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Abstract— Automation of health sector plays a very important role especially during this pandemic due to the side effects of either vaccination
or attack of the COVID. Most of the researchers designed a system to predict whether a person suffers from a particular disease or not. Few
researchers worked on prediction variants of a single disease based on symptoms but due to this COVID-19, different people are getting attacked
with different diseases as a side effect. This proposed system aims to identify the multiple diseases that a person may suffer from based on the
symptoms. In this paper, the dataset obtained from the open access repository “Kaggle” contains 17 symptoms combinations to identify the one
of the 41 types of diseases as class label. All the symptoms may not be important for identification, so in this model, the important features are
identified using the pipeline vector of different Machine Learning approaches are passed as base line classifier and decision tree classifier as
meta line to the elimination function. The model has got “99.48%" accuracy for selecting the essential features using bagging and boosting

algorithms.
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I. INTRODUCTION

During this stressful working scenario, it is very important
to protect the health of a person without being affected by the
other external sources or due to the side effects [7]. Sometimes,
people neglect small health issues due to various reasons,
which may lead to the serious problems as the time passes. The
society needs a single window system, which can predict the
multiple diseases based on the symptoms posted by the user.
The proposed system uses the machine learning techniques for
identification of essential features [8]. Any model with high
dimensionality gives less performance in executing the model.
The model with lesser data helps the model to exhibit better
visualization for analyzing each attribute in detail.Machine
learning has three ways to identify the essential features
namely, statistical approaches using the correlation, wrapper
methods and embedded methods[9]. In general, statistical
approaches are simple to implement but they doesn’t fit for
huge amount of data with multiple relations. The dataset in the
proposed system has many symptoms to analyze. Since linear
relations like correlation doesn’t suit for identifying the
connectivity symptoms, this model cannot apply this

IJRITCC | August 2023, Available @ http://www.ijritcc.org

mathematical approach. In Wrapper methods, the selection of
features is computed using the elimination mechanism. The
popular mechanism is “Recursive Feature Elimination” [10], in
which the system starts with either in the forward direction by
considering the empty set or in the backward direction by
considering all the features. The model computes the support
for each attributes and if it is better than the threshold value
then it retains the value otherwise it discards the elements from
the sets.

Variance is computed for each attribute and its impact
over the data is measured to compute attributes significance.
The wrapper component takes two parameters; first one is
estimator which uses the concept of entropy to construct the
decision tree [11]. This decision tree helps to identify the root
node at each level and eliminates the impure values. These
impure values are considered as unimportant. The second
parameter is a static value that represents the number of
attributes to be selected. The major disadvantage of this
approach is determination of number of essential features
ahead. Any standard approach cannot determine the number of
required features before-hand. So the proposed model solves
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this problem by identifying the accuracy based on the number
of features selected. The minimum value with good accuracy is
considered as the result. The selection of criteria plays a vital
role in determining the performance. [12] Instead of decision
tree, the model has chosen hyper tuned algorithm for passing as
the estimator. Instead of one classifier, the model has passed
more number of tuned algorithms to take the decision based on
the majority voting. During this process, the model has
achieved success using the ensemble approaches.

The paper has discussed the entire work in five
sections; the introduction section discusses about the need of
dimensionality reduction along with the process implemented
in the recursive feature elimination. This section also describes
about the need of modifications in the existing approaches. The
literature survey section discusses about the research work
performed by the different researchers for predicting multiple
diseases using machine learning and deep learning approaches.
The proposed methodology section initially discusses the
results obtained with the implementation of the traditional
approaches then it discusses the working of tuned algorithms,
which are part of pipeline vector. The Results & Discussion
section presents the algorithm to be chosen from the pipeline
vector to act as estimator to the RFE approach. Then it
represents the best estimator that suits the data for
implementation of tuned algorithm. It also presents the
essential symptoms selected to predict the multi diseases. The
conclusion discusses the advantages of tuning process along
with the future scope for classification process.

Il. LITERATURE SURVEY

[1] Karthikeyan et al, improved SVM by enhancing the nature
of radial bias nature. This work majorly focused on the chronic
diseases like heart, kidney, and other genetically inherited
diseases. This model collects the data from different data
sources, so it applies different pre-processing techniques by
performing statistical analysis with the help of naive Bayesian.
The feature extraction is performed by combining the forward
and backward traditional elimination process. The novelty of
this approachlies in integrating the radial bias function of
linear and non-linear models. The model updates its
coefficient vector of kernel function based on the iteration and
learning rate. The selection of the kernel function depends on
nature of the record acquired, the model runs the t-test to
analyze the variance and populates the kernel function with
that hypothesized values.

[2] Anil et al, proposed novel feature extraction and selection
process using Genetic approach known as “Lion with
Butterfly”. In the next step, it has customized the neural
network to classify the disease based on symptoms. The model
has acquired the different diseased patients records and
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performed the first order statistical evaluation to verify the
integrity of the medical records history. The major focus of
this paper is to encode the optimal features of the dataset, to
make the Big Data distributed platforms to work with the
medical records at a faster rate. The model identified the
pitfalls of Lion and Butterfly algorithm and combined them as
follows:

a. Butterflies in the genetic algorithm attract the opposite files
for mating by updating their stimulus intensity range by
emitting the fragrance. But at some point, the searching is
limited where the global and local position becomes saturated.

b. Lion algorithm is popular for optimizing the estimators of
neural network, Lion and Lioness performs mating using the
crossover operation. The model suffers from producing more
generations because of the wrong assumption of the
termination condition

c. The proposed algorithm defines the fitness function as
maximum accuracy with minimum number of neurons. The
model initially assumes sensor modality and switch
probability. The model first computes the fragrance of the
butterfly and generates some random population. Later, for
every butterfly, by comparing the random value and switch
probability, the male mating is done by using butterfly and
female mating is performed by using lioness.

The model constructs belief network by using bias function as
the visible component of the hidden layers. The numbers of
layers are optimized using the Lion algorithm.

[3] Rachel et al, developed annotation model for labeling the
record with multiple diseases. The model gathers the radiology
images related to different images and clusters are performed
to identify the labels of the each image. This model applies
transfer learning on the ResNet by replacing the residual
components with skip connection, known as “CT-Net”. During
the scanning process, if any image is stored as low quality or
contains noisy information, then this model enhances the
quality of the image by applying Weiner filter. The model also
finds the abnormalities by transplantation technique by
analyzing the nodules, opacity, and effusion to find the p-value
of the DeLong. The evaluation of the model is computed using
AUROC curve instead of accuracy, recall.

[4] Mathur et al, implemented a framework that can predict the
40 different types of skin related diseases. This model has
modified the “DenseNet-161"by including the three
components. The pre-processing of the images is performed
using the augmentation techniques and color balancing
techniques. The mobile application takes the scanned images
of Lesion and analyzes their patternsof 5,104 patients. The
validity of the model is compared with silico, cross validation,
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and AUC regions. The model combined 24 layers of 2D-CNN
as a single batch and 32 layers of max pooling as another
batch. These batches undergo focal and log loss to minimize
the error rate. The novelty of this approach lies in designing
the top layers of the CNN with cubic interpolation
normalization, which helps to normalize the blur parts and to
create augmented images.

[5] Yazeed Zoabi et al, focused on identification of COVID-19
disease based on symptoms using ML approaches. The model
collected basic information like gender and age. It also
collected regular symptoms associated with COVID. The
model contains unbalanced dataset and unbiased features. The
system performs SMOTE analysis for balancing the data in
association with feature and class label. It experiments with
SHAP algorithm to analyze the impact every feature on the
class label [13]. The model developed at the level-0
constructed base line model with the help of decision tree
variants. Rather than ranking mechanism, the impact analysis
has given good essential features with increasing slope
towards maximum orientation under region of characteristics.

Table 1: Analysis of Existing Approaches

S.N . I .

o Author Algorithm Merits Demerits
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I1l. PROPOSED SYSTEM

In traditional approaches, researches are conducted
on single disease like heart attack, diabetics, and recently
COVID-19 but very fewer researches focused on developing a
single window system that can identify the multiple diseases.
This section describes the implementations of the traditional
approaches as follows:

Many of the applications in prediction of important
symptoms selection either implemented mathematical
coefficients or KBestSelection [14]. The computation of
correlation can be presented in three ways as shown in figure
1.
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Figure 1: Mathematical Methods of Correlation Coefficient

Karl Pearson computes represents the linear
numerical relation between two symptoms but to identify the
accurate disease, the system need a coefficient that can analyze
relation between all the symptoms [15]. The spearman’s
coefficient computes the linear relation between multiple
symptoms. The mathematical computation is shown in
equation (1)
6xY1%, Distance?

Spearman_Coef ficient = 1 — el

-(1)
Where,

Distance represents the sum of differences between all the
symptoms
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m represents number of records available in the dataset

The interpretation of the result is presented in table 2 to infer
the conclusions on the dataset.

Table 2: Interpretation of Spearman’s Coefficient

S.No | Coefficient | Interpretation on Correlation
1 1 Perfectly correlated
2 0.99t0 0.75 High degree of correlation
3 0.74t0 0.35 | Medium degree of correlation
4 <=0.34 Low degree of correlation

The results obtained by the spearman’s correlation is presented
in the figure 2.
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Figure 2: Spearman’s Correlation for Multi Symptoms
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The high degree correlation symptoms are interpreted from
figure 1 and table 1 are presented in table 3.

Table 3: Highly Correlated Symptoms

S No Symptom | Symptom | Coefficient
Number | Number | Value

1 6 7 0.83

2 7 8 0.85
3 7 9 0.76
4 8 9 0.89
5 8 10 0.79

6 9 10 0.8

7 10 11 0.74

8 11 12 0.84

9 12 13 0.76
10 13 14 0.89
11 13 15 0.79
12 14 15 0.88

From the table 3, it is evident that 10 symptoms have high
degree of correlation. The model concluded that remaining 7
symptoms are not correlated, so these are considered as
essential symptoms but unfortunately the accuracy obtained
with these symptoms is “67.13%”. Another drawback
associated with this model is it has picked symptoms which
have more number of missing values [16,17]. The second
traditional approach  the model considered is
“KBestSelection”, which has obtained the essential features as
shown in figure 3

C Specs Score
b Symptom 7 676.985874
7 Symptom_ 8 521.31374@
5] Symptom_1 361.928958
8 Symptom_9 254.884685
5 Symptom_6 185.924513
9 Symptom_18 85.422658
18 Symptom_11 85.218838
16 Symptom_17 52.738522
14  Symptom_15 51.656757
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Figure 3: Essential Features using K-Best

In general any Machine Learning algorithm assumes
minimum half of the features are essential for the prediction of
class label. So, this paper, the model wants to identify top 9
Best features using selection approach. In this paper, the
model has chosen chi2 as a metric to rank the features [18]. It
assumes two hypothesis for every features in which one
hypothesis assumes that a particular feature is important for
predicting the disease and another hypothesis assumes that a
particular feature is not important for prediction. The reason
for choosing this metric is both the features and class labels
exists in categorical form. The mathematical notation for the
chi-square is illustrated in equation (2)

; (Actual;j—predicted;;)?
Chi_Square(Feature) = Y., YL, - L.

(2)
Where,

predicted;;j

n denotes number of features
m denotes number of records

Actual;; denotes the original observations in the dataset

Precited;; denotes the expected observations from the
inferences drawn

The accuracy with the best features is only “72.93%”,
which is better than the correlation but still the accuracy has to
be improved. The proposed algorithm combines the wrapper
and filter methods by using a pipeline vector. The pipeline
vectors need some classifiers to eliminate the features[19]. The
proposed model has chosen the below traditional algorithms as
base classifiers:

1.1. Logistic Regression: The dataset contains multiple classes
as labels, in general, any dataset that contains more number of
discrete ordinal data then it is better to apply LR approach
because it internally uses Softmax activation function so it
distributes the features in such a way that sum of the
probability distribution should be equal to 1[28]. It also
minimizes the error rate by computing cross entropy instead of
regular absolute and square errors. During the process of error
minimization it maximizes the probability of likelihood
between the two classes distribution[20]. The probability
distribution for every class can be computed in two ways as
shown in figure 4.
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One Versus All

l

The model chooses a binary
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predicts the class label for test data
and considers the one with majority
score

One Versus One

|

The model chooses n classifiers for
each class label and predicts the
class label for test data using the
majority voting

Figure 4: Categorization of Probability Distribution in LR Model

1.2. perceptron: The proposed system observed that there is
some synaptic connection between the symptoms. The
architecture of the neural networks is represented in figure 5.

Weights

Constant| 1 \
e W

‘I\ W,

inputs —

/

\

In the figure 5, the X- Input vector represents the symptoms of
diseases and random weights are initialized to each feature
[21]. This architecture computes the summation of dot product

Weighted
Sum

{ Out
/ ! N /"‘v

Step Function

Figure 5: Architecture of perceptron

and enhances the property using the “sigmoid” activation
function. The proposed system to predict the disease based on
the symptoms, initially focused on selection minimum number
of symptoms so that diagnosis to the patients can be found
earlier. With the increase in the number of symptoms, doctors
need more tests to confirm their presence because of their
commonness in low and high pandemic diseases. The scenario
can be explained as follows where “Cough” is a common
symptom to common fever, Tuberculosis, Pneumonia, and
COVID-19. Based on cough alone, doctor cannot claim that
patient is suffering from “Covid”, so a combination of

IJRITCC | August 2023, Available @ http://www.ijritcc.org

symptoms has to be analyzed. The doctor suggests Chest X-
ray, which takes time to get the report [23]. The selection of
combinations plays a vital role in developing an intelligent
autonomous diagnosis system. The dataset contains nearly
10,000 symptoms suppose a model using the original dataset
need to predict class label need 17**1000 combinations,
which is highly impossible [22]. So, the proposed system
mainly focused on reducing the combination of symptoms
which are efficient for prediction. The entire process of
selection is illustrated in figure 6.
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Figure 6: Feature Selection Process using Pipelined Vector of Random Forest

3.1. Data Pre-processing: In this proposed system, data pre-
processing is a two folded approach because all the features in
the dataset are categorical in nature. In the first fold, ML
algorithms need numerical data to work and using SMOTE
analysis, it is recognized that most of the symptoms are empty
and the dataset is unbalanced. So, the model has applied

central tendency nature “mode”, to replace the missing fields
of categorical data [25]. In the second fold, the model
performed label encoding to transform the data from
categorical to numerical as shown in figure 7. The figure
shows sample column transformation with few records.

S_\,fmptum_l Symptom_2 Symptom_1 Symptom_2
) itching skin_rash o X &5
1 skin_rash  nodal_skin_eruptions 1 24 27
2 itching nodal_skin_eruptions 2 33 27
3 itching skin_rash 3 33 35
4 itching skin_rash 4 33 35
4915 voniting headache Label Encoding 4915 28 17
4916 skin_rash pus_filled_pimples 4916 4 21
4917 burning_micturition bladder_discomfort as17 B .
4918 skin_rash joint_pain n018 0y .
4919 skin_rash high_fever
4919 24 18
Figure 7: Label Encoding Process on Categorical Features
In thls i process’ the mOdeI i So_rts a“ the Symptoms n [[ 1.46868498 -8.36516744 1.7987384 ... ©.18910916 ©.1426824
alphabetical order and start assigning unique values from 0 to 8. ]
. . . [ 1.46868498 1.07638417 -0.483793 ... ©.18%10916 ©.1426824
n-1 with respect to that specific column [26]. The numerical 8. ]
data varies with different ranges so it needs to be standardized [ TSRS 1 ISIRIEL L ATIRASE L G ARSIONE B aeeE
by reducing the distance between them. Sine different o _ -
) ) ) [-1.07122964 ©.42768595 1.5775@188 ... ©0.18%10016 ©.1426324
symptoms different notations to measure, instead of 0. ]
. . . . [ @.96070206 1.43677287 -§.27855568 ... ©.18310016 0.1426324
normalization then model chooses standardization where the o,
distribution of data takes place in such way that mean of the ['329”22954];'392”598 "0483795 ... -5.69495136 -8.05582766

entire column becomes 0 and standard deviation becomes 1.
The result obtained after standardization is presented in figure
8.
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Figure 8: Standardization of Symptoms
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3.2. Pipeline Vector with Baseline and Metaline Classifiers:
The traditional Recursive Feature Elimination (RFE)
mechanism, which is a wrapper method is utilized for
classification and regression process [27]. But in this process,
the hyper tuning process of RFE helps in determining the
number of essential features required because it computes
different combinations possible. In traditional approaches,
feature elimination is done using the decision tree algorithm
which computes the entropy as purning metric. But due to
stochastic nature of data, other ensemble algorithms may have
good purning nature. So in this proposed system 4 Machine
Learning algorithms and 1 DL algorithm are passed as
baseline classifiers but the second level i.e., meta classifier is
decision tree only. Every intelligent wrapping should be
evaluated by considering the pipeline vector as input. In this
approach, the model has applied cross validation using
RepeatedStratifiedKFold because the model gets trained with
all possible combinations of records [28]. The Hyper-tuned
Wrapped REF pipeline vector algorithm is discussed in below
section:

Algorithm for HWREF pipeline vector:

Input: Load the symptoms and disease dataset, SymData
Output: Accuracy of each wrapped model

Begin:

1. Define a dictionary with a set of Machine Learning
algorithms, dict_alg

2. Initialize num_features<5
3. foriindict alg:
a. rfe[i] €< RFE(estimator=dict_alg[i], num_features)
b. meta_model < DecisionTreeClassifier()
c. rfe_model[i] &pipeline(rfe[i],meta_maodel)
4. for j in rfe_model:
a. rfe_cv<RepeatedStratifiedKFold(n_splits=10)

b.rfe_score[j]€cross_val_score(rfe_modellj],
X train,y_train,scoring="accuracy’)

c. print rfe_score[j]

The model has selected popular traditional
approaches from each sector like logistic regression, CART
trees, Random Forest from bagging, Gradient from boosting,
perceptron from neural network. Out of these, algorithms,
ensemble algorithms have achieved equal and highest
accuracies. Since, the dataset contains nearly 5000 records,
working with boosting algorithm with boosting combinations
has taken lot of time to compute. So, the proposed model has
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chosen Random Forest (RF), ensemble algorithm for further
processing.

3.3. Ranking the Features using RF Algorithm:

The major focus of the proposed system to reduce the number
of symptoms, so it utilized the RF algorithm to compute the
accuracy for “N” number of features. The original dataset
contains first 5 symptoms without any missing values but
remaining features as few missing values it doesn’t mean that
remaining symptoms are not important. The output for each
evaluation is presented in table 4.

Table 4: Accuracies of little iteration

Number of Symptoms | Accuracy
62.4
90.8
97
99.6
99.8
99.9
99.9
8 100

The above observations are clearing stating with the
increase in the number of features, the accuracy level
increased. But with the number of symptoms as “8”, the model
has achieved 100% accuracy. So the minimum number of
symptoms required to design a diagnosis system is obtained
but out of the 17 symptoms, the crucial 8 symptoms are
identified using the ranking mechanism. For every feature
support is computed and if it is more than threshold value then
it is marked as True otherwise is marked as False and other 1
some rank is assigned to the feature.

~N[o|obhWIN|E

IV. EXPERIMENTAL RESULTS

a. Dataset Description: Table 5 represents the description
about diseases in the dataset. The diseases mentioned here
range from low level common diseases to high level diseases
including genetically disorders. In the dataset, set of attributes
are composed in a certain way to class label known as
“diseases”.

Table 5: List of Diseases in Dataset

S.N Disease SN Disease SN Disease
0 0 0
1 Acne 15 Fungal 29 Jaundice
infection
2 AIDS 16 | Gastroenteriti | 30 Malaria
S
3 Alcoholic 17 GERD 31 Migraine
hepatitis
4 Allergy 18 Heart attack 32 | Osteoarthri
stis
5 Arthritis 19 hepatitis A 33 Paralysis
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(brain S
hemorrhage 11 Dengue 25 | Hyperthyroidi | 39 Typhoid
) sm
6 Bronchial 20 Hepatitis B 34 Paroymsal 12 Diabetes 26 | Hypoglycemi | 40 Urinary
Asthma Positional a tract
Vertigo infection
7 Cervical 21 Hepatitis C 35 | Peptic ulcer 13 Dimorphic 27 | Hypothyroidi | 41 Varicose
spondylosis diseae hemorrhoids(pi sm veins
8 Chicken pox 22 Hepatitis D 36 | Pneumonia les)
9 Chronic 23 Hepatitis E 37 Psoriasis 14 Drug Reaction 28 Impetigo
cholestasis
10 | Common Cold 24 | Hypertension | 38 | Tuberculosi
Table 6 represents the list of fewpopular symptoms collected for every disease to annotate the records with
class labels.
Table 6: List of symptoms in the dataset for defining the class label
S. Symptom S.N Symptom S.No Symptom
No 0
1 Abdominal_Pain 21 Dark_Urine 41 Muscle_Weakness
2 Acidity 22 Dehydration 42 Nausea
3 Altered_Sensorium 23 Diarrhea 43 Neck_Pain
4 Anxiety 24 Dischromic Patches 44 Nodal_Skin_Eruptions
5 Back_Pain 25 Dizziness 45 Obesity
6 Blackheads 26 Extra_Marital_Contacts 46 Pain_During_Bowel_Movements
7 Bladder_Discomfort 27 Fatigue 47 Pain_In_Anal_Region
8 Blister 28 Foul_Smell_Of Urine 48 Patches_In_Throat
9 Bloody_Stool 29 Headache 49 Patches_In_Throat
10 Blurred_And_Distorted_Vision 30 High_Fever 50 Pus_Filled_Pimples
11 Breathlessness 31 Hip_Joint_Pain 51 Red_Sore_Around_Nose
12 Bruising 32 Indigestion 52 Restlessness
13 Burning_Micturition 33 Joint_Pain 53 Scurring
14 Chest_Pain 34 Knee_Pain 54 Shivering
15 Chills 35 Lethargy 55 Silver_Like_Dusting
16 Cold_Hands_And_Feets 36 Loss_Of_Appetite 56 Skin_Peeling
17 Constipation 37 Loss_Of Balance 57 Skin_Rash
18 Continuous_Feel Of Urin 38 Mood_Swings 58 Spinning_Movements
19 Continuous_Sneezing 39 Sunken_Eyes 59 Stiff_Neck
20 Cramps 40 Movement_Stiffnes 60 Stomach_Pain

b. Results Obtained:

Figure 9 shows the results obtained by the different traditional
and ensemble ML algorithms by combining the DT as meta
classifier to the elimination. Out of these different algorithms,
bagging and boosting has got equal and highest accuracy.
Among the executed algorithms, the logistic regression
algorithm (Ir) has achieved second accuracy. The perceptron
(per) doesn’t suit for this dataset because the model has got

less accuracy, which means it suffers from underfit problem.
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Figure 9: Selection of Algorithm for Feature Selection
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Figure 10 shows the number of symptoms minimum
needed to get good accuracy out of 17 symptoms using the
bagging algorithm know as “Random Forest”. In every
iteration, the model prints the accuracy for number of
features=1 to number of features= 17, but from 8 number of
features, the accuracy has reached 100%, since it is minimum
number, the model found that it 8 features are enough to
design a good system.

>1
>2

9.624 (9.029)
9.908 (0.030)
>3 ©.970 (0.014)
>4 ©.996 (0.003)
>5 0.998 (0.002)
e )
e )
1 )
1

100 se v f bbb ddddh

095 @

090 H

>6 8.999 (0.002
>7 ©.999 (0.002
>8 1.000 (0.000
>9 1.000 (0.000)
>10 1.000 (@
>11 1.000 (@
>12 1.000 (@
>13 1.000 (@.009) 8
>14 1.000 (@
>15 (e
>16 1 (0

008
eee

el el e el

Figure 10: Numerical & graphical representation for selecting ‘n’
features

Figure 11 represents the 8 selected features which are treated
as important by the model to predict a disease by assigning the
rank to each feature using the Random Forest algorithm. The
columns which are marked as True with rank 1 are considered
as the essential symptoms. When compared with the other
traditional approaches the proposed algorithm has got the
optimal symptoms to decide the nature of disease.

Column: @, Selected True, Rank: 1.28©
Column: 1, Selected True, Rank: 1.28&
Column: 2, Selected True, Rank: 1.28@
Column: 3, Selected True, Rank: 1.28&
Column: 4, Selected True, Rank: 1.28@
Column: 5, Selected True, Rank: 1.8280
Column: 6, Selected False, Rank: 3.808
Column: 7, Selected False, Rank: 2.808
Column: 8, Selected True, Rank: 1.28@
Column: 9, Selected False, Rank: 4.808
Column: 18, Selected True, Rank: 1.898

Column: 11, Selected False, Rank: &

Column: 12, Selected False, Rank: 5.08&
Column: 13, Selected False, Rank: 9.026@
Column: 14, Selected False, Rank: 8.08&
Column: 15, Selected False, Rank: 7.28@
Column: 16, Selected False, Rank: 18.808

-ege

Figure 11: Feature Ranking using RF Algorithm
V. CONCLUSION

Intelligent diagnosis system to predict and that can
recommend precautions is needed to save a life. A multi
diagnosis system helps the persons to get the suggestions at an
early stage using a single application. The model has identified
8 essential symptoms using Random Forest that can predict the
disease that a person is suffering from. Using the traditional
“KBestSelect”, the model has selected 9 symptoms with
72.93% accuracy. The random forest algorithm starts with all
the all symptoms and starts constructing tree based on

IJRITCC | August 2023, Available @ http://www.ijritcc.org

information gain, gini index and computes impurity of each
tree, the tree with less impurity is identified and its root node
is considered, if its average as root node cross over more than
half of the computations then it is further considered in the list.
The support () method computes the average score of every
tree that has same root node if the normalize sum of these trees
is 1 then the model assigns Boolean value “True” for that root
node as a mark of important feature. In the future work, the
selected pipeline vector can be hyper tuned by optimizing the
important estimators with genetic algorithms.
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