 0,648 0,112 0,000 0,046 0,008
HUStdILA 0,011 0,000 -0,007 0,053 0,156 0,000 0,138 0,000
HUSkewnessILA -0,553 0,002 0,190 0,108 6,777 0,000 -2,829 0,000
HUMeanNP -0,010 0,001 -0,002 0,434 0,195 0,000 0,313 0,000
HUStdNP -0,002 0,604 0,005 0,069 -0,666 0,000 -0,659 0,000

FVCPP 6MWD

S-ECNN S-LH S-ECNN S-LH

Coef. p value Coef. p value Coef. p value Coef. p value

ILAvp -0,084 0,018 -0,359 0,000 -0,961 0,252 -11,329 0,000
HUMeanILA 0,080 0,000 0,127 0,000 2,576 0,000 3,196 0,000
HUStdILA 0,032 0,021 -0,0,321 0,017 -0,454 0,152 -1,393 0,000
HUSkewnessILA 5,737 0,000 -0,748 0,149 150,343 0,000 -3,316 0,776
HUMeanNP -0,047 0,000 -0,064 0,000 -1,949 0,000 -1,265 0,000
HUStdNP -0,184 0,000 -0,156 0,000 -3,353 0,000 -3,709 0,000

ILAvp: ILA volume percentage

HUMeanILA, HUStdILA, HUSkewnessILA: mean density, standard deviation and skewness of density (HU) in ILA regions

HUMeanNP, HUStdNP: mean density and standard deviation of density (HU) in normal parenchyma regions
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approach does not need manual annotations of regions which requires an intensive labour

from experts, since it is based on the result of a previously deployed local method. This

chapter also shows that the proposed paradigm can be also used with weakly annotation data.

It should be also noted that this method can be combined with traditional training data for

segmentation algorithms and can be seen as a new manner of data augmentation.

In order to show the capacity of the proposed approach regardless of the underlying

local method, we applied it to two different local methods, leading to the so-called S-CNN

and S-LH methods. We compared all reference local and segmentation methods and two

experts visually evaluated and scored by consensus all their results. The results proved the

potential of the methodology and indicate that it is agnostic to the underlying local method

used, being able to be used with any previously proposed local method for lung parenchyma

characterization (Castaldi et al. 2013; Mendoza et al. 2012; Sorensen et al. 2010b).

For further evaluation, and to study the clinical feasibility of the final proposed S-CNN

method which uses the proposed paradigm together with the locally defined ensemble of CNN,

we studied the descriptiveness of specific subtype characteristics of regions detected by both

S-CNN and S-LH methods. The results, obtained on a population of 7497 subjects, indicated

that S-CNN method is able to extract imaging biomarkers which are more informative and

are more related with different clinical outcomes that the ones obtained with S-LH.
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Discussion and contributions

High resolution computed tomography (HRCT) scans plays a fundamental role in the diagno-

sis and assessment of pulmonary parenchyma disease in smoking-related injury, specially

supporting an early diagnosis and thus affecting on subsequent management decisions.

The previous chapters describe new methods for automatic assessment and quantification

of smoking-related injuries of pulmonary parenchyma, namely obstructive diseases such

as emphysema and restrictive diseases including interstitial lung diseases and its early and

subtle precursors findings in HRCT images.

Chapter 3 described a method for automatic emphysema identification and classification

considering six different tissue classes proposing a optimally cost effective 2,5-dimensional

approach, being able to reflect 3D information with similar computation cost compared to

standard 2D approaches.

Based on the results obtained in Chapter 3 showing the capability of convolutional net-

works to automatic classify tissue classes, we hypothesized that a CNN-based method could

perform an automatic and objective identification and classification of smoking-related

parenchymal injuries covering a wide disease spectrum including interstitial lung abnormali-

ties (ILA) patterns, which are subtle and early findings in HRCT which have been shown to

be associated with clinical outcomes including increased mortality, as well as emphysema

subtypes. In this way we profoundly extended the method, and Chapter 4 presented a robust

method to detect eight radiographic classes of lung tissue, including normal tissue, five inter-

stitial features subtypes and two emphysematous classes by a means of an ensemble of CNNs.

The proposal combined deeper and shallower architectures with different input dimensional-

ity, proving the importance and benefit of combining different input data representation (2D,

2,5D and 3D). This method showed a high generalization capability when applied to large

cohorts of patients with scans reconstructed with different kernels, and demonstrated the

ability to directly identify those individuals with visually identified presence of ILA.

However, the methods presented in these chapters were built based on a local-based

approach. Although demonstrated to be optimal to detect most of lung tissue classes, we

showed that local methods could not properly characterize the specific nature of paraseptal

emphysema (PSE). Chapter 5 proposed a novel context-based segmentation method for tack-

ling PSE identification. We proposed an innovative 3D-to-2D architecture which generates 2D

annotations leveraging and exploiting 3D contextual information, without the need of having

3D labels which carries a high cognitive burden from experts and is time consuming. We addi-

tionally showed the possibility and potential of converting previously designed segmentation

architectures using the paradigm proposed in this chapter.
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Although Chapter 4 presented a robust method with remarkable accuracy for the iden-

tification of parenchymal injuries, it also arose that local methods still have the problem

of spatial inconsistency and do not leverage the context and spatial information that char-

acterize lung parenchymal subtypes. Chapter 6 presented a novel methodology to identify

parenchymal lung injuries using a segmentation approach that uses a spatial context. The

proposed paradigm does not require delimited annotation data which considerably reduces

the burden from experts and opens the possibility to apply segmentation methods even when

annotation training databases are not available. This chapter additionally proved that the

specific subtype characteristics of those regions detected by the proposed method have a

valuable source of knowledge and are related to different clinical outcomes.

Future lines should consider the application of all proposed methods for the identification

of pulmonary parenchymal subtypes for the assessment of disease prognosis and progression.

The proposed parenchymal subtyping methods enable the study of the evolution of lung

diseases, specially ILD, by studying not only the progression of the disease extent during

different time points, but also measuring the local transition between different parenchyma

subtypes for the different lung regions. This probably requires a new methodology which finds

the alignment of CT scans acquired at different time points, and that, alongside the proposed

methods in the thesis, will be able to quantify the transitions over time of lung regions between

different parenchymal subtypes. Additionally, the proposed methods enable the study of the

predictive capability of disease prognosis and progression for each parenchyma subtype. In

this direction, an extension of the segmentation algorithm proposed in Chapter 6 which will

identify different ILA subtypes is also desirable. Finally, Chapter 5 which proposes a novel

method for paraseptal emphysema segmentation opens up new possibilities for the study and

understanding of this particular subtype of emphysema, which is relatively unexplored, often

underrecognized clinically and that little is known about its pathology and pathogenesis.
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