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Abstract. In the early diagnosis of lung cancer, an important step is
classifying malignancy/benignity for each lung nodule. For this classi-
fication, the nodule’s features (e.g., shape, margin) have traditionally
been the main focus. Recently, the contextual features attract increasing
attention, due to the complementary information they provide. Clinically,
such contextual features refer to the features of nodule’s surrounding
structures, such that (together with nodule’s features) they can expose
discriminate patterns for the malignant/benign, such as vascular conver-
gence and fissural attachment. To leverage such contextual features, we
propose a Context Attention Network (CA-Net) which extracts both
nodule’s and contextual features and then effectively fuses them during
malignancy/benignity classification. To accurately identify the contex-
tual features that contain structures distorted/attached by the nodule,
we take the nodule’s features as a reference via an attention mechanism.
Further, we propose a feature fusion module that can adaptively adjust
the weights of nodule’s and contextual features across nodules. The util-
ity of our proposed method is demonstrated by a noticeable margin over
the 1st place on Data Science Bowl 2017 dataset in Kaggle’s competition.
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1 Introduction

Early diagnosis of lung cancer, as commonly adopted clinically to improve sur-
vival rate, contains an important step of predicting malignancy/benignity for
each nodule. Compared with benign ones, the malignant nodules can expose
irregular patterns or textures, providing as clues that traditional malignancy
prediction methods have been based on.
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Fig. 1. Illustration of contextual features. The top figure shows contextual features
in malignant nodules, including (a) pleural indentation: pulling of the pleura towards
the nodule; (b) vascular convergence: vessels converge towards the nodule; and (c)
bronchial interruption: the bronchus penetrates into the nodule with tapered narrowing
and interruption. The bottom figure shows contextual features in the benign class: (d)
fissural attachment; (e) pleural attachment; and (f) vascular attachment.

In addition to these nodule-related features, the features of nodule’s sur-
rounding structures, such as the distortion or the presence/absence of attach-
ment, can provide complementary information for malignancy/benignity classi-
fication. For example, it has been clinically pointed out that the formation of
malignant nodules often involves distortion of surrounding structures, such as
pleural indentation [22]; vascular convergence [6]; bronchial interruption [14],
as respectively illustrated by Fig. 1(a, b, c). Besides, it is more likely to be
benign for the nodules with attachment to particular structures [19], such as fis-
sures, the pleura and vessels (Fig. 1(d), (e), (f)). In this paper, we call such fea-
tures related to nodule’s surrounding structures that are discriminate in malig-
nancy/benignity classification as “contextual features”, which should be lever-
aged but ignored by most existing works in the literature.

To leverage these contextual features into lung cancer diagnosis, we propose a
novel Context Attention Network (CA-Net), which extracts both nodule’s and
contextual features and effectively fuses them during nodule malignancy classifi-
cation. To accurately capture the contextual features that are distorted/attached
by the nodule, we incorporate the nodule’s information as a reference via an
attention mechanism. Besides, the effect of contextual features on classifica-
tion can be varied across nodules. For examples, nodules with larger diameters
may show more contextual features, while those with small diameters may show
less. To model such a prior, we propose a feature fusion module, which adap-
tively learn the weights of nodule’s and contextual features nodule by nodule.
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To verify the utility of our CA-Net, we evaluate it on the Data Science Bowl
(DSB) 2017, a dataset for lung cancer prediction in Kaggle’s competition [1]. It
yields that the CA-Net can outperform the 1st place by 2.5% on AUC. Besides,
the visualization results qualitatively show that our method can well capture the
contextual features with reasonable weights.

Our contributions can be summarized as follows: i) Ideologically, we pro-
pose to leverage contextual features in lung cancer prediction; ii) Methodolog-
ically, we propose a novel CA-Net which can accurately capture contextual fea-
tures by utilizing the nodule’s information; iii) Experimentally, our CA-Net
outperforms the 1st place by a noticeable margin on Kaggle DSB2017 dataset.

1.1 Related Work

There is a large literature in malignancy/benignity classification for lung nodule,
among which most of them [3,8–10,13,16,18] ignored the contextual informa-
tion. Another branch of works that are more related to us, proposed to enlarge
the receptive fields, in order to include contextual features during classification,
such as [17] with a multi-crop pooling mechanism and [11] using a multi-scale
features fusion operation. However, these methods can select irrelevant features
empirically, as they fail to utilize the prior that the contextual features only con-
tain those surrounding structures that are both nodule and disease-related, such
as distortion or attachment by the nodule. In contrast, our CA-Net incorpo-
rates the nodule’s information as a reference, leading to better ability to identify
the contextual features.

2 Methodology

Problem Setting. Our dataset contains {Ii, Y i}i∈{1,...,n}, in which I denotes
the patient’s CT image and Y ∈ {0, 1} denotes the lung cancer status (with 1
denoting the disease). During test stage, our goal is to predict Y given a new
CT image I.

The whole pipeline of our method, namely Context Attention Network (CA-
Net), is illustrated in Fig. 2. As shown, it is the sequential of three stages: (i)
Nodule Detection that detects all nodules from the CT image; (ii) Nodule Malig-
nancy Classification that predicts the malignancy probability for each nodule;
(iii) Cancer Prediction that predicts the final label Y by assembling all nodules’
malignancy probabilities. In the following, we will respectively introduce above
three stages in Sect. 2.1, 2.2 and 2.3.

2.1 Nodule Detection

Given a whole CT image I, we implement a state-of-the-art nodule detector [9]
to annotate all nodules N1, . . . , NK . The impacts of false positive detection are
minimized by a strict confidence threshold. For each nodule Nk, we obtain its
radius and a cropped image INk

at the center. The size of for each INk
is large

enough, so that the nodule’s and contextual information are contained.
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Fig. 2. The schematic overview of CA-Net. The top figure shows the procedure of lung
cancer prediction, namely Nodule Detection, Nodule Malignancy Classification, and
Cancer Prediction. The bottom figure shows details of our nodule malignancy classifi-
cation, where we first extract nodule’s and contextual features (Feature Extractor and
Contextual Attention), then effectively fuse them into classification (Feature Fusion).

2.2 Nodule Malignancy Classification

After obtaining all nodules’ images {IN1 , . . . , INK
} from I, we predict the malig-

nancy for each image INk
. For simplicity, we omit the index k in the following.

As illustrated by the bottom figure in Fig. 2, such a malignancy classification
contains three modules: Feature Extractor, Contextual Attention and Feature
Fusion.

Feature Extractor. For each IN , we obtain the featuremaps X of IN by feeding
IN into the feature extractor with 3D-Unet as the backbone.

Contextual Attention. Given featuremaps X, this module extracts nodule’s
and contextual features, namely XN and XC , respectively. For XN , as the nod-
ule’s radius can be calculated by the Nodule Detector, we can obtain the nodule’s
features XN via the Region-Of-Interest pooling on X.

Denote XS := X\XN as the complementary set of XN in X, which repre-
sents all features other than the nodule’s. To capture XC that refers to elements
in XS such that they are discriminate in the malignant/benign (e.g., structures
distortion for the malignant or attachment for the benign), we adopt an atten-
tion mechanism XC = γ ◦ XS

1, in which the attention vector γ := γN + γS

1 The a ◦ b denotes the element-wise product between a, b.
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incorporates the information of both the nodule (as a reference) via γN and the
surroundings (disease-related features in XS) via γS .

Specifically, we obtain γN and γS by respectively feeding XN ,XS into a nod-
ule encoding block Fθenc

N
(·) (parameterized by θencN ) and a surrounding encoding

block Fθenc
S

(·) (parameterized by θencS ):

γN = Fθenc
N

(XN ), γS = Fθenc
S

(XS) (1)

Feature Fusion. To account for varied effect on classification across nodules,
we for each nodule adaptively learn ωN and ωC subjected to ωN +ωC = 1, which
respectively denote fusing weights in Xfuse:

Xfuse = Concat(ωN × XN , ωC × XC). (2)

Specifically, we respectively calculate the ωN and ωC (with ωN + ωC = 1) via
ωN = Fθfuse

N
(XN ) and ωN = Fθfuse

C
(XC), with F denoting a two-layer perceptions

followed by a softmax layer. After getting Xfuse, the prediction of the malignancy
P (M |IN ) is given by the sigmoid function parameterized by θcls:

P (M |IN ) = sigmoidθcls(Xfuse).

2.3 Cancer Prediction

After obtaining P (M |IN1), . . . , P (M |INK
), we predict the cancer status Y by

assembling the malignancy probabilities of all nodules via a leaky noisy-OR
model proposed in [9]:

P (Y |I) = 1 − (1 − pl)
K∏

k=1

(1 − P (M |INk
)) (3)

where the pl ∈ (0, 1) denotes the learned leaky parameter.

3 Experiments

We conduct experiments on DSB2017 dataset2. This dataset provides patholog-
ically proven lung cancer label for each patient. There are 1397, 198, and 506
patients in the training, validation, and test set, respectively.

3.1 Experimental Results

Evaluation Metrics. We adopt the following metrics for evaluation: the Accu-
racy (Acc) under the threshold of 0.5, the Area Under the Curve (AUC) and the
Log Loss3.
2 LIDC-IDRI [12] is not considered for the lack of biopsy confirmed lung cancer labels.
3 Official evaluation metric of the competition, lower value means better performance.
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Implementation Details. The image crop size is set to 96 × 96 × 96 mm to
contain all contextual features. Our features extractor is a modified 3D-Unet [9].
For the contextual attention module, we adopt a Squeeze-and-Excitation layer
[7] as our nodule encoding block, and an Encoding Layer [20] as our surrounding
encoding block since it has been empirically proven to capture global statistics.
The training takes 130 epochs. We implement the SGD optimizer, with the
learning rate set to 0.01 and decays at rate 0.1 in the 20, 70, and 110 epochs;
the momentum set to 0.9; and weight decay set to 0.0001.

Compared Baselines. We compare our CA-Net with top 5 from the Kag-
gle competition leader board and other baselines. Among these baselines, 3D-
ResNet18 [4] and MV-KBC [18] have ever achieved competitive results on nodule
malignancy classification in LIDC-IDRI dataset; MV-KBC proposed a 2D multi-
view network that jointly learned different nodule’s features (i.e. texture, internal
characteristics, and margin); Ozdemir et al. proposed a 3D probabilistic model
to explore the coupling between nodule detection and malignancy classification.
Liao et al. shared the nodule detection and cancer prediction stages with us, but
only incorporated nodule’s features into classification by a center 2 × 2 pooling.

Table 1. Evaluations on DSB2017 dataset.

Method Acc (%) ↑ AUC (%) ↑ LogLoss ↓
Leader board (top 5) grt123 – – .3998

Julian de Wit & Daniel
Hammack

– – .4012

Aidence – – .4013

qfpxfd – – .4018

Pierre Fillard – – .4041

Other baselines 3D-ResNet18 [4] 76.28 82.76 .4748

MV-KBC [18] 78.57 84.67 .4887

Ozdemir et al. [13] – 86.90 –

Liao et al. [9] 81.42 87.00 .3989

CA-Net (ours) 83.79 89.52 .3725

Results. As shown from Table 1, our proposed CA-Net achieves state-of-the-
art performance in DSB2017 dataset with a noticeable margin (2.4% on Acc,
2.5% on AUC, and 2.6% on Log Loss), which demonstrates the effectiveness of
our method in lung cancer prediction. Compared with other baselines that only
take nodule’s features into consideration, our superiority mainly comes from the
effective incorporation of contextual features.

3.2 Ablation Study

To verify the effectiveness of each module in our CA-Net during nodule malig-
nancy classification, we conduct ablation study as shown in Table 2. As we can
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see, our contextual attention module brings a major improvement of 0.8% on
AUC and 1.6% on LogLoss, which demonstrates its ability to capture contex-
tual features. The reason behind this can be contributed to the incorporation of
nodule’s information as a reference into identifying contextual features from nod-
ule’s surroundings. Another improvement comes from our feature fusion module
(1.0% on AUC and 0.9% on LogLoss), due to our adaptively learned weights
that can account for the varied effect of contextual features across nodules.

Table 2. Ablation study on different modules. ‘cat’ denotes native concatenation,
Fθenc

S
(·) and Fθenc

N
(·) respectively denote the surrounding and nodule encoding block.

XN XS Features fusion Contextual attention Acc (%) ↑ AUC (%) ↑ LogLoss ↓
Cat Ours Fθenc

S
(·) Fθenc

N
(·)

√
83.00 87.78 .3975

√ √ √
83.20 88.31 .3901

√ √ √
83.40 88.70 .3886

√ √ √ √
83.20 89.18 .3811

√ √ √ √ √
83.79 89.52 .3725

To further validate the effectiveness of our contextual attention module, we
compare it with other existing candidates: Spatial Pyramid Pooling (SPP) [5],
Multi-Crop pooling [17], Atrous Spatial Pyramid Pooling (A-SPP) [2], and Pyra-
mid Scene Parsing module (PSP) [21]. As shown from Tab. 3, our attention mod-
ule outperforms all of these methods. The reference of nodule’s information via
an attention mechanism may be the main reason for its superiority.

Table 3. Comparison of different contextual features caption methods.

SPP [5] Multi-crop [17] A-SPP [2] PSP [21] Ours Acc (%) ↑ AUC(%) ↑ LogLoss ↓
√

83.00 88.72 .3849
√

83.20 88.83 .3846
√

83.79 88.67 .3914
√

83.00 89.02 .3834
√

83.79 89.52 .3725

3.3 Visualization

We show visualization results to qualitatively demonstrate that our method can
better identify the contextual features (Fig. 3) and model their varied effects on
classification (Fig. 4). More examples are provided in the supplementary due to
space limit.

We visualize selected contextual features of different methods by gradient
class activation map (Grad-CAM) [15]. The results are shown in Fig. 3. The
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top row nodule presents pleural indentation while the bottom one has vascular
distortion. As we can see, due to the incorporation of nodule’s information, our
CA-Net can better capture the structures distorted by the nodule.

Fig. 3. Visualization of contextual features captured by different methods. The top
row shows a nodule with pleural indentation, and the bottom row shows a nodule with
both pleural indentation and vascular distortion.

Figure 4 shows learned fusion weights (ωN , ωC) across nodules. Nodules in the
top row present contextual features (arrows), leading to high contextual weights.
Contextual features are absent in bottom row nodules, resulting in low contextual
weights. This demonstrates that the learned weights of contextual features can
well reflect the presence/absence of contextual features across nodules.

Fig. 4. Visualization of learned weights (ωN , ωC) in our feature fusion module. The
top row nodules respectively show pleural indentation (a, b), bronchial interruption
(b), and pleural attachment (c). The bottom row is nodules without any contextual
features.
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4 Conclusions

In this paper, a novel Context Attention Network (CA-Net) is proposed to
leverage contextual features in lung cancer prediction. By adopting the atten-
tion mechanism, the CA-Net can incorporate the nodule’s information for better
identification of contextual features. By using the adaptive weighting strategy,
our feature fusion module can effectively fuse the nodule’s and contextual fea-
tures for all nodules. With experiments conducted on Kaggle DSB2017 dataset,
we have shown that our method can accurately captures the contextual features
and hence achieves better prediction power than others.
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