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End-to-end lung cancer screening with
three-dimensional deep learning on low-dose
chest computed tomography

Diego Ardila®©5, Atilla P. Kiraly'*, Sujeeth Bharadwaj**, Bokyung Chei'®, Joshua J. Reicher?,
Lily Peng', Daniel Tse ®™, Mozziyar Etemadi®?, Wenxing Ye', Greg Corrado’, David P. Naidich*

and Shravya Shetty’

With an estimated 160,000 deaths in 2018, lung cancer is
the most common cause of cancer death in the United States’.
Lung cancer screening using low-dose computed tomography
has been shown to reduce mortality by 20-43% and is now
included in US screening guidelines™. Existing challenges
include inter-grader variability and high false-positive and
false-negative rates™"". We propose a deep learning algorithm
that uses a patient's current and prior computed tomography
volumes to predict the risk of lung cancer. Our model achieves
a state-of-the-art performance (94.4% area under the curve)
on 6,716 MNational Lung Cancer Screening Trial cases, and
performs similarly on an independent clinical validation set
of 1,139 cases. We conducted two reader studies. When prior
computed tomography imaging was not available, our model
outperformed all six radiclogists with absolute reductions of
11% in false positives and 5% in false negatives. Where prior
computed tomography imaging was available, the model per-
formance was on-par with the same radiologists. This creates
an opportunity to optimize the screening process via com-
puter assi 1ce and au While the vast majority of
patients remain unscreened, we show the potential for deep
learning models to increase the accuracy, consistency and
adoption of lung cancer screening worldwide.

In 2013, the United States Preventive Services Task Force rec-
ommended low-dose computed tomography (LDCT) lung cancer
screening in high-risk populations based on reported improved
mortality in the National Lung Cancer Screening Trial (NLST).
In 2014, the American College of Radiology published the Lung-
RADS guidelines for LDCT lung cancer screening, to standardize
image interpretation by radiologists and dictate management rec-
ommendations. Evaluation is based on a variety of image find-
ings, but primarily nodule size, density and growth®. At screening
sites, Lung-RADS and other models such as PanCan are used to
determine malignancy risk ratings that drive recommendations for
clinical management' ", Improving the sensitivity and specificity
of lung cancer screening is imperative becanse of the high clinical
and financial costs of missed diagnosis, late diagnosis and unneces-
sary biopsy procedures resulting from false negatives and false posi-
tives™ 1 Despite improved consistency, persistent inter-grader
variability and incomplete characterization of comprehensive
imaging findings remain as limitations" of Lung-RADS. These

limitations suggest opportunities for more sophisticated systems
to improve performance and inter-reader consistency™". Deep
learning approaches offer the exciting potential to automate more
complex image analysis, detect subtle holistic imaging findings and
unify methodologies for image evaluation™.

A variety of software devices have been approved by the
Food and Drug Administration (FDA) with the goal of address-
ing workflow efficiency and performance through augmented
detection of lung nodules on lung computed tomography (CT)*.
Clinical research has primarily focused on either nodule detec-
tion or diagnostic support for lesions manually selected by imag-
ing experts™~. Nodule detection systems were engineered with
the goal of improving radiologist sensitivity in identifying nod-
ules while minimizing costs to specificity, thereby falling into the
category of computer-aided detection (CADe)”. This approach
highlights small nodules, leaving malignancy risk evaluation and
clinical decision making to the clinician. Diagnostic support for
pre-identified lesions is included in computer-aided diagnosis
(CADx) platforms, which are primarily aimed at improving speci-
ficity. CADx has gained greater interest and even first regulatory
approvals in other areas of radiology, though not in lung cancer at
the time of manuscript preparation™.

To move beyond the limitations of prior CADe and CADx
approaches, we aimed to build an end-to-end approach perform-
ing both localization and lung cancer risk categorization tasks using
the input CT data alone. More specifically, we were interested in
replicating a more complete part of a radiclogist’s workflow, includ-
ing full assessment of LDCT volume, focus on regions of concern,
comparison to prior imaging when available and calibration against
biopsy-confirmed outcomes.

Another important high-level decision in our approach was to
learn features using deep convolutional neural networks (CNN),
rather than using hand-engineered features such as texture fea-
tures or specific Hounsfield unit values. We chose to learn features
because this approach has repeatedly been shown superior to hand-
engineered features in many open computer vision competitions in
the past five years™, including the Kaggle 2017 Data Science Bowl
which used NLST data™.

There were three key components in our new approach (Fig. 1).
First, we constructed a three-dimensional (3D) CNN model that
performs end-to-end analysis of whole-CT volumes, using LDCT

doi:10.1038/nature21056

ification of skin cancer
'S

Susan M. Swetter>4, Helen M. Blau® & Sebastian Thrun®

images (for example, smartphone images) exhibit variability in factors
such as zoom, angle and lighting, making classification substantially
more challenging®**. We overcome this challenge by using a data-
driven approach—1.41 million pre-training and training images
make classification robust to photographic variability. Many previous
techniques require extensive preprocessing, lesion segmentation and
extraction of domain-specific visual features before classification. By
contrast, our system requires no hand-crafted features; it is trained
end-to-end directly from image labels and raw pixels, with a single
network for both photographic and dermoscopic images. The existing
body of work uses small datasets of typically less than a thousand
images of skin lesions'®'*!?, which, as a result, do not generalize well
to new images. We demonstrate generalizable classification with a new
dermatologist-labelled dataset of 129,450 clinical images, including
3,374 dermoscupy images.

Deep learning algorithms, powered by advances in computation
and very large datasets™, have recently been shown to exceed human
performance in visual tasks such as playing Atari games™, strategic
board games like Go?” and object recognition®. In this paper we
outline the development of a CNN that matches the performance of
dermatologists at three key diagnostic tasks: melanoma classification,
melanoma classification using dermoscopy and carcinoma
classification. We restrict the comparisons to image-based classification.

We utilize a GoogleNet Inception v3 CNN architecture” that was pre-
trained on approximately 1.28 million images (1,000 object categories)
from the 2014 ImageNet Large Scale Visual Recosgnition Challenge®,
and train it on our dataset using transfer learning™®. Figure 1 shows the
working system. The CNN is trained using 757 disease classes. Our
dataset is composed of dermatologist-labelled images organized in a
tree-structured taxonomy of 2,032 diseases, in which the individual
diseases form the leaf nodes. The images come from 18 different
clinician-curated, open-access online repositories, as well as from
clinical data from Stanford University Medical Center. Figure 2a shows
a subset of the full taxonomy, which has been organized clinically and
visually by medical experts. We split our dataset into 127,463 training
and validation images and 1,942 biopsy-labelled test images.

To take advantage of fine-grained information contained within the
taxonomy structure, we develop an algorithm (Extended Data Table 1)
to partition diseases into fine-grained training classes (for example,
amelanotic melanoma and acrolentiginous melanoma). During
inference, the CNN outputs a probability distribution over these fine
classes. To recover the probabilities for coarser-level classes of interest
(for example, melanoma) we sum the probabilities of their descendants
(see Methods and Extended Data Fig. 1 for more details).

We validate the effectiveness of the algorithm in two ways, using
nine-fold cross-validation. First, we validate the algorithm using a
three-class disease partition—the first-level nodes of the taxonomy,
which represent benign lesions, malignant lesions and non-neoplastic
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Forschungsfragen

Experiment 1

RQ1: Beeinflusst die ...

1. Quelle der Empfehlung (Kl vs. Mensch)

2. Korrektheit der Empfehlung

3. Interaktion zwischen Quelle und
Korrektheit

die Performanz der Arzte und ihre

Bewertung der Empfehlungsqualitat?

RQ2: Wirken sich Quelle und Korrektheit der
Empfehlung auf Aufgabenexperten und
Nicht-Experten unterschiedlich aus?

Experiment 2

RQ1: Beeinflusst...

1. die Quelle der Empfehlung (KI vs. Mensch)

2. der Grad der lokalen Erklarbarkeit

3. die Interaktion zwischen Quelle und
Erklarbarkeit

die Performanz der Arzte, ihre Bewertung der

Empfehlungsqualitat und das Vertrauen in die

eigene Entscheidung?

RQ2: Wirken sich Quelle und Grad der lokalen
Erklarbarkeit der Empfehlung auf
Aufgabenexperten und Nichtexperten
unterschiedlich aus?
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PREREGISTERED OPEN MATERIALS OPEN DATA

Diagnosis: Right Pneumothorax Edit Mode
% v+ @ Q@ ¢ 9 HoOlk- 2 B=

Patient Information: A 57 year old male
with shortness of breath.

Methode Experiment 1

Findings:

» Mild cardiomegaly

» Visceral pleural edge at right apex
Right basilar atelectasis

» Small right pleural effusion

Right rib fractures

m: 0.18

//IWL: 4096/2048
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PREREGISTERED OPEN MATERIALS OPEN DATA

Methode Experiment 1

Ubersicht Abhangige Variablen Kontrollvariablen
« Online-Experiment * Performanzin % « Berufliche ldentifikation
« 138 Radiologen*innen « Bewertung der « Berufliche Autonomie
« 127 Internisten*innen/ Empfehlungsqualitat  Einstellung zu Ki
Notfallmediziner*innen e Zustimmung * Wissen zu K
. Desian * Ndutzlichkeit « Erfahrung in Jahren
9 _ « Vertrauenswaurdigkeit « Geschlecht
* Quelle der Empfehlung: . Zukiinftige Nutzung
Zwischensubjektfaktor
« Korrektheit der
Empfehlung:
Innersubjektfaktor

Susanne Gaube 21.09.2022 6 @ ClinAID



PREREGISTERED OPEN MATERIALS OPEN DATA

Ergebnisse Experiment 1
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Logistic mixed multilevel regression models for diagnostic accuracy

Task Experts (Radiology) Non-Task Experts (IM/EM)
Model 1 p SE z p P SE z p
Intercept -241  0.18 -13.68 <0.001 -1.30 013  -9.71 <0.001
Accuracy of the advice 239 024 979 <0.001 1.91 0.23 8.26 <0.001
Source of the advice 032 024 133  0.183 0.31  0.18 1.75  0.081
Accuracy x Source -029 034 -085 0.394 -0.51 031 -1.62  0.105

Model 2 (incl. covariates)

0.81 -0.21 0.835

-1.20 070 -1.71 0.087

0.25 986 <0.001
0.24 1.23 0.217
034 -0.78 0.436

1.91 0.23 8.26 <0.001
0.29 0.18 1.63 0.104
-0.50 031 -161 0.108

Intercept -0.17
Accuracy of the advice 2.43
Source of the advice 0.30
Accuracy x Source -0.27
Identification -0.09
Autonomy -0.15
AT Knowledge -0.20
AT Attitude -0.07
Experience -0.04
Gender 0.01

0.10 -0.95 0.342
0.08 -2.03 0.042
0.13 -1.55 0.120
0.08 -0.87 0.383
001 -297 0.003
0.18 0.06 0.950

0.01 0.08 0.08 0.937
-0.02 007 -0.28 0.780
-0.08 0.10 -0.76 0.445
-0.02 008 -0.29 0.771

0.00 0.01 0.00 0.996

0.23 0.13 1.74 0.082

Note. = estimated coefficient: SE = standard error; z = z-value: p = probability of committing a

Type I error, IM = internal medicine, EM = emergency medicine.

PEN DATA
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Ergebnisse Experiment 1
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Linear mixed multilevel regression models for advice quality ratings

Task Experts (Radiology) Non-Task Experts (IM/EM)
Model 1 v SE t p v SE t p
Intercept 5.03 0.10 4846 <0.001 4.85 0.11 4340 <0.001
Accuracy of the adviece  -1.00  0.12 -8.66 <0.001 -040 012 -3.25  0.002
Source of the advice 0.53 0.15 3.5L 0.001 0.22 0.16 1.40 0.165
Accuracy x Source -0.15 017 -090  0.368 -0.12 017 -0.73  0.469

Model 2 (incl. covariates)

0.56 3.08 0.002

5.06 0.67 7.55 <0.001

011 -898 <0.001
0.13 417 <0.001
016 -094 0.351

-0.40 012 -3.25 0.001
0.23 0.15 1.48 0.141
-0.12 017  -0.73 0.469

Intercept 1.74
Accuracy of the advice  -1.00
Source of the advice 0.55
Accuracy x Source -0.15
Identification 027
Autonomy 0.12
AT Knowledge 021
AT Attitude 0.25
Experience 0.01
Gender -0.20

0.07 4.00 <0.001
0.06 2.05 0.043
0.09 2.33 0.021
0.06 427 <0.001
0.01 1.64 0.104
012 -1.65 0.102

0.03 0.07 0.46 0.646
0.04 0.07 0.61 0.545
-0.06 0.10 -0.61 0.542
0.04 0.08 0.47 0.636
0.00 0.01 -0.19 0.849
-0.40 013 -3.11 0.002

Note. v = regression coefficient; SE = standard error; ¢t = t-value; p = probability of commutting a

Type I error, IM = internal medicine, EM = emergency medicine.

OPEN DATA

Susanne Gaube

21.09.2022

@ ClinAID



Diskussion: Experiment 1

Starke

Beeinflussung
durch
Empfehlung

Ankereffekte &
konfirmatorische
Informations-
suche

https://doi.org/10.1038/s41746-021-00385-9

Abwertung der Ki
verringerte
Beeinflussbarkeit

nicht

Sozial
erwinschte
Antworten /

Intoleranz bei
Fehlern der Kl
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Methode Experiment 2

PREREGISTERED

Ubersicht

* Online-Experiment

» 138 Radiologen*innen

o 127 Internisten*innen/
Notfallmediziner*innen

* Design
* Quelle der Empfehlung:
Zwischensubjektfaktor
« Grad der lokalen
Erklarbarkeit:
Innersubjektfaktor

Abhangige Variablen
« Performanz in %
« Bewertung der
Empfehlungsqualitat
e Zustimmung
* Nutzlichkeit
* Vertrauenswaurdigkeit
« Zukinftige Nutzung
* Vertrauen in die eigene
Entscheidung

Kontrollvariablen
Berufliche Identifikation
Berufliche Autonomie
Einstellung zu Ki
Wissen uber KI
Erfahrung in Jahren
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PREREGISTERED

Methode Experiment 2

Diagnosis: Right Pneumothorax Edit Mode
- 0 Q¢ 4 9

Patient Information: A 57 year old male
with shortness of breath.

Findings:

Mild cardiomegaly

Visceral pleural edge at right apex
Right basilar atelectasis

o Small right pleural effusion

Right rib fractures

.

Render Time: 0 ms

Image #1/1
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Logistic mixed multilevel regression models for participants’ diagnostic accuracy.

Predictors .Sa Of(fs SE 95% CI b4 P e
Intercept 1.30 1.38 0.16-10.37 0.24 0.807
Explainability [annotated] 2.30 0.61 1.37 — 3.86 3.17 0.002

Source [Al] 2.09 0.57 1.22 - 3.59 2.69 0.007

Task expertise [experts: radiologists] 2.20 0.51 1.40 -3.47 3.41 0.001

Professional identification 1.00 0.12 0.80-1.26 0.02 0.985

Beliefs about professional autonomy 1.20 0.14 0.95-1.52 1.57 0.117
Self-reported Al-knowledge 1.34 0.19 1.01-1.77 2.03 0.043

Attitude toward Al 0.99 0.12 0.78 —1.26 -0.06 0.954

Professional experience (years) 0.99 0.01 0.97 —1.01 -1.11 0.268 B
Explainability [annotated] x Source [Al] 0.57 0.22 0.27-1.20 -1.49 0.137

Susanne Gaube 21.09.2022 14
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PREREGISTERED

Ergebnisse Experiment 2
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Linear mixed multilevel regression models for advice quality rating.

Predictors Estimate SE 95% CI t [, PEEREGISTERED
Intercept 4.55 0.49 3.59-550 0.36 <0.001
Explainability [annotated] 0.25 0.07 0.11-0.39 3.42 0.001
Source [Al] 0.03 0.11 019-025 029 0.771
Task expertise [experts: radiologists] 0.24 0.10 0.04 —0.45 2.32 0.020
Professional identification 0.03 0.0 -007-0.14 0.29 0.554
Beliefs about professional autonomy -0.09 0.05 -0.20-0.01 -1.70 0.089
Self-reported Al-knowledge 0.07 0.07 -0.06 -0.20 1.08 0.279
Attitude toward Al 0.13 0.06 0.02-023 2.27 0.023
Professional experience (years) -0.00 0.01 -0.02 -0.01 -0.90 0.367

Explainability [annotated] x Source [Al] -0.07 0.10 027-012  -0.75 0.454

Susanne Gaube 21.09.2022 16 @Ej ClinAID



Ergebnisse Experiment 2
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Linear mixed multilevel regression models for confidence in the diagnosis.

Predictors Estimate SE 95% CI t p PREREGISTERED
Intercept 4.60 043 376-544 1076 <0.001
Explainability [annotated] 0.06 007 -0.09-020 0.77 0.440

Source [Al] 0.19 010 -001-039 191 0.056

Task expertise [experts: radiologists] 0.72 0.09 0.54 - 0.89 .93 <0.001
Professional identification -0.00 005 -009-009 -005 0.936

Beliefs about professional autonomy 0.01 005 -0.09-0.10 0.16 0.874
Self-reported Al-knowledge 0.19 0.06 0.08 -0.30 3.39 0.001

Attitude toward Al -0.01 005 -011-008 026 0794
Professional experience (years) 0.01 000 -0.00-0.02 1.79 0.074
Explainability [annotated] x Source [Al] -0.03 010 -023-017 -0.32 0.749 )

Susanne Gaube 21.09.2022 18
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Ergebnisse Experiment 2
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Diskussion: Experiment 2

Erklarbarkeit
verbesserte
die Performanz

Deckeneffekte
oder kein
zusatzlicher
Nutzen bel
Experten

KI
Empfehlungen
waren
vorteilhafter

Keine
algorithmische
Abneigung,
wenn das
Modell perfekt
Ist & natzliche
Bestatigung
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Diskussion: Limitationen (Experiment 1 & 2)

Geringes Risiko
In der
Entscheidungs-
findung

Web-basiertes
Tool
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Implikationen

Beeinfluss-
barkeit
durch

Empfehlung

Erwlnscht bei
KI-Systemen
mit hoher
Genauigkeit

Unerwiinscht
bei KI-
Systemen mit
moderater
Genauigkeit

Weiltere
Prufung des
Effekts der
Erklarbarkeit

Keine
Empfehlung

bei
unsicherer
Vorhersage

Empfehlung
auf Anfrage?
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