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The diseases caused in liver are not detected and predicted at the
earlier stage. So, this research gives the novel predictive analysis
method for earlier liver disease prediction as application of data
mining techniques. In this paper we have given the preprocessing
and feature extraction techniques of liver tissues at the earlier
symptoms of alcoholic liver disease (ALD). The novel method used
for the early detection of hepatitis C in liver tissue. Initially on basis
on the amount of white blood cells (WBC) in blood the liver dataset
has been preprocessed using adaptive histogram discretization.
After the preprocessing, liver tissue has to be extracted using
Kernelized independent component analysis (KICA) that has
maximum amount of WBC.
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1. INTRODUCTION:

Recent developments in health-related research are focusing on disease risk prediction. Different
classification algorithms are applied in the research of risk prediction from patient health records.
Different classification techniques of data mining are used to extract the risk from patient health
records. To repeatedly make decisions in novel situations, classification procedures are used [1].When
a person contracts the hepatitis virus, the infection might attack his liver, causing swelling and
redness. [2] A liver condition called hepatitis that affects the majority of people across all age groups.
The diagnosis of hepatitis is a significant difficulty for many hospitals and public health care
agencies.Many people can be saved with an accurate diagnosis and timely disease prognosis [3].
Hepatitis A, often known as infectious hepatitis, is a disease that frequently affects youngsters. The
hepatitis A virus causes the hepatitis A disease type to manifest (HAV). The stools, faeces, or poop of
infected people contain this hepatitis A.The liver swells as a result of hepatitis D. The HEV virus is
what causes hepatitis E. Hepatitis E can be contracted by consuming contaminated water. The liver
swells as a result, but there is no long-term harm. [4]
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2. LITERATURE REVIEW

This section gives some related study for liver disease prediction using data mining techniques.work
[5]implemented non-incremental ANFIS for learning the classification models. Author in [6] proposed
the analysis of predicting the response for treatment in patient with hepatitis C virus. The Interferon
Alfa (IFN) and ribavirin (RBV) combination is the standard treatment for chronic hepatitis C (CHC),
but it is quite expensive and has many adverse effects, therefore it frequently fails.Work [7] proposes
a new machine learning approach to detect HCC using 165 patients. To forecast liver illness at an
early stage, the author in [8] used various decision tree algorithms, including J48, LMT, Random
Forest, Random Tree, REPTree, Decision Stump, and Hoeffding Tree. The segmentation of liver
tumours using computed tomography (CT) images is the subject of work [9]. Author [10] suggests a
level set model that combines edge energy and likelihood energy.

3. SYSTEM MODEL.:

This paper discuss about thenovel method used for the early detection of hepatitis C in liver tissue.
Initially on basis on the amount of white blood cells (WBC) in blood the liver dataset has been
preprocessed using adaptive histogram discretization. After the preprocessing, liver tissue has to be
extracted using Kernelized independent component analysis (KICA)that has maximum amount of
WBC. The architecture is shown in figure 1:
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Fig-1 proposed system architecture
3.1Preprocessing Phase:
3.1.1 Adaptive histogram discretization
A typical strategy for enhancing the quality of natural and medical photographs is image
enhancement. For human viewers, enhanced photos offer more information, and they also make it
easier to conduct more image analysis. Furthermore, many image processing systems frequently
demand images with contrast augmentation as input images. Spatial domain technigques and transform
domain techniques are two broad categories for image enhancing methods.
3.1.2 Histogram Analysis
The histogram discretization approach is one of the most used improvement methods. Histogram

discretization alters an image's dynamic range and contrast by reshaping the image's intensity
histogram to a desired shape by eq. (1)- (3).
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Kernelized independent component analysis (KICA):

We define the +-correlation as the highest correlation between the random variables fi(x1) and fz,
given an RKHS 3. (z2). where f and f2 fall between by eq. (4) (5)

pr = maxfl’fzefcorr(fl(xl),fz (xz))
cov(fi(x1).fa(x2)) 4)

(Var fi (x1))1/2 (Var f2 (xz))l/z

= maxy, rer
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for all f € F and g € G. squared HS norm of covariance operator Cuv, denoted as HSIC, is then by eq.

(6)
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W(a,b) = (a,b):= p(a - b) = exp (- L2) (6)
contrast function over estimated signals Y € R mxn is defined as eq. (7)
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The difference between the kth and Ith samples of the whitened observations is indicated in equation
(7c), where X:= [x1,...,xm] O(m), wkl = wkwl R m, and the empirical expectation over all k are all
represented (m). We define the set of all m m skew-symmetric matrices as so(m):= R mm| =, and we
regard the orthogonal group O(m) as a m(m 1)/2 dimensional embedded submanifold of R mm. It
should be noted that so(m) = R m(m1)/2 indicates that so(m) is isomorphic to R m(m1)/2. At point X
O(m), the tangent space TXO(m) of O(m) is gi by eg. (8).

TxO(m):={E e R™™ | E = X, € so(m)} (8)

Endowing the manifold O is a common strategy for creating a Newton-type method for optimising a
smooth function H: O(m) R. (m).

4. PERFORMANCE ANALYSIS:
The complete implementation of the suggested method is carried out using the Python tool, and the

following specifications were taken into account for the experiment: a PC running Ubuntu, 4GB of
RAM, and an Intel i3 processor.
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Parameters RBV LMT LTDD FET
Accuracy 91 95 97
Precision 71 77 79

Recall 81 83 85
F1 Score 65 68 72
RMSE 55 58 59
MAP 41 43 45
AUC 32 33 36
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Figure 2: Comparison of various parameters
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Figure 3: Comparison

The models are evaluated with accuracy, precision, recall, F-1 score, RMSE, MAP and AUC metrics
as shown in table-2. This enables us to evaluate the performance of the models inside a dataset and the
potency of the suggested methods for detecting liver illness. Figures 4 and 5 depict the confusion
matrix produced by the four models utilising CT scans for the various numbers of epochs.Figs. 4 and
5 depict the accuracy and loss during the training and validation phases for various epoch counts. We
can sum up the results of the many models that have already been researched in relation to the CT
images based on the confusion matrices. Proposed technique attained accuracy of 97%, precision of

79%, recall of 85%, F-1 score of 72%, RMSE of 59%, MAP of 45% and AUC of 36% for Kaggle
repository.
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5. CONCLUSION:

Given that liver disease's symptoms are modest, diagnosing it can be particularly challenging. Nearly
38,170 of the 2,62,6,418 fatalities reported in the United States in 2014 were due to chronic liver
disease. The value of computer-based prediction will only increase. Further, a lot of work is being
done using the liver dataset has been preprocessed using adaptive histogram discretization. After the
preprocessing, liver tissue has to be extracted using Kernelized independent component analysis
(KICA) that has maximum amount of WBC. The majority of the PSO-based multi-objective feature
selection algorithms now in use use binary tournament selection to choose the best mutation and
gbest. If improved selection and mutation processes are utilised, there is potential to further limit the
search space for better liver categorization accuracy. The proposed method in this paper can be used in
the future with the heart dataset and disease classification to identify heart illnesses.
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