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Abstract. Random Forest (RF) distances represent powerful data-
dependent measures, which usefulness has been shown in many different 
contexts. Very recently, they have been extended to deal with missing 
data, a crucial problem which affects many biomedical domains. How-
ever, their characterization has been mainly theoretical, with simple 
experiments aimed at showing that the resulting pairwise distances, in 
the presence of missing data, are nearly equivalent to those computed 
with complete data, without focusing on a specific task like classifica-
tion or clustering. In this paper, we take a fundamental step forward 
in their evaluation, showing their usefulness in a challenging real-world 
scenario: the classification of Multiple Sclerosis (MS) according to the 
levels of various cerebrospinal fluid (CSF) protein markers. We based 
our experiments on MissRatioRF, a state-of-the-art RF-distance adapted 
for missing data. A thorough exp erimental evaluation on real data shows
that this RF-distance outperforms all other state-of-the-art distances, for
many–even severe–degrees of missingness.

Keywords: Random Forest Distances · Missing data · Multiple 
Sclerosis 

1 Introduction 

Missing data, i.e., unknown values for a particular feature in one or more sub-
jects, is a pervasive issue across many different fields. However, its gravity is 
highly dependent on the specific context: for example, i n the healthcare domain, 
it is crucial to adequately manage this issue. Indeed, in healthcare, missing 
data are common and may arise from several causes [17]. These, among others, 
include: i) manual data collection, e.g., a p hysician while visiting patient s might
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not be able to collect all required data; ii) data digitalization, e.g., nowadays 
clinical reports are digitalized, but human errors can result in missing entries, 
or some parts of the report might be unreadable; iii) sensor-related issues, e.g., 
measured values might be missing or incorrect, requiring their removal. Further-
more, healthcare datasets are often s mall and sensitive in nature, and even a few 
missing values may have an impact on the reliability o f downstream tasks such
as diagnosis, prognosis, or treatment recommendation.

From the above example, it is clear that missing data must be dealt with 
carefully. There exist several approaches to do so, the most well-known being 
data removal and data imputation [22]. Both methodologies are widely employed, 
but can be disadvantageous if the adoption choice is not adequately pondered. In 
detail, data removal decreases the overall size of the dataset, which may result in 
an inaccurate representation of the original data, whereas data imputation, by 
estimating missing values, can introduce bias in the data distribution. Clearly, a 
better alternative would be to devise techniques that are robust to missing data, 
i.e., which can be employed without resorting to imputation or data deletion. A 
clear example is represented by the adaptation of Support Vector Machines and
Naive Bayes to work with missing data [21,23]. In these approaches, missing data 
are handled via an adaptation of the training process. With respect to the task of 
distance computation, some approaches have been presented which are r obust to
missing data [1– 3, 5,10,11,26,27]: in detail, even if an object has a large number 
of missing values, its distance to other instances can be computed. Most of these 
techniques work by setting the distance between two objects to 0 along the 
feature(s) with at least one missing value, that is, the feature does not contribute 
to the final distance value. This is rather common for d ata-independent metrics,
e.g. variants of the Euclidean distance [2, 3,26,27]. More recent data-dependent 
approaches [ 5] treat missing values differently, i.e., they do not simply compare 
the values of the two objects along e ach feature.

The  proposal  made  in [5] is framed within the context of RF-distances. His-
torically, RFs have been widely and successfully used for a variety of learning 
tasks, e.g., classification and clustering [9,28]. However, in recent years, they have 
also been explored as tools for computing data-dependent distances [6, 7,29,31], 
i.e., functions embedding contextual information into the computation. In detail, 
RF-distances are based on the concept that RFs are space partitioners, and the 
distance between two objects can be computed by comparing the paths they tra-
verse in each tree of the forest. The simplest approach [7,29] defines two objects 
as similar only if they reach the same leaf, i.e., in any other case their distance is 
maximum. Instead, state-of-the-art RF-distances, such as RatioRF [6], compare 
the entire paths traversed by the objects. In detail, RatioRF evaluates how the 
objects answer to the tests associated with the traversed nodes, i.e., the simi-
larity between two objects is proportional to the n umber of tests on which they 
agree relative to the overall n umber of traversed nodes.

Variants of RF-distances robust to missing data have recently b een pro-
posed in [5]. In detail, the authors generalize the distance functions and propose 
adaptations of tree construction and traversal processes. Specifically, they define
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MissRatioRF, an extension of RatioRF, and demonstrate its robustness by show-
ing the equivalence between distance matrices computed on complete data and 
those computed on data with missing values, and by comparing this informa-
tion to other metrics. However, the authors do not e xplore the possibility of 
using MissRatioRF to perform a learning task, which could further support the
effectiveness of the methodology they propose.

In this paper, our aim is to fill this gap by using MissRatioRF in a real-
life scenario: the classification of 37 patients as healthy or MS, according to 
75 CSF markers. This task is not only clinically relevant, but also challeng-
ing. Indeed, several CSF markers are significantly altered in MS subjects com-
pared to healthy ones, with some, such as oligoclonal bands (OCBs) and kappa 
free light chains (kFLCs), included in the McDonald diagnostic criteria [18,30]. 
However, the related classification task is challenging due to several factors: lim-
ited data availability, the inherent characteristics of the dataset–typically small 
sized and permeated with missing data–, and the lack of machine learning-based 
approaches in the MS domain that employ CSF data–further details will be pro-
vided in Sect. 3. Given this context, we compare the classification performance 
of MissRatioRF with several other distance functions robust to missing data. In 
addition, we study the effect of va rious missing rates by introducing artificial 
missing values using the Missing Completely at Random (MCAR) protocol [25]. 

The rest of the paper is organized into four sections. In Sect. 2 we provide an 
overview of RF-distances and their extension robust to missing data, and also 
briefly present the proposed pipeline. Then in Sect. 3 we describe our dataset 
and the related classification problem. Sect. 4 is dedicated to the experimental 
evaluation, and lastly in Sect. 5 we draw some conclusions. 

2 Robust RF-distances 

This section is divided into three subsections: Sect. 2.1 provides an overview of 
RF-distances, Sect. 2.2 describes extensions that handle missing data, and Sect.
2.3 briefly outlines the pipeline used i n this w ork.

2.1 RF-distances 

As briefly mentioned in Sect. 1, RF-distances [ 6,29,31,34] are part of a wider 
class of distance functions known as data-dependent distance functions [32], 
which differently from data-independent ones take into account the context, 
e.g., the density of the surrounding space. For example, two pairs of objects 
which Euclidean distance is equal, may have a different distance according to 
data-dependent functions. In detail, if one pair is surrounded by fewer objects 
it will have a higher similarity. In addition to being theoretically robust and 
highly descriptive, RF-distances have been proven to be extremely successful in
a variety of contexts [16,24,28]. The reason behind their goodness is also linked 
to the innate nature of a Random Forest as a flexible data description tool: 
each forest comprises multiple decision trees, where each tree consists of tests on
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features that result in data partitioning, since each object can answer either true 
or false to the test. In essence, RFs are able to capture the relationship between 
two objects, i.e., compute their distance, by: i) having both objects walk down 
all trees, root to leaf, and collect their paths; ii) comparing the two paths in each 
tree using a s pecific distance function. Typically, most RF-distances consider two 
objects to be closer, relative to how the tree has partitioned the input space, if
the traversed paths are more similar. Indeed, the simplest RF-distance [7,29] 
extremizes this concept by assigning a similarity of 1 to two objects if they end 
up in the s ame leaf, 0 otherwise. The final value is t he average across all trees.

Over the years, more complex functions have been proposed, such as 
RatioRF [6], a very recent and well-performing RF-distance. In its compu-
tation, RatioRF considers all nodes of the trav ersed paths, and it also integrates 
Tversky’s idea [32] that the similarity between two objects is characterized by 
both their commonalities and their differences. More in detail, to compute the 
RatioRF distance between two objects, two elements must be considered: i) the 
number of tests associated to the nodes traversed by the two objects in their root 
to leaf paths; ii) the number of tests, among those identified by i), to which the 
two objects answer in the same way. The ratio between ii) and i) is the RatioRF 
similarity within a tree, which, in accordance with Tversky, takes into account 
both the similarities and the differences between the two objects. The distance 
at forest level is obtained by first computing the average similarity across all 
trees and then converting it into a distance. RatioRF, how ever, is not able to
handle missing data, i.e., missing values should either be removed or imputed
prior to distance computation.

2.2 RF-distances Robust to Missing Data 

As briefly mentioned in Sect. 1, data removal and data imputation are the most 
adopted solutions to manage missing data [22]. Data removal consists of either 
removing the samples that present at least one missing value, or the features 
which measurement is missing for at least one instance. Both choices lead to a 
decrease in the dataset size, even if along different directions, which then may 
lead to an incomplete dataset representation, e.g., if a highly discriminant feature 
gets removed. The s econd solution consists of imputing data, that is, replacing 
unknown values with an estimate. A very simple example is to populate missing 
values along one feature using a summary statistic, e.g., mean, median or mode,
but more complex methodologies exist [14,20]. Data imputation might be a 
good choice if the mechanisms causing missing data are known, otherwise these 
approaches will not only yield poor estimates, but will also introduce unwanted 
bias in the distribution of the affected feature [26]. It is therefore evident that 
the disadvantages behind these approaches are h ighly impacting, and better 
alternatives should be adopted.

One such alternative consists of the recent approach proposed in [5]  in  which  
they provide a generalization of several RF-distances robust to missing data, with 
a focus on MissRatioRF, an extension of RatioRF. In detail, to adequately 
extend RF-distances, they: i) propose alternative tree building and traversal
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mechanisms; ii) modify the notion of traversed path; iii) define an alternative 
aggregation function to combine the similarities at forest level.

As to the tree building procedure, consider the test associated to a node 
within a tree and an object that has a missing value along the feature used within 
the test: it must be established if and how the object will be used to build the 
rest of the tree. The authors design two alternative approaches: NanBoth and 
NanStop. NanBoth makes the object go down both the left and right paths, the 
rationale being that the information is not sufficient to choose only one of them, 
i.e., to separate the object from the rest. The second approach, NanStop, stops 
the propagation of the object, the principle being that a test should be defined 
only on existing values. Whereas the first approach will likely produce bigger 
trees, the latter will do the converse; however, neither technique will affect the 
rest of the tree building process. Instead, in relation to the traversal of an existing 
tree, the authors propose using only NanBoth. Indeed, the NanStop technique 
would likely produce a path too short for objects with missing values, making 
the distance computation less reliable. In addition to these modifications, the 
authors revise the formulation of RatioRF and other RF-distances by replacing 
the concept of traversed paths with that of traversed subtrees, i.e., multiple 
root to leaf paths where each test is considered only once. Indeed if an object 
encounters a test on a feature for which its value is unknown, it will reach more 
than one leaf. Lastly, the authors propose a novel way, other than the average, 
to combine the tree level similarities at forest level based on the key concept 
that each tree contributes differently depending on the amount of missing values 
used during its construction, i.e., they propose a weighted average. In detail, they 
define the information content of a tree with respect to a given pair of objects as
the ratio between the number of tests that define the subtrees traversed by the
object, and the total number of tests summed across all trees. The information
content is then used as weight within the aggregation function.

2.3 Classification with RF-distances Robust to Missing Data 

The pipeline we propose to solve the classification task consists of two steps: 
i) compute pairwise (PW) distances between all subjects, independently of the 
missing rate, using MissRatioRF; ii) use the output from step i), i.e., the dis-
tance matrix, as input to a classifier that w orks with PW distances. As to the 
latter step, in our scenario, we decided to employ a simple but straightforward
technique, the Nearest Neighbor (NN) classifier [8]. Given a novel subject, for 
which PW distances to the rest of the dataset are known, NN labels it with the 
class of its most similar instance, i.e., the one at the minimum distance.

3 Classification of Multiple Sclerosis: a Challenging Task 

Multiple Sclerosis is a chronic, inflammatory, demyelinating disease of the cen-
tral nervous system, which progression causes neurodegeneration [13]. Various 
heterogeneous factors are involved in its onset, although the exact process is
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still unknown. To diagnose MS, specific guidelines are usually follo wed, known 
as McDonald criteria [18,30]. In detail, the latest revisions include CSF-based 
evidence, alongside clinical and Magnetic Resonance Imaging (MRI)-based cri-
teria. Specifically, the presence of OCBs and kFLCs must be evaluated. Both 
markers are linked to active and past inflammation, potentially reducing the 
need for comparative MRIs to detect damage at different timepoints, crucial for 
an accurate diagnosis. The collection of CSF is t herefore essential for a smoother 
diagnostic process. In addition, several markers can help differentiate not only 
MS from healthy controls but also b etween various subtypes of MS, while others
have prognostic value [12]. 

Our dataset consists of 37 post-mortem subjects, 27 of whom suffer from 
MS and the remaining 10 are healthy controls (HC). All MS subjects, at the 
time of death, were classified as secondary progressive, the most advanced stage 
of the disease. In addition to clinical and neuropathological data, which are 
a vailable only for MS subjects, CSF data were measured for the entire cohort. 
Therefore, we will use the latter t o build a classifier that distinguishes MS from
HC. The task, as mentioned in Sect. 1, is highly challenging: i) this type of data 
is highly unlikely to be publicly available, thus making this classification task 
rare; ii) the existing literature on learning tasks related to MS focuses mainly 
on other types of data, such as MRI or clinical data [4,19,33], making CSF-
based approaches often overlooked; iii) MS-related datasets are often unb alanced, 
small, high-dimensional, and permeated b y missing values.

This is also evident in our dataset: originally, it consisted of 83 immunologi-
cal markers, but the final version contains only 75. In detail, we had to exclude 
8 markers that were measured only in MS subjects. This is a common source of 
missing data: certain features are often measured only for a specific group, MS in 
our case, because for example they were not considered relevant at the time of col-
lection. In general, recording CSF data is a lengthy process subjected to various 
factors that can cause missing data. Another example concerns strictly technical 
issues resulting in incorrect measuremen ts that need to be removed. Often, the 
experiment may not be repeatable, leading to missing values. Moreover, even if 
the experiment succeeds, measurements must be adequately recorded. However, 
data are often managed by individual researchers and are rarely stored in proper
databases, increasing the probability of losing the measurement.

4 Experimental Evaluation 

This section is divided into two parts. In Sect. 4.1, we describe the details of 
the experiments we carried out, whereas in Sect. 4.2 we present our results, 
comparing MissRatioRF with other distance functions robust to missing data.

4.1 Experimental Setup 

Given the dataset described in Sect. 3, we performed several experiments: first, 
we build a RF using Extremely Randomized Trees [15], then we compute pairwise
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distances using MissRatioRF and lastly, we use the distances to classify the 
subjects as MS or HC. In detail, each tree was built to its maximum depth and 
with 50% of the features, and we varied the following parameters: i) propagation 
variant: NanStop and NanBoth–both described in Sect. 2.2; ii) number of trees 
in a forest T ; iii) ratio of training samples S used to build each tree. Given the 
latter, we defined the follo wing configurations (cf):

1. cf1: NanStop, T = 100 ,  S  = 50%
2. cf2: NanBoth, T = 100 ,  S  = 50%
3. cf3: NanStop, T = 500 ,  S  = 50%
4. cf4: NanBoth, T = 500 ,  S  = 50%
5. cf5: NanStop, T = 200 ,  S  = 80%
6. cf6: NanBoth, T = 200 ,  S  = 80%
7. cf7: NanStop, T = 400 ,  S  = 30%
8. cf8: NanBoth, T = 400 ,  S  = 30%
9. cf9: NanStop, T = 200 ,  S  = 100%

10. cf10: NanBoth, T = 200 ,  S  = 100%

Please note that given a cf, distances were aggregated at forest level in two dif-
ferent ways, V1 and V2, which are respectively t he average and the weighted 
average as briefly described in Sect. 2.2, for a total of 20 different variants. Addi-
tionally, given the random nature of RFs, for each configuration, we iterated the 
whole procedure 100 times to increase robustness. The obtained matrices were 
then used to train and test a NN classifier using the Leave-One-Out protocol. 
Performances were evaluated by computing t he average classification error across
the 100 iterations.

MissRatioRF was then compared to the following state-of-the-art distances 
for missing data: HEOM, HVDM, HEOM-Redef, HVDM-Redef [26,27] 
and Mean ED [ 2, 3], which are all variants of the Euclidean d istance; Bhat-
tacharyya [1] which extends the Mahalonobis distance; FWPD-Clas and 
FWPD-Clus which are both extension of the FWPD distance and that d if-
fer only in the value of the parameter α [10,11]. The same classification protocol 
used for MissRatioRF is adopted, except for t he 100 iterations.

The entire protocol, applied to both MissRatioRF and the other distance 
functions, is repeated for 8 different missing rates, starting from t he original 
(0.0011). This rate is then increased by syn thetically generating missing values
using MCAR [25], reaching up to 50.09% of missing values. Briefly, MCAR works 
by removing data without considering the possible existing relations among the 
features. Howeve r, we ensure that each subject retains at l east one known value.

4.2 Results 

In Tables 1 and 2 we report the (average) classification error for each configu-
ration and aggregation variant of MissRatioRF, along with the results obtained 
with the extensions o f geometric-based distance functions. Each column indicates 
a different missing rate (MR) with Tables 1 and 2 containing, respectively, results
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Table 1. Comparison of MissRatioRF with state-of-the-art distances (low M R).

Distance MR = 0.0011 (Original) MR = 0.0112 MR = 0.0512 MR = 0 .1013 
MissRatioRFv1-cf1 0 0 0 0 
MissRatioRFv2-cf1 0 0 0 0 
MissRatioRFv1-cf2 0 0 0 0 
MissRatioRFv2-cf2 0 0 0 0 
MissRatioRFv1-cf3 0 0 0 0 
MissRatioRFv2-cf3 0 0 0 0 
MissRatioRFv1-cf4 0 0 0 0 
MissRatioRFv2-cf4 0 0 0 0 
MissRatioRFv1-cf5 0 0 0 0 
MissRatioRFv2-cf5 0 0 0 0 
MissRatioRFv1-cf6 0 0 0 0 
MissRatioRFv2-cf6 0 0 0 0 
MissRatioRFv1-cf7 0 0 0 0 
MissRatioRFv2-cf7 0 0 0 0 
MissRatioRFv1-cf8 0 0 0 0 
MissRatioRFv2-cf8 0 0 0 0 
MissRatioRFv1-cf9 0 0 0 0 
MissRatioRFv2-cf9 0 0 0 0 
MissRatioRFv1-cf10 0 0 0 0 
MissRatioRFv2-cf10 0 0 0 0 
HEOM 0.027 0.054 0.027 0.108 
HVDM 0.027 0.054 0.054 0.108 
HEOM-R 0.027 0.054 0.027 0.108 
HVDM-R 0.027 0.054 0.054 0.108 
MeanED 0.081 0.081 0.081 0.081 
Bhattacharyya 0.027 0.054 0.027 0.054 
FWPD-Clas 0.081 0.081 0.108 0.054 
FWPD-Clus 0.081 0.054 0.108 0.054 
Best MissRatioRF 0 0 0 0 
Best Alternative 0.027 0.054 0.027 0.054 

for low (from 0.0011 up to 0.1013) and high (from 0.2027 up to 0.5059) degrees of 
missingness. Further, for each missing rate, we also report in separate rows both 
the best configuration of MissRatioRF and the best alternative distance mea-
sure. We can observe that MissRatioRF is very robust, showing almost perfect 
classification results independently of the chosen configuration and aggregation 
variant. As evident from both tables, MissRatioRF is highly reliable also when 
the missing rate reaches very high values, showing performances that decrease 
only slightly and only for specific configurations. Indeed, the highest classification 
error is 0.0620–an average of 2.3 misclassified subjects–for MissRatioRFv1-cf1
and the highest degree of missingness. The other distance functions also perform
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Table 2. Comparison of MissRatioRF with state-of-the-art distances (high MR).

Distance MR = 0.2027 MR = 0.3305 MR = 0.4048 MR = 0 .5069 
MissRatioRFv1-cf1 0.001 0.003 0.028 0.062 
MissRatioRFv2-cf1 0.001 0 0.020 0.024 
MissRatioRFv1-cf2 0 0 0 0.009 
MissRatioRFv2-cf2 0 0 0 0.013 
MissRatioRFv1-cf3 0 0 0.017 0.046 
MissRatioRFv2-cf3 0 0 0.011 0.018 
MissRatioRFv1-cf4 0 0 0 0.004 
MissRatioRFv2-cf4 0 0 0 0.011 
MissRatioRFv1-cf5 0 0.001 0.022 0.044 
MissRatioRFv2-cf5 0 0.001 0.018 0.021 
MissRatioRFv1-cf6 0 0 0 0.011 
MissRatioRFv2-cf6 0 0 0 0.017 
MissRatioRFv1-cf7 0 0.001 0.023 0.054 
MissRatioRFv2-cf7 0 0 0.009 0.014 
MissRatioRFv1-cf8 0 0 0 0.008 
MissRatioRFv2-cf8 0 0 0 0.011 
MissRatioRFv1-cf9 0 0.001 0.021 0.039 
MissRatioRFv2-cf9 0 0 0.023 0.019 
MissRatioRFv1-cf10 0 0 0 0.017 
MissRatioRFv2-cf10 0 0 0 0.021 
HEOM 0.351 0.243 0.135 0.324 
HVDM 0.378 0.297 0.270 0.324 
HEOM-R 0.216 0.405 0.405 0.405 
HVDM-R 0.297 0.405 0.378 0.459 
MeanED 0.135 0.162 0.162 0.378 
Bhattacharyya 0.054 0.081 0.108 0.189 
FWPD-Clas 0.135 0.162 0.216 0.243 
FWPD-Clus 0.270 0.216 0.216 0.216 
Best MissRatioRF 0 0 0 0.004 
Best Alternative 0.054 0.081 0.108 0.189 

well, with Bhattacharyya being, on average, the best one; however, MissRatioRF 
consistently outperforms them all. Further, these measures are more affected by 
the increase in missing rate, i.e., the average classification errors reported in
Table 2 are considerably worse than those in Table 1.  To  provide  a  clearer  vie  w  
of the latter point, Fig. 1 shows the trend of classification error for all missing 
rates for each distance function. As for MissRatioRF, for the sake of clarity, 
we only report one specific configuration, which is the worst one on average.
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Fig. 1. Comparison of the distance functions across varying missing rates.

Observing Fig. 1, previously drawn conclusions are even more striking: whereas 
the performance of MissRatioRF begins to worsen at 30% missing rate, all other 
distance measures exhibit an increasing error as soon as the missingness degree 
exceeds 10%. In conclusion, even if the classification problem is highly chal-
lenging, MissRatioRF performs extremely well independently of the degree of 
missingness and also compared to other distance functions robust to missing 
data. Regarding interpretability, perfect classification indicates that some mark-
ers have enough predictive power to avoid any misclassification. However, due 
to the small size of the dataset, we should test the pipeline on a larger cohort to
identify a reliable set of markers with potential diagnostic value.

5 Conclusions 

In this paper, we applied MissRatioRF, a novel methodology that efficiently 
computes distances in the presence of missing data, to a complex real-world 
problem, the diagnosis of MS based on CSF data. In detail, missing data are 
neither removed nor imputed, instead they are actively used in the distance 
computation. Although the original paper proved the theoretical robustness of 
MissRatioRF, it was not used for any learning task. In this work, we demonstrate 
its effectiveness in the context of classification. Indeed, MissRatioRF not only 
achieves better results than other distance functions, but its performance remains 
stable as the missing rate increases. As mentioned, future research will focus on 
testing the pipeline on a more complex dataset from mass spectrometry that is 
currently being generated. This dataset will have more samples–addressing the
limitation of the current study–over 10000 markers, and, as is typical of omic
datasets, higher amounts of missing data.
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