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Abstract. Gallstones are a disease caused by large amounts of cholesterol. This disease
is capable of causing continuous ill effects with a fairly high level of severity. Initial
treatment has been carried out, such as early detection using medical images. However,
this is not optimal so the diagnosis presented is not precise and accurate. Based on this,
this research aims to improve feature selection using Feature Selection Statistical Analysis
(FSSA) in the detection of gallstones. Improved feature selection is needed to ensure that
the feature patterns are presented in image extraction. The detection is presented in the
segmentation stage adopting the performance of the Multistage Segmentation Algorithm
(MSA) and the extraction stage using the FSSA. The research dataset used 2371 MRCP
from 32 patients with gallstone disease at Santa Maria Hospital Pekanbaru and Siti
Rahmah Hospital Padang. Based on the testing that has been carried out, the results of
detecting gallstone disease have provided an accuracy rate of 99%. The performance of
the FSSA algorithm in improving feature selection has also been proven to be able to
measure the correlation of image feature patterns with an average correlation level of
95.90%.
Keywords: Detection, Gallstone, MSA, FSSA, MRCP

1. Introduction. Gallstones are a disease of the bile organ that can occur due to ex-
cessive cholesterol content [1]. The cholesterol content causes stone particles to form in
the gallbladder and bile ducts, which results in a long illness, requiring quite intensive
treatment for the sufferer [2]. Gallstone disease has main risk factors including obesity,
increasing age, female gender, and lack of physical activity [3]. Gallstone disease can be
said to be a disease that can affect the majority of the global population, with an esti-
mated prevalence of 10-20% worldwide [4]. The same research also explains that gallstone
disease is one of the diseases that are the main cause of surgical intervention in the bile
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ducts. Based on reports more than 700,000 cholecystectomies are performed each year to
treat more than 20 million people who have gallstones [5]. Gallstone disease also has a
risk in developing countries by triggering other diseases such as obesity at 55.0%, dyslipi-
demia at 76.0%, and diabetes mellitus at 17.7% [6]. Previous research reported that 6%
of men and 9% of women were diagnosed with gallstone disease in the United States [7].
Another explanation emphasizes that gallstone disease is also a factor that can threaten
human health [8]. With this, an early diagnosis process is needed by utilizing technological
developments in medical images [9].
Medical image is a technology that is developing in the world of health and plays an

important role in supporting the performance of the disease diagnosis process [10]. Medical
imaging can also be referred to as a biomedical processing technology that contributes
greatly to early treatment measures [11]. The implementation of medical images is also
capable of being active in several scientific studies such as the process of identifying
and detecting a disease [12]. One form of medical imaging can be seen from Magnetic
Resonance Cholangio Pancreatography (MRCP) images. MRCP images can be used to
assist medical personnel in the process of diagnosing a disease [13].
The use of MRCP images in disease diagnosis has provided results that can describe

the presence of gallstone objects [14]. Based on several facts and conditions in the field
there are still deficiencies in MRCP images such as speckle noise [15]. With this in mind,
image processing is needed to maximize the diagnostic process using MRCP images. Image
processing is a concept that can be adopted in handling various diagnostic problems [16].
Image processing is also a technique used in the process of analyzing an object in an image
[17]. Previous studies have explained that image processing provides fairly good output
results in the process of detecting image objects [18]. The results of this process can be
seen based on the accuracy of the identification results of 93.95% [19].
Based on the results of previous studies, the concept of image processing has a fairly

good performance in the identification process. One technique that has been used in this
process is segmentation [20]. Segmentation techniques can handle problems in the process
of diagnosing diseases [21]. Previous research explained that the identification results
based on the performance of the gallstone image object segmentation process present an
accuracy rate of 91% [22]. The same study also reported the results of the diagnosis of
gallstone objects based on the performance of the segmentation process presenting the
average precision, recall, and deviation ratio values were 94.56%, 96.56%, and 98.92%,
respectively [23]. Furthermore, the segmentation process has developed according to the
need for solving object identification problems [24]. The development of the segmentation
process can present optimal results [25]. Based on previous research, the development of
the segmentation process can present a fairly good output with an accuracy rate of 93%
[26].
Image processing techniques that have been used in the identification process can be

seen based on the image extraction process. The extraction process is also evolving along
with improvements in the performance of the identification process [27]. One extraction
process that provides optimal image characteristic patterns can be seen based on feature
selection performance [28]. Feature selection is an algorithm developed to produce features
in an image [29]. The feature selection algorithm adopts the performance of classification
methods in selecting the best features [30]. The K-Nearest Neighbor (K-NN), Support
Vector Machine (SVM) and Artificial Neural Network (ANN) methods can be used in the
feature selection process by presenting quite good results [31-33].
Based on this explanation, research was carried out on the process of detecting gallstone

objects in MRCP images. The detection process adopts feature selection which was devel-
oped using a statistical approach to the performance of the Feature Selection Statistical
Analysis (FSSA) algorithm. The development of feature selection in the image extraction
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process provides novelty for producing optimal feature patterns based on statistical analy-
sis. The statistical analysis process on the performance of the FSSA algorithm is also able
to maximize the role of feature selection so that the extraction output provides accuracy
in detecting image objects. Overall, this research will contribute to the development of
image extraction techniques and also have a significant impact in optimizing the gallstone
disease detection process.

2. Methodology. Improved feature selection in the image extraction process with the
Feature Selection Statistical Analysis (FSSA) algorithm is carried out using the Pearson
Correlation (PC) method. The static analysis process aims to measure the level of corre-
lation in the image characteristic patterns that have been produced based on the feature
selection process. The performance of the PC method on the Feature Selection Statistical
Analysis (FSSA) algorithm can validate pattern relationships. The performance of statis-
tical analysis using the PC method in the FSSA algorithm is new and contributes to the
image extraction process. The novelty produced by the FSSA algorithm also provides a
level of accuracy in the image characteristic patterns that will be used in the detection
process. The improvement in feature selection in the image extraction process with the
FSSA algorithm is presented in Figure 1.

Figure 1. Research framework

Figure 1 is an overview of the research framework for improving feature selection in the
image extraction process based on algorithm performance (FSSA). The detection process
begins with preprocessing which is aimed at making improvements to image quality. The
detection stage begins with a segmentation process using the Multistage Segmentation
Algorithm (MSA) approach on the previous preprocessed image output. MSA segmen-
tation is presented in Cluster Based Segmentation (CBS) which is optimized using the
Elbow method for detecting gallstone objects. The performance of the Elbow method
can provide optimal cluster values (K) so that CBS performance will work optimally in
clustering objects in the image. The final stage of the detection process is presented in the
extraction performance with the FSSA algorithm as a form of improving feature selection.
The FSSA algorithm can carry out correlation measurements based on the Pearson Cor-
relation (PC) method to produce optimal characteristic patterns. The FSSA performance
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output will present the accuracy of the identification process in diagnosing gallstone dis-
ease. Overall, the improvement in feature selection in the image extraction process using
the FSSA algorithm provides novelty in the process of identifying image objects.

2.1. Dataset. This research dataset will examine MRCP images in patients at Santa
Maria Hospital Pekanbaru and Siti Rahmah Hospital Padang. The dataset consists of
2371 images of 32 patients with gallstone disease. The sample MRCP image test dataset
used can be presented in Figure 2.

(a) Slice 64 (b) Slice 65 (c) Slice 66

Figure 2. MRCP image dataset

Gallstone identification begins with an input process using MRCP images as a research
dataset. The MRCP image is used to detect gallstone objects. This dataset will later
become data to test the performance of the MSA and FSSA algorithms in the detection
process.

2.2. Multistage segmentation. The segmentation process with the MSA algorithm
adopts the performance of Cluster-Based Segmentation (CBS) combined with morpho-
logical segmentation. CBS segmentation involves the K-Means Cluster which is optimized
using the Elbow method. The performance of the Elbow method is able to present op-
timal cluster (K) values based on calculating the Sum Square Error (SSE) value [34].
The equations used in the performance of the MSA algorithm are presented in Formulas
(1)-(3) [35].

d(x, y) =

√√√√ k∑
1

(xi − yi)2; k = 1, 2, 3, . . . , n (1)

SSE =
n∑

k=1

∥xi − ck∥2 (2)

K Elbow =
n∑

k=1

∥∥∥∥∥∥
√√√√ k∑

1

(xi − yi)2 −
d(x, y)∑k
1 d(x, y)

∥∥∥∥∥∥ (3)

Formula (1) is used to measure distance using Euclidian distance in the K-Means cluster
process. Distance measurements are calculated on image intensity to group image objects.
Formula (2) is used to calculate the Sum Square Error (SSE) in the Elbow method. For-
mula (2) is used as a form of optimizing the clustering process in CBS in separating image
objects. The combination of Formulas (1) and (2) produces Formula (3) in determining
the optimal K value used in the CBS. After the CBS segmentation process using the
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MSA algorithm, the segmentation process continues with morphological operations. Mor-
phological segmentation is an advanced stage in the Multistage Segmentation Algorithm
(MSA) involving opening and closing morphology.

2.3. Feature selection. Feature selection in the image extraction process in detecting
gallstone disease uses a classification approach using the K-Nearest Neighbors (K-NN)
method. K-NN is an algorithm concept in supervised learning, considering the use of
many k comparative (closest) patterns in the training set [36]. K-NN performance can
perform classification correctly based on the target class for instances that cannot be
identified by calculating the class label with the highest frequency among the k closest
instances [37].

2.4. Pearson Correlation (PC). Pearson Correlation (PC) is a statistical concept that
is capable of performing calculations in carrying out a measurement process [38]. PC can
be combined with several methods to provide better performance results [39]. PC-based
techniques can also be used to select optimized features in reviewing an output from a
model [40]. The PC calculation can be presented in Formulas (4) and (5) [41].

PX,Y =

(
cov(X, Y )

σX · σY

)
=

(
E (cov(X − µX)(Y − µY ))

σX · σY

)
(4)

PX,Y =
E(X · Y )− E(X)E(Y )√

E(X2)− (EX)2
√

E(Y 2)− (EY )2
(5)

Formulas (4) and (5) show the PC method used to measure the level of correlation in
image characteristics. PX,Y is the result of Pearson correlation measurements tested on
the X and Y values. The value of X, Y is the standard deviation value of variables X
and Y . The value of E(X) is the expected value of X. The application of the PC method
will be developed in an image extraction algorithm to provide optimal feature patterns.
The development of the algorithm is presented in the FSSA algorithm.

3. Result and Discussion. The process of detecting gallstone disease objects is carried
out by improving the feature selection process with the FSSA algorithm. This process is
presented by carrying out several stages including preprocessing, segmentation with the
MSA algorithm, and image extraction in the feature selection process.

3.1. MSA algorithm segmentation. The segmentation work process with the MSA
algorithm presents segmentation stages starting with CBS segmentation by adopting the
Cluster-Based Segmentation (CBS) approach and morphological operations. The MSA
segmentation algorithm presents a novelty in optimizing CBS performance using the El-
bow method to maximize the K value used in image clusterization. The CBS segmentation
output results will also be used in the segmentation process with morphological opera-
tions to obtain an image of the gallstone object. The output results of the segmentation
process with the development of the MSA algorithm can be presented in Figure 3.

Figure 3 shows that the CBS segmentation output provides quite optimal results in
depicting the gallbladder and cholelithiasis. The performance of the MSA algorithm has
been able to describe the disease object containing gallstones quite well. The segmentation
results of the MSA algorithm will be used as input for the image extraction process.

3.2. Feature Selection Statistical Analysis (FSSA). The feature selection process
in feature extraction will be improved by using the FSSA algorithm in detecting gallstone
content objects. The performance stages of the FSSA algorithm adopt the classification
and correlation measurement stages with the PC method. The classification stage involves
several performance methods such as K-Nearest Neighbor (K-NN), Support Vector Ma-
chine (SVM), and Artificial Neural Network (ANN). Testing the FSSA algorithm will also
involve shape, texture, and a combination of shape and texture features. The output of
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(a) Image input (b) Segmentation CBS (c) Operation morphology

Figure 3. Segmentation CBS

Table 1. Performance results of the FSSA algorithm

Extraction
features

K-NN accuracy SVM accuracy ANN accuracy
Correlation
analysisTraining Testing

Total
accuracy

Training Testing
Total

accuracy
Training Testing

Total
accuracy

Shape 61.53% 100% 80.76% 69.23% 100% 84.61% 99.46% 99.99% 99.73% 80.04%

Texture 69.23% 100% 84.61% 80.76% 100% 90.38% 99.93% 99.97% 99.95% 95.90%

Combination 65.38% 100% 82.69% 69.23% 100% 84.62% 99.90% 99.94% 99.92% 87.96%

the FSSA algorithm will provide accurate image characteristic patterns. The results of
the FSSA algorithm testing can be presented in Table 1.
Table 1 is a form of testing the stages of the extraction process with the performance

of the FSSA algorithm. The feature selection stage using the K-NN classification method
produces texture features as optimal features in describing the characteristic patterns of
gallstone disease. The correlation test stage using PC statistical analysis was also able to
show a very strong level of correlation in each variable with an average correlation value of
95.90%. These values include the variables contrast (X1), correlation (X2), energy (X3),
and homogeneity (X4), each of which shows a very strong correlation with (Y ). Based on
the overall results of correlation testing on each variable, it has shown significant results
so that the characteristic pattern can be used as a knowledge-based system in the process
of identifying gallstone disease.

4. Conclusions. Improved feature selection using the FSSA algorithm has been proven
to provide optimal performance in the process of detecting gallstone disease. This per-
formance can be seen in the statistical analysis performance of the PC method which
produces characteristic patterns with an average correlation level of 95.90% for texture
features. Based on this, the detection process provides the correct output with an accura-
cy level of 99%. The output of the extraction process based on improved feature selection
can produce characteristic patterns of objects containing gallstones and can be used as
a knowledge-based detection system. Overall, this research has been quite successful in
providing novelty in feature selection algorithms in image extraction.
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