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ABSTRACT

Background and objective: Intracranial hemorrhage (ICH) is a life-threatening emergency that can lead
to brain damage or death, with high rates of mortality and morbidity. The fast and accurate detection
of ICH is important for the patient to get an early and efficient treatment. To improve this diagnostic
process, the application of Deep Learning (DL) models on head CT scans is an active area of research.
Although promising results have been obtained, many of the proposed models require slice-level annota-
tions by radiologists, which are costly and time-consuming. Methods: We formulate the ICH detection as
a problem of Multiple Instance Learning (MIL) that allows training with only scan-level annotations. We
develop a new probabilistic method based on Deep Gaussian Processes (DGP) that is able to train with
this MIL setting and accurately predict ICH at both slice- and scan-level. The proposed DGPMIL model
is able to capture complex feature relations by using multiple Gaussian Process (GP) layers, as we show
experimentally. Results: To highlight the advantages of DGPMIL in a general MIL setting, we first con-
duct several controlled experiments on the MNIST dataset. We show that multiple GP layers outperform
one-layer GP models, especially for complex feature distributions. For ICH detection experiments, we use
two public brain CT datasets (RSNA and CQ500). We first train a Convolutional Neural Network (CNN)
with an attention mechanism to extract the image features, which are fed into our DGPMIL model to
perform the final predictions. The results show that DGPMIL model outperforms VGPMIL as well as the
attention-based CNN for MIL and other state-of-the-art methods for this problem. The best performing
DGPMIL model reaches an AUC-ROC of 0.957 (resp. 0.909) and an AUC-PR of 0.961 (resp. 0.889) on the
RSNA (resp. CQ500) dataset. Conclusion: The competitive performance at slice- and scan-level shows that
DGPMIL model provides an accurate diagnosis on slices without the need for slice-level annotations by
radiologists during training. As MIL is a common problem setting, our model can be applied to a broader
range of other tasks, especially in medical image classification, where it can help the diagnostic process.

© 2022 The Author(s). Published by Elsevier B.V.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

caused by blood leaking inside the cranium, where the rapidly in-
creasing blood pressure of the brain leads to severe brain dam-

Intracranial hemorrhage is a severe life-threatening emergency age or death [1]. It is reported that around 40,000 to 67,000 sub-
with high rates of mortality and permanent disability. It is initially jects suffer from ICH per year in the United States [2] and 30%

of them eventually die [3]. To avoid death or remaining damages,
early treatment is crucial. The study shows that, without timely
brain surgery, nearly half of the deaths occur in the first 24 h
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and only 20% of the surviving patients have the chance to com-
pletely recover at the end [2], indicating the important role of a
fast and accurate ICH diagnosis in improving the survival rates and
chances of recovery. Computed Tomography (CT) is a widely used
non-invasive imaging technique for the ICH diagnosis, that is ac-
cessible and cheap for patients and at the same time, convenient
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and fast for radiologists. However, studies show that radiologists
may misdiagnose after long hours of CT scans readings [4,5]. As
Computer-aided diagnosis (CAD) methods can help to reduce the
workload of radiologists and provide an accurate diagnosis, they
are of high clinical importance.

With the rapid development of DL, several models have been
proposed to detect ICH. CNNs foster self-learning filters to focus
on regions of interest without the need for manual feature extrac-
tions. The simplest way is to apply DL models on a single slice di-
rectly and predict the ICH at slice-level. For instance, Phong et al.
[6] compared three types of traditional CNN models and found
that models with pre-trained weights on non-medical images im-
proved the ICH diagnosis. Cho et al. [7] developed a cascade DL
model based on CNNs and dual fully convolutional networks to
improve the sensitivity in identifying ICH. Although these models
achieved good classification performances, it is challenging to col-
lect a large number of slice annotations because manual labeling is
time-consuming and requires expert knowledge. The ground truth
at scan-level is, however, relatively easy to obtain, as it can be gen-
erated directly from the clinical radiologists’ report. Therefore, an
emerging approach using only scan-level labels consists of predict-
ing ICH on full 3D scans. For instance, Titano et al. [8] utilized
a 3D Resnet-50 CNN to predict ICH on brain scans and Jnawali
et al. [9] ensembled three different 3D CNNs to improve the detec-
tion rate of ICH. However, one major problem of 3D CNNs lies in
their highly expensive computation, leading to out-of-memory er-
rors during the training processes. In addition, 3D models are not
able to indicate the specific slice that contains the possible ICH in-
side a scan. This is however crucial to facilitate the ICH localiza-
tion.

Another approach that uses only scan-level labels is the MIL
paradigm. MIL is a weakly-supervised learning method that has
been proposed to solve the problems when only bag labels are
available [10]. It has been applied in many medical domains. Cam-
panella et al. [11] trained a MIL model to diagnose cancer in
histopathological images with slide labels by finding the highest
probability per bag and then applying a recurrent neural network
on the extracted features of each instance to predict the whole
slide. Recently, attention-based methods are gaining more and
more popularity in the field of medical imaging for the MIL setting.
Similarly to channel attention mechanisms that are weighting each
channel of a CNN layer with attention weights [12], the attention
weights in the case of MIL are assigned to the instances [13]. These
instance attention weights provide insight into the contribution
of each instance to the bag predictions. Several approaches have
extended this attention mechanism to different medical applica-
tions: Han et al. [14] proposed an attention-based deep 3D MIL
to diagnose COVID-19 from chest CT, where the attention mech-
anism is able to find key instances to interpret the specific in-
fection areas of COVID-19. Qi et al. [15] developed another deep
representation based MIL system to classify COVID-19 from normal
pneumonia, which was first pre-trained to generate each instance
feature and then generated predictions using the k-nearest neigh-
bors. Similarly, they found that the attention weights highlight in-
fected lesions, providing strong evidence for the diagnosis. Other
approaches for the MIL problem are based on Gaussian Processes
(GPs), which were first proposed as Variational Gaussian Processes
for MIL (VGPMIL) obtaining promising results in many different
scenarios. For instance, they performed well for the classification
of histological images of Barrett’s cancer [16]. In our previous work
[17], VGPMIL combined GPs with an attention-based CNN to ad-
dress ICH diagnosis in a MIL setting. We proved that GPs outper-
formed the attention mechanism of CNNs for the ICH problem and
set a new state-of-the-art for ICH diagnosis using only scan labels
for training. To the best of our knowledge, this was the first time
that GPs have been applied to the ICH diagnosis problem.
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Although Gaussian Processes have not been widely used for ICH
yet, they have achieved promising results on many other classifi-
cation tasks [18], such as non-parametric and probabilistic mod-
els, which are capable of dealing with uncertainty in modeling and
prediction [19]. Prior information can be included in the kernel
function acting as a regularizer. Thus, they are not prone to over-
fitting. The flexibility, expressiveness, and robustness to overfitting
of GPs make them suitable for a wide range of problems, espe-
cially, when only limited data is available. For this reason, they are
promising for medical applications. In spite of all the benefits pre-
viously mentioned, GPs suffer from an important drawback. Com-
monly, they are used with stationary kernels. These kernels work
well in many scenarios but they are not able to capture complex
patterns, e.g., a function that is flat in one region and varies rapidly
in another. Moreover, high parametrized kernels, which represent
richer functions using shallow GPs, are expensive to train so ap-
proximate methods may be at risk of overfitting [20]. To overcome
this limitation, DGPs have been introduced [21]. They are hierarchi-
cal extensions of GPs enabling to model more complex functions
while retaining all the benefits of shallow GPs. DGPs can learn a
representation hierarchy non-parametrically with very few hyper-
parameters [20]. DGPs have been used in medical imaging prob-
lems, such as histology, with sound results [22] against GPs and DL
methods. So far the existing DGP-approaches focused on fully su-
pervised training mostly for regression [20,21], classification [20-
22|, or special cases like multi-view representation learning [23], a
learning paradigm where multiple data sources with different data
formats are taken into account. To the best of our knowledge, there
is no existing DGP-model for the MIL setting with only bag labels
available.

This work aims to extend our previous conference paper [17],
which uses an attention-based MIL combined with GPs for ICH de-
tection. We overcome the limitation of the originally applied shal-
low GP, which is only capable of modeling functions with limited
complexity. Therefore, instead of using GPs, we propose a novel
MIL method based on DGPs called DGPMIL. The new DGPMIL is
more flexible than VGPMIL and improves the performance of the
classifier. In this work, we also use the attention-based CNN pro-
posed in [17] to extract the features, but this time, the hierarchical
structure of DGPs enables us to capture richer patterns. In addi-
tion, the inducing locations of DGPMIL are optimized per layer in
contrast to VGPMIL, the model used in [17], where they were fixed
after a k-means estimation. The main contributions are:

e We introduce DGPMIL, a novel probabilistic model based on
DGPs for MIL classification. To the best of our knowledge, DGPs
have never been proposed before for MIL in any domain. We
outline the detailed theoretical derivation and make the im-
plementation of the model publicly available at https://github.
com/wizmik12/DGPMIL. It is based on GPytorch, a framework
for GPs on top of Pytorch, and can leverage GPU computation
for fast inference.

We study the behavior of this new MIL approach in a controlled
experiment using the MNIST database. This experiment shows
how the greater expressiveness of deep GPs achieves better re-
sults than shallow GPs in MIL.

Finally, we apply the DGPMIL model combined with an at-
tention CNN to ICH detection with labels at the scan level.
These experiments demonstrate the suitability of this method
for medical imaging. We report competitive or superior results
to current state-of-the-art methods. Remarkably, the precision
obtained at detecting ICH is notably better than previous ap-
proaches for this problem.

The rest of the paper is organized as follows. Section 2 de-
scribes the proposed model. We explain the feature extraction
process using an attention-based CNN and also describe DGPMIL.
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Fig. 1. The proposed architecture for the ICH detection with scan labels. In phase 1 the feature extractor is trained using an attention module for bag level predictions
(Att-CNN). In phase 2 the weights of the feature extractor are frozen and DGPMIL is trained to predict slice and scan level labels. We depict only a two-layer DGPMIL here
although in the experiments we use a varying amount of layers to find the optimal configuration.

Section 3 validates the method. We first create a synthetic MIL
problem of digit classification to show the behavior of DGPMIL and
then we perform a comprehensive validation for ICH detection on
CT scans. Section 4 analyzes the main findings of the reported re-
sults and Section 5 concludes our work.

2. Methods
2.1. Problem formulation

Mathematically, we model the ICH detection as a MIL prob-
lem. We denote the set of all CT slices as X = {X1,X,..., Xy} and
the true (unobserved) slice labels as Y = {y1,¥2,...,yn} With y; €
{0, 1}, where the class label 1 is assigned when the slice or scan
is ICH positive and otherwise 0 if no ICH is present, and N is the
total number of slices in a given bag. Note that N can vary de-
pending on the bag. In the context of MIL, these slices are called
instances and a complete scan (consisting of multiple slices) bags.
The bags are non-overlapping, such that each index i of an in-
stance can be only assigned to one bag b. We denote the instances
of one bag as X;, = {x;|i € bag b} and corresponding instance labels
as Y, = {y;|i € bag b}. In the MIL assumption, the instance labels
remain unobserved and only the bag label T, is known. When a
CT scan is diagnosed as ICH positive, at least one slice must con-
tain the pattern of hemorrhage while a negative scan contains only
negative slices, in other words,

T, = max{y;|i € bag b}. (1)

2.2. Overview of the model

To solve the MIL problem just defined, our model is trained in
two phases, described in Fig. 1. First, we train a convolutional neu-
ral network (CNN) that serves as a feature extractor in combina-
tion with an attention mechanism (Phase 1). The purpose of this
phase is to build a feature extractor that is able to obtain expres-
sive features from the slices. Although this phase 1 model (Att-
CNN) is also able to predict ICH on CT scan level we disregard the
attention layer after the first phase because we can experimentally
prove that our DGPMIL model shows a stronger classification per-
formance using the obtained features (see 3.4). The second phase
consists of the classification using the extracted model features. In
[17], the second phase was performed using VGPMIL. Notice that
this shallow model could be too simple for the extracted features.

In this work, we propose for the first time Deep Gaussian Processes
for Multiple Instance Learning (DGPMIL). We describe the model-
ing and the inference with all derivations. The emphasis of this
work lies on the training of the DGPMIL model (in phase 2) that
provides the final slice and scan level predictions. We prove that
DGPs take advantage of the complex patterns of the extracted fea-
tures.

In the following subsections, we will briefly explain how the
feature extraction is performed in our experiments.

2.3. Feature extraction

This subsection provides a brief introduction to the attention
mechanism with CNNs to extract brain CT features at slice-level,
as shown in Fig. 1. Assume a CNN model F.,, is used to extract
high dimensional features &; for each instance x;, such that &; =
Fenn(x;),Vi=1,2,...,N. Note that the same network is applied to
each instance and the weights are shared. F.;; consists of six con-
volutional layers, each followed by a max pooling layer. The con-
volutional layers aim to extract discriminative features from each
instance and the max pooling layers are used to reduce the feature
dimensions. Moreover, a flatten layer and a fully connected layer
are followed by to control the size of feature vectors & € RM*1 fed
to the attention layer and the DGPMIL model in Phase 2.

An attention layer Ly is applied after Fenn to estimate an atten-
tion weight ¢;, corresponding to each unique feature vector &;. The
attention weights are used to calculate a weighted sum of feature
vectors for the final, bag-level classification. Let E, = {&;|i € bag b}
be the set of all feature vectors in a bag b and {«;|i € bag b} be the
attention weights for feature vectors =j, such that Ly is defined
as

L (Ep) = ) i (2)
ieb
where
4 exp{w' tanh(V§;)} (3)
e > exp{w’ tanh(VE;)}
jeb

w e RX1 and V e RPM are trainable parameters that accommodate
different instance numbers of a bag. The hyperparameter L is one
dimension of weight matrices w and V which defines the number
of trainable parameters of the attention mechanism (and is invari-
ant to the bag size). We set L = 50 following the existing literature
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[13]. M equals the dimension of the feature vectors, and we report
the experiments for M = 8, 32, and 128, see Section 3.4.1. The sum
of all ¢; in one bag is 1. The non-linearity tanh(-) aims to preserve
both positive and negative values during the gradient flow.

Next, the weighted sum of the feature vectors Ly (E,) is fed to
a classifier F¢, which is made up of a fully connected layer with a
sigmoid activation function, to predict the scan labels, such that

p(Tb|Xb) = Fc(Latt(Eb)) = FC(Latt (Fcnn (Xb))) (4)

The feature extractor Fcn, attention layers Ly and classifier F.
are trained end-to-end using the basic binary cross-entropy, CE,
until it converges. The loss £ is defined as:

L= CE(T, p(Ty|Xp))- (5)
b

This whole attention CNN process is denoted as Att-CNN. For more
details about the attention mechanism for MIL, we refer to [13].
Previous studies show that the labels at the instance level can be
inferred from the attention weights [13,24]. The closer to 1, the
more important role that specific instance contributes to the bag
prediction. Therefore, in terms of this study, if a scan is predicted
as normal, all slices will be considered normal. If a scan is pre-
dicted as the ICH, the slices with min-max normalized attention
weights above 0.5 will be predicted as the ICH. By doing this, we
are able to have weakly predicted labels at slice-level to facilitate
radiologists with their diagnosis and localization. In the next sec-
tion, we describe the DGPMIL model for the given problem. In
what follows, to be consistent with the GP literature, we replace
8p and &; by X, and x; as the extracted feature vectors serve as an
input for the final DGP classification.

2.4. Deep gaussian processes for multiple instance learning (DGPMIL)

Here, we introduce the novel DGP model to solve the MIL prob-
lem for binary classification. We outline the basic theory of GPs
and DGPS in the Appendix A and refer the reader to [19,21,25] for
further theoretical background. Note that in contrast to previous
DGP-based methods, our proposed model trains with only the bag
labels T, while the instance labels y, are unknown, as described
in Section 2.1. For the observation model, we follow the approach
used for Variational Gaussian Process Multiple Instance Learning [16].
There, the authors parametrize the bag label likelihood using

Gp
p(T|Ys) = HHT (6)

where G := T, max(y,) + (1 — T,) (1 — max(yp)). In this equation,
H is a positive constant. Notice that this likelihood is a noisy ver-
sion of the MIL assumption presented in Section 2.1 and it be-
comes exact when H approaches infinity. The constant H controls
the probability of the bag being positive considering that there is
at least one positive instance. Assuming independence across bags
produces the factorization

B Gy
p(TY) =[] 7
b=1

H+1’
where T refers to the variable which groups together all the bag
labels.

We predict the instance label y by modeling a latent function
F' using a DGP with L layers.

Combining the Deep Gaussian Process model and the bag ob-
servation model we obtain the full probabilistic model

p(Y. T, {F.U'}._ ) = p(Tly) - p(yIF")

L
[TpF U F-1 ZPput; 2, (8)
1=1
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where the dependency on the observed features X and the hyper-
parameters ® have been omitted for simplicity.

2.5. DGPMIL inference

In this subsection, we describe the inference for our DGP-
MIL model. Additional details are provided in Appendix B.
Our goal is to approximate the intractable posterior distri-
bution p(Y.{F.U'}} |T.®) with an approximate distribution
q(y, {F’,U’},L=1). Specifically, we perform doubly stochastic infer-
ence for DGPs [20]. We convert the inference problem into an op-
timization one by maximizing the Evidence Lower Bound (ELBO),
defined by

ELBO(q) = / a@y. {F.U}L)

p(Y? {Fl? UI}IL=‘] |T7 ®)
q(y. {F, U} )

x log dyd{F,uU}}_,. 9)

In this work, we use the mean-field approximation, i.e., q fac-
torizes across as follows:

q(Z, {Flv U 1L=1) =q(Y) x q({Fl};;l |{Ul}{_=1~ 0) x q({Ul}1L=1)s

(10)
with the following parametric form for each factor:
N N
aY) = [Taow) = [T a1 —an' ", (1)
n=1 n=1
a({F}H_, [{UL;. ©) = p({F}, [{U')L,. ©). (12)
L L
q{U) =] JaW) = [~7U'|m',S"). (13)

I=1 =1

The proposed posterior on the instance labels Y factorizes across
the instances and we denote by g, the probability of the nth in-
stance to belong to the positive class and by q;_,, all other instance
probabilities in the same bag. The prior conditional F|U does not
introduce any new variational parameter. The proposed posterior
distribution on U' factorizes across the layers and is given by a
Gaussian distribution. In summary, the variational parameters V to
be estimated are {gn}l_; and {m! S'}}_ .

Finally, we obtain V, ®, and {Z' ,L:l by maximizing the ELBO.
The ELBO can be written explicitly as

ELBO(V, ®, {Z-1}}_ ) =

Eqpart, 1ot acuit,)

|:log p({U}_Dp({F'}_ [{U"}_, )p(YIfL)p(TIY)}
q({U}L Dp({F'}E [{UE Da(Y)

= Eqvyp®|unqut) [108 P(Y|fL)] + Eqy)[log p(T|Y)]

— Eqyy[logq(Y)]

p({U'}E )
+Eqqui ) [log q({lﬂ}%j)}

Notice that the term Eqy,[log p(T|Y)] is not differentiable since
it involves the max function. This fact prevents us from optimiz-
ing the ELBO using gradient descent. To overcome this limitation,
we iteratively update first q(Y) and then the DGP parameters.
Since we are using the mean-field approximation, following the
approach of [16], we can compute the optimal distribution of q(Y)

(14)
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with the other distributions fixed [26]. The optimal update for q(y)
is given by (see Appendix B.1),

Qn < 0 (Bqep [ fi] +1ogH - 2T, + maxqy_y — 2T, maxqy_, — 1)).

(15)

Using the approximation E[max{y;}] ~ max{E[y;]} as in [16],
the ELBO can be approximated by (see Appendix B.2)

N
ELBO ~ ) " qnEq(st)[log P(yn = 11£7)]
n=1
+ (1= qn)Eq(g [log p(n = 01 )]

B
+logH )" (2T, max q, — maxqp)
b=1

N
— anloggn + (1 —gqy)log(1 — gn)
n=1
L
— Y KL(q(U")||p(U")) + const. (16)
I=1
Now, with g, fixed, we can optimize the ELBO in Eq. (16) to
obtain the optimal distribution for q({U’},L:1), the kernel hyperpa-
rameters ® and the inducing locations {Z’}IL:] by using gradient
descent (see Appendix B.3). Then, we can compute the variational
parameters qn, with the update in Eq. (15) where the other param-
eters are fixed. As we commented before, this optimization is per-
formed iteratively.

3. Experiments

This section provides an empirical validation of the proposed
DGPMIL model. We carry out two different experiments. First, we
create a synthetic toy example based on the popular MNIST dataset
to show the behavior of DGPMIL against VGPMIL [16] in a con-
trolled environment. Then, we use the features extracted by the
attention-based CNN presented in Section 2.3 with both VGPMIL
and DGPMIL for clinical ICH detection. We show the capacity of
DGPMIL against the previous VGPMIL [17] and other state-of-the
art methods in this problem.

3.1. Toy example: MNIST

To see the behavior of the novel DGPMIL, we analyze a syn-
thetic MIL problem using the MNIST dataset. MNIST has 60,000
training samples and 10,000 test samples and each instance is
composed of a 784-dimensional feature vector. We want to com-
pare a shallow GP model with deep GP models to evaluate their
capacity to handle high-dimensional, complex feature distributions.
Since it is a controlled experiment, we carry out a comprehen-
sive analysis to highlight its main properties. The availability of in-
stance labels allows us to assess the model at both instance and
bag levels.

In our MNIST synthetic problem, bags contain images of num-
bers between 0 and 9. The goal is to decide whether the bag con-
tains at least one image of a one and, if possible, to localize it
(them) in the bag. Each positive bag contains 1 to 10 positive (im-
ages of ones), and 10 to 30 negative (other numbers) instances.
Negative bags contain only negative, specifically 10 to 30 negative
instances. In total, we obtain 1416 negative and 1333 positive bags
for training. Figure 2 shows two examples of bags in the training
set. The 10,000 samples of the test set are distributed in 229 nega-
tive and 231 positive bags. We compare DGPMIL and VGPMIL mod-
els in our experiment. For the Deep Gaussian Process model, we
compare the performance with 2, 3, and 4 GP layers. The dimen-
sion of the latent space of the hidden layers is set to 7 for every
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Fig. 2. Examples of bags in the training set for the MNIST experiment.

Table 1

Results in the MNIST of Multiple Instance Methods based on Gaussian Processes us-
ing the first 30 principal components after using PCA. VGPMIL is the shallow Vari-
ational GP while DGPMIL is the deep version with 2, 3, and 4 GP layers. We assess
the classification performance both at the instance and bag levels.

Instance level Bag level
Accuracy Log Loss Accuracy Log Loss
VGPMIL 0.9767 0.6006 0.8496 0.4016
DGPMIL2 0.9896 0.2672 0.9586 0.2859
DGPMIL3 0.9913 0.2638 0.9760 0.2531
DGPMIL4 0.9909 0.2602 0.9760 0.2517
Table 2

Results in the MNIST of Multiple Instance Methods based on Gaussian Processes us-
ing the 784-dimensional feature vector. VGPMIL is the shallow Variational GP while
DGPMIL is the deep version with 2, 3, and 4 GP layers. We assess the classification
performance both at the instance and bag level.

Instance level Bag level

Accuracy Log Loss Accuracy Log Loss
VGPMIL 0.1135 0.6931 0.4978 0.6931
DGPMIL2 0.9857 0.2729 0.9304 0.3113
DGPMIL3 0.9930 0.2655 0.9717 0.2519
DGPMIL4 0.9932 0.2533 0.9652 0.2598

layer, 200 inducing points are used for each model per layer. We
compute the accuracy in the test set at both instance and bag level.
To assess the confidence of the methods, we also compute the log
loss over the test set.

3.1.1. Dimensionality reduction with PCA

Shallow methods are not good at dealing with high-
dimensional complex data. This is one of the main reasons for the
advent of hierarchical methods. For a fair comparison, we first re-
duce the dimensionality of data with Principal Component Analy-
sis (PCA) and keep the first 30 principal components for each digit
image. In the next experiment, we apply VGPMIL and DGPMIL to
the raw MNIST. By doing this, we can analyze and discern the rele-
vance of deep methods in both low and high-dimensional contexts.

Table 1 shows the comparison between VGPMIL and DGPMIL
for this experiment. VGPMIL achieves a good instance classification
with a value of 0.9767 in accuracy but lower for bag classification
with 0.8496. In contrast, DGPMIL shows a good performance for
both, instance and bag classification. For example, DGPMIL3 ob-
tains 0.9913 at the instance level and 0.9760 at the bag level. In
general, DGPMIL outperforms VGPMIL at the bag level. Regarding
the log loss, VGPMIL performs poorly at the instance level which
indicates that the high uncertainty lowers the overall bag classifi-
cation. Although we reduced the complexity of this problem by the
PCA preprocessing, we observe that the deeper GP models achieve
significantly better performance on the bag level.

3.1.2. Raw MNIST data

Table 2 shows the comparison between VGPMIL and DGPMIL on
the raw MNIST data. Due to the high-dimensionality of this dataset
and the simplicity of the classifier, VGPMIL performs poorly. This
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table shows that it predicts always the positive class at the in-
stance and bag level. That is the reason why it reaches a value
of 0.11 in accuracy for instance evaluation, while reaches a value
of 0.49 in accuracy for bag evaluation. In contrast, deep models
are able to process this high-dimensional data and provide accu-
rate predictions. We can see that the best instance classifier is the
deepest model DGPMIL4 with an accuracy of 0.9932 and log loss
of 0.2533, followed by DGPMIL3, which achieves the best result at
bag level with an 0.9717 accuracy and of 0.2519 log loss.

3.2. CT scan

So far, we have seen the behavior of DGPMIL in a controlled
experiment. It shows a satisfying performance against its shal-
low version, i.e.,, VGPMIL. Now, we study the performance of an
attention-based CNN combined with GP-based methods in a real-
world problem. We tackle the problem of detecting ICH on brain
CTs in a MIL setting. We analyze the advantages produced by us-
ing a DGP classifier on the top of the CNN instead of a shallow
GP, which was presented in [17]. We consider a full scan as a bag
and each slice in a scan as an instance. Generally, different scans
contain a different number of slices. So in this case, the number of
instances in bags varies.

3.2.1. Data preprocessing

The used dataset was published by the Radiological Society of
North America (RSNA)! in 2019. This study includes a total of
39750 slices acquired from 1150 patients, which are further split
into 1000 subjects for training and validation, and the rest 150
subjects for testing. Specifically, the training dataset includes 589
normal scans (i.e., negative cases) and 411 scans with ICH (i.e., pos-
itive cases) and the testing dataset includes 78 normal scans and
72 ICH scans. The number of slices in each scan ranges from 24
to 57 in size of 512 x 512. At slice-level, the training dataset in-
cludes 29,520 negative slices and 4976 positive slices and the test-
ing dataset includes 806 positive slices and 4448 negative slices.

The CQ500 dataset provided by various centers in New Delhi,
India [27] is used as an external test set in this study to show the
generalization of our proposed model trained on RSNA. It includes
the ground truth only at scan-level, including 285 normal scans
and 205 ICH scans. The number of slices in each scan varies from
16 to 128.

In both datasets, in order to mimic the way radiologists often
adjust different window centers (C) and widths (W) when diag-
nosing a brain scan, each slice is passed through three window
settings to enhance the different display of the brain [W:80, C:40],
blood [W:200, C:80] and soft tissue [W:380, C:40]. The windowing
images from each slice are stacked together as three image chan-
nels and the intensities are normalized to [0,1] before being fed
into the CNNs.

3.3. Implementation details

The model is first trained with an attention CNN with the
ground truth at scan-level where the estimated attention weights
will indicate the probability of that slice being positive. Then, the
features at slice level can be extracted from the fully connected
layers. Finally, these extracted features are fed into VGPMIL and
DGPMIL.

The attention CNN is trained from scratch (without pre-trained
weights) and the whole training procedure costs an average of
4.5 h. The number of training epochs is 100 and the batch size is

1 https://www.kaggle.com/c/rsna-intracranial-hemorrhage-detection/
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16 per step. The Adam optimizer [28] is used with an initial learn-
ing rate of 5x 10~%. The experiment is run five times indepen-
dently and both the training and testing processes are performed
on a single GPU (Nvidia GeForce RTX 2070 Super) using Tensorflow
2.0 and Python 3.7.

In this experiment, we compare the performance of GP-based
methods and deep neural networks. We use the shallow VGPMIL
and three different values of depth for DGPs: 2-layer (DGPMIL2),
3-layer (DGPMIL3) and 4-layer (DGPMIL4) models. The training of
DGP models is performed with Adam optimizer, 512 mini-batch
size and 30 epochs. Furthermore, the dimension of the latent space
has been set to 3 for hidden layers. After several tries, we see em-
pirically that a small latent space benefit and accelerate conver-
gence. The learning rate is set to 0.001. While for VGPMIL we use
the published implementation in NumPy of [16], DGPMIL is imple-
mented using GPyTorch 1.3.1, which is a software for GPs based on
PyTorch. The used version of PyTorch is 1.7.1.

3.4. Results

In this section, we report the results for ICH detection. First,
we study the impact of the hyperparameters to the model’s per-
formance. Then, we test the model in the RSNA and the external
CQ500 databases. Finally, we compare the performance of the DGP-
MIL to other state-of-the-art classifiers in ICH.

To measure the performance of the different variants of DGP-
MIL and compare to other state-of-the-art methods, we mainly use
three important metrics: F1 score, Area Under the Curve of the re-
ceiver operating characteristic (ROC-AUC) and the precision-recall
(PR-AUC) curve. The F1 score measures the performance based on
precision and recall and is a common machine learning metric that
is also suitable for class-imbalanced scenarios. The ROC plots the
true positive rate against the false positive rate for different con-
fidence thresholds of the model. Here, a good model can obtain a
high true positive rate while maintaining a low false positive rate.
The precision-recall curve plots precision against recall for differ-
ent confidence thresholds. All three metrics have a range between
0 and 1 and the higher the value, the better.

3.4.1. Ablation studies

This subsection studies the characteristics of the DGPMIL model
and its hyperparameters. We conducted an ablation study. Specif-
ically, we report the impact of the number of feature dimensions,
the number of DGPMIL layers, the number of inducing points, and
the dimensionality of the latent space on GPs’ performance.

We start by analyzing the effect of different feature space di-
mensions M of the vectors &; that enter the DGPMIL model and
the number of GP layers, i.e., the depth of the proposed model.
We compare the shallow VGPMIL to the DGPMIL models with 2,
3, and 4 layers for 8, 32, and 128-dimensional input features. We
measured the performance at the scan (bag) level. During these ex-
periments, we fixed the number of inducing points to 200 and the
latent space dimensions to 3. See below for an analysis of these
hyperparameters.

Figure 3 shows the results for the RSNA dataset, while Fig. 4
shows the results for the CQ500 dataset. Both figures report F1
score, AUC-ROC, and AUC-PR metrics. As we can observe in all fig-
ures, the shallow VGPMIL model could not achieve satisfying re-
sults for higher feature dimensions. We measured some signifi-
cant performance drops, e.g., the AUC-ROC for the CQ500 dataset
(Fig. 4b) drops by 5% for 32 feature dimensions and 10% for 128
feature dimensions. The DGPMIL models show more robust perfor-
mance in all three metrics, and even with 128-dimensional fea-
ture vectors, they achieve satisfying results. Within the different
DGPMIL models, higher feature dimensions seem to harm the DGP-
MIL2 model the most, as the performance drops are larger than for
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Fig. 4. CQ500 dataset: F1 score, AUC-ROC and AUC-PR for GP and DGP models using different input feature dimensions.

the DGPMIL3 and DGPMIL4 models for all AUC metrics (Figs. 3b,c,
4c,d). Regarding the F1 score, we can even see improved perfor-
mance when using more feature dimensions. The DGPMIL3 and
DGPMIL4 models both show a better F1 score when using 128 di-
mensions in comparison to 8 on both datasets (see Figs. 3a and 4a).
Overall we observed that DPGMIL can learn useful models from
feature vectors of higher dimensions while the shallow VGPMIL
can not. In Section 4, we further discuss this interesting relation-
ship between feature dimensions and GP layers.

In the final experiments, we stick to DGPMIL2 with 8 feature
dimensions because this setting still achieves the best results on
both datasets in terms of AUC-ROC and AUC-PR.

Next, we studied the effect of varying the number of inducing
points while leaving the feature dimensions fixed at 8 and latent
space dimensions at 3. As reported in Table C.1, we observed a
robust performance across different numbers of inducing points.
200 inducing points show the best F1 scores for both datasets
and the best AUC ROC for the RSNA dataset, we use this setting
for the following experiments. Further increasing the number of
inducing points did not provide any significant improvement and
led to higher computational costs. Similarly, we conducted exper-
iments to prove that the relatively small number of GP’s latent
space dimensions of D = 3 is enough. Table C.2 shows that the per-

formance of the model with 3 and 10 latent dimensions is compa-
rable, while 50 dimensions lead to a model that can not converge
anymore.

In summary, we observed that the DGPMIL model is not very
sensitive to the analyzed hyperparameters. In these experiments
we made an interesting observation: for higher-dimensional fea-
ture vectors, more GP layers should be used because the shallow
VGPMIL model is not able to obtain good results. This finding is
further discussed in Section 5. For the final results, we used 8 di-
mensional feature vectors, 200 inducing points, and 3 dimensions
in the GP latent space. For the number of GP layers, all model vari-
ants are included in the experiments under the names DGPMIL2,
DGPMIL3, and DGPMILA4.

3.4.2. Results for the RSNA dataset

Table 3 shows the results of testing with the RSNA dataset
for 8-dimensional features. For this test set, although models are
trained with only the scan labels, we have both slice and scan la-
bels to evaluate the model performance. We reported the perfor-
mances of the Attention-CNN model, VGPMIL, and DGPMIL with a
different number of layers. Mean-aggregation of the feature vectors
was previously analyzed for this problem [17] and can be consid-
ered a simple baseline with a bag-level ROC-AUC of 0.768. Regard-
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Mean results testing with the RSNA dataset for 8-dimensional features in five different runs at both slice
and scan level. VGPMIL is the shallow Variational GP while DGPMIL is the deep version with 2, 3, and 4 GP

layers. The CNN stands for the attention-based CNN.

Slice level metrics VGPMIL DGPMIL2 DGPMIL3 DGPMIL4 CNN
Accuracy 0.938+0.003 0.929+0.003 0.927+0.005 0.928+0.002 0.9234+0.005
F1 score 0.766+0.013 0.781+0.007 0.776+0.01 0.780+0.006 0.7734+0.008
Cohen’s kappa 0.731+0.015 0.739+0.009 0.732+0.013 0.737+0.007 0.7274+0.011
Scan level metrics VGPMIL DGPMIL2 DGPMIL3 DGPMIL4 CNN
Accuracy 0.780+0.089 0.825+0.006 0.805+0.014 0.809+0.018 0.781+0.023
F1 score 0.8144+0.059 0.839+0.006 0.824+0.013 0.827+0.012 0.811+0.017
Cohen’s kappa 0.567+0.172 0.654+0.011 0.614+0.029 0.622+0.035 0.569+0.045
AUC-ROC 0.964+0.006 0.957+0.011 0.9530+0.011 0.951+0.012 0.9514+0.011
AUC-PR 0.8464-0.043 0.961+0.011 0.956+0.016 0.955+0.014 0.841+0.013
F1 scores for RSNA dataset Loo AUC scores for RSNA dataset
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Fig. 5. RSNA dataset with 8-dimensional features: F1 score and AUC values with 0.95 confidence interval.

ing our analyzed models, the CNN model obtains the worst results
and coupling the feature vectors to GPs improves the performance
considerably. For most of the metrics at slice and scan levels, we
see that DGPMIL2 shows the best performance.

Figure 5 shows F1 score and AUC values with 0.95 confidence
interval. We can see that VGPMIL has a high variance for the F1
score and AUC-PR at the bag label while DGPMIL obtains good re-
sults with tight confidence intervals. This shows that DGPMIL is
more robust. Furthermore, the non-overlapping intervals of DGP-
MIL against its competitors at the AUC-PR show visually the sta-
tistically significant improvement of DGPMIL thanks to the better
precision.

Some examples of DGPMIL predictions for the RSNA dataset can
be found in Fig. 6. Furthermore, we include some misclassified
slices in Fig. 7. Figure 7a and b are false negatives with predic-
tion probabilities of 0.23 and 0.16. We found that they are both the
only positive slice in their own scans, so the model is more diffi-
cult to detect those small and mild types of hemorrhage. Figure 7¢
is a false positive slice predicted from an ICH scan with probabil-
ity of 0.60. It is adjacent to a positive slice, so it might be pre-
dicted as positive because some bleeding can still be found in this
slice. Figure 7d is a false positive slice predicted from a normal

scan with probability of 0.59. In this case, although the probability
is low and close to 0.5, a false positive slice will lead to an over-
all positive scan prediction. Therefore, in order to handle all these
challenges, for future work we propose to not treat the instances
independently but focus more on the correlations among the in-
stances, i.e., the sequence of the slices in a scan.

3.4.3. Results for the external database CQ500

Table 4 shows the results of our trained model (on RSNA) tested
with the CQ500 dataset for 8-dimensional features. For this test
set, we only have scan labels. DGPMIL2 outperforms all other mod-
els in all metrics. Especially in the Cohen’s Kappa value and AUC-
PR we can see huge improvements in comparison to the CNN and
VGPMIL model. Figure 8b shows F1 score and AUC values with
0.95 confidence interval. We can see that VGPMIL has a large vari-
ance both for the F1 score and AUC-PR metrics. Again, DGPMIL,
specially DGPMIL2 and DGPMIL3, obtains a tight confidence in-
terval even when generalizing to an external database. The non-
overlapping confidence intervals show the statistical superiority of
the proposed DGPMIL in AUC-PR.
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ICH scan (a Negative bag)

Neg slice: p =0.126 Neg slice p = 0.076

e
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Fig. 6. Examples of two bags with DGPMIL predictions at bag-level and at instance-level. Left: an ICH scan with a bag prediction of 0.834; Right: a normal scan with a bag
prediction of 0.217. Probability p > 0.5 denotes an ICH prediction is positive and p < 0.5 denotes a negative ICH prediction. The model is trained at bag-level but it is able to
provide individual instance label correctly as the p values indicate.

Fig. 7. Examples of False Negatives (FN) and False Positives (FP) with DGPMIL predictions at the instance level.(a,b) False Negatives; (c) a False Positive from a positive bag;
(d) a False Positive from a negative bag. Probability p > 0.5 denotes an ICH prediction is positive and p <0.5 denotes a negative ICH prediction.
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Fig. 8. CQ500 dataset with 8-dimensional features: F1 score and AUC values with 0.95 confidence interval.
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Mean results testing with the CQ500 dataset for 8-dimensional features in five different runs at scan level.
VGPMLL is the shallow Variational GP while DGPMIL is the deep version with 2, 3, and 4 GP layers. The

CNN stands for the attention-based CNN.

Scan level metrics VGPMIL DGPMIL2 DGPMIL3 DGPMIL4 CNN

Accuracy 0.639+0.106  0.717+0.035 0.713+£0.023  0.701+0.041 0.655+0.043

F1 score 0.6934+0.058  0.735+0.022  0.733+0.015  0.728+0.024  0.700+0.023

Cohen’s kappa 0.335+0.171  0.461+0.059  0.455+0.039  0.436+0.068  0.359+0.069

AUC-ROC 0.906+0.010  0.909+0.005 0.906:+0.005 0.904+0.015  0.906+0.010

AUC-PR 0.761+0.033  0.889+0.011  0.886+0.011 0.874+0.029  0.765+0.012
Table 5

Comparison of different approaches for binary ICH detection. Our results are reported as the mean

of 5 independent runs.

ICH detection at scan-level with different dataset

Source Dataset size Labeling type Method ROC AUC
Saab et al. [24] 4340 scans Scan MIL 0.91
Jnawali et al. [9] 40357 scans  Scan 3D CNNs 0.87
Titano et al. [8] 37236 scans Scan 3D CNNs 0.88
Sato et al. [30] 126 scans Scan 3D Autoencoder 0.87
Arbabshirani et al. [29] 45583 scans  Scan 3D CNNs 0.85
VGPMIL (Wu et al. [17]) 1150 scans Scan MIL 0.964
DGPMIL2 1150 scans Scan MIL 0.957
Evaluation on CQ500

Source Dataset size Labeling type =~ Method ROC AUC
Chilamkurthy et al. [27] Slice 2D CNNs 0.94
Nguyen et al. [32] 490 Slice 2D CNN + LSTM 0.96
Monteiro et al. [31] scans Scan voxel-based CNN  0.83
VGPMIL (Wu et al. [17]) Scan MIL 0.906
DGPMIL2 Scan MIL 0.909

3.4.4. State-of-the-art comparison

The performance of DGPMIL is compared with those state-of-
the-art studies, as shown in Table 5. It shows that our model out-
performs other models trained at scan-level with an AUC-ROC of
0.957, including basic MIL [24], 3D CNNs [8,9,29], and 3D autoen-
coder [30]. In addition, it is comparable to VGPMIL [17] with an
AUC-ROC of 0.964. Note, that in this case, different scan-level ap-
proaches for ICH detection are compared that are using different
datasets. Therefore we add a comparison of different models for
the CQ500 dataset, where all models are tested on the same set.
At the same time, this dataset serves as an external test set (as de-
scribed above) because the model is trained on the RSNA dataset.
DGPMIL achieves an AUC-ROC of 0.909, which performs better than
the methods that are trained at the same scan-level with an AUC-
ROC of 0.906 [17] and 0.83 [31]. Furthermore, the performance of
DGPMIL is comparable to those trained at slice-level [27,32], where
the AUC-ROC scores ranged from 0.94-0.96.

4. Discussion

In MIL problems, having a good instance classifier does not nec-
essarily lead to a good bag classification. For the MIL setting, one
misclassification of one instance leads to the wrong classification
of a full bag. For this reason, well-calibrated models are desirable
in MIL. The introduction of DGPMIL overcomes this problem and
reaches much better classification performance at the bag level.
Furthermore, it still retains a good instance performance, making
it suitable for classifying new unseen or unlabeled instances.

DGPMIL achieves State-of-the-art results and generalizes bet-
ter. Table 5 compares the ICH prediction results with other meth-
ods at scan-level. DGPMIL outperforms other methods based on
AUC-ROC score except for VGPMIL [17], but DGPMIL performs sig-
nificantly better than [17] in AUC-PR score and F1 score as pre-
viously discussed. Furthermore, we include an external database
(CQ500) to check the generalization capability of our proposed
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models. In this real-world scenario, we are more interested in
training a model on a dataset from a center and using it to predict
correctly on the dataset from another center. The external evalua-
tions on CQ500 dataset show that DGPMIL outperforms other mod-
els in Table 4, which proves the good generalization of our model.
We further compare the performance of DGPMIL on CQ500 with
those state-of-the-art studies in Table 5. It shows that DGPMIL out-
performs other methods train with the same labeling type on the
scan [17,31] and it is comparable to other studies that training with
precise slice labels [27,32]. It is remarkable that DGPMIL2 performs
well across all different feature spaces. In addition, by selecting the
number of layers, we can adjust the model to extract features with
different dimensions. Since DGPMIL achieves good predictions at
scan level, it is the most suitable for diagnosis on unseen scans
from different centers.

DGPMIL is able to achieve good results with complex high-
dimensional data. We have seen in the MNIST experiment
(Section 3.1) as well as in the ablation studies of the hemorrhage
classification problem (Section 3.4.1) that the DGPMIL model can
handle complex, high-dimensional feature distributions while the
shallow VGPMIL model shows significant performance drops. This
can be explained by the better ability to approximate complex
functions due to multiple stacked GP layers. It enables the model
to transform the feature distribution in the latent space, as de-
picted in the explanatory example of Fig. A.12, and leads to higher
expressiveness. This property makes the DGPMIL especially inter-
esting for other problems with a fixed, high number of feature di-
mensions where the DGPMIL model can be expected to outperform
shallow models like VGPMIL by even a larger margin than in our
final results with 8-dimensional features.

DGPMIL outperforms VGPMIL in a synthetic example. The
first experiment is compared DGPMIL and VGPMIL models on a
synthetic example using the MNIST dataset. Regarding the instance
classification, the overall performance of DGPMIL is only slightly
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better than VGPMIL when PCA is implemented. This indicates that
for a problem with low-dimensional extracted features, both shal-
low and deep models perform well when classifying instances.
However, this is not the case for bag classifications where DGP-
MIL outperforms VGPMIL and it corroborates the premise of a good
instance classification is not enough. The proposed DGPMIL over-
comes this limitation and is more suitable for MIL problems than
the previous VGPMIL. As shown in Table 2, without a previous fea-
ture extraction on MNIST dataset, VGPMIL is not able to learn a
good model.

Coupling an attention-based CNN with GPs produces better
results. Although CNNs are widely applied in different areas of
medical images, using only a standard CNN in MIL problems is
not good enough because many details in bags are hidden. For the
ICH detection task, we show that the CNN predictions can be sub-
stantially improved by further utilizing the extracted features with
GP models (i.e., both VGPMIL and DGPMIL), leading to better in-
stance and bag classification results. As shown in Fig. 6, with the
features extracted by an attention-based CNN, DGPMIL is able to
train images at scan-level and accurately predict images at slice-
level. This fact encourages the use of GP models for ICH detection
without radiologists’ manual annotations on each slice. Since prob-
abilistic models quantify better the uncertainty and are therefore
even more adequate for this medical diagnosis scenario than de-
terministic model such as standard CNNs.

DGPMIL retains a good precision. The F1 score achieved by
DGPMIL is better than that obtained by the CNN and VGPMIL. Con-
sidering the AUC of the ROC and PR curves, we observe that al-
though VGPMIL and the CNN show good AUC-ROC results, their
AUC-PR results are worse, meaning that the precision scores of
these models are poor compared with DGPMIL. In other words,
both VGPMIL and the CNN produce many false positives, which
overload the doctors with a lot of false ICH detections. DGPMIL
is capable of detecting suspicious cases with a high precision, as
shown in Table 3, that the AUC-PR of DGPMIL2 for RSNA dataset
reaches that of 0.961.

DGPMIL performs much better at the bag level. This fact has
been already reflected in the synthetic example of MNIST and has
been further confirmed on a real-world CT scan experiment. Al-
though sometimes VGPMIL achieves a good classification on CT
slices, DGPMIL outperforms VGPMIL at scan level. In terms of MIL
problem, misclassifying only one instance in a negative bag will
ruin the classification of the full bag. This is the reason why both
VGPMIL and the CNN misclassify many negative bags with false
positives because they cannot handle the uncertainty quantifica-
tion while DGPMIL achieves the best precision and as a conse-
quence reaches a better diagnosis at the bag level.

Advantages and drawbacks of DGPMIL: Our approach is an at-
tractive alternative to attention CNNs for MIL that achieves good
performance by integrating a probabilistic model, Gaussian Pro-
cesses. In addition, compared to other weakly supervised learn-
ing methods [8,9], DGPMIL is easy to train as it does not have
many hyperparameters or model parameters and can be used even
with limited computing power. This work exploits its formulation
to achieve a satisfying performance compared to previous meth-
ods for ICH detection, as shown in Table 5, at both scan-level
and slice-level. Furthermore, the AUC-PR results are remarkable in
comparison to other models in Tables 3 and 4. This metric indi-
cates that it is not prone to have many false positives, which is
important for medical applications to not distract from the really
severe cases. Furthermore, it is robust to overfitting and general-
izes better than other methods on external testing dataset [17,31].
However, as DGPMIL can not deal with images directly, it relies
on a first step based on a CNN for feature extraction. Although
this adds on extra training and parameter tuning procedures, it
shows that our method can generalize well to other MIL problems

1

Computer Methods and Programs in Biomedicine 219 (2022) 106783

[33] by just exchanging the feature extractors. Future work will fo-
cus on building an end-to-end training CNNs and GPMIL model.
Another drawback of DGPMIL is that it does not take the order of
the instances into account. Instances are trained independently in
a bag, but the correlations existing in nearby instances may boost
the performance of the model. Future work will try to implement
some sequential models [32] into DGPMIL to extract the features
among the order of instances.

5. Conclusions

In this work, we propose a novel model, DGPMIL, for MIL clas-
sification based on DGPs. DGPs are a hierarchical extension of the
widely used GPs. Furthermore, we use DGPMIL for ICH detection
on CT scans combined with the features extracted by an attention-
based CNN using only scan labels. To the best of our knowledge,
this is the first time DGPs have been proposed for the MIL prob-
lem and specifically for ICH detection.

The experiments show that DGPMIL can obtain good results
with high-dimensional data by extracting more complex patterns
in contrast to the shallow VGPMIL. For instance, DGPMIL outper-
forms VGPMIL in a synthetic MIL problem of classifying digits us-
ing the MNIST database. When using data with dimensionality re-
duction, VGPMIL performs slightly worse at the instance level com-
pared to deep versions. However, when raw MNIST is used, VGP-
MIL can not learn a good model. Furthermore, DGPMIL performs
notably better at the bag level, which is the final objective of the
MIL problem.

We empirically validate the model in a real-world application.
We detect ICH on CT scans using only scan labels. The experiment
results demonstrate that combining a CNN with a GP leads to an
improvement in the results. DGPMIL achieves the best performance
compared to VGPMIL, the attention CNN and other state-of-the-art
methods. Furthermore, it achieves a great precision value in con-
trast to VGPMIL and the attention CNN.

Additionally, we use a different database for assessing the gen-
eralization capability of the methods. This evaluation proves that
DGPMIL generalizes better when predicting at scan level. All of
these facts make DGPMIL with an attention-based CNN suitable
for ICH diagnosis. Also, it can potentially be applied to many other
medical-imaging problems.
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Appendix A. Revisiting Gaussian processes

This appendix provides a brief introduction to GPs for binary
classification. Let us assume a dataset D = {(X, y,,)}lr\’,=1 composed
of N instances with y, € {0, 1}.
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Fig. A1. Example of different sampled functions from a 1-dimensional GP with an SE kernel. Y-axis represents the value of the sampled function and X-axis the input feature
of the GP. We use different values of the lengthscale hyperparameter to show how it affects the resulting functions. Shorter values of the lengthscale I produce wriggly curves

while larger values produce flat functions.

A Gaussian process prior assumes a multivariate normal distri-
bution in the latent variable f= (f7,..., fy)T given X. This prior
distribution is defined by a mean function @ (x) and a kernel (co-
variance function) k(x,x’). The mean function is usually set to 0,
without losing generality. The kernel encodes the prior belief about
the data. In this paper we use the Squared Exponential (SE) kernel.
It is a common choice in Gaussian Processes due to its flexibil-
ity and expressiveness. Also, it encodes smoothness in the latent
function, which is a desirable property in many differentzscenarios.
,Hx,,x,
-
the parameters C and [ are estimated through the learning task.
Figure A.9 shows samples of a GP prior with a SE kernel with dif-
ferent values of I. We can see that the level of smoothness relies on
the value of I. Large values of | produce flat functions while small
values produce less smooth functions. It is worthy noticing that
these functions do not have varying levels of smoothness across
the data points. This is one of the motivation to use DGPs, e.g.,
functions with flat areas and abrupt jumps.

Once we have modelled the latent function f using a GP
prior, we have to define the observation model. Our likelihood
for binary classification is the Bernoulli distribution, i.e., p(y;|f;) =

The SE kernel is defined as kg (x;, X;) = Cexp( ) where

12

Ber(y;; o (f;)). Here, o is the sigmoid and f; = f(x;) refers to the
value of the latent variable f at the point x;. The joint density of y
and f becomes,

N
p(y.f) = [[pGalfa) LR (A1)

i,_/GP prior
likelihood
where we assume independence across the instance labels given
the latent variables. The goal becomes the estimation of the model
parameters, in this case C and [, and the calculation of p(fly).

One main drawback of Gaussian Processes is their scalability.
They have computational cost O(N3) because their use involves
the inversion of an N x N matrix. To overcome this limitation,
sparse GPs have been proposed [34]. The idea behind them is
to define M < N inducing points u,, which are GP realizations at
inducing locations z;,. We can see this as f(z) = u. The induc-
ing points encode the information of the observations in a few
points. Their locations {zm}lr‘g’:] are estimated while learning. This
approach lightens the computational cost to O(nM?). However,
the posterior distribution is intractable and approximate inference
must be used. The Scalable Variational Gaussian Process (SVGP) in-
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Fig. A2. Example of a Sparse Gaussian Process on a 1-dimensional regression problem. We draw the latent function that generates the noisy observed data, the mean of the
estimated GP, the uncertainty and also the estimated inducing locations. The GP has more uncertainty where there are less inducing points.
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(a) (b)

Fig. A3. 1-dimensional binary classification problem with the input dimension on the x-axis and output dimension on the y-axis. The blue points represent the noisy
observed data. In (a) we draw the distribution of the latent function p(f,): the gray line is the mean and the gray shadow the 0.95 confidence interval on the predictions.
The classifier has more uncertainty in the region where there are no observations. In (b) we squash the latent function to the [0,1] interval, the black line is p(y, = 1).
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Fig. A4. Samples at every layer of a three-layer DGP trained on a binary toy example. The first two layers are latent spaces where the features are projected onto. The third
layer is the output for the final classification. The y-axis represents the values of the latent function before it goes through the sigmoid function. Positive values will be
classified as in the positive class and negative values as in the negative one.

13



M. Lopez-Pérez, A. Schmidt, Y. Wu et al.

ference is the state of the art for sparse GPs [18]. Furthermore, it
allows to train in mini-batches. The joint density in this case is
given by

N
p(y.f.u) = [ [ pWalfo) p(flu; Z)p(u; 2), (A2)
n=1 N e’

‘—— ———  sparse GP prior

likelihood
the semicolon notation indicates which are the inputs of each
function. The goal here is to calculate p(u, fly) and estimate the
model parameters.

Figure A.10 shows a Sparse Gaussian Process for a 1-
dimensional regression problem. We see that the GP mean ap-
proaches the latent function that generates the noisy observed
data. The latent function is inside the confidence interval, and the
uncertainty is larger in areas with less inducing points. Also notice,
that the optimal location for the inducing points is where the func-
tion has more variations. Figure A.11 shows a GP for binary classi-
fication in a 1-dimensional toy problem. In (a), we draw samples
for the posterior distribution of p(f|ly). We can notice that all the
samples have the same level of smoothness. Then, in (b) we show
the probabilities estimated for the positive class after the sigmoid
function.

Al. Revisiting deep gaussian processes

A DGP is a hierarchical model which consists of several stacked
SVGPs, i.e., the output of a SVGP is the input for the next SVGP
[21]. We define {F'}}_, latent variables where each F' follows a GP
prior with input locations given by F'=1. We consider F® = X. We
denote fr’]‘ 4 s the latent variable value for the nth instance in the

dimension d (being 1 <d < D') for the layer I. Notice that in this
problem D* = 1. The vector f. contains all the dimensions for the
nth instance in the Ith later. The likelihood of the unobserved in-
stance labels is defined by a Bernoulli distribution,

POl = (F(1—o(fH) 7", (A3)

Assuming independence across the instance labels given the latent
variables, we obtain,

N
p(YIf) = [ [ pGnlf)-

n=1

(A4)

Because of the computational cost, we have to introduce again
the so called sparsity. We have M!~! inducing locations Z'-! at
each layer | with inducing values U! for each dimension. So we
can write the joint density function,

N
p(Y. {F.UY) =[] palf})
n=1
likelihood

L
x [[p(FIULF 27 HpUh Z ).
=1

(A5)

DGP prior

The Doubly Stochastic Variational Inference is the state of the
art for DGPs [20]. Furthermore, it allows to perform approximate
inference and to train in mini-batches.

Figure A.12 shows samples of the DGP latent function. We show
samples from the first and second layer, which are the middle la-
tent representation features before the final classification is done.
Then, the third (final) layer is the one that makes the final clas-
sification. We can see that the first layer produces smooth func-
tions similar to the ones of the shallow GP. When we apply a GP
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to these features we can obtain more complex patterns as shown
in the second layer. The flat regions are smooth while the jumps in
the decision boundaries are abrupter. Although it is a very simple
problem, we actually can see the greater expressiveness of DGPs
against shallow GPs. This fact encourages their use for complex
tasks, as it is in the ICH detection problem.

Appendix B. Detailed DGPMIL inference

This appendix contains all the details for inference in DGPMIL.
We follow the doubly stochastic inference to estimate the varia-
tional parameters corresponding to the DGP [20]. Together with
Y, = {y;li € bag b}, as defined in Section 2.1, we introduce Y,_, =
{yily; € bag b and i # n}.

B1. Update of q(y)

The optimal q(y,) distribution fixing the other distributions is
given by
log q(Vn) = Eqy, ,)[10g D(Ty|¥5)] + Eqg1 [l0g p(yal f5)] + const

=logH - Eq, ,)[Gy] + Eq(s1) [log p(yal f1) ] + const.
(B.1)
Now we rewrite the max function as
maxY, =Yn + maxY,_, —ynmaxYp_,, (B.2)

and substituting in Eq. (B.1) (using also the Jakkola bound [26])
arises

lqu(yn) = ynEq(fnL) [frlf]
+Vn IOgH(ZTb — ZTqu(Yb,n) [maX{Yb,n}]

+ Eqqy, ) [max{Y,_,}] — 1) + const. (B.3)
We use the following approximation as in [16],
E[max{y;}] ~ max{E[y;]}, (B.4)

to finally obtain the optimal update for q(y),

Qn < 0 (Eqe [ fi] +10gH - 2T, + maxqy_y — 2T, maxq,_, — 1)).
(B5)

B2. ELBO derivation

Using Eq. (B.4), the ELBO(V,®,{Z"-1}} ) is finally approxi-
mated by

N
ELBO = Y " Eq,)qm [l08palf) ] +

n=1

B HC»
> Equn| log Hr1

b=1 neb

N L u!
- ;Eq(m[longn)] - ;Eq(ul) |:10g lc)lgul;i|

N
~ Y By [logpn = 111 ]
n=1

+(1- Qn)Eq(f,L[)[Ing(.Vn

olfH)]

B
+logH ) " (2T, maxq, — maxq)

b=1
N L
= anloggn + (1 - gn) log(1 —gx) — Y _KL(q(U)||p(U"))
n=1 =1
+ const. (B.6)
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B3. Deep Gaussian process estimation
. . I L
We can compute analytically the posterior for {F};_, by

marginalizing the inducing variables from each layer:

L L
a(F}E, =[JaF|m s B~ Z-) =[N (F |, £),
=1 =1

(B.7)

N <l
where [fi'], = Ml zi-1 (f-1) and [Z lij = Zg 211 (fﬁ‘l,fg‘l). The

explicit expression for the mean vector ;1' and the covariance ma-
trix ! can be found in [20, Eqs. (7-8)]. We are able to compute
the ith marginal at each layer because it only depends on the cor-
responding ith input of the previous layer. This allows to sample
from the last layer flL by recursively sampling from all the previous

layers f,.l — f,.z - f,.L. This can be easily performed by means

of univariate Gaussians. We first sample a e,! ~N(0,1) and then
forl=1,...,L:

B = o B el ©8)

Since we can sample from the posterior distribution in the
last layer, the expectation Eq(fk)[logp(ynlf,ﬁ)] in the ELBO (see
Eq. (B.6)) can be approximated with a Monte Carlo sample gen-
erated with Eq. (B.8). Similarly, we can compute the expectation
Eq(f#)[fﬁ] in the update of the q(Y), see Eq. (B.5). For scalability,
we can use mini-batches in the optimization since the ELBO fac-
torizes across data points.

Once the model is trained and the ELBO optimized, we can
make a prediction for new test point X,. For this, we sample S
times from the posterior using Eq. (B.8). In this case, we use the
test location as initial input. This yields a set {f.~1(s)}2_; with S
samples. Then, the density over f is given by the Gaussian mix-
ture (recall that all the terms in Eq. (B.7) are Gaussian):

S
a0 = £ Y a(fHimt sk 6). 2. (B9)
s=1

Appendix C. Additional results

Here, we report additional tables with results. These tables are
commented in the main text but we included them here for better
readability.

Table C.1

Mean results for 5 different runs of DGPMIL2 with 8-dimensional input features.
The results are for both RSNA and CQ500 datasets. We study the metrics for a vary-
ing number of inducing points M.

M F1 score AUC-ROC AUC-PR
RSNA 10 0.829+0.018 0.953+0.012 0.954+0.014
50 0.834+0.016 0.954+0.01 0.96+0.008
200 0.839+0.006 0.957+0.011 0.961+0.011
500 0.835+0.006 0.956+0.012 0.962:+0.009
CQ 500 10 0.714+0.02 0.899+0.01 0.853+0.026
50 0.734+0.024 0.911+£0.012 0.887+0.024
200 0.735+0.022 0.909+0.005 0.889+0.011
500 0.731+0.026 0.913+0.01 0.893+0.009
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Table C.2

Mean results for 5 different runs of DGPMIL2 with 8-dimensional input features.
The results are for both RSNA and CQ500 datasets. We study the metrics for a vary-
ing number of dimensions D in the latent space.

D F1 score AUC-ROC AUC-PR

RSNA 3 0.839+0.006 0.957+0.011 0.961+0.011
10 0.837+0.008 0.957+0.09 0.964+0.006
50 0 0.5+0 0.48+0

CQ 500 3 0.735+0.022 0.909+0.005 0.889+0.011
10 0.733+0.022 0.914+0.013 0.902+0.0279
50 0 0.5+0 0.418+0
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