Multiview Concept Bottleneck Models
Applied to Diagnosing Pediatric Appendicitis
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Abstract

Arguably, interpretability is one of the guiding
principles behind the development of machine-
learning-based healthcare decision support tools
and computer-aided diagnosis systems. There has
been a renewed interest in interpretable classifi-
cation based on high-level concepts, including,
among other model classes, the re-exploration of
concept bottleneck models. By their nature, medi-
cal diagnosis, patient management, and monitor-
ing require the assessment of multiple views and
modalities to form a holistic representation of the
patient’s state. For instance, in ultrasound imag-
ing, a region of interest might be registered from
multiple views that are informative about different
sets of clinically relevant features. Motivated by
this, we extend the classical concept bottleneck
model to the multiview classification setting by
representation fusion across the views. We ap-
ply our multiview concept bottleneck model to
the dataset of ultrasound images acquired from a
cohort of pediatric patients with suspected appen-
dicitis to predict the disease. The results suggest
that auxiliary supervision from the concepts and
aggregation across multiple views help develop
more accurate and interpretable classifiers.

1. Introduction

One of the conventional models for interpretable classifica-
tion (Doshi-Velez & Kim, 2017; Rudin, 2019) is concept
bottleneck (Kumar et al., 2009; Lampert et al., 2009; Koh
et al., 2020): (i) based on features x, a vector of human-
understandable concepts c is predicted; (if) concepts ¢ are
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then used to predict the label y. More formally, the pre-
diction made by a concept bottleneck model is given by

J=fo(gq (), (D

where g4 (+) is a neural network parameterised by ¢, map-
ping inputs  to the predicted concepts ¢, and fg(-) maps
¢ to the predicted label 3. For the sake of convenience, we
will refer to g(-) as the concept model and to fg(-) as
the target model, similar to Lockhart et al. (2022). When
the model given by Equation 1 is deployed, a human user
can interpret and interact with the model’s predictions by
inspecting and editing the concepts. In this work, we extend
the concept bottleneck models (CBM), as described by Koh
et al. (2020), to the multiview classification setting pertinent
to computer-aided diagnosis based on medical imaging data.

In the multiview setting, instead of observing a single set
of features x; for each data point 1 <+¢ < N, we are given
a sequence of V' views {acf}:)/zl (Nie et al., 2018). Let us
consider a simple example depicted in Figure 1, wherein we
are given images corresponding to V' = 3 views of a single
bird. Assuming the task is to predict bird species based on
the images and a set of attributes, similar to the Caltech-
UCSD Birds (Welinder et al., 2010), we must remark that
not every concept c¢; may be identifiable from every view.
For instance, in Figure 1, view I is not informative about
the beak shape, whereas the back pattern cannot be detected
from view III. We will refer to this phenomenon as “partial
observability”. In such a multiview setting, representations
need to be aggregated across the views to predict the full
set of concepts. Moreover, the dimensionality of = might
vary across 1 < v <V, and some views might be missing;
therefore, trivially concatenating features across the views
may not be a satisfactory solution. The multiview concept
bottleneck model presented in this paper allows handling
variability and missingness in a principled manner.

Patient screening and diagnosis based on medical imag-
ing data often give rise to the multiview setting outlined
above. For example, the risk of breast cancer may be as-
sessed based on multiview and multimodal ultrasound (US)
images of lesions (Wang et al., 2020a; Qian et al., 2021),
including transversal and longitudinal views of B-mode,
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usually provided as auxiliary supervision at the training
time. Concept-based models are deemed interpretable since
concepts can be inspected alongside the model's outputs
and viewed as “explanations”. In addition, Koh et al. (2020)
make their concept bottleneck modétéervenable i.e.,
at the test time, the concepts may be edited by a human
expert to change the model's predictions. Several further
efforts have been made to better understand and address the
limitations of concept bottlenecks (Mahinpei et al., 2021;
Margeloiu et al., 2021; Lockhart et al., 2022; Sawada &
Nakamura, 2022), focusing on mitigating information leak-
age, improving concept intervenability, and extending the
model to semi-supervised representation learning. Another
promising related line of work has focused on testing for
associations and extracting concepts from already trained
networkspost hogKim et al., 2018; Yeh et al., 2020). As
opposed to CBMs, the latter category of methods only al-
Figure 1.Concept-based classi cation in the multiview setting. lows explaining predictions but not intervening on them.
Threeviews (|, Il, 111) of a bird are observedd(ft): notall concepts

(right) are identi able fromeveryview. Multiview Learning  Multiview learning (Xu et al., 2013)

is tailored to the data comprising multiple views, essen-

colour Doppler, and elastography images. In this work, W&;a|ly, feature subsets, of the same source object (see Fig-
leverage the proposed model fioterpretableprediction  yre 1), Multiview data naturally arise from various health-
of the diagnosis among pediatric patients with suspectegyre settings, including but not limited to ultrasound imaging
appendicitis. Appendicitis is one of the commonest causegyang et al., 2020a; Qian et al., 2021), multiomics analysis
of abdominal pain and one of the most frequent diagnosee‘Nguyen & Wang, 2020), and neuroimaging (Zhang et al.,
resulting in hospital admissions of patients under 18 (Wieng1g). Recently, connections have been drawn between mul-
et al., 2013). In particular, we investigate the use of th&jyiew and contrastive and self-supervised learning (Tian
multiview abdominal US data to predict this disease. Even; al., 2020; Tsai et al., 2021). Another related eld is mul-
though the US has lower sensitivity and speci city than com+jmodal learning (Baltrusaitis et al., 2019) which develops

puted tomography and magnetic resonance imaging, dugodels combining multiple heterogeneous modalities, e.g.
to the absence of ionising radiation and it's real-time techjmages and text.

nology, US has been advocated to be the preferred imaging
modality for diagnosing acute appendicitis (Mostbeck et aI'Machine Learning for Appendicitis There is extensive

2016). To the best of our knowledge, this is one of the rst . . : .
studies focusing on the machine-learnina-based red'ct'oﬁeseamh on leveraging machine learning models to diagnose

udies focusing on the machi earning-ba prediction g manage patients with suspected appendicitis. With few
of pediatric appendicitis directly utilising US images.

exceptions, most models either utilise simple clinical and
laboratory data, rely on hand-crafted US annotations, or
Our Contributions  The contributions of this work are require more expensive imaging modalities, such as com-
threefold: (i) a novel extension of concept bottleneck puted tomography (CT). Many predictive models have been
models to multiview learning under partial observabil-designed speci cally for pediatric patients (Reismann et al.,
ity of the views and the concepts from individual views; 2019; Aydin et al., 2020; Akmese et al., 2020; Stiel et al.,
(i) applicationof the proposed model to a multiview ab- 2020; Marcinkevics et al., 2021; Roig Aparicio et al., 2021,
dominal US dataset from a tertiary care hospital to predicKXia et al., 2022), relying only on tabular data. By contrast,
the diagnosis in pediatric patients with suspected appemeleger et al. (2013) leveraged natural language processing
dicitis; (iii ) empiricalcomparison to several statistical and to analyse electronic health record contents and assess the

black-box ML approaches. risk of acute appendicitis in ED patients. For adult popu-
lation, Hsieh et al. (2011) have applied logistic regression,
2. Related Work SVMs, random forests, and neural networks to demographic,

clinical, and laboratory variables. Utilising pretrained mod-
Concept-based Models Many recent works have re- els, Rajpurkar et al. (2020) developed a 3D CNN for classi-
explored concept-based prediction (Koh et al., 2020; Chefying patients on a small dataset of CT exams. To the best of
et al., 2020; Marcos et al., 2021; Losch et al., 2021), i.eour knowledge, direct processing of abdominal US images
prediction based on high-level semantic features that areemains an under-explored topic.
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3. Method Stepii: Feature Fusion To handle multiple views, we
. . . . need to fuse, i.e. aggregate, them within the model.
Throughout this paper, we will assume the following settindp1vcBM follows a hybrid fusion approach (Baltrusaitis

and notation. C\:/onsider being given a dataset comprising, al., 2019): rather than concatenating views at the input

N triples fxig,.; ;ci;yi ,forl i N, withview |evel or training an ensemble of view-speci c models; we

sequence‘sx}’g:,/‘:l , concept vectors; 2 RK provided at aggr_egate interme_diate_ view-speci c featurg'sfrom fche

training time, and labely; . Note that the number of views Prévious step within a single neural network (Equation 2b).
Vi 1may vary across data points i N. Inthis Although there are many viable fusion functions, in our con-
work, we concentrate on the scenario wherein all views ard€Xt the fusion must handle varying numbers of views per
given by images that can be preprocessed and rescaled inf§t@ Point. As a n&e approach, we clorgzld_er taking an arith-
the same dimensionality. Nevertheless, our approach can JBetic mean across the views = - ., h{ (Havaei

readily extended to multiple heterogeneous data types. et al., 2016). More generalli; = r fhngX;l , where

Without loss of generality, we focus on the data exhibitingh; denotes the fused feature vector and) is the fusion
characteristics described informally belogi) Partial ob-  function with parameters. Considering partial observabil-
servability not all concepts are identi able from all views ity of the concepts and ordering of the views, we, in addition,
(Figure 1). (ii) View homogeneity most views contain a investigate aggregation vial@arnablefunction. Similar to
considerable amount of shared information and are visualljva et al. (2019), who utilise this trick in multiview 3D shape
similar. (iii) Viewordering views belonging to the same recognition, we combine view-speci ¢ representations via
data point may be loosely ordered, e.g. spatially, temporallya long short-term memory (LSTM) network (Hochreiter &
or based on their importance for predicting the label. Thes&chmidhuber, 1997). In particular, we set the aggregated
properties are inspired by the multiview ultrasound datasetepresentatiom; to the last hidden state of the view se-
explored in our experiments (Section 5) and support somguence, i.e. at “time step;. Note that both averaging and

of the modelling choices described below. LSTM can handle varying numbers of views. Nevertheless,
there are other options for ( ), e.g. Hadamard product or
3.1. Multiview Concept Bottleneck Model weighted average, which we leave for the future work.

We now introduce an extension of the concept bottlenecke i _iy: Concept and Label Prediction The last two
models (Koh et al., 2020) to the multlwew s_ettlng_o_utlmed steps are similar to the vanilla concept bottleneck. First, we
above. Henceforth, we refer to this e?<ten5|0mlm|ﬂ|_y|ew predict concepté; based on the fused representation
conceptotileneckmodel(MVCBM). Figure 2 provides a | 5ing a concept encoder netwark( ) parameterised by
schematic summary of the MVCBM architecture discusseqgqation 2c). Note that the choice of activation functions
in detail below. Equation 2 contains equations for a forward,; e output o6 () depends on the type of concepts and
pass of the model. In brief, MVCBM consists of the fol- g, ,g he adapted to whether an individual concept is cate-
lowing modules(i) per-viewfeature extraction(ii) feature  gqrically or continuously valued. The vectris then used
fusion; (ii) concept prediction; and\) label prediction. as an input to the target model( ), predicting the label

¥ (Equation 2d). The output activation should be chosen

based on the downstream task: classi cation or regression.

Stepl: Feature Extraction Given an image sequence In this work, we focus exclusively on classi cation.

fx}’g?,/‘:l representing ordered views, we rst encode each
image into a lower-dimensional view-speci ¢ representation.-l-0 summarise, for data poidt i N, a forward pass

We use asha_redencodgr neural netV\_/or_k, d_enoted oy ( )’. of the multiview concept bottleneck model is given by the
across all views. Weight sharing is justi ed by the view following equations:

homogeneity assumption and could be helpful in smaller

datasets with high missingness of views. On the other hand, (i) Feature extraction:

if the dataset is relatively regular and the differences across Voh (xV):1 v Vi (2a)
views are considerable, especially in the multimodal setting, : v .

one could train a dedicated encoder for each view. In prac- (ii) Feature fusion:

tice, it may be prudent to use a pretrained model to initialise hi=r fhigl, ; (2b)
h (), e.g. the use of ResNet (He et al., 2016) and VGG o

(Simonyan & Zisserman, 2015) architectures pretrained on (iii) Concept prediction:

natural images is common in medical imaging applications &=s h;; (2c)

(Cheplygina, 2019). As a result of this step, we obtain a
sequence of view-speci ¢ features givenby = h (x}), .
forl v Viandl i N (Equation 2a). gi=f (&): (2d)

(iv) Label prediction:






