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1 Abstract

Parkinson’ Disease is the most progressive neurological disease that is caused
because of the dying of the neurons or brain cells.It is the most common
neurological disease caused around the globe, with most patients in the age
greater than 60[1].The disease is characterised with tremors,instability in the
walking or posture even problem in sleeping along with speech problems.
Speech is one of the earlier trait in diagnosing the disease at the earliest
stage[9]. So in this study the speech characteristics or features are taken
advantage of to forecast the disease at the earliest.Using a patient dataset
that has a clinical PD grading based on speech characteristics could slow the
progression of PD by offering a computational prognostic tool for the con-
dition.Based on previously and now recorded speech, it can assist a person
with PD in tracking the development of unique symptoms they are currently
experiencing. This study uses recurrent neural network, Bidirectional Long-
Short term memory or BiLSTM to forecast the time series based output.
The traditional BiLSTM framework is used as base model and an atten-
tion layer is used on top of that to increase the efficiency or performance of
forecasting.The model proposed is called attention-BiLSTM.

The performance of the model is compared with other tradition recurrent
neural models like LSTM and BiLSTM.Regression models are commonly
used in the forecasting models. So, the performance of model is also com-
pared with that of multiple linear regression.A ridge regression is an advanced
form of traditional linear regression is also run on the the dataset and is also
used for the comparison of the attention based BiLSTM model.Different per-
formance metrics are used to study the performance. Though RMSE is the
metrics that is widely used in literature for the performance analysis in the
forecasting but in this study along with the RMSE, other metrics like MSE
and MAE are also used in the study.The proposed attention enhanced BiL-
STM model is showing a result of 7.58%,4.36% and 2.08% for MAE,MSE
and RMSE respectively, that is better than the comparing/base models in
the study.
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2 Introduction

Machine learning’s crucial field of time series forecasting is frequently ignored.
The fact that so many prediction issues have a temporal component makes
it crucial. Due to the time component making time series problems more
challenging to manage, some issues go unresolved. An observational dataset
is what a typical machine learning dataset consists of. In typical machine
learning datasets, time does matter.

2.1 Time Series Forecasting

When new data is present, predictions are made even though the final result
may not be known for some time. Predictions are made about the future,
but virtually always treat all past observations equally. Perhaps employing
relatively minimal temporal dynamics, such as using only the most recent
year of observations rather than all available data, we can avoid the problem
of ”concept drift. ”Different is a time series dataset. Time series introduce a
time dimension, which is an explicit order dependence between observations.
This additional dimension serves as a limitation as well as a framework for
more data. Depending on whether we want to analyze a dataset or make
predictions, our objectives are different. Although it is not necessary, under-
standing a dataset known as time series analysis can result in a significant
technical investment of time and knowledge that is not immediately related
to the desired purpose, which is future forecasting. A time series is modelled
in descriptive modelling, also known as time series analysis, to identify its
components, perhaps with additional information.

The analysis of time series is the main issue when utilizing classical statis-
tics. In order to truly understand the underlying causes of an observed time
series, time series analysis involves creating models that best capture or de-
fine the time series. In this area of research, the ”why” of a time series
dataset is sought after.

Making assumptions about the dartaset structure and breaking down the
time series into its constituent parts are frequent steps in this process. The
accuracy of a descriptive model’s description of all available data and the
interpretation it offers to better understand the issue domain determine the
model’s quality. Time series analysis’ main goal is to create mathematical
models that can generate believable descriptions from sample data.

Extrapolation is the term used in conventional statistical processing of
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time series data to describe making predictions about the future. Forecasting
is to predict future value from the historical data using models.

Time series models are typically divided into two broad categories: Tra-
ditional time series models and machine learning-ML models. Traditional
models are further divided into univariate models (ARIMA, SARIMAX) and
multivariate models (Vector AutoRegression). ML models includes neural
network regressors or regression models. ML models can make direct pre-
dictions based on the horizon. It is tough to extend. The training data
increases linearly as we have more horizons to predict. ML models are easy
to get right. It can also add time varying variables as features.

A time series is a observation set which are taken as equal intervals of
time. This is used for future value prediction which are based on the previous
observed value. Over here at X-axis have time and, on Y-axis, the data
magnitude. i.e., if we try to plot time series plot, on the x co-ordinate we
always get the time which is divided in equal intervals. We cannot create a
time series where we have one data point at week level and other are different
scale. This should be in equal interval say all data points in days or weeks
or years and so on. So that is the constant thing that a time series require.

There is much importance of time series analysis. In business forecasting,
the past data points define what is going to happen in the future. For
example, a company is trying to predict what will be the price of it’s share
in the stock market the next day. However, time series analysis is not only
limited to finance or retailing but is applicable almost everywhere. Time
series also help us to analyze a past behavior. Here we can analyze say in
which month the sales went up or when was the dip, so here one can easily
understand or retrospect past data or it’s behavior. This can be understood
with respect to time. For example, some festival is there, and a company
is selling sweets, so the sales will increase during the festival, then one need
to think about the seasonality part. Time series analysis also helps to plan
future operations as well. Therefore, one can analyze the past and then can
forecast the future using this algorithm that is time series analysis. Apart
from all these we can also evaluate current accomplishments. This means
one can determine which goals have been met in the current scenario. Let’s
say one has predicted or planned to sell a certain amount of goods in a day
but didn’t do that. So, this also can be analyzed.

When not to apply time series analysis:
We cannot use time series analysis when the values are constant i.e., say

the temperature of a particular place is 29 ◦C onMonday and the temperature
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of the same place is 29◦C on Tuesday and so on. Now, if we want to predict
the temperature on the next coming days. In such cases where the values
are constant as in this case the temperature is constant, time series cannot
be applied. Similarly, if the values are in the form of functions, say we have
sine of X or cos of X. In this case we have X value and one can get the value
by just putting it in the function so there is no point of applying time-series
analysis where one can calculate the values by just using the functions. We
can however apply the analysis in these situations as well but again there is
no point of applying it if we can easily do that.

2.2 Parkinson’s Disease (PD)

PD is most general neuro-degenerative disorder, affecting people usually aged
above 60 years. In India, there are around 10 lakhs instances each year. The
risk is however incresed by age and the average age of diagnosis is sixty.
In fact, people tend to think that PD is a disease of old age but some get
the PD at 40 or even younger. It can last for years or for a lifetime. It
is resulted by death of nerve cells in basal ganglia region of the brain. It
is a progressive disorder. The Parkinson’s disease is characterised by the
movement or gait disorder. This often includes the tremors, stiffness, and
slowness[18]. These can have dare consequences to the patient resulting
in falls, reduced movement as well as dependence. Medication can help in
relieving these symptoms and improves life quality but the correct dosage of
the same calls for a system which determines the diseased state based on the
wearables signals[2].

Most diseases can be find with test in labs. We need tests like that in PD
detection, but they don’t exists yet. Medical professionals look for medical
history as well as real time physical examination of the subject.Their prime
factors are motor disability but with that they also look for the features like
sleep disorder, smelling loss or depression. In Parkinson’s,cells that make
dopamine stop producing, Dopamine is a signalling chemical that coordinates
movements.This results in Parkinson’s symptoms emerge.

Researchers believe that in most people PD is caused by genetic and
environmental factors combination. But certain environmental factors like
pesticide usage and injury are factors with an increased risk. Similarly, while
genetic mutations are also a factor for the risk. However, the field of ge-
netic is moving fast, tremendous research is genetics focused.The currently
available PD medications can not slow or stop disease progression, but they
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ease symptoms and helped the patient to continue doing much of what the
patient have always done. The same goes for the surgical procedures. .

Along with movement change, Parkinson disease can affect speech. The
voice of the patient may get hoarse or softer, pitch changes and the speech
may become slurred. It is very difficult for the patient to accept these changes
and seek help as often they are unaware that they are speaking more quietly
than before. A speech difficulty can lead to reduction in self confidence and
isolation. Social and family roles can also suffer as a result. Along with
the consultation with a medical specialist or an appointment with a speech
therapist, vocal exercises for speech difficulties such as regulating the voice
volume and word articulation. In this work we have used the speech signal
features along with motor scores for forecasting the future event of Parkinson
episode.

Ninety percent of patients with early PD exhibit speech problems. As a
result, this can be a powerful indicator for creating a trustworthy PD diag-
nosis[16]. Patients who have been diagnosed typically ought to be available
in the clinic and attend routine check-ups[12]. Evaluation of PD symptoms
primarily relies on human competence. Additionally, the UPDRS- Unified
Parkinson’s Disease Rating Scale, which necessitates motor skills evaluations
assisted by qualified medical staff, is frequently used in traditional tracking
of PD symptoms progression. Since PD patients frequently exhibit certain
speech characteristics, audio recording data is useful for diagnosis. Smart-
phones can function as a mobile recording device, making it easy to remotely
check on patients’ health.

To address these issues, we provide a monitoring methodology that can
predict the PD progression of 16 speech components and UPDRS scores
over the course of a week or so. We have done a multivariate time series
forecasting using various regression as well as LSTM and Bi-LSTM models
for the forecasting using UPDRS and 16 speech signals features. Additionally,
it is advantageous for patients’ health be tracked remotely by a physician so
they can avoid visiting the doctor for regular check-ups.
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2.3 Recurrent Neural Network

The latest happening thing in sequences or analyzing sequences and fore-
casting is recurrent neural networks specially LSTMs, the most famous form
of recurrent neural network. A traditional deep learning algorithm, say in
image processing, use convolutional filters. These are two dimensional filters
that are convolutional filters extracts various features from the input image
in a very cascaded way in a step by step and a patch is applied. Features are
extracted and then operations like max pools are done. Eventually before it
goes into a fully connected layer, a whole bunch of features are generated as
inputs to the dense layer or fully connected layer or feed forward layer and
then the information goes through the forward direction and eventually what
comes out is a probability, which again depends on the activation functions
used. So all the information one need is in the input image and all the infor-
mation is transferred one after the other and it goes in from left all the way
to the right[19].

But in time series just the feed forward does not work and we need to
send some information back. So the neuron actually has an idea of what
happened in the past, in the history when information went through. So
recurrent neural networks are different from regular neural networks, in the
fact that they remember the past i.e, all RNNS remembers its past[17].

A question arises that why we even need recurrent neural networks when
we have traditional neural networks. For example, we have a scenario –
what’s for dinner? And if we have a pattern which starts on Sunday where
we have Japanese cuisine, then Thai, then Indian, then Chinese and so on and
then again, the pattern repeats. So here say there is no correlation between
days and cuisines. However, there is correlation between the Cuisine itself,
between different data points. We say that auto correlation. This is why we
need RNNS because regular rural networks we have X and Y and we model
this X to predict Y. But here we have two models Y to predict Y i.e, here
the decision of what to eat today depends on the cuisine of the day before
and not depends on the weekday. So this sequential information is used by
RNNS.

An RNN when unrolled, which is what happens during the execution i.e,
during the training and prediction part. The input is coming (Xt) and there
is a output (Ht) but then the information is travelling back within this cell,
this is a RNN cell. If we unrolled this, it will be the same network, there are
multiple copies of the same network and each of this will pass on information
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to the next. It is like a list like structure or sequence like structure as in
figure1.

There are many types of RNN: one to one, one to many, many to one
and many to many. One to One is just like a regular neural network, like
One input and One output, like image classification. One to Many is like
image captioning, you supply an image, a cat in front of a car, so it is out
putting a sentence a cat in front of a car explaining a scene. Many to One
is exactly opposite. Which means there are multiple inputs and only one
output, for example sentiment analysis. A bunch of tweets on a specific
hashtag, it labels the tweets. Many to Many have many variations. This is
for language translation, if one sentence is in English as input, it gives an
output in German for example.

Figure 1: RNN

8



The problem with RNN:
RNNs are good for short predictions like for short sentence completion.

But if we have a long contest, and RNN does not remember much of previous
data. In other words, it requires a bunch of historical information to get
right answers where RNN fail. Theoretically they should be able to do it but
apparently they fail. So here comes LSTMs in the picture.

2.3.1 Long Short Term Memory (LSTM)

LSTMs is from 1990s which stands for long short -term memory. To overcome
the limitations of RNN it is designed which are –

1. Complex training

2. Gradient vanishing and exploding – meaning the Gradients in the Gra-
dient decent either go to zero or they explode all the way to infinity or
maximum one

3. To over come processing long sequences difficulty

LSTM is the solution of vanishing gradient problem of RNN. The archi-
tecture of the LSTM is same as that of RNN but with a slight difference.
The LSTM state has cell state, which is not there in RNN architecture. An
LSTM has three inputs cell state ct−1, hidden information/activation state
ht−1 and current time input xt.

Each LSTM cell consists of the listed.The forget gate is responsible for
dropping/forgetting or retaining a value. The forget gate has an activation
function of sigmoid, σ. As in figure 2, let’s say that the LSTM has an
input ht−1, xt and ct−1. The activation function will give an output ft, by
calculation with different weights to input ht−1 and xt.
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The output ft is given by:

ft = σ[(wfh*ht−1) + (wfx*xt) + bf ]

(1)

Where wfh and wfx are the weights given to the ht−1 and xt respectively
and bf is the bias. The ft and ct−1 dot product will give ct i.e.

ctf = ct−1*ft
(2)

The dot product should work for the same dimensionality. For example, let’s
say ct−1 has [1,4,2] and ft has [1,0,1], then the dot product ct is [1,0,2]. In this
way it has forget the ’4’. In other words, the sigmoid function restricts the
output between 0 and 1. So it will, if it has to discard the previous memory
it will give a output a vector of all the values which are close to zero and
when it is multiplied with previous cell memory state, the multiplication will
of course be zero because we have discarded the previous memory. This is
how the forget gate works.

The input gate consists of two blocks i.e. Input gate and Input node. The
Input gate has a sigmoid activation and Input node has tangent hyperbolic
activation function, tanh activation.The input gate takes input ht−1 and xt

and give it as output and similarly input node takes two inputs ht−1 and xt

and gives gt as output as shown in figure 2:

it = σ[(wih*ht−1) + (wix*xt) + bi]

(3)

yt = tanh[(wgh*ht−1) + (wgx*xt) + bj]

(4)
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Then both it and gt converges to give a dot product cti, i.e.,

ct = it*gt
(5)

The ctf and cti sums up to give the cell state ct.

ct = ctf+cti
(6)

The output gate gives an output ot as given:

ot = σ[(woh*ht−1) + (wbx*xt) + bo]

(7)

The final ht is given by the dot product of the ct with tanh activation and ot
i.e.

ht = (tanh(ct)*ot)
(8)

Figure 2: LSTM
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2.3.2 Bidirectional Long Short Term Memory (BiLSTM)

Simple RNN which works in a single direction, that is from left to right di-
rection. Then a particular entity will have influence from only the previous
entity. We have only back propagation LSTM, which while processing the
input, enables it to only access the prior information in the sequence. Recur-
rent networks that are bidirectional i.e., BiLSTM are actually two separate
RNNs combined as shown in Figure 3. The networks may receive both for-
ward and backward sequence information, thanks to this architecture at each
time step. When using bidirectional LSTM, the inputs to the network will
be processed in two different directions: one from the present to the future
and the other from the future to the present. This methods differs from
unidirectional in that information from future is preserved in LSTM which
runs backward, and by combining the two hidden states, which can preserve
data from both the present and the future at any given time. Because they
can better understand the context, BiLSTMs produce excellent outcomes.

A reverse LSTM is added in a BiLSTM, in contrast to unidirectional one.
Cells in this can simultaneously get context information,reverse LSTM inverts
data, hidden layer combines the information from forward and reverse.Just
like calculation in forward LSTM, the LSTM reverse layer, the calculation
is same only the difference is the reverse direction to get the serial time
information.

Figure 3: BiLSTM
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2.3.3 Attention Bidirectional Long-Short TermMemory(Attention-
BiLSTM)

A LSTM or BiLSTM will perform better with the addition of an Attention
layer, which also aids in creating predictions or forecasts in an accurate se-
quence.Humans don’t learn everything from scratch; rather, they make con-
clusions about new information by relating old information to it.For instance,
if someone already knows how to cycle and learns how to ride a motorcycle,
they won’t have to learn about braking or any other fundamental concepts
because they are already familiar with them.With older or regular informa-
tion they add extra informations.Regular neural networks can not do this and
hence it is a shortcoming of them. This can be done by the RNNs. LSTMs
are special type of RNNs which are networks containing a variety of loops to
preserve the data.These networkss are very useful in dealing time series as
well as NLP data.As discussed earlier, there are three main types of LSTM
networks:

1. forward LSTM

2. Backward LSTM

3. Bi-directional LSTM

As per the name both the forward and backward LSTM has unidirectional
information processing, whereas the bidirectional LSTM can do that in both
directions.And attention-BiLSTM are used to increase the performance if the
BiLSTMs.

One of the most important developments in deep learning model con-
struction in recent years is the attention mechanism. It has been widely
applied to NLP issues.Consider a scenario where we must identify a person
from a photo of a select group of well-known individuals. Basically, it’s a
picture of everyone we know in a group. In order for our awareness to help
our subconscious mind, we must now recognise just one person. The mind
will create an image of that individual, which we may identify by matching.
This implies that our minds are exclusively focused on the artificially created
image of that person. Therefore, concentrating just on one individual among
a bunch might be seen as attentiveness.

The foundational LSTM or RNN model was built on an encoder-decoder
architecture prior to the development of the attention mechanism. When
data is processed for encoding into a context vector and a good overview of
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the input data is produced, here is where encoding is applied. The remainder
of this overview then covers the decoding phase, during which the model
interprets and comprehends the data.If this overview is not good, then though
the accuracy of the model will be good for the base model,but in the long
information processing the model will give bad results.This is the long-range
dependency problem of tradition recurrent networks.

Therefore, if this kind of circumstance arises, the encoder stage needs
to be looking for the most pertinent information; this concept is known as
”Attention.”In order for the decoder state to translate it better and the
model to forecast it better, the encoder states read the sequential input and
summarise it. The summarised component then receives weighting from the
model attention layer.

A typical attention-BiLSTM has main parts-input layer, BiLSTM layer
(Forward and Backward LSTM),followed by an attention layer,fully con-
nected and then output layer.Following input, model sends the series data
to forward and reverse LSTM hidden layers, which work together to produce
the processed vector. The weight vector is calculated by the Attention layer
using LSTM input data. The weight vector is then combined with shallow
output to create new vector input for the fully connected layer. The pro-
jected value is then calculated by the fully linked layer.A typical model of
Attention-BiLSTM is as shown in figure 4.

Figure 4: Attention-BiLSTM
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2.4 Regression

On the premise that variable that is forecasting has a cause-and-effect relation
with one or more other variables, exploratory or casual forecasting approaches
are based.These techniques aid in illuminating how the magnitude of one
variable affects the magnitude of another.For example, Regression analysis
can be used to create an equation that demonstrates how two variables are
related, for as how advertising expenditures affect the amount of sales for
several products.Advertising expenses would not be taken into account if a
time series approach was used to create the prediction; instead, time series
method will only use historical sales data to create the forecast.

A time series variable is forecasted using econometric models, often known
as regression-based or casual models, employing regression and other explana-
tory time series variables.For instance, a business may use a causal model
to predict future sales on its amount of advertising, the income level of the
population, the interest rate, and perhaps other factors. Regression analysis
with time series variables resembles regression analysis in several ways.

2.4.1 Multiple Linear Regression

One of the most popular statistical methods for forecasting is the regression
method.Regression models are able to describe the connection between the
independent or forecasting variable, here, UPDRS Score with other indepen-
dent variables here the speech features.Regression analysis is examining the
connection between a continuous independent variable y and one or more
other independent variables x1 through xk.Regression analysis’s objective is
to find a function that best captures the relationship between these vari-
ables so that a range of values for the independent variables is used for value
predictions of dependent ones. The UPDRS Score is determined using the
multiple linear regression approach in terms of an explanatory (independent)
variable like the speech features.The forecasting using the multiple variable
linear regression is given as shown in equation:

Yt =β0 + β1x1 + β2x2 + ... + βkxk + ϵ

(9)
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Here, Yt is the forecasted variable at time t.In this case, it is the UP-
DRS Score at time t. The independent speech variables are the variables
x1, x2, ..., xk.βj parameters are the regression parameters with respect to the
independent variables.This is the typical impact of a one increment in xj on
Y while keeping the other predictors constant.And the ϵ is the error term
here.The value of the βj is calculated by optimizing the sum of squared

residuals, RSS.Where Ŷ is predicted forecast and Y is actual outcome.

RSS =
∑
(Ŷ -Y )2

(10)

2.4.2 Ridge Regression

One problem that might get encountered in traditional linear regression is
that the multicollinearity can be an issue if the predictor variables are corre-
lated highly . This may result in the model’s coefficient estimations having
a high variance and being untrustworthy.To overcome this problem that too
without removing the independent predictors is by using the method called
ridge regression.Along with the RSS term we have the another term called
shrinkage penalty. as shown in equation:

Ridge =
∑
(Ŷ -Y )2 + λ

∑
(βj)

2

(11)

When λ is equals to zero, then the regression will be same as the tra-
ditional least squares or traditional linear regression model.However, when
the λ tends to infinity, the estimates of the ridge regression coefficients de-
crease as the shrinkage penalty gains strength.The bias-variance trade-off is
where ridge regression differs from least squares regression.The fundamental
principle of ridge regression is to add a small amount of bias in order to
significantly reduce the variance, which results in a lower total MSE.
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3 Previous Works

Numerous studies were carried out in PD to maintain and enhance the qual-
ity of life of the patients. A critical issue from a medical standpoint is the
accurate identification of PD symptoms and indications at an early stage,
which has roused the interest of multidisciplinary researchers to thoroughly
investigate this subject. Even though PD cannot be treated permanently, the
progression of the disease can be slowed down with the help of correct medi-
cation and care[9]. Routine examinations are necessary for patients to track
the evolution of their disease. Since PD frequently affects patients’ ability
to use their motor function, the dysfunction on speech and movement can
be documented and recorded employing electronic devices[3]. Various body
part’s motor abilities have been gathered in prior work, including typing
patterns, gait abnormalities in diverse walking styles, hand motions, doing
other daily tasks, and speaking patterns[4],[5],[11]. However, in addition to
speech data, other signs must be captured using specific acceleration sen-
sors mounted to wearable devices. While a non-intrusive equipment, such
as a phone, can be used to capture speech. The motivation behind the cur-
rent work is the ease of using these speech features that are recorded using
smartphones and stored in database, for forecasting a -PD episode in the
future. This straightforward approach is appropriate for achieving the need
for doctors to continuously monitor the course of PD symptoms so they can
act right away about medication dosing, drug side effects, and requests for
additional testing to enable patients to function at their optimum.

Different statistical models as well as machine learning methods have
been used to various PD dataset types. Three different forms of learning
algorithms were used to gauge the degree of motor abilities. In comparison
to hidden Markov models and support vector machines, the experimental
results demonstrate that the neural network produced the best outcomes
[15]. Forty features of speech from PD patients were retrieved using a speech
dataset, and the created DNN and regression algorithm was able to iden-
tify and categorize four severity categories [8]. The study demonstrates that
DNN consistently outperforms alternative machine learning classifiers in the
diagnosis of Parkinson’s disease [14]. DNN is capable of categorizing unstruc-
tured data, including voice and audio signals [13].

Time series forecasting uses temporal measurements from earlier observed
data to mathematically estimate certain future values. Using mathematical
and statistical techniques, the model was created based on particular as-
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sumptions about the variable behavior of the underlying system. Time series
forecasting models are used in medical applications to forecast illness devel-
opment, calculate mortality rates, and evaluate potential risks across time.
Like it is used for cardiovascular disease monitoring [10] and in case of kidney
disease [7].

4 Methods

4.1 Parkinson’s Dataset

42 participants, including 14 women and 28 men, contributed a total of 5875
recordings to the dataset used in this study.The data set can be found in the
UCI machine learning repository [2].There are roughly 200 voice recordings
for each patient. A recorded voice contains 16 vocal characteristics.Additionally,
the dataset includes Motor-UPDRS and Total-UPDRS scoring.A common
scale used by doctors to diagnose Parkinson’s disease and track its pro-
gression is called the UPDRS.Total-UPDRS runs from 0 to 176, whereas
Motor-UPDRS extends from 0 to 108, with 0 representing a healthy state
and 108 signifying severe motor impairment, respectively. Prime features in
the dateaset is as shown in table 1.

4.2 Data processing

Data mining’s foundational task is the processing of data standardisation.
Dimension units for various evaluation indicators can vary.The outcomes of
data analysis will be impacted by such circumstances, making it necessary
to remove the dimension between indicators.It is necessary to standardise
data to address the issue of data metrics’ comparability. Each indication is
in the same order of magnitude after the original data is processed through
data standardisation, making it appropriate for thorough comparison eval-
uation.As a result,StandardScaler normalisation is first used to handle the
data before training and verification.StandardScaler is a tool used in machine
learning to scale the value distribution such that the observed values’ mean
is 0 and their standard deviation is 1.
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Features Description

Jitter(%)
Jitter(Abs)
Jitter:RAP
Jitter:PPQ5
Jitter:DDP

Several measures of variation in fundamental frequency

Shimmer
Shimmer(dB)
Shimmer:APQ3,
Shimmer:APQ5,
Shimmer:APQ11,
Shimmer:DDA

Several measures of variation in amplitude

NHR,HNR Noise to tone ratio in voice
RPDE A nonlinear dynamical complexity measure
DFA Signal fractal scaling exponent
PPE A nonlinear measure of fundamental frequency variation
motor UPDRS Clinician’s motor UPDRS score, linearly interpolated
total UPDRS Clinician’s total UPDRS score, linearly interpolated

Table 1: Features in the dataset
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4.3 Attention-BiLSTM architecture

The experimental platform is Google Colab with GPU server. The model
architecture is shown in figure.Important information can be both remem-
bered and forgotten by the LSTM layer. Theoretically, model fits nonlinear
data more accurately the more layers there are. But wearing too many layers
can make you overdressed and take a lot of time. The model consists of a
BiLSTM layer,with 120 neurons in LSTMs. This is followed by an attention
layer.The attention has two functions that are build() and call(). The build()
function will define the bias and weights.If the input shape is (None,7,240),
then the output of the function will give a shape (240,1). The call() function
will multiply the weights and add bias. Then, the tanh function is followed
by softmax layer. So, if the input to the model is 3D, then the attention layer
will give the output as 3D.This comprises of the attention-BiLSTM. The fol-
lowing layer is of another BiLSTM, which consists of 70 neurons LSTMs.This
is finally connected to the Dense layer as shown in figure 5

Figure 5: Attention-BiLSTM architecture
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4.4 Evaluation metrics

The performance metrics used in this study are mean absolute error (MAE),
mean square error (mse) and root mean square error (rmse). After building
a model, we want to measure how accurate the prediction is made by the
model.MAE is used for quality assessment and summarizing the model.The
error here is the difference of predicted and that of actual data. The absolute
value of this error is taken into account.i.e.|error|.Finally, the sum average of
all the recorded absolute errors are calculated.

MSE is performance metrics that is used for predicting the accuracy of
the model in this study.It is used to first calculate the difference between the
predicted and actual value. The square of the difference is taken and the
mean sum of the squared value is calculated finally.

RMSE is another metrics that is used in this study.According to the litera-
ture, time series should be represented using the RMSE and MAE generally.
However, RMSE was widely utilised in earlier research.Forecast errors are
given a lot of weight in RMSE.The square root of the mean average of the
error difference of predicted and actual value is calculated in RMSE.
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5 Result

The result of the study is as shown in table 2. The proposed model MAE,
MSE and RMSE value is 0.0436, 0.2088, and 0.0758 respectively.The MAE
value is 24.35% less than LSTM,7.01% less than BiLSTM,23.2% less than
linear regression and 19.78% less than the ridge regression model.The MSE
value is 23.77% less than LSTM, 12.97% less than BiLSTM, 5.58% less than
linear regression and 2.24% less than the ridge regression model. The RMSE
value of the proposed model is 12.67% less than LSTM, 6.70% less than
BiLSTM, 2.79% less than linear regression, and 1.08% less than ridge model.
The overall performance of all the models is shown in table 2.

S.No. Models MAE MSE RMSE

1 Linear Regression 0.0987 0.04618 0.2148
2 Ridge Regression 0.0945 0.0446 0.2111
3 LSTM 0.1002 0.0572 0.2391
4 BiLSTM 0.0815 0.0501 0.2238
5 Attention-BiLSTM 0.0758 0.0436 0.2088

Table 2: Result for MAE,MSE and RMSE for different models- LSTM, BiL-
STM, Attention-BiLSTM, Linear Regression, Ridge Regression
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In light of this, if deep learning algorithms is applied to a particular
dataset, we construct a model that can accept input and produce output.Now,
we employ a metric called as loss to evaluate a model’s performance.This
loss specifically measures the error that the model causes.A high loss num-
ber typically implies that model is giving inaccurate output, whereas a low
loss value denotes that the model has less flaws.Additionally, a cost func-
tion is typically used to quantify the loss and it measures the mistake in
several ways.The problem being addressed and data being used are typically
determinants of the cost function selected. For binary classification issues,
for instance, cross-entropy is frequently used.It calculates model’s error on
training set.On the other hand, a deep learning model’s performance on the
validation set is evaluated using a statistic called validation loss.A piece of
the dataset designated as the validation set is used to verify the model’s effi-
cacy.Furthermore, the validation loss is calculated at the end of each period.
This tells us whether the model requires to be adjusted or tuned further.The
training loss and validation loss are typically combined on a graph in most
deep learning applications. This is done to evaluate the model’s performance
and determine what needs to be tuned. The training-validation loss curves
of Attention-BiLSTM is as shown in figure 7.

Figure 7: Attention-BiLSTM Training-validation loss curve

24



The predicted output of UPDRS score against the actual data points
of the forecast is as shown in figure 8 for the proposed model.The predicted
output from a multivariate linear regression and ridge regression is also shown
in figure 9.

Figure 8: Attention-BiLSTM Forecast

Figure 9: Linear Regression Forecast.Where red dots represents predicted
value of the score and blue line represents the actual outcome.
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6 Conclusion

Before a consultation with a clinician, remote monitoring of UPDRS us-
ing voice measures is an effective screening step.The creation of computa-
tional tools employing DNN approaches can help the medical expert predict
the patient’s PD progression more quickly and identify the subjects ear-
lier.Following the development of clinical PD symptoms regularly can be
a good guide for clinical diagnosis.Although diagnosing PD is frequently
difficult and tracking the progression of the symptoms takes time, even in
the early stages, slight vocal differences may be easily discernible.With this
knowledge, voice recordings from future patients can be used to monitor PD.
A Bi-LSTM forecasting model based on the Attention mechanism is created
in this work.Dataset of speech features i.e 16 speech features as well as UP-
DRS score is used for the forecasting here. The dataset is downloaded directly
from the UCI machine learning repository.The data is preprocessed before
feeding to a model. In this work Standard scaling is done, so that we have all
the features in the same scale and this also increases the performance accu-
racy i.e. helps the model learn fast.An attention layer is used in a BiLSTM
model(LSTM with 120 neurons) followed by another BiLSTM model(LSTM
with 70 neurons).Evaluation metics used are MAE, MSE and RMSE. Which
shows a result of value is 0.0436, 0.2088, and 0.0758 for MAE,MSE and
RMSE respectively.The proposed model shows a better performance as com-
pared to it’s counterpart models in this study.It is proven that the Attention
mechanism has a beneficial impact on forecasting accuracy.

7 Future Scope

The particular study can be extended by using different architecture or hyper-
parameter tuning to further increase the performance accuracy of forecasting.
Different performance metrics can also be employed to further understand
the model performance.A larger dataset containing more data can be run
on a forecasting model.A different combination of features can be used for
forecasting the future value of a particular feature.
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