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Pulmonary hypertension (PH) is a complex condition chandmed by elevated pulmonary arterial pressures
and presenting with a varying degree of lung parenchymalsgis€amputation Tomography (CT) imaging is
the gold-standard imaging modality for non-invasive assessment of lung disease and is releahbyehe
latest European Respiratory Society/European Society of Cardiology PH guideieest work in the medical
literature has highlighted the need to better characterize and quantify lung disease in puhypedensiof®.
ere is a prognostic signi cance of lung parenchymal disease on CT witkgnce of emphysema and ground
glass predictive of early mortafity

Deep learning approaches are used to quantify pulmonary ground-glass opacity nodelésnteaad
emphysema regions using High-Resolution Computed Tomographg s€@atients with chronic obstructive
pulmonary diseaseMoreover, deep learning tries to automate the detection of Rkéese or absendeand
predict elevated pulmonary artery presSum@ current trend is the use of patch-based approaches for texture
extraction and feature classi cation to either segment or §jassidical pathologies and regions of interest in
a variety of di erent organ&*2 For instance, Tang et'dlproposed a patch-based network with random spatial
initialization and statistical fusion on overlapping regions of interest, for three-dimensialwahaial organ
segmentation on high-resolution computed tomography. Ben nacet’ettifized a deep learning-based selec
tive attention using overlapping patches and multi-class weighted cross-entropy totdegyneutomatically a
brain tumour. Borne et &f developed an automatic labelling of cortical sulci using patch andl2dbd seg
mentation techniques combined with bottom-up geometritst@ints. Lastly, Aswathy et'élised a Cascaded
3D U-net architecture for segmenting COVID-19 infections frongl@T volume images.

Arti cial intelligence (Al) approaches show great promise inicéhapplication particularly in their ability
to automatically quantify di erent radiological lung diseaséufea’®. However, the use of Al in clinical appli
cations always gives rise to the limitation of introdgdiras, and the limitations posed by privacy and security
constraints, and lack of transparency and explainability ohéteork$”8 Translating Al networks from the
prototyping version to support clinical stakeholders during routine care brings challenge&lsas decisions
impact human lives. It has been observed that when experts intetta&iviiameworks, they became biased
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to reach decisions, and they may be disproportionately inclined to follow the Al's presiictat may be
problematic because of the Al's lack of generalization and con dence prediction combine with theaisknof le
wrong patterns during the training process. ese circumstances motivate the need for tranispasystens.
e latest review of Ciecierski-Holme et &P.highlights that the main limitations of the existing Al studies ar
related with the lack of successful development and adaptation of well-performing Al tools tékdirailable
data, the lack of transparent and cost-e ective Al tools in low-income and middle-income countries. SHad et al.
state that studies of explainability, uncertainty and bias sheutti® components of any clinical Al tool stud
ies. Even though there are studies using explainabillipitages to increase the transparency of their Al tools
they lack generalized approaches as they mainly use local explainable techniques like salience maps, GradCa
or feature engineering approactes.

To this end, we developed a transparent Al considering the lack of prediction in high uncertainty circum
stances and validating the usability of the system by verifying the correct patterns of leaminthduraining
process. We estimated the epistemic and aleatoric uncertainty of the framework and we develogemheral
ized local explainable and interpretable dimension redudéohnique (PCA-GradCam, PCA-Shape) to study
and validate the prediction of the Al framework. Moreover, we comprehensively studied a guylihgper
tension multi-classi cation task by using di erent deep learningueeks (Vgg-16, ResNet-50, DenseNet-121,
DenRes-131). We used the deep learning classi er to develop the pathological ratios of lung diseases and to ma
the 3D anatomical lung models of patients with evidence of pulmonary hypentefsithe authors knowledge,
this is the rst study to develop a transparent arti cial intelige framework to map and diagnose a patient's
pulmonary hypertension pro le in three dimensions.

:t o— /7 —o
We evaluated the results of the multi-classi cation pulmonary hypertenagknin the ‘seen’ validation and
test datasets. Moreover, we implemented an ablation study of the framework for di erent 3D patch sizes, t
observe how the variety of the patch sizes in uence the performétive Al framework. Lastly, we validated
the Al framework in the ‘unseen’ dataset which includes patients with a challenging pathologicalapylm
hypertension pro le.

—Z—<e .. Zf-wn e f—cte —fee <o —S1t fTeftei ~fZeNﬂC—RO-C furdes,— Fe—<ce
precision, recall, and fl-score metrics have been used to evaluate the generalization and accuracy of the ne
works’ classi cation. Supplementary Fig. S2 presents the AUC-ROC curves of di erent deep learning models
(DenseNet-121 and DenRes-131) on the datasets. e accuracy of the deep learning classi ers has been teste
for a variety of di erent 3D patch sizes ( , and , Supplementary
Fig. S2a—d, e-h, i-l and m-p, from le to right, respectrvely) e performance of the networks decreased as
we reduced the 3D patches size of the multi-classi cation task. e best results scored by the patch
size, with an AUC-ROC higher than 98.0% in DenseNet-121 and higher than 96.8% in the DenRes-131 in the
validation cohort for all the di erent classes. In the test cohort (Supplementary Fig. S2i—p) DenseNet-121 per
formed higher than 96.1% AUC-ROC accuracy in all the classes, whilst DenRes-131 scored higher than 90.9Y%
e patch size in the validation cohort DenseNet-121 outperformed the accuracy of DenRes-131 in
honeycomb, emphysema, and abnormal classes and it was outperformed by the accuracy of DenRes-131 in no
mal, pure ground glass, and ground glass reticulation classes. On the other hand, in thertd3¢cBles-131
outperformed the accuracy of the DenseNet-121 in all classes, verifying the higher generalization of the mode
compared to the DenseNet-121 (Fij.

Figure2 presents di erent metric scores (fl-score, AUC-ROC, Recall, Precision) of the deep learning net
works (VGG-16, ResNet-50, DenseNet-121 and DenRes-131) for the test cohort of the ‘seen’ datZetdFigur
shows that DenseNet-121 and DenRes-131 outperformed ResNet-50 and VGG-16 in all the metrics except preci
sion. DenRes-131 delivered the best results in all metrics compared with DenseNet-122e-Figpresent the
results of the di erent patch sizes. Figlee-h highlights all the metrics scores for each patch size for DenRes-131
and Fig2i,j, we summarize the AUC-ROC and fl-score values of the four di erent patch sizes. e most robust
results were scored for the and sizes followed by the and e
highest average value was for the followed by the and in the AUC- ROC and
fl-score metrics, respectively. Summarizing, in the multiiatagien task the highest performance was by the
DenRes-131 network and patch size followed by the patch size.

fzZ<tf—<'e ° —-SHt T fer ™ e <o —S fTolevatraledthd 3D-patch frathework in

the ‘unseen’ cohort we used the measurements of Jaccard score, Hamming distances, Root fdedzmoBqua
(RMSE), f1-score, recall, precision, Matthews correlation coe cient (MCC), and accuracyl pedsgents the
scores of ResNet-50, DenseNet-121 and DenRes-131 for the four di erent patch sizes in the full lungs slice:
of the ‘unseen’ cohort. In the ResNet-50 outperformed the other networks with 74.63% Jaccard
score and 1.246 RMSE score. In and DenRes-131 outperformed the other networks
with 91.83% Jaccard score, 5.96 mm Hamming distances and 0.855 RMSE score and 89.01% Jaccard score, -
mm Hamming distances and 1.015 RMSE score respectively. DenseNet-121 outperfaireenkalorks in

patch size with 69.20% Jaccard score, 18.27 mm Hamming distances and 1.361 RMSE score. e
best performance of the networks was in patch sizes followed by . Generally, the high
est average score was from the DenRes-131 and the patch size (91.83%, 5.96 mm, 0.855, 93.87%,
93.42%, 96.54%, 93.69% and 80.21%, respectively). e most robust results (lowest standard deviation) were
presented in the DenRes-131 and patch size for the RMSE, f1-score, precision, accuracy and MCC
in the (0.32, 4.87%, 2.20%, 3.27%, and 7.21%, respectively), as mentione?l ia Fégults of
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Figure 1. e arti cial intelligence framework to diagnose pulmonary hypertensions) (e extraction
of 3D patches pipeline. We used four di erent size of 3D patches to discrete the lungs region, ,
,and . (b) Trained deep learning classi er is used to classify each 3D patch in
one of the SIX classes (healthy, ground glass, ground glass reticulation, honeycdnyrhemmpr unhealthy).
(c) e 3D volume rebuild of the lungs anatomyd] Pro le of the disease of a speci ¢ patient. e prole
includes the portion of the diseases appeared in the patient’s pro le, the 3D anatomicaldehgitihothe
diseased areas, the explainability of the deep learning features and the uncertainty estithatfmedictions.

DenRes-131 for the and patch sizes in the ‘unseen’ cohort are highlighted in Faysd

4. e gures presents twelve di erent patients of the ‘unseen’ cohort ( six in PART 13ragd six in PART

2 Fig.4) by using DenRes-131 with and patch sizes. From le to right the predicted
results of the patch sizes ( , and ), the radiologist ground truth, the patient CT slice of
short axis, the uncertainty mapping of , and the uncertainty mapping of are presented.

e six di erent classes are shown in grey-scale colours. e uncertainty scale is with red scale from 0.00 to
0.30 probability. To compare the performance of each patch size we presented the grourabséditbntthe

two expert radiologists and the correspondence CT slice of the patient. In most cases the estimated
better than , except for the 3rd, 2nd and 1st cases of Bagda,b respectively. e

patch size delivered clinically appropriate level of prediction, contrary to which in most of the cases
overestimated the results. e framework’s predictions and robustness were streedtlgnthe uncertainty
estimation mapping of each prediction probability. FiguBesd4 presented the uncertainty mapping of the
prediction. e combination of uncertainty prediction and the probability prediction stremgns the trustwer
thiness of the Al tool, as for high uncertainty experts can ignore the prediction.

Figure5a,b shows the 3D anatomical lung models with the diseased lasgfaréwo patients in the seen
testing cohort. Moreover, Fi§a,b presents the ratio of the diseases and the middle slice results of the deep
learning networks (DenseNet-121 and DenRes-131) for the four di erent patch sizes. e network with most
accurate results based on Tahl&igs.3 and4 was the DenRes-131 for the patch size. erefore,

patch size and the DenRes-131 network were the most robust and generalisable combination for
the multi-classi cation task. To this end, the 3D-patch framdwawerestimates the diseases in cases of small
patch size ( ) and underestimates in the large patch size ( ).

Tet"fZcett £8 Zfef—<'e " —Ste most'afoutal¥ Hee learning network was the
DenRes-131 with the patch size (Figb). erefore, we studied the local and generalized explain
ability of that case.

Figure6a shows the local explainable results of DenRes-131 for the six-classi cation task for the
patch size. e local explanation is a collection of the colourf@BRpatches, GradCam, and guided GradCam
results of the six classes (healthy, ground glass, ground glasgti@tidutemeycomb, emphysema and unhealthy,
Fig.6a). e GradCam and guided GradCam was extracted from the obutional layer a er the concatena
tion of the ResNet-50 and DenseNet-121 networks. Regarding the guided GradCam results of all the six classe
the networks were focusing on the correct area of interest (healthyatiralqgical lung area). However, the
evaluation of these three samples was highly biased taideratbout the general correct learning patterns of
the network as GradCam is a local explainable method. To this end, we developed a combination teahnique th
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Figure 2. Box and Whisker plots results of Vgg-16, ResNet-50, DenseNet-121, and DenRes-131 for the
multi-classi cation task.d-d) Box-plots results for the di erent deep learning networks (Vgg-16, ResNet-
50,DenseNet-121, and DenRes-131, respectively) for the combine results of all the di erent size of 3D patch
sizes. e results presented are a variation of metrics (Recall, Precision, AUC-ROC, and fl1-scorepshpres. (
Box-plots results for the di erent patch sizes ( ,and height,

width and depth respectively) of all the deep Iearnlng networks comblne resnhi)sar(e presented the results

of a variation of metrics (Recall, Precision, AUC-ROC, and fl-scgiefummarizing the f1-score and AUC-
ROC metrics results.

utilized the PCA of di erent components (4,8 and 16) in the total sample of the patch images (PCA-Shape) and
their corresponding local GradCam images (PCA-GradCane\vaduate the learning patterns of each class.
Figure6c shows the PCA zero component of the PCA-Shape and the PCA-GradCam results of each class fol
the four principal component analysis. Moreover, the correlation coe cient of the PCA-ShdpbeaPCA-
GradCam with the total negative and positive pixels ratio is presented. e results shovwebeheetwork

focused on the correct learning patterns (positive ratihéi than negative) in honeycomb, emphysema and
unhealthy classes. On the other hand, the network learned wrong patterns in the gassradagis. e healthy

class had almost the same number of the negative and positive ratio between the zero PCA component of PCA
Shape and PCA-GradCam. Fig8eeb presents the positive and negative ratio results of each class with respect
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Metric ResNet-50 DenseNetlZl] DenRes-131

e Al framework for the patch size

Jaccard score (%) 7463 +1795 70.12+1832 69.21+17.89
Hamming distances (mm) 16.21 £ 6.21 18.01 + 8.01 18.07 £ 903
Root mean square error 1.246 + 0.510 1.282+0.634 1.281+(.700
f1 score (%) 77.33+10.02 73.21+13554 73.01+13.77
Recall score (%) 78.21£9.87 74.01+£ 1401 73.99 + 14.04
Precision score (%) 78.33+9.02 74.32+14/21 74.35+14.98
Accuracy (%) 78.23+10.00 74.00+1501 73.12 + 16.00
MCC (%) 67.23+17.21 64.12+18.12 63.89 = 19/00
e Al framework for the patch size

Jaccard score (%) 69.41 +21.04 90.53 + 4.381.83+ *3.48
Hamming distances (mm) 17.29 £ 7.29 6.34 + 3.82 *5.96+*3.17

Root mean square error 1.171 + 0.419 0.904 + 0.5#0.855+ 0.40

f1 score (%) 71.23+10.11 92.06 * 5.4093.87+ 4.20

Recall score (%) 70.12 + 10.33  93.21 + 4.1193.42+*2.84
Precision score (%) 71.22 £10.43 94.53 + 2.5296.54+ 2.82
Accuracy (%) 70.15+10.32  93.02 * 3.93*93.69+ 3.90

MCC (%) 65.34 £20.32 77.74 + 8.46 *80.21+ 7.83

e Al framework for the patch size

Jaccard score (%) 70.05 + 20.67 87.70 £ 8.90 89.01 + 5.81
Hamming distances (mm) | 17.13 + 7.11 8.08 + 5.24 7.99 +4.48
Root mean square error 1.146 + 0409 1.035*0.42 170132+

1 score (%) 72.01+10.00 92.06 +5.10 92287

Recall score (%) 71.00 £ 10.01  90.67 + 4.53 91.64 + 4{33
Precision score (%) 71.87 £10.67 95.71+ 2.08 93630
Accuracy (%) 70.78 £ 10.78  90.88 + 4.74 91'312¥%

MCC (%) 66.01+20.01 73.10+11.71 74802

e Al framework for the patch size

Jaccard score (%) 68.56 £ 21.09 69.20 + 18.52 69.10 + 18.20
Hamming distances (mm) 16.61 + 6.23 18.27 £ 9.91 18.31+ 9,83
Root mean square error 1587 +0.3p5 1.361+0.839 1.432+0.840
f1 score (%) 74.13+ 1312 7251+1554 7241+15.74
Recall score (%) 7241 +10.82 73.41+16.01 73.49%16.04
Precision score (%) 72.63+12.21 74.32+17.22 73.35+16.98
Accuracy (%) 73.53+11.90 73.60+17.11 73.10+ 16.89
MCC (%) 61.43+18.20 64.02+19.18 63.59 + 19|20

Table 1. Quantitative evaluation metrics of the Al framework on the unseen dataskighest
performance of each metric score. Signi cant values are given in bold.

to the PCA analysis of the four components. Even if theaamponent showed that the network learned the
patterns of the unhealthy and ground glass reticulation classes corectlygthii@d components showed that
the network did not, as they had higher negative pixels ratio vhlalepositive pixels ratio values (F3g,b).

is instability between the components of the PCA analysis (4 congmts) justi ed the need to study di er

ent numbers of PCA components (8, and 16) to conclude about the most stable dimensionrredadyiis

to generalize the local explainable observations. erefore resgnt the eight components of the PCA-Shape
and PCA-GradCam analysis for each class {FFidgzigure7a—f shows the generalized explainable results of
DenRes-131 for the patch size of multi-classi cation task. We computed the corozlatbe cient

of the PCA-Shape and the PCA-GradCam. We further computed the negative and positive pixels ratio of the
correlation between the PCA-Shape and PCA-GradCam, to &v#thgageneralized correct learning pattern of
the network in each class.

e correlation coe cient of positive and negative pixels ratio is a way to evaluate the false positiegaor n
tive pixels and the true positive or negative pixels of the nigswearning patterns (analytical explanation of
the network’s learning pattern of the generalized technique in: Supplementary mategatisakiz.4). For
instance, in the healthy and unhealthy classes the compomenbze and four of the PCA, focused correctly
in the lung area. Moreover, the network correctly learned the pattern in theooemipsix and seven of the
ground glass reticulation class. In the ground glass the netvasrkocusing correctly in the lung area of inter
est in the components zero, one, and three. However, the netwasetbadditionally in the peripheral areas
that increase the false positive and false negative pixels ratio, and this concludes as a mirgngdttarn
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Figure 3. e multi-classi cation results of six di erent patients of the ‘unseen’ cohort (PART &))(From

le to right the prediction results of the patch sizes ( ,and ), the radiologist ground
truth, the patient CT slice of short axis, the uncertainty mapping of , and the uncertainty mapping
of

. e six di erent classes are showing in gray-scale colours. e uncertainty scale is with red-scale
from 0.00 to 0.30 probability.

in total for the classes of interest. As the PCA-Shape images hadtaigsity pixels in lung areas that are not
of interest and low intensity pixels in lungs areas that are of interest in the m&jdhigyedaght components,
the network correctly learned the patterns when the positive caorelede cient ratio was lower than the
negative correlation coe cient pixels ratio. e healthy, groundagis reticulation, ground glass and unhealthy
classes had higher positive pixels ratio than negative pixels ratio in all the eight components.h@n hiaadt
emphysema, honeycomb had lower positive pixels ratio than negiatie natio in all the eight components.
To this end, the network correctly learned the patterns of emphysema, honegedrabhealthy classes but
learned the other three classes wrongly.

FigureBa—f presents the positive and negative pixels ratio results of each classpeitihto the PCA analy
sis with four, eight and sixteen components. is gure summarizkee observations we discussed above. e
PCA with eight components (Figc,d) has the same behaviour as the PCA with sixteen componen8g (f}ig.
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Figure 4. e multi-classi cation results of six di erent patients of the ‘unseen’ cohort (PART a)p)(From

le to right the prediction results of the patch sizes ( ,and ), the radiologist ground
truth, the patient CT slice of short axis, the uncertainty mapping of , and the uncertainty mapping
of . e six di erent classes are showing in gray-scale colours. e uncertainty scale is with red-scale

from 0.00 to 0.30 probability.

erefore, the results of PCA analysis with eight components are more trusted compared &/RCth analysis
of four components (Figa,b).

o ... F"—fce—> T e—<A fErdgiab dimension for a transparent arti cial intelligence framework is the
uncertainty estimation. Figu@shows the aleatoric and epistemic uncertainty of the testing internal cohort and
the DenRes-131 network, respectively. Figmnen shows the boxplots of the epistemic and aleatoric uncer
tainty for each class. e healthy, unhealthy, ground glass, and honeycomb cladsaigh value of aleatoric
uncertainty. e emphysema and ground glass reticulation classes had a low value of aleatorignimcerta
the other hand, the ground glass, and healthy classes followed by the grasinetiglaiation and honeycomb
classes had high epistemic uncertainty. Fi@ard presents the normalized class probability and predictive
uncertainty (epistemic) of each class. e coloured circles are the patch images (size of ) of each
class with respect to the average and standard deviation of the intensity pixels. e emphyss the most
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Figure 5. Results of two di erent patient of the ‘seen’ testing cohati) (e 3D mapping of two patients &,b)
for the DenseNet-121 and DenRes-131 in the multi-classi cation task. Four di erent 3D patch sizes volume:
,and height, width and depth respectively are presented.
From le to rlght the four di erent 3D anatomical lung models, the ratio of diseases results of the patch sizes
, and , and the prediction results of the middle slice of short axis.

robust prediction class (high class probability, low predictive uncertainty) folloyvtte hhoneycomb classes.
e ground glass was the least robust prediction class followed by the healthy andigyiass reticulation.

—f—<e—<... [Z fefZ>\We utilizbd ANDVAs @nalysis with-value 0.05 to calculate the statistically
signi cant di erences between the di erent deep learning classi ers. All the results of the models were statisti
cally signi cantly di erent with . e DenRes-131 had signi cantly di erent results compare with the
DenseNet-121 with avalue of 0.04.

e  —o00 ‘e
Translating Al networks from the prototyping version to support clinical stakeholders duniige care is
highly dependent on the trustworthiness of the Al tool. In mosteftkistent Al studies there is a lack of suc
cessful development and adaptation of well-performing and context-speci ¢ Al tools. Even thoughethere a
ies using explainability techniques to increase the teargpy of the Al tools, they lack generalization ag the
mainly use local explainable techniques. A transparent Al todkrteenclude dimensions like explainability,
uncertainty and bias for any clinical application as part obits study. To this end, in this study we developed
and analysed a transparent arti cial intelligence fearark to map the 3D anatomical models of patients with
evidence of lung diseases in pulmonary hypertension.

To be sure about how thoroughly the framework evaluates in furattioperational, and usability dimen
sions we studied the framework’s performance in di erent patdss| ,

) in a multi-classi cation task and we trained and tested di eestablished deep Iearnlng networks

e framework was evaluated by an unbiased validation pro le of internal ‘seen’ and ‘unsakinsoan and
multi-vendors cohorts. e results highlighted that the patch size of (and in some cases )
was the most accurate, robust and generalised. e DenRes-131 netwstth@eost accurate framework-fol
lowed by the DenseNet-121 in the multi-classi cation task. ¥¥eed the accurate and robust predictions of
the framework in the ‘unseen’ cohort achieving metrics scores s@dh83st 3.48% Jaccard score, 5.96 + 3.17
mm Hamming distances, 80.21 + 7.83% MCC, 93.69 + 3.90 accuracy, and 0.855 + 0.40 Root Mean Square Err
Lastly, we justi ed that the framework predicts high performance and robustness in thgsemma and the
honeycomb diseases but lacks accurate prediction of the ground glass reticulation anththglgss diseases.

L<Fe—co |

$'7(2023) 13:3812 |

S——ed t'¢c4""% wvawvy~ ezw{s~avxyayv{vy&atureportfolio



www.nature.com/scientificreports/

Classifier

DenRes-131

ground glass i i unhealthy

F oo

a. b.
e plainable rtificial ntelligence
RGPBPaches GradCam Guided GradCam
Healthy
- -
Ground Glass
L}
GGreticulation
-_— -
Honeycomb health
L}
Emphysema
Unhealthy
C. . .
eature ngineering
PCA-Shape PCA-GradCam PCA-Shape PCA-GradCam

positive ratio: 25.7%
negative ratio: 25.8%

PCA-Shape PCA-GradCam

positive ratio: 27.3%
negative ratio: 26.9%

Figure 6. e local explainability results of DenRes-131 and the

positive ratio: 25.6%
negative ratio: 27.7%

PCA-Shape PCA-GradCam

positive ratio: 27.0%
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PCA-Shape PCA-GradCam

positive ratio: 27.7%
negative ratio: 25.1%

PCA-Shape PCA-GradCam

positive ratio: 28.1%
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patch size of the multi-

classi cation task.d) e colorful RGB patches, GradCam, and guided GradCam results of the six classes
(healthy, ground glass, ground glass reticulation, honeycomb, emphysema anthyniferthe structure of
DenRes-131 networkc)( e PCA zero component of the patch images (PCA-Shape) and GradCam results
(PCA-GradCam) of each class for a four components analysis. e correlation coe cient between the PCA-
Shape (Average image) and the PCA-GradCam (PCA GRADCAM) with the negative and positive ratio is

presented.

To verify the transparency and trustworthiness of the Al framewerktudied the uncertainty estimation
of the network’s prediction, and we tried to explain the generalized learning patterns of thr.netefore,

a new generalized technique combines local explainable and interpretable dimension reduction approaches
(PCA-GradCam, PCA-shape) was developed. We studied PCA analysis of di erent component numbers (4, 8
and 16) and we concluded that the eight components of the PCA-Shape (PCA of total patch images) and the

PCA-GradCam (PCA of total GradCam images) analysis wemaadsérobust. Moreover, we computed the

correlation coe cient of the PCA-Shape and PCA-GradCam and the negative and positive pixels ratio of the

correlation between them. In this way, we evaluated the gemsetralbrrect and wrong learning pattern of the
network in each class. e correlation coe cient of positive and negative pixels ratio was an approaefuate
the false positive or negative pixels and the true positive or negative pixels of thesleavoiky patterns. e
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Figure 7. e generalized combined explainable technique of local explanable and interpretable reduced
dimensionality techniques (PCA-GradCam, PCA-Shajpej) (e PCA of the patch images (PCA-Shape) and
GradCam results (PCA-GradCam) of each class for the eight components analysis. e correlation coe cient
of each component's PCA-Shape and PCA-GradCam with the negative and positive ratio is preseaigd. Fo
class from le to right, top to bottom the eight components results of the PCA analysis. e results edeobas
the DenRes-131 and patch size for the multi-classi cation task.

network learned correct patterns in the emphysema and honeydasses and wrong patterns in the ground
glass and ground glass reticulation classes. By usingmatoretechniques with Monte Carlo simulations and
Monte Carlo dropout layers we estimated the aleatoric anceapistincertainty of each class. e dataset had
high aleatoric uncertainty in the ground glass, unhealthy, theatid honeycomb diseases and the framework
predicts high epistemic uncertainty in the ground glass, ground gtasdaton and healthy diseases.

Even if we delivered a transparent Al framework there isition about the performance of the Al in the
classes with high uncertainty like the ground glass aalthyeclasses. We can solve this problem by applying
di erent pre-processing techniques, by increasing thepsesnvariability of the high uncertainty classes and by
applying domain adaptation techniques to increase the Al framework performance in the out stfriinetidin
samples. erefore as future work we will increase the variability of ttaskts including more clear cases of
ground glass and ground glass reticulation patients to reduce the aleatoric uncertaihgrnfrane, we will
apply domain adaptation techniques in the classi ers like few dlats;rease the accuracy of the prediction
and decrease the uncertainty in the ground glass and ground glass reticulation cldseg has to create a
thresholding validation protocol to identify the appropriate threshold direre between the positive and rega
tive pixels ratio of the correlation coe cient method of our combined local explainable and globpietabie
techniques to justify uniquely and unbiasedly the correct and wrangjihg patterns of the networks.

Our Al framework was tested in an unbiased validation protocol which accurately captures ordinaty clinica
trials, and it delivered accurate robust and generalized performance with uncertainty prediatialiljties
and generalized explanations (Fid).
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Figure 8. e positive and negative ratio results of each class with respect of the PCA analysis of the four,
eight and sixteen components respectivalp) (e positive ( @) and negativeh) ratio results of each class with
respect of the PCA analysis of the four components. e results are based on the DenRes-131 and

patch size for the multi-classi cation tasi{) e positive and negative ratio results of each class with respect
of the PCA analysis of the eigh and sixteen componentsf( respectively. e results are based on the

DenRes-131 and patch size for the multi-classi cation task.
f-Ste .
f—fet— '"'—"*e.dafadet protocol and methods were performed in accordance with relevant-guide

lines and regulations and approved by ASPIRE registry (Assessing the Spectrum of Pulmaeraendiyp

Identi ed at a Referral Centre), reference c06/Q2308/8; REC 17/YH/0016. is study complies with the Declara
tion of Helsinki. We con rm that all experiments were performed in accordance with relevant guidelines and
regulations. Informed consent was obtained from all subjects and/or their legal guardian(s).

Validation datasets protocolTo train and evaluate the networks in the multi-classi cation task, we used a
cohort of 84 patients (‘seen’ cohort). From the ‘seen’ cohort 75 patients were used for training/valid&ion an
for testing. As the multi-classi cation task was based on a patch oriented deep learninghappecatilized

four di erent patch sizes ( , , and ) to study the sensitivity of the
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Figure 9. e epistemic and aleatoric uncertainty pro le of the ‘seen’ testing dataset of each class for the
DenRes-131 deep learning netwosl) e normalized class probability and predictive uncertainty

(epistemic uncertainty) of each class. Each patch image class presented by a di erent colour circle (patch size
of ) with respect of the average and standard deviation of the intensity pixejsthe box and

Whisker plots results of the epistermic)(and aleatoricr() uncertainty for each class.

networks’ predictions. For each patch size we used a balanced number of images in each class, and a 70/
validation split protocol during training More analytically, for the training task we utilizeghfth class: 8000,

40,000, 185,000 and 600,000 images for the , and patch sizes,
respectively. For the testing task we utilized for each class: 4000 22,000, 501a00060dmages for the
and patch sizes respectively. To evaluate the Al framework

in an out of distribution task (OoD) we used a cohort of 19 patients with full annotated PH diseasesy(‘'un
cohort). is dataset was a collection of patients di erent from the ‘seen’ dataset with multi-venadmsaiti-
scans variability.

CT imaging protocol. For the ‘seen’ cohort all patients were diagnosed with PH between Feb 2001 and Jan 2019.
ey were identi ed in a specialist PH referral centre using the ASPIRE (Assessing the SpetRuimonary
Hypertension Identi ed at a Referral Centre) registry. Around 17,500 CT slices were divided into six regions:
healthy lungs, ground glass, ground glass reticulation, honeycomb, emphysemahyhinegdt ese classes

were manually labelled in each slice by two specialist radiologists and di erences resolved throughsconsen

e unhealthy class was a combination of lung diseases observations with low frequency in se¢ @atatri

lobular ground glass, brosis, consolidation and low attenuation). We combined these disdesamimsalthy’

class, as we needed to extract a balance training dataset with same number of samplesss. a&dkehusied

these regions to train and validate the multi-classi cation task. e ‘unseen’ cohorts included aionltefc19

patients with a diagnosis of PH from the ASPIRE registry. e unseen cohort was a collection of eiaaat

CT slice levels exhaustively labeled by specialist radiologists (KD and AS with 3-years and 10-years experienc
for each patient. e anatomical levels chosen were top of the aortic arch, bifurcation of the traeirepun

monary artery bifurcation, mitral valve, and diaphragm.
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Figure 9. (continued)

Cohort’s pre-processing image analysisage analysis techniques have been applied to all slices to reduce the
e ect of noise and increase the signal-to-noise ratio (SNR), using noise lters such as curvatu@pinisot

di usion image Iters’®. Moreover, we normalized the images and we have used data augmentation techniques
including rotation (rotation around the center of the image by a random angle in the range td ), width

shi range (width shi of the image by up to 20 pixels), height shi range (height shi of image by up to-20 pix
els), and ZCA whitening (add noise in each im¥ge)

“t1Z<e% "7 f 3 We tedrloped a patch-oriented Al framework to map the 3D anatomical models of
patients with lung disease in pulmonary hypertension. e framework has ftepss the extraction of the 3D
patches, the classi cation of each patch, the volume rebuild of the 3D anatomical model, awadytie @nd
evaluation of the pulmonary hypertension pro le of the lungs (Big.
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To train the classi ers we extracted volume patches from the initial NIFTI and DICOM les of the CT images.
We segmented the lung region using a nn-unet nef¥ard we used a variate of di erent sizes of the volume
patch sizes to evaluate the performance of the classi ers. We have usteéifent patch sizes of

, and height, width and depth respectively (Fig). e extracted patches
were used for training, valldatlon and testing (‘seen’ cohorthéodeep learning classi ers.

We solved a multi-classi cation problem of six di erent classes: healthy, ground-gtasg] glass reticuta
tion, honeycomb, emphysema and unhealthy. To evaluatetirdize the solution of the multi-classi cation
task we used three established networks VGG-16, DenseNet-12gsietB0 and one state-of-the-art deep
learning network DenRes-1F1VGG-16 is a well-established convolutional neural network (CNNs) with a
combination of pooling and convolution lay&ResNet-50 is a deep network, in which all layers have the same
number of Iters as the number of the output feature size. In t@seutput feature size is halved, the number
of Iters is doubled, thus reducing the time complexity per fyBrenseNet-121 is an e cient convolutional
network. e network comprises of deep layers, each of which implements a nonlinear transformati@mgHau
et al®*introduced a unique connectivity pattern information ow between layers to direct congecty layer
to all subsequent layers. DenRes-131 is a modi ed vergfametfork which has two dropout layers to estimate
the epistemic uncertainty of the model and to reduce the over tting of the r{feigesb). We used a probability
of 0.3 in both layers. e original DenRes-1Fcombines four blocks from ResNet-50 and DenseNet-121 with
width, height, and frames of , and , respectively.
Each of the four outputs feeds a block of convolutlon and average poollng layers. e nal Iayerusmaa s
regression, so that the network can conclude in the classincdécision (Figlb). For all the networks we used
a three level multi-preceptor tuner layer and a combination of two &1Gatrlo dropout layers to estimate the
epistemic uncertainty of the model. We utilized the trained weights of the netwalkssify the patches in one
of the six classes (Fig). A er we used these annotated patches to rebuild back thea8Bnaical model of the
lungs. We de ned the portions of each of the six diseased classes and we extracted the pulmonasidiyperten
pro le of the speci c patient.

Police learning. A er random shu ing each dataset had been partitioned into and of the total num

ber of images to train and validate the networks. We used categorical cross-entropy as a cost function. e loss
function was optimized using the stochastic gradient descent (SGD) method with a xed learning rate of 0.0001.
We applied transfer learning techniques to the networks using the ImageNet dattaséiv(vw.image-net.

org). e ImageNet dataset consists of over 14 million images and the task were to classify the images into one
of almost 22, 000 di erent categories (cat, sailboat, etc.). We trained the DenRes-131 for 25 éploelusteTr

three networks for 100 epochs.

§'Zfcof «Zc—> fol —e . "~ f<eexpldmableafialysiednd uncertainty estimation of a
network is a very important part of a classi cation study as it validageutictional, operational, safety and
usability dimensions of a transparent Al tool. In this study we used an established localldzpedhaique
in medical imaging applications, the GRAD-CAM metfotlowever the use of only local explainability tech
nigues can be biased. us we tried to remove the bias e ect by using an interpretable non-linear diménsiona
reduction technique, the principal component analysis (PCA). We utilized the PCA to study the waaadilit
generalization of all the GradCam outputs (PCA-GradCam) and all the input patch images (PCA-Shape) of the
testing cohort to evaluate the learning pattern of the deep learning network. We tested thre¢ vilersnof
components for the PCA analysis (4, 8 and 16), and we studied their di erences. We extracted the correlation
coe cient of the PCA-GradCam and PCA-Shape to compare the positive and negative ratio between them.
erefore, we evaluated the similarities, and the accuracy in correct and wrong learning pattdrasiefworks.

e uncertainty of our multi-classi cation task was separated into aleatoric and epistemic uncgrtalat
toric uncertainty captures noise inherent during the datactitin. is noise can be product of di erent rea
sons such as variation of biological (age, immunity lgeelder, biochemical parameters) and environmental
(lifestyle, emotional state, anxiety, stress, climate)itons, social status (family support, friends’ interaction
nancial security etc.) or variability in the scanning machines or oadbols were used for the medical data
collection. On the other hand, epistemic uncertainty studies the uncertainty in the model’s predagidoma
the variability of the network’s paramefér&pistemic uncertainty refers mainly to lack of knowledge of the way
to solve a speci ¢c medical problem (features and parameters involved in study). For example, whea someo
develops a machine learning network to solve a cancer risk assessment problem, he takes into consideratio
speci ¢ biomarkers (features) related with the prediction of the severity level of eadb. #@cpuse there is
a gap of knowledge of other possible biomarkers which can cdettibthe risk assessments of each sample,
he needs to include the possibility that other networks with di erent parameters can solve¢herehlem.
Monte Carlo dropout method samples the training data for limited iterations and it generates atioestinthe
posterior distribution (network with trained parameters). us, we estimated the gst distribution provid
ing information on whether the input data exists in the learnedibigton. MC dropout is the most common
way to estimate the epistemic uncertainty in Bayesian nefi&ofksestimate the aleatoric uncertainty we used
a Monte Carlo test-time augmentation metfbde uncertainty can be estimated by using the variance or the
entropy distribution . Here we utilized the entropy distribution given by:

@

We used a Monte Carlo simulation of samples of data augmented patches (rotation, shrink, scale,
noise) to extract prediction results of . Suppose there are M unique values in Y. For classi cation
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tasks, this typically refers to M labels. Assume the frequency of tihgque value is , then is
approximated as:

@

e frequency of the prediction of a speci ¢ patch is given by

e epistemic uncertainty was estimated by using Monte Carlo duapayers in the multi-preceptor level
of the networks (Figlb). e simulation number was again T = 21 (where T the times that the dafasls to
the networks). e average result was given by:

- ©)

e epistemic uncertainty computed by the variance operation of:

- “

wherex denotes the input features from training images, the predictiva Bjghdenotes the expected model
output given the inpuk, and  denotes the aleatoric uncertainty. is process was repea@tohes forT inde-
pendent identical distributions . ese output values are empirical samples from an approximate
predictive distribution.

—f—<e—<... fZ CLoiftiduous vdriables were presented as proportions, means + standard deviations, or
median and interquartile range for data not following a normal distribution. We used @vAldnalysis with

-value 0.05 to calculate the statistically signi cantly di erences between the di erent deep learning slassi er
e statistical analyses were carried out using the lifelines and Pythand R librarie®.

—S«<...e f'7'& fithods were performed in accordance with relevant guidelines and regulations and
approved by ASPIRE registry (Assessing the Spectrum of Pulmonary Hypertension Identi ed ana@ader
tre), reference c06/Q2308/8; REC 17/YH/0016.

f~f<2f”<2<—>
is study has the appropriate research ethics committee approfASPIRE registry (Assessing the Spectrum
of Pulmonary Hypertension Identi ed at a Referral Centre), reference c06/Q2308/8; REC 17/YH/0016. e data
are available as requested from the corresponding author Dy. 3wi .

‘Tt fTf<Zf <Zc—>
e code developed in this study is written in the Python programming language using Keras/TensorFlow
(Python) libraries. For training and testing of deep learning networks, we have used an NVIDIA cluster (JADE2)
with 4 GPUs and 64 GB RAM memory. e code is publicly availabletips://github.com/INSIGNEO/PH_
3Dpatches
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