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Abstract

We compare two conditioning mechanisms based on concatenation and feature-wise mod-
ulation to integrate non-imaging information into convolutional neural networks for seg-
mentation of anatomical structures. As a proof-of-concept we provide the distribution of
class labels obtained from ground truth masks to ensure strong correlation between the
conditioning data and the segmentation maps. We evaluate the methods on the ACDC
dataset, and show that conditioning with non-imaging data improves performance of the
segmentation networks. We observed conditioning the U-Net architectures was challenging,
where no method gave significant improvement. However, the same architecture without
skip connections outperforms the baseline with feature-wise modulation, and the relative
performance increases as the training size decreases.

Keywords: Segmentation, Cardiac MRI, Side Information, Convolutional Neural Net-
work.

1. Introduction

Integrating non-imaging modalities becomes of interest to the research community with
dedicated workshops such as beyondMIC 2018. The majority of the work has been focused
on multi-modal data fusion where each modality is mapped to an embedding otherwise by
concatenating (Tiwari et al., 2011) or maximising correlation between the views (Golugula
et al., 2011). Other approaches include intermediate functions such as neural networks
combined with a linear classifier. For instance, (Shmulev and Belyaev, 2018) developed
a method to predict conversion of mild cognitive impairment to Alzheimer’s disease, and
(Cerna et al., 2019) shown a classifier to estimate probability of mortality within one year.
However, to the best of our knowledge the current techniques do not apply to the segmen-
tation networks as they focus on classification.

In this work, we use segmentation of Cardiovascular Magnetic Resonance (CMR) images
as an example for evaluating the conditioning mechanisms. We observe that the majority of
the proposed approaches for CMR segmentation rely only on imaging data, and do not incor-
porate additional information available in Electronic Health Records (EHRs) (Bizopoulos
and Koutsouris, 2019). As collecting such information is often more time-efficient than the
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annotation process, we motivate to investigate how non-imaging data can be used as prior
in convolutional segmentation networks. To ensure strong correlation of the conditioning
information with the segmentation task, and to avoid inter-subject bias due to pathologies,
we propose a proof-of-concept where the network is conditioned on the distribution of class
labels obtained from the ground truth masks. Together with the image, we provide to the
networks expected percentage of pixels in the output mask corresponding to each class, i.e.
myocardiun, left- and right ventricular cavities. This conditioning data is an approximation
of the heart’s size, which is a common biomarker easily extracted from echocardiography
images (Jenkins et al., 2008).

2. Methodology

We consider concatenation-based conditioning and feature-wise modulation applied to two
networks for 2D segmentation; a U-Net (Ronneberger et al., 2015) where each convolutional
layer is followed by batch normalisation (Ioffe and Szegedy, 2015), and an encoder-decoder
that has the same architecture as the U-Net except there are no skip connections.
Concatenation-based conditioning refers to methods where the conditioning informa-
tion is concatenated with a feature map or with the model’s input. We evaluate two ap-
proaches for acquiring the conditioning representation zZ. Given a distribution of class labels
z ! and a function f, Z = f(z), where f is either an identity function (referred as raw con-
catenation) or a fully-connected 3-6-12-6-3 network (referred as MLP concatenation). We
apply the concatenation-based conditioning at three levels: early fusion with spatial repli-
cation of the input-level features, middle fusion at the latent space of the encoder-decoder
networks, and late fusion before the last convolutional layer.

Feature-wise Linear Modulation (FiLM) (Perez et al., 2018) can be classified as an
instance normalisation (Ulyanov et al., 2016) technique in which a scaling v and a shifting
B factors are applied to a particular channel ¢ in a feature map Fg, i.e. FILM(F¢|v., Bc) =
YeFe 4+ Be. In contrast to the regular instance normalisation, the factors are learnt with a
multilayer perceptron from an input z. Our work focuses on applying FiLM layers along
the decoder path (decoder fusion) and before the final convolutional layer (late fusion).

3. Experiments

Dataset. We use the cardiac cine-MRI dataset from the ACDC 2017 challenge (Bernard
et al., 2018) for the task of segmenting the images into three anatomical structures, i.e.
myocardium, left- and right ventricular cavities. The annotated dataset contains images at
end-systolic and -diastolic phases from 100 patients, and varying spatial resolutions. We
resample the volumes to a common resolution of 1.37 mm? per pixel, resize each slice to 224
x 244 pixels, and standardise intensities using z-score with clipping values exceeding three
units of standard deviation from the volume’s mean.

Training and Evaluation. All models are trained using Adam (Kingma and Ba, 2014)
optimiser with learning rate o = 0.0001, and Focal Loss (Lin et al., 2017) with v = 0.5.
The networks are trained with 500 epochs and we apply early stopping with patience set to
100. To determine the effect of conditioning mechanisms on datasets with limited amount

1. To address the class imbalance, we exclude background labels and multiple the other classes by 100.
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Concatenation (raw) Concatenation (MLP) FiLM
Early | Middle | Late Early | Middle | Late | Decoder | Late
100% 89+.04 | -89+.03 | 905 o5 | 90+04 | 89403 | 90403 | .90+03 | 91% 5 | 907 3

Fraction || Baseline

25% 80413 8li10 | 82409 .83;_10 B8leqg 82410 | 82110 81410 824 10
6% -39+ .29 '53;23 '58;27 ’591.25 '581.28 '541.26 '581.25 '55;26 '551.26
1.5% A1y 93 A24 93 | 44190 | 42499 | Adiog | 424 90 | 424 09 384 94 .341_23

Table 1: Performance of the networks with U-Net architecture as an average over Dice
scores for LVC, myocardium and RVC. The best results are shown in bold. An asterisk (*)
denotes the statistical significance (5%) comparing to the baseline.

Concatenation (raw) Concatenation (MLP) FiLM
Early | Middle | Late Early | Middle | Late | Decoder | Late
100% | 87io1 | -86% s | 885 03 | 88 05 | 87201 | S8 o5 | 8703 | 8950z | 855 0s

Fraction || Baseline

25% T8+09 | 0L | JTBL 4o | T8+.09 | T8+10 | T6+L11 | T7+10 | -82% o5 | -T8+.10
1.5% Blear | 34419 | Blear | Bliag | 38591 | 29418 | 35% 19 | 3T | Blis

Table 2: Same as Table 1 but for the encoder-decoder architecture.

of training examples, we repeat each experiment with varying fractions of the training
set, i.e. at 100%, 256%, 6% and 1.5% (single subject). The experiments are evaluated
using 3-fold cross validation with subjects shuffled and split into 70%, 15%, 15% training,
validation and test sets respectively. We calculate a Dice score for 3D volumes as the average
across all anatomical structures. We report average Dice, standard deviation and evaluate
statistical significance (5%) using paired t-test with Bonferroni correction on the test sets
as we compare each conditioning mechanism with the corresponding baseline, i.e. we make
8 comparisons.

Results. The empirical results of the U-Net and the encoder-decoder networks are pre-
sented in Table 1 and Table 2 respectively. Overall, it can be seen that conditioning on
non-imaging information improves segmentation performance in terms of Dice. In particu-
lar future-wise modulation has relative improvement of 2% - 19% over the encoder-decoder
baseline. We also observe that relative performance increases as the size of the training
dataset decreases. However, the U-Net architectures show to be more challenging for in-
tegrating non-imaging information. Although, concatenation of raw values before the last
convolutional layer has outperformed the U-Net baseline by a margin of 1% - 51%, the vari-
ance remains high. Furthermore, the results do not show significant relative improvement
with limited training examples as in the encoder-decoder networks.

4. Conclusion

We have considered the task of conditioning segmentation networks on non-imaging data.
We have shown that conditioning with non-imaging data improves performance of the seg-
mentation networks with feature-wise modulation for the encoder-decoder networks yielding
a consistent improvement. However, conditioning the U-Net networks is challenging and
the same methods do not result in significant improvement.



CONDITIONING CONVOLUTIONAL SEGMENTATION ARCHITECTURES WITH NON-IMAGING DATA

Acknowledgments

This work was supported by the Engineering and Physical Sciences Research Council [grant
number EP/R513209/1]; and Canon Medical Research Europe Ltd. S.A. Tsaftaris acknowl-
edges the support of the Royal Academy of Engineering and the Research Chairs and Senior
Research Fellowships scheme.

References

Olivier Bernard, Alain Lalande, Clement Zotti, Frederick Cervenansky, Xin Yang,
Pheng Ann Heng, Irem Cetin, Karim Lekadir, Oscar Camara, Miguel Angel Gon-
zalez Ballester, Gerard Sanroma, Sandy Napel, Steffen Petersen, Georgios Taziritas,
Elias Grinias, Mahendra Khened, Varghese Alex Kollerathu, Ganapathy Krishnamurthi,
Marc Michel Rohe, Xavier Pennec, Maxime Sermesant, Fabian Isensee, Paul Jager,
Klaus H. Maier-Hein, Peter M. Full, Ivo Wolf, Sandy Engelhardt, Christian F. Baum-
gartner, Lisa M. Koch, Jelmer M. Wolterink, Ivana Isgum, Yeonggul Jang, Yoonmi Hong,
Jay Patravali, Shubham Jain, Olivier Humbert, and Pierre Marc Jodoin. Deep Learning
Techniques for Automatic MRI Cardiac Multi-Structures Segmentation and Diagnosis:
Is the Problem Solved? IEEE Transactions on Medical Imaging, 2018.

Paschalis Bizopoulos and Dimitrios Koutsouris. Deep Learning in Cardiology. IEEE Reviews
in Biomedical Engineering, 2019.

Alvaro E. Ulloa Cerna, Marios Pattichis, David P. VanMaanen, Linyuan Jing, Aalpen A.
Patel, Joshua V. Stough, Christopher M. Haggerty, and Brandon K. Fornwalt. Inter-
pretable Neural Networks for Predicting Mortality Risk using Multi-modal Electronic
Health Records. IEEFE Journal of Biomedical and Health Informatics, 2019.

Abhishek Golugula, George Lee, Stephen R. Master, Michael D. Feldman, John E.
Tomaszewski, David W. Speicher, and Anant Madabhushi. Supervised Regularized
Canonical Correlation Analysis: Integrating histologic and proteomic measurements for
predicting biochemical recurrence following prostate surgery. BMC Bioinformatics, 2011.

Sergey loffe and Christian Szegedy. Batch Normalization: Accelerating Deep Network
Training by Reducing Internal Covariate Shift. In Proceedings of the 32nd International
Conference on International Conference on Machine Learning, 2015.

C. Jenkins, S. Moir, J. Chan, D. Rakhit, B. Haluska, and T. H. Marwick. Left ventricular
volume measurement with echocardiography: a comparison of left ventricular opacifi-
cation, three-dimensional echocardiography, or both with magnetic resonance imaging.
FEuropean Heart Journal, 2008.

Diederik P. Kingma and Jimmy Ba. Adam: A Method for Stochastic Optimization. In
Proceedings of the 3rd International Conference for Learning Representations, 2014.

Tsung Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollar. Focal Loss
for Dense Object Detection. In Proceedings of the IEEE International Conference on
Computer Vision, 2017.



CONDITIONING CONVOLUTIONAL SEGMENTATION ARCHITECTURES WITH NON-IMAGING DATA

Ethan Perez, Florian Strub, Harm De Vries, Vincent Dumoulin, and Aaron Courville. Film:
Visual reasoning with a general conditioning layer. In Thirty-Second AAAI Conference
on Artificial Intelligence, 2018.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for
biomedical image segmentation. In International Conference on Medical image computing
and computer-assisted intervention. Springer, 2015.

Yaroslav Shmulev and Mikhail Belyaev. Predicting conversion of mild cognitive impairments
to alzheimers disease and exploring impact of neuroimaging. In Graphs in Biomedical
Image Analysis and Integrating Medical Imaging and Non-Imaging Modalities. Springer,
2018.

Pallavi Tiwari, Satish Viswanath, George Lee, and Anant Madabhushi. Multi-Modal Data
Fusion Schemes for Integrated Classification of Imaging and Non-Imaging Biomedical
Data. In Proceedings - International Symposium on Biomedical Imaging, 2011.

Dmitry Ulyanov, Andrea Vedaldi, and Victor Lempitsky. Instance normalization: The
missing ingredient for fast stylization. 2016.



	Introduction
	Methodology
	Experiments
	Conclusion

