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Abstract. The importance of learning distance functions is gradually being 
acknowledged by the machine learning community, and different techniques are 
suggested that can successfully learn a strong distance function in many various 
contexts. Nevertheless the studies in the area are still rather fragmentary; they 
lack systematic analysis and focus on a limited circle of application domains. In 
this paper, two techniques for learning discriminative distance function are 
evaluated and compared on biomedical data of different kind; learning from 
equivalence constraints and the intrinsic Random Forest similarity. Both 
techniques demonstrate competitive results with respect to plain learning; the 
Random Forest similarity exhibits a more robust behaviour and is shown to be 
less susceptible to missing data and noise. 

1 Introduction 

During the last three decades, the importance of the distance function in machine 
learning has been gradually acknowledged, and recently, a growing body of work has 
addressed the problem of supervised or semi-supervised learning of customised 
distance functions [9]. There are several reasons that motivate the studies in the area 
of learning distance functions and their use in practice [4]. First, learning a distance 
function helps to combine the power of strong learners with the transparency of case 
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retrieval and nearest neighbour classification. Besides, learning a proper distance 
function was shown to be especially helpful for high-dimensional data with many 
correlated, weakly relevant and irrelevant features, where most traditional techniques 
would fail. Also, it is easy to show that choosing an optimal distance function makes 
classifier learning redundant. Next, a distance function “learnt” for a certain context 
may serve as a basis for data visualization, e.g. with a neighbourhood graph, and 
ultimately for the discovery of important knowledge. Besides, it fosters the creation of 
more modular and thus more flexible systems, supporting component reuse. Another 
important benefit is the opportunity for inductive transfer between similar tasks; this 
approach is often used in computer vision applications; see e.g. [13]. 

Historically, the most popular approach in distance function learning is 
Mahalanobis metric learning, which has received considerable research attention but 
is however often inferior to alternative non-linear and non-metric distance learning 
techniques. For example, the Relative Component Analysis algorithm, RCA [9] learns 
a Mahalanobis distance metric, which is optimal under several criteria, using 
generative learning with positive equivalence constraints. 

While distance metrics and kernels are widely used by various powerful 
algorithms, they work well only in cases where their axioms hold [9]. For example, in 
[12] it was shown that distance functions that are robust to outliers and irrelevant 
features are non-metric, as they tend to violate the triangular inequality.  Human 
similarity judgements were shown to violate both the symmetry and triangular 
inequality metric properties. Besides, a large number of hand-crafted context-specific 
distance functions suggested in various application domains are far from being metric. 
Our focus in this paper is thus on learning non-linear and non-metric discriminative 
distance functions. 

In this paper, we evaluate and compare two techniques for learning distance 
function; learning from equivalence constraints and the intrinsic Random Forest 
similarity. These techniques originate from different communities and are commonly 
applied to different subject domains, but serve the same purpose – learning a strong 
distance function which is specific for a given classification context.  

This paper is organized as follows. Section 2 gives a review of basic concepts and 
related work. Section 3 introduces our experimental framework implemented for the 
study, and in Section 4 most important experimental results are presented. The paper 
finishes with the discussion of experimental findings and potential applications in 
Section 5 and a summary and directions of ongoing and future work in Section 6. 

2 Basic Concepts and Related Work 

2.1 Learning from Weak Representations 

2.1.1 Equivalence Constraints 

While historically the research on distance learning has started from supervised 
learning of distance functions for k-nearest neighbour classification in the original 
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“feature vector-object label” representation [21], today a more commonly used 
representation is the one based on so called equivalence constraints [9].  

Usually, equivalence constraints are represented using triplets (x1, x2, y), where x1, 
x2 are data points in the original space and y∈{+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 [8] and [28] 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 [1] 
and [27] for examples. The difference space is normally used with homogeneous 
high-dimensional data, such as pixel intensities or their PCA coefficients in imaging. 
While both representations demonstrate promising empirical results in different 
contexts, there is no understanding 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 [4]. It can be shown 
that the optimal distance function for classification is of the form p(yi≠yj│xi,xj). Under 
the i.i.d. assumption the optimal distance measure can be expressed in terms of 
generative models p(x│y) for each class as follows [13]: 

 ∑ −=≠ y jijiji xypxypxxyyp ))(1)((),(  (1) 

This function was analytically proven to be no worse than any distance metric and 
was shown to approach the Bayesian optimal accuracy [13]. 

Another common representation for learning a distance function, which is even 
weaker than equivalence constraints are relative comparisons, used to learn distances 
mainly in retrieval contexts; see [2], [16], [18] for examples. Learning is conducted 
from triplets of the form “x is more similar to y than to z”. Such triplets can always be 
extracted from labels, and sometimes even from positive and negative constraints (if 
certain points appear in both positive and negative constraints), but not vice versa. For 
information retrieval, for which the order of the retrieved items is important, such 
triplets seem like natural supervision [4]. 

Even though obtaining equivalence and comparative constraints is often easier than 
providing real labels, often even such form of supervision is limited and thus semi-
supervised learning techniques can be useful. For example, the DistBoost technique 
uses semi-supervised learning with Expectation Maximization to learn base weak 
classifiers which are later combined using boosting in the product space [8], [9]. An 
important question in this context is how much supervision is usually enough. 
Unfortunately, this is still rather an open question. Usually a fixed number of 
constraints is used; [2], for example, use 200,000 triples representing comparative 
constraints in their BoostMap technique.  
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2.1.2 Learning Algorithms 

Clearly, as can also be seen from already mentioned techniques, the most popular 
learning algorithm in the area of distance function learning is boosting [7]. BoostMap 
[2], DistBoost [8], Boosted Distance with Nearest Neighbor [1], and BoostMotion 
[28] are based on boosting, to mention a few. Different variations of boosting are used 
with different base learners, though usually all correctly designed boosting-based 
techniques demonstrate competitive results. The most popular variations are 
AdaBoost and LogitBoost. Different base classifiers are used with boosting, including 
decision stumps, 1D and 2D embeddings, Expectation Maximization to learn a 
mixture of Gaussians, and C4.5 decision trees [9].  

Alternative learners considered include SVMs and kernel-based techniques (this is 
perhaps the second largest group of learners in the area) [9]. Perhaps the most 
important disadvantage for SVMs is that they cannot be so naturally integrated with 
feature selection as boosting (with decision stumps), which makes their use in highly 
dimensional tasks problematic. Different learners are rarely compared with each other 
in literature. There is some empirical evidence though that SVMs may demonstrate 
strong overfitting behaviour when used for learning distance functions. For example, 
in [8] boosting-based techniques demonstrate quite stable behaviour in comparison to 
other learners, being also better on average, and SVMs are significantly unstable, 
being slightly better that the other learners in a few domains but also being 
significantly worse in some cases.  

As learning with weak representations may often be formulated as a convex 
optimization problem, corresponding iterative optimization techniques like Newton’s 
method are also used; e.g. for learning how to combine distances [25], for linear 
programming with comparative constraints [16], and for solving a convex quadratic 
programming problem based on comparative constraints [18]. These techniques 
usually learn a Mahalanobis distance function or a linear combination of functions, 
and linearity has certain limitations in our context as discussed above. 

It is important to note that often, instead of learning a single distance function from 
data, a combination of a number of existing distance functions has recently been also 
attempted; see e.g. [13], [25], [26]. Different combination techniques are used for 
that, including boosting-based learning and a linear logistic model solved using 
standard convex optimization techniques. The distance functions being integrated 
include both canonical elementary functions such as Manhattan and Euclidean, and 
more sophisticated learning-based techniques. While this is definitely an interesting 
and promising area of research, the benefit over one-stage distance function learning 
is not always clear and besides such a scenario assumes specification of a set of base-
level distance functions, which may be context-specific and different for different 
domains. This is especially true for domains where the canonical distance functions 
may be misleading rather than useful. Often a separate search is conducted in the 
space of available base-level distance functions, in order to select the best subset for 
combination. The area of combining distance functions is out of scope of this paper; 
the focus is on immediate learning a single distance function from the original 
instances instead. 
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2.2 The Intrinsic Random Forest Distance Function 

For a Random Forest (RF) learnt for a certain classification problem, the proportion 
of the trees where two instances appear together in the same leaves can be used as a 
measure of similarity between them [6]. For a given forest f the similarity between 
two instances x1 and x2 is calculated as follows. The instances are propagated down all 
K trees within f and their terminal positions z in each of the trees (z1=(z11,…,z1K) for 
x1, similarly z2 for x2) are recorded. The similarity between the two instances then 
equals to (I is the indicator function): 

 ∑ =
== K

i ii zzI
K

xxS 1 2121 )(1),(  (2) 

For a detailed description of RFs and their properties the reader is referred to [6]. 
The most important properties in our context are: (1) their predictive performance was 
shown to be as good as boosting and sometimes better; (2) they are relatively robust 
to outliers, noise and missing values; and (3) they are faster than many other 
techniques, boosting in particular. 

Similarity (2) can be used for different tasks related to the classification problem. 
Thus, [19], [20] successfully use it for hierarchical clustering of tissue microarray 
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 Euclidean distance based clustering with regard to post-operative 
patient survival. Hudak et al. [10] use it for nearest neighbour imputation on forestry 
sensor data. They conclude that the RF distance based imputation is the most robust 
and flexible among the imputation techniques tested.  

It is interesting that using this similarity for the most immediate task, nearest 
neighbour classification, is rather uncommon, comparing to its use for clustering. In 
one of related works, Qi et al. [15] use it for protein-protein interaction prediction, 
and the results compare favourably with all previously suggested methods for this 
task. 

2.3 Applications 

More than in any other research domain, the problem of learning a better distance 
function lies today in the core of research in computer vision [4]. 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 [4],[9] for an 
in-depth review. 

Besides vision, some other domains were also considered including computational 
immunology, analysis of neuronal data, protein fingerprints, and text retrieval [9]. 
Surprisingly, there is relatively few related work in text/document retrieval. One 
example is [18] which studies the retrieval of text documents from the Web by 
learning a distance metric from comparative constraints.  



6    Alexey Tsymbal et al.   

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; 
perhaps, the most successful application is clustering genetic data [19], [20]. Works 
on learning equivalence constraints never consider it as a possible alternative. In 
general, we believe that the circle of applications both for distance learning from 
equivalence constraints (which is currently applied nearly solely to imaging 
problems) and for the intrinsic RF distance is still, undeservedly, too narrow and may 
and should be expanded. 

3 Experimental Framework 

3.1  Data Sets and Cross Validation 

The data sets under study include four clinical data sets; one data set with cardiac 
aortic valve meshes, Meshes, including 63 meshes representing healthy and diseased 
aortic valves, and three benchmark data sets from the UCI repository, Liver, Thyroid 
and Heart [5]. All these data sets except Heart include numeric features only, and 
consist of a relatively small amount of cases (from 63 in Meshes to 345 in Liver), 
making the extensive computationally expensive experiments involving learning in 
the product and difference spaces possible. The number of features varies from 5 in 
Thyroid and 6 in Liver to 13 in Heart and 6,000 in Meshes. Each aortic valve in the 
Meshes data set is represented as a set of 3D coordinates of the 2,000 characteristic 
points of the mesh. More details about and some initial experiments with the Mesh 
data are available in [11]. All the data sets except Thyroid where the number of 
classes is 3 represent binary classification tasks. 

Besides, experiments were conducted on five other high-dimensional data sets, 
four public microarray gene expression data sets (Lymphoma, Embryonal_Tumours, 
Colon, and Leukemia)1, and one mass spectrometry data set for cancer identification 
from the NIPS 2003 challenge (Arcene, also available in the UCI repository). All the 
data sets include numeric features only, and consist of a relatively small amount of 
cases (from 45 in Lymphoma to 200 in Arcene). The data sets represent binary 
classification tasks and the number of features varies from 2,000 in Colon to 10,000 
in Arcene. 

In order to evaluate learning techniques in the study, leave-one-out cross validation 
was used with the Meshes data and with all the gene expression data sets (Lymphoma, 
Embr_Tumours, Colon, and Leukemia), and 3 runs of 10-fold cross validation were 
used for the rest.  

                                                           
1 The microarray gene expression datasets were taken from and are available at 

www.upo.es/eps/aguilar/datasets.html. 
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3.2  Learning Algorithms 

Learning discriminative distance functions from equivalence constraints has been 
implemented with AdaBoost and RF as the learning algorithms, representing 
equivalence constraints in the product and difference spaces. The difference space 
included simple pairwise L1 differences for each feature. AdaBoost used C4.5 
decision tree as the base learning algorithm. LogitBoost with decision stumps was 
also tried (as it is often also a technique of choice in this context); its results are not 
considered in this paper, as it often results in clearly inferior accuracy, sometimes 
even close to a random guess, due to too weak base models generated with decision 
stumps in the difference and product spaces.  

All the discriminative distance functions are evaluated based on the accuracy of k-
nearest neighbour classification (k-NN), with k=7, and weighting the votes of the 
neighbours inversely proportional to the distance. The same settings for k-NN were 
used in all the experiments, in order to avoid unnecessary estimation bias. These 
settings were shown to lead to best or close to best accuracies for all data sets, in a 
series of preliminary experiments. The k-NN classifier with the customized distance 
function was compared with the plain k-NN using the Euclidean distance, and with the 
RF and AdaBoost with C4.5 in the original space. 50 component trees were always 
included in all ensemble models (AdaBoost and RF); it was shown to be enough to 
achieve competitive accuracy for most data sets in the previous studies. 

Among the considered algorithms, only RF-based learning algorithms are able to 
successfully deal with high-dimensional data, such as the four gene expression data 
sets, Arcene and Meshes in their raw form, as long as RFs incorporate an explicit 
feature selection process at each node in the training phase. In order to get rid of this 
limitation and put each algorithm in the same initial conditions, at each cross-
validation run, 200 features were pre-selected according to their Information Gain, for 
all experiments with the high-dimensional data sets. In a set of preliminary 
experiments, 200 features were shown to lead to competitive accuracies for all the 
data; the use of other numbers of features will not change the accuracy substantially. 

The learning algorithms mentioned above and the experimental framework for our 
study were implemented on the basis of machine learning library WEKA 3.4 [24]. All 
learning algorithms used default settings besides the ones already mentioned. 

3.3  Data Imputation Techniques 

In order to test the sensitivity of the techniques for learning discriminative distance 
functions to missing data, different levels of missing data (5%, 10%, 15%, 20%, and 
30%) were randomly injected into our complete data sets, and the performance of 
learning discriminative distances was evaluated after imputing the missing data with 
four data imputation techniques.  

First, the naïve mean/mode substitution, which was historically the first and long 
time the most common method of data imputation, which is however no longer 
preferred. Second, the simple but more powerful and still often used k-NN imputation. 
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Again, we use k=7 and the inverse distance as the weight for the neighbours in our 
experiments. Third, multiple imputation with bootstrap sampling and fourth, multiple 
imputation with random subspacing. Multiple imputation (MI) is a procedure that 
replaces each missing value with a set of plausible values that represent the 
uncertainty about the right value to impute [17]. MI has much in common with 
classification ensembles, and same to them often leads to a better accuracy than the 
simple single imputation. Random subspaces for MI in the last technique are 
generated by sampling with each feature having 0.7 probability of being selected. Ten 
base learners (k-NN) are used in our experiments with MI, which is a common choice.  

4 Experimental Studies 

4.1 Learning from Equivalence Constraints vs. the Intrinsic RF Distance 

Table 1 includes classification accuracies for plain learning techniques, such as k- 
nearest neighbour (k-NN), AdaBoost (AB), and Random Forest (RF); for k-NN with 
distance learning from equivalence constrains, with AdaBoost and RF in the product 
and difference spaces (AB-prod, AB-diff, RF-prod, and RF-diff, correspondingly); and 
for k-NN with the intrinsic RF distance (RF_dist); for the nine data sets and on 
average. The best accuracies for every data set are given in bold, and statistically 
significant differences according to the McNemar’s test for the difference between 
two proportions (this happens for the Embr_tumours and Arcene data sets only) are 
given in italic. From the table, one may see that in general, k-NN with learning 
distance functions results in accuracies no worse or even better than the plain 
techniques. This is also confirmed by the average accuracies. The best accuracies, for 
the given data sets, are always achieved with distance learning. These results are in 
line with conclusions made in similar previously reported studies. 

Table 1.  Classification accuracies for plain learners and learning discriminative distance 
functions. 

Data Set k-NN AB RF AB-prod RF-prod AB-diff RF-diff RF_dist 

Mesh .889 .905 .905 .921 .937 .905 .905 .921 
Lymphoma .978 .911 .956 1 1 1 1 .978 
Embr_Tumours .717 .733 .767 .767 .783 .750 .75 .800 
Colon .790 .839 .855 .855 .871 .871 .871 .871 
Leukemia .944 .931 .958 .958 .972 .972 .972 .972 
Arcene .837 .873 .858 .865 .863 .862 .880 .898 
Liver .646 .703 .700 .721 .711 .658 .706 .698 
Thyroid .924 .934 .944 .967 .947 .964 .962 .969 
Heart .818 .816 .811 .811 .821 .824 .824 .829 
Average .838 .849 .861 .874 .878 .867 .874 .882 
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4.2  Distance Learning with Sampling from Equivalence Constraints 

One of the biggest issues with learning from equivalence constraints is its 
computational complexity. If N is the size of the original training set, it is augmented 
with a new training set with O(N2) instances. This may make learning practically 
infeasible for data sets with already several hundreds of instances, if all instance pairs 
are used for learning. In order to address this issue, in a separate experiment we have 
studied the performance of learning when equivalence constraints are sampled 
randomly from the full set of instance pairs.  

In Figure 1 classification performance is shown for RF in the difference space, for 
random samples of instance pairs, starting from the full set of instance pairs to a 10% 
sample, on the Liver data set. 

As can be seen, performance starts to degrade noticeably when only less than 30% 
of instance pairs are used. First, the accuracy even increases a little, which can 
perhaps be explained by overfitting the overcomplete representation. This figure 
shows a typical pattern characteristic, in general, for all data sets. Only for one data 
set (Thyroid) the full set of instance pair was needed to achieve the best performance. 
For other data sets a smaller sample was enough; thus, accuracy started to decrease 
noticeably for less than 50% samples for Embr_tumours, Leukemia and Arcene, for 
less than 40% samples for Lymphoma and Colon; and even for less than 10% only for 
Mesh and Heart. Besides, this “optimal” sample size does not depend much on the 
type of the space with constraints, be it the product or the difference space. 
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Fig. 1. Classification accuracy for random samples of instance pairs, on the Liver data set 

4.3  Sensitivity to Missing Data 

In Figure 2 classification accuracy is shown for distance learning with equivalence 
constraints (Equivalence), and the intrinsic RF distance (RF_dist), for different levels 
of missing data, starting from no missing data (“0”, the original data sets) up to 30% 
of missing data values introduced randomly into the data (“0.3”). Ten-model MI with 
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bootstrap sampling is used for replacing the missing data. First, the training set was 
processed to replace the missing values, then a similar procedure was used to replace 
missing data in the test instances, and after that the techniques for learning 
discriminative distance functions could be evaluated as usual. The accuracies are 
averaged over the nine data sets.  

Learning from equivalence constraints is represented by the best technique for each 
data set in this experiment. Clearly, this gives a certain optimistic bias to the 
corresponding estimates, as long as normally validation in advance would be needed 
in order to determine the most suitable technique out of the four (that is why it 
outperforms RF_dist here, in contrast to the results in Table 1). Nevertheless, as can 
be seen from the graph, the intrinsic RF distance exhibits a robust behaviour; its 
performance reaches and even overpasses the competitor’s performance with the 
increase in the level of missing data.  

We assume that this can be explained by the robustness of the RF learner to noise 
and missing data, which is a fact already reported in many previous studies, starting 
from [6]. On the contrary, equivalence constraints may propagate noise, due to the 
nature of the product and difference spaces. Besides the experiments with missing 
data, a separate series of experiments with artificially introduced noise can be 
conducted in order to validate this finding; this forms a direction for future work. 
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Fig. 2. Classification accuracy for distance learning with equivalence constraints (Equivalence), 
and the intrinsic RF distance (RF_dist), for different levels of missing data 
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4.4  Performance of Imputation Techniques 

In Figure 3, classification accuracy is shown for the four imputation techniques that 
have been used to impute data in the data sets with injected missing values; (1) simple 
mean/mode substitution, Mean/mode, (2) single k-NN imputation, SI, (3) multiple 
imputation with random subspacing, MI (subspacing), and (4) multiple imputation 
with bootstrap sampling, MI (bootstrap). The displayed results are for the intrinsic RF 
distance, averaged over the nine data sets, for the case with 20% missing values. The 
performance of the individual imputation techniques in the context of distance 
function learning is not surprising; mean/mode substitution is the simplest and 
weakest strategy on average, then goes the single k-NN imputation which leads to 
slightly better results, and the use of multiple imputation helps to improve the 
imputation accuracy even more, for most data sets. The average accuracy 
improvement for strong imputation techniques (for multiple imputation with regard to 
the mean/mode substitution and single imputation) is relatively small, as long as for 
some data sets the simple mean/mode substitution already gives acceptable results. In 
multiple imputation in our experiments, ten base models only were used, and perhaps 
a small accuracy improvement can be achieved by increasing this number. Interesting, 
bootstrap sampling works well in this context of multiple k-NN imputation, although 
bootstrap aggregation (bagging) of lazy learners (such as k-NN) is known not to lead 
to big gains in accuracy for traditional classification.  
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Fig. 3. Classification accuracy for different imputation techniques with 20% of missing data 
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4.5  Number of Trees in RF for Distance Learning 

In order to better understand the behaviour of the two different types of distance 
learning and to validate the hypothesis regarding the higher sensitivity to overfitting 
for learning from equivalence constraints, we have conducted a separate series of 
experiments with RFs including different numbers of trees; 3, 7, 15, 31, and 63 (as a 
series of powers of 2 minus 1). 

In Figure 4, classification accuracy is shown for the plain RF classifier, RF with 
equivalence constraints (RF_equiv), and the intrinsic RF distance (RF_dist), for the 
different numbers of component trees within RF, averaged over the nine data sets. For 
RF_equiv, the best space (difference or product) is selected for every data set to 
represent equivalence constraints. 
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Fig. 4. Classification accuracy for RF, RF with equivalence constraints (RF_equiv), and the 
intrinsic RF distance (RF_dist), for different numbers of component trees within RF 

The behaviour of the plain RF classifier and the intrinsic RF distance is not 
surprising and could be expected; the accuracy plateaus with the increase in the 
number of trees and no significant accuracy increase may be expected for RFs with 
more than 63 trees. The RF behaviour for learning from equivalence constraints is 
more interesting and rather unexpected. The peak of accuracy is achieved already 
with 7 trees and then the accuracy decreases slightly, supporting our hypothesis 
regarding the greater risk of overfitting for learning from equivalence constraints. It is 
important to note that this is not only an average trend; a similar trend is exhibited for 
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every particular data set. Besides, a similar phenomenon is experienced with 
AdaBoost as well. 

The experienced phenomenon that a high accuracy is achieved with smaller 
numbers of trees in an ensemble, for learning from equivalence constraints, can 
perhaps be explained by the fact that the new task of distance learning in the 
transformed space may actually be simpler that the original learning task. 

5 Discussion 

One of the most interesting findings in our study is the fact that learning from 
equivalence constraints may be prone to overfitting noise. This was validated in our 
experiments with missing data and with different amounts of component trees in the 
ensembles. This contradicts to some extent to the conclusion made in [1], [26], where 
it is claimed that the big amount of instances in the new training set with equivalence 
constraints makes AdaBoost more robust to overfitting. However, no empirical or 
theoretical evidence were given in [1], [26] to support this claim, besides the better 
accuracies with distance learning. 

Another important issue with learning from equivalence constraints is its 
computational complexity. One way to address this issue, as demonstrated in our 
experiments, is sampling from the set of equivalence constraints. Another way, not 
addressed in this paper, is to use online learning techniques. The existing 
incrementalizations of boosting are far from being lossless, see e.g. [14]. On the other 
hand, they were shown to converge to the same accuracy for overcomplete 
representations, and the set of available equivalence constraints is often overcomplete. 
For RF there is no known good incrementalization, although we believe a lossless or 
close to lossless algorithm may exist (a nearly lossless algorithm for bagging does 
exist).  

While in our experiments, the intrinsic RF distance was shown to be more robust, a 
properly configured learning from equivalence constraints may still in many cases be 
better. However, one would need to have enough training data in order to cross-
validate and select the most appropriate representation and a learner for it (this should 
not be necessarily RF or AdaBoost only). 

The techniques and experimental results considered in this paper may be useful for 
the development of real-world case retrieval and decision support systems. As an 
example, at present we are developing a system for the retrieval of patient records that 
may include complex biomedical data; clinical, imaging and genomic data (called 
Health-e-Child CaseReasoner). The underlying inter-patient similarity (that can be 
calculated via distance functions learnt using techniques considered in this paper) can 
be visualized using neighbourhood graphs, treemaps, and heatmaps, for better 
knowledge discovery and decision support [22, 23]. The two considered techniques 
for learning discriminative distance function, when used in combination with data 
visualization techniques such as the neighborhood graph or the treemap, may become 
a powerful and flexible tool for clinical decision support in various classification 
contexts. 
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Health-e-Child is an EU-funded Framework Programme 6 (FP6) project aimed at 
improving personalized healthcare in selected areas of paediatrics, especially focusing 
on integrating medical data across disciplines, modalities, and vertical levels such as 
molecular, organ, individual and population.  The results presented in this paper 
contribute to the development of decision support systems in the project. 

6 Conclusions 

In this paper two techniques for learning discriminative distance functions were 
compared; learning from equivalence constraints and the intrinsic RF distance. The 
techniques considered are different by their nature and originate from different 
communities but have an important commonality in that that they are discriminative 
distance functions, or functions intended/optimised for case retrieval in a certain 
classification context. Both techniques demonstrate competitive performance with 
respect to the plain learning; they help to combine the power of strong “eager” 
learners with the transparency of case retrieval and nearest neighbour classification. 
As expected, the techniques of this kind are especially useful for data sets with many 
correlated, weakly relevant and correlated features and with small sample sizes, which 
is often the case with biomedical data. With experiments on missing data and with 
varying the amount of component models in the ensembles, it is shown that learning 
from equivalent constraints may have a higher risk of overfitting the data. No clear 
dependency was found between the parameter settings for learning from equivalence 
constraints, data set characteristics and classification performance. Validation on 
unseen data can be recommended in order to find a suitable configuration.  The 
intrinsic RF distance was shown to be more robust overall, although finding suitable 
parameters for learning from equivalence constraints may still be competitive. Our 
ongoing work in this area includes the application of techniques to other subject 
domains with complex data and the study of incrementalizing learners for equivalence 
constraints. The use of product space often leads to an overcomplete representation of 
the problem so that even non-lossless online implementations of learning algorithms 
may work well and converge to the accuracy of their batch analogues with this data. 
Another important direction for future work is the study of how the non-metricity of 
considered techniques contributes to their success and their comparison with the state-
of-the-art metric learning techniques. 
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