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Introduction

The clinical workflow of cancer tissue analysis is composed of several estimation and classification steps
which yield a diagnosis of the disease stage and a therapy recommendation. This subproject proposes
an automated system to model such a workflow which provides more objective estimates of cancer cell
detection and nuclei counts than pathologists’ results. Our image processing pipeline is tailored to
renal cell carcinoma (RCC) is one of the ten most frequent malignancies in Western societies. The
prognosis of renal cancer is poor since many patients suffer already from metastases at first diagnosis.
The identification of biomarkers for prediction of prognosis (prognostic marker) or response to therapy
(predictive marker) is therefore of utmost importance to improve patient prognosis. Various prognostic
markers have been suggested in the past, but conventional estimation of morphological parameters is
still most useful for therapeutical decisions.
Clear cell RCC (ccRCC) is the most common subtype of renal cancer and it is composed of cells
with clear cytoplasm and typical vessel architecture. ccRCC shows an architecturally diverse histological
structure, with solid, alveolar and acinar patterns. The carcinomas typically contain a regular network of
small thin-walled blood vessels, a diagnostically helpful characteristic of this tumor. Most ccRCC show
areas with hemorrhage or necrosis (Fig. 1d), whereas an inflammatory response is infrequently observed.
The cytoplasm is commonly filled with lipids and glycogen, which are dissolved in routine histologic
processing, creating a clear cytoplasm surrounded by a distinct cell membrane (Fig. 1d). Nuclei tend to
be round and uniform with finely granular and evenly distributed chromatin. Depending upon the grade
of malignancy, nucleoli may be inconspicuous and small, or large and prominent. Very large nuclei or
bizarre nuclei may occur [DJSH04].
The tissue microarray (TMA) technology promises to significantly accelerate studies seeking for associations between molecular changes and clinical endpoints [KJ98]. In this technology, 0.6mm tissue
cylinders are punched from primary tumor blocks of hundreds of different patients and these cylinders
are subsequently embedded into a recipient tissue block. Sections from such array blocks can then be
used for simultaneous in situ analysis of hundreds or thousands of primary tumors on DNA, RNA, and
protein level (Fig. 1b,c). These results can then be integrated with expression profile data which is
expected to enhance the diagnosis and prognosis of ccRCC [TM01], [MH99], [YA01]. The high speed
of arraying, the lack of a significant damage to donor blocks, and the regular arrangement of arrayed
specimens substantially facilitates automated analysis.
Although the production of tissue microarrays is an almost routine task for most laboratories, the
evaluation of stained tissue microarray slides remains tedious, time consuming and prone to error. Furthermore, the significant intratumoral heterogeneity of RCC results in high interobserver variability.
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(a)

(b)

(c)

(d)

Figure 1: Tissue Microarray Analysis (TMA): Primary tissue samples are taken from a cancerous kidney
(a). Then 0.6mm tissue cylinders are punched from the primary tumor block of different patients
and arrayed in a recipient paraffin block (b). Slices of 0.6µm are cut off the paraffin block and are
immunohistochemically stained (c). These slices are scanned and each spot, represents a different patient.
Image (d) depicts a TMA spot of clear cell renal cell carcinoma from our test set stained with the MIB-1
(Ki-67) antigen.

The variable architecture of RCC also results in a difficult assessment of prognostic parameters. Current
image analysis software requires extensive user interaction to properly identify cell populations, to select
regions of interest for scoring, to optimize analysis parameters and to organize the resulting raw data.
Because of these drawbacks in current software, pathologists typically collect tissue microarray data by
manually assigning a composite staining score for each spot - often during multiple microscopy sessions
over a period of days. Such manual scoring can result in serious inconsistencies between data collected
during different microscopy sessions. Manual scoring also introduces a significant bottleneck that hinders
the use of tissue microarrays in high-throughput analysis.
The prognosis for patients with RCC depends mainly on the pathological stage and the grade of
the tumor at the time of surgery. Other prognostic parameters include proliferation rate of tumor cells
and different gene expression patterns. Tannapfel et al. [TA96] have shown that cellular proliferation
may prove to be another measure for predicting biologic aggressiveness and, therefore, for estimating
the prognosis. Immunohistochemical assessment of the MIB-1 (Ki-67) antigen indicates that MIB-1
immunostaining (Fig. 1d) is an additional prognostic parameter for patient outcome. TMAs were highly
representative of proliferation index and histological grade using bladder cancer tissue [NA01].
In the domain of cytology, especially blood analysis and smears, automated analysis is already established [YMF05]. The big difference to histological tissues is the homogeneous background on which
the cells are clearly distinguishable and the absence of vessels and connection tissue. The isolation of
cells simplifies the detection and segmentation process of the cells significantly. A similar simplification
can be seen in the field of immunofluorescence imaging [MDK+ 07]. Only the advent of high resolution
scanning technologies in recent years made it possible to consider an automated analysis of histological
slices. Cutting-edge scanners are now able to scan slices with resolution, comparable to a 40x lens on a
light microscope. In addition the automated scanning of staples of slices enables an analysis in a high
throughput manner.
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Renal Cell Carcinoma Data

Figure 2: TMA processing pipeline, consisting of the following stages: (1) Identification and detection
of cell nuclei with in a high resolution TMA image, (2) segmentation of the nucleus, (3) estimating the
nucleus’ label, (4) calculating the percentage of tumor cells and protein expressing tumor cells.

2.1

Tissue Micro Arrays

Tissue micro arrays (TMA) are an important device for diagnosing and grading many tissue cancers,
among these also renal clear cell carcinoma (RCC). The TMA glass plates carry small round tissue
spots of prospective cancerous tissue samples with a thickness of one cell layer for each spot. After
staining the spots with protein specific dyes, one can see under the microscope the cells’ structure and
morphology as well as the allocation and accumulation of the respective stained protein. For example,
TMAs with RCC tissue might be stained with cell membrane and nucleus visualizing dyes, as well as with
MIB1 specific staining. The first dye will enable to see the cells’ structure under the light microscope,
whereas the second staining will show the accumulation of protein MIB1 in the cells’ nuclei. MIB1 is a
protein, which is highly accumulated in proliferating cells’ nuclei. As cancer cells are expected to have a
high proliferation rate in progressed cancer sates, positive MIB1 staining especially in tumor cells gives
information about the stage of the tumor.
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2.2

Automatic TMA Processing

We formulate the problem of delineating the cell nuclei from the background and other structures as
object detection task. In general two frameworks are possible. One could mimic the workflow of the
pathologists, by first detecting all cell nuclei followed by classifying the nuclei into cancerous and benign
before estimating the staining on the subset of cancerous nuclei. The second approach, combines the
detection and classification into one step. Therefore a classifier only detects cancerous nuclei while
ignoring erythrocytes, lymphocytes and nuclei from endothelial cells. The the percentage stained nuclei
from all detected nuclei is calculated. The first approach also lends itself to a more traditional machine
learning setting, hence we provide data for both.
The manual rating and assessment of TMAs under the microscope by pathologists is quite error
prone due to the subjective perception of humans. In fact, one pathologist might differ in the detection
and grading of the same cell nuclei within one same image in a second attempt [FWMB08]. Reasons
for that may be the partial destruction of a cell nucleus during the preparation of a TMA; the slow
and often nondescript transformation of a healthy cell to a tumor cell, and the subjective experiences
of the pathologist. Therefore, decisions for grading and/or cancer therapy might be inconsistent among
pathologists.
In an automatic fashion, the TMA assessment will benefit in following points: (i) the TMA estimation
is reproducible and objective and (ii) grading can be done cheaper, faster and with a higher throughput.
Pathologists have only to confirm the results and judge special cases, instead of manually go over each
TMA image. The main steps of computer aided TMA estimation are: (1) Identification and detection
of cell nuclei with in a high resolution TMA image, (2) segmentation of the nucleus, (3) estimating the
nucleus’ label, (4) calculating the percentage of tumor cells and protein expressing tumor cells. Big
challenges for computational image processing tools are the nucleus detection and segmentation.
We set up a comprehensive pipeline to classify renal clear cell nuclei and grade RCC TMA images.
Starting position for this procedure are eight tissue micro array images from eight renal cell carcinoma
patients. On each TMA image, several hundred renal cells are shown. TMAs are stained for the
proliferation indicator protein MIB1, which is present in dividing cells’ nuclei independent from being a
cancer cell or a healthy cell. MIB1 positive nuclei can be identified as brown spots in the images, whereas
negative nuclei are visualized as blue spots.
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Figure 3: Left: Top left quadrant of a TMA spot from a ccRCC patient. Right: A trained pathologist
labeled all cell nuclei and classified them into malignant (black) and benign (red). Tissue Preparation
and Scanning: The TMA block was generated in a trial from the University Hospital Zurich. The
TMA slides were immunohistochemically stained with the MIB-1 (Ki-67) antigen and scanned on a
Nanozoomer C9600 virtual slide light microscope scanner from HAMAMATSU Photonics K.K.. The
magnification of 40x resulted in a per pixel resolution of 0.23µm. Finally the spots of single patients
were extracted as separate three channel color images of 3000 x 3000 pixels size.
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3

Nuclei Detection

From the raw TMA image, we detect the cell nuclei by learning an ensemble of binary decision trees,
using manually annotated images.

3.1

Tree Induction

The base learners for the ensemble are binary decision trees, designed to take advantage of large feature
spaces.Tree learning follows loosely the original approach for random forests described in [Bre01]. A
recursive formulation of the learning algorithm is given in procedure LearnTree. The sub procedure
SampleFeature returns a feature consisting of two rectangles uniformly sampled within a predefined
window.
In accordance with [Bre01] the Gini Index is used as splitting criterion, i.e. the Gini gain is maximized.
At a given node, the set S = s1 , . . . , sn holds the samples for feature fj . For a binary response Y and a
feature fj the Gini Index of S is defined as:


X
Nf alse
Nf alse
b
G(S) = 2
I (fj (si ) = f alse) ,
1−
,
Nf alse =
|S|
|S|
s
i

where |S| is the number of all samples at the current node and Nf alse denotes the number of samples for
b L ) and G(S
b R ) for the left and right subset are defined
which fj evaluates to f alse. The Gini indices G(S
similarly. The Gini gain resulting from splitting S into SL and SR with feature fj is then defined as:


|SL | b
|SR | b
d L , SR ) = G(S)
b
∆G(S
−
G(SL ) +
G(SR ) ,
|S|
|S|
where S = SL ∪ SR . From that follows, that the larger the Gini gain, the larger the impurity reduction.
Recently [SaA07] showed that the use of Gini gain can lead to selection bias because categorical predictor
variables with many categories are preferred over those with few categories. In the proposed framework
this is not an obstacle due to the fact that the features are relations between sampled rectangles and
therefore evaluate always to binary predictor variables.
Procedure LearnTree
Input: set of samples S = {s1 , s2 , . . . , sn }
Input: depth d; max depth dmax ; features to sample mT ry
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

d = null; g = − inf; Nlef t = null; Nright = null
Init: label
if (d = dmax
) OR (isPure(S)) then
T if |{sj = T }| > |{sj = F }|; j = 1, . . . , |S|
d =
label
F else
else
for i = 0, i < mT ry, i + +) do
fi = SampleFeature()
SL = {sj |fi (sj ) = T }; SR = {sj |fi (sj ) = F }; j = 1, . . . , |S|
d L , SR )
gi = ∆G(S
if gi > g then
f ∗ = fi ; g = gi
end
end
NL = LearnTree({sj |f ∗ (sj ) = T })
NR = LearnTree({sj |f ∗ (sj ) = F })
end
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3.2

Multiple Object Detection

For multiple object detection in a gray scale image every location on a grid with step size δ is considered
as an independent sample s which is classified by the ensemble. Therefore each tree casts a binary
vote for s being
P and object
P or background. The whole ensemble predicts probability of being class 1:
RDF (s) =
i|ti (s)=1 1/
i 1, where ti is the ith tree. This procedure results in an accumulator or
probability map for the whole image.
The final centroids of detected objects are retrieved by applying weighted mean shift clustering with
a circular box kernel of radius r. During shifting, the coordinates are weighted by the probabilities of the
accumulator map. While this leads to good results in most cases, homogeneous ridges in the accumulator
can yield multiple centers with a pairwise distance smaller than r. To this end we run binary mean shift
on the detection from the first run until convergence. The radius is predefined by the average object
size. If the objects vary largely in size the whole procedure can be employed for different scales. To this
end, in accordance with [VJ01], not the image but the features respectively the rectangles are scaled.

3.3

Performance Measure:

One way to evaluate the quality of the nuclei detection is to consider true positive (T P ), false positive
(F P ) and false negative (F N ) rates. The calculation of these quantities is based on a matching matrix
where each boolean entry indicates if a machine extracted nucleus matches a hand labeled one or not
within the average nucleus radius. To quantify the number of correctly segmented nuclei, a strategy is
required to uniquely match a machine detected nucleus to one identified by a pathologist. To this end
we model this problem as bipartite matching problem, where the bijection between extracted and goldstandard nuclei is sought inducing the smallest detection error [Kuh55]. This prevents overestimating
the detection accuracy of the algorithms. To compare the performance of the algorithms we calculated
precision (P = T P/(T P + F P )) and recall (R = T P/(T P + F N )).

3.4

Implementation Details

The ensemble learning framework was implemented in C# and the statistical analysis was conducted
in R [R D09]. Employing a multi threaded architecture tree ensembles are learned in real time on a
standard dual core processor with 2.13 GHz. Inducing a tree for 1000 samples with a maximum depth
of 10 and sampling 500 features at each split takes on average less than 500ms. Classifying an image of
3000 × 3000 pixels on a grid with δ = 4 takes approximately ten seconds using the non optimized C#
code.
Three fold cross validation was employed to analyze the detection accuracy of RDFs. The nine
completely labeled patients were randomly split up into three sets. For each fold the ensemble classifier
was learned on six patients and tested on the the other three. During tree induction, at each split 500
features were sampled from the feature generator. Trees were learned to a maximum depth of 10 and
the minimum leave size was set to 1. The forest converges after 150 to an out of bag (OOB) error of
approximately 2%. Finally, on the test images each pixel was classified and mean shift was run on a grid
with δ = 5.
Figure 4 shows precision/recall plot for single patients and the average result of the RDF object
detector. The algorithm is compared to point estimates of several state of the art methods: SVM
clustering was successfully employed to detect nuclei in H&E stained images of brain tissue by [GSC+ 05].
SVMmorph [FLW+ 08] is an unsupervised morphological [Soi03] approach for detection combined with
an supervised support vector machine for filtering. The marker for the pathologists shows the mean
detection accuracy if alternately one expert is used as gold standard. On average the pathologists
disagree on 15% of the nuclei.
Although only grayscale features were used for RDF it outperforms all previous approaches which also
utilize texture and color. This observation can be a cue for further research that the shape information
captured in this framework is crucial for good detection results.

3.5

Segmentation

Segmentation of the cell nuclei within the patches with an adjusted graphcut method [Bag06, BK04,
BVZ01, KZ04]. For that, patches were gray-scaled and a low gray value was bound to the source node.
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Figure 4: Precision/Recall plot of cross validation results on the renal clear cell cancer (RCC) dataset.
For Relational Detection Forests (RDF) curves for the nine single patients and their average (bold)
are depicted. RDF with the proposed feature base outperforms previous approaches based on SVM
clustering [GSC+ 05], mathematical morphology and combined methods [FLW+ 08]. The inter pathologist
performance is depicted in the top right corner.
The model was adjusted to prefer a roundish shape for a nucleus (the more a pixel is in the middle of
the patch, the more it belongs to the source).

4

Classification of individual image patches

In this section, we evaluate only the accuracy of the classifier in classifying cancerous cells, independent
of the detection accuracy. The cell nuclei of eight TMA images are independently identified and labeled
as cancerous or non-cancerous by two pathologists [FWMB08]. The labels of the two pathologists might
or might not be consistent for a cell nucleus. One pathologist might even miss to identify a nucleus that
the other pathologists detected in an image.
From these labeled image data, we extracted 80x80px patches; each patch showing one cell nucleus
in the middle that both pathologists detected. Therefore the patches contained a lot of surrounding area
compared to the nuclei with a diameter of 30 pixels. In contrast to face detection the surrounding of the
objects is crucial for the classification. Nuclei often do not differ from connecting tissue by their color
or texture but only by their shape and their surroundings. Cancerous nuclei for example often show a
bright corona around the nucleus membrane. For the eight TMA images, these were 1633 patches, each
with two labels from the two pathologists. On 1272 (78 %) of these, the two pathologists agree on the
label.

4.1

Texture and shape features

One interesting aspect of renal cell carcinoma is that the classification of cancerous cells can be done in
a local fashion. There are several guidelines which are used by the pathologists (given in Table 1) which
we try to follow when creating features for the machine learning approach.
• histogram of foreground intensity (nucleus, 64-bin size histogram);
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Shape
Nucleus Membrane
Nucleus size
Nucleolus
Nucleus texture

Non-Cancerous nucleus
Roundish
Regular
Smaller
None
Smooth

Cancerous nucleus
Irregular
Thick/thin irregular
Bigger
Small dark spot in the nucleus
Irregular

Table 1: Guidelines used by pathologists for identifying renal clear cell carcinoma nuclei.
• histogram of background intensity (environment, 64-bin size histogram);
• mean intensity and median intensity of foreground and background of the patches and the difference
of them;
• shape descriptors as derived from MATLABs regionprops function (Area BoundingBox(3:4),
MajorAxisLength, MinorAxisLength, Eccentricity, ConvexArea, EquivDiameter, Solidity,
Extent, Perimeter, MeanIntensity, MinIntensity, MaxIntensity);
• Freeman Chain Code (fcc): 8-bin histograms are taken out of the FCC, that descibes the
cell nucleus boundary shape. The boundary shape was taken from the segmentation step (see
above). A subsampling of the boundary with grid size 8 was performed to smooth the shape.
Then, starting from an arbitrary point on the boundary, the boundary is followed in single steps.
For each direction, one has to go in one step, a number from 1 to 8 (for 8 orientations) describes
the shape on this place. To be rotationally invariant, a 8-bin histogram of the FCC descriptor has
been taken as feature vector. See [GWE03] for FCC implementation;
• 1D-signature (sig): The signature has been implemented as described in [GWE03]. From the
center of the shape, a line is drawn to each pixel of the border line. The angles between the
lines form the signature of the shape (with a maximal resolution of 1 degree). Also here, to be
rotationally invariant, a 16-bin histogram of the signature has been taken as feature vector;
• histogram of PHOG-descriptor (phog), as introduced in [BZM07]. Pyramid histograms of oriented
gradients were calculated over a level 3 pyramid and over the shapes as region of interest.
These features were subjected to train and test three well understood classifiers General Linear Models
(GLM), Support Vector Machines (SVM) and Random Forests (RF). The training of the models was
done either on all samples and the labels of one of the pathologists or on only those samples, where both
pathologists agree on the label. The features as introduced above were combined to each other or taken
solely.
Testing of the classifiers was done by leave-one-patient-out cross-validation. In this scenario, all
patches from one TMA image were left out for training in one cross-validation step and then classified
by the resulting classifier. Eight classification errors (1-accuracy) for each cross-validation experiment
(and eight patients) could then be visualized in a box.

4.2

Kernel based approach

Since the feature vectors consists of two different types, namely vectorial and histogram based features,
we use the corresponding kernels (Table 2) or distance measures (Table 3). Dissimilarity matrices were
then centered to end up in similarity matrices with zero mean. For kernel calculation, the histogram
features were normalized to sum up to 1.
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Kernel
Linear
Polynomial (degree 3)
Gaussian
Hellinger
Jensen Shanon
Total variation
χ2

Definition
u0 ∗ v
1
( p ∗ (u0 ∗ v))3
P
exp − p1 ∗ i (ui − vi )2
P √
ui ∗ vi
i
P
ui
−1
u
∗
log
i i P ui +vi + vi ∗ log
log 2
i min ui , vi
P

vi
ui +vi

ui ∗vi
i ui +vi

Table 2: Commonly used kernels.
Distance
Euclidean
Intersection
Bhattacharya
χ2
Kullback Leibler
Earth Mover
`1

Definition
pP
2
(ui − vP
i)
P P i
(ui ,vi )
i min
min ( u, v) ∗ (1 − min (P u,P
v) )
P √
− log i ui ∗ vi
P (ui −vi )2
i ui +v
P
Pi
vi
ui
i vi ∗ log ui
i ui ∗ log vi +
Pp
Pi
| j=1 uj − vj |
i=1P
i |ui − vi |

Table 3: Commonly used distances.
Following distance measures for histograms were used for two scalar feature vectors u and v of the
length p. Centering of distance matrices was done with


− n1
1 − n1


..
Scen = −0.5 ∗ Q ∗ D ∗ Q with Q = 
.
.
1
1
−n
1− n
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Survival Analysis

Recall that the ultimate goal of TMA analysis is to determine the prognosis of the patient or to diagnose
different cancer subtypes. The analysis of the proliferation marker MIB-1 allows the search for subgroups
of patients which show different survival outcomes. Hence, the results of the previous two steps (Cell
detection and classification) can be used to estimate the proportion of cells with particular properties
(reflected by their staining with different antibodies), and ultimately their effect on patient prognosis.

5.1

Staining Classification

To differentiate a stained cell nucleus from a non-stained nucleus a simple color model was learned.
Based on the labeled nuclei color histograms were generated for both classes based on the pixels within
the average cell nuclei radius. To classify a nucleus on a test image the distance to the mean histograms
of the both classes is calculated.

5.2

Kaplan-Meier estimates

The patients are split in two (1/2 : 1/2) groups based on the estimated percentage of cancerous nuclei
which express MIB-1. Then the Kaplan-Meier estimator is calculated for each subgroup. This involves
first ordering the survival times from the smallest to the largest such that t1 ≤ t2 ≤ t3 ≤ . . . ≤ tn , where
tj is the jth largest unique survival time. The Kaplan-Meier estimate of the survival function is then
obtained as

Y 
dj
Ŝ(t) =
1−
rj
j:t(j) ≤t
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Figure 5: Performance of different kernels and classifiers. The “performance” of the pathologist (left
most boxplot) is computed from the confusion matrix between the labels of the two pathologists. The
horizontal line shows the mean (and standard deviation) of 100 permutation tests, indicating chance
level.

where rj is the number of individuals at risk just before tj , and dj is the number of individuals who die
at time tj .
To measure the goodness of separation between two or more groups, the log-rank test (MantelHaenszel test) is employed which assesses the null hypothesis that there is no difference in the survival
experience of the individuals in the different groups. The test statistic of the log-rank test (LRT) is χ2
Pm
2 Pm
distributed: χˆ2 = [ i=1 (d1i − ê1i )] / i=1 v̂1i where d1i is the number of deaths in the first group at ti
and e1i = n1j ndii where di is the total number of deaths at time t(i) , nj is the total number of individuals
at risk at this time, and n1i the number of individuals at risk in the first group.

5.3

Survival Estimation

1.0

1.0

The only objective and undisputed target in the medical domain relates to the survival of the patient. The
experiments described in Section 1 show the large disagreement between pathologists for the estimation
of staining. Therefore, the adaption of an algorithm to the estimates of one pathologist or to a consensus
voting of a cohort of pathologist is not desirable. Hence we validate the proposed algorithm against
the right censored clinical survival data of 133 patients. In addition these results were compared to
the estimations of an expert pathologist specialized on renal cell carcinoma. He analyzed all spots in an
exceptional thorough manner which required him more than two hours. This time consuming annotation
exceeds the standard clinical practice significantly by a factor of 10-20 and, therefore the results can be
viewed as an excellent human estimate for this dataset.
Figure 6 shows Kaplan-Meier plots of the estimated cumulative survival for the pathologist and RDF.
The father the survival estimated of the two groups are separated the better the estimation. Quantifying
this difference with log-rank test shows that the proposed algorithm is significantly (p = 0.0113) better
than the trained pathologist (p = 0.0423).
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Figure 6: Kaplan-Meier estimators showing significantly different survival times for renal cell carcinoma
patients with high and low proliferating tumors. Compared to the manual estimation from the pathologist
(a) (p = 0.04), the fully automatic estimation from the algorithm (b) performs better (p = 0.01) in terms
of survival prediction on the partitioning of patients into two groups of equal size.
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Outlook

Empirical validation of the advances in the SIMBAD project would provide convincing evidence that
similarity based methods can have advantages over traditional Euclidean feature based methods. In
this work package, we investigate a medically important task of diagnosing renal clear cell carcinoma.
We aim to supplement the currently labour intensive task of estimating staining proportions for various
biomarkers. To make the task more convenient for the non medically inclined audience, we break this
down to two sub-tasks that are more traditional machine learning tasks; namely, classification of cell
nuclei and estimation of staining proportion. The relevant data and details of the individual tasks are
provided at http://ml2.inf.ethz.ch/simbad/. Our efforts to date have been focused on creating easy
to use datasets and estimating the performance of traditional feature based techniques.
In collaboration with the other project partners, in particular the University of Verona, we organised
a workshop in Zurich to discuss the two main validation platforms of the SIMBAD project, WP6 and
WP7. The workshop also included presentations and discussions with the medical partners. This resulted
in a more streamlined approach to data processing and a clearer understanding of the various application
tasks. We also came to a consensus on the baseline kernels, as listed in Table 3 and 2, to be used with
SVMs to provide an indication of the current state of the art performance on current data. As indicated
in Figure 5, several kernels perform better than chance, but there is still a lot of room for improvement.
This provides an opportunity in the final 12 months of the SIMBAD project to empirically investigate
whether any of the advances improves classification accuracy. In particular, the advances in structural
kernels from WP2 may provide better ways to compare the nuclei shapes, leading to more accurate
similarities. These kernels are still positive semidefinite, and so provides an embedding into a Hilbert
space. An alternative route is to use the advances of WP4 to investigate non-metric similarities by
embedding them into Hilbert spaces. It would be very interesting to contrast the two approaches to
obtaining kernels since they can be directly compared using SVMs. Further, algorithms that directly
work on non-metric similarities as developed in WP5 can be applied to the same data, and a deeper
understanding of the importance of metricity may be obtained. In summary, we have provided a test
bed for the various advances in the SIMBAD project by creating a curated set of data for a medically
important task along with the performance of traditional machine learning approaches. We hope that in
the near future, this test bed can be used to demonstrate the usefulness of non-metric similarity methods
for machine learning.
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