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Sleep monitoring is a topic attracting huge interest, both academically and commercially, with a wide range of
wearable devices now becoming available to researchers and patients. In particular, electrode arrays capable of high-
fidelity electrophysiological recording with minimal interference to patients’ normal activity open new opportunities
in home-based sleep stage architecture monitoring. Here, we explain the need for electrophysiological-based sleep
monitoring at home, present recent developments in printed electrode arrays for sleep monitoring and review
opportunities and challenges in using such electrode arrays for sleep staging purposes, focusing on neurological
evaluation and treatment.

Sleep is not just the opposite of wakefulness, rather, it is a complex, multidimensional state, which influences
all major systems of the body and has implications on health, wellness and longevity. However, this relationship
is bidirectional, with many body systems also influencing sleep quality. The most common sleep related disorders
can be classified as insomnia, sleep related breathing disorders, central disorders of hypersomnolence, circadian
rhythm sleep–wake disorders, parasomnias and sleep-related movement disorders, all of which will impact sleep
architecture [1]. Sleep disorders can be a primary disorder or a symptom of several medical or mental health condi-
tions. In particular, patients with neurological conditions such as Parkinson’s disease [2,3], Lewy body dementia [4],
Alzheimer’s disease [5], epilepsy and schizophrenia [6,7] often present with sleep related disorders that are charac-
teristic of the condition and in some cases considered a marker. For example, rapid eye movement (REM) sleep
behavior disorder (RBD) is closely linked to neurodegeneration. RBD is a form of parasomnia characterized by the
loss of normal muscle atonia during REM sleep with prominent motor activity accompanying dream enactment
and is one of the strongest markers of future risk of synuclein-mediated neurodegenerative disorders [8]. Alterations
in sleep architecture specifically reduce slow-wave sleep, REM latency and REM density have also been reported in
schizophrenia [6,7] and psychotic disorders, whereas sleep onset latency, higher arousal index, increased stage 1 and
2 sleep and increased alertness have been associated with antiepileptic treatment [9].

The gold standard in sleep investigations is polysomnography (PSG). Based on the American Academy of Sleep
Medicine guidelines [1], PSG includes digital recording of electroencephalographic (EEG), electrooculographic
(EOG), electromyographic (EMG), airflow, respiratory effort and electrocardiogram signals. Sleep staging is deter-
mined based on the EEG signals while the EMG is used for the detection of sleep abnormalities such as REM sleep
without atonia. A time-synchronized video is obtained for documentation of motor behaviors and vocalizations
during REM sleep. PSG is typically performed in a clinic or hospital setting, necessitating a lengthy electrode
placement by a trained technician and constant supervision by medical staff, this is costly and not readily available.
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Owing to these shortcomings, the true potential of sleep monitoring for research and medical treatment is, at the
present, only partially exploited.

Portable devices offer an opportunity to improve the reliability of sleep monitoring and to dramatically expand
its use. These devices can be used at home negating patient inconvenience and poor data reliability (as many
patients suffer from the first night effect). Moreover, they can be used repeatedly to collect data over many nights
accounting for the episodic nature of many sleep disorders. Indeed, the need for home monitoring technologies
was never so clear than during the coronavirus disease 2019 (COVID-19) crisis.

Wearable sensors such as inertial measurement units (e.g., accelerometers, gyroscopes), blood saturation, heart rate
and/or respiratory rate sensors can provide physiologic variables relating to sleep and orientation, sleep positioning
and interruptions. Actigraphy, a widely adopted watch-like device, showed a correlation of 90% with PSG in
normal subjects [10–13] and is recognized as useful for the assessment of sleep/wake activity, insomnia and periodic
limb movements. However, actigraphy is less accurate in specific subpopulations such as those with Parkinson’s
disease or the elderly [14]. Moreover, to provide a viable complimentary or even an alternative to PSG, a wearable
device has to address the following conditions: foremost, it has to provide reliable electrophysiological data (EEG,
EOG and EMG) compatible with that of medical standards. Digital technology can indeed provide data with
pretty high correlation to the one derived by electrophysiological data for sleep staging but it cannot replace it.
EEG data contain subtle and unique information such as brain-wave frequency, spindles and k-complexes, which
cannot be detected with non-EEG technologies [15].

Several printed electrode array technologies were recently developed allowing rapid placement, improved user
convenience and on-going subhairline-EEG and EOG recordings during sleep [16,17]. In particular, soft skin adhesive
electrode arrays that support subhairline EEG, EOG along with EMG recordings are ideally suited for sleep staging.
In a recent study we showed that thin carbon electrodes and silver lines printed on soft 80 m thin polyurethane
films are suitable for sleep monitoring [18]. Owing to their soft nature, the electrodes remained extremely well
anchored to the skin, as evident by stable noise level obtained overnight recordings. Wave oscillations, k-complexes
and spindles were readily apparent and sleep staging from data recorded at home was achieved.

Home-based sleep monitoring potential can be found in several domains including screening, monitoring and
even assessment of treatment effects. If we take RBD as an example, this disorder is a well-established early
biomarker for α-synucleinopathies [8]. Yet, it is severely under diagnosed. Home-based RBD testing may help
identify individuals suffering from this disorder and foster more research and better understanding of the disorder.
In this sense, it can also provide an opportunity to improve drug discovery processes, a notoriously expensive
and lengthy route which often fails due to poor patient and end points selection that rely on subjective measures
(both by patients and medical staff ). Identifying trial ready cohorts will increase likelihood for successful clinical
trials. Multiple night recordings can also provide monitoring of frequency and severity of sleep related disorders,
information that is now obtained through self-report. Along with neurological evaluation and with the development
of new disease modifying therapies, screening and monitoring may contribute in the future to improved treatment.
For example, home-based monitoring can be used to identify epileptic seizures without the need for hospitalization
and the identification of drug-induced sleep related disorders which in turn could lead to change in drug regime.

If successful, wearable devices may indeed expand the availability of sleep data. This in return will generate both
new challenges and new opportunities. Sleep data is still, by large, analyzed manually by trained sleep technicians.
With the increase of sleep data, a transition to automated algorithms will become inevitable. Such algorithms are
available, and a concerted effort will have to take place to validate them. The availability of new sleep data may
also open new horizons. With aid of new machine learning approaches new subtle changes can be identified and
used as diagnostic tools. Despite their many benefits, flexible electrode arrays are presently limited for subhairline
recordings. Their use as an alternative to PSG will have to be carefully validated.

To summarize, PSG has served the medical community for decades providing invaluable insights. Despite its
great value, the technology has not changed very much and suffers from several fundamental drawbacks. With
improved electrode technology, miniaturized electronics and ever more powerful computers and algorithms, sleep
stage monitoring at home may become significantly more accessible, offering valuable medical data.
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The discovery of a new mass involving the brain or spine typically prompts referral to a neurosurgeon
to consider biopsy or surgical resection. Intraoperative decision-making depends significantly on the his-
tologic diagnosis, which is often established when a small specimen is sent for immediate interpretation
by a neuropathologist. Access to neuropathologists may be limited in resource-poor settings, which has
prompted several groups to develop machine learning algorithms for automated interpretation. Most
attempts have focused on fixed histopathology specimens, which do not apply in the intraoperative set-
ting. The greatest potential for clinical impact probably lies in the automated diagnosis of intraoperative
specimens. Successful future studies may use machine learning to automatically classify whole-slide intra-
operative specimens among a wide array of potential diagnoses.
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CNS masses
A new mass discovered in the CNS is a common reason for referral to a neurosurgeon. CNS masses are typically
discovered on MRI or computed tomography (CT) scans after a patient presents with new neurologic symptoms.
Presenting symptoms depend on the location of the tumor and can include headaches, seizures, difficulty expressing
or comprehending language, weakness affecting extremities, sensory changes, bowel or bladder dysfunction, gait
and balance changes, vision changes, hearing loss and endocrine dysfunction.

A mass in the CNS has a broad differential diagnosis, including tumor, infection, inflammatory or demyelinating
process, infarct, hemorrhage, vascular malformation and radiation treatment effect. The most likely diagnoses can
be narrowed based on patient demographics, medical history, imaging characteristics and adjunctive laboratory
studies. However, accurate histopathologic interpretation of tissue obtained at the time of surgery is frequently
required to make a diagnosis and guide intraoperative decision making.

Over half of CNS tumors in adults are metastases from systemic cancer originating elsewhere in the body [1].
An estimated 9.6% of adults with lung cancer, melanoma, breast cancer, renal cell carcinoma and colorectal cancer
have brain metastases [2]. The remainder of CNS tumors in adults originate within the CNS and are called primary
CNS tumors. The most common adult primary CNS tumors are meningiomas (36.8%), pituitary tumors (16.2%)
and glioblastomas (14.9%) [3,4].

Among children and adolescents, the CNS is the most common cancer site overall. The prevalence of each type
of tumor varies from adults. Whereas metastases are the most common type of CNS tumor in adults, primary CNS
tumors are the most common in children. In patients aged 0–14 years with CNS tumors, pilocytic astrocytoma
(17.8%) is the most common, followed by high-grade glioma (16.9%) and embryonal tumors (13.1%) [3].

CNS Oncol. (2020) 9(2), CNS56 eISSN 2045-091510.2217/cns-2020-0003 C© 2020 Siri Sahib S Khalsa
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Tumors within the CNS are most likely to occur in the brain and meninges, whereas the spinal cord, spinal
meninges and spinal nerve roots account for only 3.1% of adult and 4.9% of pediatric CNS tumors [3]. Spinal
lesions can be further divided by location into intramedullary, intradural extramedullary and extradural. In-
tramedullary lesions arise within the spinal cord, and therefore the CNS proper. The most common intradural
tumors are ependymomas and astrocytomas. Intradural extramedullary lesions occur outside the spinal cord but
are in close proximity within the spinal thecal sac; these are typically meningiomas or nerve sheath tumors. In
adults, meningiomas (38.8%), nerve sheath tumors (29.5%) and ependymal tumors (17.6%) are the most com-
mon intradural/intramedullary tumors [3]. In children, ependymal tumors (20.6%), astrocytomas (19.7%), nerve
sheath tumors (17.8%), other neuroepithelial tumors (16.8%) and meningiomas (15.7%) are the most common
intradural/intramedullary tumors [3]. Extradural masses are discussed separately below.

Spinal vertebral & extradural masses
The vertebral column and spinal epidural space, although outside the CNS, are important locations to consider
given their proximity to the spinal cord. The vertebral and spinal epidural space are frequent sites of cancer
metastases, which may present as neurosurgical emergencies in the setting of spinal cord compression and/or spinal
instability.

Although the most common presenting symptom is back pain, the presence of cancer in the epidural space can
compress the spinal cord, causing numbness, gait imbalance, weakness or paralysis in the extremities, and bowel and
bladder incontinence. Metastatic epidural spinal cord compression (MESCC), which is present in approximately
5% of cancer patients, is therefore a source of significant morbidity in the cancer population [5].

Among adults, the most common primary sources of MESCC are prostate, breast and lung cancer (15–20%),
followed by lymphoma, renal cell carcinoma and multiple myeloma (5–10%). The remaining cases are comprised
of other primaries, including colorectal cancer, sarcomas, melanoma and seminoma [5,6]. Tumors within the thecal
sac or spinal cord are rare relative to MESCC.

The importance of CNS tumor histology
The specific cell type, or histology, comprising a CNS tumor is a critical piece of information in the determination
of an appropriate treatment plan and the estimation of a patient’s prognosis.

A common category of brain mass appearance on MRI is the presence of rim-enhancement. The radiologic
differential diagnosis of a rim-enhancing mass includes primary malignant glioma, metastasis, lymphoma, demyeli-
nation and infection; each of which has different surgical indications, treatment and prognosis. If the mass is a
large accessible solitary brain metastasis, then the recommended treatment is typically complete surgical resection,
followed by radiation therapy [7]. Conversely, in patients with primary CNS lymphoma, surgical resection is usu-
ally contraindicated in favor of chemotherapy with or without radiation [8]. A high-grade glioma, if accessible,
will benefit from significant surgical debulking followed by radiation and chemotherapy [9]. In some cases, the
imaging appearance of a tumor may be mimicked by demyelinating disease, which is treated with immunotherapy,
without any role for surgical resection [10]. Infectious lesions may benefit from microbiology cultures and surgi-
cal debridement and will also require targeted antimicrobial therapy depending on the identity of the infectious
organism.

Among gliomas, for example, the histologic grade highly informs a patient’s predicted overall survival. The
highest grade glioma, known as glioblastoma, confers a poor prognosis with median survival of 14.6 months with
the maximal treatment of surgical debulking, followed by radiation and temozolamide chemotherapy [9]. Low-grade
gliomas, however, are associated with an overall survival of over 11 years after surgical treatment [11]. Obtaining
viable representative tumor is also important for proper molecular classification, even if only from a needle biopsy.

In the pediatric population, the distinction between ependymoma and medulloblastoma can guide the aggres-
siveness with which the neurosurgeon resects the tumor. In both cases, the goal of surgery is maximal safe resection.
However, gross total resection, as opposed to near-total resection, is thought to result in a greater improvement in
overall survival for ependymomas as compared with medulloblastomas [12,13]. In all patient populations, surgical
resection has little role in the treatment of germinomas, which are typically highly responsive to radiotherapy and
chemotherapy [14]. Therefore, the diagnosis of germinoma would typically guide the neurosurgeon to cease efforts
to surgically resect the tumor.

CNS Oncol. (2020) 9(2) future science group
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The importance of tumor histology in metastatic epidural spinal cord compression
Metastatic epidural spinal cord compression typically requires emergency neurosurgical consultation to prevent
irreversible spinal cord injury. The appropriate treatment plan considers multiple patient factors, including the
presence of neurologic deficits, the radiation sensitivity of the tumor, any disruption in mechanical stability of the
spine and the overall state of the patient’s systemic disease [6,15].

The expected radiation response of a tumor is determined by its histology and is a critical component in
determining whether surgical resection is required. Lymphoma, myeloma, seminoma and small cell carcinoma
are radiosensitive. Many types of sarcomas, melanoma, non-small-cell lung cancer, renal cell carcinoma and
gastrointestinal cancers are radioresistant. Prostate cancer and breast cancer are considered intermediate in terms of
their radio-responsiveness.

In radiosensitive cases, surgical tumor resection can be avoided, and conventional external beam radiation therapy
is typically sufficient to achieve local control. In radioresistant cases a neurosurgeon can offer separation surgery,
wherein the tumor is partially resected away from the spinal cord in order to allow high-dose focused radiation to
improve local control (stereotactic radiosurgery or stereotactic body radiotherapy). Attempts at gross-total tumor
resection are often deferred in the setting of metastatic disease to avoid significant surgical morbidity [6,15].

The method of surgical pathology
Before surgery, a neurosurgeon can formulate a prediction of the identity of a CNS mass using a patient’s medical
history, the imaging characteristics of the mass and adjunctive tests. However, a mass that is thought preoperatively
to represent a brain metastasis, for example, may be discovered by the pathologist to be a glioblastoma, lymphoma,
infection or inflammatory/demyelinating process [7]. The gold standard for determination of the final diagnosis is
examination of a slide of tissue by a neuropathologist. To prepare a permanent specimen, a sample of tissue is fixed
in formalin, embedded in wax and stained with hemotoxylin and eosin (H&E). The sample may also be analyzed
further with immunohistochemical stains and molecular testing for accurate diagnosis and proper classification.
Overall, this process of obtaining a final pathologic diagnosis lasts multiple days and is important for specific
treatment and prognosis.

However, as described above, the goals of surgery and subsequent treatment can be significantly influenced by
the specific histology of the mass. For this reason, neurosurgeons will typically send a sample of the mass to the
pathologist for an expedited intraoperative consultation (IOC) to decide the next surgical step. The standard options
for preparing tissue for IOC are cytologic preparations (smear and touch preps) and frozen sections. A cytologic
preparation allows the pathologist to study the cellular features of the lesion, but the overall histologic architecture
is lost. Frozen sections involve freezing the specimen to allow slicing and staining with rapid H&E, which preserves
the underlying tissue architecture but may introduce several freezing artifacts. Many neuropathologists advocate
for using both frozen and smear preparations together in a complementary fashion to improve interpretation [16].
Intraoperative tissue preparation is more difficult to interpret than permanent sections and is interpretable within
only 20 minutes, as opposed to multiple days for a permanent specimen [17]. Depending on the diagnosis, the
results of this IOC may steer the neurosurgeon to either abort the operation or pursue aggressive surgical resection.

The need for automated histology
The ability to formulate an expedited preliminary diagnosis during surgery is a critical service during any brain
surgery, as described above. In the USA, the number of board-certified neuropathologists is only 56% the number
of hospitals performing brain tumor surgery [18]. Hospitals without board certified neuropathologists often rely
on general pathologists who may not be fully experienced with the subtleties of CNS lesions. This has led to
recent attempts to automate the process of interpreting slides with machine learning, which are reviewed below. In
addition, automation has the potential to increase the speed at which a preliminary diagnosis is made. A shortened
time to intraoperative diagnosis is particularly beneficial if it is able to reduce the duration of surgery while remaining
as accurate as the current gold standard, as reduced time in surgery is associated with less perioperative risk and
healthcare costs [19–21].

To assist in the discussion, a glossary of machine learning terms described in this article are defined in Table 1.

An introduction to machine learning
Machine learning is a general term that refers to computer algorithms that adapt themselves to improve accuracy
during pattern recognition tasks. A common application of machine learning is the task of image classification,

future science group www.futuremedicine.com
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Table 1. Glossary of machine learning terms addressed in this article, as applied to image classification.
Term Description Ref.

Machine learning Computer algorithms that automatically adapt themselves by experience in order to improve accuracy

Conventional machine
learning

A machine learning approach wherein the features used to characterize an image are predesigned by a human engineer [22]

Convolutional neural
network

A deep learning neural network architecture that utilizes the discrete convolution as a mathematical filtering operation [22]

Deep learning A machine learning approach that automatically discovers the necessary features needed to characterize an image [22]

Image classification An application of machine learning to automatically determine the correct category, label, or class, of a digital image
(e.g., dog, table, bicycle)

Image segmentation The process of partitioning an image into its various labeled components (e.g. separating cell nuclei from other
components in a digitized histology slide).

Neural network A digital multilayered interconnected network of data calculation points (nodes or neurons) which together performs a
machine learning task

Pixel A number that represents the intensity of a color at a specific location in the image

Random forest A conventional machine learning approach that functions by generating a large number of randomly generated decision
trees, which collectively vote on the most likely class

[45]

Support vector machine A simple machine learning technique to separate two classes of data, by calculating the best hyperplane which separates
data of one class from the other class

[47]

Transfer learning A method of training a neural network wherein the network is pretrained for a certain task, and then partially retrained
on a new set of data for a new purpose, which may allow for training with a smaller dataset as compared with training a
network from scratch

[22]

such as determining whether an image contains a dog, table or bicycle. A digital image is simply a matrix of pixels,
each of which is a number that represents the intensity of a color at a specific location in the image. To confront
the task of automatically classifying an image, the computer algorithm must first extract a collection of features
that describe the image more abstractly than pixel values. These features might represent edges arranged in certain
orientations or texture patterns, for example. The machine learning algorithm is trained on several example images
to determine the patterns of features needed to classify new images.

The choice of features to characterize an image may be predesigned by a human engineer, in which case the
process falls under conventional machine learning. On the other hand, the algorithm can be designed to discover
all the necessary image features itself, in a process called deep learning [22]. Interest in deep learning has risen
sharply in recent years after the AlexNet deep convolutional neural network (CNN) achieved remarkable accuracy
in classifying real-world images into 1000 different classes [23]. The performance of deep learning networks for
image classification has since improved rapidly [24–27].

Machine learning applied to histopathology
Machine learning has shown promise for the automated interpretation of both imaging and histopathology of
CNS tumors. With regard to brain MRI, machine learning has been applied for automated tumor identification,
quantification of tumor burden and assessment of treatment response [28–30]. MRI-based automated brain tumor
classification has also been an area of active research [31,32], including efforts to use machine learning to classify
gliomas by molecular subtypes using MRI prior to tissue acquisition and histopathologic analysis, such as the
status of IDH1 mutation [33,34], MGMT promoter methylation [33] and 1p19q codeletion [34]. With regard to
histopathology, most of the research effort has focused on automated classification and segmentation of formalin-
fixed paraffin-embedded permanent specimens in organ systems outside the CNS [35–37]. The success of machine
learning techniques in the automated classification of specimens outside the CNS has generated significant interest
in applying them to CNS lesions. In this section, we review the current literature on automated interpretation of
CNS histopathology, with a focus on intraoperative specimens.

A framework for the general method of using deep machine learning for classifying whole slide images is
illustrated in Figure 1. A training set consisting of labeled histopathologic images is used to train a CNN. A whole
slide with unknown diagnosis is then split into smaller fields of view, which are fed into the trained CNN for
automated classification. The classified fields of view are then summated into a whole-slide diagnosis.

CNS Oncol. (2020) 9(2) future science group
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Unlabeled whole slide

Convolutional neural network

Unlabeled fields of view

Network training

Labeled training set

Normal brain

Glioblastoma

Metastasis

Classified fields of view

Whole slide diagnosis

Figure 1. General framework for automated whole-slide classification using a deep convolutional neural network.
A training set consisting of labeled histopathologic images is used to train a convolutional neural network. A whole
slide with unknown diagnosis is then split into smaller fields of view, which are fed into the trained convolutional
neural network for automated classification. The classified fields of view are then summated into a whole-slide
diagnosis.

Machine learning for fixed specimens
Most of the published efforts in automated histopathologic classification among all organ systems have focused
on fixed, or permanent, specimens. These specimens have the advantage of fewer artifacts than frozen or smear
preparations, and a large amount of labeled data are available to research groups. Glioma grading has been the focus
for studies that have applied machine learning to permanent whole-slide specimens in the CNS.

Barker et al. [38] achieved 93.1% accuracy in classifying whole-slide permanent H&E specimens as either
glioblastoma or low-grade glioma (binary classification). They divided whole slides into 1024 × 1024 pixel tiles
at 20× magnification, which were analyzed with a conventional machine learning model of feature extraction
followed by an Elastic Net [39] linear regression model.

Xu et al. [40] used a deep learning approach for the similar task of classifying whole-slide permanent H&E
specimens as either glioblastoma or low-grade glioma (binary classification) and achieved 97.8% accuracy. They
also automatically segmented necrotic regions in the glioblastoma specimens with 84% accuracy. Their approach
used transfer learning with the AlexNet CNN trained on the ImageNet dataset [23]. In a transfer learning approach,
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Review Khalsa, Hollon, Adapa et al.

Table 2. Summary of publications with machine learning approaches to the automated diagnosis of
intraoperative histopathologic specimens of CNS tumors.
Study Image Type Classes Method Ref.

Abas et al.
(2016)

Smear preparation Neoplastic astrocytes and non-neoplastic astrocytes Conventional machine
learning

[42]

Orringer et al.
(2017)

Stimulated Raman
histology

Low-grade glioma, high-grade glioma, non-neoplastic cortex, metastatic
adenocarcinoma, metastatic melanoma and meningioma

Conventional machine
learning

[18]

Hollon et al.
(2018)

Stimulated Raman
histology

Normal brain, ganglioglioma, pilocytic astrocytoma, primitive neuroectodermal
tumor, dysembryoplastic neuroepithelial tumor, ependymoma and
medulloblastoma

Conventional machine
learning

[44]

Hollon et al.
(2020)

Stimulated Raman
histology

Malignant glioma, diffuse low-grade glioma, pilocytic astrocytoma,
ependymoma, lymphoma, metastases, medulloblastoma, meningioma, pituitary
adenoma, gliosis, white matter, gray matter and nondiagnostic tissue

Convolutional neural
network

[46]

the network used is one that is already trained to extract a set of features, usually those necessary to classify real-world
scenes and natural objects [41]. Histopathology slides are then used to train the last few layers of this pretrained
neural network, such that fewer training images are needed as compared with training the network from scratch.

Machine learning for intraoperative histopathology
There have been fewer attempts to apply machine learning to intraoperative specimens, especially in the CNS.
Intraoperative specimens pose unique challenges, including increased artifacts introduced by tissue preparation,
variability in preparation techniques among institutions and a relative lack of digitized data available for research.
Table 2 summarizes studies that have applied machine learning to classify intraoperative histopathologic specimens
of CNS tissue and tumors.

Abas et al. [42] reported one of the earliest attempts at machine learning for intraoperative CNS pathology. They
used a conventional machine learning approach to distinguish neoplastic astrocytes from non-neoplastic astrocytes
on intraoperative smear preparations from patients with suspected recurrent glioma. Slides were divided such that
one cell was analyzed per image. Geometric and textural features were extracted from the image and fed into five
different classifiers for comparison. The authors’ best performance was achieved with a binary classifier and support
vector machine with F1 scores 0.92–0.94 [42].

Orringer et al. [18] introduced a novel rapid approach to intraoperative pathology for neurosurgical patients. A
label-free microscopy method called stimulated Raman scattering was coupled with an image processing technique,
stimulated Raman histology (SRH), to generate virtual H&E slides. These digital SRH images provided the same
diagnostic histopathologic features as permanent H&E specimens, but without any tissue processing. A conventional
machine learning technique was also applied for automated classification of the SRH specimens, which included
diagnoses of low-grade glioma, high-grade glioma, non-neoplastic cortex, metastatic adenocarcinoma, metastatic
melanoma and meningioma. Each specimen was divided into 400 × 400 micron fields of view. A set of image
features were extracted with the software WND-CHARM [43] and classified with a machine learning technique
called a multilayer perceptron. Specimens were classified as normal, low-grade glioma, high-grade glioma or nonglial
tumor with 90% accuracy using this automated approach [18].

The same group applied SRH and conventional machine learning to automated intraoperative diagnosis of
pediatric brain tumors [44]. Specimens consisted of normal brain, ganglioglioma, pilocytic astrocytoma, primitive
neuroectodermal tumor, dysembryoplastic neuroepithelial tumor, ependymoma and medulloblastoma. Nuclear
density, tumor-associated macrophage infiltration and nuclear morphology parameters were extracted from the
fresh SRH specimens and used to train a classification technique called random forest. They were able to distinguish
lesional versus nonlesional and high-grade versus low-grade specimens with 100% accuracy [44]. The random forest
technique functions by generating a large number of randomly generated decision trees, which collectively vote on
the most likely class [45]. As with other conventional machine learning techniques, the features used to generate the
decision trees are deliberately selected and extracted from the images prior to training the classifier.

Most recently, Hollon et al. [46] trained a deep CNN to distinguish among 13 different classes of brain tumors
and non-neoplastic brain tissue using intraoperative SRH specimens obtained during brain tumor surgery. The
algorithm was able to distinguish malignant glioma, diffuse low-grade gliomas, pilocytic astrocytoma, ependymoma,
lymphoma, metastases, medulloblastoma, meningioma, pituitary adenoma, gliosis, white matter, gray matter and
nondiagnostic tissue. This CNN-based automated interpretation of intraoperative SRH images was tested in a
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multicenter prospective fashion and found to arrive at a diagnosis in less than 150 seconds and with a diagnostic
accuracy of 94.6% without human input, which was noninferior to pathologist-based interpretation of conventional
intraoperative frozen and smear preparations with an overall accuracy of 93.9% [46].

Hollon et al. [46] provided additional insight into the potential role for deep neural networks to aid neu-
ropathologists in improving intraoperative diagnostic accuracy. Of 278 specimens, 17 were misdiagnosed by expert
board-certified neuropathologists (93.9% overall accuracy), but the CNN correctly classified all of these 17 difficult
specimens. Similarly, 14 of 278 specimens were misdiagnosed by the CNN (94.6% overall accuracy), but the
neuropathologists correctly interpreted these 14 cases. Therefore, there was no overlap in errors between the CNN
and the neuropathologists in this study. This highlights the possibility that deep neural network-based automated
interpretation may be used as an aid for neuropathologists in improving diagnostic accuracy for difficult cases, but
also indicates the importance of validation by a trained neuropathologist to avoid misclassification by the neural
network.

Conclusion
The accuracy with which machine learning algorithms can automatically classify real-world images has grown
rapidly. Several groups have applied machine learning techniques to cancer histopathology, and some have focused on
brain tumors. Multiple attempts have been successful with binary tasks, such as high-grade versus low-grade glioma
or necrosis versus non-necrosis. Progress in automatically distinguishing among a wider selection of core diagnoses
has been made using stimulated Raman histology specimens. To make the greatest impact on surgical decision-
making, an automated system would need to read any whole-slide intraoperative specimen and automatically
provide a diagnosis within minutes among a wide set of core diagnoses in brain and spine tumor specimens. A
system that could automatically interpret intraoperative frozen and/or smear preparations has the potential to
immediately impact tumor surgery in the CNS and spinal column, especially in settings with limited access to
intraoperative neuropathology consultation.

Future perspective
Histologic diagnosis is key for decision-making during surgery for tumors affecting the brain and spine. The ideal
automated system would be able to distinguish between all the core diagnoses that would influence intraoperative
decision-making, when provided a digitized whole slide.

The closest achievement of this goal for brain tumors utilized a deep learning approach to interpreting stimulated
Raman histology [46]. SRH has the potential to revolutionize intraoperative histopathology, although the specialized
microscope is currently available at a limited number of research institutions. Most centers performing surgery on
the CNS currently have the infrastructure to produce frozen and cytologic preparations; however, to the authors’
knowledge, machine learning has not yet been applied for clinically significant automated interpretation of frozen
sections for the CNS. One group did address smear preparations, but the task was limited to the binary task of
distinguishing neoplastic from non-neoplastic cells in glioma specimens [42]. The ability to perform automated
diagnosis on frozen and smear preparations would thus be a significant contribution to centers without ready access
to neuropathologists in the intraoperative setting.

Overall, the number of different tumor types classified by machine learning-based algorithms and the classification
accuracy are both increasing as automated histopathologic classification techniques are refined by multiple research
groups. This raises the question of how automated classifiers might be used in the clinical setting. As described
in this article, rapid automated diagnosis is most likely to influence clinical decision making in the intraoperative
setting for brain and spine tumors, where histology can greatly influence immediate surgical goals.

We suspect that the automated classifiers will not be used as a replacement for human pathologists, but rather
as a tool to improve the speed and accuracy with which a preliminary diagnosis is made. Hollon et al. [46] showed
in a large prospective brain tumor series that the diagnostic errors made by board-certified neuropathologists were
mutually exclusive with those made by their convolutional neural network. This suggests that a pathologist assisted
by artificial intelligence has the potential to achieve greater accuracy than either interpreter alone; a hypothesis that
would benefit from prospective validation.

Furthermore, a current limitation of machine learning algorithms in general is their reliance on a large number
of training examples, which limits their ability to identify rare tumor types that are underrepresented in the training
set. It will be important for automated classifiers in the clinical setting to produce a confidence metric along with
the whole-slide diagnosis, such that difficult or rare cases are flagged for further expert review.
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Finally, real-world neuropathologists do not interpret the tumor specimen in isolation in order to render a
diagnosis. Additional factors, including patient demographics, clinical history and imaging, are all important in
informing the pretest probability for various diagnoses. The field may benefit from more holistic classifiers that
consider these other important medical and radiological parameters when calculating the most likely histopathologic
diagnosis.

Practice points

• The appropriate treatment strategy for a new brain or spine mass is dependent on the histologic diagnosis.
• A preliminary histopathologic diagnosis is often established intraoperatively, via a pathologist’s interpretation of

a frozen section or cytologic preparation obtained during a biopsy surgery or at the beginning of a surgery
intended to resect a mass.

• The limited availability of neuropathologists, especially in resource-limited settings, has prompted some groups
to investigate artificial intelligence techniques for automated interpretation of histopathologic specimens. Deep
learning is an artificial intelligence technique that has shown promise for automated diagnosis of digitized
pathology specimens.

• Most groups have investigated automated diagnosis of formalin-fixed, paraffin-embedded specimens, which do
not apply to intraoperative decision-making.

• The literature is sparse on attempts to automatically classify intraoperative specimens. These specimens pose
unique challenges to automated interpretation, including an increased number of artifacts introduced by tissue
preparation, variability in preparation techniques among institutions and a relative lack of digitized data
available for research.

• Future studies have the potential to significantly impact brain and spine tumor surgery by developing algorithms
to automatically provide a diagnosis for digitized intraoperative specimens, such as frozen and cytologic
preparations.
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Summary points

• Apkinson is open source, so all of the source code can be downloaded and used to improve the existing App or
even to create a new one.

• The algorithms implemented in Apkinson allow the evaluation of different motor aspects like speech production,
movement of arms, hands and legs, and also fine motor aspects including those related with finger tapping.

• The feature extraction module of Apkinson is based on measurements that have been developed and tested in
previous scientific works.

• Direct feedback is provided to the patient and it allows the comparison of performance obtained in current and
previous recording sessions. This aspect allows the patient to know about his specific progression.

• According to preliminary results, most of the extracted features are suitable to evaluate abnormal motor patterns
in Parkinson’s patients.

• Further recordings and experiments are required to report more conclusive and robust results.

Aim: Thispaper introduces Apkinson, a mobile application for motor evaluation and monitoring of Parkin-
son’s disease patients. Materials & methods: The App is based on previously reported methods, for in-
stance, the evaluation of articulation and pronunciation in speech, regularity and freezing of gait in
walking, and tapping accuracy in hand movement. Results: Preliminary experiments indicate that most
of the measurements are suitable to discriminate patients and controls. Significance is evaluated through
statistical tests. Conclusion: Although the reported results correspond to preliminary experiments, we
think that Apkinson is a very useful App that can help patients, caregivers and clinicians, in performing
a more accurate monitoring of the disease progression. Additionally, the mobile App can be a personal
health assistant.

First draft submitted: 3 December 2019; Accepted for publication: 29 January 2020; Published online:
23 June 2020

Keywords: automatic monitoring • finger tapping • gait • hand movement • mobile application • motor evaluation
• Parkinson’s disease • speech

Parkinson’s disease (PD) is a neurodegenerative disorder that affects about 2% of people older than 65 years, which
represents more than six million of people in the world [1]. PD is caused by the progressive loss of dopaminergic
neurons in the mid-brain. Among the most prominent symptoms exhibited by PD patients are bradykinesia,
rigidity, tremor, postural instability, motor speech disorders and others.
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According to the Royal College of Physicians in London [2], in order to relieve the impact of PD, in addition to
the pharmacological treatment typically administered by clinicians, PD patients should have access to specialized
nursing care, physiotherapy and speech and language therapy [3]. All of these PD-related treatments exceed $US
4072 only in the USA (without including cases where ambulatory assistance is necessary). Although population
aging is a real problem worldwide, it is estimated that the economic burden of PD could be significantly decreased
if the disease progression is slowed down by at least 20% [4]. One possible strategy to help in slowing down the
impact of PD is based on systematic and unobtrusive monitoring of patients. In order to contribute to this aim, the
Pattern Recognition Lab from the University of Erlangen-Nuremberg (Erlangen, Germany), the Machine Learning
and Data Analytics Lab also from the University of Erlangen-Nuremberg and the GITA research Lab from the
University of Antioquia (Medelĺın, Colombia) started to work several years ago on the development of different
technological tools based on Pattern Recognition and Signal Processing methods to help patients, caregivers and
clinicians in the process of monitoring the neurological state of PD patients. One of the most recent initiatives is
the project ‘Speech and Movement Analysis using your SMArt phone for neurological diseases – (SMA)∧2’, which is
financed by the Ministry of Education and Research in Germany (BMBF).

The main aim of the project is the development of technology that considers different biosignals for evaluation
and monitoring and that could be easily used by patients, caregivers and clinicians, not only in the cities but
also in the countryside. Several smartphone applications have been developed to monitor PD symptoms in recent
years [5]. However, most of them only consider the evaluation of the upper and lower limbs using the inertial sensors
embedded in the smartphone [5,6]. Additionally, many of the existing applications are focused on the evaluation of
specific aspects of the disease. For instance, postural tremor [7], bradykinesia [8], fine motor skills [9] and freezing of
gait (FoG) [10–12].

One of the first studies about the evaluation of PD symptoms using smartphones was developed in [12], where
the authors proposed the use of a smartphone application and wearable accelerometers to detect FoG episodes
in walking. In [13], the authors developed an Android application to evaluate automatically three aspects of PD
patients: handwriting with the drawing of an Archimedean spiral, finger tapping and gait. Different features are
computed from each task, for example, geometric features from the Archimedean spiral and kinematic features from
the tapping and gait exercises. The extracted features are evaluated in a group of 17 PD patients and 18 healthy
control (HC) subjects. The authors report an accuracy of up to 87.5%. In [11], the authors considered inertial
sensors from a smartphone to detect the FoG events from 15 PD patients. Subjects were instructed to walk straight
3 m. Then, they turned around and returned to the starting place. The smartphone was placed in several parts of
the body when the patients performed the exercises. The authors combined freezing index (FI) with other statistical
and spectral features to classify the FoG episodes using an Adaboost classifier. The highest accuracy was reported
when the smartphone was placed in the waist (86%). In [14], the authors presented a smartphone application to
capture data from postural tremor of PD patients. The authors extracted kinematic features such as the average
and standard deviation of the acceleration signals. The features were used to classify a group of 25 PD patients
and 20 HC subjects. In [12], the authors created a smartphone application to detect FoG episodes in real time.
The proposed method consisted in the computation of the FI, the energy index and the step cadence. The system
was tested with data from 20 PD patients that experiment FoG episodes when they performed a time-up and go
test. The FoG episodes were detected in about 90% of the cases. In [15], the authors evaluated handwriting using
a smartphone application where the patients draw a spiral. The authors computed several features and evaluated
different items of the Unified Parkinson’s Disease Rating Scale (UPDRS) score related to the upper limbs. They
found correlations from 0.47 to 0.52 combining handwriting features with finger-taping measures.

Regarding the speech assessment of PD patients using smartphones, the few existing applications consider a
small subset of exercises for the assessment of the patients, and only phonation analysis of sustained vowels is
considered [16,17]. In the mPower for iPhones [16], the patients respond to a subset of questions from the MDS-
UPDRS scale, and perform short activities such as finger tapping or the phonation of the sustained vowel /a/. In [17],
the authors introduced the HopkinsPD smartphone application, where the patients have to perform five exercises
related to speech, finger tapping, gait, balance and reaction time. The authors proposed the Parkinson’s disease
score (mPDS) based on the performed exercises. The mPDS aimed to detect intraday symptoms fluctuations, even
those related to the dopaminergic medication. The authors correlate the mPDS and the MDS-UPDRS-III scores
of the patients, and report Pearson’s correlations of up to 0.88; however, such correlation could be optimistic since
the comparison is only performed with three points in the MDS-UPDRS-III scale.
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Additional studies have shown that it is possible to evaluate the speech impairments of PD patients using signals
recorded with smartphones [18–20]. However, such studies only consider the smartphone to record the speech data,
without providing a feedback mechanism to the patients such that inform them about their current state.

Supplementary Table 1 provides a list with existing applications to assess different symptoms of PD patients.
Note that there is no application designed for speech assessment of PD patients. There are also apps designed only
to collect data, which does not provide feedback to patients.

The rest of the paper provides details of Apkinson, a mobile application that was developed within the framework
of the project with the aim of providing the patients, caregivers and clinicians with a technological tool that
supports them in the process of following the disease progression. Although the App is not yet advertised and
distributed among all potential users, this paper includes results of preliminary evaluations performed with a
sample of participants by using Apkinson as the recording tool.

General description of Apkinson
Apkinson is a mobile application that records several signals using sensors embedded on the smartphone (microphone,
accelerometer and gyroscope) and performs different analyses with the aim of modeling the neurological progression
of PD patients. The App includes information from the patient, medication intake, dose, etc. There is a set of 38
different exercises and the patient is requested to do between six and eight of them every day (in its current version
the set of exercises is repeated every week). The set includes tasks of different nature like speech production, hands
movement, gait and finger tapping.

The information from those signals is stored on the phone and processed such that the results are compared with
previous recording sessions, which allows Apkinson to provide the patient with a direct and individual comparison.
Those exercises that require more computation power due to more elaborated and complex algorithms are sent
to a server. Specifically, the evaluation of pronunciation and intelligibility of speech need to be computed on the
server side. The first one requires the computation of a recurrent neural network and the second one is based on an
automatic speech recognizer (ASR). Once all of the computations are performed, the result is sent back to Apkinson
and included in the feedback that is provided to the patient. Details about the first cohort of patients that are being
currently recorded and all of the measurements that are extracted from the collected signals are provided in the next
sections.

Materials & methods
Participants
A total of 60 HC people (30 female) and 23 PD patients (12 female) are included in these preliminary evaluations.
All of the patients are active members of Fundalianza Parkinson Colombia, which is the foundation for Parkinson’s
patients in Medellin, Colombia. The patients have an average age of 68.6 years (standard deviation [SD] = 11.3)
with 13 (SD = 3.8) years of education. For the case of the control group, they have an average age of 62.2 (SD = 10.2)
and 10.4 (SD = 4.2) years of education. The two groups are matched by age (t[59] = 0.023; p < 0.00001) and
education level (t[59] = 0.01075; p < 0.0001). The matching of gender is guaranteed per class, in other words,
there is a balanced number of female and male in each group (PD patients and HCs). The clinical diagnosis of the
patients was performed by an expert neurologist in accordance with the United Kingdom PD Society Brain Bank
Criteria [21]. At the moment of the pilot evaluation using Apkinson, the average time post diagnosis for the patients
was 9.7 years (SD = 9.3).

The motor evaluation of the patients was according to the section 3 of the Movement Disorder Society-sponsored
revision of the Unified Parkinson’s Disease Rating Scale (MDS-UPDRS-III) [22]. A total of 17 of the 23 patients
were evaluated and the mean value of the MDS-UPDRS-III score was 37.05 (SD = 14.5). The reason for the other
six patients not to be evaluated is because the project that finances the cost of the neurological evaluation was not
running for the time of those recordings. For the patients who were evaluated by the neurologist, our team extracted
the values of partial items of the scale like those related with the evaluation of the lower limbs, upper limbs and the
specific item of speech. We believe that the analysis of information regarding these items provide specific insights
regarding particular abnormalities in the upper or lower limbs and in speech. Further experiments considering
this information will be performed in the near future. None of the participants in the HC group presented any
neurological or movement disorder. Table 1 and Supplementary Table 2 include details of clinical and demographic
information of the HCs and the patients, respectively.

future science group www.futuremedicine.com 139



Research Article Orozco-Arroyave, Vásquez-Correa, Klumpp et al.

Table 1. Clinical and demographic information of the Parkinson’s disease patients.
Gender Age Education y MDS-UPDRS-III Speech Lower limbs Upper limbs

F 62 5 44 31 2 19 10

F 61 19 19 19 1 10 6

M 65 13 16 23 2 12 9

M 75 16 7 33 3 15 15

F 65 13 10 39 1 19 18

M 72 17 7 59 3 31 24

M 74 14 10 39 1 19 19

M 81 12 13 43 3 16 23

F 66 17 10 20 1 9 10

M 72 12 17 44 2 19 23

F 87 12 6 48 2 30 16

M 86 12 7 43 1 18 24

M 73 17 5 65 2 29 32

F 81 17 5 22 0 8 14

F 84 6 3 54 2 27 25

M 54 17 2 32 1 14 17

M 53 12 20 16 0 4 12

F 79 11 3

F 68 11 1

F 58 11 4

F 47 15 3

M 58 5 3

F 57 15 8

Mean 68.7 13 9.7 37 1.6 17.6 17.5

SD 11.3 3.9 9.3 14.5 0.9 8 7

The column Speech indicates the value of the item that evaluates speech deficits in the MDS-UPDRS-III scale. Lower and upper limbs correspond to the sum of items in the scale that are
related with the movement of lower and upper limbs, respectively.
SD: Standard deviation; y: Years after the diagnosis.

Registration to use the App, metadata & settings
When the patient uses the App for the first time, it requests the patient to introduce several metadata including
the birth date, gender, dominant hand, education level, years of diagnosis, medication name, dose and intake time,
weight, height and others. When the patient has been using Apkinson for several sessions, s(he) can see the progress
in the performed exercises, and move to the different modules of the App, including access to exercises, results and
other settings. From this module the patient can also start to do the exercise session of the day. Figure 1 shows these
options. The name ‘Camilo’ is a reference that corresponds to the name of the patient.

Apart from the registration and the metadata information, Apkinson incorporates a settings module where the
patient can manage general aspects of the App like updates of the demographics or medication information, or to
change the time of the notifications to remind the patients to do their daily exercises. In addition, when the patient
attends a medical appointment, Apkinson allows the medical examiner to export the information from the patients’
smartphone, and also to update exercises that the patient has to perform. A screenshot of the settings module is
shown in Figure 2.

One relevant aspect when using sensors embedded in smartphones with Android operating systems is the
sampling frequency. The smartphone is programmed to do the sampling when the scheduler allows it, which
means it depends on whether the user or the device itself is running other applications at the same time and
the sampling frequency can approximately vary between 20 and 200 Hz. There is no way to avoid that situation
because it is programmed like that in the Android operating system. With the aim to avoid that potential problem,
we implemented a resampling method that is always applied such that it assures a constant sampling frequency of
100 Hz. The method is standard and it is based on a linear interpolation. Further details about resampling methods
can be found in [23].
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Figure 1. Starting interface after registration.

Exercises included in the current version of Apkinson
When the patients press the quick start button (see Figure 1), they are moved to the module with the exercises that
should be performed on a daily basis. There are a total of 38 exercises, every day within a week the patient will be
asked to perform between six and eight different exercises. The patient will receive a daily notification as a reminder
to do the exercises. There are three groups of exercises, the first group has a total of 21 speech tasks including
the sustained phonation of the vowels /a/, /i/ and /u/, six diadochokinetic (DDK) evaluation (e.g., the rapid
repetition of syllables like /pa-ta-ka/ and /pe-ta-ka/), ten different sentences that the patient has to read, and the
description of images that appear on the screen. The speech tasks are thought to evaluate phonation, articulation
and prosody impairments in the speech of the patients. The other two groups of exercises contain a total of 17
tasks that are captured using the inertial sensors of the smartphone. The aim is to evaluate different abnormal
aspects in movements including postural tremor, kinetic tremor, finger tapping, gait deficits, among others. The
patient can access the instructions via video, voice and text on the App. Those instructions guide the patient to
perform the exercises correctly. Figure 3 shows different screens that the patient will see when selecting the exercises
to perform. For instance, Figure 3A indicates a list of exercises to perform in the current session; Figure 3B shows
an example (text and audio) to explain the patient how to perform the rapid repetition of the syllables/pa-ta-ka/,
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Figure 2. Settings module.

in other words, DDK exercise; Figure 3C shows the screen that the patient can see when is about to start one of
the walking tasks. Note that the patient is asked to put the smartphone in the pocket before starting the walking
tasks. Figure 3D shows the example that the patient sees when doing one of the movement tasks which consists in
moving the hand (while holding the mobile) from the front to the nose; Figure 3E shows the example of how to do
the hand tremor exercise; and Figure 3F shows the screen of the task where the patient has to touch the lady-bugs
alternating between the two fingers. Note that on each exercise the patient can see a video with the example and
can also read the instruction that is written below the video screen.

Speech modeling
For the evaluation of speech, Apkinson focuses on the analysis of stability, speech rate, intonation, intelligibility and
pronunciation. The first three are computed directly on the phone and the last two are computed on the server.
The sampling frequency for the speech signals in Apkinson is set at 16 KHz and it is important to mention that
speech signals do not have stability problems in the sampling frequency, then once it is set the value is constant for
every recording. Further details of each feature are as follows:

Stability

The stability of the vocal folds’ vibration is measured by computing the jitter, which is defined as the temporal
variation of the pitch period related to the frequency at which the vocal folds vibrate due to the airflow coming
from the lungs during the production of voiced sounds such as the vowels. For the case of pathological speech,
previous studies have shown that the jitter values are higher on PD patients with respect to people without any
speech impairment or neurological disease [24–26]. In Apkinson, the Jitter is computed from the sustained phonation
of the vowel /a/ using Equation 1, where N is the length of the pitch contour, F0 is the pitch contour and Mp is
the maximum pitch value.

Jitter(%) =
100

N ∗ Mp
�N

k=1|F0(k) − Mp | (Eq. 1)

Figure 4 shows an example of the pitch contour for the sustained phonation of vowel /a/ for an HC subject and
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Figure 3. Different exercises implemented in Apkinson.

a PD patient. Note how the pitch contour is more unstable for the PD patient, which is modeled with a higher
value of jitter, compared with an HC speaker.

Figure 5 shows the box-plot of jitter values computed from the recordings of the sustained phonation of the
vowel /a/ obtained from the participants of this study. It can be observed that jitter values are lower for the HC
group compared with PD patients. A Kruskal–Wallis test was performed and significant differences have been
found between the two groups (H = 4.83; p = 0.02).

Speech rate

The speech rate is measured to evaluate the speed of the articulation movements necessary to produce DDK
exercises. The speech rate is computed considering the number of voiced sounds per second produced by one
speaker during the rapid repetition of /pa-ta-ka/, using Equation 2, where Nv is the number of voiced sounds
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Figure 4. Pitch contour of the sustained phonation of vowel /a/ from a healthy control speaker (top), and pitch
contour of the sustained phonation of vowel /a/ from a Parkinson’s disease patient (bottom).

extracted from the speech signal, fs is the sampling frequency and L is the number of samples in the speech signal.
The method used in Apkinson to identify the voiced frames is based on the presence of pitch in short-time speech
frames of 40 ms extracted with a time-shift of 10 ms. The computation of this measure is according to the algorithm
presented in [25].

SR =
Nv ∗ fs

L
(Eq. 2)

The box-plots in Figure 6 show the difference in the speech rate computed between the group of PD patients
and HC subjects. Note that the PD patients exhibit a lower speech rate than the HC speakers. The Kruskal–Wallis
test also indicates that the observed difference is significant (H = 6.02; p = 0.014).

Intonation

One of the most frequent symptoms in the speech of PD patients is the monotone speech, which can be described
as lacking of emotional expressiveness during speech communication, resulting in flatness of the pitch contour [27].
In Apkinson, the intonation is measured as the standard deviation of the pitch contour extracted from the longest
sentence included in the speech protocol [25].

Box-plots in Figure 7 show also differences in the variability of the pitch contour between the group of PD
patients and HC subjects. Although the differences are not significant according to the statistical test (H = 1.39;
p = 0.237), many PD patients have a lower variability than the observed in the HC speakers, which confirms
monotonicity exhibited by those patients in continuous speech.

Pronunciation

This feature is based on the phonological analysis tool called ‘Phonet’ recently released by our team [28]. The
phonological features are represented with a vector with information about the pronunciation of different phonemes
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Figure 5. Box-plot of jitter values computed from speech recordings of healthy speakers and Parkinson’s disease
patients. Kruskal–Wallis p < 0.05.
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Figure 6. Difference in the speech rate computed between Parkinson’s disease patients and healthy control subjects
for the rapid repetition of /pa-ta-ka/. Kruskal–Wallis p < 0.05.
HC: Healthy control; PD: Parkinson’s disease.
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Figure 8. Phonological posteriors for stop sounds produced in a diadochokinetic exercise. (Left) ‘Stop’ phonological posterior estimated
for a healthy control speaker when performing a diadochokinetic exercise. (Right) ‘Stop’ phonological posterior estimated for a
Parkinson’s disease patient.

grouped into phonological classes according to their mode and manner of articulation. The phonological features
will be the conditional posterior probability of a speech frame to belong to one or more phonological classes.
The phonological posteriors are computed with a bank of parallel recurrent neural networks, which estimate the
probability of occurrence of a specific phonological class. In Apkinson, we evaluate the pronunciation of ‘stop’
consonants (/p-t-k/) when the patients perform the DDK exercises. Figure 8 shows the difference between the
phonological features extracted from an HC and a PD patient when they perform the rapid repetition of /pa-ta-ka/.
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Figure 9. Box-plot of the average probability of ‘stops’ computed from speech recordings of healthy speakers and
Parkinson’s disease patients. Kruskal–Wallis p = 0.483.
HC: Healthy control; PD: Parkinson’s disease.

Note that the estimated posteriors are more stable and accurate in the HC than in the PD patient, where even the
phonological posteriors for the /k/ and /p/ phonemes are not detected, or detected with a lower probability.

The box-plots in Figure 9 show the difference between the average posterior probability of ‘stops’ between HC
subjects and PD patients. Despite the difference between both groups is not significant according to the Kruskal–
Wallis test (H = 0.49; p = 0.483), note that several PD patients exhibit a lower probability than the observed in the
HC group.

Intelligibility

Intelligibility is related to the capability of a person to be understood by another person or by a speech recognizer.
This speech dimension shows loss of the communication abilities of the patients, producing social isolation especially
at advanced stages of the disease [29,30]. Although extensively reported, impairments in speech intelligibility of PD
patients have been analyzed through perceived intelligibility. However, it can be automatically measured using
ASRs. To evaluate that, typically the word error rate (WER) between a read sentence and the recognized words is
measured. Previous studies showed that PD patients make more pronunciation errors, then they exhibit a higher
WER compared with HC subjects [31,32]. Intelligibility analysis in Apkinson was performed with a trained ASR and
the WER was measured between the target sentence the patients had to read and the recognized by the ASR. The
WER is computed according to Equation 3, where S is the number of substitutions, I is the number of insertions,
D is the number of deletions and N is the number of total words in the original transcription.

WER =
S + I + D

N
(Eq. 3)

The ASR was trained using the Kaldi framework [33], and it is installed in the web server. The model was
trained with the ten sentences from the PC-GITA corpus [34] read by 103 participants. Each sentence was repeated
ten-times, which gives us 10,300 recordings, for an approximate of 10 h duration of recordings to train the ASR.

future science group www.futuremedicine.com 147



Research Article Orozco-Arroyave, Vásquez-Correa, Klumpp et al.

Movement modeling
These analyses are mainly focused on studying how the patients move the lower limbs while walking. The features
that are being extracted in this case include measures of regularity, FoG, hand tremor, postural stability and gait
dynamics. All of they are computed on the phone.

Regularity

Apkinson includes several movement exercises where the patients have to perform repetitive patterns that form
quasiperiodic signals. These exercises are inspired in the MDS-UPDRS-III scale [22] and include: the ‘finger-to-nose
test’, where the patient with the elbow extended, is asked to bring tip of the index finger to the tip of nose,
several times; the ‘pronation–supination test’, where the patient has to rotate an extended arm in a clockwise and
counterclockwise directions; and the ’arm-circles exercise’, where the patient has to make forward and backward
circles with the extended arm. Apkinson evaluates the regularity in the repetition of these exercises according to
the temporal variability of the fundamental period of the acceleration signals in the z-axis. Such a variability (TV)
is measured according to the standard deviation of the fundamental period of the signal computed for a window
frame of 400 ms with a time-shift of 20 ms. The value of TV is normalized according to a sigmoid factor to get a
regularity index (RI) score between 0 and 100%, following Equation 4. With the normalized score, a person with
very regular movements will get a regularity measure near to 100%, while a patient with irregular movements will
get lower scores.

RI =
200

1 + e 2TV
(Eq. 4)

Freezing of gait

FoG is one of the most debilitating motor symptoms in advanced stages of PD [35]. It is characterized by sudden
impairments to initiate or continue walking. FoG is also associated with falls [36], interfering with the daily activities
of the patients. FoG can be defined as an absence or marked reduction of forward progression of the feet despite
the intention to walk [37]. Although medication reduces FoG occurring frequency, usually it is resistant to the
pharmacology treatment [38]. Based on this evidence, and in order to measure how the patient is affected by FoG,
the FI [39] was included in Apkinson in a similar implementation of the one introduced in [40], where the authors
used FI in gait signals captured with smartphones.

FI is defined as the ratio between the power spectrum of the ‘Freeze band’ (3–8 Hz) and the power spectrum
of ‘Locomotor band’ (0.5–3 Hz). Before computing FI, a preprocessing step was performed that consists of the
segmentation of the initial part of the gait to avoid the moment when the patient places his/her smartphone into
the pocket. In addition, since the signal of the z-axis is used, we removed the effects of gravity in the gait signals. At
last, we computed the energy in the freeze and locomotor bands, and computed their ratio to have the FI. Box-plots
in Figure 10 show the difference in the FI computed for HC and PD patients, when they perform the 4 × 10
walking test, in other words, to walk 40 m with a pause every 10 m. The difference is not statistically significant
(H = 1.28; p = 0.26) because not all of the PD patients exhibit FoG episodes in their gait, however note that several
patients have a higher FI with respect to the HC subjects.

Posture

Posture stability (PS) is a common problem in PD patients and one of the main causes of falls. Several studies
show that PD patients suffer 62% more falls that patients with other neurological disorders like Alzheimer’s or
Huntington’s [40]. In order to evaluate posture using Apkinson, we consider the standing task, where the patient
should be standing straight for 30 s with the smartphone in his/her pocket. PS is evaluated in Apkinson based on
the energy of the acceleration signals in the three axes, according to Equation 5, where ax, ay and az correspond to
the acceleration measured in frontal, sagittal and transversal planes, and N is the length of the gait signal. The value
of the energy is normalized according to a sigmoid factor to get values between 0 and 100%, following Equation 6.
With the normalized score, a person with small movements will get a PS near to 100%, while a patient with strong
movements will get a lower score.

E =
1

N
�(a2

x + a2
y + a2

z ) (Eq. 5)
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Figure 10. Difference in the freezing index between Parkinson’s disease patients and healthy control subjects who
performed the 4 × 10 walking task. Kruskal–Wallis p = 0.26.
HC: Healthy control; PD: Parkinson’s disease.

PS =
200

1 + e 2E
(Eq. 6)

The box-plots shown in Figure 11 confirm that most of PD patients have stability problems compared with HC
subjects, which have a higher PS score. The difference in the postural stability is also significant, according to the
Kruskal–Wallis test (H = 5.01; p = 0.025).

Hand tremor

Hand tremor is a well-known symptom of PD patients. It is defined as a rapid back-and-forth movement of a body
segment [41]. Tremor in PD patients appears mainly at rest, and tends to disappear during posture or movement [42].
However, in severe stages of the disease, the tremor may remain present during hand posture or movement. Hand
tremor in Apkinson is evaluated in the ‘postural tremor exercise’, where the patient extends the arm holding the
phone, and keeping such a position for at least 10 s. Apkinson computes the energy of the acceleration signals when
the patient is holding the phone, using the same strategy considered for the postural stability (see Equations 5 &
6) in order to get a performance measure of the exercise (patients with low tremor will have a higher performance).
The evaluation is performed both with the right and left hands, in order to consider the contralaterality effect,
observed in the addressed population [43].

The difference observed in the performance of the postural tremor exercise between PD patients and HC subjects
is significant for the left arm (H = 7.65; p = 0.005) but not for the right arm (H = 0.38; p = 0.53), which is the
dominant hand for most of the participants. This confirms the presence of the contralaterality effect in the studied
group. These results are observed with more detail in Figure 12.

Gait dynamics

One of the most important feature sets considered in modeling motor impairments of PD patients are those based
on the kinematic analysis of the gait process [44]. Conventional kinematic features are based on the duration, length
and velocity of the strides.

Apkinson has incorporated a step detection algorithm based on a peak detection method of the acceleration
signals. With the number of detected steps and their location in the acceleration signal, we computed the duration
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Figure 11. Difference in the postural stability between Parkinson’s disease patients and healthy control subjects.
Kruskal–Wallis p = 0.025.
HC: Healthy control; PD: Parkinson’s disease.

of each step. The number of steps and the average duration are also included in the dashboard section of Apkinson
to show the patient their current performance when they perform the 2-min walking test.

Fine movement modeling
Fine movement tasks aim to evaluate different dimensions of PD. Symptoms reported in the scientific literature are
akinesia (inability to initiate movement), bradykinesia (slow movements), freezing (momentary loss of movement),
deficit in space-visual ability and loss of cognitive ability. In order to evaluate the patient’s performance in fine
movements, three finger tapping tasks have been included in Apkinson based on those proposed in [45]. The first one
consists on tapping with the thumb of the dominant hand ladybugs that randomly appear on the screen for 10 s. In
the second task, the previous procedure is repeated but now both thumbs are used to hit two ladybugs that appear
randomly on the screen (each ladybug is located in the right and left half of the screen so that each finger is close to
a ladybug and a natural movement is guaranteed). The third task is to slide horizontally a bar until reaching a target
point, which moves randomly every time once it is reached. This third task is inspired in the Fitt’s test to evaluate
human computer interaction systems [46]. Each task presented requires rapid reaction, concentration, ability to
associate, spatial location and repeated movements of extension and contraction of the fingers. The evaluation of
the fine movement skills of the patients is performed with the four features described below:

Tapping accuracy

This feature indicates the number of insects that the patient manages to capture during the time of the exercise,
relative to the number times the patient touches the screen, according to Equation 7. The value is limited to a
maximum of 100%. With this indicator, vertical extension and contraction movements of the fingers are evaluated.
The tapping accuracy is computed both for the one finger and two fingers tapping exercises, and the value displayed
in the result screen corresponds to the average accuracy for both exercises.

Tapping accuracy =
100 ∗ Number of correct hits

Total Number of hits
(Eq. 7)
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Figure 12. Difference in the performance of hand tremor. (A) Difference in the hand tremor between Parkinson’s
disease patients and healthy control subjects when performing the exercise with the left hand. Kruskal–Wallis p =
0.005. (B) Difference in the hand tremor between Parkinson’s disease patients and healthy control subjects when
performing the exercise with the right hand. Kruskal-Wallis p = 0.53.
HC: Healthy control; PD: Parkinson’s disease.

Tapping velocity

This feature is computed as the number of taps performed, relative to the duration of the tapping exercise. The
velocity is computed for both tapping exercises, and the displayed value corresponds to the average velocity.

Precision

The tapping precision measures the distance between the point in the screen pressed by the patient and the real
place of the lady bugs in the tapping exercises. The precision is computed based on Equation 8, where R is a
reference factor computed as the average distance to the lady bugs for HC subjects normalized by the size of the
screen (in pixels). di is the i-th distance to the lady bug for the total of tappings T in the exercise.

Tapping precision = 1 − 100
R �T

i=1 di (Eq. 8)

Sliding velocity

Similar to the tapping velocity, this feature measures the number of times the patient is able to reach the target bar
during the time of the exercises.

The box-plots in Figure 13 show the difference between the tapping features computed for the group of PD
patients and HC subjects. Note that PD patients exhibit a lower tapping accuracy, a lower tapping velocity and a
lower tapping precision, compared with the HC group. The results from the Kruskal–Wallis test indicate that there
is a significant difference between the features extracted from the PD patients and HC subjects (p < 0.05).

Feedback to the patient & global motor evaluation
Patients can see their performance after doing the exercises, and also compare results with respect to previous sessions,
in other words, follow-up evaluation. Figure 14 shows the different screens of results that the patient can visualize
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to get feedback about the current state. Figure 14A shows the results obtained from the speech exercises. The five
vertices of the radar-type plot correspond to the evaluation of stability, speech rate, intonation, intelligibility and
pronunciation. A general performance in speech is obtained from the area of the resulting pentagon. Figure 14B
indicates results obtained from movement exercises and the six vertices of the plot correspond to regularity of
movements performed with the upper limbs, postural tremor, average duration of the strides in the walking
exercises, number of steps in the 4 × 10 exercise, postural stability and the FI. As in the previous case, the area
of the resulting hexagon is computed as a general performance for movement analysis. At last, Figure 14C shows
results of the evaluation of fine motor skills including the taping accuracy, velocity of tapping, the tapping precision
and number of times the bar reaches the target in the sliding exercise. The general fine motor skill of the patient is
computed as the area of the resulting quadrangular. In all of the cases, the reference plot in cyan color is computed
as the result of evaluating 60 HC subjects. The plot computed for the patient is in orange and when there is overlap
between the reference subjects and the patient, the resulting plot is in light green.

The global motor evaluation is performed considering the areas of the geometrical figures obtained from each
evaluation separately (speech, movement and fine motor). The result is composed by three area values that are used
as the vertices for a triangle. As in the case of the individual evaluations, there is a reference plot computed with
the results of 60 healthy subjects. Figure 15A shows an example of how Apkinson displays the overall results to the
patient in terms of the area of the resulting triangle. Additionally, Figure 15B indicates how the historic results
are displayed. Note that these two figures provide immediate feedback to the patient, one is specific for the last
recorded session and the other one is general with the overall results obtained in the current and previous sessions.

Communication between Apkinson & the server
The system incorporates a database created in mysql version 15.1 Distribution 10.1.37-MariaDB. Several tables are
created per patient. Each table stores metadata and information about the medication. There is also a table where
all of the results of the exercises performed by each patient are stored; additionally, the server stores multimedia
files with raw data of the speech and movement recordings. Potential users like patients, caregivers, medical doctors
and the administrator, have permissions to access different levels of the data, which means not everybody can
observe the same data because it will depend on the permissions granted by the admin (this option is still under
development and will be configurable according to the Ethical regulations of each country or institution).

future science group www.futuremedicine.com 153



Research Article Orozco-Arroyave, Vásquez-Correa, Klumpp et al.

The access to the data is provided via a web-based application developed on Django 1.11.
The communication between the server and the App is performed with the Volley 1.0.10 library, which is a

high-level interface that allows the exchange of HTTP requests from the App to the server. It is important to
mention that the App senses the WiFi connection of the smartphone and files are only sent to the server when
there is WiFi connection (unless the user changes this option). This is with the aim of avoiding consuming all of
the mobile data of the user, which could potentially demotivate to use Apkinson. WiFi connection checking and
the posterior files uploading are performed every hour in the background. Data on the smartphone are stored in a
SQLITE database structure that allows the system to synchronize the smartphone and the server.

Discussion
This paper has introduced a new mobile App called Apkinson that can be used for the evaluation and monitoring of
motor impairments in PD patients. The App incorporates exercises and models for speech, walking, hand move-
ments and finger tapping. The patient receives immediate feedback with the results of the exercises. Since such a
feedback is individual per patient, it motivates him/her to continue using the App and trying to perform better
every day. Clinicians have access to the results and can configure the profile of each patient with the aim of updating
the medication intake and dose.

Although the aim of this paper is not to evaluate accuracy or robustness of the algorithms, with the small sample of
participants that we were able to recruit before writing this work, we wanted to report preliminary results that could
give a general idea to the reader. According to these preliminary results, most of the features currently implemented
in Apkinson allow a significant discrimination between PD patients and HC subjects. Results in detail show that
in speech, jitter and speech rate were significantly different, while the variability of the pitch contour and the
pronunciation of stops consonants were not. In the case of movement, postural stability was significantly different
but the FI was not. Regarding the results of tapping features, all of them are significantly different (p < 0.01).
These results are encouraging and motivate us to continue recording patients with Apkinson. It is expected to collect
signals from about 100 patients within the next 12 months. We expect to find more conclusive outcomes in the
near future.

This mobile Application is a step forward in the development of technological tools for the accurate and
unobtrusive monitoring of people suffering from PD. We are aware of the fact that preliminary results are based on
a small sample of patients; however, our team is currently recruiting more people and we believe that more robust
and conclusive results will be available in the near future.

Limitations of the system
The current version of Apkinson is able to handle audio, video and files resulting from the recording of movement
exercises. Additionally, the system is able to compute the WER of the speech tasks by using the Kaldi framework on
the server side. Although all of the functionalities of the system are working properly, there is a need for a module
that handles the requests by creating a queuing method. We are currently working on solving this limitation by
implementing virtual services in the server side, such that they can manage all of the requests without intervening
with other processes in the system. The current version of Apkinson does not include different profiles (patient,
caregiver or clinician). Future work also includes developing graphic user interfaces for caregivers and clinicians,
such that they can remotely monitor the progress of the patient while using the app. Another limitation of the app
is that it only works on Android devices, thus we encourage the research community to work on the adaptation of
Apkinson to make it usable on IOS devices as well.

Conclusion
Preliminary results indicate that Apkinson can be potentially used for monitoring PD patients. Most of the evaluated
features indicate that there is significant difference between patients and HCs; however, further recordings and
experiments are required to find more stable and conclusive results.

According to what we have observed during the preliminary evaluation of the App, most patients are willing to
use these kinds of technologies. We think that there are many aspects where the research community in Computer
Science and Medicine can work on with the aim of contributing to slow down the impact of PD. Additionally,
technologies like those developed in Apkinson can help in decreasing the economic burden of the treatment costs
by providing the expert neurologists with remote access to quantitative evaluations that could help them to make
timely and better informed decisions regarding treatment without requesting the patient to come to the clinic.
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Future perspective
The convergence of technologies over the Internet and the massive use of smartphones open great opportunities
to develop services oriented to help patients, caregivers and clinicians in the evaluation of therapies. We envision
that in the near future most patients will use the smartphone as their health assistant and the health or insurance
providers will offer the possibility of being monitored and unobtrusively evaluated all the time.

Supplementary data

To view the supplementary data that accompany this article please visit the journal website at: www.futuremedicine.com/doi/sup

pl/10.2217/nmt-2019-0037
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Summary points

• Apkinson is open source, so all of the source code can be downloaded and used to improve the existing App or
even to create a new one.

• The algorithms implemented in Apkinson allow the evaluation of different motor aspects like speech production,
movement of arms, hands and legs, and also fine motor aspects including those related with finger tapping.

• The feature extraction module of Apkinson is based on measurements that have been developed and tested in
previous scientific works.

• Direct feedback is provided to the patient and it allows the comparison of performance obtained in current and
previous recording sessions. This aspect allows the patient to know about his specific progression.

• According to preliminary results, most of the extracted features are suitable to evaluate abnormal motor patterns
in Parkinson’s patients.

• Further recordings and experiments are required to report more conclusive and robust results.

Aim: Thispaper introduces Apkinson, a mobile application for motor evaluation and monitoring of Parkin-
son’s disease patients. Materials & methods: The App is based on previously reported methods, for in-
stance, the evaluation of articulation and pronunciation in speech, regularity and freezing of gait in
walking, and tapping accuracy in hand movement. Results: Preliminary experiments indicate that most
of the measurements are suitable to discriminate patients and controls. Significance is evaluated through
statistical tests. Conclusion: Although the reported results correspond to preliminary experiments, we
think that Apkinson is a very useful App that can help patients, caregivers and clinicians, in performing
a more accurate monitoring of the disease progression. Additionally, the mobile App can be a personal
health assistant.

First draft submitted: 3 December 2019; Accepted for publication: 29 January 2020; Published online:
23 June 2020

Keywords: automatic monitoring • finger tapping • gait • hand movement • mobile application • motor evaluation
• Parkinson’s disease • speech

Parkinson’s disease (PD) is a neurodegenerative disorder that affects about 2% of people older than 65 years, which
represents more than six million of people in the world [1]. PD is caused by the progressive loss of dopaminergic
neurons in the mid-brain. Among the most prominent symptoms exhibited by PD patients are bradykinesia,
rigidity, tremor, postural instability, motor speech disorders and others.
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According to the Royal College of Physicians in London [2], in order to relieve the impact of PD, in addition to
the pharmacological treatment typically administered by clinicians, PD patients should have access to specialized
nursing care, physiotherapy and speech and language therapy [3]. All of these PD-related treatments exceed $US
4072 only in the USA (without including cases where ambulatory assistance is necessary). Although population
aging is a real problem worldwide, it is estimated that the economic burden of PD could be significantly decreased
if the disease progression is slowed down by at least 20% [4]. One possible strategy to help in slowing down the
impact of PD is based on systematic and unobtrusive monitoring of patients. In order to contribute to this aim, the
Pattern Recognition Lab from the University of Erlangen-Nuremberg (Erlangen, Germany), the Machine Learning
and Data Analytics Lab also from the University of Erlangen-Nuremberg and the GITA research Lab from the
University of Antioquia (Medelĺın, Colombia) started to work several years ago on the development of different
technological tools based on Pattern Recognition and Signal Processing methods to help patients, caregivers and
clinicians in the process of monitoring the neurological state of PD patients. One of the most recent initiatives is
the project ‘Speech and Movement Analysis using your SMArt phone for neurological diseases – (SMA)∧2’, which is
financed by the Ministry of Education and Research in Germany (BMBF).

The main aim of the project is the development of technology that considers different biosignals for evaluation
and monitoring and that could be easily used by patients, caregivers and clinicians, not only in the cities but
also in the countryside. Several smartphone applications have been developed to monitor PD symptoms in recent
years [5]. However, most of them only consider the evaluation of the upper and lower limbs using the inertial sensors
embedded in the smartphone [5,6]. Additionally, many of the existing applications are focused on the evaluation of
specific aspects of the disease. For instance, postural tremor [7], bradykinesia [8], fine motor skills [9] and freezing of
gait (FoG) [10–12].

One of the first studies about the evaluation of PD symptoms using smartphones was developed in [12], where
the authors proposed the use of a smartphone application and wearable accelerometers to detect FoG episodes
in walking. In [13], the authors developed an Android application to evaluate automatically three aspects of PD
patients: handwriting with the drawing of an Archimedean spiral, finger tapping and gait. Different features are
computed from each task, for example, geometric features from the Archimedean spiral and kinematic features from
the tapping and gait exercises. The extracted features are evaluated in a group of 17 PD patients and 18 healthy
control (HC) subjects. The authors report an accuracy of up to 87.5%. In [11], the authors considered inertial
sensors from a smartphone to detect the FoG events from 15 PD patients. Subjects were instructed to walk straight
3 m. Then, they turned around and returned to the starting place. The smartphone was placed in several parts of
the body when the patients performed the exercises. The authors combined freezing index (FI) with other statistical
and spectral features to classify the FoG episodes using an Adaboost classifier. The highest accuracy was reported
when the smartphone was placed in the waist (86%). In [14], the authors presented a smartphone application to
capture data from postural tremor of PD patients. The authors extracted kinematic features such as the average
and standard deviation of the acceleration signals. The features were used to classify a group of 25 PD patients
and 20 HC subjects. In [12], the authors created a smartphone application to detect FoG episodes in real time.
The proposed method consisted in the computation of the FI, the energy index and the step cadence. The system
was tested with data from 20 PD patients that experiment FoG episodes when they performed a time-up and go
test. The FoG episodes were detected in about 90% of the cases. In [15], the authors evaluated handwriting using
a smartphone application where the patients draw a spiral. The authors computed several features and evaluated
different items of the Unified Parkinson’s Disease Rating Scale (UPDRS) score related to the upper limbs. They
found correlations from 0.47 to 0.52 combining handwriting features with finger-taping measures.

Regarding the speech assessment of PD patients using smartphones, the few existing applications consider a
small subset of exercises for the assessment of the patients, and only phonation analysis of sustained vowels is
considered [16,17]. In the mPower for iPhones [16], the patients respond to a subset of questions from the MDS-
UPDRS scale, and perform short activities such as finger tapping or the phonation of the sustained vowel /a/. In [17],
the authors introduced the HopkinsPD smartphone application, where the patients have to perform five exercises
related to speech, finger tapping, gait, balance and reaction time. The authors proposed the Parkinson’s disease
score (mPDS) based on the performed exercises. The mPDS aimed to detect intraday symptoms fluctuations, even
those related to the dopaminergic medication. The authors correlate the mPDS and the MDS-UPDRS-III scores
of the patients, and report Pearson’s correlations of up to 0.88; however, such correlation could be optimistic since
the comparison is only performed with three points in the MDS-UPDRS-III scale.
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Additional studies have shown that it is possible to evaluate the speech impairments of PD patients using signals
recorded with smartphones [18–20]. However, such studies only consider the smartphone to record the speech data,
without providing a feedback mechanism to the patients such that inform them about their current state.

Supplementary Table 1 provides a list with existing applications to assess different symptoms of PD patients.
Note that there is no application designed for speech assessment of PD patients. There are also apps designed only
to collect data, which does not provide feedback to patients.

The rest of the paper provides details of Apkinson, a mobile application that was developed within the framework
of the project with the aim of providing the patients, caregivers and clinicians with a technological tool that
supports them in the process of following the disease progression. Although the App is not yet advertised and
distributed among all potential users, this paper includes results of preliminary evaluations performed with a
sample of participants by using Apkinson as the recording tool.

General description of Apkinson
Apkinson is a mobile application that records several signals using sensors embedded on the smartphone (microphone,
accelerometer and gyroscope) and performs different analyses with the aim of modeling the neurological progression
of PD patients. The App includes information from the patient, medication intake, dose, etc. There is a set of 38
different exercises and the patient is requested to do between six and eight of them every day (in its current version
the set of exercises is repeated every week). The set includes tasks of different nature like speech production, hands
movement, gait and finger tapping.

The information from those signals is stored on the phone and processed such that the results are compared with
previous recording sessions, which allows Apkinson to provide the patient with a direct and individual comparison.
Those exercises that require more computation power due to more elaborated and complex algorithms are sent
to a server. Specifically, the evaluation of pronunciation and intelligibility of speech need to be computed on the
server side. The first one requires the computation of a recurrent neural network and the second one is based on an
automatic speech recognizer (ASR). Once all of the computations are performed, the result is sent back to Apkinson
and included in the feedback that is provided to the patient. Details about the first cohort of patients that are being
currently recorded and all of the measurements that are extracted from the collected signals are provided in the next
sections.

Materials & methods
Participants
A total of 60 HC people (30 female) and 23 PD patients (12 female) are included in these preliminary evaluations.
All of the patients are active members of Fundalianza Parkinson Colombia, which is the foundation for Parkinson’s
patients in Medellin, Colombia. The patients have an average age of 68.6 years (standard deviation [SD] = 11.3)
with 13 (SD = 3.8) years of education. For the case of the control group, they have an average age of 62.2 (SD = 10.2)
and 10.4 (SD = 4.2) years of education. The two groups are matched by age (t[59] = 0.023; p < 0.00001) and
education level (t[59] = 0.01075; p < 0.0001). The matching of gender is guaranteed per class, in other words,
there is a balanced number of female and male in each group (PD patients and HCs). The clinical diagnosis of the
patients was performed by an expert neurologist in accordance with the United Kingdom PD Society Brain Bank
Criteria [21]. At the moment of the pilot evaluation using Apkinson, the average time post diagnosis for the patients
was 9.7 years (SD = 9.3).

The motor evaluation of the patients was according to the section 3 of the Movement Disorder Society-sponsored
revision of the Unified Parkinson’s Disease Rating Scale (MDS-UPDRS-III) [22]. A total of 17 of the 23 patients
were evaluated and the mean value of the MDS-UPDRS-III score was 37.05 (SD = 14.5). The reason for the other
six patients not to be evaluated is because the project that finances the cost of the neurological evaluation was not
running for the time of those recordings. For the patients who were evaluated by the neurologist, our team extracted
the values of partial items of the scale like those related with the evaluation of the lower limbs, upper limbs and the
specific item of speech. We believe that the analysis of information regarding these items provide specific insights
regarding particular abnormalities in the upper or lower limbs and in speech. Further experiments considering
this information will be performed in the near future. None of the participants in the HC group presented any
neurological or movement disorder. Table 1 and Supplementary Table 2 include details of clinical and demographic
information of the HCs and the patients, respectively.
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Table 1. Clinical and demographic information of the Parkinson’s disease patients.
Gender Age Education y MDS-UPDRS-III Speech Lower limbs Upper limbs

F 62 5 44 31 2 19 10

F 61 19 19 19 1 10 6

M 65 13 16 23 2 12 9

M 75 16 7 33 3 15 15

F 65 13 10 39 1 19 18

M 72 17 7 59 3 31 24

M 74 14 10 39 1 19 19

M 81 12 13 43 3 16 23

F 66 17 10 20 1 9 10

M 72 12 17 44 2 19 23

F 87 12 6 48 2 30 16

M 86 12 7 43 1 18 24

M 73 17 5 65 2 29 32

F 81 17 5 22 0 8 14

F 84 6 3 54 2 27 25

M 54 17 2 32 1 14 17

M 53 12 20 16 0 4 12

F 79 11 3

F 68 11 1

F 58 11 4

F 47 15 3

M 58 5 3

F 57 15 8

Mean 68.7 13 9.7 37 1.6 17.6 17.5

SD 11.3 3.9 9.3 14.5 0.9 8 7

The column Speech indicates the value of the item that evaluates speech deficits in the MDS-UPDRS-III scale. Lower and upper limbs correspond to the sum of items in the scale that are
related with the movement of lower and upper limbs, respectively.
SD: Standard deviation; y: Years after the diagnosis.

Registration to use the App, metadata & settings
When the patient uses the App for the first time, it requests the patient to introduce several metadata including
the birth date, gender, dominant hand, education level, years of diagnosis, medication name, dose and intake time,
weight, height and others. When the patient has been using Apkinson for several sessions, s(he) can see the progress
in the performed exercises, and move to the different modules of the App, including access to exercises, results and
other settings. From this module the patient can also start to do the exercise session of the day. Figure 1 shows these
options. The name ‘Camilo’ is a reference that corresponds to the name of the patient.

Apart from the registration and the metadata information, Apkinson incorporates a settings module where the
patient can manage general aspects of the App like updates of the demographics or medication information, or to
change the time of the notifications to remind the patients to do their daily exercises. In addition, when the patient
attends a medical appointment, Apkinson allows the medical examiner to export the information from the patients’
smartphone, and also to update exercises that the patient has to perform. A screenshot of the settings module is
shown in Figure 2.

One relevant aspect when using sensors embedded in smartphones with Android operating systems is the
sampling frequency. The smartphone is programmed to do the sampling when the scheduler allows it, which
means it depends on whether the user or the device itself is running other applications at the same time and
the sampling frequency can approximately vary between 20 and 200 Hz. There is no way to avoid that situation
because it is programmed like that in the Android operating system. With the aim to avoid that potential problem,
we implemented a resampling method that is always applied such that it assures a constant sampling frequency of
100 Hz. The method is standard and it is based on a linear interpolation. Further details about resampling methods
can be found in [23].
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Figure 1. Starting interface after registration.

Exercises included in the current version of Apkinson
When the patients press the quick start button (see Figure 1), they are moved to the module with the exercises that
should be performed on a daily basis. There are a total of 38 exercises, every day within a week the patient will be
asked to perform between six and eight different exercises. The patient will receive a daily notification as a reminder
to do the exercises. There are three groups of exercises, the first group has a total of 21 speech tasks including
the sustained phonation of the vowels /a/, /i/ and /u/, six diadochokinetic (DDK) evaluation (e.g., the rapid
repetition of syllables like /pa-ta-ka/ and /pe-ta-ka/), ten different sentences that the patient has to read, and the
description of images that appear on the screen. The speech tasks are thought to evaluate phonation, articulation
and prosody impairments in the speech of the patients. The other two groups of exercises contain a total of 17
tasks that are captured using the inertial sensors of the smartphone. The aim is to evaluate different abnormal
aspects in movements including postural tremor, kinetic tremor, finger tapping, gait deficits, among others. The
patient can access the instructions via video, voice and text on the App. Those instructions guide the patient to
perform the exercises correctly. Figure 3 shows different screens that the patient will see when selecting the exercises
to perform. For instance, Figure 3A indicates a list of exercises to perform in the current session; Figure 3B shows
an example (text and audio) to explain the patient how to perform the rapid repetition of the syllables/pa-ta-ka/,
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Figure 2. Settings module.

in other words, DDK exercise; Figure 3C shows the screen that the patient can see when is about to start one of
the walking tasks. Note that the patient is asked to put the smartphone in the pocket before starting the walking
tasks. Figure 3D shows the example that the patient sees when doing one of the movement tasks which consists in
moving the hand (while holding the mobile) from the front to the nose; Figure 3E shows the example of how to do
the hand tremor exercise; and Figure 3F shows the screen of the task where the patient has to touch the lady-bugs
alternating between the two fingers. Note that on each exercise the patient can see a video with the example and
can also read the instruction that is written below the video screen.

Speech modeling
For the evaluation of speech, Apkinson focuses on the analysis of stability, speech rate, intonation, intelligibility and
pronunciation. The first three are computed directly on the phone and the last two are computed on the server.
The sampling frequency for the speech signals in Apkinson is set at 16 KHz and it is important to mention that
speech signals do not have stability problems in the sampling frequency, then once it is set the value is constant for
every recording. Further details of each feature are as follows:

Stability

The stability of the vocal folds’ vibration is measured by computing the jitter, which is defined as the temporal
variation of the pitch period related to the frequency at which the vocal folds vibrate due to the airflow coming
from the lungs during the production of voiced sounds such as the vowels. For the case of pathological speech,
previous studies have shown that the jitter values are higher on PD patients with respect to people without any
speech impairment or neurological disease [24–26]. In Apkinson, the Jitter is computed from the sustained phonation
of the vowel /a/ using Equation 1, where N is the length of the pitch contour, F0 is the pitch contour and Mp is
the maximum pitch value.

Jitter(%) =
100

N ∗ Mp
�N

k=1|F0(k) − Mp | (Eq. 1)

Figure 4 shows an example of the pitch contour for the sustained phonation of vowel /a/ for an HC subject and
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Figure 3. Different exercises implemented in Apkinson.

a PD patient. Note how the pitch contour is more unstable for the PD patient, which is modeled with a higher
value of jitter, compared with an HC speaker.

Figure 5 shows the box-plot of jitter values computed from the recordings of the sustained phonation of the
vowel /a/ obtained from the participants of this study. It can be observed that jitter values are lower for the HC
group compared with PD patients. A Kruskal–Wallis test was performed and significant differences have been
found between the two groups (H = 4.83; p = 0.02).

Speech rate

The speech rate is measured to evaluate the speed of the articulation movements necessary to produce DDK
exercises. The speech rate is computed considering the number of voiced sounds per second produced by one
speaker during the rapid repetition of /pa-ta-ka/, using Equation 2, where Nv is the number of voiced sounds
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Figure 4. Pitch contour of the sustained phonation of vowel /a/ from a healthy control speaker (top), and pitch
contour of the sustained phonation of vowel /a/ from a Parkinson’s disease patient (bottom).

extracted from the speech signal, fs is the sampling frequency and L is the number of samples in the speech signal.
The method used in Apkinson to identify the voiced frames is based on the presence of pitch in short-time speech
frames of 40 ms extracted with a time-shift of 10 ms. The computation of this measure is according to the algorithm
presented in [25].

SR =
Nv ∗ fs

L
(Eq. 2)

The box-plots in Figure 6 show the difference in the speech rate computed between the group of PD patients
and HC subjects. Note that the PD patients exhibit a lower speech rate than the HC speakers. The Kruskal–Wallis
test also indicates that the observed difference is significant (H = 6.02; p = 0.014).

Intonation

One of the most frequent symptoms in the speech of PD patients is the monotone speech, which can be described
as lacking of emotional expressiveness during speech communication, resulting in flatness of the pitch contour [27].
In Apkinson, the intonation is measured as the standard deviation of the pitch contour extracted from the longest
sentence included in the speech protocol [25].

Box-plots in Figure 7 show also differences in the variability of the pitch contour between the group of PD
patients and HC subjects. Although the differences are not significant according to the statistical test (H = 1.39;
p = 0.237), many PD patients have a lower variability than the observed in the HC speakers, which confirms
monotonicity exhibited by those patients in continuous speech.

Pronunciation

This feature is based on the phonological analysis tool called ‘Phonet’ recently released by our team [28]. The
phonological features are represented with a vector with information about the pronunciation of different phonemes
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Figure 5. Box-plot of jitter values computed from speech recordings of healthy speakers and Parkinson’s disease
patients. Kruskal–Wallis p < 0.05.
HC: Healthy control; PD: Parkinson’s disease.
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Figure 6. Difference in the speech rate computed between Parkinson’s disease patients and healthy control subjects
for the rapid repetition of /pa-ta-ka/. Kruskal–Wallis p < 0.05.
HC: Healthy control; PD: Parkinson’s disease.
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HC: Healthy control; PD: Parkinson’s disease; Std: Standard deviation.
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Figure 8. Phonological posteriors for stop sounds produced in a diadochokinetic exercise. (Left) ‘Stop’ phonological posterior estimated
for a healthy control speaker when performing a diadochokinetic exercise. (Right) ‘Stop’ phonological posterior estimated for a
Parkinson’s disease patient.

grouped into phonological classes according to their mode and manner of articulation. The phonological features
will be the conditional posterior probability of a speech frame to belong to one or more phonological classes.
The phonological posteriors are computed with a bank of parallel recurrent neural networks, which estimate the
probability of occurrence of a specific phonological class. In Apkinson, we evaluate the pronunciation of ‘stop’
consonants (/p-t-k/) when the patients perform the DDK exercises. Figure 8 shows the difference between the
phonological features extracted from an HC and a PD patient when they perform the rapid repetition of /pa-ta-ka/.
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Figure 9. Box-plot of the average probability of ‘stops’ computed from speech recordings of healthy speakers and
Parkinson’s disease patients. Kruskal–Wallis p = 0.483.
HC: Healthy control; PD: Parkinson’s disease.

Note that the estimated posteriors are more stable and accurate in the HC than in the PD patient, where even the
phonological posteriors for the /k/ and /p/ phonemes are not detected, or detected with a lower probability.

The box-plots in Figure 9 show the difference between the average posterior probability of ‘stops’ between HC
subjects and PD patients. Despite the difference between both groups is not significant according to the Kruskal–
Wallis test (H = 0.49; p = 0.483), note that several PD patients exhibit a lower probability than the observed in the
HC group.

Intelligibility

Intelligibility is related to the capability of a person to be understood by another person or by a speech recognizer.
This speech dimension shows loss of the communication abilities of the patients, producing social isolation especially
at advanced stages of the disease [29,30]. Although extensively reported, impairments in speech intelligibility of PD
patients have been analyzed through perceived intelligibility. However, it can be automatically measured using
ASRs. To evaluate that, typically the word error rate (WER) between a read sentence and the recognized words is
measured. Previous studies showed that PD patients make more pronunciation errors, then they exhibit a higher
WER compared with HC subjects [31,32]. Intelligibility analysis in Apkinson was performed with a trained ASR and
the WER was measured between the target sentence the patients had to read and the recognized by the ASR. The
WER is computed according to Equation 3, where S is the number of substitutions, I is the number of insertions,
D is the number of deletions and N is the number of total words in the original transcription.

WER =
S + I + D

N
(Eq. 3)

The ASR was trained using the Kaldi framework [33], and it is installed in the web server. The model was
trained with the ten sentences from the PC-GITA corpus [34] read by 103 participants. Each sentence was repeated
ten-times, which gives us 10,300 recordings, for an approximate of 10 h duration of recordings to train the ASR.
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Movement modeling
These analyses are mainly focused on studying how the patients move the lower limbs while walking. The features
that are being extracted in this case include measures of regularity, FoG, hand tremor, postural stability and gait
dynamics. All of they are computed on the phone.

Regularity

Apkinson includes several movement exercises where the patients have to perform repetitive patterns that form
quasiperiodic signals. These exercises are inspired in the MDS-UPDRS-III scale [22] and include: the ‘finger-to-nose
test’, where the patient with the elbow extended, is asked to bring tip of the index finger to the tip of nose,
several times; the ‘pronation–supination test’, where the patient has to rotate an extended arm in a clockwise and
counterclockwise directions; and the ’arm-circles exercise’, where the patient has to make forward and backward
circles with the extended arm. Apkinson evaluates the regularity in the repetition of these exercises according to
the temporal variability of the fundamental period of the acceleration signals in the z-axis. Such a variability (TV)
is measured according to the standard deviation of the fundamental period of the signal computed for a window
frame of 400 ms with a time-shift of 20 ms. The value of TV is normalized according to a sigmoid factor to get a
regularity index (RI) score between 0 and 100%, following Equation 4. With the normalized score, a person with
very regular movements will get a regularity measure near to 100%, while a patient with irregular movements will
get lower scores.

RI =
200

1 + e 2TV
(Eq. 4)

Freezing of gait

FoG is one of the most debilitating motor symptoms in advanced stages of PD [35]. It is characterized by sudden
impairments to initiate or continue walking. FoG is also associated with falls [36], interfering with the daily activities
of the patients. FoG can be defined as an absence or marked reduction of forward progression of the feet despite
the intention to walk [37]. Although medication reduces FoG occurring frequency, usually it is resistant to the
pharmacology treatment [38]. Based on this evidence, and in order to measure how the patient is affected by FoG,
the FI [39] was included in Apkinson in a similar implementation of the one introduced in [40], where the authors
used FI in gait signals captured with smartphones.

FI is defined as the ratio between the power spectrum of the ‘Freeze band’ (3–8 Hz) and the power spectrum
of ‘Locomotor band’ (0.5–3 Hz). Before computing FI, a preprocessing step was performed that consists of the
segmentation of the initial part of the gait to avoid the moment when the patient places his/her smartphone into
the pocket. In addition, since the signal of the z-axis is used, we removed the effects of gravity in the gait signals. At
last, we computed the energy in the freeze and locomotor bands, and computed their ratio to have the FI. Box-plots
in Figure 10 show the difference in the FI computed for HC and PD patients, when they perform the 4 × 10
walking test, in other words, to walk 40 m with a pause every 10 m. The difference is not statistically significant
(H = 1.28; p = 0.26) because not all of the PD patients exhibit FoG episodes in their gait, however note that several
patients have a higher FI with respect to the HC subjects.

Posture

Posture stability (PS) is a common problem in PD patients and one of the main causes of falls. Several studies
show that PD patients suffer 62% more falls that patients with other neurological disorders like Alzheimer’s or
Huntington’s [40]. In order to evaluate posture using Apkinson, we consider the standing task, where the patient
should be standing straight for 30 s with the smartphone in his/her pocket. PS is evaluated in Apkinson based on
the energy of the acceleration signals in the three axes, according to Equation 5, where ax, ay and az correspond to
the acceleration measured in frontal, sagittal and transversal planes, and N is the length of the gait signal. The value
of the energy is normalized according to a sigmoid factor to get values between 0 and 100%, following Equation 6.
With the normalized score, a person with small movements will get a PS near to 100%, while a patient with strong
movements will get a lower score.

E =
1

N
�(a2

x + a2
y + a2

z ) (Eq. 5)
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Figure 10. Difference in the freezing index between Parkinson’s disease patients and healthy control subjects who
performed the 4 × 10 walking task. Kruskal–Wallis p = 0.26.
HC: Healthy control; PD: Parkinson’s disease.

PS =
200

1 + e 2E
(Eq. 6)

The box-plots shown in Figure 11 confirm that most of PD patients have stability problems compared with HC
subjects, which have a higher PS score. The difference in the postural stability is also significant, according to the
Kruskal–Wallis test (H = 5.01; p = 0.025).

Hand tremor

Hand tremor is a well-known symptom of PD patients. It is defined as a rapid back-and-forth movement of a body
segment [41]. Tremor in PD patients appears mainly at rest, and tends to disappear during posture or movement [42].
However, in severe stages of the disease, the tremor may remain present during hand posture or movement. Hand
tremor in Apkinson is evaluated in the ‘postural tremor exercise’, where the patient extends the arm holding the
phone, and keeping such a position for at least 10 s. Apkinson computes the energy of the acceleration signals when
the patient is holding the phone, using the same strategy considered for the postural stability (see Equations 5 &
6) in order to get a performance measure of the exercise (patients with low tremor will have a higher performance).
The evaluation is performed both with the right and left hands, in order to consider the contralaterality effect,
observed in the addressed population [43].

The difference observed in the performance of the postural tremor exercise between PD patients and HC subjects
is significant for the left arm (H = 7.65; p = 0.005) but not for the right arm (H = 0.38; p = 0.53), which is the
dominant hand for most of the participants. This confirms the presence of the contralaterality effect in the studied
group. These results are observed with more detail in Figure 12.

Gait dynamics

One of the most important feature sets considered in modeling motor impairments of PD patients are those based
on the kinematic analysis of the gait process [44]. Conventional kinematic features are based on the duration, length
and velocity of the strides.

Apkinson has incorporated a step detection algorithm based on a peak detection method of the acceleration
signals. With the number of detected steps and their location in the acceleration signal, we computed the duration
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Figure 11. Difference in the postural stability between Parkinson’s disease patients and healthy control subjects.
Kruskal–Wallis p = 0.025.
HC: Healthy control; PD: Parkinson’s disease.

of each step. The number of steps and the average duration are also included in the dashboard section of Apkinson
to show the patient their current performance when they perform the 2-min walking test.

Fine movement modeling
Fine movement tasks aim to evaluate different dimensions of PD. Symptoms reported in the scientific literature are
akinesia (inability to initiate movement), bradykinesia (slow movements), freezing (momentary loss of movement),
deficit in space-visual ability and loss of cognitive ability. In order to evaluate the patient’s performance in fine
movements, three finger tapping tasks have been included in Apkinson based on those proposed in [45]. The first one
consists on tapping with the thumb of the dominant hand ladybugs that randomly appear on the screen for 10 s. In
the second task, the previous procedure is repeated but now both thumbs are used to hit two ladybugs that appear
randomly on the screen (each ladybug is located in the right and left half of the screen so that each finger is close to
a ladybug and a natural movement is guaranteed). The third task is to slide horizontally a bar until reaching a target
point, which moves randomly every time once it is reached. This third task is inspired in the Fitt’s test to evaluate
human computer interaction systems [46]. Each task presented requires rapid reaction, concentration, ability to
associate, spatial location and repeated movements of extension and contraction of the fingers. The evaluation of
the fine movement skills of the patients is performed with the four features described below:

Tapping accuracy

This feature indicates the number of insects that the patient manages to capture during the time of the exercise,
relative to the number times the patient touches the screen, according to Equation 7. The value is limited to a
maximum of 100%. With this indicator, vertical extension and contraction movements of the fingers are evaluated.
The tapping accuracy is computed both for the one finger and two fingers tapping exercises, and the value displayed
in the result screen corresponds to the average accuracy for both exercises.

Tapping accuracy =
100 ∗ Number of correct hits

Total Number of hits
(Eq. 7)
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Figure 12. Difference in the performance of hand tremor. (A) Difference in the hand tremor between Parkinson’s
disease patients and healthy control subjects when performing the exercise with the left hand. Kruskal–Wallis p =
0.005. (B) Difference in the hand tremor between Parkinson’s disease patients and healthy control subjects when
performing the exercise with the right hand. Kruskal-Wallis p = 0.53.
HC: Healthy control; PD: Parkinson’s disease.

Tapping velocity

This feature is computed as the number of taps performed, relative to the duration of the tapping exercise. The
velocity is computed for both tapping exercises, and the displayed value corresponds to the average velocity.

Precision

The tapping precision measures the distance between the point in the screen pressed by the patient and the real
place of the lady bugs in the tapping exercises. The precision is computed based on Equation 8, where R is a
reference factor computed as the average distance to the lady bugs for HC subjects normalized by the size of the
screen (in pixels). di is the i-th distance to the lady bug for the total of tappings T in the exercise.

Tapping precision = 1 − 100
R �T

i=1 di (Eq. 8)

Sliding velocity

Similar to the tapping velocity, this feature measures the number of times the patient is able to reach the target bar
during the time of the exercises.

The box-plots in Figure 13 show the difference between the tapping features computed for the group of PD
patients and HC subjects. Note that PD patients exhibit a lower tapping accuracy, a lower tapping velocity and a
lower tapping precision, compared with the HC group. The results from the Kruskal–Wallis test indicate that there
is a significant difference between the features extracted from the PD patients and HC subjects (p < 0.05).

Feedback to the patient & global motor evaluation
Patients can see their performance after doing the exercises, and also compare results with respect to previous sessions,
in other words, follow-up evaluation. Figure 14 shows the different screens of results that the patient can visualize
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Figure 15. Display of overall results. (A) Overall results displayed to the patient with a reference computed from
results of a set with healthy control people. (B) Historic results obtained by the patient.

to get feedback about the current state. Figure 14A shows the results obtained from the speech exercises. The five
vertices of the radar-type plot correspond to the evaluation of stability, speech rate, intonation, intelligibility and
pronunciation. A general performance in speech is obtained from the area of the resulting pentagon. Figure 14B
indicates results obtained from movement exercises and the six vertices of the plot correspond to regularity of
movements performed with the upper limbs, postural tremor, average duration of the strides in the walking
exercises, number of steps in the 4 × 10 exercise, postural stability and the FI. As in the previous case, the area
of the resulting hexagon is computed as a general performance for movement analysis. At last, Figure 14C shows
results of the evaluation of fine motor skills including the taping accuracy, velocity of tapping, the tapping precision
and number of times the bar reaches the target in the sliding exercise. The general fine motor skill of the patient is
computed as the area of the resulting quadrangular. In all of the cases, the reference plot in cyan color is computed
as the result of evaluating 60 HC subjects. The plot computed for the patient is in orange and when there is overlap
between the reference subjects and the patient, the resulting plot is in light green.

The global motor evaluation is performed considering the areas of the geometrical figures obtained from each
evaluation separately (speech, movement and fine motor). The result is composed by three area values that are used
as the vertices for a triangle. As in the case of the individual evaluations, there is a reference plot computed with
the results of 60 healthy subjects. Figure 15A shows an example of how Apkinson displays the overall results to the
patient in terms of the area of the resulting triangle. Additionally, Figure 15B indicates how the historic results
are displayed. Note that these two figures provide immediate feedback to the patient, one is specific for the last
recorded session and the other one is general with the overall results obtained in the current and previous sessions.

Communication between Apkinson & the server
The system incorporates a database created in mysql version 15.1 Distribution 10.1.37-MariaDB. Several tables are
created per patient. Each table stores metadata and information about the medication. There is also a table where
all of the results of the exercises performed by each patient are stored; additionally, the server stores multimedia
files with raw data of the speech and movement recordings. Potential users like patients, caregivers, medical doctors
and the administrator, have permissions to access different levels of the data, which means not everybody can
observe the same data because it will depend on the permissions granted by the admin (this option is still under
development and will be configurable according to the Ethical regulations of each country or institution).
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The access to the data is provided via a web-based application developed on Django 1.11.
The communication between the server and the App is performed with the Volley 1.0.10 library, which is a

high-level interface that allows the exchange of HTTP requests from the App to the server. It is important to
mention that the App senses the WiFi connection of the smartphone and files are only sent to the server when
there is WiFi connection (unless the user changes this option). This is with the aim of avoiding consuming all of
the mobile data of the user, which could potentially demotivate to use Apkinson. WiFi connection checking and
the posterior files uploading are performed every hour in the background. Data on the smartphone are stored in a
SQLITE database structure that allows the system to synchronize the smartphone and the server.

Discussion
This paper has introduced a new mobile App called Apkinson that can be used for the evaluation and monitoring of
motor impairments in PD patients. The App incorporates exercises and models for speech, walking, hand move-
ments and finger tapping. The patient receives immediate feedback with the results of the exercises. Since such a
feedback is individual per patient, it motivates him/her to continue using the App and trying to perform better
every day. Clinicians have access to the results and can configure the profile of each patient with the aim of updating
the medication intake and dose.

Although the aim of this paper is not to evaluate accuracy or robustness of the algorithms, with the small sample of
participants that we were able to recruit before writing this work, we wanted to report preliminary results that could
give a general idea to the reader. According to these preliminary results, most of the features currently implemented
in Apkinson allow a significant discrimination between PD patients and HC subjects. Results in detail show that
in speech, jitter and speech rate were significantly different, while the variability of the pitch contour and the
pronunciation of stops consonants were not. In the case of movement, postural stability was significantly different
but the FI was not. Regarding the results of tapping features, all of them are significantly different (p < 0.01).
These results are encouraging and motivate us to continue recording patients with Apkinson. It is expected to collect
signals from about 100 patients within the next 12 months. We expect to find more conclusive outcomes in the
near future.

This mobile Application is a step forward in the development of technological tools for the accurate and
unobtrusive monitoring of people suffering from PD. We are aware of the fact that preliminary results are based on
a small sample of patients; however, our team is currently recruiting more people and we believe that more robust
and conclusive results will be available in the near future.

Limitations of the system
The current version of Apkinson is able to handle audio, video and files resulting from the recording of movement
exercises. Additionally, the system is able to compute the WER of the speech tasks by using the Kaldi framework on
the server side. Although all of the functionalities of the system are working properly, there is a need for a module
that handles the requests by creating a queuing method. We are currently working on solving this limitation by
implementing virtual services in the server side, such that they can manage all of the requests without intervening
with other processes in the system. The current version of Apkinson does not include different profiles (patient,
caregiver or clinician). Future work also includes developing graphic user interfaces for caregivers and clinicians,
such that they can remotely monitor the progress of the patient while using the app. Another limitation of the app
is that it only works on Android devices, thus we encourage the research community to work on the adaptation of
Apkinson to make it usable on IOS devices as well.

Conclusion
Preliminary results indicate that Apkinson can be potentially used for monitoring PD patients. Most of the evaluated
features indicate that there is significant difference between patients and HCs; however, further recordings and
experiments are required to find more stable and conclusive results.

According to what we have observed during the preliminary evaluation of the App, most patients are willing to
use these kinds of technologies. We think that there are many aspects where the research community in Computer
Science and Medicine can work on with the aim of contributing to slow down the impact of PD. Additionally,
technologies like those developed in Apkinson can help in decreasing the economic burden of the treatment costs
by providing the expert neurologists with remote access to quantitative evaluations that could help them to make
timely and better informed decisions regarding treatment without requesting the patient to come to the clinic.
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Future perspective
The convergence of technologies over the Internet and the massive use of smartphones open great opportunities
to develop services oriented to help patients, caregivers and clinicians in the evaluation of therapies. We envision
that in the near future most patients will use the smartphone as their health assistant and the health or insurance
providers will offer the possibility of being monitored and unobtrusively evaluated all the time.

Supplementary data

To view the supplementary data that accompany this article please visit the journal website at: www.futuremedicine.com/doi/sup

pl/10.2217/nmt-2019-0037
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Pathological high frequency oscillations (HFOs) are putative neurophysiological biomarkers of epilepto-
genic brain tissue. Utilizing HFOs for epilepsy surgery planning offers the promise of improved seizure
outcomes for patients with medically refractory epilepsy. This review discusses possible machine learning
strategies that can be applied to HFO biomarkers to better identify epileptogenic regions. We discuss the
role of HFO rate, and utilizing features such as explicit HFO properties (spectral content, duration, and
power) and phase-amplitude coupling for distinguishing pathological HFO (pHFO) events from physio-
logical HFO events. In addition, the review highlights the importance of neuroanatomical localization in
machine learning strategies.
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In patients with medically refractory epilepsy, localizing epileptogenic regions for subsequent epilepsy surgery
requires accurate localization of the seizure-onset zone (SOZ) often using intracranial electroencephalogram (iEEG)
evaluation [1]. In the absence of an iEEG evaluation, sometimes intra-operative recordings from subdural electrodes
are used to identify regions that exhibit high rates of epileptiform discharges and are presumably epileptogenic [2–4].
This strategy has proven successful for the surgical treatment of certain types of medically refractory epilepsy. For
example, the probability of seizure freedom for patients treated with an anterior temporal lobectomy for medically
refractory temporal lobe epilepsy is approximately 80% [5]. However, for patients with frontal lobe epilepsy, seizure
freedom is only achieved in about half of the patients who undergo resective surgery [6], highlighting the need for
improved approaches to planning efficacious epilepsy surgery.

Besides less than ideal seizure outcomes following surgery, another problem with the current clinical approach,
using identification of the SOZ alone, is that temporal under-sampling may result in incomplete identification of
all epileptogenic sites [7,8]. One solution to this problem of temporal under-sampling for epilepsy surgery planning
is to utilize biomarkers of epileptogenic tissue that occur between seizures (i.e., interictal) biomarkers. The clinical
gold standard interictal biomarkers of the epileptogenic tissue are spikes (i.e., epileptiform discharges). Although
spikes are currently used to guide resections in the intra-operative context, spikes have many short comings as a
biomarker. Spikes are relatively nonspecific and also sometimes can lack sensitivity [9].

Another type of interictal biomarkers of epileptogenic tissue are high-frequency oscillations (HFOs) [10]. HFOs
are brief (15–100 ms) bursts of energy with a spectral content ranging between 80 and 600 Hz. HFOs are further
subclassified as ripples (80–200 Hz) and fast ripples (200–600 Hz) on the basis of the spectral content of the
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Figure 1. Illustration of a spike (left) and the different subtypes of high-frequency oscillation (right) found in the intracranial
electroencephalogram. The raw trace is shown in red (top), the band-pass filtered trace in black and wavelet convolution following
topographical analysis (below). Note that the spike (left) does not exhibit a ripple or fast ripple as evident by open-countour loops (red)
and no closed contour groups (right, green).

event [11]. Ripples and fast ripples can also occur superimposed on epileptiform activity or on the background
EEG. This context can be used for further classification of the HFO event (Figure 1). Microelectrode research
recordings from patients demonstrated that fast ripple events in the hippocampus and entorhinal cortex occur
almost exclusively in epileptogenic tissue [12,13]. Subsequently ripples and fast ripples were identified in clinical
EEG recordings and it was found that higher rates of these events occurred in the SOZ sites [14], and also in resected
regions of brain for patients with a good postoperative seizure outcome [15]. Furthermore, in patients with a poor
postoperative seizure outcome HFO rates were found to be higher outside the resection margins [3,4,15,16].

Despite these findings, many perils have prevented the clinical adaptation of HFOs. HFOs are very brief
events compared with epileptiform spikes and often their maximal amplitude is only two- to four-times greater
than the signal-to-noise ratio of most clinical EEG amplifiers [10]. This fact makes visual identification of HFOs
challenging, particularly since most commercially available EEG review software packages are not optimized for
HFO visualization [10]. Furthermore, artifactual signals generated by even subtle muscle activity or electrode
movement can generate HFO mimics [18]. Another challenge to utilizing HFOs is that sharp transients in the EEG
signal, generated by epileptiform spikes, for instance, can generate false HFOs due to filter ringing [19]. Perhaps the
most serious shortcoming of HFOs and particularly ripple oscillations, is that these events can also be observed
in healthy brain regions and participate in normal cognition [20,21]. Currently no method has yet been devised
to completely distinguish the physiological HFOs that occur in healthy brain regions from pathological HFOs
(pHFOs) that occur exclusively in epileptogenic brain regions [9].
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One promising strategy for distinguishing pathological from physiological HFOs is to characterize properties of
individual HFOs and use these properties as features for classifying the events as either pathological or physiological.
These properties include the mean or peak spectral content of the HFO, HFO power, HFO duration and the
phase relationship between spikes/slower activity and the superimposed HFO. The spectral content, duration and
power of a HFO can be precisely defined using a method known as the topographical analysis of the wavelet
convolution [2]. This method can also be used to evaluate whether an HFO occurs superimposed on an interictal
discharge and whether the HFO consists of a ripple, fast ripple or both a ripple and fast ripple simultaneously [2,22].
In addition, HFO phasors can be used to define the coupling relationship between HFO event amplitude and the
phase of interictal discharges [23] or slower oscillations such as slow waves or spindles [24].

The details of the machine learning approaches in which HFO properties are implemented as features in a
classifier of pathological and physiological events is beyond the scope of this review. Rather, we hope to provide
evidence that this approach has merit for future investigations and may yield results that will promote the adaptation
of HFO biomarkers into mainstream clinical practice.

Defining epileptogenic regions using HFO rates
Increased ripple and fast ripple rates (events per min) in epileptogenic human brain electrode sites, relative to
electrode sites in healthy brain, were first observed in humans using microelectrode research recordings of the
local field potential [12]. These recording from mesial temporal lobe structures demonstrated that ripple rates were
elevated in epileptogenic-atrophied tissue, whereas fast ripple rates were elevated in epileptogenic mesial temporal
tissue irrespective of whether the tissue was atrophic [13]. Also, epileptogenic mesial temporal lobe tissue exhibited
a higher ratio of fast ripples to ripples [13,25].

Subsequent clinical macroelectrode recording studies [14,26,27], and hybrid macro-/microelectrode recording
studies [28] demonstrated that ripple and fast ripple event rates were also elevated in electrode sites where seizures
were observed to originate (i.e., SOZ). Also, HFO rates were also found to be elevated in resected electrode
sites relative to unresected electrode sites for patients who exhibited a good seizure outcome following epilepsy
surgery [15,29]; whereas, the opposite pattern was seen for patients who exhibited a poor seizure outcome following
epilepsy surgery.

Perhaps the simplest ‘machine learning’ strategy in which HFOs can be used to identify epileptogenic sites is
to determine a rate threshold at which a given electrode site is defined as potentially epileptogenic. This approach
utilizing receiver operating characteristic (ROC) curves has been applied to HFOs occurring in different lobes of
the brain [24], as well as to distinct subtypes of HFOs [18,30]. Using this approach, a threshold can be defined at a
fixed specificity [30], or the overall accuracy of a HFO biomarker can be assigned by the area under the ROC curve
(AUROC) [18,24], or a partial area under the ROC curve [30] by fixing the minimum specificity.

One special case for using HFO events to classify epileptogenic brain regions are brief (3–10 min) intraoperative
recordings. In this case, certain HFO subtypes (i.e., fast ripples) may occur only once in one or a few electrode sites.
Thus, for these recording many studies have determined the sensitivity and specificity of a single event observation
for defining an epileptogenic brain site [2–4].

Differences in the clinical utility of different HFO subtypes
Contemporary investigations of HFOs using automated or semi-automated approaches have classified ripples
and fast ripples as occurring on spikes as distinct from ripples and fast ripples that occur on background EEG
(Figure 1) [2,30]. These studies have demonstrated that HFOs that occur on spike have superior specificity for
epileptogenic regions and/or the SOZ. One surprising finding using this approach was that spike rates (without
HFOs) were noninferior classifiers of the SOZ as compared with the rate of HFOs that were superimposed on
spikes and HFOs alone [30]. This observation highlights the need to further refine the identification of HFOs on
spikes that have heightened significance using machine learning approaches and combine the measurement of these
biomarkers with the rate of spikes alone.

In fact, these same sleep recordings did demonstrate that fast ripples have superior specificity for defining
epileptogenic regions as compared with both spikes and ripples; however, the sensitivity was very low and hence
they were judged as noninferior [30]. In intraoperative recordings, the presence of a single fast ripple in an unresected
electrode site [3,4,16,31,32] was found to predict a poor seizure outcome following surgery. We were able to replicate
these findings in an independent investigation [2], but found that a semiautomated approach was required for
fast-ripple investigation because artifactual signals masquerading as fast ripple detections were prevalent. We also
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found that unresected fast ripples on spikes were more specific than fast ripples on background EEG for defining a
poor seizure outcome postoperatively.

Ripple rates are almost always higher than fast ripples and although the specificity of ripples for defining
epileptogenic sites is less than fast ripples, the sensitivity is greater [2,4,30]. Thus, effort has been focused on trying to
improve the specificity of ripples for defining epileptogenic sites. One team of investigators found that in patients
with neocortical epilepsy, ripples superimposed on spikes had superior accuracy for defining electrode sites in the
seizure onset zone as compared with ripples on background EEG [33,34]. In another cohort of patients, mostly with
temporal lobe epilepsy, the mean rate of ripples on spikes in the seizure onset zone relative to other brain regions
was found to be greater for ripples on spikes relative to ripples on background EEG [23].

One possible machine learning strategy is to define epileptogenic regions using not just one type of HFO
(i.e., ripple or fast ripple), but by determining an optimal rate threshold for a combined measure of different HFO
subtype rates. This strategy could optimize the sensitivity by including ripple oscillation and also maximize the
specificity by including fast ripple oscillations.

Differences in the clinical utility of HFO rates by neuroanatomical region
Classifying HFOs by the neuroanatomical region in which they are generated may be essential for differentiating
physiological from pHFOs. In the hippocampus, ripples superimposed on sharp waves that occur during immobility
or sleep are essential for memory consolidation in mammals including humans [35,36]. Similar physiological ripples
can also occur in neocortical brain regions [37]. At present, no strategy exists for distinguishing physiological and
pathological ripples since they appear morphologically indistinct. Furthermore, in patients with epilepsy, some
ripples that occur in certain brain regions serve not to consolidate memory but actually can disrupt memory [22,38].
As compared with ripples, fast ripples in the (sclerotic) mesial temporal lobe are regarded as always pathological [13,25];
however, outside of the mesial temporal lobe, fast ripples can occur, albeit rarely, in healthy brain regions [21].

Since physiological HFOs may have distinct properties that are determined by the neuroanatomical structure
in which they are generated one strategy to define pHFOs is to create a brain atlas of physiological HFOs [21]. In
this approach, the absolute rate of HFO is less important, rather the HFO rate relative to the normative rate for a
specific brain area could indicate whether that area is epileptogenic or not [24,39,40].

From the perspective of building a machine learning classifier of epileptogenic sites, an extension of the brain
atlas approach is to determine the combined threshold of HFO subtypes independently for each sampled neu-
roanatomical region from a large cohort of patients in a training set. To implement this approach requires advanced
neuroradiological software to segment, co-register, normalize and then localize the electrode sites into Montreal
Neurological Institute (MNI) space [22].

Differences in HFO properties such as power, duration and spectral content in epileptogenic
regions
Besides determining optimal rate thresholds by neuroanatomical region for distinguishing physiological from
pHFOs, another strategy is to make precise measurements of the HFO events themselves and use machine learning
to attempt to distinguish the physiological from the pathological events. This approach may also be useful if
HFOs fall along a continuum of pathogenicity with certain events signifying a higher likelihood that a region is
epileptogenic.

Commonly measured properties of an HFO are its duration, spectral content and power [2,39,41,42]. The
morphology of a single HFO event can also be defined using derived measurements such as entropy [43], or
other statistical quantifications [44–47]. Following the quantification of the explicit or derived HFO properties, these
properties can be used as features in a machine learning classifier that defines pHFOs.

The potential utility of this approach has been highlighted in several investigations. Explicit HFO properties
have been found to differ in the SOZ as compared with the non-SOZ for both ripples [39] and fast ripples [48].
While derived HFO properties have been used to successfully identify epileptogenic regions using intra-operative
recordings [44].

Differences in HFO phase–amplitude coupling in epileptogenic regions
Another approach to classify pathological and physiological HFOs is on the basis of phase–amplitude coupling
(PAC). PAC or phase–amplitude event coupling (PAEC) refers to the quantified relationship between the phase
of a slower frequency modulating oscillation and the amplitude of a faster frequency superimposed oscillation.
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Coupling between the phase of theta oscillations in the neocortex and superimposed high-γ oscillations is important
during cognitive tasks [20], and it has been the subject of speculation that unique forms of PAC could occur in
epileptogenic regions [49] or during pathological events [23,50].

Sleep recordings are typically utilized to identify HFOs that can define epileptogenic brain regions. Early work
demonstrated that spikes and HFOs were more likely to occur during the UP state in animal models of mesial–
temporal lobe epilepsy [51]. Recently, it was demonstrated that ripples in neocortex occur with the highest probability
during the transition from UP to DOWN state or from the DOWN to UP state. Careful analysis of the HFO–slow
wave relationship [50] established that in certain brain regions [24,52], HFOs in epileptogenic sites were more likely
to occur during the transition from UP to DOWN state. Subsequently our group found PAC between sleep EEG
oscillations, specifically δ and spindles, and ripples that localized to epileptogenic tissue [24].

Another form of PAC that has been useful to define pHFOs is the relationship between the phase of epileptiform
discharges and the amplitude of the ripple superimposed on the epileptiform discharge [23,53]. Detailed analysis of
this relationship established that in epileptogenic sites the ripples were more strongly coupled with the phase of the
spike [23] and that the phase angle of coupling could vary [23,53].

Other strategies for defining epileptogenic regions using HFOs
Another unique approach for defining epileptogenic regions using HFOs is to examine the temporal relationship
between HFOs that co-occur together and propagate. Recently a concept known as the spike-onset zone has been
proposed to help identify epileptogenic regions [54]. One solution for identifying the spike onset zone is to measure
HFO propagation [55]. By defining these propagation times, or other features, it may be possible to define a network
of HFO-generating regions using graph topological measurements [56]. This graph theoretical approach could also
be combined with functional MRI (fMRI)-EEG measures in a multimodal strategy for localizing HFO and spike
generating regions.

Applying machine learning to HFOs to identifying epileptogenic regions
Herein, we attempt to synthesize the various subtopics of this review of machine-learning applied to the clinical
utilization of HFOs using a proof of principle approach. Our group has constructed a database of visually validated
HFO events recorded during sleep defined using an automated detector from over 65 patients implanted with stereo-
EEG electrodes. The detector defines the explicit HFO properties (spectral content, duration and power) [18,41],
and classifies each spike and HFO event into a subtype (Figure 1) [2]. Next, an automated approach is used to
quantify the phase–amplitude relationship between each HFO and slow-, δ-, spindle- or spike activity that may
coincide with the HFO [23,24]. Finally, each HFO is tagged with neuroanatomical coordinates in MNI space, as
well as several neuroanatomical categorical locations based on published brain atlases [22]. We also added clinical
metadata to the HFOs entry for use in future investigations.

From this database of approximately 3 million HFO entries we randomly selected 29,115 ripples and 4139
ripples on spikes recorded from Brodmann area 20 in the inferior temporal gyrus to illustrate our machine learning
approach. A comparison of all these ripples that occur in SOZ electrode sites in Brodmann area 20 with the ripples
occurring in non-SOZ sites revealed differences with considerable overlap in cartesian space defined by the explicit
ripple properties (Figure 2A). To utilize these differences in the explicit properties to classify pathological Ripples
(pRipples) from physiological ripples we used a neural network with a scaled conjugate gradient algorithm. This
neural network was able to classify pathological ripples in a distinct test set with a sensitivity of 60% and specificity
of 70% at the threshold defined by Youden’s J.

We next compared the phase angle of coupling between ripples and slow oscillations for ripples that occurred
in the SOZ with ripples that occurred in the non-SOZ and found subtle differences (Figure 2B). When we
constructed a neural network for classifying ripples as pRipples on the basis of the preferred phase angle of coupling
with slow-, δ- and spindle oscillations, this neural network exhibited a similar classification accuracy of pRipples
as compared with the neural network utilizing explicit ripple properties (Figure 2C). Finally, we combined both
the explicit properties and the phase angle measurements into one neural network but did not observe a significant
improvement in the classifier’s accuracy.

A similar approach was also used to classify the 4139 ripples on spike events in Brodmann area 20. In this
case, differences were again seen in the explicit properties of ripples on spikes in the SOZ and in the non-SOZ
(Figure 3A). In addition, we examined differences between the phase angle of coupling between ripples and the
waveform of the epileptiform discharges (Figure 3B). We found that ripples on spikes in the SOZ exhibited a distinct
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Figure 2. Proof of principle of the utility of machine learning strategies for identifying pathological ripple events. (A) Scatter plot of the
explicit ripple property values for ripple events recorded from electrode sites in the Brodmann area 20 seizure onset zone (seizure onset
zone [SOZ], blue) and non-SOZ (red). (B) Normalized circular histogram of the phase angle of preferred coupling between slow waves and
ripple oscillations for events recorded from SOZ sites (blue) and non-SOZ sites (red). (C) ROC curve derived from the classification of a test
set of ripple oscillations in Brodmann area 20. The results from a neural network utilizing a scaled conjugate gradient algorithm with
phase angle features for slow-, δ- and spindle-coupling (red), explicit ripple property features (blue) and a combined model (black).
ROC: Receiver operating characteristic.
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Figure 3. Proof of principle of the utility of machine learning strategies for identifying pathological ripple on spike events. (A) Scatter
plot of the explicit ripple property values for ripple on spike events recorded from electrode sites in the Brodmann area 20 (seizure onset
zone [SOZ], blue) and non-SOZ (red). (B) Normalized circular histogram of the phase angle of preferred coupling between spike and
ripple on spike oscillations for events recorded from SOZ sites (blue) and non-SOZ sites (red). (C) ROC curve derived from the classification
of a test set of ripple oscillations in Brodmann area 20. The results from a neural network utilizing a scaled conjugate gradient algorithm
with phase angle features for spike coupling (red), explicit ripple property features (blue) and a combined model (black).
ROC: Receiver operating characteristic.
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but overlapping distribution of phase angles as compared with ripples on spikes in the non-SOZ (NSOZ) [23].
Overall, the combined classifier for ripples on spikes performed better than the classifier of ripples with 45%
sensitivity and 92% specificity at Youden’s J (Figure 3C).

As illustrated by this example it is possible to use machine learning approaches to distinguish pHFO events
from physiological events in distinct neuroanatomical locations after categorizing the HFO types (Figure 1). This
approach can be individually tailored for each HFO subtype in each neuroanatomical region to identify pHFOs.
After constructing a unique machine learning classifier for each pHFO subtype (Figure 1) in each neuroanatomical
region, another machine learning classifier can be constructed for each unique neuroanatomical region that combines
the rate derivations of each pHFO subtype to determine the optimal rate threshold for classifying that region as
epileptogenic. This classifier also could provide a given probability that a region is epileptogenic based on the rate
of the pHFOs.

Future perspective
In summary, the optimal machine learning strategy for utilizing HFOs for identifying epileptogenic regions would
define pHFOs using explicit properties and PAC for each distinct neuroanatomic region and each HFO subtype,
and then use a pHFO rate classifier, in each distinct neuroanatomic region, that combines spike rates with each
category of pHFOs to predict epileptogenicity of that region. While the details of the machine learning strategy
that will be optimal for this approach remain under study, based on the literature we believe that this approach or
similar derivations will yield excellent results.

Financial & competing interests disclosure

SA Weiss is the founder of Fastwave LLC, a neurology software company. ZJ Waldman, F Raimondo and D Slezak are cofounders

of Fastwave LLC. SA Weiss and ZJ Waldman both hold more than 5% equity interest in Fastwave LLC. SA Weiss is supported by

NIH/NINDS awards 1K23NS094633-01A1 and 1K23NS094633-02A1, and a Junior Investigator Award from the American Epilepsy

Society. The authors have no other relevant affiliations or financial involvement with any organization or entity with a financial

interest in or financial conflict with the subject matter or materials discussed in the manuscript apart from those disclosed.

No writing assistance was utilized in the production of this manuscript.

References
Papers of special note have been highlighted as: • of interest; •• of considerable interest

1. Vakharia VN, Duncan JS, Witt J-A, Elger CE, Staba R, Engel J. Getting the best outcomes from epilepsy surgery. Ann. Neurol. 83(4),
676–690 (2018).

2. Weiss SA, Berry B, Chervoneva I et al. Visually validated semi-automatic high-frequency oscillation detection aides the delineation of
epileptogenic regions during intra-operative electrocorticography. Clin. Neurophysiol. 129(10), 2089–2098 (2018).

•• Proof of principle of machine learning to improve utility of high-frequency oscillation (HFOs).

3. van ’t Klooster MA, van Klink NEC, Zweiphenning WJEM et al. Tailoring epilepsy surgery with fast ripples in the intraoperative
electrocorticogram. Ann. Neurol. 81(5), 664–676 (2017).

4. van ’t Klooster MA, van Klink NEC, Leijten FSS et al. Residual fast ripples in the intraoperative corticogram predict epilepsy surgery
outcome. Neurology 85(2), 120–128 (2015).

5. LoPinto-Khoury C, Sperling MR, Skidmore C et al. Surgical outcome in PET-positive, MRI-negative patients with temporal lobe
epilepsy. Epilepsia 53(2), 342–348 (2012).

6. Holtkamp M, Sharan A, Sperling MR. Intracranial EEG in predicting surgical outcome in frontal lobe epilepsy. Epilepsia 53(10),
1739–1745 (2012).

7. Ung H, Davis KA, Wulsin D et al. Temporal behavior of seizures and interictal bursts in prolonged intracranial recordings from epileptic
canines. Epilepsia 57(12), 1949–1957 (2016).

8. King-Stephens D, Mirro E, Weber PB et al. Lateralization of mesial temporal lobe epilepsy with chronic ambulatory
electrocorticography. Epilepsia 56(6), 959–967 (2015).

9. Engel J, Bragin A, Staba R, Mody I. High-frequency oscillations: what is normal and what is not? Epilepsia 50(4), 598–604 (2009).

• Early review highlighting variable pathogenic significance of HFOs.

10. Frauscher B, Bartolomei F, Kobayashi K et al. High-frequency oscillations: the state of clinical research. Epilepsia 58(8), 1316–1329
(2017).
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