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Introduction

	 Vestibular disorders impact the inner ear’s balance system, lead-
ing to symptoms like vertigo and imbalance [1]. Common examples 
include Meniere’s Disease (MD) [2], Benign Positioning Paroxysmal 
Vertigo (BPPV) [3], Acute Vestibular Deficit (AVD) [4], and Vestib-
ular Migraine (VM) [5]. These disorders can result in various symp-
toms, including vertigo, dizziness, imbalance, nausea, and difficulty 
with concentration or vision. Vestibular disorders stem from various 
causes, including infections, head injuries, autoimmune disorders, and 
medication side effects [6]. Accurate diagnosis and treatment are vital 
for symptom management and improved quality of life [7]. Howev-
er, the complexity of symptoms makes it challenging for healthcare 
professionals, particularly those without expertise in this field. In 
this context, the application of Artificial Intelligence (AI) algorithms 
could provide significant aid for the differential diagnosis of these 
disorders. AI is a field of computer science that includes algorithms 
that can perform tasks that usually require human intelligence, such as 
recognizing speech, making decisions, and learning from experience 
[8]. Machine Learning (ML) is a subset of AI that involves training 
computer systems to automatically learn and improve from experi-
ence without being explicitly programmed [9]. ML aims to enable 
machines to learn from data, recognize patterns, and use those pat-
terns to make predictions or decisions about new data. In the last few 
years, computers have learned to execute very challenging tasks using 
ML. Nowadays, ML has many practical applications in healthcare, fi-
nance, transportation, and entertainment, among others. For instance, 
using these algorithms has made it possible to improve diagnosis and 
support and optimize clinical decision-making [10,11]. In the context 
of the diagnosis of vestibular disorders, two recent works [12,13], 
have provided insights into the current state of the art. In vestibology, 
several AI-based expert systems for differential diagnosis have been 
designed to emulate the decision-making ability of a human expert. In 
these cases, the expert designs how the machines should process the 
data, for instance, to diagnose the different disorders that affect each 
one of the patients. The first example of this application, published in 
1990 by Mira et al. [14], aimed to study the feasibility and potential 
utility of expert systems in assisting with the diagnosis of patients 
with neuro-otological disorders. For several years, most efforts have 
been devoted to the implementation of such algorithms, with several 
limitations. For instance, expert systems cannot learn new informa-
tion from data, and thus their power is limited by the expert’s knowl-
edge that designed those algorithms. In the subsequent years, Kentala 
et al. [15], realized other neuro-otological expert systems.
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Abstract
Objective: The objective of this work lies in leveraging recent ad-
vances in Artificial Intelligence to enhance the diagnosis and treat-
ment of vestibular disorders, crucially improving patients’ conditions 
and their overall quality of life.

Methods: In this study, a Machine Learning algorithm was used to 
differentiate between four vestibular disorders considering an anam-
nestic questionnaire administered by the practitioner.

Results: The high diagnosis accuracy achieved by our algorithm 
shows its reliability in treating patients with vestibular disorders. For 
instance, our algorithm could help general practitioners optimize the 
diagnosis and management of patients with symptoms such as ver-
tigo.

Conclusion: The results of this work highlight the potential of using 
machine learning algorithms to support the diagnosis of vestibular 
disorders, improving patients’ management and, eventually, their 
quality of life.

Keywords: Artificial Intelligence (AI); General practitioners; Machine 
learning algorithms; Vertigo; Vestibular disorders
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	 The dataset used to evaluate the performances of the algorithms 
consisted of 170 variables related to the patient’s symptoms, medi-
cal history, comorbidities, and vestibular, audiology, and imaging test 
findings. Then, several adaptive algorithms, i.e., algorithms that could 
learn directly from data overcoming the expert systems’ characteristic 
drawbacks, were designed, and trained on this dataset, e.g. [16,17]. 
More recently, new datasets, such as the DizzyReg [18], have been 
collected. DizzyReg is a contemporary clinical registry encompassing 
data on patients with vertigo and dizziness; it includes information 
such as anamnestic and sociodemographic details, duration and type 
of vertigo, neurological examination findings, and audio vestibular 
and video head impulse test results, resulting in over 300 variables. In 
this paper, on the contrary, we study a very simple dataset, collected 
using a pactitioner-administrated anamnestic questionnaire compris-
ing 27 questions for patients to answer. The simplicity of the data that 
we considered is crucial for our goal. Indeed, our aim was to create 
an algorithm that could help primary care physicians better manage 
patients with dizziness and vertigo. In fact, anamnestic variables are, 
at the same time, crucial information for the differential diagnosis of 
vestibular disorders and variables that are easy to obtain, as the pa-
tients themselves provide them and do not need special equipment to 
be collected. Starting from this information, we trained an algorithm 
to differentiate between the four most frequent vestibular disorders 
(MD, BPPV, AVD, and VM), diagnosing the pathology that affects 
each patient in the dataset. In addition, we applied dimensionality re-
duction techniques to visualize the dataset optimally, aiming to identi-
fy possible clusters. Furthermore, we identified a minimal set of three 
critical questions to be considered as they can provide important clues 
for the diagnosis. Finally, we evaluated the diagnostic accuracy obtai-
ned by considering only those three crucial questions.

Materials and Methods
Dataset

	 The dataset analyzed for the study of vestibular disorders was 
collected in the Unit of Oncological Surgery (UOC) of Ear, Nose, 
and Throat (ENT) and Cervico-Facial Surgery of the “Ospedale del 
Mare” and in the ENT and Maxillofacial Surgery Department of the 
“Spaziani Hospital” in Frosinone where an anamnestic questionnaire 
of 27 questions was administered to 80 patients affected by one of the 
following disorders: MD, BPPV, AVD, or VM. The questions used 
are shown in table 1. These questions are related to the most frequent 
symptoms that allow an optimal characterization and distinction be-
tween the four vestibular disorders. In designing this dataset, we con-
sidered that in vestibology, the symptoms reported by the patients are 
the most important information for differential diagnosis. Moreover, 
given the simplicity of the questionnaire, our algorithm can be used 
by healthcare professionals, such as general practitioners, who cannot 
submit specific and advanced medical exams to patients.

Dimensionality Reduction Techniques

	 The dataset was initially analysed using dimensionality reduction 
techniques, such as PCA (Principal Component Analysis) and t-SNE 
(t-distributed Stochastic Neighbor Embedding), in such a way to vi-
sualize data in a two-dimensional space, possibly finding some clus-
ters, i.e., groups of similar elements. The idea behind dimensionality 
reduction techniques, such as PCA and t-SNE, basically consists of 
defining new variables that reduce the size with which elements with-
in a dataset are described while minimizing information loss.

	 Specifically, PCA does this by finding the directions in which the 
data varies the most, called principal components, and projecting the 
data onto these components [19]. Those principal components will be 
defined as linear applications of the original variables and will allow 
to assess which variables separate the most the identified clusters of 
patients.

	 t-SNE (t-Distributed Stochastic Neighbour Embedding), instead, 
reduces the dimensionality of a dataset by identifying patterns and 
similarities in the data and grouping similar points in the lower-di-
mensional space [20]. In contrast to PCA, t-SNE applies nonlinear 
transformations to the original variables mapping multidimensional 
data into a reduced dimensionality space with the aim of preserving 
the local structure. This means that objects that are close in the orig-
inal space turn out to be close in the reduced dimensionality space, 
and objects that are far away turn out to be far away. This results in 
an algorithm that, compared to PCA, can make it easier to understand 
complex data and identify relationships or clusters. However, in con-
trast to PCA, t-SNE does not identify a convenient set of variables 
that allows an optimal dispersion of the data.

Classification Algorithms

	 Moreover, we used SVM (Support Vector Machine) classifier as 
a supervised learning algorithm to realize an automatic diagnostic  

Questions Considered in the Anamnestic Questionnaire

Do you feel dizzy: is the environment moving?

Do you feel dizzy: are you the one who is moving?

Do you have problems with equilibrium?

Does the vertigo last less than one minute?

Does vertigo arise when lying in bed?

Is vertigo generated by flexion and extension movements of the head/chest?

La vertigine è generata da movimenti di flessione ed estensione del capo/busto?

Is vertigo spontaneous?

Does the dizziness last at least 5 minutes to a maximum of 72 hours?

Does the dizziness last at least 20 minutes to a maximum of 24 hours?

Does spontaneous vertigo get worse with head movements?

Does spontaneous vertigo get worse with decubitus on the right side?

Does spontaneous vertigo get worse with decubitus on the left side?

Do you sweat, have nausea, or have to vomit during dizziness?

Did the disorder occur only once?

Do you have difficulty hearing on the right?

Do you have difficulty hearing on the left?

Do you hear a noise in your right ear?

Do you hear a noise in your left ear?

Do you feel pressure or a sensation of fullness in the right ear?

Do you feel pressure or a sensation of fullness in the right ear?

Did these symptoms appear long before vertigo appeared?

Do these symptoms worsen before vertigo and improve afterward?

In the past, did these symptoms worsen before vertigo and improve afterward?

Do you suffer from migraine diagnosed by a neurologist?

Are dizziness and imbalance often associated with migraine?

Does spontaneous vertigo last for many hours?

Table 1: Anamnestic questions whose answers were used as variables to 
describe patients in our dataset.
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system of patients’ disorders starting from the anamnestic question-
naire defined above. SVM is an ML algorithm whose target is to find 
a boundary that separates two or more groups of data points as clearly 
as possible [21]. In cases of complex datasets with multiple classes 
and nonlinear relationships, a mapping of the dataset into a higher 
dimensional feature space, where patients are described by a high-
er number of convenient and automatically found variables, is per-
formed. This higher feature space makes the events linearly separable 
so that the classes can be separated using a hyperplane, i.e. a multi-di-
mensional linear boundary. Once this boundary has been identified, 
new patients can be classified into one class, associating each patient 
with a specific disorder.

	 To find the boundary, i.e. to train the SVM classifier, we split the 
dataset into a training set, accounting for 80% of the patients, and 
test counting for the remaining 20%. The training set was initially 
used to tune the classifiers’ parameters using k-fold cross-validation 
[22]. In k-fold cross-validation, the dataset is divided into k subsets, 
or “folds”, of equal size. A high number of these folds, k-1, are used 
for training, while the remaining fold is used for testing. This pro-
cess is repeated k times, with each fold used for testing exactly once. 
The results of each iteration are then averaged to provide an overall 
estimate of the model’s performance. In this way, we evaluated the 
performance of different SVM models characterized by different pa-
rameters, choosing the best-performing one. Then, we used all the 
training set to train the model and the test set to evaluate its perfor-
mance. Following this procedure, we trained two different models. 
The first exploits all the 27 anamnestic questions to associate each 
patient with a specific disorder. The second, instead, uses only the 
three most relevant questions to provide the diagnosis.

	 To identify this set of three critical questions, we first checked for 
eventual highly correlated questions excluding them to avoid multi-
collinearity issues [23]. Then, we used another classification model, 
the ExtraTreesClassifier [24], to assign a value of importance to each 
of the questions left. The ExtraTreesClassifier is a machine-learning 
algorithm that uses an ensemble of decision trees [25] to make pre-
dictions about new data. To create each decision tree, the algorithm 
randomly selects a subset of the available data and a subset of the 
features. At each node of the tree, the algorithm selects the feature that 
separates in the clearest manner the data into different classes. After 
building all the decision trees, the algorithm looks at which features 
were used the most frequently for splitting the data. These frequently 
used features are considered the most important for predicting the 
outcome. This approach is particularly useful in decreasing the in-
fluence that the choice of the model has on the results. Therefore, 
the resulting feature importance scores are more reflective of the true 
intrinsic importance of the features.

All the analyses were conducted by means of Python 3.11 scripts.

Results
	 The results obtained through the two-dimensionality reduction 
techniques, PCA and t-SNE, show that the MD and BPPV patients 
form two distinct and recognizable clusters. In contrast, the AVD and 
VM classes appear similar, blending into each other as if they be-
longed to a single cluster (Figure 1).

	 As shown in the PCA graph, the first principal component de-
fined by PCA, i.e. “pca-one”, allows separating patients affected by 
BPPV with respect to all the others. In these terms, the most important  

variables to distinguish between BPPV patients and all the others are 
the duration of vertigo, that do not last for many hours in BPPV pa-
tients, the occurrence of vertigo when the patient lies down, turns, or 
moves the head, and the absence of spontaneous vertigo in patients 
affected by BPPV.

	 The same can be said regarding the second principal component, 
PCA-two, that allows separating MD patients from AVD and VM pa-
tients. In this case, MD patients are characterized by the lower occur-
rence of subjective vertigo, by the duration of vertigo, that typically 
ranges between 20 minutes and 24 hours, and by the typical worsen-
ing of patients’ conditions before vertigo and improving afterward. 

	 We represented the data according to the third, fourth, and fifth 
principal components, but none of them was able to distinguish be-
tween AVD and VM patients. So, we applied PCA only to the patients 
of our dataset affected by these two disorders, obtaining the graph 
represented in figure 2.

Figure 1: In the two figures, we can observe the results of the application 
of PCA (Principal Component Analysis) and t-SNE (t-distributed Stochas-
tic Neighbor Embedding). Each point corresponds to a different patient, 
and each color to a different disorder. We can observe how the BPPV (Be-
nign Positioning Paroxysmal Vertigo) and MD (Meniere’s Disease) class-
es, in yellow and orange, respectively, give rise to two distinct clusters, 
while the AVD (Acute Vestibular Deficit) and VM (Vestibular Migraine) 
classes, in blue and purple, respectively, blur together more.

Figure 2: In the figure, the result of the application of PCA on the portion 
of our dataset, including only MD (Meniere’s Disease) and AVD (Acute 
Vestibular Deficit) patients. We can see that, in this case, the algorithm 
allows a linear separation of the two classes.

http://dx.doi.org/10.24966/OHNS-010X/100106


Citation: Agrimi E, Tripodi C, Raponi I, Martino E, Marcelli E, et al. (2024) Artificial Intelligence Applications for Diagnosis and Differentiation of Vestibular 
Disorders. J Otolaryng Head Neck Surg 10: 106.

• Page 4 of 6 •

J Otolaryng Head Neck Surg ISSN: 2573-010X, Open Access Journal
DOI: 10.24966/OHNS-010X/100106

Volume 10 • Issue 3 • 100106

	 In this case, we succeeded in disentangling the two classes. For 
this purpose, the most important variables are the co-occurrence of 
vertigo, disequilibrium, and migraine, together with the presence of 
migraine diagnosed by a neurologist, both symptoms that occur way 
more often in VM patients than in AVD ones. Also, other important 
variables are the number of times the symptoms have occurred, once 
for AVD patients, several for VM patients, and sweating, nausea, and 
vomiting that occur way more often in AVD patients than in VM ones.
Then, we trained the SVM classifier to recognize the vestibular dis-
order that affects each of the patients in our dataset, taking into con-
sideration the 26 anamnestic variables considered. The performance 
obtained is shown in table 2 by means of a confusion matrix where the 
predicted classes, represented on the different columns, are compared 
with the true classes, represented by the different rows.

	 The model always successfully diagnoses the patients affected by 
MD and BPPV correctly, while it diagnoses AVD and VM successful-
ly in more than 90% of the cases.

	 Then, we found a maximally predictive set of three questions 
using an Extra Tree Classifier, as explained in the section on the 
methods. The information identified as the most relevant are those 
provided by the patients answering the following questions: “Do the 
auditory symptoms worsen before vertigo and improve afterward?”, 
“Are dizziness and imbalance often associated with migraine?”, and 
“Does spontaneous vertigo last for many hours?”. The classification 
performance obtained in this case is represented in table 3. On aver-
age, this model got a diagnostic accuracy of 88%.

Discussion

	 By means of the analyses performed, we succeeded in character-
izing each of the four disorders taken into consideration, highlighting  

the differences between them through PCA. Also, we mapped patients 
in a bi-dimensional space through t-SNE to check whether they give 
rise to clusters of similar elements. In this way, we saw that BPPV pa-
tients gave rise to a very different cluster with respect to all the other 
patients. The same is true, even though less marked, for MD patients. 
Overall, these results confirm what has been experienced by the ex-
perts in daily practice. In fact, except for migraine and frequency of 
occurrence, the symptoms that patients with vestibular migraine and 
acute vestibular disorder show are way more similar than those shown 
by the other classes. The good description and distinction we obtain 
through PCA and t-SNE highlight the efficacy of our dataset’s set of 
anamnestic questions to distinguish between the four disorders. Such 
a good dataset, despite its simplicity, allowed us to define a reliable 
predictor for identifying each patient’s disorder. As a matter of fact, 
the very high performance of the first model, the one that takes into 
consideration all the 27 features, showed that the questions used to 
collect clinical data provided sufficient information to achieve good 
discrimination among the four diseases under consideration. Then, we 
identified the maximally predictive set of three variables that allow 
the distinction of patients in the four classes. The identified questions, 
i.e. “Do the auditory symptoms worsen before vertigo and improve 
afterward?”, “Are dizziness and imbalance often associated with mi-
graine?” and “Does spontaneous vertigo last for many hours?” are the 
most significant because they describe three distinctive features that 
allow us to discriminate the major groups of patients. The first ques-
tion identifies the patients with Meniere disease, the second enables 
recognizing the ones with vestibular migraine, and the third discrim-
inates between BPPV and AVD patients according to the duration of 
the symptoms. The performance of this second classification algo-
rithm was lower than that of the first algorithm. This was expected 
since we removed 24 variables that the algorithm could use to classi-
fy patients. However, the performance obtained by this second algo-
rithm (Table 3) was still unexpectedly high. This result suggests that 
by asking patients the set of 3 questions identified, we can correctly 
diagnose around 9 out of 10 patients with the above disorders. This 
justifies using just these variables in cases where collecting all 27 
variables is unfeasible. We believe the results obtained in this work 
could be an important aid to general practitioners in dealing with pa-
tients with vertigo. Once confirmed on a larger dataset and in clinical 
practice, these results could draw important guidelines for the dif-
ferential diagnosis and optimal management of patients affected by 
vestibular disorders.

Conclusion
	 In this work, we have analysed the potential of the application 
of AI in the context of the differential diagnosis of vestibular disor-
ders (Figure 3). The results obtained show that ML algorithms could 
provide important aid to healthcare professionals and general practi-
tioners in optimizing the patient’s diagnosis and management. This 
is particularly crucial in vestibular disorders, where such a result 
could turn into an improvement in the patients’ quality of life. The 
next step would include training and testing the algorithm on a larger 
dataset, possibly including also other vestibular disorders and healthy 
patients, as well as testing it in clinical practice. Also, as other works 
did, our goal was to highlight the power of AI applications in vestibol-
ogy, presenting a general pipeline that could be applied to design new 
differential diagnostic AI-based tools as well as finding the most im-
portant variables to recognize a pathology with respect to the others. 
We believe that a similar analysis has the potential to be applied also 
to other clinical open problems, such as the identification of different 
forms of VPPB or the prediction of therapeutic outcomes.

True \ Predicted AVD VM MD BPPV

AVD 0.95 0.05 0 0

VM 0.09 0.91 0 0

MD 0 0 1 0

BPPV 0 0 0 1

Table 2: The table summarizes the performance of the SVM (Support Vec-
tor Machine) classifier in identifying the vestibular disorder that affects 
each patient. Each column indicates a different vestibular disorder predict-
ed by the algorithm, each row the true disorder that affects each group of 
patients. For instance, 95% of the patients affected by AVD (Acute Vestib-
ular Deficit) were diagnosed correctly, while the other 5% were diagnosed 
as if they were affected by VM (vestibular Migraine).

True \ Predicted AVD VM MD BPPV

AVD 0.81 0.19 0 0

VM 0.04 0.96 0 0

MD 0 0.20 0.80 0

BPPV 0 0 0 1

Table 3: The table summarizes the performance of the SVM (Support Vec-
tor Machine) classifier in identifying the vestibular disorder that affects 
each patient. In this case, we considered just the most predictive set of 3 
anamnestic questions. Again, each column represents a different predicted 
disorder while each row represents the actual disorder. In this case, 81% 
of the patients affected by AVD (Acute Vestibular Deficit) were diagnosed 
correctly, while the remaining 19% were diagnosed as if they were affected 
by VM (Vestibular Migraine).
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