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X- Data matrix, ML- Machine Learning, ANN- Artificial Neural Network, SVM- support vector machine, RF-Random Forests,
AUC- Area Under Curve, Albumin (ALB), Alkaline Phosphatase (ALP), Bilirubin (BIL), Choline Esterase (CHE), Gamma
Glutamyl-Transferase (GGT), Aspartate Amino-Transferase (AST), Alanine Amino-Transferase (ALT), Creatinine (CREA),
Protein (PROT), and Cholesterol (CHOL), Principal Component Analysis –PCA, Multiple Imputation by Chained Equations –
MICE. VIR- Variable Importance Ranking.
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v Machine learning data driven algorithms can be used
to validate existing methods and help researchers to
suggest potential new decisions.

v In this poster, Multiple Imputation by Chained
Equations is applied to deal with missing data, and
GINI index/PCA to reduce the dimensionality. To
reveal significant findings, data visualization
techniques are implemented.

v We present and compare many binary classifier
machine learning algorithms (Artificial Neural
Network, Random Forest, Support Vector Machine)
which are used to classify blood donors and non-blood
donors with hepatitis, fibrosis and cirrhosis diseases.

v From the data published in UCI-MLR, all mentioned
techniques are applied to find one better method to
classify blood donors and non-blood donors (hepatitis,
fibrosis, and cirrhosis) that can help health
professionals in a laboratory to make better decisions.

Abstract

Background

v Data Visualization and Target Labeling: Use Box plots and Pearson correlations. The target variables have been modified into a
binary category so that blood donors label as category “0” and it falls into either “+1=Blood Donor” or “+1s=suspect Blood Donor
with no liver disease” and -1 if it falls into any other category with liver disease.

vMICE Algorithm: Handling missing data using mice-backward least square regression model.
v Testing and Training Data: 70-30 by stratified sampling.
v split based on 10-fold cross-validation on the misclassification error
v Principal Component Analysis: Use for dimension reduction. Also apply VIR.
v GINI Index: related to ROC such that, gini index is the area between ROC curve and
no-discrimination line (linear) times two. Where 𝑮𝒊 = 	𝟐𝑨𝑼𝑪	– 	𝟏. 𝟎	
v ANN: f(x) = ∑ 𝒘𝒊 ∗ 𝒙𝒊 + 𝜷�

𝒊 ; where 𝑥5		are input variables. 𝑤5	are weights. 𝛽 is the bias
Here, 𝑓 = 5 𝑥 = 𝑤[=]𝑥(5) + 𝛽[=](5) to obtain predictive class from output probabilities as

																																																																𝒚𝒑𝒓𝒆𝒅.
𝒊 = G 1, 𝑖𝑓	𝛼 K 5 𝑥 > 0

0, 																													𝑜. 𝑤.
v Support	Vector	Machine:	 𝑎 𝑌5 = 	+1; 	𝑤	𝑥5		 + 	𝑏		 ≥ 		1	 𝑏 	𝑌5 = 	−1; 		𝑤	𝑥5				 + 	𝑏	 ≤ 	1			 𝑐 	𝑌5 = 0; 		𝑤	𝑥5				 + 	𝑏	 ≤ 	1	;		
v 	classifying	function	of	SVM	𝑓 𝑥 = 	𝛴𝛼𝑖	𝑦5	𝑥5		 ∗ 	𝑥	 + 	𝑏
v Random	Forest:	Find the ensemble of the trees by presenting the sequence {𝑇[	}=]. Them we observe our prediction at a new point 

𝑥. So, for classification, consider 𝐶[_(𝑥) be the class prediction of the 𝑝𝑡ℎ random-forest tree.		𝐶c ] 𝑥 = 𝒎𝒂𝒋𝒐𝒓𝒊𝒕𝒚	𝒗𝒐𝒕𝒆 𝑪𝒑_ 𝒙
𝟏
𝑷

v Estimated Model Loss: If 𝑦[klm	is the class level predicted by our applied models
where y is the correct class level, then the loss function, L. The predicted error from
test data set has found from the following equations, 

𝐸𝑟𝑟𝑜𝑟 = 𝐸[𝐿(𝑦, 𝑦[klm)]	

Methodology

vMICE produces missing data in variables such as
PROT, ALB and CHOL, ALP

vPCA Shows same results as Variable Importance
Ranking. AST, ALT, ALP, BIL, CHE and GGT can be used
to predict Liver disease.

vThe variable importance ranking is obtained for RF
and it is measured using mean decrease accuracy and
mean decrease gini as parameters. Finally, AST, ALT,
ALP, and GGT are used to train classification models.

vSVM shows the highest sensitivity value 1, where
highest accuracy value was reported for ANN

v7	 samples	 lied	 in	 FP	 and	 12	 samples	 lied	 in	 FN.	 An	
interesting	result	is	observed	for	SVM;	there	are	no	FP	
samples	 in	 our	 data	 set.	 The	 maximum	 specificity	
value	was	found	for	SVM	between	all	models.

vOur proposed ML-method showed a better accuracy
score (e.g. 98.23% for SVM). Thus, it improved the
quality of classification.

vANN	takes	more	time	than	SVM	and	RF;	between	all	
these	three	studied	models,	SVM	is	faster.

v Healthcare Benefits: (a) Can promise better diagnosis
from less medical tests. Reduce monetary costs. (b)
Early diagnosis is possible so that doctors can suggest
better treatments.

Discussion	&	Conclusions

vThe liver is essential for digesting food and ridding
ones body of toxic substances.

vLiver disease can be inherited (genetic). Liver
problems can also be caused by a variety of factors
that damage the liver, such as viruses, alcohol use and
obesity.

vData set is included with laboratory reports of blood
donors, and non-blood donors with Hepatitis C
patients and demographic values like age. The
response variable for classification was Category type
(blood donors vs. Hepatitis C (including its progress
('just' Hepatitis C, Fibrosis, Cirrhosis).

vMedical diagnosis are expensive. Patients want to go
for less tests and better optimization of diseases.

vMachine Learning methods can be faster and better
prognosis than traditional methods.

Results

Figure	1: Stages of Liver Conditions [2] 
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vHow to improve ML based drug design on single
person treatment from historical data?

v Find Early signal from medical reports using ANN.
v Evaluate detection of Damage parts using CT or
MRI data by Convolution Neural Network.
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Figure		10:	Healthy	human	liver	[2]	

Figure	2(a): Flow 
Chart of 
Research 
Methods

Figure	3: SVM (left) and ANN (right)

Figure	4:Margin-plot	for	pattern	and	distribution	of	
complete	and	incomplete	observations	in	missing	features

Figure	5:	Summary	Statistics	of	Data

Figure	6:	Correlation matrix of all 
covariates and response variables

Figure	7:	Dimension	reduction	using	PCA,	Biplot	and	Scree	plot

Figure	8:	variable	importance	ranking

Figure	9:	ROC	Curves	for	ANN,	SVM	and	
Random	Forest	classifiers

vAST, ALT, ALP, BIL, CHE and GGT show
almost 90% variability. Importance
variable ranking from Figure 8
supports Figure 7 of Principal
Component Analysis.

vThe AUC-ROC curve [4] of the
classification validates our applied
techniques and a good accuracy level
is found. Moreover, 0-1 loss function
supports our results where SVM
shows lowest 1.77% expected loss,
which is very low.

Figure	2(b): Flow 
Chart of Cross 

Validation


