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Abstract

Background Certain diseases require rapid treatment to avoid long-term consequences for patients. However,

they may be difficult to recognize, especially if the symptoms are ambiguous and compatible with multiple possible
diagnoses. Completing all necessary examinations often takes time, thereby prolonging patient suffering. Data-driven
approaches, such as single-label classification (SLC) and multi-label classification (MLC), can help accelerate the
diagnostic process and improve accuracy.

Methods Comparing SLC and MLC allows us to investigate whether disease recognition benefits from considering
comorbidities. In this context, we aim to provide a conceptual framing of (differences between) the two approaches
in model formulation, decision spaces and handling of class imbalance. To empirically assess their performance, we
conduct a case study applying SLC and MLC to data from chronic pain patients.

Results Our analysis yields an ambiguous picture of whether incorporating comorbidities improves disease
recognition. The suitability of SLC and MLC is determined by multiple factors, notably the dependency structure
among diseases and between diseases and covariates, as well as by data characteristics such as class imbalance.
Consequently, it is of high importance to address each individual problem in an individual manner, especially when
the implications can be significant, such as in patient referrals.

Conclusion Our study highlights the importance of considering the specific characteristics of the data when
selecting an appropriate classification approach for disease recognition and beyond. We illustrate how underlying
assumptions, learning structures, and strategies for handling class imbalance shape predictive performance. Our
results thus lead to the point that computational prediction tools should serve as decision support for treating
physicians, but never replace their clinical judgment.
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Background

Introduction

Patients can suffer from several diseases simultaneously.
With regard to relevant symptoms, there is often one
disease that is mainly responsible. This disease is called
‘main disease’ in the following. However, possible other
diseases, known as ‘comorbidities, might be present and
cause similar symptoms. Based on this knowledge, vari-
ous differential diagnoses are conceivable. Investigations
to verify all suspected diagnoses may take several weeks
or months, especially if waiting times for appointments
at secondary care units are long. This can lead to a delay
in adequate treatment prolonging the patient’s suffer-
ing and potentially leading to long-term consequences.
It seems reasonable to consider a patient holistically as
comorbidities, assumed that they are correlated with the
main disease, provide further information which can be
used for the recognition of the disease of interest. This
may facilitate the diagnostic procedure. Data-driven dis-
ease recognition approaches might support physicians
in diagnosing a patient faster by simultaneously taking
proper consideration of comorbidities.

In statistics, disease prediction is a typical case of
classification (e.g. Dangare and Apte [1], Vijayarani and
Dhayanand [2], Garate-Escamila et al. [3]). Two concepts
for classification are distinguished: single-label classifi-
cation (SLC) and multi-label classification (MLC). The
difference between these two approaches lies in the num-
ber of labels, i.e. the assignment of one unit of a data-
set (henceforth sample) to a specific group (henceforth
class). More specific, SLC methods assume a sample to
exclusively belong to exactly one class; the respective
label of this class is assigned to the sample. In contrast to
that, MLC approaches are able to assign multiple labels
to a sample; a sample can consequently belong to one
class, to several classes simultaneously or even to none.
Depending on which assumptions are fulfilled by the
classification task at hand, one concept might be better
suited.

In literature, SLC is used considerably more frequently
than MLC. Still, both approaches are used in various
domains, such as text categorization (e.g. Kwon and Lee
[4], Crammer et al. [5], Liu et al. [6]), fault detection (e.g.
Dineva et al. [7]), detection of emotion in music (e.g.
Turnbull et al. [8], Trohidis et al. [9]) and in the medi-
cal context. As an example for MLC, Abdel Maksoud
et al. [10] summarize contributions to its application to
diagnose several diseases via medical image classifica-
tion. Further, Farooq et al. [11] use a multi-class convolu-
tional neural network for Alzheimer’s disease prediction.
Wosiak et al. [12] analyze the identification of comor-
bidities by applying different methods for MLC. They
investigate methods that ignore relations between classes
and those which account for them and demonstrate that
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the latter ones achieve higher values for the considered
performance measures. In addition, Zufferey et al. [13]
use MLC to achieve precise classification of patients
with chronic diseases. They consider time series health
records of patients in the MIMIC-II dataset [14].

The performance of SLC and MLC methods is com-
pared in different research fields. To give a few exam-
ples, Sajid et al. [15] review the use of these methods for
document classification as well as arising issues. They
point out the need for MLC to appropriately assign cat-
egories to research articles based on metadata or the
articles’ content. In the context of drug development,
Michielan et al. [16] recommend to apply MLC instead
of SLC to predict those enzymes which are involved in
the metabolism of a specific substrate. The review by Wu
et al. [17] highlights the limitations of SLC as well as the
advantages of MLC in the field of microbiome research,
assuming that patients may suffer from several diseases
simultaneously.

Despite the frequent use of SLC and MLC for disease
recognition based on health records, we are not aware
of a methodological review of these two approaches
with respect to their conceptual foundations, practi-
cal procedures, assumed decision spaces, and strategies
for handling class imbalance. Our work aims to fill this
gap. Other than Zufferey et al. [13], Wosiak et al. [12]
and Wu et al. [17], we explore the potential added value
of considering comorbidities by applying both classifi-
cation approaches and comparing their predictive per-
formance. Consequently, the novelty and added value
of our contribution lies in two complementary aspects:
First, a concept-driven analysis that explains and visual-
izes the fundamental differences between SLC and MLC
in a concise yet comprehensible manner; and second, a
data-driven investigation that applies both approaches to
patient-derived medical data of a hospital-based depart-
ment for internal medicine and rheumatology in Biele-
feld, Germany, without assuming superiority of either
method in advance. By doing so, we investigate whether
the consideration and simultaneous recognition of
comorbidities (using MLC) improves the predictability of
the disease of interest compared to a recognition of the
disease in isolation (using SLC).

Case study: recognition of immune-mediated
inflammatory diseases

‘Immune-mediated inflammatory diseases’ (IMID) is a
generic term for a group of still incurable diseases with
systemic (i.e. affecting a whole organ system) inflam-
mation, for instance, rheumatoid arthritis, spondyloar-
thritis and others [18]. These diseases belong to a class
of inflammatory autoimmune diseases which are driven
by genetic and environmental factors [19] and are caused
by an improper inflammatory response of the body’s
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immune system to self-antigens [20]. Suffering from
IMID leads to pain and other symptoms, and diminishes
functioning and quality of life [21]. Effective therapies
which can alleviate the pain (usually consisting of basic
therapeutic agents and a glucocorticoid) are already
available [18].

Fast diagnosis facilitates the contemporary initiation
of a proper therapy which might reduce the complaints
and avoid severe long-term consequences. An important
part of the standard diagnostic procedure for IMID is
measuring the value of the C-reactive protein (CRP) in
the blood, as this is a valid indicator for an inflammation
[22]; CRP is often increased in IMID. A patient with an
increased CRP and suspicious pain is usually referred
from primary to secondary care unit to confirm IMID.
However, long waiting times for an appointment delay
the start of suitable therapy. Such waiting times arise due
to limited capacity in the secondary care units, which is,
among others, strained by many other, often unnecessary
referrals. Inaccurate referrals, again, stem from the fact
that a precise diagnosis is challenging for non-specialized
primary care physicians. More reliable identification
of IMID patients in primary care would relieve the sec-
ondary care units and improve the chances of providing
rapid treatment for these patients.

IMID is frequently accompanied by comorbidities [18],
e.g. fibromyalgia syndrome (FMS), osteoarthritis (OA)
and other pain-causing diseases (OPCD). This can lead to
IMID being unrecognized, as the symptoms (e.g. move-
ment restrictions or joint pain) are put on other diseases
which are treated first. However, IMID is the disease
among these four which needs most urgent treatment
due to possible irreparable consequences. In this case
study, we investigate how the recognition of IMID can be
supported using statistical classification methods. In par-
ticular, we examine whether a diagnosis can be improved
by a joint analysis of IMID and its comorbidities, namely
EMS, OA and OPCD. In terms of statistical methodology,
we ask the question whether the application of MLC con-
stitutes an advantage over SLC in the particular medical
context. To this end, we analyze data of patients with sus-
pected or diagnosed rheumatic diseases.

Methods

Classification

Classification is an established supervised learning con-
cept to assign class memberships to samples based on
observed variables. In the following, we describe the
rationale of classification while highlighting the differ-
ences between SLC and MLC. Moreover, we introduce
specific classifiers which we use in our case study. More
detailed explanations of SLC and MLC are provided in
James et al. [23] and Herrera et al. [24], respectively.
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Single-label and multi-label classification
We consider tuples (x;,y;) which consist of covari-

ates x; = (T41,%i2,...,%;p) and target variables
yi = (yl,v2,...,yf), where i € {1,...,n} indicates the
ith sample of a dataset, # is the number of samples, p is

the number of covariates, and C is the number of classes.
The target variable is a vector y; € {0,1}“ whose ;"
component is equal to one if sample i belongs to class j

and zero otherwise, ie.V j € {1,2,...,C}:

i [ 1, if sample i belongs to class j
Y =1 0, otherwise.

The vector y; represents the ground truth and is hence-
forth called ‘true labelset’

Classifiers aim to suitably map observed covariates
x; to the target; this mapping is based on a model. The
classifiers are trained on true labelsets (see Model train-
ing and prediction section); the resulting predictions are
given as §; = (91, 97,...,9). The entries of this vector
are either discrete or continuous, depending on the mod-
eler’s choice. Discrete entries are similarly defined as in
Eq.(1),ie.Vje{1,2,...,C}:

¥ 1,
i={ o

Continuous predictions can e.g. express probabilities or

1)

if sample i is predicted to belong to class j
otherwise.

average votes for class memberships, with 175 € [0,1] for
every j. In the following, we refer to g, as ‘predicted label-
sets; both for discrete and continuous predictions.

SLC and MLC differ in the fundamental assumption of
how many classes a sample can belong to (ground truth).
This naturally translates to a difference in the number of
labels which a classifier can assign to a sample (predic-
tion). SLC assumes that each sample belongs to exactly
one of C classes, i.e. the classes are mutually exclusive.
Consequently, y; is a unit vector so that chzl yf =1
holds. The latter is also required for g,. In discrete pre-
diction, a classifier assigns exactly one of the C labels to
each of the samples i (see Model training and predic-
tion section). In case of continuous prediction, the vector
Y, expresses the probabilities for the classes of sample i.
A discrete predicted labelset can still be derived from a
continuous one, for example by choosing the label with
highest predicted probability. MLC is less restrictive
than SLC on ground truth assumptions in the sense that
it allows samples to belong to several classes simultane-
ously, including the option that a sample belongs to none
or all of the considered classes. Thus, y; is not necessar-
ily a unit vector but its components are equal to one for
every class j that sample i is part of. Consequently, MLC
potentially assigns multiple predicted labels to a sample.
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In case of continuous prediction, §/ € [0,1] for every j
without any further constraint on their sum.

To illustrate application scenarios, we first consider the
simplest case of binary classification with C' = 2 possible
outcomes. One may, for example, aim to classify patients
as either suffering from a coronary heart attack or not.
Here, the considered outcomes ‘yes’ and ‘no’ are impera-
tive for SLC; each patient can exclusively belong to one
of these classes. In other contexts, however, the two con-
sidered classes do not necessarily have to be mutually
exclusive. Think about patients who suffer from a coro-
nary heart attack or a pulmonary embolism for instance.
Both diseases can occur simultaneously. It depends on
the modeler whether the classes are assumed to be mutu-
ally exclusive, e.g. due to the low probability of co-occur-
rence; in that case, one would opt for SLC. Alternatively,
the samples may be assumed representative for a popula-
tion in which simultaneous or no occurrences are consid-
ered relevant; this would support the use of MLC.

In both SLC and MLC, the binary case can be extended
to more than two classes, i.e. to C' > 2. Consider a set of
patients who suffer from a coronary heart attack, a pul-
monary embolism or asthma. There are three classes
which they can belong to. As before, one may exclude
co-occurrences, resulting in SLC; this is called ‘multi-
class SLC. However, it is also possible that none, several

Single-label Classification
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or even all of these classes apply to a patient. If we relax
the assumption of mutual exclusiveness, a patient can
be assigned up to three labels simultaneously, as done
in multi-class MLC. In practice, the term 'multi-class’ is
commonly used in the context of SLC; consequently, the
additional terms ‘single-label’ and ‘multi-class’ are often
only used when particularly relevant.

The different assumptions on simultaneous class mem-
bership in SLC and MLC lead to differences in the state
spaces of the labelset, the decision spaces and the clas-
sification procedures. In Fig. 1, we graphically illus-
trate the decision and state spaces for C =2 and C' =3
classes, both for discrete and continuous prediction and
both for SLC and MLC: The state and decision spaces
of the C-dimensional labelset appear as a square and a
cube, respectively; each edge orientation represents one
class, each corner a combination of class assignments
from {0, 1}¢. For example, the point (0, 1, 0) of the cube
stands for exclusive membership to the second out of
three classes; the point (0, 1, 1) represents simultaneous
membership to the second and third out of three classes.
While MLC allows every combination of class member-

ships, SLC requires Zle yj = 1. Thus, both the state

and decision spaces for SLC are true subsets of those
for MLC. For example, the labelsets (0, 0) and (1, 1) can

Multi-label Classification

discrete continuous discrete continuous
C — 2 (0,1 0,1) 0, 1,1) 1
yi = (i vf)
< o [ e
> 2 2 2 2
with y}, y? € {0,1} o & 5 ©
\
N\
class 1 (1,0) class 1 (1,0) (0, 0) class 1 (1,0) (0, 0) class 1 1,0)
y € € [0,1] yr, 97 € {0,1} 1, 92 € [0,1]
1 7}7 /”‘/‘
vityi=1
C = 3 (1,1,1) 1,1,1
) . 1,1 (0,1
Yi= O’s Vi ‘.VJ’) \ 0 \ 1,1,0 1,0 1,1
with y, 2,7 € {0,13 o o
Z 4
(0,0, 1) ,0,1) 0,0,1) b
<z <
1 (1,0,0) %%\“"” 0) s 5 class 1 (1,0,0)
0,0,0) (0,0,0)

yi+ yi+yl=

Fig. 1 State spaces of y; and decision spaces of §; for any sample ¢ € {1,

0,0

...,n}.SLC and MLC are illustrated for C = 2 and C' = 3 classes and for

both discrete and continuous prediction. In green, potential true labelsets are depicted, whereas the possible predicted labelsets are shown in orange



Schmiegel et al. BMC Medical Research Methodology (2026) 26:155

only occur in the MLC setting. Assumptions on true class
membership naturally extend to the set of possible pre-
dictions. Green color stands for the state space of the true
labelset y; (all possible true labelsets), orange color marks
the decision space of the predicted labelset g, (all pos-
sible predicted labelsets). For discrete predictions, these
spaces are identical. For continuous prediction, the deci-
sion space expands substantially: For C' = 2, it stretches
to the diagonal (in case of SLC) and the entire surface
(MLC); for C' = 3, it fills a triangular surface (SLC) and
the entire cube (MLC).

Model training and prediction

To make meaningful predictions, a classifier needs to
learn how to suitably map the covariates x; to the true
labelset y;. To that end, the classifier is trained on a sub-
set of the data (henceforth training set). To assess how
accurate the learned mapping classifies new data, it is
applied to the remaining subset of the data (henceforth
test set) which was not used for model training. By com-
paring the predicted labelset to the true labelset, the
model performance can be evaluated using different mea-
sures, e.g. sensitivity, specificity, precision and F1-score.
A perfect model, predicting the correct class for each
sample, would achieve values of one in these four mea-
sures. Thus, the closer the value is to one, the better the
model’s performance. Subsequently, the learned mapping
can be applied to new data which is completely indepen-
dent of the training and test set (so-called validation set).

A large variety of classifiers is available. In the case
study, we use tree-based methods, namely decision trees
(DTs) and random forests (RFs), k-nearest neighbors (k-
NN) classifiers, logistic regression models (LRMs) and
neural networks (NNs), specifically multi-layer percep-
trons (MLPs). The selection is motivated in Methodical
procedure section. We roughly outline these methods in
the following.

DTs employ step-wise separation of the covariate space
into distinct regions [23, 25]. The splitting rules are cho-
sen such that most training samples are correctly clas-
sified; the predicted label results as the mean label of all
samples falling into such a region. To build an RF, a fixed
number of DTs is fitted to the data, each DT making a
prediction per sample. The final prediction is then made
by majority vote. Majority voting is also used for k-NN,
considering the k nearest points of an observation x; [25]
to assign a class label. The k nearest and already classified
neighbors are selected using a distance metric, e.g. the
Euclidean distance or the Manhattan distance. An LRM
is a regression model [23] which connects covariates to a
target variable that lies in [0, 1] and represents the prob-
ability for a certain class membership. The link between
the covariates and target variables is established through
the logistic function which maps the real line to the unit
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interval [0, 1]. Accordingly, the probabilities for the dif-
ferent classes are modeled indirectly via the ;. Regard-
ing NN, a broadly used type are MLPs [26]. They consist
of at least three layers: an input layer, one or more hidden
layers and an output layer, each connected to the previ-
ous and the following one. NNs predict an outcome by
transmitting the input data through all layers by follow-
ing a feed-forward architecture, i.e. without any loop that
allows for a repeated run-through of the layers.

The aforementioned classifiers are directly applicable
in the context of SLC. For MLC, the classifiers are com-
bined with one out of three common MLC workflows,
namely (i) adaptation-based algorithms, (ii) ensemble-
based methods or (iii) transformation-based methods.
These are explained in detail in Herrera et al. [24]. Adap-
tation-based approaches are classifiers, such as a k-NN
classifier, which are adapted from the single-label to the
multi-label setting so that they are able to predict multi-
ple labels simultaneously. Ensemble-based methods com-
bine the results of a set of different single-label classifiers
to predict a multi-label vector. Transformation-based
methods handle the MLC task by transforming the prob-
lem into an SLC task, either into a binary or into a multi-
class classification tasks. We apply transformation-based
methods in the case study and therefore discuss them in
more detail here.

For transformation-based methods, three main
approaches can be further distinguished: binary rele-
vance (BR), label powerset (LP) and classifier chain (CC).
Fig. 2 graphically visualizes these three approaches. As
an example, we consider an MLC problem with C' =3
non-exclusive classes. The original dataset is shown at the
top of the figure, the three approaches to predict the true
labelset y; = (yi,y2,y?) for a sample i are illustrated
below. For them, covariates are highlighted in gray; exem-
plary discrete predictions are shown in white.

BR divides the multi-label multi-class task into C
independent single-label binary classification tasks and
merges the results afterwards (indicated by ‘+’) [27].
In our example, C' =3 binary single-label classifiers
are used to predict C' = 3 labels §}, 92,9} per sample i.
The set (g}}, 92, ﬂf) forms the predicted labelset. The
approach can also be called an ensemble of binary clas-
sifiers as it combines BR with the ensemble-based
approach [24]. Read et al. [28] state that BR is often seen
critically due to the fact that label correlations are uncon-
sidered; however, they highlight the resistance to overfit-
ting and the low computational complexity as convenient
properties of BR.

The LP approach transforms the multi-label multi-class
task into a single-label multi-class classification prob-
lem [24] by increasing the number of classes: Every pos-
sible labelset is treated as a new single class, e.g. when
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Fig. 2 Visualization of transformation-based methods BR, LP and CC in the MLC setting to predict the target vector y; = (yil, y?,yf). Exemplary
original data is given in the blue table at the top. BR fits a binary single-label classifier for each label based on the covariates (gray shaded columns).
The resulting predictions (white shaded columns) are combined (visualized by ‘+) to full labelsets. For LP, the true labelsets are transformed into new
classes (orange shaded table); based on this, the multi-label multi-class task turns into a single-label multi-class problem. For CCs, the labels are predicted
consecutively. The label order for the prediction in a CC is alterable and may impact the outcome. The example shows discrete prediction; continuous
prediction works the same way
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originally dealing with C' = 3 classes, there are 2¢ = 8
possible labelsets and therefore eight classes for the new
single-label multi-class problem. This allows the applica-
tion of well-established SLC techniques. Nonetheless,
one big disadvantage of this method is the large number
of classes after transformation even for small numbers
of classes in the original problem. In addition, the new
classes appear with no order, although their content-
related closeness varies. But above all, the probability
of unobserved labelsets increases with the number of
classes, and it is impossible to predict unobserved label-
sets using LP [28].

Other than BR, a CC takes into account class correla-
tions as it performs consecutive step-wise binary single-
label prediction for the different labels (indicated by the
arrows) [28]: CCs start by using the observations x; to
predict the first label y; for every sample, then, it uses the
observations «; and the predictions :f/ll , which are now
considered as truth, as covariates to predict the second
label y?. Afterwards, the observations x; and the pre-
dictions 3}11 and Q? are used as covariates to predict y?
. This procedure is continued until y¢ is reached. For
model training, the respective elements of y; are used in
every step of the chain. Special attention should be paid
to the order of the label predictions: The order might
highly affect the performance of a CC [28] as incorrect
predictions in early labels can lead to a bias in the fol-
lowing ones. The use of multiple CCs (referred to as an
ensemble of classifier chains, ECC) can help to mitigate
the effects of the ordering [28]. An ECC consists of a set
of CCs. Each CC is trained on randomly selected (with
replacement) samples using a random label order; each
CC generates a vector of predictions ¢, for each i. The
predictions for the i*" sample are subsequently averaged
across all CCs and a joint decision is made for the ele-
ments of y,.

Class imbalance in SLC and MLC

Class imbalance describes the situation of markedly dif-
ferent class frequencies in the training set. Even if this
imbalance reflects the characteristics of the underlying
population, it leads to practical problems in classifica-
tion: Common classifiers tend to attach greater impor-
tance to the majority class; hence, classifiers use this class
as prediction for many samples to increase the number
of correctly classified samples and thus achieve satisfying
performance measures. Consequently, the minority class
is tendentiously ignored [29]. This is problematic in many
applications such as fraud detection (e.g. Wei et al. [30])
or disease recognition (e.g. Cohen et al. [31]), where the
minority class is of particular interest and its non-consid-
eration might have severe consequences. This makes the
issue of class imbalance a relevant and widely discussed
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topic (e.g. in Guo et al. [29], Sahare and Gupta [32], Gos-
ain and Sardana [33]).

Different methods for handling class imbalance are
available. Among these are random over-sampling (ROS,
[34]) and random under-sampling (RUS, [34]) as well as
synthetic data generation, e.g. via the ‘Synthetic Minor-
ity Over-sampling Technique’ (SMOTE, [35]). The idea
behind all these approaches is to artificially equalize class
sizes, either by reducing or by increasing them. ROS ran-
domly selects samples (with replacement) of the minor-
ity class and replicates them until the number of samples
reaches the number of the majority class. As a conse-
quence, ROS entails the risk of overfitting due to dupli-
cates in the data [36]. RUS, in contrast, randomly selects
samples of the majority class and eliminates them from
the dataset until the classes are of the same size. A draw-
back of this technique is that the dataset is reduced and
potentially informative samples are removed [36]. Syn-
thetic data generation is the process of creating artificial
samples for the minority class, which are based on the
real data. SMOTE uses the covariates of the k nearest
minority samples of the original dataset and interpolates
between them [35]. This technique avoids the problem of
overfitting [36]. Nevertheless, the synthesis of new data is
exclusively based on the minority class while the major-
ity class remains unconsidered during this process. Con-
sequently, samples that are ambiguous in terms of their
class membership may be generated [37], i.e. synthesized
data that should belong to the minority class can simulta-
neously be close to the majority class.

The described strengths and weaknesses are well
known and extensively analyzed in the context of SLC.
For MLC, additional difficulties arise, especially when
using CCs, where the predictions of labels in the chain are
based on the predictions of preceding labels. If these are
heavily biased, e.g. due to imbalanced classes, the predic-
tion of the subsequent labels might be biased as well [38].
In addition, the methods described above for handling
imbalanced classes are less straightforward to be applied
to CCs than in the SLC setting: The true labels might be
correlated, and therefore, correcting for an imbalance in
one label using, e.g. RUS may cause a new imbalance in
a different label. A possible way to handle this is to use a
CC with RUS in such a way that RUS is integrated in each
step of the CC before predicting the next label [39]. An
alternative approach to treat class imbalance in MLC is
to apply RUS or ROS at the level of labelsets rather than
classes [40]. However, if the difference between frequen-
cies of the most common and the rarest labelset is large,
this procedure can lead to the dataset becoming either
extremely small (if RUS is applied) or extremely inflated
(for use of ROS).

To achieve a balanced compromise, we combine ROS
and RUS [41] in our real-data case study: In SLC, classes
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with smaller-than-average size are enlarged by ROS,
while classes with above-average size are reduced by
RUS. The procedure is similar for MLC, with the only
difference that ROS and RUS are applied to the labelsets
rather than classes. In the following, we refer to ROS and
RUS in the context of SLC as S-ROS and S-RUS, respec-
tively, and in the context of MLC as M-ROS and M-RUS.

Case study

Data

The data analysis was done retrospectively on cross-sec-
tional data collected by the Department of Internal Medi-
cine and Rheumatology at Klinikum Bielefeld, Germany.
All patients attended the clinic between 2019 and 2021 as
they were suspected to suffer from a rheumatic disease or
as they were already diagnosed with it. The original data-
set contained observations from 1150 patients of 34 vari-
ables; among these were core data (age, sex, admission
type, date etc.), information about glucocorticoid intake
(‘prednisolone’) and the CRP value. Further, there were
results of different scales to allocate a patient’s pain to a
certain disease, in particular, results of the Fibromyalgia
Rapid Screening Tool (FiRST) [42], the number of ten-
der points as well as results of the Numeric Rating Scale
(NRS) [43].

During data preprocessing, we excluded variables
related to the course of a disease because we considered
these variables subordinate for our research question.
In addition, we discarded the body mass index and the
weight category which were partially inconsistent with
weight and height data. Further, 81 % of both variables
were missing. Also for height and weight, the large num-
ber of missing values (80 % and 77 %, respectively) was
the reason for excluding these variables from our dataset.
We further removed information about the examining
physician, the admission date and the binary answers to

Table 1 Description of the covariates used for analysis
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the six single questions of the FIRST questionnaire (while
the accumulated score was still included for analysis). The
covariates used for analysis are described in more detail
in Table 1. The total proportion of missing values in the
covariates is 6.4 % and relates to the tender points (28 %),
NRS (20 %), the duration of symptoms (10 %), CRP (4 %),
the dose of prednisolone (1 %) and the intake of pred-
nisolone (1 %) (see Fig. Al in the Supplementary Mate-
rial). We decided to not impute missing values for three
reasons: health records are highly individual; particular
importance is attached to the empirical covariance struc-
ture; and the dataset contains rather few covariables.
Therefore, we perform our analysis using complete data
of 663 patients.

Each patient underwent investigations for IMID, FMS,
OA and OPCD, which distinguishes the case from typical
clinical routine data, where exclusion diagnoses are more
common. The dataset explicitly documents up to three
diagnoses, each assuming to contribute to the symptoms
to some extent; the fourth disease can be assumed absent.
The main disease, i.e. the disease which contributed most
to the symptoms, was recorded as primary diagnosis. The
diagnoses represent class assignments made by physi-
cians. We acknowledge that they may deviate from the
true underlying disease — particularly as we assume a
disease not to be present if a diagnosis is missing. Still,
for the purpose of this study, we assume all diagnoses
to be correct and therefore constitute the ground truth.
Thus, we regard the recorded data as true labelsets, and
the classification task will be to derive predicted labelsets.

Based on the noted diagnoses, we derive classes con-
sidered by SLC and MLC: For binary SLC, we define the
class IMID to contain all patients who were diagnosed
with IMID as either main disease or as comorbidity. The
class contains 257 patients. noIMID includes those 406
patients who do not fall into IMID. For multi-class SLC,

Variable Description Type Values/ranges Unit
Age Age of the patient numeric [19; 88] years
Sex Sex at birth of the patient binary male/female
Admission type Admission type binary in-/outpatient
CRP Measured C-reactive protein numeric [0.25; 149.9] mg/I
Sum FiRST Sum of positively answered

questions of Fibromyalgia

Rapid Screening Tool numeric [0; 6] points
Tender points Number of pain-sensitive

pressure points on body numeric [0;18] points
NRS pain Numeric rating scale to

quantify the pain level numeric [0;10] points
Prednisolone Prednisolone intake binary yes/no
Prednisolone dose Dose of prednisolone intake numeric [0.0; 55.0] mg/day
Duration symptoms Duration of the symptoms that

refer to the main diagnosis numeric [1:600] months
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the class IMID remains valid, but we moreover consider
the classes FMS* OA* and OPCD* which we define as
the sets of all patients where the respective disease was
the main disease but no IMID was diagnosed at all. The
class sizes are 168, 61 and 177, respectively. IMID, FMS¥,
OA* and OPCD* are mutually exclusive by definition.
The asymmetric consideration of IMID compared to the
other diseases is motivated by the main focus of the clas-
sification task, namely revealing IMID independently
of the rank of the disease. For MLC, we introduce the
classes FMS, OA and OPCD as the sets of patients who
were diagnosed with the respective disease as either main
disease or comorbidity. These classes overlap with IMID
and with each other. The class sizes are 249, 182 and 298,
respectively. Table 2 provides an overview of the consid-
ered classes and the approaches in which they are used.

Methodical procedure

We investigate whether the recognition of IMID can be
improved by considering comorbidities, even if these
are unknown during prediction. In line with the meth-
odological focus of our work, this means that we exam-
ine whether MLC recognizes IMID more reliably than
SLC. There may be statistical methods apart from the
approaches chosen here, especially apart from classifica-
tion, that might exploit the specific dataset better. How-
ever, these would go beyond the scope of our research
question of method comparison, so we will limit our
analysis to the SLC and MLC methods presented in
Classification section. With this design, we make spe-
cific methodological choices where they are conceptu-
ally justified (e.g. the selection of CC and the focus on
IMID), while at the same time conducting a comprehen-
sive assessment of classification performance by system-
atically varying relevant factors (classifiers, performance
measures).

We assume MLC being advantageous over SLC espe-
cially if the disease occurrences in our data are associ-
ated with each other. Therefore, we first examine the
association by performing Pearson’s x2-test with Yates’
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continuity correction [44]. To adjust the p-values, we
make use of the Bonferroni correction [45]. According
to this, we observe an association between IMID and
EMS, IMID and OPCD (consisting of the disease groups
‘arthralgias of unclear assignment’ and ‘others’), FMS
and OPCD as well as OA and OPCD (see the respective
(adjusted) p-values in Table A2 in the Supplementary
Material).

We tackle the classification of IMID through the fol-
lowing six approaches:

+ Approach la: Binary SLC without rebalancing We
consider the two exclusive classes IMID and nolMID
via SLC. In this basic approach, we do not account
for class imbalance.

+ Approach 1b: Binary SLC with S-ROS and S-RUS
The class imbalance between IMID and noIMID in
Approach la motivates class imbalance correction.
Here, we apply a combination of S-ROS and S-RUS.
We aim at the average number of samples of both
classes in the training set per class as a compromise.

+ Approach 2a: Multi-class SLC without rebalancing
We consider the four exclusive classes IMID, FMS¥,
OA*and OPCD* and tackle the task using multi-class
SLC.

+ Approach 2b: Multi-class SLC with S-ROS and
S-RUS The four classes from Approach 2a are highly
imbalanced. Consequently, as in Approach 1b, we
apply a combination of S-ROS and S-RUS to the
training set to account for the class imbalance. Per
class, we aim at the average number of samples of all
four classes.

+ Approach 3a: Multi-class MLC without
rebalancing As in Approaches 2a and 2b, we
consider all four diseases simultaneously. However,
we now employ the non-exclusive classes IMID,
FMS, OA and OPCD. In other words, we allow
patients to have multiple labels simultaneously and
consequently perform MLC. Figure 3 and Table Al
in the Supplementary Material display the number

Table 2 Description of the different classes considered for SLC and MLC. The resulting labelsets for the MLC approach and their
frequencies are visualized in Fig. 3 and provided in tabular form in Table A1 in the Supplementary Material

Class Description Approach Class size
IMID diagnosed with IMID as main disease or comorbidity binary SLC,
multi-class SLC, 257
MLC
nolMID no IMID diagnosed binary SLC 406
FMS* diagnosed with FMS as main disease, no IMID diagnosed at all multi-class SLC 168
OA* diagnosed with OA as main disease, no IMID diagnosed at all multi-class SLC 61
OPCD* diagnosed with OPCD as main disease, no IMID diagnosed at all multi-class SLC 177
FMS diagnosed with FMS as main disease or comorbidity MLC 249
OA diagnosed with OA as main disease or comorbidity MLC 182
OPCD diagnosed with OPCD as main disease or comorbidity MLC 298
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Fig. 3 Number of (joint) occurrences of the four diseases in the case study dataset. Each patient suffers from at least one disease; no patient suffers from
all four diseases. The true labelsets (0, 0, 0,0) and (1, 1, 1, 1) are not present in the data. A tabular representation of all numbers is additionally provided in

Table A1 in the Supplementary Material

of occurrences of true labelsets. To handle the
classification task, we use the transformation-based
CCs (see Model training and prediction section). BR
is discarded because of its inability to consider label
correlations. Further, we abstain from using LP as
it is unsuited to predict unobserved labelsets [28].
In contrast, CCs allow us to investigate whether the
prediction of FMS, OA and OPCD improves the
recognition of IMID from the present data. Although
only 14 out of 16 labelsets are represented in the data
(ground truth), all labelsets can be predicted due
to the step-wise binary prediction of the four labels
using CCs. Within the CC approach, we consider
different label orderings. However, as our research
question implies that IMID should be predicted
as last element of the target vector, we estimate
the MLC models assessing only six different label
orderings instead of 24. In Results section, we report
and discuss the results of only that ordering which
leads to the highest average F1-score for the majority
of all applied classifiers; that is the ordering where
y} corresponds to FMS, y? to OPCD, y? to OA and
y} to IMID. For the sake of complete reporting, we
visualize the results of the other label orderings in
Fig. A3 in the Supplementary Material; they differ
only slightly.

+ Approach 3b: Multi-class MLC with M-ROS and
M-RUS We perform MLC with the same classes
as in Approach 3a, this time with a combined
procedure of M-ROS and M-RUS to account for

class imbalance. In contrast to the proceeding in

the context of SLC (S-ROS and S-RUS, Approach
2b), we apply the rebalancing method to the true
labelsets rather than to the classes (which were
defined differently, and thus the procedures are

not transferable to each other; see Class imbalance
in SLC and MLC section for further details). The
smallest class among the 14 present labelsets is the
group of patients who simultaneously suffer from
OPCD, OA and IMID and consists of 13 samples.
The largest class contains 160 samples; these patients
exclusively suffer from OPCD. Using a combination
of M-ROS and M-RUS, we aim at the average
number of samples of all true labelsets in the training
set.

For each approach, we apply DT, RF, LRM, k-NN and
MLP as classifiers in order to take various requirements
into account. DT, k~-NN and LRM are easily interpretable,
which is an important criterion for the use of statistical
models in the medical field. The rather complex structure
of medical data due to the individuality of patients, how-
ever, might require more complex models. Hence, we use
RF and MLP as classifiers and accept their reduced inter-
pretability. To account for the rather small amount of
data and avoid overfitting of the models, we apply nested
cross-validation (CV). Hence, we validate the models’
performance on different training and test splits. The
outer loop is a ten-fold CV, the inner loop is a five-fold
CV to optimize the hyperparameters of the classification
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models using a grid search. This design implies that num-
bers of instances that are created or removed through
RUS or ROS differ across the folds of the nested CV,
whilst previously indicated class sizes refer to the entire
dataset before splitting it into training and test data. As
the F1-score is the harmonic mean of the sensitivity and
the precision, we use macro Fl-score to evaluate each
of the cross-validated models, and we refit the opti-
mized model using the same measure. Due to the need
for a rapid initiation of a treatment in case of the IMID,
the sensitivity and the precision are of higher priority
than the specificity. Reported results are class-specific
for IMID. For the DTs, we tune the criterion to measure
the quality of a split, the maximum depth of the tree and
the minimum number of samples in a node to perform
a further split. In addition to these hyperparameters, we
optimize the number of trees for the RFs. For the LRMs,
we tune the penalty norm, the tolerance for the stop-
ping criteria as well as the used algorithm for solving the
optimization problem. When estimating the MLPs, we
optimize the number of hidden layers each consisting of
100 neurons, the activation function of the hidden layer,

SLC with C =2
{IMID, noIMID}

SLC withC=4
{IMID, FMS*, OA*, OPCD*}
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the solver, the strength of the L2 regularization term and
the learning rate. In case of the k-NN classifier, we tune
the number of considered neighbors k. Recall Fig. 3 for
a visualization of the number of occurrences of the four
diseases in the dataset and their intersections. A tabu-
lar form of these numbers is additionally provided in
Table A1 in the Supplementary Material.

Results

In the following, we outline the results of the application
of all models described in Methodical procedure section
to the data from Data section. The IMID-specific per-
formance per approach and per classifier across all ten
CV folds is shown in Fig. 4; a tabular representation of
the averaged results and the respective 95 % confidence
intervals are provided in Table A3 in the Supplementary
Material. Receiver operating characteristic curves are
provided in Fig. A2 in the Supplementary Material. The
focus on prediction performance of IMID rather than any
other disease or disease combination arises from the case
study’s objectives.

MLC with C=4
{IMID, FMS, OA, OPCD}
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Fig. 4 IMID-specific performance of classification models for the six described approaches. A tabular representation of the averaged results and the
respective 95 % confidence intervals are provided in Table A3 in the Supplementary Material. Approaches with suffix a are without rebalancing of classes

or labelsets, while approaches with suffix b are with rebalancing
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Fig. 5 Sensitivity, specificity, precision, and F1-score for the best-performing classifier for each approach, based on F1-score if best scores are spread out
across different classifiers. For Approaches 1b, 2a, 2b and 3a, RF is best, whereas MLP is best for Approach 1a and LRM is best for Approach 3b

Comparison of classifiers

Firstly, we compare the classifiers DT, RF, LRM, k-NN
and MLP with each other by looking at the approaches
individually, i.e. column-by-column in Fig. 4.

For Approach 1a, the four best measures are spread
out across two classifiers, namely LRM and MLP. MLP
performs best regarding the sensitivity (53.3 %) and the
F1-score (61.2 %), whereas LRM achieves the highest pre-
cision (73.5 %) and the highest specificity (88.3 %). The
two latter values are good results; however, the remaining
two measures are too low for a reliable classification. The
results are quite similar for all classifiers; k&-NN achieves
the lowest value in all four measures.

In Approach 1b, RF performs best regarding all mea-
sures: It results in a sensitivity of 62.9 %, a specificity of
79.5 %, a precision of 65.8 % and an F1-score of 63.9 %.
All measures are moderately high, but still too low for a
valid use in the medical field.

The highest results of Approach 2a are almost identi-
cal to those of Approach 1b: RF achieves a sensitivity of
62.5 %, a specificity of 78.5 %, a precision of 64.8 % and
an F1-score of 63.2 %. MLP and LRM achieve comparable
results, DT and k-NN perform worse.

Approach 2b leads to a low sensitivity (at most 45.9 %,
achieved by RF) as well as to a low Fl-score (at most
55.8 %, achieved by RF), but a high specificity (90.4 %,
achieved by LRM) and a moderately high precision
(74.0 %, achieved by LRM); this pattern is recognizable
for RF and LRM, whereas DT, MLP and k-NN result in
low measures except from the specificity.

Approach 3a results in a low sensitivity (55.0 %,
achieved by MLP) and a low F1-score (59.1 %, achieved
by RF). The precision is moderately high at 70.6 %; the
specificity, in contrast, is high at 86.7 % (both achieved
by RF).

As in Approaches 1b and 2a, the models of Approach
3b show a moderate performance; viewed in isolation,
almost all classifiers perform rather weak regarding
the sensitivity. LRM results in the highest sensitivity of
62.3 %; the highest F1-score of 60.7 % achieved by LRM is
rather low. Even the specificity of 80.0 % achieved by RF
is, compared to other approaches, a weak result. Across
all classifiers, the precision is rather low; it ranges from
47.9 % achieved by k-NN to 64.0 % achieved by RE.

To draw an interim conclusion: The best performances
of the six approaches is spread out across RF, LRM and
MLP, with a noticeable accumulation at RF. In contrast,
DT and k-NN show comparably low performance. Mea-
sured by the F1-score, the RF seems to be the best suited
classifier for our analysis in the majority of approaches;
in more detail, RF is best for Approaches 1b, 2a, 2b and
3a, whereas MLP is best for Approach 1la, and LRM is
best for Approach 3b. Sensitivity, specificity, precision,
and Fl-score of the best-performing classifier for each
approach is visualized in Fig. 5.

Comparison of approaches
When weighing up the six Approaches la to 3b against
each other, we take particular account of row-wise
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comparisons in Fig. 4. In the following, we go into more
detail about the differences between the six approaches.

Approaches with vs. without rebalancing: We first
compare the approaches in pairs, namely those account-
ing for the same number of classes and allowing for the
same number of labels, but one with and one without
rebalancing (that is: a vs. b). After this, we highlight the
differences between the three approaches without rebal-
ancing (a), followed by a comparison of those account-
ing for class imbalance (b). Due to the importance of
detecting patients suffering from IMID as well as being
precise in the recognition, we pay special attention to the
F1-score for the purpose of selecting the best performing
approach.

Compared to the results of Approach 1a, the F1-score
of all classifiers, except from MLP, in Approach 1b
increased by 1.6 to 5.9 percentage points (pp); the
F1-score of MLP is decreased by 7.3 pp. For most classi-
fiers, the sensitivity increases to a considerable extent (by
max. 12.8 pp), but at the same time the specificity and the
precision decrease (by max. 18.7 pp and 19.7 pp, respec-
tively). The difference between these two approaches lies
in the handling of class imbalance. While the classes in
Approach 1la are highly imbalanced (the entire dataset
contains 257 patients with IMID and 406 patients with-
out), both classes are equally represented in Approach 1b.
Considering this class imbalance, the low sensitivity and
high specificity of the models in Approach la are rea-
sonable, as the positive samples (i.e. the patients suffer-
ing from IMID) are underrepresented. Consequently, the
changes in results meet our expectations of an increased
sensitivity and a decreased specificity. Albeit an increase
in sensitivity is desirable (the models get better at pre-
dicting patients who require rapid treatment as they suf-
fer from IMID), a decrease in specificity might lead to an
overstrain of clinics resulting in long waiting times which
increase the time to first treatment. Nevertheless, with
regard to the F1-score, Approach 1b mostly outperforms
Approach 1a (see Fig. 5).

Approaches 2a and 2b consider C' = 4 classes each.
Comparing these two approaches, Approach 2b results
in a considerably worse sensitivity (decreased by up to
16.6 pp) but in a strongly increased specificity (by max.
13.9 pp) for all classifiers. This is similar for the preci-
sion and the F1-score: The F1-score decreases (my max.
8.4 pp), while the precision increases (by max. 12.4 pp).
Only for MLP, the precision decreases by 1.4 pp. In the
entire dataset, the difference of 196 samples between
the largest (IMID) and the smallest class (OA) is large.
Accordingly, the decrease in sensitivity and the increase
in specificity were to be expected, as IMID, the class of
main interest, is downsampled for the purpose of class
rebalancing which reduces the amount of potentially
useful information. Nevertheless, without handling class
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imbalance, our model might be biased and would conse-
quently result in too many false positively predicted sam-
ples. The rebalancing, however, leads to a strong decrease
in sensitivity which results in a non-identification of
patients who need rapid treatment. When selecting an
approach based on the Fl-score, Approach 2a outper-
forms Approach 2b (see Fig. 5).

In Approaches 3a and 3b, we utilize the fact that FMS,
OA and/or OPCD frequently accompany IMID; we there
analyze the data using MLC. Rebalancing in the con-
text of these models increases the sensitivity by 4.7 to
13.6 pp, but lowers the specificity by 6.7 to 20.8 pp. At
the same time, the precision decreases by up to 14.8 pp.
The F1-score yields an ambiguous picture, ranging from a
decreases by at max. 3.7 pp to an increase by up to 2.1 pp.
Similar to the difference between Approaches la and 1b,
the increased sensitivity allows for a better recogni-
tion of those patients suffering from IMID; however, the
specificity is too low to certainly identify patients without
IMID. Nevertheless, Approach 3b outperforms Approach
3a based on the F1-score (see Fig. 5).

As an interim conclusion, we summarize that the dif-
ference in model performance between unbalanced and
balanced approaches depends on (i) the number of con-
sidered classes and (ii) the consideration as either SLC
or MLC problem. For C' =2 (Approaches la and 1b),
SLC performs better at predicting IMID after rebal-
ancing, although the sensitivity is insufficient for a
disease that requires rapid treatment. For C' = 4, how-
ever, rebalancing worsens the recognition of IMID for
SLC (Approaches 2a and 2b) but improves it for MLC
(Approaches 3a and 3b). This makes sense as IMID class
sizes vary across approaches; consequently, it is some-
times upsampled, sometimes downsampled, resulting in
varying sensitivity.

In the following, we compare the three approaches (i.e.
(1a/b) binary SLC, (2a/b) multi-class SLC, and (3a/b)
multi-class MLC) with each other, first without rebalanc-
ing, second with rebalancing.

Approaches without rebalancing: Approaches 1la,
2a and 3a differ in the aforementioned two main points:
(i) the number of considered classes and (ii) the con-
sideration as either SLC or MLC problem. Regard-
ing (i), Approach la considers C' = 2 classes, whereas
Approaches 2a and 3a both distinguish C' =4 classes.
Regarding (ii), Approaches la and 2a use SLC, whereas
Approach 3a uses MLC. MLC allows a more generous
assignment of IMID labels, since the occurrence of other
diseases does not exclude this. In addition, consider-
ing comorbidities for the recognition of IMID increases
the set of possibly informative covariates compared
to SLC. Still, the sensitivity of all models belonging to
Approach 3a are worse than the ones of Approach 2a;
even compared to Approach 1la, the sensitivity achieved
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by DT and k-NN is lower. In case of RF, for instance, the
sensitivity is 10.9 pp lower than in Approach 2a and just
1.5 pp higher than in Approach la. A possible explana-
tion for the decreased sensitivity in Approach 3a is that
the prediction of IMID is based on the prediction of the
other three labels due to the construction of CCs. How-
ever, the precedent predictions might be imprecise due to
highly imbalanced classes. As a result, the prediction of
IMID might be imprecise as well.

Approaches with rebalancing: As motivated above,
handling class imbalance is necessary to aim at precise
models, which is why we applied rebalancing meth-
ods to our data. Among the models with rebalanc-
ing (Approaches 1b, 2b and 3b), the poor sensitivity of
Approach 2b is immediately apparent. Compared to the
Approaches 1b and 3b, it is at max. 21.1 and 20.9 pp,
respectively, lower. The specificity, however, is high-
est in Approach 2b for every classifier. This also applies
to the precision, except for DT. Regarding the F1-score,
Approach 1b performs best in case of DT, RF, LRM and k-
NN; in case of MLP, Approach 3b is best. Based on these
results and assuming the F1-score being the most impor-
tant measure, Approach 1b seems to perform best on our
data (see Fig. 5). As for the unbalanced approaches, the
MLC methods do not generally outperform SLC although
IMID is frequently accompanied by FMS, OA and/or
OPCD, and although Pearson’s x*-test indicated an asso-
ciation between the diseases (see Table A2 in the Supple-
mentary Material), except for IMID and OA as well as for
FMS and OA. As an additional analysis, we applied MLC
without consideration of the class OA, but this lead to no
noticeable difference to the reported models (see Fig. A4
in the Supplementary Material).

Discussion
Our empirical results present an ambiguous picture: We
did not find clear evidence that analyzing IMID in isola-
tion (Approach la/b) leads to improved diagnostic per-
formance when compared with a more differentiated
consideration of diseases (Approach 2a/b) or the inclu-
sion of comorbidities (Approach 3a/b). While the overall
best IMID-specific sensitivity and F1-score is achieved by
Approach 1b (62.9 % and 63.9 %, respectively), the overall
best specificity and precision is reached by Approach 2b
(90.4 % and 74.0 %, respectively). However, performance
varies across approaches, application of rebalancing and
classifiers; the only method that never outperforms the
others (for no classifier and none of the four measures) is
Approach 3a, i.e. MLC without rebalancing.

With regard to our study, weak performance or the fact
that taking comorbidities into account does not lead to a
clear improvement may be due to the following factors:
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+ Correlation strength: The association between
the diseases may be too weak for an added value of
considering comorbidities. Even if disease occurrence
is correlated, this may be insufficient to provide
relevant information for the recognition of IMID.

+ Missing information: The used data may miss
relevant covariates for reliable recognition of IMID.
It contains 13 variables, but most of them are rather
related to FMS. This applies, in particular, to the
FiRST questionnaire and the tender points. The CRP
value is a valid indicator for any inflammation in the
body; consequently, the variable is not necessarily
sufficient to clearly separate the diseases from one
another. For OA in particular, no typical variables
(e.g. X-ray findings or other variables which query
frequently occurring symptoms) are included in the
dataset. This makes the recognition of comorbidities
and thus the recognition of IMID more difficult.

+ Class imbalance: The disparity in class sizes is partly
substantial. This imbalance may bias the results:
Our class imbalance correction often improves the
classifiers’ performance, but the dataset is strongly
manipulated by excluding and duplicating samples.

+ Selection of patients: Some of the patients in the
dataset were non-recently diagnosed and already
received treatment before data collection. This
affects, for example, the CRP value so that it no
longer corresponds to the value without treatment;
this makes clear pattern recognition more difficult.
Moreover, we reduced the dataset to complete cases
for good reasons. However, values were possibly
not missing at random, i.e. their absence might have
contained implicit information. For example, health
records of patients with a more complicated course
or an ambiguous clinical picture might have been
documented in more detail. This may have affected
the predictive performance of the models.

Despite the inconclusive picture and the limitations of
the dataset, the data application illustrates the influence
that different numbers of classes and the interpretation as
an SLC or MLC problem can have. It also shows how the
correction for class imbalance might affect the results. In
doing so, it demonstrates the challenges of disease clas-
sification using a real-world dataset.

Conclusion

In this work, we provided a methodological examination
of SLC and MLC approaches, with a particular focus on
disease recognition based on health records. By explain-
ing and comparing both frameworks conceptually and
empirically, we illustrated how underlying assump-
tions, learning structures, and strategies for handling
class imbalance shape predictive performance. Using
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patient-derived data from a clinical setting, we demon-
strated the practical implications of these methodological
choices, particularly regarding the simultaneous consid-
eration of comorbidities. In doing so, our study connects
conceptual clarification with empirical validation, thereby
contributing to a more systematic understanding of when
and how SLC or MLC may be advantageous in medical
classification tasks.

In a case study, we investigated whether the simultane-
ous consideration of comorbidities results in a more reli-
able recognition of pain-causing diseases. The aim of the
analyses was to compare SLC and MLC, together with
other choices in connection with the training and predic-
tion procedure, rather than to identify the best possible
model for recognizing the disease of interest. In detail, we
performed a case study on 663 patients with suspected or
diagnosed rheumatic diseases, namely IMID, FMS, OA
and OPCD. The study investigated the effect of consid-
ering different numbers of classes, and of interpreting
the problem as SLC or MLC. In the context of MLC, we
chose CC, a transformation-based method, in order to
account for label correlations. For both SLC and MLC,
class imbalance was handled using a combination of ROS
and RUS. To examine the impact of these procedural
decisions, we applied six different approaches to the same
data. Each of them used DTs, RFs, LRMs, k~-NN and MLP
as classifiers.

The analyses yielded an ambiguous picture. Each
method choice entailed different strengths and weak-
nesses: between SLC or MLC, between the number of
classes, the correction for class imbalance, the classifica-
tion method, and the evaluation measure. Modeling deci-
sions are (partly inevitably) entangled, so that the effect
of SLC versus MLC cannot be completely isolated. This
underlines the importance of addressing each individual
problem in an equally individual manner, especially when
the implications can be significant, such as in patient
referrals: How strongly are interdependencies between
diseases assumed? How complex (or, e.g. non-linear) does
the relationship between disease and covariates appear,
and to what type of statistical classification method does
this lead? Which aspect of performance do we consider
most important, e.g. sensitivity or specificity?

A look at the situation underlying the examined use
case helps to, for example, contextualize the relevance of
different performance measures: Current practice shows
that (too) many suspected cases are referred to rheuma-
tology departments, where the diagnosis is often not con-
firmed by specialists. This unnecessarily prolongs waiting
times for patients who are actually affected by IMID. At
the same time, it remains crucial that every patient has
the opportunity to be examined in a specialized clinic.

The results of our study lead to the point that com-
putational prediction tools should always serve as
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decision support for treating physicians: complement-
ing, but never replacing, their clinical judgment. Against
this background, the question arises of how classifica-
tion results should be presented. In our use case, we
applied hard (discrete) classification thresholds, predict-
ing patients as either diseased or non-diseased, as this
approach suited the research question of comparing the
performance between methods. In the context of deci-
sion support, however, it is immediately possible to gen-
erate continuous predictions, such as probabilities. Each
of the approaches discussed here is capable of providing
such information. Moreover, the moderate predictive
performance of our models prompts to the question as
to how good the performance needs to be for a model to
support physicians in their decision-making process. No
general statement can be made here as the minimum per-
formance required depends heavily on the context: While
a high sensitivity is most crucial for life-threatening dis-
eases, one may pay larger attention to the sensitivity for
less severe diseases to avoid unnecessary referrals. Fur-
ther, the required level of confidence of the system must
be considered in conjunction with the expertise of the
physician making the decision. The comprehensibility of
models is key, even if a model supports the physician’s
preliminary decision.

Independent of the specific use case, the analyzed data,
and the observed performance results, it is important to
consider the conceptual advantages of MLC compared
to SLC. While SLC requires a decision for a single class,
even when the available covariates may indicate mul-
tiple possible diseases, MLC allows for the simultane-
ous assignment of several conditions to one patient. This
reflects a more realistic representation of clinical practice,
where multiple diseases can coexist and should therefore
be jointly considered in diagnostic support. At the same
time, it is important to emphasize that neither approach
conceptually dominates the other, neither in theory nor
in our empirical study: In practice, models with a larger
number of classes do not necessarily yield better results
than those with fewer classes, and MLC is not inherently
superior to SLC. In practical implementation, computa-
tional costs and the effort required for correcting class
imbalance —both of which tend to increase with a higher
number of classes and when using MLC — also need to
be carefully weighed. Overall, when selecting either the
SLC or the MLC approach, we recommend to critically
examine the circumstances of the particular application:
That is, assumptions on the ground truth (causal rela-
tions between or common co-occurrences of diseases,
expected effect sizes, number of considered diseases),
characteristics of available data (missing diagnoses, avail-
ability of covariates) and the purpose of the analysis
(inference vs. prediction). For example, if comorbidities
are strongly correlated with a disease of main interest,
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MLC might be beneficial for its recognition, especially
if the diseases present with antagonistic symptoms.
However, if the dataset misses relevant disease-specific
covariates, SLC may be computationally advantageous.
Regarding small sample sizes or class imbalance, none of
the approaches is superior to the other. The interpretabil-
ity of the models depends in particular on the choice of
classifier, both for SLC and MLC. An informed and well-
founded decision can be made on the basis of synthetic
data which is tailored to explicit assumptions about the
ground truth. Such data can be generated either specifi-
cally for the use case at hand, as proposed by Marchi et
al. [46], or in a more general framework, as for example
described by Kotelnikov et al. [47].

In summary, our study highlights the potential of sta-
tistical decision support to improve clinical decision-
making. The underlying methods extend well beyond
the health context. Their usefulness increases with the
availability of high-quality data and the careful selec-
tion of appropriate statistical approaches: The better
the alignment between the use case, the data, and the
methodological assumptions, the more reliable and
practically relevant the results become. Future research
should therefore focus on refining data quality, exploring
advanced modeling techniques, and developing transpar-
ent, interpretable tools that can effectively assist physi-
cians — and professionals in other domains — in making
informed decisions.
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