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ABSTRACT

Thyroid disease is a medical state of affairs in which the thyroid gland potentiality to be in action is affected.
The thyroid gland being an endocrine organ positioned in front of neck that induces thyroid hormones and
advances via the bloodstream to aid control a variety of other organs. On one hand when body induces too
much thyroid hormone, hyperthyroidism is said to be developed whereas on the other hand insufficient
hormone production results in hypothyroidism. Deep Learning (DL) algorithms, though analyze data in an
automatic manner and constructing analytical models according to DL can also be utilized for thyroid disease
diagnosis. Feature extraction is essential in DL to improve efficiency where features are extraction based on
their significance. It means that the most important elements of the DL model have been extracted for
prediction by discarding irrelevant features that have nothing to do with the disease prediction. In this work
a method called Deep Tree Liquid State and Greedy Stacked Autoencoders (DTLS-GSA) based feature
extraction for thyroid disease prediction. The DTLS-GSA based feature extraction for thyroid disease
prediction is split into two sections, namely, efficient data handling and feature extraction. First, data handling
employs thyroid raw datasets are performed using Deep Tree Liquid State Machine based architecture. The
objective of employing the Deep Tree Liquid State Machine is the potential in handling data that are highly
skewed without the loss of original information. Second, with efficient handling of data, Greedy Layerwise-
Stacked Denoising Sparse Autoencoders is applied to extract the features required for thyroid disease
detection. Also hereby employing both forward propagation (i.e., inputting sample instances) and backward
propagation (i.e., fine tuning weights) therefore minimizes loss function convergence at an early stage,
therefore improving overall precision and recall rate of extracted features. Experimental evaluation will be
carried out using Thyroid Disease dataset with different factors such as, precision, recall, accuracy and
training time.
Keywords: Thyroid Disease Prediction, Deep Learning, Deep Tree Liquid State Machine, Greedy
Layerwise, Stacked Denoising, Sparse Autoencoders
I. INTRODUCTION prediction and diagnosis is both laborious and time
consuming.
Thyroid disorder is regarded one of the

frequent endocrine ailment issues globally. Thyroid
disorder is one of the vital origins of heart disease,
obesity, joint pain and infertility. Nevertheless, these
thyroid diseases emanate at later stages, however
some of the indications may also occur at an early
stage. The thyroid hormone is accountable for
thyroid disorder that may cause hypothyroidism or
hyperthyroidism issues. Some of the tests conducted
to diagnose the functioning of thyroid hormone is T3
(Triodothyronine), T4 (Thyroxine), TSH (Thyroid
Stimulating Hormone) and Free Thyroxine (FT4).
Nevertheless, manual analysis of these criterions for

This study on thyroid disease prediction
focuses specifically on the development and
evaluation of machine learning models for this
purpose, rather than on new clinical testing methods.
The scope is further delimited to the use of patient
data—including clinical features like hormone levels
(TSH, T3, T4), patient demographics (age, sex), and
other symptoms—to build a predictive model. The
research addresses persistent issues in existing
computational approaches, such as limitations
related to small datasets, data imbalance, and a lack
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of comparative analysis across different machine
learning and deep learning algorithms.

In [1], DL-based Artificial Neural Network
(ANN) was designed to construct predictive models,
for dealing with text data with the objective of
predicting hypo-thyroidism. The thyroid prediction
employing DL-based ANN manifested both thyroid
prediction and classification in four classes, namely
primary hypothyroidism, secondary
hypothyroidism, negative class and compensated
hypothyroidism class respectively. The application
of DL-based ANN for thyroid prediction shows
thyroid prediction and classification in four classes
namely negative class, compensated hypothyroidism
class, primary hypothyroidism and secondary
hypothyroidism with highest accuracy and few error
rates. Though improvements were observed in terms
of accuracy with few error rates, however, with
features in the dataset being highly skewed, the
training time involved in thyroid prediction was not
focused.

In [2], Deep Neural Network for ensuring
accurate thyroid disease prediction with dimension
reduction techniques and reduced dimension data
input to classifiers was proposed. In addition, data
augmentation was also applied with the intent of
generating adequate data for deep neural network
model. In addition, using data augmentation using
Gaussian distribution aided in generating sufficient
data for deep neural network model with high
accuracy of disease  prediction.  Despite
improvements observed in terms of accuracy,
however the measure of quality and measure of
quantity were not made in an efficient manner for
thyroid disease prediction.

Hyperthyroidism and hypothyroidism that
have a high rate of incidence and misclassified
diagnosis rate are said to be endocrine diseases arise
due to abnormal thyroid hormone secretion and that
in turn results in series repercussions. In [3] serum
raman spectroscopy was combined with deep neural
network with the intent of analyzing both
hypothyroidism and hyperthyroidism in an accurate
and precise manner.

Several research persons have designed
numerous materials and methods for thyroid disease
diagnosis. Aiming to provide solutions towards such
disease, dimensionality reduction techniques was
applied in [4] via deep neural network model to
ensure high accuracy. However, in case of
complicated data environments, correct handling of

data is said to be pivotal for enhancing disease
prediction rate. To this end, an information mining
method employing association rule with dynamic
threshold and weight optimization was proposed in
[5] for early diagnosis of thyroid cancer. Though
several research works have been focused for the
employment of machine learning techniques for
thyroid disease detection, however, robustness is
said to be restricted by data imbalance nature. To
address on this aspect, feature selection model
employing filtering technique and stacking-based
ensemble was presented in [6] for thyroid disease
detection.

A review of machine learning technique for
early thyroid disease prediction was proposed in [7]
based on efficient feature selection model. Thyroid
issues are becoming more and more prevalent and
early detection only remains to be one of the
solutions that in turn minimizes rate of mortality and
complications. Owing to these different factors,
early detection of thyroid has become more pivotal
in the medical domain. Also evaluating the
frequency and severity of disease are hence found to
be critical for medical diagnosis and treatment.

Laboratory  parameters pertinent of
functioning of thyroid in addition to demographic
features, with the objective of uncovering
prospective correlations between thyroid function
and metabolic phenotypes employing numerous
machine learning methods was investigated in [8].
Yet another machine learning technique employing
random forest classifier was presented in [9] to focus
on the computational and space complexity aspects
involved in prediction.

A thorough investigation of thyroid disease
prediction in China along with prospective and
retrospective was investigated in [10]. Nevertheless,
machine learning techniques have ensured in
detecting risk parameters for the thyroid disease.
Five machine learning techniques were employed in
[11] and the best features relevant to disease
detection was selected via ensemble ML classifier
technique. By employing this ensemble technique
resulted in the accurate and precise detection of
disease. Yet another ensemble method was proposed
in [12] to focus on the precision and accuracy factor
involved in thyroid disease prediction.

The problem is to develop an accurate,
efficient, and automated system for predicting
thyroid disease due to the increasing prevalence,
complexity of diagnosis, and the potential for human
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error in manual analysis. Existing methods rely on
time-consuming and sometimes ambiguous blood
test results, and experienced doctors are needed for
correct interpretation, highlighting the need for a
machine learning-based approach to support early
and precise diagnosis and reduce the workload on
healthcare professionals.

1.1 Scope of the proposed work

The scope of thyroid disease prediction is huge,
with its main focus being on early and accurate
diagnosis using ML and big data analytics to
enhance the patient results. It involves the
classifying conditions such as, hyperthyroidism and
hypothyroidism, and in cases like thyroid nodules,
predicting the likelihood of malignancy. The field
offers opportunities for increasing predictive
models, creating accessible applications for risk
assessment, and improving diagnostic tools to
minimize the errors and avoid severe complications.
In order to, DTLS-GSA) based feature extraction for
thyroid disease prediction is introduced to enhance
the precision, recall, accuracy with lesser time.

1.2 Novelty of the proposed contribution of this
method
The novel contribution of the proposed DTLS-
GSA method is utilized into thyroid disease
prediction is listed in below

e A novelty of the Deep Tree Liquid State
Machine is used to data handling employing
thyroid raw dataset

e Greedy Layerwise-Stacked Denoising Sparse
Autoencoder-based Feature Extraction
algorithm is employed to extract the features
with efficient handling of data.

e Obtain each forward propagation and
backward propagation achieved to reduce the
loss function convergence at an early stage,
therefore improve the overall precision and
recall rate of extracted features.

1.3 Contributing remarks
The contributions of the Deep Tree Liquid

State and Greedy Stacked Autoencoders (DTLS-

GSA) based feature extraction for thyroid disease

prediction is listed as given below.

e To improve the precision, recall, accuracy and
training time, the DTLS-GSA method is
designed based on two major processes namely
data handling and feature extraction.

e To reduce the training time, Deep Tree Liquid
State Machine-based Data Handling algorithm
is employed.

e To enhance precision and recall of thyroid
disease prediction based on extracted features,
Greedy Layerwise-Stacked Denoising Sparse
Autoencoder-based Feature Extraction
algorithm is applied to the data handled sample
instances.

e To design forward propagation to extract
significant features and backward propagation
process to eliminate insignificant features
ensures accurate extractions of features and
therefore improving the overall thyroid disease
prediction results.

e Finally, comprehensive experimental
assessment is carried out with four distinct
performance metrics, precision, recall, accuracy
and training time to illustrate the proposed
DTLS-GSA method over traditional methods.

1.4 Organization of the work

The rest of the paper is ordered as follows.
Section 2 portrays the related works in the field of
thyroid disease detection based on the features being
extracted from the raw dataset. In Section 3 the
proposed method, Deep Tree Liquid State and
Greedy Stacked Autoencoders (DTLS-GSA) based
feature extraction for thyroid disease is detailed with
the aid of pseudo code representation. Section 4
provides the experimental setup and discussion

followed by concluding remark in
Section 5.
2. RELATED WORKS

Thyroid illnesses and disorders are

extensive hormonal problems that exert influence on
the major part world’s population globally, to name
a few being, thyroiditis and thyroid malignancy. In
[13] to boost the diagnostic performance of nuclear
medicine physicians’ deep convolutional neural
network (DCNN) model and following which the
results were validated for thyroid disease by
employing single-photon emission computed
tomography (SPECT) image data. Empirical method
using decision tree, random forest and artificial
neural network for thyroid disease detection was
presented in [14] with the intent of improving
specificity and accuracy in an extensive manner.

Over the past few years, the utilization of
artificial intelligence (AI) methods in health care
domains has increased swiftly. In this context, early
detection of diseases is the most common area of
application. In this circumstance, thyroid diseases
are an example of illnesses that can be efficiently
looks on to if bring to light quite timely. Thyroid

10485



Journal of Theoretical and Applied Information Technology ~
31 December 2025. Vol.103. No.24 ~J

© Little Lion Scientific A ma——

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

disease detection is pivotal with the intent of treating
patients efficiently and rapidly by saving lives and
minimizing healthcare costs.

Semi  supervised machine learning
techniques for predicting thyroid disease via logistic
regression was presented in [15] employing
FixMatch, Co-training and self-training. This in turn
eases and boosted healthcare repercussions. An
experimental comparative study on application of
machine learning algorithms for thyroid disease risk
prediction was investigated in [16]. A systematic
review on artificial intelligence techniques for early
thyroid disease detection was presented in [17].

Thyroid disease has been on the upswing in
the course of past few years. As a consequence of its
significance in metabolism, early thyroid disease
detection is a mission of critical significance. In spite
of numerous existing methods on thyroid disease
detection, the issues of class imbalance were not
investigated very well. To increase prediction
accuracy for thyroid disease dimension reduction
technique was applied in [18].

In spite of several existing methods on
detecting thyroid disease the issue class imbalance
was not investigated magnificently. Moreover,
prevailing techniques for the most part concentrate
on the binary-class issue. An optimization technique
employing differential evolution algorithm with the
objective of fine tuning the parameters using
machine learning models was presented in [19] with
improved accuracy. Yet another thyroid disease
classification algorithm using several machine
learning algorithms was designed in [20]. A
combination of several scaling methods using
Boruta, Recursive Feature Elimination (RFE) and
Least Absolute Shrinkage and Selection Operator
was presented in [21]. A detailed comprehensive
review on thyroid disease prediction employing
machine learning techniques was investigated in
[22].

To circumvent the manual errors involved
in prediction, the estimation of manual procedure
consumed expertise domain and also consume a
consideration amount of time. To detect disease at an
early stage, a novel long short-term memory in
addition to convolution neural network was used in
[23]. With this type of heterogeneous mechanism
resulted in the improvement of precision, recall,
sensitivity and accuracy.

A plethora of machine learning technique
for thyroid disease detection was presented in [24].
Distinct machine learning classification techniques
[25] to name a few being, decision tree, random
forest, logistic regression and naive bayes were
employed for classification of hyper and hypo
thyroidism in an extensive manner.

With the scaling of medical data swiftly
growing and also these data coming from distinct
sources of data and also the amount of data being
huge and the production speed being fast and
different, knowledge graph technology was applied
in [26] to assist in disease diagnosis. An in-depth
analysis of machine learning techniques for
classifying different types of thyroid disease was
presented in [27]. Three different machine learning
algorithms, support vector machine, naive bayes and
random forest were applied in [28] to focus on the
computational complexity aspects. Yet another
ensemble method for predicting thyroid disease was
presented in [29] to focus on macro precision and
macro recall. Selective features and machine
learning technique for early disease prediction with
improved precision and recall was proposed in [30].

Deep Transfer Learning was introduced in
[31] for the precise diagnosis of thyroid nodules. But
the time was higher. A residual and dilated
convolution neural network (RED-Net) was
employed in [33] for estimating the thyroid volume.
But the huge dataset was not considered. A novel
deep learning architecture was developed in [32] to
perform thyroid segmentation with the Tri Attribute
Hybrid Algorithm (TATHA). However, the
accuracy was not enhanced. Deep learning methods
were examined in [34] to find thyroid illnesses at an
early stage. However, it failed to enhance the
accuracy. Gaussian Process Regression was
developed in [35] for a higher confidence level.
Deep convolutional networks (DCNN) were
designed in [36] for dissimilar classification
methods. Also, the significant features were learned
via networks to classify the characters. However, the
precision was not concentrated.

Based on the above two traditional
methods, DL-based ANN [1] and Deep Neural
Network [2] for thyroid disease prediction detected
disease with accuracy and minimal error rate,
however the training time along with precision,
recall involved were not concentrated. To address
on this research gap, Deep Tree Liquid State and
Greedy Stacked Autoencoders (DTLS-GSA) based
feature extraction for thyroid disease prediction is
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proposed that with the aid of Deep Tree Liquid State
Machine algorithm, keyword extraction can be
performed in a computationally efficient manner.
Also using Greedy Layer wise-Stacked Denoising
Sparse Autoencoders the precision and recall can
also be improved significantly. By employing Deep
Tree Liquid State and Greedy Stacked Autoencoders
(DTLS-GSA) based feature extraction for thyroid
disease prediction not only minimizes training time
and improves overall precision and recall involved
in extracted features for thyroid disease prediction.

Motivated by the above research gaps, in
this work, Deep Tree Liquid State and Greedy
Stacked Autoencoders (DTLS-GSA) based feature
extraction for thyroid disease prediction and Greedy
Layerwise-Stacked Denoising Sparse Autoencoders
are proposed to improve the precision as well as
recall in a significant manner.

3.METHODOLOGY

Deep Learning (DL) has become a
paramount part of human lives that bestows smart
and reasonable solutions to several issues. By and of
itself, healthcare is grabbing the consciousness of
several research persons, as society depends upon
healthy and performing individuals for its balanced
functioning. This study targets at imparting solution
with regard to such a thyroid disease prediction
using a method called, Deep Tree Liquid State and
Greedy Stacked Autoencoders (DTLS-GSA) based
feature extraction for thyroid disease prediction.
Figure 1 illustrates the block diagram of DTLS-GSA
method.
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i
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Feature extracted results for disease prediclmb

Figure 1 : Block diagram of Deep Tree Liquid State and
Greedy Stacked Auto encoders (DTLS-GSA) based
feature extraction for thyroid disease prediction

As shown in the above Figure 1, the DTLS-
GSA based feature extraction for thyroid disease
prediction is split into two sections. They are data
handling and feature extraction. Also as given above

the feature extraction for disease prediction employs
thyroid  disease  dataset  obtained  from
https://www.kaggle.com/datasets/emmanuelfwerr/t
hyroid-disease-data.

First, data handling using thyroid disease
dataset is subjected to Deep Tree Liquid State
Machine based architecture. The purpose behind the
use of Deep Tree Liquid State Machine is handling
highly skewed data to represent correlation between
different features without loss of original
information. Second with efficient handling of data,
Greedy Layerwise-Stacked Denoising Sparse
Autoencoders is applied with the intent of extracting
features required for thyroid disease detection.

Finally, to ensure optimized results Greedy
Layerwise-Stacked Denoising Sparse Autoencoders
is introduced to build robust thyroid detection model
using both forward propagation and backward
propagation therefore minimizing loss function
convergence at an early stage with improved
precision and recall rate of extracted features.

3.1 Dataset description

The dataset created for our study are
obtained from Thyroid disease dataset extracted via
UCI Machine Learning Repository featuring both
real and categorical data type by reconciling 10
separate databases from Garavan Institute from
Health and Medicine domain. The dataset contains
9172 sample observations and each sample is
denoted by 31 features. The size for the Thyroid
disease dataset file featured within the Kaggle is
provided below along with a list of features or
attributes and their description summaries.

Table 1 : Thyroid disease dataset description summaries

S. Features or S. Features or
No attributes No attributes
1 Age 17 TSH_measured
2 Sex 18 TSH
3 On thyroxine 19 T3 measured
4 Query on 20 T3
thyroxine
5 On antithyroid 21 TT4 measured
meds
6 Sick 22 TT4
7 Pregnant 23 T4U_measured
8 Thyroid surgery 24 T4U
9 1131 treatment 25 FT1 measured
10 Query hypothyroid 26 FT1
11 Query 27 TBG_measured
hyperthyroid
12 Lithium 28 TBG
13 Goitre 29 Referral source
14 Tumor 30 Target
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15 Hypopituitary 31 Patient ID

16 Psych

The target prediction comprises of health
conditions and diagnosis classes. The significance of
the features has to be evaluated for selecting
optimum number of features for thyroid disease
classification via efficient data handling. As listed in
the above table 1, the 31 features consist of float,
integer, string and Boolean types. The feature-based
analysis is initially performed using Deep Tree
Liquid State Machine-based Data Handling to
estimate the importance of the features. As described
in the proposed methodology subsection, the data
handling yield the correlation between different
features without the loss of the original information.
Table 2 given below lists the dataset containing 9173
patient records. Here, 6771 patient records were
found to be normal patient records with no sign of
thyroid disease, 233 patient records were found to be
primary hypothyroid, 359 patient records were found
to be compensated hypothyroid patients, 346
patients were found with increasing binding proteins
and finally, 456 concurrent non-thyroidal illness
patients.

Table 2: Class-wise target description

Patient records

S.No (diagnosis class) Count
1 Normal patient records 6771
2 Primary hypothyroid patient 233

records
3 Compensated hypothyroid patient 359
records
4 Increasing binding protein patient 346
records
5 Concurrent non-thyroidal illness 456
patient records
6 Others 1008
Total 9173

Incorrect diagnosis may result in erroneous
medication and further difficulties. Hence, an
automated method can be very considerate to aid
medical experts in making automated thyroid
disease predictions without any human mistakes. So
this study follows a deep learning approach method
called Deep Tree Liquid State and Greedy Stacked
Autoencoders (DTLS-GSA) based feature extraction
for thyroid disease prediction.

3.2 Deep tree liquid state machine-based data
handling

Data Handling is the process of collecting,
putting down and dispensing information in a
manner that is considerate in analyzing, making
predictions and possible course of actions. Due to the

uneven distribution of sample instances across nodes
influence the performance of parallel data
processing resulting in consuming time for certain
tasks than the others. Also, data handling is
paramount for healthcare parallel data processing to
make early decisions, rationalize processes and
cohere to standards. In this work a model called,
Deep Tree Liquid State Machine-based architecture
for Data Handling is presented using thyroid raw
dataset. The objective of employing the Deep Tree
Liquid State Machine is the potentiality in handling
data that are highly skewed with minimal loss of
original information from dataset. The Deep Tree
Liquid State Machine structure is appropriate to
represent the correlation between different features
that in turn prevents loss of temporal features of data
without loss of original information. Figure 2 shows
the structure of Deep Tree Liquid State Machine-
based architecture for Data Handling.

In(t) [

oo ToTer Tree reservoirs Output layer

—————  pncoder | ———+

Encoder

Decoder

Figure 2 : Structure for Deep Tree Liquid State
Machine-based architecture for Data Handling

As shown in the above Figure the Deep
Tree Liquid State Machine-based architecture for
Data Handling is split into two parts, encoder and
decoder. On one hand encoder is performed via tree
reservoirs using the sample instances from the input
dataset. On the other hand decoder is done in the
reverse side with the intention of handling data in an
efficient manner. A standardized database permits
all the sample instances to be clustered in a
consistent space to conduct the necessitated
processing steps. Hence, in this study, let ‘S =
{5,S,,...,Sy}’ represent the medical examination
data entered into dataset ‘DS’ and in ‘S’, let ‘F =
{F,,F,, ...,E,}’ represent a set containing all the
features contained in the dataset and ‘F;’ be one of
the highly skewed resultant feature for a sample
instance. In addition, let ‘Res’ be the corresponding
target feature variable (i.e. the data handled result for
that data piece). Then, ¢  Res=
{Resy, Res,, ..., Res;}’ is a set containing all target
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variables and hence the input vector is
mathematically represented as given below.

SiFy 51F; S1Fy
IV = SZFI SZFZ SZFTI. (1)
SnFy SnF, Snky

From the above equation (1) the input
vector ‘IV’ for data handling using thyroid raw
dataset is formulated employing ‘N’ samples Sy’
and ‘n’ features ‘F,’. The Deep Tree Liquid State
Machine being a recurrent neural network, the
associations between neurons define dynamic
process and recurrence associations refer to the
topology. The properties of artificial neurons (i.e.
sample instances ‘S’) along with these recurrence
associations (i.e., samples with respect to
corresponding  features SyF, °) result in
transforming any sequence of input into a
spatiotemporal pattern activation of liquid.

The nomenclature come from probability of
looking at the Deep Tree Liquid State Machine
based recurrent neural network as a liquid like water
in a pond (i.e. as a feature set like samples in a
dataset), the stimuli are rocks thrown into the water
(i.e. stimuli are the testing data from dataset for
prediction) and the ripples on the pond (i.e. features
in the dataset) are the spatiotemporal pattern.

The employment of a detector is
conventional in the standard in the Deep Tree Liquid
State Machine community where the idea behind the
detectors remains in testing whether the information
or features to be handled for prediction resides in the
liquid and thus are not required to irrelevant. Hence,
it is highly possible for detectors to extract any
spatiotemporal feature fed into the liquid (i.e. present
as features in the dataset).

A fundamental theory of the proposed Deep
Tree Liquid State Machine lies in its potentiality of
carrying out real time computations by transforming
time varying input stream (i.e., sample instances
using input vector ‘IV’) into a higher dimensional
space employing three pivotal elements namely, an
input layer, a reservoir or liquid and a memory-les
readout circuit respectively. Here, initially, the
sample instances using input vector ‘IV’ as an input
layer, the reservoir has several neurons (i.e. sample
instances) associated recurrently using dynamic
synaptic connections.

The readout is also implemented by several
neurons but they do not possess any inter-

associations within them. The reservoir or liquid
transforms lower dimensional input stream (i.e.,
sample instances) to a higher dimensional internal
state (i.e., handling of sample data in an efficient
manner by correlating between different features
without loss of original information). This in turn act
as an input to the memory-les readout circuit that is
responsible for generating the final output of the
Deep Tree Liquid State Machine (i.e.,
computationally efficient accurate data handled
results.

The Deep Tree Liquid State Machine
consists of two steps that are fundamental for the
processing of raw input data. In the first instance, the
raw input data ‘S(t)’, are transformed into a higher
dimensional state. The reservoir via plastic synapse
is associated to the readout in the second phase. The
readout neuron at any time ‘t’ receives from the
reservoir a file featured with a list of features is given
by.

Io(8) = X Wo,. f;(8) = L Wo;. filS(O)] @)

From the above equation (2) ‘f;(t)’ denotes
the response from the ‘i —th’ neuron in the
reservoir with ‘Wy;’ representing the synapse weight
between ‘i — th’reservoir and ‘O —th’ readout
neuron respectively. Then, the consolidated file
featured with a list of feature is then mathematically
formulated as given below.

[ 1) =X Wy f] fi®) = SWoi ] fiIS@®] (3)

The inference of the above mathematical
formulation obtained from (3) is that the readout
neuron will be taken as linear predictor of the
reservoir responses as the consolidated list of
features from the readout neurons, a linear
combination of consolidated outputs from reservoir
neurons.

The readout neurons obtain generated
computationally-efficient and accurate data handled
results from the reservoir and interpret in linear form
using Greedy Layerwise-Stacked Denoising Sparse
Autoencoder-based Feature Extraction model for
early thyroid disease prediction. The reservoir being
a non-linear system with a network of artificial
neurons or sample instances computed recurrently.
Basically, it is used to encode the non-linear
transformation of input stream (i.e., sample
instances) by acquiring the past sample instances and
translating into a high-dimensional activity state. On
the other hand, the readout or the decoder retrieves
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the temporal information from reservoir and
transforms it to a time-series output.

State (t) = [ Io(t), State(t — 1) (4)
Res(t) = D(State (t)) (5)

From the above equations (4) and (5) the
network state ‘State’ at time ‘t’ is generated by
combining the input value of I,(t)’ sample
instances at current time ‘t’ with previous state at
time ‘t — 1’ respectively. Followed by which the
detector function results are arrived at using the
Segmented Regression based on the set of data
‘Res (t), State(t)’ where ‘Res’ denotes dependent
variable and ° State(t) ° denotes independent
variable.

The Segmented Regression when applied
separately to each segment results in the following
two equations.

FRes(t) =

a,State (t) + a4, for State (t) < BP 6
{azState (t) + ay, for State (t) > BP ©)

From the above equation (6), network state
‘State’ at time ‘t’ is generated using the current
time ‘t’ with previous state at time ‘t — 1°. Also
Segmented Regression function is applied between
observed ¢ State (t) > and ‘ aq,a,’, ‘a,ap’
representing the regression coefficients and
regression constants respectively. Finally correlation
coefficient results for handling data efficiently is
applied to the network state ‘State’ at time ‘t’ to
obtain the computationally efficient and accurate
data handling is represented as given below.

Y. (Res(t)-FRe (t))2

R% =1- Y (Res (t)—avg(FRes[segl]))2 ! lf State (t) < BP
2 ™
R2=1— —2(FesOFRS®) e grate(t) > BP
Y (Res (t)-avg(FRes[seg2]))
(®)

From the above equations (7) and (8),

‘(Res (t)—F Res(t))z’ denotes the minimized sum
of square of differences per segment with
avg(FRes[segl]) > and ° avg(FRes[seg2])’
representing the average values of ‘FRes’ in the
respective segments. Finally by obtaining the
correlation coefficient results even highly skewed
data (i.e. uneven curve distribution) are said to be
handled in an efficient manner. The pseudo code
representation of Deep Tree Liquid State Machine-
based Data Handling is given below.

3

Input: Dataset ° DS °, Samples ° S =
{5.,S,,....,5v} ’, Features ¢ F=
{F,F,,....,E}

Output:  Computationally-efficient  and

accurate data handling

1: Initialize ‘N = 9172, ‘n = 31’

2: Begin

3: For each Dataset ‘DS’ with Samples ‘S’
and Features ‘F’

4: Formulate input vector as given in (1)
//Reservoir - encode non-linear
transformation of input stream

5: Obtain file featured with a list of feature as
given in (2)

6: Formulate consolidated file featured with a
list of features as given in (3)

//Readout — decode

7: Retrieve temporal information from
reservoir and transforms it to a time-series
output as given in (4) and (5)

8: Apply Segmented Regression function
separately to each segment results as given in
(6)

9: Obtain correlation coefficient results for
accurate data handling as given in (7) and (8)

10: Return data handled results ‘ DH =
R? or R%’
11: End for
12: End
Algorithm 1: Deep Tree Liquid State Machine-based

Data Handling

As given in the above algorithm the
objective behind the design remains in ensuring even
distribution of sample instances across nodes that in
turn would boost parallel data processing, therefore
consuming minimal execution time. With this
objective, with the sample instances and features
obtained from raw thyroid dataset as input are
subjected to Deep Tree Liquid State Machine. The
Deep Tree Liquid State Machine consisting of input
layer, reservoir (hidden layer) and readout (output
layer) first, obtains the sample instances along with
the features in the input layer. Second in the reservoir
two operations, file featured with a list of features
and consolidated file featured with a list of feature
are obtained. The results are then passed in the form
of encoder. Finally in the decoder stage, the readout
operation initially obtains temporal information
from reservoir and transforms it to a time-series
output. Followed by which Segmented Regression
function is applied separately to each segment results
with high correlation coefficient results via breaking
point for efficient data handling.
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3.3 Greedy layerwise-stacked denoising sparse
autoencoder-based feature extraction

Second with efficient handling of data, Greedy
Layerwise-Stacked Denoising Sparse Autoencoders
is applied to extract the features required for thyroid
disease detection. To ensure feature extraction
optimized results Greedy Layerwise-Stacked
Denoising Sparse Autoencoders is introduced to
build robust thyroid detection model. Though it
possess only one hidden layer, in our work layer-
wise stacked sparse autoencoder is applied. Also as
only with the application of backward propagation to
directly train layer-wise stacked sparse autoencoder
cannot get desirable results, in our work, both
forward propagation (i.e., inputting sample
instances) and backward propagation (i.e., fine
tuning weights) are applied that in turn minimizes
loss function convergence at an early stage, therefore
improving overall precision and recall rate of
extracted features. Figure 3 shows the structure of
Greedy Layerwise-Stacked Denoising Sparse
Autoencoder-based Feature Extraction.

AE-1

‘ AE -2

2 1 Feature extraction
Input ‘DH* ’; Layer —1 .
3 results
Layer —2 Layer —2

Forward propagation  Backward propagation ( Thyroid disease prediction )

Figure 3: Structure of Greedy Layerwise-Stacked
Denoising Sparse Autoencoder-based Feature
Extraction

As illustrated in the above Figure , the data
handled results forms the input to the Greedy
Layerwise-Stacked Denoising Sparse Autoencoder-
based Feature Extraction process. To obtain final
extracted results it undergoes two distinct processes,
namely, forward propagation and backward
propagation. Let us consider we have training set

{(DHD, 0ut®W), (DH®P, 0ut@), ....(DHW, Out(N))f

’ that has ‘N’ data handled samples, inside ‘Out® €
{1,2,...1} and ‘I’ refers to the number of features
being extracted to build robust thyroid detection
model. Here, ‘Prob(Out(i) =j|DH(i))’ indicates
the probability when ‘Out®’equal to ¢ j’ given input
‘DH®” parameters “6°.

Then for ‘I’ dimensions output vector
‘ha(DH(i))’ the summation of elements of this

resultant vector is then 1°. Then the absolute output
using softmax function is written as given below.
Prob(Out® = 1|DH®, 9)

he(DH®) = |Prob(0ut® = 2IDH®,8) | o)
Prob(Out® = |DH®, 9)

With the above obtained softmax output,
both forward propagation (i.e., inputting sample
instances) and backward propagation (i.e., fine
tuning weights) are applied. This model is similar to
forward feature extraction however when the new
feature is extracted, the backward elimination
process pushes it to compare with hitherto extracted
features.

In our work two significance level values
are determined with ‘in’ and ‘out’ of value ranges.
Here ‘p — value’ is used in our work so that the
feature ‘ p —value ° should be less than the
significance ‘in’ value to be included in the feature
extraction process and greater than the significance
‘out’ value to be excluded in the feature extraction
process. Let ‘{@}’ denote an empty set. To start with
a feature is extracted on the basis of the defined point
of reference. Here, we use the forward propagation
(i.e., inputting sample instances) to include the
features in the list. This is written as given below.

Outp = {@}; Outy = hy(DHP) (10)

The next best feature is extracted using
‘v — value’ comparison. Here, forward propagation
is employed to extract the significant features. This
is mathematically formulated as given below.

DH* = argmax ](Outpl + dh),where dh €
Outg,, dh & Outy, (11)
Outg,,, = Outp, + DH* (12)
The next best feature is extracted by
employing the ‘p — value’ comparison. Forward
ropagation feature extraction is employed to extract
he next feature, backward propagation feature
elimination eliminates any extracted features that are
insignificant. The above process is continued until

the ‘I’ reaches total number of features in given
thyroid disease dataset.

DH™ = argmax ](OutBl — dh),where dh €
Outg,, dh € Outg,, (13)

OutBH_l = OutBl —DH™ (14)
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As given above by using both forward
propagation (i.e., inputting sample instances) and
backward propagation (i.e., fine tuning weights)
therefore minimizes loss function convergence at an
early stage. This in turn improves overall precision
and recall rate of extracted features. The pseudo code
representation of Greedy Layerwise-Stacked
Denoising Sparse Autoencoder-based Feature
Extraction is given below.

Input: Dataset ° DS °’, Features ° F =
{F,F, ... E}

Output: Accurate and precise feature
extraction

1: Initialize data handled results ‘DH’, ‘in =
0.05’, ‘out = 0.05”

2: Begin

3: Foreach Dataset ‘DS’ with Features ‘F’
and data handled results ‘DH”’

//Initial feature extraction process

4: Formulate absolute output using softmax
function as given in (10)

//Forward propagation

5: Formulate forward propagation to extract
significant features as given in (11) and (12)
//Backward propagation

6: Formulate backward propagation process
to eliminate insignificant features as given in
(13) and (14)

7: Return feature extracted results

8: End for

9: End

Algorithm 2 Greedy Layerwise-Stacked Denoising
Sparse Autoencoder-based Feature Extraction

As given in the above algorithm with the
intent to extract the features required for thyroid
disease detection absolute output using softmax
function is generated via layer-wise stacked sparse
autoencoder. Followed by which a greedy selection
model is employed in extracting the combination of
feature sets (i.e., forward propagation and backward
propagation). Finally, evaluates the performance of
combined feature set against the valuation criteria to
extract significant features for thyroid disease
prediction in an accurate and precise manner.

4. EXPERIMENTAL SETUP
In this section, experimental evaluation of

the proposed, Deep Tree Liquid State and Greedy
Stacked Autoencoders (DTLS-GSA) based feature

existing methods DL-based ANN [1] and Deep
Neural Network [2] Deep Transfer Learning [31]
and RED-Net [32] are implemented in
Python high-level general-purpose programming
language. In this work, Thyroid disease dataset
extracted from
https://www.kaggle.com/datasets/emmanuelfwerr/t
hyroid-disease-data is used in this experiment. The
proposed work considers the experiment for a
different set of samples. The experiment will be
conducted on a computer Intel(R) Core (TM) i7-
6700HQ CPU@?2.60GHz with a RAM of 32 GB
running Windows 10. Simulations are conducted
with four performance metrics, precision, recall,
accuracy and training time. To ensure fair
comparisons same dataset is applied to the three
methods by analyzing and validating with an average
of 10 simulation runs.

4.1 Performance analysis of precision and recall

In feature extraction based thyroid disease
prediction, precision and recall are performance
metrics that apply to sample instances retrieved from
a sample space. Precision on one hand refers to the
ratio of relevant sample instance among the retrieved
sample instance. On the other hand, recall refers to
the ratio of relevant sample instances that were
retrieved. Precision and recall are mathematically
formulated as given below.

Pre = e
TP+F
(16)

Rec = e
TP+FN

7)

From the above equations (16) and (17)
precision ‘Pre’ and recall ‘Rec’ are measured based
on the true positive rate (disease sample instances
predicted as diseased) ‘TP’, false positive rate (non
disecased sample instances predicted as diseased)
‘FP’ and the false negative rate (diseased sample
instances predicted as non-diseased) ‘FN’. Table 3
given below lists the tabulation results of precision
and recall by substituting the values in equations
(16) and (17) for two existing methods, DL-based
ANN [1] and Deep Neural Network [2] Deep
Transfer Learning [31] and RED-Net [32] and
proposed DTLS-GSA method.
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Table 3: Precision and recall rate for thyroid disease
prediction based on features extracted
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Figure 4 : Samples versus precision and recall

Figure 4 depict precision and recall rate
respect to distinct numbers of sample instances

ranging between 900 and 9000. With x axis
representing the samples involved in simulation y
axis represents the precision and recall rate arrived
at for three different methods, DL-based ANN [1],
Deep Neural Network [2], Deep Transfer Learning
[31] and RED-Net [32] and proposed DTLS-GSA
method. From the above graphical representation
neither enhancing nor minimizing tendency in terms
of precision and recall were observed for increasing
numbers of samples. For example with 900 samples
provided as input, 800 samples being detected with
diseased and 100 samples being non detected with
disease, the true positive rate using the three methods
were observed to be, 770, 750, 740, 720 and 700
whereas false positive rate was 30, 50, 60, 80 and
100 the true negative rate was inferred to be 90, 80,
75, 65 and 60. With this the overall precision rate
were observed to be 0.96 using DTLS-GSA method,
0.93 using [1], 0.92 using [2], 0.9 using [31] and 0.88
using [32] and the recall rate was found to be 0.98
for DTLS-GSA method, 0.97 for [1], 0.96 for [2],
0.95 for [31] and 0.94 for [32] respectively. With this
results the precision and recall when applied with
proposed DTLS-GSA technique was relatively
superior than [1], [2], [31] and [32]. The reason
behind the improvement was because of application
of Greedy Layerwise-Stacked Denoising Sparse
Autoencoder-based Feature Extraction method.
Through utilizing this method, with the data handled
results and features present in the dataset as input,
initially, absolute output was obtained using softmax
function. Followed by which forward and backward
propagation were applied to extract the features.
This in turn improved the precision using DTLS-
GSA technique by 5%, 18%, 23% and 27% than the
[17,[2], [31] and [32] and the recall was improved
using DTLS-GSA techni.que by 5%, 13%, 19% and
23% than the [1], [2], [31] and [32].

4.2 Performance analysis of accuracy

The second factor considered for analysis
towards thyroid disease prediction with the extracted
features is accuracy. Disease prediction is significant
because early the disease to be detected accordingly
therapy can also be provided. Also, accuracy
remains a major factor in disease prediction.
Accuracy is mathematically represented as given

below.
TP+

Acc = ————
TP+TN+FP+FN

(18)
From the above equation (18) accuracy
‘Acc’ is measured based on the true positive rate
(disease sample instances predicted as diseased)
“TP’, false positive rate (non disecased sample
instances predicted as diseased) ‘FP’, false negative
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rate (diseased sample instances predicted as non
diseased) ‘FN’ and the true negative rate ‘TN’ (non
diseased sample instances predicted as negative)
respectively. Table 4 given below lists the tabulation
results of accuracy by substituting the values in
equation (18) for two existing methods, DL-based
ANN [1] and Deep Neural Network [2] Deep
Transfer Learning [31] and RED-Net [32]and
proposed DTLS-GSA method.

Table 4 : Accuracy rate for thyroid disease prediction
based on features extracted

Accuracy (%)

DL- Dee and
Sampl DT | base | Deep Tranlsf RE
PSS d Neural or D-
GS | AN | Netwo Learni Net
AN k] | 32

(1] ]

900 95 92 90 87 84
1800 92 87 80 76 74
2700 90 85 78 75 73
3600 88 83 76 73 71
4500 85 80 73 70 68
5400 88 83 77 74 72
6300 91 86 79 76 74
7200 93 88 81 79 75
8100 88 83 76 72 70
9000 90 85 78 75 73

= 0cbased ot [1]

= Daep wsura parwort (2]

Figure 5: Samples versus accuracy

Figure 5 given above illustrates the
graphical representation of accuracy with respect to
distinct numbers of samples ranging between 900
and 9000. As of above graphical representation it is
supposed which accuracy rate is neither inversely
proportional nor directly proportional to sample

instances given as input. Also, accuracy rate of
proposed DTLS-GSA method is examined higher
than the two conventional [1],[2]. This is evidence as
of simulation with 900 samples involved, Acc rate
using the three methods were examined 95%, 92%,
90%, 87% and 84% respectively. From this result it
is obvious which Acc rate of DTLS-GSA method is
said to be comparatively higher than [1] [2] [31] and
[32]. The reason for the improvement was because
of application of forward propagation to extract
significant features and backward propagation
process to eliminate insignificant features via
Greedy Layerwise-Stacked Denoising Sparse
Autoencoder-based Feature Extraction algorithm.
This in turn improved the overall accuracy of
proposed DTLS-GSA method by 6%, 14%, 19% and
27% than the [1], [2], [31] and [32].

4.3. Performance analysis of training time

Finally in this section the performance
metrics, training time or the time consumed in
extracting the features for thyroid disease prediction
is discussed. The training time is mathematically
represented as given below.

TT = YN, S; * Time (FE) (19)

From the above equation (19), training time
‘TT’, is measured based on the samples considered
for simulation ‘S;’ and the time consumed in
extracting the features ‘ Time (FE)’ for thyroid
disease prediction. It is measured in terms of
milliseconds (ms). Table 5 given below provides the
tabulation results of training time by substituting the
values in equation (19) for three different methods,
DL-based ANN [1], Deep Neural Network [2] ],
Deep Transfer Learning [31] and RED-Net [32] and
DTLS-GSA method respectively.

Table 5 : Training time for thyroid disease prediction
based on features extracted

Training time (ms)
DL-

Deep
Sampl | DTL E Transf RE
es S d Neural or D-
AN | Netwo . Net
GSA Learni
N rk [2] [32]
[1] ng [31]
900 31.5 36.9 432 3345 47.3
1800 41.35 | 55.25 71.35 47.25 85.9
5
2700 48.25 65.35 82.45 58.65 88.8
5
3600 55.35 78.35 90.35 65.35 99.6
5
4500 71.35 85.25 108.95 75.85 115.
5
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5400 8435 | 95.25 | 115.25 90.45 125.
5

6300 95.25 | 105.1 130.35 98.65 138.
5 5

7200 108.3 | 1253 | 145.25 116.5 155.
5 5 5

8100 115.2 | 1455 | 158.35 128.5 168.
5 5 5

9000 128.3 | 163.1 175.25 142.5 185.
5 5 5

Fiodel Training Time Comparison

it

samples

Training Tima (ms]

[

Figure 6 :Samples versus training time

Figure 6 given above shows the training
time involved in extracting significant features for
thyroid disease prediction. From the above Figure an
increasing trend was observed using all the three
methods for samples ranging between 900 and 9000.
Also from Figure 6 it is supposed which training
time using DTLS-GSA technique was comparatively
lesser than [1], [2], [31] and [32]. It is evident from
the sample instance of 900 where the training time
for extracting significant features using DTLS-GSA
method was observed to be 31.5ms, 36.9ms using [1]
and 43.2ms using [2], 33.5ms using [31] and 47.3ms
using [32]. The reason behind the training time
improvement for feature extraction by DTLS-GSA
method was owing to relevance of Deep Tree Liquid
State Machine-based Data Handling method. By
using this method, with Deep Tree Liquid State
Machine comprising of input layer, reservoir (hidden
layer) and readout (output layer) initially obtains the
sample instances in the input layer. Followed by
which in the reservoir two operations, file featured
with a list of features and consolidated file featured
with a list of feature were obtained and passed to the
encoder. Finally in the decoder, the readout
operation obtained temporal information from
reservoir and transformed it to a time-series output.
Finally, Segmented Regression function was applied
and only with high correlation coefficient results via
breaking point efficient data handling was made.
This in turn reduced the training time for extracting
features towards thyroid disease prediction using
DTLS-GSA technique by 18%, 32%, 9% and 37%
than the [1],[2], [31] and [32].

4.4 F1-score

It is a metric that combines precision and recall
into. The F1-score is mathematically formulated as
follows,

F — score = (2 * [Pre*Rec])

Pre+Rec

(20)

Where, P indicates a precision, SN denotes
a sensitivity. It is measured in percentage (%). Table
6 given below lists the tabulation results of F1-score
by substituting the values in equation (20) for two
existing methods, DL-based ANN [1], Deep Neural
Network [2], Deep Transfer Learning [31] and RED-
Net [32] and proposed DTLS-GSA method.

Table 6 : Fl-score for thyroid disease prediction
based on features extracted

F1-score
DL-
Deep
base Deep and
Sampl
o’ | DTLS | d | Neural WETHE | )
-GSA | AN | Networ Learnin -Net
N k [2] ¢ [31] [32]
[1]
900 0.96 0.94 0.93 0.92 0.9
1800 0.94 0.89 0.8 0.76 0.73
2700 0.92 0.87 0.78 0.74 0.71
3600 0.9 0.85 0.75 0.71 0.69
4500 0.88 0.83 0.73 0.7 0.68
5400 0.87 0.83 0.74 0.7 0.68
6300 0.89 0.84 0.77 0.73 0.71
7200 091 0.86 0.79 0.76 0.74
8100 091 0.86 0.78 0.749 0.72
9000 091 0.87 0.783 0.74 0.71
o |1
H mDTLS-
2 05 GSA
=
0
o O O o O©
oS o O o O
A~ v n —
AN <t O
Samples

Figure 7 : Samples versus F1-score

Figure 7 given above demonstrate the F1-
score involved in extracting significant features for
thyroid disease prediction. From the above fig,
samples ranging between 900 and 9000 considered.
Also from Figure 7 it is supposed which Fl-score
using DTLS-GSA technique was comparatively
lesser than [1], [2], [31] and [32]. It is evident from
the sample instance of 900 where the Fl-score for
extracting significant features using DTLS-GSA
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method was observed to be 0.94, 0.94, 0.93 and 0.92
for[1], [2], [31] and [32]. The reason for higher F1-
score is to apply forward propagation to extract
important features and backward propagation
process to eradicate insignificant features. This in
turn reduced the training time for extracting features
towards thyroid disease prediction using DTLS-
GSA technique by 5%, 16%, 22% and 26% than the
[11,[2], [31] and [32].

4.5 Comparative analysis of the proposed DTLS-
GSA method with existing methods

The analysis of the proposed DTLS-
GSAand the existing DL-based ANN [1], Deep
Neural Network [2], Deep Transfer Learning [31]
and RED-Net [32] are compared and executed in
Python. Table 7 provides a detailed comparison
result of the proposed DTLS-GSAwith the existing
methods.

Table 7 : Overall performance analysis results

Traini
Accura ng
cy (%) time
(ms)

F1-
scor
e

Metho = Precisi = Reca
ds on 11

Propose

d

DTLS-

GSA

DL-

based

ANN

[1]

Deep

Neural

Networ

k[2]

Deep

Transfe

r 0.755 0.76 76
Learnin

g[31]

RED-

Net

[32] 0.73 0.73 73

0.92 0.9 90 77.93 0.91

0.88 0.85 85 95.55 0.86

0.78 0.79 79 112.07  0.78

85.71 0.75

121.07  0.72

Table 7 depicts the overall performance
outcomes of precision, recall, accuracy, training time
and F-1score for five different methods. DTLS-
GSAmethod outperforms existing methods in terms
of achieving higher precision, recall, accuracy and F-
Iscore and lesser time. For experiment, DTLS-
GSAmethod provided better performance of average
precision, recall, accuracy and F-1score by 0.92, 0.9,
and 90% than the existing methods. Also, the DTLS-
GSAmethod reduces training time by 77.93ms
compared to conventional methods

5.CONCLUSION

Analysis of thyroid disease prediction with
significant feature extraction is one of the most
prudent research areas that may assist by imparting
lot of information for both analyzing and validating
early detection and hence aid in overcoming the
mortality rate. Past research works underscore
thyroid disease prediction employing different
traditional and non-traditional methods, including
machine learning, deep learning. In this work, a
Deep Tree Liquid State and Greedy Stacked
Autoencoders (DTLS-GSA) based feature extraction
for thyroid disease prediction (DTLS-GSA) is
proposed. The individual procedures associated with
the organization are data handling and feature
extraction. Initially, a novel method of Deep Tree
Liquid State Machine based architecture is applied
to sample instances were acquired and provided as
input for efficient data handling. After that, the
Greedy Layerwise-Stacked Denoising Sparse
Autoencoders was applied to obtain the robust and
accurate feature extracted results that server for
accurate thyroid disease prediction with efficient
data handled results. The proposed DTLS-GSA
method was experimented in Python high-level,
general-purpose  programming language using
Thyroid disease dataset. The experimentation results
validated that the DTLS-GSA method achieved to
better results in performance of 18% of improved
precision, 16% of recall and accuracy with 24% of
minimum training time compared to the
conventional methods.
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