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Abstract. We address the task of detecting cancer in histological slide
images based on training with weak, slide- and patch-level annotations,
which are considerably easier to obtain than pixel-level annotations. we
use CNN based patch-level descriptors and formulate the image classifi-
cation task as a generalized multiple instance learning (MIL) problem.
The generalization consists of requiring a certain number of positive in-
stances in positive bags, instead of just one as in standard MIL. The
descriptors are learned on a small number of patch-level annotations,
while the MIL layer uses only image-level patches for training.
We evaluate multiple generalized MIL methods on the H&E stained im-
ages of lymphatic nodes from the CAMELYON dataset and show that
generalized MIL methods improve the classification results and outper-
form no-MIL methods in terms of slide-level AUC. Best classification
results were achieved by the MI-SVM(k) classifier in combination with
simple spatial Gaussian aggregation, achieving AUC 0.962.
However, MIL did not outperform methods trained on pixel-level seg-
mentations.
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1 Introduction

Training state-of-the-art deep-learning methods in computer-aided diagnosis (CAD)
often requires a large image database with pixel-level annotations [9]. When pro-
vided with such data, deep-learning computer-aided diagnosis (CAD) methods
are the state-of-the-art and can reach or surpass human expert performance.
However, obtaining such precise manual annotations is tedious and expensivein
terms of time and resources. Therefore, there is a lot of interest in methods ca-
pable of learning from weak annotations, such as image or patient level labels.
This data, e.g. whether a patient is healthy or not, can be often extracted from
the hospital information system automatically, with no or very little additional
cost.
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One popular class of weakly-supervised learning methods is Multiple-Instance
Learning (MIL), which considers image as a collection (bag) of instances (pixels
or pixel regions) and requires only image-level labels for training [7]. In standard
MIL, a bag is positive iff at least one of its instances is positive.

The task of the CAMELYON challenge [9] is to detect metastases in stained
breast lymph node images (see examples in Fig. 1 and 2). Each image is to
be assigned a score between 0.0 and 1.0 measuring the likelihood of contain-
ing a tumor. The best-ranked submissions use a two-stage approach [2]. First
a convolutional neural network (CNN) is learned in a fully-supervised manner
to classify rectangular patches, yielding a tumor probability map. The second,
aggregation stage, classifies the whole image based on geometrical properties of
detected regions in the prediction map [2].

In this work, we use a CNN only to extract patch descriptors, which are then
considered as instances for the MIL approach to classify images. The fact that
an image (bag) is positive (contains cancer) iff any of its patches (instances) is
positive corresponds exactly to the MIL formulation. However, due to the high
number of patches and imperfections of the patch (instance) classifier, applying
the standard MIL methods is very sensitive to false positive detections. We
alleviate this problem by applying the generalized MIL [6] method, increasing
the number of required positive instances for positive bags. This correspond to
common histopathological guidelines, where the size of the lesion is one of the
important factors of the classification.

Existing methods combining MIL and CNN are mainly based on region pro-
posals, like R-CNN [11, 5]. However, because of high memory consumption, they
have only been applied to much smaller images than ours [12, 4].

2 Method

Let us describe the basic sequential blocks of the proposed method — patch
descriptor calculation (Section 2.2), generalized MIL learning from image-level
annotations (Section 2.3), and spatial aggregation (Section 2.4). We also describe
alternative techniques, used as a baseline.

2.1 Patch extraction

We operate on 256×256 pixel square image patches extracted from the whole
slide image (WSI) at the 20× magnification level. We use a random forest clas-
sifier on color channels of the down-sampled images to distinguish tissue and
background. A patch is used only if it contains at least 80% of tissue. The patch
label yi is set to tumor (yi = 1) if at least 60% of its area is tumor tissue and
to normal (yi = −1) if at most 10% of the tissue are from tumor class. The
remaining patches are omitted during training.
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Fig. 1. (a) Example whole-slide image (WSI) from the CAMELYON’16 dataset. Tumor
annotation boundaries are shown in magenta. (b) Another WSI with superimposed
tissue patch boundaries — green for healthy, red for tumor — based on human expert
annotations. Indeterminate (mostly boundary) yellow patches will not be used. Non-
tissue patches (not-shown) were determined automatically.

2.2 Patch descriptors

The goal of this step is to provide a low dimensional descriptor for each patch.
The descriptor is learnt from a limited amount of patch-level labels, which we
obtain by aggregating the pixel-level segmentations provided by the CAME-
LYON’16 dataset. It would also be possible to ask the expert to annotate the
patches directly, which would be much easier than to create full pixel-level an-
notations. The hope is that even when trained on limited data, the descriptor
gives us a useful embedding for the MIL block. Note that the pixel level segmen-
tations are not used directly at all and this is the only place where patch-level
segmentations are needed.

We use a VGG’16 deep network, variant D, with 16 weight layers and the
binary cross-entropy loss function [13]. We apply implicit color-normalization
by adding a color-normalization layer [10]. We used the following augmentation
techniques — random crop to the input size of 224 × 224, 90◦, 180◦ and 270◦

rotations as well as random up-down and left-right flips. The accuracy of the
predicted patch labels is shown as ‘CNN’ in Table 1.

We then insert another fully-connected (FC) layer before the output layer,
which reduces the dimensionality at the input of the last layer from 4096 to some
much smaller D (D = 32 was used in the experiments). This augmented CNN
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is retrained and the output of the added intermediary layer is used as a patch
descriptor fCNN.

As an alternative to the CNN last layer, we have also trained a gradient
boosting XGBoost classifier [3] (shown as ‘CNN + XGBoost’ in Table 1) to
predict patch labels from patch descriptors fCNN.

2.3 Generalized MIL

The next block takes the fCNN patch descriptors and produces both patch and
image level labels. We have taken two most promising generalized MIL methods
based on earlier experiments [6]. Both methods evaluate a scalar patch scoring
function φ(fCNN), which is thresholded to obtain the patch labels ŷi. We intro-
duce a parameter k, the minimum number of patches assumed to be positive in
a positive image, with k = 1 corresponding to the standard MIL formulation [1].

The first method, MI-SVM(k) [6], is an extension of the MI-SVM classifier [1].
It acts iteratively and repeatedly trains an SVM classifier that calculates φ using
all instances from negative bags and selected instances (the witnesses) from
positive bags. After each iteration, the set of witnesses is recalculated by taking
the top k positive instances from each positive bag. The iteration ends when the
set of witnesses does not change.

The second method, MIL-ARF(k) [6], is an extension of MIL-ARF [8]. It im-
plements φ using a random forest classifier and applies deterministic annealing.
In each iteration, the instances are first classified using the current instance-level
classifier. Then the instance labels are modified to enforce at least k positive in-
stances in each positive image and no positive instances in any negative image.
The patch labels are randomly perturbed, with probability decreasing as a func-
tion of the iteration number. The random forest is incrementally relearned from
the updated labels and the process is repeated until convergence.

Finally, image labels are obtained by thresholding the number of positive
patches with k. The results of this method are shown in the ‘MIL’ column in
Table 1.

2.4 Spatial aggregation

The patch-level output from all previously described methods is fed into an
aggregator to obtain an image-level prediction. In the simplest but surprisingly
efficient case (denoted ‘Gaussian’ in Table 1), we project patch prediction to
pixels to obtain a pixel-level tumor probability map T , apply Gaussian smoothing
to obtain Tσ(x) = Gσ ∗ T with σ = 2

√
2, take a maximum

mσ = max
x

Tσ(x) (1)

and threshold, mσ > τ , where τ is the threshold parameter, which can be user-
specified or learned from data by cross-validation.

A more sophisticated procedure [2] consists of combining the maximal Gaus-
sian response mσ for σ ∈

√
2[1, 2, 4] with properties of the largest 2-connected
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Fig. 2. Example image from the CAMELYON dataset and tumor prediction maps
computed by the CNN, the MI-SVM(k = 1), MI-SVM(k = 10) and MIL-ARF(k = 5).
The output is scaled between 0.0 and 1.0 (tumor tissue) with the indicated color map.
Ground truth annotations are shown as green overlay over the original image.

component for each binary image Tσ > t for thresholds t ∈ {0.5, 0.8}. The prop-
erties are area, extent, solidity and eccentricity, as well as the mean of Tσ within
the area. A random-forest classifier is trained on the resulting 30 dimensional
descriptors. This is denoted as ‘RF’ in Table 1.

Figure 2 shows the tumor prediction maps (patch-scores) computed by the
VGG net (CNN) and the various MIL methods. We see that MI-SVM with
k = 10 is closest to the ground truth annotation.

3 Experiments and Results

Experiments were performed on all available training (159 healthy, 110 tumor),
respective testing (49 healthy, 78 tumor) whole-slide images as provided within
the CAMELYON’16 challenge. In all cases, parameters were found using cross-
validation, taking out 20 % of the training dataset for validation.

We trained the VGG16 network with descriptor dimensionality D = 32. We
use k = 1, 5, 10, 15 for MI-SVM(k) and k = 1, 5, 10 (required number of positive
instances) for the MIL-ARF(k).

The first experiment evaluates the effect of initialization on the two MIL
methods. We have taken a fraction (l ∈ {0, 0.25, 0.5, 1.0}) of the patch labels
in the training set and used them to initialize the generalized MIL classifiers in
their first iterations, initializing the remaining patch labels by the bag labels. We
can see in Fig. 3 that unlike MI-SVM, MIL-ARF is very sensitive to this type of
initialization and that generalized MI-SVM(k) with k > 1 provide robust results
even when all instance labels are initialized with bag labels.
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Fig. 3. Bag classification score as a function of the fraction of revealed training la-
bels during initialization. Each line represents the mean ROC-AUC score of the MIL
classifier with whiskers denoting ±SD.

The experiment also evaluates the effect of the parameter k (Figure 3). For
MI-SVM(k), the parameter k affects the overall performance significantly. The
performance improves with higher values with an optimum around k = 10 on
our data.

The main results are summarized in Table 1, while the ROC curves are shown
in Figure 4. The pure CNN approach yielded the best patch-level AUC score of
0.973, which resulted in an image-level AUC of 0.941 after the aggregation phase.
Plugging-in the supervised XGBoost classifier yielded almost the same results.
Also the MIL-ARF(k) for both k = 1 and 5 reached similar patch-level AUC.

In terms of image level accuracy, MI-SVM(k) with k = 10 performed the best.
When considering achieved ROC-AUC for all initialized fractions l together, MI-
SVM(k) with k = 15 performed in the most consistent way.

Interestingly, combining patch-level predictions from MI-SVM(k) and Gaus-
sian aggregation to obtain image-level results outperformed all other variants.

To evaluate whether using MIL can help reduce the number of required im-
ages with detailed (pixel or patch level) annotations, we trained the CNN on
patches from 25% of available training images. It turns out that while using
MIL helps, it cannot yet compensate for the lack of detailed annotation. After
Gaussian spatial aggregation, we get an image-level AUC of 0.831 for the CNN
only and 0.838 for MI-SVM(k = 5), the AUC for the direct output of the MIL
(‘MIL’ score) is 0.815.
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Fig. 4. ROC curves of the spatial aggregation phase. Both Gaussian (solid) and RF
(dashed) [2] aggregation outcomes are shown for the MI-SVM(k=10), MIL-ARF(k=5)
and the CNN classifiers.

Interestingly, the more sophisticated aggregation procedure [2] never outper-
formed the simpler but more robust aggregation based on Gaussian smoothing.

4 Conclusion

We have demonstrated that generalized MIL approaches can boost the per-
formance of fully-supervised methods in the task of classifying histopathology
images. We have also shown that it is possible to reach a good level accuracy by
training only on a limited amount of patch data. The MI-SVM(k) method was
shown to be robust to label initialization.

The direct output of the generalized MIL methods in terms of image-level
AUC was lower than for the CNN methods with no MIL, but the high specificity,
and thus minimal amount of false positives (see Fig. 2), enabled an important im-
provement through spatial aggregation, especially in the high specificity regime.
The best image-level result (AUC 0.962) is comparable with the pathologist
interpreting the slides in the absence of time constraints [2].
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