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Abstract

In the context of the EU FP6 project Health-e-
Child, a Grid-based healthcare platform for
European paediatrics is being developed. The ba-
sic philosophy behind the design of CaseRea-
soner, a similarity search based decision support
and knowledge discovery system we are devel-
oping for Health-e-Child, is to provide a clinician
with a flexible and interactive tool to enable op-
erations such as data filtering and similarity
search over a Grid of clinical centres, and also to
facilitate the exploration of the resulting sets of
clinical records regardless of their geographical
location. In order to visualize patient similarity,
besides the more orthodox heatmaps and tree-
maps a novel technique based on neighborhood
graphs is being developed, which is in the focus
of the present paper. For similarity search on dis-
tributed biomedical data, besides the canonical
distance functions novel techniques for learning
discriminative distance functions are also made
available to the clinician. The use of distance
learning techniques in  combination  with
the patient similarity visualization modules of
CaseReasoner contributes to making it a power-
ful tool for clinical knowledge discovery and de-
cision support in various classification contexts;
it helps to combine the power of strong learners
with the transparency of case retrieval and near-
est neighbor classification.

1 Introduction

There is growing interest in the use of computer-based
clinical decision support systems (DSSs) to reduce medi-
cal errors and to increase health care quality and effi-
ciency [Berlin ef al., 2006]. Clinical DSSs vary greatly in
design, functionality, and use. According to the reasoning
method used in clinical DSS, one important subclass is
that of Case-Based Reasoning (CBR) systems — systems
which have reasoning by similarity as the central element
of decision support [Berlin et al., 2006; Nilsson and Sol-
lenborn, 2004].

One reason for the slow acceptance of CBR systems in
biomedical practice is the especial complexity of clinical
data and the resulting difficulty in defining a meaningful
distance function on them and adapting the final solution
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[Schmidt and Vorobieva, 2005]. Another commonly re-
ported reason for the relatively slow progress of the field
is the lack of transparency and explanation in clinical
CBR. Often, similar patients are retrieved and their diag-
noses are presented, without specifying why and to what
extent the patients are chosen to be similar and why a cer-
tain decision is suggested. We believe that, one way to
approach this problem is to better visualize the underlying
inter-patient similarity, which is the central concept of any
clinical CBR.

In known CBR systems the visualization is usually li-
mited with the visualization of case solutions and not case
similarity [Mullins and Smyth, 2001]. To solve the prob-
lems described above, we introduce a novel technique for
visualizing patient similarity, based on neighborhood
graphs, which can be helpful in clinical knowledge dis-
covery and decision making. Besides, we consider two
related techniques for learning discriminative distance
functions, which when used in combination with the
neighborhood graphs can make them a powerful and
flexible tool for clinical decision making in different clas-
sification contexts.

In this paper we introduce a novel technique for visual-
izing patient similarity, based on neighborhood graphs;
we also discuss the architecture of our implementation
within the Health-e-Child DSS CaseReasoner and in par-
ticular the related techniques for learning discriminative
distance function. The main advantage of the suggested
technique is that the decision support becomes transpar-
ent. The nearest cases and the underlying similarity used
for decision making can easily be visualized with the three
types of neighborhood graphs. Moreover, after replacing
the commonly used “black box” classification with dis-
tance function learning and case retrieval, the accuracy of
classification usually remains same or even becomes bet-
ter, and there appears a possibility to visualize the nearest
cases of suggested class (say, malignant) and nearest cases
of the other class (say, benign), in order for the user (cli-
nician) to analyse and double-check the decision sug-
gested.

The similarity search-based clinical knowledge disco-
very and decision support system CaseReasoner, besides
neighborhood graphs also uses treemaps [Shneiderman,
1992] and heatmaps in order to better represent inter-
patient similarity [Tsymbal et al., 2007a]. In particular,
the treemap and the heatmap in CaseReasoner represent a
hierarchical clustering of patients obtained based on a



certain distance function defined by a clinician e.g. via a
set of data attributes of interest or a distance function pre-
viously learnt for a certain classification context.

The work in our study has been performed as part of
the Health-e-Child (HeC) project. HeC is an EU-funded
Framework Programme 6 (FP6) project, which was
started in 2006, and aims at improving personalized
healthcare in selected areas of paediatrics, particularly
focusing on integrating medical data across disciplines,
modalities, and vertical levels such as molecular, organ,
individual and population. The project of 14 academic,
industry, and clinical partners aims at developing an inte-
grated healthcare platform for European paediatrics while
focusing on some carefully selected representative dis-
eases in three different categories; paediatric heart dis-
eases, inflammatory diseases and brain tumours. The ma-
terial presented in this paper contributes to the develop-
ment of decision support facilities within the platform
prototype which provide the clinicians with tools to easily
retrieve and navigate patient information and help visual-
izing interesting patterns and dependencies that may lead,
besides personalized decision making concerning appro-
priate treatment, to establishing new clinical hypotheses
and ultimately discovering novel important knowledge.

The paper is organized as follows. In Section 2 the
technique of patient similarity visualization based on
neighborhood graphs is considered, our implementation of
it is discussed and a few examples are given. Section 3
presents techniques for learning discriminative distance
functions which can be used to learn a strong distance
function in different contexts and which nicely comple-
ments the patient similarity visualisation techniques. Sec-
tion 4 presents the overall architecture of the similarity-
search based decision support and knowledge discovery
system CaseReasoner, and in Section 5 a few related open
issues are discussed with a focus on its evaluation. We
conclude in Section 6 with a brief summary, open issues
and further research topics.

2 Neighborhood Graphs

2.1 Introduction and Related Work

Neighborhood graphs provide an intuitive way of patient
similarity  visualization with a node-link entity-
relationship representation. There can be distinguished
three basic types of neighborhood graphs that can be used
to visualize object proximity in DSSs; (1) relative
neighborhood graph (RNG), (2) distance threshold graph,
and (3) directed nearest neighbor graph. These graphs are
studied and applied in different contexts; in particular, as
data visualization tools the threshold and nearest neighbor
graphs are often used for the analysis of gene expression
data in bioinformatics [Zhang and Horvath, 2005; Scharl
and Leisch, 2008]. Thus, Zhang and Horvath [2005] study
so-called gene co-expression networks, which are repre-
sented with the threshold neighborhood graph. Scharl and
Leisch [2008] suggest using the nearest neighborhood
graph in order to visualize gene clusters.

In a relative neighborhood graph, two vertices corre-
sponding to two cases A and B in a data set are connected
with an edge, if there is no other case C which is closer to
both A and B with respect to a certain distance function d
[Toussaint, 1980]:

d(A4,B) < én[l;rllg max{d(4,C),d(B,C)} (D

Originally, relative neighborhood graphs were defined
for 2D data (planar sets) with the Euclidean distance met-
ric, but later they were generalized and applied to multiple
dimensions and other distance functions [Toussaint, 1980;
Jaromczyk and Toussaint, 1992; Muhlenbach and Rako-
tomalala, 2002].

Besides the relative neighborhood graphs we focus on,
there are known some other related node-link (graph-
based) visualizations of instance proximity. These include
the Minimum spanning tree (MST), the Gabriel graph,
and the Delanay tessellation [Jaromczyk and Toussaint,
1992]. We believe that out of this family, the relative
neighborhood graph is the best candidate to visualize pa-
tient proximity in a DSS. The MST has usually too few
edges to spot groupings/patterns in the data, while the
Gabriel graph and the Delanay tessellation are, vice versa,
usually too overcrowded, which becomes a problem with
already more than a hundred cases (patients).

A threshold graph is simply defined as a graph where
two vertices are connected with an edge if the distance
between the two corresponding cases is less than a certain
threshold. In a nearest neighbor graph, each case is con-
nected with one or a set of its nearest neighbors. This
graph is usually directed as the relation of being a nearest
neighbor is not necessarily symmetric. An important
benefit of RNG comparing to the other two graphs is the
fact that it is always connected with nodes having a rea-
sonable small degree; it is often planar or close to planar.

In machine learning, neighborhood graphs find various
applications, including data clustering, outlier removal,
and even supervised discretization [Muhlenbach and Ra-
kotomalala, 2002]. The k-nearest neighbor (k-nn) graph is
often used as the base in various approximate nearest
neighbor search techniques in high-dimensional spaces, in
order to cope with the curse of dimensionality, see [Sebas-
tian and Kimia, 2002; Paredes and Chavez, 2005] for two
examples. Besides, neighborhood graphs may serve as a
source of measures of complexity for such searching, in
order to estimate the costs [Clarkson, 2006]. Another im-
portant related branch of research studies how to optimize
the process of construction of the neighborhood graph.
Thus, Paredes et al. [2006] optimize construction of the .-
nearest neighbor graph in metric spaces and achieve em-
pirically around O(n’?’) complexity in low and medium
dimensional spaces and O(n’”) in high dimensional ones.
[Jaromczyk and Toussaint, 1992] review algorithms for
reducing the complexity of constructing an RNG, which is
O(n’) in general, in low-dimensional spaces.

Besides machine learning and similarity search optimi-
zation, in other domain areas other, more exotic applica-
tions may also be found. In [Marcotegui and Beucher,
2005], for example, the minimum spanning tree of a
neighborhood graph was applied to contrast-based hierar-
chical image segmentation. In [Li and Hou, 2004] a di-
rected relative neighborhood graph and directed minimum
spanning tree are successfully applied to topology control,
in order to create a power-efficient network topology in
wireless multi-hop networks with limited mobility.

Fig. 1 below presents an example of a neighborhood
graph constructed for the Leukemia public gene expres-
sion data set (available at www.upo.es/eps/aguilar/ data-
sets.html) within CaseReasoner. RNG for a set of 72 sam-
ples representing healthy (blue) and diseased (red) pa-




tients is shown. The underlying distance function is the
intrinsic Random Forest distance. Leave-one-out accuracy
for this problem is as high as 98%. Such a graph provides
a powerful tool for knowledge discovery and decision
making in the considered domain (e.g., by placing and
displaying the gene expression sample of a new patient
with unknown diagnosis in such a graph).

Figure 1 A relative neighborhood graph for the Leukemia dataset

2.2 Functionality and GUI

In our toolbox for visualization, navigation and manage-
ment of the three neighborhood graphs introduced above,
which is being developed as a part of the clinical DSS
CaseReasoner, we implemented the following functional-

1ty:

¢ node coloring, to represent numeric and nominal at-
tributes;

e node filtering, according to attribute values in the
patient record,

e edge coloring and filtering, according to the under-
lying distance;

e graph (hierarchical) clustering into an arbitrary
number of components including a panel for clus-
tering tree navigation on the graph;

e reconfigurable tooltips displaying clinical data from
the patient record and images;

e nearest neighbor classification and regression per-
formance visualization for each node, for a selected
class attribute and a certain similarity context;

e image visualization within the nodes of the graph
(e.g. meshes corresponding to the pulmonary trunk
of the patient can be displayed).

Besides clinical data and patient similarities, the
neighborhood graphs are nicely suitable for displaying
images corresponding to patients. The same operations
can still be used as for usual graphs (graph clustering,
node coloring and filtering, edge coloring and filtering,
etc.); also the images (e.g., meshes) can be scaled and
rotated. In Fig. 2 below the meshes corresponding to the
pulmonary trunks of the patients are displayed within the
nodes of a graph displaying a cohort of HeC cardiac pa-
tients, and a sketch of GUI of the neighorhood graph
module is shown, including the toolbar with access to the

basic operations on the graph such as coloring, filtering
and clustering, a pop-up graph settings control panel and a
status bar with basic information about the currently dis-
played graph. The interactive graph navigation is imple-
mented using the Prefuse open source data visualization
toolkit as the core [Heer et al., 2005].
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Figure 2 GUI and image visualization within the neighbor graph

The GUI for the basic functionality was designed to be
intuitive and straightforward. E.g., if node coloring option
is activated, a small legend tells which colors represent
the maximum and minimum value or in the case of a
nominal value, the range of displayed feature values. In
the case of node filtering, the filtered values or ranges are
also displayed. Edge coloring represents the distances
between the patients with a color range, from blue (weak
connection) to red (strong connection). The edge filtering
functionality removes a given percent of the weakest con-
nections from the graph, so only the more relevant con-
nections will be remaining.

Besides coloring each node according to a selected at-
tribute, the node color may also be selected to represent
the predictive performance of the current similarity con-
text with respect to a certain nominal or numeric feature.
In particular, for every node, the leave-one-out estimate of
margin or 0/1 loss function with nearest neighbor classifi-
cation can be displayed, or the leave-one-out estimate of
the absolute error with nearest neighbor regression for
numeric attributes can be visualized.

As the underlying distance function used for the con-
struction of the neighborhood graph, two options may be
considered. The first is to use a certain canonical distance
function, such as the well known Euclidean metric, with a
possibility to change the influence/importance of every
contributing feature. However, due to the inherent comp-
lexity of medical data, the canonical distance function
may not always represent the true similarity among pa-
tients, and thus be suboptimal for decision support. A so-
lution to this issue is to learn a strong distance function for
a given classification context under consideration using
the available labeled data for training.

Two techniques for learning discriminative distance
functions were implemented by us and evaluated; learning
from equivalence constraints in the product or difference



spaces and the intrinsic Random Forest (RF) distance. Our
experiments confirm that both techniques demonstrate
competitive performance with respect to the plain learn-
ing, and are suitable to be used in combination with the
neighborhood graph visualization. The intrinsic RF dis-
tance is proven to be more robust overall in our experi-
ments, although finding suitable parameters for learning
from equivalence constraints may still be competitive. A
thorough introduction to the techniques for learning dis-
criminative distance functions is given in Section 3. We
use both the canonical and the discriminative distance
functions for constructing the graphs, and in the case of
the latter one, customized models can be generated, which
can be stored and retrieved later on, in order to specify the
similarity context of interest.

For clustering the neighborhood graphs, we use the fol-
lowing two algorithms; (1) the Girvan and Newman’s
algorithm for graph clustering which is often used for
clustering of complex social and biological networks
[Girvan and Newman, 2002], (2) top-down induction of a
semantic clustering tree (in the original feature space), the
goal of which is to provide every cluster with a semantic
description that can be inspected by a clinician and may
carry important information.

The semantic clustering algorithm was developed spe-
cifically for CaseReasoner; we could not find a same algo-
rithm already described in the literature, although it is
simple and many similar approaches do exist. The related
algorithms differ in the structure of the generated cluster
descriptions. Our main intention was to provide a tree
with semantic splits in the nodes that could be used in
order to navigate the hierarchical clustering generated and
explore the clusters. In order to generate the tree, we use a
similar top-down decision tree induction procedure which
is often used for supervised learning (e.g. the C4.5 deci-
sion tree). Similar to the supervised case, all possible uni-
variate semantic splits are examined in each node (such as
‘gender=F’ or ‘age<2’). As the criterion to find the best
split, the ratio of between-cluster variance to the within-
cluster variance is used. Variance is defined in terms of
the current similarity context. If it is specified as a set of
features of interest, then the variance can be calculated
directly on them. If a customized distance function is
loaded, then the variance is represented via distances be-
tween a pair of within- and between- cluster cases. Ac-
cording to the first feedback of clinicians regarding the
implemented semantic clustering algorithm, the generated
tree often contains useful information and may serve as a
certain description of the current similarity context.

In Fig. 3 GUI of the neighborhood graph module within
the HeC DSS CaseReasoner is shown. The graph shown
displays the semantic clustering of a cohort of cardiac
patients according to the currently selected similarity con-
text, and node color represents blood pressure for corres-
ponding patient. The pop-up control panel in the upper
right corner is used for navigation over the current cluster-
ing tree; each cluster can be centered and highlighted and
split further by clicking on the corresponding node in the
tree in this panel. The panel on the left to the graph navi-
gation panel is the patient record navigation panel which
is used in order to browse and compare feature values and
their place in the general feature distribution for the cur-
rent and most similar patient.

3 Learning Discriminative Distance Func-
tions

There are several reasons that motivate the studies in the
area of learning distance functions and their use in prac-
tice [Bar-Hillel, 2006]. First, learning a distance function
helps to combine the power of strong learners with the
transparency of nearest neighbor classification. Moreover,
learning a proper distance function was shown to be espe-
cially helpful for high-dimensional data with many corre-
lated, weakly relevant and irrelevant features, where most
traditional techniques would fail. Also, it is easy to show
that choosing an optimal distance function makes classi-
fier learning redundant. Next, learning distance functions
breaks the learning process into two sequential steps (dis-
tance learning followed by classification or clustering),
where each step requires search in a less complex func-
tional space than in the immediate learning. Moreover, it
fosters the creation of more modular and thus more flexi-
ble systems, supporting component reuse. Another impor-
tant benefit is the opportunity for inductive transfer bet-
ween similar tasks; this approach is often used in com-
puter vision applications; see e.g. [Mahamud and Hebert,
2003].

Historically, the most popular approach in distance
function learning is Mahalanobis metric learning, which
has received considerable research attention but is how-
ever often inferior to many non-linear and non-metric
distance learning techniques. While distance metrics and
kernels are widely used by various powerful algorithms,
they work well only in cases where their axioms hold
[Hertz, 2006]. For example, in [Jacobs et al., 2000] it was
shown that distance functions that are robust to outliers
and irrelevant features are non-metric, as they tend to vio-
late the triangular inequality. Human similarity judge-
ments were shown to violate both the symmetry and trian-
gular inequality metric properties. Moreover, a large num-
ber of hand-crafted context-specific distance functions
suggested in various application domains are far from
being metric. Our focus is thus on techniques for learning
non-linear and non-metric discriminative distance func-
tions, two important representatives of which are consid-
ered in sub-sections below.

More than in any other research domain, the problem of
learning a better distance function lies in the core of re-
search in computer vision [Bar-Hillel, 2006]. Different
imaging applications have been considered, including
image retrieval (with facial images, animal images, hand
images, and American Sign Language images), object
detection (indoor object detection), motion estimation and
image registration; see [Hertz, 2006; Bar-Hillel, 2006] for
an in-depth review.

Besides vision, some other domains were also consid-
ered including computational immunology, analysis of
neuronal data, protein fingerprints, and text retrieval
[Hertz, 2006]. Surprisingly, there is relatively few related
work in text/document retrieval. One example is [Schulz
and Joachims, 2003] which studies the retrieval of text
documents from the Web by learning a distance metric
from comparative constraints.
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3.1 Learning from Equivalence Constraints

Usually, equivalence constraints are represented using
triplets (x1, x, y), where x), x, are data points in the origi-
nal space and ye {+1,-1} is a label indicating whether the
two points are similar (from the same class) or dissimilar.
Learning from these triples is also often called learning in
the product space (i.e. with pairs of points as input); see
[Hertz et al., 2004; Zhou et al., 2006] for examples. While
learning in the product space is perhaps a more popular
form of learning from equivalence constraints, yet another
common alternative is to learn in the difference space, the
space of vector differences; see [Amores et al., 2006; Yu
et al., 2006] for examples. The difference space is nor-
mally used with homogeneous high-dimensional data,
such as pixel intensities or their PCA coefficients in imag-
ing. While both representations demonstrate promising
empirical results in different contexts, there is no under-
standing which representation is better. No comparison
was done so far; usually a single representation for the
problem is chosen.

There are two essential reasons that motivate the use of
equivalence constraints in learning distance functions;
their availability in some learning contexts and the fact
that they are a natural input for optimal distance function
learning [Bar-Hillel, 2006]. It can be shown that the opti-
mal distance function for classification is of the form
p(#v; | x:%,). Under the independence and identical dis-
tribution (i.i.d.) assumption the optimal distance measure
can be expressed in terms of generative models p(x | y) for
each class as follows [Mahamud and Hebert, 2003]:

PO, Y, |xi’xj):Zp(y|x[)(1_p(y|xj)) (2)

3.2 The intrinsic Random Forest distance func-
tion

For a Random Forest (RF) learnt for a certain classifica-
tion problem, the proportion of the trees where two in-
stances appear together in the same leaves can be used as
a measure of similarity between them [Breiman, 2001].
For a given forest f'the similarity between two instances x;
and x, is calculated as follows. The instances are propa-
gated down all K trees within f/ and their terminal posi-
tions z in each of the trees (z;=(z;,, ...,z;x) for x;, similarly
7, for x,) are recorded. The similarity between the two
instances then equals to (/ is the indicator function):

1
S(xwxz):EZI(Zn =2z,) 3)

Similarity (2) can be used for different tasks related to the
classification problem. Thus, Shi and Horvath [2006] suc-
cessfully use it for hierarchical clustering of tissue mic-
roarray data. First, unlabeled data are expanded with a
synthetic class of evenly distributed instances, then a RF
is learnt and the intrinsic RF similarities are determined as
described above and clustered. The resulting clusters are
shown to be clinically more meaningful than the Euclid-
ean distance based clustering with regard to post-operative
patient survival.

Interesting is that using this similarity for the most im-
mediate task, nearest neighbor classification, is rather
uncommon, comparing to its use for clustering. In one of

related works, [Qi ef al., 2005], it is used for protein-
protein interaction prediction, and the results compare
favourably with all previously suggested methods for this
task.

The intrinsic RF distance is rather a “dark horse” with
respect to learning from equivalence constraints. The
number of known applications for it is still limited; per-
haps, the most successful application is clustering genetic
data, [Shi and Horvath, 2006]. Works on learning equiva-
lence constraints never consider it as a possible alterna-
tive. In general, we believe that the circle of applications
both for distance learning from equivalence constraints
(which is currently applied nearly solely to imaging prob-
lems) and for the intrinsic RF distance is still, undeserv-
edly, too narrow and may and should be expanded.

4 CaseReasoner: A Framework for Medical
CBR

The basic philosophy behind the design of the CaseRea-
soner is to provide clinicians with a flexible and interac-
tive tool to enable operations such as data filtering and
similarity search over a Grid of clinical centres (following
the formerly introduced information retrieval paradigm),
and also to facilitate the exploration of the resulting data
sets. The aim is to let clinicians explore and compare the
patients’ records regardless of his/their geographical loca-
tion, and to visualize their place in the distribution of both
the whole population of patients, as well as in the distribu-
tion of its semantic subsets.

The selected visualization techniques are implemented
to display and navigate through the results of similarity
searches in the CaseReasoner. The distance function for
similarity search is defined based on a similarity context,
which is a subset of features of interest defined by the
clinician. The features for each problem domain are or-
ganized into a so-called feature ontology, which repre-
sents the relationships between features [Tsymbal et al.,
2007b]. Similar cases are found both in the whole Inte-
grated Case Database (ICD) over the Grid, and in some
subsets of interest (e.g. high-grade tumours, males, a cer-
tain node in the Grid, etc), defined in the form of a simple
filter. For each patient in the ICD, it is possible to visual-
ize and compare related images from the patient history,
thanks to the Gateway’s abstracted accesses to backends,
storage elements and file catalogs. In combination with
the basic feature statistics, class distribution histograms
and the scatter plots for the ICD under study, this will be a
universal tool for Grid-based decision making in the dis-
eases covered by HeC. Indeed, having a number of clini-
cal centres connected and sharing their data gives the Ca-
seReasoner significant added value. Not only can the Ca-
seReasoner benefit from larger samples but also part of its
reasoning logic can be made reusable and delegated to the
Grid, with the complexity that it implies.

In short and as illustrated in Figure 4, after selecting a
search context (1), the clinician can view basic statistics
of the retrieved cases (2) as well as visualize them utiliz-
ing neighborhood graphs (3a), treemaps (3b) and heat-
maps (3c¢).

In the development of the general code structure for the
CaseReasoner framework we followed a less strict varia-
tion of the Presentation-Abstraction-Control pattern
(PAC) [Coutaz, 1987]. The main idea behind that pattern
is a hierarchical structure of ‘agents’, where the core of
the framework acts as a top level agent, and the modules



are subordinate agents. The core and the modules com-
municate with each other only through their Controller
part. This way the flow of data and control remains clear:
the general, essential workflow is managed by the core
Controller, while the modules can handle the inner busi-
ness logic of their own. They can request general data
manipulating operations through the core, and they are
notified about every relevant change as well.

In such a flexible framework any module can be added
and removed easily, their development process is fully
independent from the whole framework, whose API is
well defined and easy to use. Currently CaseReasoner
provides five data visualisation modules: the NGraphs
module for neighborhood graphs presented above, the
TreeMaps, the Heatmapper module, the Patient Panel, to
display and compare values and statistics of single patient
records, and the CardiacMR module which can visualise
and navigate cardiac imaging data related to a selected
patient.

5 Discussion

In the evaluation of the HeC platform and in particular the
DSS CaseReasoner we follow the “Multi-dimensional In-
depth Long-term Case studies” (MILCs) paradigm pro-
posed in [Shneiderman and Plaisant, 2006]. In the MILCs
concept the multi-dimensional aspect refers to using mul-
tiple evaluation techniques including observations, inter-
views, surveys, as well as automated logging to assess
user performance and interface efficacy and utility
[Shneiderman and Plaisant, 2006]. In the context of our
project, mostly observations, interviews and question-
naires were used so far in order to obtain feedback and
assess user satisfaction with the platform. The in-depth
aspect is the intense engagement of the researchers (the IT
experts within Health-e-Child) with the expert users
(clinical partners within the project) to the point of be-
coming a partner or assistant. Longterm refers to longitu-
dinal studies that begin with training in use of a specific
tool through proficient usage that leads to strategy
changes for the expert users. The initial phase of our
evaluation has started already in mid 2006, with the start
of the project, by demonstrating the preliminary versions
of the prototypes for certain platform modules (not yet
fully functional) to the clinicians and collecting their re-
quirements to the extension and revision of the tools in so-
called knowledge elicitation sessions. The main task of
this phase was for the IT partners to better understand the
problem domain and the needs of clinicians and develop
the tools to fully satisfy these needs. Data collection for
the platform has also started in parallel. This iterative
evaluation and development phase, when the first fully
functional platform prototype was ready, has been gradu-
ally replaced (by mid 2008) with the training phase. The
main task of this phase which consists of a series of on-
site training sessions and will last till the end of the pro-
ject (April 2010) is to train all the participating clinicians
(from the four hospitals in the UK, Italy and France) to
use the platform with the collected patient records on the
premises of the hospitals and to obtain their extensive
feedback in order to better evaluate the platform and fix
its discovered deficiencies if needed. Our ultimate goal,
which is still for us to achieve is to improve healthcare
quality and efficiency and reduce costs for the participat-
ing hospitals. Case studies refers to the detailed reporting
about a small number of individuals working on their own

problems, in their normal environment [Shneiderman and
Plaisant, 2006].

Perhaps the main competitor to neighborhood graphs as
a tool for visualizing patient similarity is heatmaps, which
are well known and often used by clinical researchers, in
particular by geneticists. In comparison to heatmaps, as
follows also from the feedback obtained from partner cli-
nicians in our project, neighborhood graphs possess a
number of advantages. In particular, they are easier to
read with the more intuitive node-link entity-relationship
representation, they allow visualizing additional features
or even image thumbnails at nodes, and they have a flexi-
ble layout allowing to naturally visualize clusters, enlarge
nodes, and filter our a set of nodes and edges.

6 Conclusions

In this paper we introduced a novel technique for visualiz-
ing patient similarity, based on neighborhood graphs,
which could be helpful in clinical decision making; we
also discussed the architecture of our implementation
within the Health-e-Child DSS CaseReasoner and in par-
ticular the related techniques for learning discriminative
distance function. The main advantage of the suggested
technique is that the decision support becomes transpar-
ent; the power of strong machine learning techniques via
discriminative distance learning is combined with the
transparency of nearest neighbor classification.

An important issue of our ongoing work is a better ac-
quaintance of partner clinicians with the considered
neighborhood graph module in the framework of Ca-
seReasoner, and its evaluation in the context of different
data classification and decision support tasks. An impor-
tant issue of our ongoing work with distance learning is
the study of the use of online learning techniques for
learning from equivalence constraints and in particular the
incrementalization of Random Forests, in order to speed
up learning in the product space.
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