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ABSTRACT
Chronic thromboembolic pulmonary hypertension (CTEPH) is a possible complication of pulmonary
embolism (PE), with poor prognosis if left untreated. Surgical curative treatment is available, partic-
ularly in the early stages of the disease. However, most cases are not diagnosed until specific symp-
toms become evident. A small number of computed tomography (CT) findings, such as a widened
pulmonary artery and mosaicism in the lung parenchyma, have been correlated with pulmonary hy-
pertension (PH). Quantitative texture analysis in the CT scans of these patients could provide com-
plementary sub-visual information of the vascular changes taking place in the lungs. For this task, a
lung graph model was developed with texture descriptors from 37 CT scans with confirmed CTEPH
diagnosis and 48 CT scans from PE patients who did not develop PH. The probability of presenting
CTEPH, computed with the graph model, outperformed a convolutional neural network approach us-
ing 10 different train/test splits of the data set. An accuracy of 0.76 was obtained with the proposed
texture analysis, and was then compared to the visual assessment of CT findings, manually identi-
fied by a team of three expert radiologists, commonly associated with pulmonary hypertension. This
graph-based score combined with the information attained from the radiological findings resulted in
a Cohen’s Kappa coefficient of 0.47 when differentiating patients with confirmed CTEPH from those
with PE who did not develop the disease. The proposed texture quantification could be an objective
measurement, complementary to the current analysis of radiologists for the early detection of CTEPH
and thus improve patient outcome.

1. Introduction
Chronic thromboembolic pulmonary hypertension, or

CTEPH, is a subclass of pulmonary hypertension (PH), with
a distinctive pathophysiology and treatment [34]. The dis-
ease is characterised by lung perfusion defects, believed to
arise from one or multiple unresolved endothelialised pul-
monary thrombi [15]. The reported incidence in the pub-
lished literature ranges between 0.1% to 11.8% after a pul-
monary embolism (PE), with a recent meta-analysis comput-
ing an incidence of 3.2% for all survivors of PE [11]. If left
untreated, CTEPH may lead to right ventricular (RV) over-
load and ultimately to RV failure and death [33].

Pulmonary endarterectomy is a potential curative surgery
for CTEPH once the diagnosis is confirmed [29]. Unfor-
tunately, CTEPH is still misdiagnosed or undiagnosed as
symptoms are non-specific or absent, particularly in the early
stages of the disease [15, 23]. Currently, a right heart catheter-
isation procedure is the study required to establish a defini-
tive CTEPHdiagnosis for patients with andwithout recorded
history of PE [25]. Catheterisation is not only an invasive
procedure but can occasionally also lead to moderate com-
plications and rare fatal events [19]. On the other hand, when
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CTEPH is detected in its early stages, patient outcome has
improved with a timely initiation of the treatment and better
surgical possibilities [30].

Due to the lack of conclusive evidence, screening uns-
elected survivors of PE is, at the present time, not recom-
mended [12]. If a specific high-risk group of PE patients
could be identified, valuable resources could be specifically
targeted to this group, resulting in a better prognosis [22]. A
recent strategy proposed for an early identification of CTEPH
is to assess computed tomography (CT) findings of chronic
PE or PH, both at the time of an acute PE event and also
in later symptomatic episodes of the disease [17]. In this
respect, the measurement of an enlarged pulmonary artery
(PA) diameter relative to the adjacent aorta, or PA:A ratio,
is commonly used as a non-specific indicator of PH due to its
simplicity and accessibility [28]. This parameter has shown
a moderate sensitivity (0.79) and specificity (0.83) accord-
ing to a recent meta-analysis in the detection of pulmonary
hypertension [31]. Moreover, a widened PA has been associ-
ated with reduced survival in CTEPH, suggesting a potential
role also as a monitoring and prognostic parameter [36]. A
mosaic attenuation pattern in the lung parenchyma, or mo-
saicism, is another common CT finding in CTEPH patients,
that has been reported with high sensitivity ( i.e. 0.77 to
1.00) in some studies [18]. Mosaicism has additionally been
regarded as a useful method for evaluating blood distribu-
tion in CTEPH patients, with a prognostic association to the
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pulmonary endarterectomy procedure as well [21]. Never-
theless, it has been suggested that these findings are rou-
tinely missed in the radiological assessment of acute PE pa-
tients [17]. On the other hand, an apparently normal CT can-
not rule out CTEPH either, as there is insufficient evidence
to support the use of CT for screening patients after acute
PE [12].

Texture analysis can be regarded as an objective low-
level quantitative biomarker, that encodes variations in the
spatial relationships within image regions [4]. It has been
shown to be a reproducible and promising approach for as-
sessing lung ventilation and vascularisation, without relying
on subjective interpretations of the images [13, 8]. Previ-
ously, Foncubierta-Rodriguez et al. evaluated the benefits of
multi-dimensional texture analysis using wavelet-based fea-
tures for automatically detecting pulmonary embolisms [13].
More recently, Dicente Cid et al. proposed a graph model
that quantified the tissue texture in the lung parenchyma,
merging local and global information of the lungs, to clas-
sify patients with vascular pathologies [8]. To the best of our
knowledge, there is no study in literature that has evaluated
a computerised lung texture approach in the assessment of
CT scans from CTEPH patients. Moreover, the added value
of quantifying the changes in the lung tissue from CTEPH
patients together with their radiological CT findings has not
been studied.

In this study, a lung graph model, built with state-of-the-
art 3D texture descriptors, was developed to discriminate be-
tween CT scans with confirmed diagnosis of CTEPH and
patients that did not develop PH after PE. The performance
of this method was compared to the performance of a deep
learning approach, i.e. a fine-tuned convolutional neural net-
work, in a data set of 75 patients, with a total of 85 CT scans
available. On the other hand, we measured the prevalence
of the two most commonly used CT findings for detecting
CTEPH, i.e. PA:A ratio and mosaicism, in the full data set.
Finally, an optimal combination of both the CT findings and
the computed graph-based score, resulting from the texture
analysis, was calculated in the CT scans of patients at the
time of diagnosis. The feasibility of performing an early de-
tection of CTEPH, relying only on the initial CT scans taken
in a real-clinical scenario is shown.

2. Methods
2.1. Data set
2.1.1. Study patients

The patient reports and imaging studies used in this work
were acquiredwith the approval of the ethics committee from
the University Hospitals of Geneva. Candidates for the PE
group were retrospectively considered if they were referred
for a computed tomography examination with suspicion of
PE in the emergency radiology department from the Geneva
University Hospitals between January 2012 and December
2016. Only the patients that showed an objectively proven
PE were eligible to participate in the study and their elec-
tronic medical records were revised until May 2019. A se-
lection of patients without any indication of PH after a follow

Figure 1: Flowchart of the selection process for (A) PE cases
and (B) CTEPH cases.
PE = pulmonary embolism; DECT = dual energy com-
puted tomography; PH = pulmonary hypertension; CTEPH
= chronic thromboembolic pulmonary hypertension.

up of at least 36 months was furthered evaluated for inclu-
sion. In the end, 48 patients who had presented a symp-
tomatic acute PE event, but who did not develop PH after-
wards were included in this group. The 48 CT scans as well
as the hospital records from these patients were screened by
the authors to discard any major cardiopulmonary or malig-
nant comorbidity.

A second group of patients, that were diagnosed with
pulmonary hypertension during the same period, were con-
sidered for the CTEPH group. Sixty-three patients with a
confirmed diagnosis of PH and with a CT examination taken
before the use of any targeted therapy were found. The di-
agnosis of PH was established for each patient at the time
of their right heart catheterisation according to the available
guidelines [14, 15]. For this work, a group of three radiol-
ogists reanalysed the hospital record from each patient and
jointly defined the corresponding PH group. Two examina-
tions from this population could not be interpreted due to
major metallic artifacts generated by spine fixation material.
A total of 27 patients were then classified as CTEPH and
differentiated from PH of other origins. Although most of
these CTEPH patients were diagnosed relatively late, they
are incident cases, meaning that the CT was performed early
in the diagnostic workup. All CT scans taken at the time
of the CTEPH diagnosis, i.e. one per patient, as well as 10
additional CT scans available after the diagnosis of some of
these patients were included in the data set. This resulted in a
final data set of 85 CT scans, with 48 CT scans from patients
with PE and 37 CT scans from 27 patients with CTEPH.
2.1.2. CT data acquisition

The CT data were created with two main protocols: the
first one from a GEDiscovery 750 HD scanner, obtained fol-
lowing the protocol used in the emergency radiology unit for
the screening of PE: automatic injection triggering of a bolus
of 80 ml of contrast media (concentration 350 ml I/ml) 1.25
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mm collimation, 1 mm interval, pitch 1.375, tube rotation
0.5 sec, energy range between 80 to 140 kVp oscillating ev-
ery 0.5msec. The second one from the retrospective analysis
of patients that were scanned on a Siemens Flash Definition
scanner using the following parameters: automatic injection
triggering of a bolus of 80 ml of contrast media (concentra-
tion 350 ml I/ml) 0.6 mm collimation, 0.7 mm interval, pitch
0.55, tube rotation 0.5 sec, dual source, tube rotation 0.5 sec,
100 and 140 kVp.

The resolution of the CT slices in x- and y-directions var-
ied from 0.5742 to 0.9766 mm, while the inter-slice distance
was fixed at 1.00 mm. All images were anonymised and
stored in the DICOM file format for further processing. CT
assessment was carried out on the chest CT images obtained
at 80 KeV, using mediastinal and lung window settings (win-
dow level -500 HU, window width 1500 HU).
2.2. CT assessment

The CT scans were retrospectively analysed and anno-
tated in random order by a trained medical doctor and dis-
cussed in consensus with three expert radiologists. Morpho-
logical signs in CT classically associated with PH, i.e. main
pulmonary artery to the aorta diameter ratio (PA:A) and lung
parenchyma findings, i.e. mosaicism, were identified and
measured (see Table 1) [16]. The main pulmonary artery di-
ameter (MPAD) was defined as the largest diameter of the
pulmonary trunk on a transverse image at the level of its bi-
furcation (see Figure 2). The widest short-axis diameter was
also obtained from the ascending aorta (AD). The PA:A ratio
measurement was then calculated for each patient. A ratio
greater than 1:1 has shown in previous studies a strong cor-
relation with increased pulmonary pressures [15]. The right
(RV) and left (LV) ventricular diameters were measured in
the standard axial view perpendicular to the long axis of the
heart. The right ventricle to left ventricle ratio (RV:LV) was
calculated, searching for RVdysfunction. The right ventricle
wall thickness (RVWT) was measured as well. The cardio-
thoracic ratio was calculated based on the maximum heart
length divided by the thoracic cavity width. The left atrium
area (LAA) traces the inner border, excluding the area un-
der the mitral valve and the pulmonary veins. The presence
of paradoxical inter-ventricular septal position, visualizing
the curvature of the septum was also reported. CT find-
ings from the general aspect of the lung parenchyma were
also assessed: PE detection, fibrosis, emphysema, pleural
effusion, pulmonary edema and systemic arterial hypervas-
cularisation. Using a minimum intensity projection, recon-
structions were computed to detect mosaic perfusion pat-
terns (see Figure 3). A mosaic pattern was characterised by
the presence of ground-glass attenuation with enlarged vas-
cular segments, intermingled with areas of low attenuation
and smaller vascular segments.
2.3. Texture-based graph model of the lungs

A mathematical model, hereafter termed a lung graph
model, was developed to quantify the texture of the lung
parenchyma of these patients. It characterises the entire lung
parenchyma using information from local texture regions in

Table 1
Patient demographics, CT measurements and lung
parenchyma assessment of the two target groups in this
study: patients with pulmonary embolism (PE) who did not
develop pulmonary hypertension, and patients with a CT
taken at the time when the CTEPH diagnosis was made.

PE CTEPH
n=48 n=27

Gender
Male 28(58.3%) 14(51.8%)
Female 20(41.6%) 13(48.1%)

Age 65 ± 16 62.3 ± 15
CT measurements
MPAD, cm 28.39 ± 5.60 32.68 ± 5.71
AD, cm 33.00 ± 4.64 31.48 ± 6.22
PA:A, cm 0.87 ± 0.16 1.08 ± 0.31
RV:LV 1.27 ± 0.37 1.27 ± 0.43
RVWT, cm 3.77 ± 1.22 4.27 ± 1.29
CTR 0.50 ± 0.06 0.53 ± 0.07
LAA, cm2 15.87 ± 4.95 17.90 ± 5.23

Lung parenchyma CT findings
PIVSP 10(20.8%) 11(40.7%)
PE 48(100%) 27(100%)
Fibrosis 19(39.6%) 5(18.5%)
Emphysema 8(16.7%) 6(22.2%)
Pleural effusion 4(8.3%) 2(7.4%)
Pulmonary edema 4(8.3%) 2(7.4%)
SAV 3(6.3%) 7(25.9%)
Mosaicism 21(43.8%) 18(66.7%)

Abbreviations: MPAD main pulmonary artery diameter, AD
aorta diameter, PA:A pulmonary artery to aorta ratio, RV:LV
right ventricle to left ventricle ratio, RVWT right ventricle
wall thickness, CTR cardiothoracic ratio, LAA left atrium area,
PIVSP paradoxical inter-ventricular septal position, PE pul-
monary embolism, SAV systemic arterial hypervascularisation

Figure 2: Sample measurements of the pulmonary artery and
ascending aorta diameters in axial slices from CT scans. The
measurements are then used to compute the PA:A ratio. Pa-
tient (A) shows a normal PA:A ratio, unlike patient (B) who
has a PA:A ratio larger than 1, suggestive of pulmonary hyper-
tension.

the lung and their global correlations [8]. The method was
built with state-of-the-art rotation-invariant 3D texture de-
scriptors [2]. Due to the identical spatial resolution needed
for the texture analysis of these data, the voxels of the CT
scans were rescaled into isometric voxels, with a voxel size
of 1 mm. After this initial step, we followed the pipeline in-
troduced by Dicente Cid et al. in [8] to build a graph model
of the lungs (see Figure 3). As a first step, the lung fields
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Figure 3: Samples of mosaicism assessment in axial CT slices
with minimum intensity projection reconstruction. No mosaic
attenuation pattern is seen in patient (A). On the other hand,
mosaicism is present in the lung parenchyma of patient (B).

were automatically extracted using an automatic lung seg-
mentation algorithm detailed in [7]. Based on the 3D model
of the human lung presented by Zrimec et al., the lungmasks
were geometrically divided into a 36-region atlas [35, 6].
For each region r of this atlas, two texture descriptors were
used to describe its regional texture: the Fourier histograms
of oriented gradients (FHOG) [27] and the locally-oriented
3D Riesz-wavelet transform (3DRiesz) [10]. These descrip-
tors are rotation-invariant and were successfully applied for
multiple texture analysis applications [20, 2, 5]. We used
the following previously validated parameters: for FHOG,
we used 28 3D directions for the histogram, obtaining a 28-
dimensional feature vector per image voxel v (fH (v) ∈ ℝ28),
and for 3DRiesz, we used the 3rd-order Riesz-wavelet trans-
form, with 4 scales and 1st-order alignment (see [10]). The
feature vector for a single voxel was defined as the absolute
Riesz response along the 4 scales, obtaining a 40-dimensional
feature vector (f(v) ∈ ℝ40). Finally, the average and stan-
dard deviation of these descriptors were used to describe
each region r: �H (r), �H (r), �(r), and �(r).
2.3.1. Graph model definition

In [8], the authors compared two graph definitions, i.e.
directed and undirected, and tested them in four binary clas-
sification experiments including PH and PE patients. Their
results show that the directed graph was overall better than
the undirected graph. However, in the particular case of PH
vs. PE, the undirected graph showed better performance than
the directed one (an area under the receiver operating char-
acteristic curve (AUC) of 0.78 vs. 0.71). Since CTEPH is
a subclass of PH, we decided to use the undirected graph
model in this work. The formal definition of the undirected
graph model is: given a division (atlas) of the lungs with n
regions {r1,… , rn}, let  be a graph with a set of n nodes
 . Then, an undirected edge Ei,j between nodes Ni and
Nj exists if regions ri and rj are 3D adjacent in the atlas or
symmetric with respect to the left-right division of the lungs
(see Figure 3).Considering fi and fj the texture-based fea-
ture vectors of regions ri and rj respectively, the weightwi,jof an edge Ei,j is defined using the correlation distance, i.e.
wi,j = 1− corr(fi, fj) ∈ [0, 2]. The use of rotation-invariant
texture descriptors where each component corresponds to
a texture-direction implies that regions with similar texture
will be highly correlated, so with wi,j ≈ 0. The use of undi-
rected edges implies that this graph has 84 weights since

wi,j = wj,i.
2.3.2. Patient-specific graph-based lung descriptor

Four texture feature vectors were computed in each lung
atlas region r ( i.e. �H (r), �H (r), �(r), and �(r)) provid-ing complementary information about the local texture and
its variability. Given a patient p, a graph p,f was obtainedfrom each of these feature vectors f . Each of these graphs
p,f was described using the vector wp,f that contains the
84 weights in the graph p,f ordered by their location in the
graph. The final lung descriptor vectorW p used in our ex-
periments is defined as the concatenation of the four vectors
wp,f , i.e.: W p = (wp,�H ||wp,�H ||wp,� ||wp,� ). After thisconcatenation, W p ∈ ℝ336. A graph-based score is hence-
forth defined as the output probability of a CT scan to be
classified as CTEPH with the proposed lung graph model.

3. Experimental setup
Two major experiments were designed to evaluate and

compare the performance of the lung graph model in the
differentiation task PE vs. CTEPH, basing the classification
only on CT examinations taken at the time of the diagnostic
workup. In the first experiment, the two patient groups were
classified both by the proposed approach and by two adapta-
tions of a state-of-the-art deep learning approach for lung tis-
sue characterisation. A second experiment was performed to
estimate the contribution of the graph-based scores obtained
with the proposed model in the identification of CT exam-
inations with CTEPH. The performance of the model was
compared to the presence of two radiological CT findings
that have been previously associated with CTEPH: PA:A ra-
tio > 1 and mosaicism.
3.1. Experiment 1: Lung graph model vs.

convolutional neural network classification
In this experiment all the 85 CT scans from 75 patients

(27 CTEPH and 48 PE) were considered for a binary classifi-
cation task. Ten train/test splits (80%-20%) were generated,
aiming at a balanced distribution of both classes and paying
attention that CT scans belonging to the same patient were
all grouped in either the train or the test set to avoid intro-
ducing a bias in the evaluation.

For the lung graphmodel, the patient-specific 336-dimen-
sional descriptors W (see Section 2.3.2) were normalised
based on the training set from each split. However, since
each component of the vectorswf corresponds to an edge ofthe graph f , where f refers to the regional texture descriptorused to build the graph f (see Section 2.3), these compo-
nents cannot be seen independently. The normalisation was
then performed simultaneously for all the components of a
graph f , obtaining normalised descriptors Ŵ . To select
the optimal decision threshold for the models (from 0.0 to
1.0 with a step of 0.1), a 10-fold cross-validation (CV) was
performed on the training sets from the 10 grouping splits.
To avoid overfitting, dimensionality reduction was applied
to the normalised vectors by selecting the dimensions that
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Figure 4: Construction of the lung graph model: First, the lungs are automatically segmented from the CT image. Then, the lung fields
are divided using a geometric atlas with 36 regions. Each atlas region ri was described with a 3D texture descriptor fi. Finally,
the graph is built based on the 3D adjacency of the regions (including left-right lung connections). The edges Ei,j contain the
similarities (or distances) between the regional descriptors (wi,j = d(fi, fj)).

correlated above average with the training labels. Both tech-
niques (feature normalisation and dimensionality reduction)
were computed for each the data split with the values ob-
tained only from the training sets. The final feature space
varied for each data split and had an average size of 149 di-
mensions. The final feature classification was done using a
random forest (RF) classifier with 50 trees in MATLAB®.

A deep learning approach, that was previously tested on
a lung classification task, was adapted for this study to have
a strong baseline comparison [26]. The baseline approach
was originally developed as a lung lesion-based descriptor
and it was built using features extracted with a deep learn-
ing network. The approach achieved the top scores in an
open challenge called ’ImageCLEF tuberculosis 2018’, with
a total of 39 approaches submitted [9]. The goal of this chal-
lenge was to the detect and classify tuberculosis lesions in a
shared data set of 495 CT scans. The method proposed by
Liauchuk et al. analysed individual 2D slice regions with
the convolutional neural network (CNN) Alexnet [24]. In
this work we used a deeper CNN, namely VGG19, which
improves over AlexNet with a very uniform architecture and
an overall better performance when extracting image fea-
tures [32]. Two adaptations were applied for fine-tuning the
VGG19 models, one with and one without data augmenta-
tion. Both were originally trained with ImageNet [3]. Arti-
ficial data augmentation is a common procedure performed
in CNN model training that increases the amount of training
samples to avoid overfitting, particularly when the number of
training samples is relatively small. To obtain a fixed patch
size of 224×224x3, the input sample patches were distorted
by scaling, with a zoom range of 0.2, and randomly crop-
ping regions within the rescaled samples each time theywere
fed into the network. Further data augmentation was gener-
atedwith random horizontal flipping of the cropped samples.
Stochastic gradient descent was selected for weight optimi-
sation with a learning rate of 0.00001, momentum of 0.9, a
dropout regularisation ratio set to 0.2 and a fixed batch size
of 64.

The evaluation metrics to describe the approaches in this
experiment are presented as the average and standard error [1]

obtained from the classification of all the test sets in the 10
data splits. Sensitivity, specificity, accuracy, F1 score, AUC,Kappa, and the Matthews correlation coefficient (MCC) are
reported. The statistical significance between the scores from
the lung graph model and the best performing deep learning
strategy was analysed using a student t-test, where a p-value
<0.05 was considered significant.
3.2. Experiment 2: visual CT assessment vs. lung

graph model
The commonly used CT findings to detect PH, i.e. PA:A

ratio andmosaicism, were correlated to patient outcome. All
were manually annotated for the available CT scans. The
prevalence of these two CT findings is reported for both the
CTEPH CT scans and the CT scans from acute PE cases.
The classification performance of these indicators in the en-
tire data set was both compared and combined with the score
computed by our lung graph model. Unlike Experiment 1,
for this experiment, the probability for presenting CTEPH in
a CT scan was computed in a leave-one-patient-out (LOPO)
setup, to obtain a single graph-based score for every patient
in the data set. The following criterion was used to dif-
ferentiate cases as PE or CTEPH in this experiment: A) a
PA:A ratio above 1, B) the presence of mosaicism and C)
the graph-based scores above the optimal threshold found in
Experiment 1 of 0.4 (see Section 3.1). Additionally, the dif-
ferentiation was also performed considering the presence of
both CT findings (PA:A ratio above 1 and mosaicism), as
well as the combination of both CT findings plus the graph-
based scores.

The same performancemetrics computed for Experiment
1 were also calculated in this experiment, only AUC was not
used since the decision is not dependent on multiple deci-
sion thresholds from the lung graph scores. Statistical p val-
ues were calculated by paired Student t-tests. P values lower
than 0.05 were considered significant in the various binary
classifications of the PH-related CT findings, the classifica-
tion obtained from the lung graph model, as well as the in-
tersection and combination of both the CT findings and the
lung graph scores.
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Figure 5: Mean performance obtained during the training
phase of the lung graph model when varying the decision
threshold of the output score for the class CTEPH. The best
overall performance was obtained with a 0.4 decision threshold.

4. Results
4.1. Experiment 1: Lung graph model

classification
Figure 5 shows the mean classification metrics obtained

with the lung graph model during the training phase, using
a 10-fold CV setup and varying the decision threshold. The
highest accuracy, i.e. 0.7636, was obtained both with a the
decision threshold of 0.4 and 0.5. However, the F1 score,
the Kappa and the MCC had their top performance at 0.40.
Since the Kappa and MCC are more reliable than the accu-
racy when using unbalanced data sets, the optimal decision
threshold for the graph model was fixed to 0.40. In the case
of the two CNN approaches, the maximum performance in
accuracy, Kappa and MCC was obtained at 0.50. Therefore,
the optimal decision threshold for the CNN approaches was
set at 0.50.

Table 2 details the results obtained by the lung graph
model and those from the two strategies using a convolu-
tional neural network, in binary classification of PE vs. CTE-
PH,with an experimental setup using 10 train/test splits. The
CTEPH class is considered the positive class, i.e. sensi-
tivity refers to the proportion of CTEPH patients correctly
detected. Using VGG19 features with data augmentation
obtained the best scores out of both CNN methods. The
specificity was significantly better (p<0.0001) with the CNN
methods. However, for the rest of the evaluation metrics, the
lung graph model clearly outperformed both deep learning
approaches with a significant p<0.05, in all measures except
in accuracy (p= 0.08). In particular, the sensitivity, F1 scoreand Kappa had a p<0.01.
4.2. Experiment 2: visual assessment vs. lung

graph model
Table 3 summarises the criteria tested in Experiment 2

along with the number of patients in each class satisfying
the criteria for each group, PE and CTEPH. This table also
shows a column with the p values obtained with the criteria
for the differentiation between PE vs. CTEPH. Considering
all the CT examinations taken at the time of the diagnosis

Table 2
Detailed results obtained by the graph model and the deep
learning approach in Experiment 1 (mean ± standard error in
10 train/test splits).

VGG19 VGG19 wDataAugm Lung graph
Sensitivity 0.42 ± 0.06 0.45 ± 0.06 0.78 ± 0.07
Specificity 0.91 ± 0.08 0.91 ± 0.08 0.75 ± 0.04
Accuracy 0.71 ± 0.05 0.72 ± 0.06 0.76 ± 0.03
F1 score 0.53 ± 0.06 0.56 ± 0.07 0.68 ± 0.05
AUC 0.78 ± 0.06 0.79 ± 0.05 0.84 ± 0.05
Kappa 0.35 ± 0.10 0.39 ± 0.11 0.49 ± 0.07
MCC 0.42 ± 0.11 0.45 ± 0.11 0.52 ± 0.07

Table 3
Criteria selection in the two target groups of this study used in
Experiment 2 and number of patients from each class satisfying
the criteria. A LOPO approach was performed to obtain a lung
graph score for each patient with an optimal threshold of 0.4
to be considered as CTEPH.
Criteria PE (n = 48) CTEPH (n = 27) p-value
PA:A ratio > 1 7 (15%) 10 (37%) 0.04*
Mosaicism 21 (44%) 18 (67%) 0.09
PA:A > 1 and Mosaicism 3 (6%) 8 (30%) <0.001**
Graph score > 0.4 10 (21%) 17 (63%) <0.001**
(PA:A > 1 and Mosaicism)
or Graph score > 0.4 13 (27%) 20 (74%) <0.001**

PA:A ratio, pulmonary artery to aorta ratio.
* <0.05.
** <0.001.

from this study, i.e. 75, a PA:A > 1 ratio is statistically sig-
nificant to differentiate PE fromCTEPHwith a p of 0.04. On
the other hand, the presence ofmosaicismwas not significant
(p = 0.09), in this data set. Using the graph score resulted
in a statistically significant trend for this task (p < 0.001).
Taking into account all the cases identified using either the
CT findings or the lung graph score, was also significant in
this study.

Figure 6 and Table 4 show the performance obtained
when using each criterion. The graph model obtained sim-
ilar results in this experiment with a LOPO setup (see Sec-
tion 3.2) to the results from Experiment 1, that had a 80-20%
setup in 10 train/test splits (see Section 3.1). The accuracy
obtained with the lung graph model in Experiment 2 was
0.74, the F1 score 0.64, and the Kappa 0.44, respectively.
The graph model alone showed better performance than any
of the CT findings in terms of accuracy, F1 score, Kappa,
and MCC. The CT findings together (PA:A ratio above 1
and presence of mosaicism) outperformed all other criteria
in terms of specificity. However, for all the other measures,
the addition of the lung graph criteria to these findings ob-
tained the best performance. Finally, the combination of the
CT findings (PA:A ratio> 1 and presence of mosaicism) ob-
tained a correlation of 0.77 and 0.40 with the PA:A ratio >
1 and mosaicism respectively. On the other hand, the corre-
lation of the CT findings with the lung graph criterion was
only of 0.08.
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Table 4
Performance metrics from Experiment 2.

PA:A Mosaic.
PA:A and
Mosaic. Graph

(PA:A and
Mosaic.)
or Graph

Sensitivity 0.38 0.69 0.31 0.65 0.77
Specificity 0.85 0.56 0.94 0.79 0.73
Accuracy 0.69 0.61 0.72 0.74 0.74
F1 score 0.47 0.55 0.43 0.64 0.68
Kappa 0.26 0.23 0.28 0.44 0.47
MCC 0.27 0.24 0.33 0.44 0.48

Figure 6: Comparison of the criteria when detecting CTEPH.
In order to obtain a graph-based score for each patient a leave-
one-patient-out (LOPO) setup was used. The results of this
setup are consistent with the ones reported in experiment 1
(see Table 4).

5. Discussion
In this paper a texture-based lung graph model for the as-

sessment of PE vs. CTEPH in CT examinations was devel-
oped and tested. This approach clearly outperformed deep
learning approaches (using a CNN) that analysed lung re-
gions in an isolated manner. Moreover, the lung graph ap-
proach produced a higher sensitivity than known CT radio-
logical findings suggestive of PH, i.e. PA:A ratio > 1 and
mosaicism, in a data set of 75 cases. The combination of
lung graph scores together with both CT findings resulted in
the overall best performance for the differentiation between
acute PE and CTEPH cases, using only the information ob-
tained from the CT scans. All of the 27 CTEPH patients
were incident cases, with the diagnosis confirmed by the re-
sults from a right heart catheterism and an early CT exami-
nation available.

In Experiment 1, the feasibility of using our novel lung
graph model in the task of detecting PE vs. CTEPH was
evaluated and compared to a state-of-the-art deep learning
approach that had achieved the best scores in an open lung
classification challenge with a large data set. The lung graph
model obtained in this work an average AUC of 0.84 identi-
fying CTEPH cases in 10 train/test splits, where the AUC of

a random classifier is 0.50. Although the CNN strategy ob-
tained a higher mean specificity (see Tab. 2), the lung graph
model outperformed the deep learningmethod in the remain-
ing evaluation metrics with a statistically significant result.
It is important to highlight the mean sensitivity results, as
our graph approach had a promising 0.78 score vs. 0.45 ob-
tained using local CNN image features with data augmen-
tation. The real contribution from using our novel graph
framework is clear in this respect, as commonly used CNNs
generally do not consider the global correlations of multi-
ple local regions, in this case relying on independent lung
tissue patches. Moreover, the lung graph model can be eas-
ily retrained for larger data sets in a robust and less time
consuming process. This opens the door to perform a more
thorough analysis of the changes in the lung parenchyma al-
ready present in the CT scans from these CTEPH patients,
some of them at an earlier stage of the disease. The small
standard error from the 10 train/test splits supports the ro-
bustness of our model to variations in the train and test sets.
Moreover, this approach had a promising average sensitivity
of 0.78, comparable to the previously reported sensitivities
of CT findings associated with CTEPH: abnormal PA:A ra-
tio (0.58-0.87) and presence of mosaic attenuation patterns
(0.77-1.00) [31, 21].

In Experiment 2, the performance of both the lung graph
model and each CT finding criterion was evaluated for the
detection of CTEPH in scans taken at the time of the diagno-
sis. The CT findings were manually assessed for all patients
by expert radiologists. A LOPO setup was used to compute
an individual lung graph score for detecting CTEPH. Using
this LOPO setup, the lung graph model obtained similar re-
sults as in Experiment 1 (see Tables 2 and 4), which further
supports the results obtained with the initial experimental
setup. Mosaicism was the most sensitive individual crite-
rion, present in 69% of the CTEPH patients, however, it was
also the least specific one, being present in 44% of the acute
PE patients. On the other hand, the lung graph model of-
fered the best trade-off between sensitivity and specificity
with an accuracy of 0.74. The presence of both CT findings
together had the highest specificity in the results. If both
the CT findings and lung graph model are combined, then
the majority of the evaluation metrics improve. The corre-
lation between the two CT findings shows that most of the
patients with a large PA:A ratio also presented mosaicism
but not many patients with mosaicism had a large PA:A ra-
tio. A closer analysis of the CTEPH patients detected with
the lung graph model revealed that this approach is comple-
mentary to the radiological CT findings, with a relatively
small correlation between the graph results and those from
the coupling of both CT findings. Unlike the PA:A ratio, the
lung graph score results from a direct analysis of the lung
tissue, which might explain the differences in the cases de-
tected from this CT finding and those with the proposed tex-
ture analysis. This is an interesting result from our study
and a promising direction for the inclusion of lung texture
analysis in future studies.

The inclusion of objective and quantitative image anal-
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ysis techniques, such as the proposed graph model, could
help by providing health experts with quantitative sub-visual
information about the lung parenchyma. More studies are
needed to clarify this result for a better clinical interpreta-
tion, ideally relying on a larger number of cases and a more
thorough evaluation of the resulting texture analysis for each
individual patient. The proposed framework proved to be
competitive against a state-of-the-art system using the same
data set and obtained very good results in the comparison to
some of the best CT findings that radiologists have to diag-
nose this disease. As future work, we intend to analyze prior
CT scans of the same patients that were initially misclassi-
fied as acute PE. The hypothesis of discovering early changes
associated to CTEPH, originally proposed by Guérin et al.
in a follow-up of patients during 26 months after an acute
PE event, who eventually developed CTEPH, could further
be studied with the proposed method [17]. More recently,
Klok et al. stressed the importance of distinguishing be-
tween ‘true’ acute PE and CTEPH at a (sub)acute clinical
presentation [22], also motivating further texture analysis of
the cases in our data set.

6. Conclusions
We proposed a texture-based lung graph model to en-

hance the characterisation and detection of CTEPH, based
solely on CT scans taken during a symptomatic acute PE
event. This objective texture biomarker was combined with
CT findings suggestive of CTEPH, resulting in a consider-
ably higher agreement with the reference diagnosis from the
right heart catheterism. A full radiological assessment of the
patient scans was performed and reported in the search for
CT findings classically associated with PH. Overall, these
patients could benefit from an early identification of CTEPH
changes in the texture of the lung parenchyma, consequently
distinguishing them from only acute PE cases.
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