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Introduction

Kidney transplantation is an elective treatment for patients with 
chronic kidney disease (CKD) and its progression, end-stage 
renal disease (ESRD) [1]. Despite recent improvements in treat-

ment, acute rejection leads to graft failure in 12% of cases [2]. The serum 
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ABSTRACT
Background: The ability to monitor kidney function after transplantation is one 
of the major factors to improve care of patients. 
Objective: Authors recommend a computerized texture analysis using run-length 
matrix features for detection of changes in kidney tissue after allograft in ultrasound 
imaging. 
Material and Methods: A total of 40 kidney allograft recipients (28 male, 
12 female) were used in this longitudinal study. Of the 40 patients, 23 and 17 pa-
tients showed increased serum creatinine (sCr) (increased group) and decreased sCr 
(decreased group), respectively. Twenty run-length matrix features were used for 
texture analysis in three normalizations. Correlations of texture features with serum 
creatinine (sCr) level and differences between before and after follow-up for each 
group were analyzed. An area under the receiver operating characteristic curve (Az) 
was measured to evaluate potential of proposed method. 
Results: The features under default and 3sigma normalization schemes via linear 
discriminant analysis (LDA) showed high performance in classifying decreased 
group with an Az of 1. In classification of the increased group, the best performance 
gains were determined in the 3sigma normalization schemes via LDA with an Az of 
0.974 corresponding to 95.65% sensitivity, 91.30% specificity, 93.47% accuracy, 
91.67% PPV, and 95.45% NPV. 
Conclusion: Run-length matrix features not only have high potential for charac-
terization but also can help physicians to diagnose kidney failure after transplanta-
tion. 
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creatinine (sCr) concentration is commonly 
used as a marker for evaluating kidney graft 
functioning. Chronic allograft nephropathy 
appears with increasing interstitial fibrosis and 
tubular atrophy increasing creatinine [3-5]. It 
seems that interstitial fibrosis and tubular atro-
phy can change properties of medical images.

Ultrasonography is the first chosen tech-
nique to evaluate kidney function after al-
lograft transplants owing to being in real time, 
non-invasive, radiation-free, widely available 
and convenient [6]. Different tissues have dif-
ferent textures in an ultrasound image, which 
is made of diverse gray-level intensities. Tex-
ture can be simply conceived by human eyes 
though there is no accurate mathematical defi-
nition for it. Various coarse, fine, and smooth 
patterns as well as spatial variations in the pix-
el intensities of objects describe an image tex-
ture. Although it is difficult to interpret com-
plex patterns, visual inspection can provide a 
detection of structural abnormalities within an 
ultrasound image. Yet, a computerized texture 
analysis has been proposed to improve deci-
sion of physicians and reduce patient pain be-
sides avoiding repeat biopsy and laboratory 
tests. In conventional ultrasound imaging, 
computerized texture analysis can mathemati-
cally detect pathological changes which are 
not perceivable by human eyes [7, 8]. 

Differentiation of kidney diseases [9-12] and 
monitoring the progression of CKD stages [13, 
14] have been possible through texture analy-
sis (TA) in recent studies. It is shown that TA 
of ultrasound image can differentiate normal 
cases from medical renal disease (MRD) and 
cortical cyst [9, 15, 16] as well as to diagnose 
bacterial infections [10]. Additionally, more 
information on this method was provided in 
this research. As mentioned before, interstitial 
fibrosis and tubular atrophy are caused via al-
lograft rejection. Thus, these changes can have 
an influence on kidney texture features. 

This study aims to investigate performance 
of texture features to monitor kidney function 
after transplanting among recipients. This is 

the first study using texture analysis to evalu-
ate kidney allograft recipients after long-term 
follow-up.

Material and Methods

Study Design and image acquisition
Kidney allograft recipients with 3 years 

follow-up information were considered for 
enrollment in this longitudinal study. The in-
clusion criteria are as following: 1) each of 
the patients received an allograft from a living 
donor at the Namazi Hospital. 2) All patients 
were treated with similar immunosuppres-
sive drugs based on steroids, mycophenolate, 
mofetil, and tacrolimus. 3) The sCr levels 
were measured by the Jaffe method. 4) Pa-
tients were biopsy proven chronic allograft 
nephropathy. Furthermore, the exclusion cri-
teria are obtained to avoid potential confusion. 
The exclusion criteria are significant arrhyth-
mia, large perinephric collections, HIV-posi-
tive, chronic inflammatory, diabetes, an inter 
current infection, re-transplant, hydronephro-
sis, all causes of increased sCr such as pre- or 
post-renal azotemia and individuals who were 
alcoholics and/or smokers.

In this study, longitudinal view of ultrasound 
images were acquired by Accuvix WS80 
sonography device (Medison, Seoul, Korea) 
equipped with 7-11 MHz linear transducer. 
Ultrasound images were taken before and at 
follow-up for each recipient. sCr concentra-
tions were determined a few moments before 
sonography examination. All ultrasound im-
ages were taken in same condition and the 
mid-pole of kidneys was selected for TA.

Body mass index (BMI) was calculated (kg/
m2) during a physical examination. BMI was 
categorized as underweight, normal weight, 
overweight, obese class I, obese class II and 
extremely obese class III [17]. Ultrasound im-
ages, BMI and sCr were acquired prior to the 
allograft procedure and at 3 years follow-up 
of it.
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ROI Selection and Run-length Ma-
trix Features Extraction

One 2-D region of interest (ROI) was se-
lected for each image of the kidney allograft; 
hence 80 non-overlap ROIs (total before and 
at follow-up) were selected for TA. To prevent 
any bias in ROIs selection, they were defined 
on images by software and checked by a sin-
gle experienced radiologist. 

This study proposed TA using Run-length 
Matrix (RLM) to find differences of patients 
image which were divided into 2 groups: be-
fore and after 3 years follow-up. RLM evalu-
ates the image in a specific direction to find 
pixels with the same intensity. Matrix element 
(i,j) indicates continuous pixel (j) in the kidney 
region with the same intensityi (i) in the spe-
cific direction. In this study, five RLM param-
eters were used to describe kidney finction: 
short-run emphasis (SRE), long-run emphasis 
(LRE), gray-level nonuniformity (GLNU), 
run-length nonuniformity (RLNU), and frac-
tion of the image in runs (Fraction). They are 
defined as:
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Where Na and Nr are the number of gray 
levels in the image and different run lengths 
occurring, respectively. These five parameters 
are calculated in four directions, including 

horizontal, vertical, 45-degree (45 Dgr), and 
135-degree (135 Dgr).

Pixel Normalization and Standard-
ization

The 20 RLM features were measured for 
each region in three normalizations, including 
default, 3-sigma and 1%-99% normalizations. 
In the default scheme, the intensity of pixels in 
the kidney region was not changed. However, 
in 3-sigma and 1%-99% normalization, the 
pixels intensity of kidney region were normal-
ized in the range of µ±3σ and between 1% and 
99% gray-level of total intensity. Where µ and 
σ are mean and standard deviation of intensi-
ties within the kidney images, respectively.

Before analysis, the RLM features were 
standardized as follows:

' i i
i

i

x µx
ó
−

=                                                (6)

where xi and '
ix  are RLM feature before and 

after standardization process, respectively, μi 
is mean and σi is standard deviation of the i-th 
feature. The standard and nonstandard features 
were analyzed to find good outcome.

Statistical Analysis and Classifi-
cation

Data were tested for normality by the Kol-
mogorov–Smirnov test. Paired samples t-test 
was obtained to find differences between be-
fore and after follow-up for each group. An 
area under the receiver operating characteris-
tic (ROC) curve (Az) was obtained to evaluate 
performance of classification for before and 
after follow-up for each group. The two-tailed 
Pearson correlation test was implemented to 
find correlation between sCr level and RLM 
parameters. A P-value of <0.05 was consid-
ered statistically significant. 

Texture features that showed a significant 
difference were utilized for computerized 
multi parameter texture analysis (MPTA). In 
this regard, linear discriminant analysis (LDA) 
and principle component analysis (PCA) were 
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used to analyze the data and map them in to 
a lower dimension. In the final step, the data 
were classified by K-NN (K=1) classifier. The 
ROC analysis was employed to compare the 
performances of classification in different data 
analysis strategies. Figure 1 shows the com-
puter-aided diagnosis (CAD) processing steps. 

SPSS version 19 was used for statistical 
analyses. 95% confidence intervals for sen-
sitivity, specificity, positive predictive value 
(PPV) and negative predictive value (NPV) 
were computed by R software, version 3.3.1 
(R Project for Statistical Computing).

Results

Demographic Data of Patients
40 kidney allograft recipients (28 male, 12 

female) aged 38.9±15.02 years (mean age ± 
standard deviation) were included in this study. 
Characteristics of the patients are summarized 
in Table 1 and Figure 2. Among the 40 patients 
evaluated in the study, sCr level increased and 
decreased in 23 patients (increased group) and 
17 patients (decreased group), respectively (11 
male, 6 female). The means of sCr levels for 
the decreased group before and after follow-
up were 3.84±1.52 and 2.78±1.2, respectively 
(P=0.007) and for increased group were 2.17± 
0.94 and 4.39±2.12, respectively (P=0.001).

Correlation between Kidney Func-
tion and Sonographic Texture Fea-
tures

Among the RLM parameters, most indicated 
a negative correlation with kidney function 
in all three normalization schemes for the de-
creased group. The highest correlation coef-
ficients for default, 3sigma and 1%-99% are 
135 Dgr_GLNU (r = -0.889, P = 0.005), 135 
Dgr_SRE (r = 0.898, P < 0.001) and Horz LRE 
(r = -0.879, P = 0.001), respectively (Table 
2). For the increased group, most significant 
texture features have significant correlation 
with sCr (both positive as well as negative) 
in all three normalization schemes. The high-
est correlation coefficients for default, 3sigma 
and 1%-99% are Vert_RLNU (r = 0.832, P = 
0.038), Vert_RLNU (r = -0.711, P = 0.004) 
and 135 Dgr_GLNU (r = 0.765, P = 0.016), 
respectively (Table 3).

Texture Classification
The significant texture features (driven from 

paired-samples t-test) were implemented for 
MPTA. The diagnostic performance of the 
MPTA method for classifying and making a 
comparison between before and at follow-up 
in the decreased group is shown in Table 4. 
According to the normalization role, in 3sig-

Figure 1: Overview of computer-aided diag-
nosis (CAD) process in the ultrasound kidney 
images
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ma, RLM features represented the highest 
performance in terms of sensitivity, specific-
ity, accuracy, PPV and NPV of 100% by LDA. 
Moreover, classification tasks performed by 
S.PCA yielded a high discrimination perfor-
mance in which sensitivity, specificity, accu-
racy, PPV, and NPV were 94.12%, 88.23%, 
91.18%, 88.89%, and 93.75% respectively.

The diagnostic performance of the MPTA 
method is shown in Table 5. The best result 

was achieved in 3sigma, features analyzed by 
LDA with a 95.65% sensitivity, 91.30% speci-
ficity, 93.47% accuracy, 91.67% PPV and 
95.45% NPV. While S.PCA indicated high 
potential with 78.26% sensitivity, specificity, 
accuracy, PPV and NPV.

ROC Analysis
Distribution data under LDA shows that 

LDA was more powerful in distinguishing 

Increased Group

BMI  
(Kg/m2) 

Obesity 
Class

Gender Before 
Follow-Up Total Age 

(Mean±SD)
Creatinine 

(Mean±SD)

Gender after 3 
years Follow-

Up Total
Age 

(Mean±SD)
Creatinine 

(Mean±SD)
Male Female Male Female

Under-
weight < 18.5 1 - 1 26 1.25 1 - 1 26 3.8

Normal
18.5–
24.9

14 4 18 40.84±14.63 2.29±1.01 15 3 18 33.09±11.82 3.88±1.86

Over-
weight

25.0–
29.9

2 1 3 42.67±22.48 1.68±0.11 1 2 3 49.2±11.77 7.32±1.74

Obesity

30.0–
34.9

I - 1 1 51 2.38 - 1 1 51 5.5

35.0–
39.9

II - - - - - - - - - -

Extreme 
Obesity

40.0 + III - - - - - - - - - -

Decreased Group

Under-
weight

< 18.5 - - - - - 2 - 2 23±6 2.6±0.5

Normal
18.5–
24.9

11 3 14 34.85±14.86 3.85±1.57 8 3 11 34.64±13.67 2.98±1.37

Over-
weight

25.0–
29.9

- 1 1 27 5.2 1 2 3 46.67±14.38 2.5±0.37

Obesity

30.0–
34.9

I - 2 2 50.5±1.5 2.38 - 1 1 49 1.63

35.0–
39.9

II - - - - - - - - - -

Extreme 
Obesity

40.0 + III - - - - - - - - - -

BMI = Body mass index

Table 1: Demographic characteristics and laboratory data of patients before and at follow-up. 
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between before and at follow-up for both the 
increased and decreased groups (Figure 3). 
Discriminatory power for the RLM features 
was examined by constructing ROC curves. 
Figures 4, 5 and 6 show ROC curves of LDA 
and PCA for the proposed TA. They were plot-
ted on the same graph for each normalization 
and patient group (decreased and increased) 
to make a comparison of discriminating pow-
er for classification of patients before and at 
follow-up. In general, LDA had an advantage 
over PCA in each normalization and group ac-
cording to a greater Az value. In classification 
of the decreased group, the best performance 
is produced in 3sigma normalization with an 
Az value of 1. Moreover, it was illustrated, 
in classification of the increased group, LDA 
showed the best performance in 3sigma nor-
malization, with an Az of 0.974 which corre-
sponding to 95.65% sensitivity, 91.30% speci-
ficity, 93.47% accuracy, 91.67% PPV, and 
95.45% NPV.

Discussion
The main aim of this study is to assess the 

potential of texture features in order to moni-
tor kidney function among following up the 
transplantation recipients using ultrasound 
imaging.

In all conditions, feature standardization 

has just an effect on PCA and it leads to im-
provement in performance. The highest effect 
regarding to Az value was in 1%-99% normal-
ization for both increased group (NS. PCA vs. 
S.PCA: 0.743 vs. 0.830) and decreased one 
(NS. PCA vs. S.PCA: 0.505 vs. 0.841) (Figure 
6). It has not had any impacts on LDA. Tables 
4 and 5 indicate that normalization reflected 
improvement on performance and the best 
performance was obtained by the 3sigma nor-
malization with LDA for both decreased and 
increased groups with Az value of 1 and 0.974, 
respectively. According to the RLM features, 
as the sCr level increases, the non-uniformity 
of pixel intensities in the ROI also increases. 

Over the past a few decades, initial assess-
ments, routine follow-ups, and monitoring of a 
kidney transplant have been possible via ultra-
sonography as the primary imaging technique 
[18]. Moreover, kidney evaluation has been 
plausible through advanced ultrasonography 
techniques, including color Doppler and elas-
tographic imaging. Any information on tissue 
stiffness is included in the elastographic fea-
tures. Additionally, tissue deformation result-
ed from compression can be detected through 
ultrasound elastography. kidney allograft loss 
can induce fibrosis and tubular atrophy in 
transplant recipients [19].

Many studies have been carried out to as-

Figure 2: Diagram to report flow of participants through the study.
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Normalization Texture Feature Correlation Coefficient   
(P-value)

Paired-Samples 
T Test (P-value) *Az value

Default

Horz_GLNU -0.881 (<0.001) 0.003 0.657 (0.470, 0.845)

 Vert_GLNU -0.894 (<0.001) 0.003 0.671 (0.486, 0.856)

Vert_RLNU -0.843 (<0.001) 0.043 0.616 (0.425, 0.807)

45Dgr_GLNU -0.886 (<0.001) 0.004 0.661 (0.473, 0.848)

135Dgr_GLNU -0.889 (<0.001) 0.005 0.664 (0.478, 0.851)

3Sigma

Horz_RLNU 0.693 (<0.001) 0.003 0.882 (0.770, 0.995)

Horz_GLNU -0.823 (<0.001) <0.001 0.834 (0.700, 0.967)

Horz_LRE -0.815 (<0.001) <0.001 0.678 (0.479, 0.877)

Horz_SRE 0.828 (<0.001) <0.001 0.699 (0.508, 0.890)

Horz_Fraction 0.824 (<0.001) <0.001 0.692 (0.498, 0.886)

Vert_RLNU -0.571 (<0.001) 0.037 0.619 (0.398, 0.841)

Vert_GLNU -0.829 (<0.001) <0.001 0.761 (0.595, 0.927)

Vert_LRE -0.762 (<0.001) <0.001 0.730 (0.548, 0.913)

Vert_SRE 0.760 (<0.001) <0.001 0.751 (0.578, 0.923)

Vert_Fraction 0.756 (<0.001) <0.001 0.744 (0.568, 0.920)

45Dgr_GLNU -0.826 (<0.001) <0.001 0.758 (0.590, 0.926)

45Dgr_LRE -0.875 (<0.001) <0.001 0.692 (0.498, 0.886)

45Dgr_SRE 0.875 (<0.001) <0.001 0.723 (0.542, 0.905)

45Dgr_Fraction 0.881 (<0.001) <0.001 0.702 (0.513, 0.892)

135Dgr_GLNU -0.829 (<0.001) <0.001 0.761 (0.595, 0.927)

135Dgr_LRE -0.878 (<0.001) <0.001 0.706 (0.518, 0.894)

135Dgr_SRE 0.898 (<0.001) <0.001 0.706 (0.517, 0.894)

135Dgr_Fraction 0.878 (<0.001) <0.001 0.713 (0.527, 0.898)

1%-99%

Horz_GLNU -0.792 (<0.001) <0.001 0.727 (0.553, 0.900)

Horz_LRE -0.879 (<0.001) 0.001 0.626 (0.412, 0.841)

 Vert_GLNU -0.796 (<0.001) <0.001 0.709 (0.529, 0.889)

Vert_LRE -0.569 (<0.001) <0.001 0.592 (0.381, 0.803)

Vert_SRE 0.635 (<0.001) <0.001 0.595 (0.389, 0.801)

45Dgr_GLNU -0.749 (<0.001) <0.001 0.713 (0.534, 0.892)

135Dgr_GLNU -0.797 (<0.001) <0.001 0.713 (0.534, 0.892)

* Az value was obtained with 95% confidence intervals.

Table 2: Correlations between serum creatinine (sCr) level and run-length matrix feature in 
three normalization schemes for decreased group before and at follow-up.
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sess correlation between kidney function and 
sonographic finding. In this regard, it has been 
shown that there is no agreement on the im-

pact of pathology changes on Doppler and 
elastography findings. Some studies reported 
correlation between pathological changes and 

Texture Feature 
Group Texture Feature Correlation Coefficient 

(P-value)
Paired-Samples T Test 

(P-value) *Az value 

Default

Horz_RLNU 0.364 (0.017) 0.001 0.779 (0.643, 0.914)

Horz_GLNU -0.580 (0.027) <0.001 0.853 (0.736, 0.969)

Vert_RLNU 0.832 (0.038) <0.001 0.932 (0.864, 1.000)

Vert_GLNU -0.209 (0.004) <0.001 0.866 (0.754, 0.978)

45Dgr_RLNU 0.500 (0.014) <0.001 0.915 (0.838, 0.992)

45Dgr_GLNU -0.182 (0.022) <0.001 0.851 (0.729, 0.972)

135Dgr_RLNU 0.550 (0.001) <0.001 0.926 (0.854, 0.998)

135Dgr_GLNU -0.372 (0.015) <0.001 0.856 (0.739, 0.973)

3Sigma

Horz_RLNU -0.192 (0.002) <0.001 0.875 (0.776, 0.974)

Horz_GLNU 0.316 (0.038) <0.001 0.877 (0.777, 0.977)

Vert_RLNU -0.711 (0.004) <0.001 0.924 (0.852, 0.997)

Vert_GLNU 0.630 (0.003) <0.001 0.879 (0.783, 0.975)

Vert_LRE 0.670 (<0.001) 0.049 0.626 (0.459, 0.792)

Vert_Fraction -0.676 (<0.001) 0.040 0.631 (0.465, 0.798)

45Dgr_RLNU -0.243 (0.018) <0.001 0.909 (0.829, 0.990)

45Dgr_GLNU 0.545 (0.042) <0.001 0.870 (0.769, 0.970)

135Dgr_RLNU -0.579 (0.005) <0.001 0.921 (0.846, 0.995)

135Dgr_GLNU 0.513 (0.009) <0.001 0.871 (0.772, 0.971)

135Dgr_LRE 0.696 (<0.001) 0.028 0.635 (0.469, 0.802)

135Dgr_SRE -0.697 (<0.001) 0.035 0.626 (0.456, 0.795)

135Dgr_Fraction -0.699 (<0.001) 0.027 0.629 (0.461, 0.798)

1%-99%

Horz_GLNU -0.693 (0.012) <0.001 0.896 (0.804, 0.988)

Horz_LRE 0.287 (0.035) 0.001 0.709 (0.557, 0.861)

Vert_GLNU 0.744 (0.013) <0.001 0.900 (0.808, 0.992)

Vert_LRE 0.456 (0.001) <0.001 0.531 (0.359, 0.703)

Vert_SRE -0.460 (0.001) <0.001 0.507 (0.337, 0.676)

45Dgr_GLNU 0.388 (0.010) <0.001 0.892 (0.794, 0.990)

135Dgr_GLNU 0.765 (0.016) <0.001 0.900 (0.805, 0.994)

* Az value was obtained with 95% confidence intervals.

Table 3: Correlations between serum creatinine (sCr) level and run-length matrix feature in 
three normalization schemes for increased group before and at follow-up.
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resistance index (RI) or kidney stiffness (KS) 
[20-23] and some others showed the opposite 
[24, 25]. Our pervious study showed that sono-
graphic quantitative TA can distinguish reject 
from non-reject kidney transplant with higher 
accuracy comparing with RI and KS [26]. In 

other way, Wybraniec et al., [27] and Komuro 
et al., [28] indicated that RI correlated with 
sCr level but Yazici et al., [29] showed op-
posite. Besides, in the term of ellastography, 
Peng et al., [30] showed that elastographic 
findings were correlated with sCr level while 

Kidney Function Assessment Using Texture Analysis

Normalization Method of feature 
reduction

a SEN 
(%)

a SPC 
(%)

ACC 
(%)

a PPV 
(%)

a NPV 
(%)

a Az value 
Correct classifi-

cation

Default

NS. PCA
47.06 

(32.03, 
77.08)

41.18 
(34.83, 
87.14)

44.12
44.43 

(07.66, 
81.2)

43.75 
(03.61, 
83.89)

0.484 
(0.282, 
0.686)

15/34 [44.18%]

S. PCA
58.82 

(41.18, 
82.35)

64.70 
(62.47, 
8154)

61.76
62.50 

(39.55, 
85.45)

61.10 
(41.60, 
80.60)

0.657 
(0.465, 
0.849)

21/34 [61.76%]

NS. LDA
82.35 

(64.71, 
100)

88.23 
(67.50, 

100)
85.29

87.50 
(74.49, 

100)

83.30 
(66.73, 
99.87)

0.927 
(0.840, 
1.000)

29/34 [85.29%]

S. LDA
82.35 

(64.71, 
100)

88.23 
(67.50, 
1.00)

85.29
87.50 

(74.49, 
100)

83.30 
(66.73, 
99.87)

0.927 
(0.840, 
1.000)

29/34 [85.29%]

3sigma

NS. PCA
88.23 

(47.06, 
100)

88.23 
(67.50, 

100)
88.23

88.23 
(76.16, 

100)

88.23 
(63.10, 

100)

0.938 
(0.863, 
1.000)

30/34 [88.23%]

S. PCA
94.12 

(82.35, 
100)

88.23 
(76.47, 

100)
91.18

88.89 
(77.70, 

100)

93.75 
(42.25, 

100)

0.962 
(0.906, 
1.000)

31/34 [91.18%]

NS. LDA 100 100 100 100 100 1 34/34 [100%]

S. LDA 100 100 100 100 100 1 34/34 [100%]

1-99%

NS. PCA
52.94 

(17.65, 
94.12)

41.18 
(29.94, 
74.26)

47.06
47.37 

(10.56, 
84.18)

46.67 
(11.09, 
82.25)

0.505 
(0.306, 
0.705)

16/34 [47.06%]

S. PCA
70.59 

(40.88, 
94.12)

88.23 
(64.71, 

100)
79.41

85.71 
(70.56, 

100)

75 
(64.82, 
85.18)

0.841 
(0.706, 
0.976)

27/34 [79.41%]

NS. LDA
94.12 

(61.62, 
100)

82.35 
(73.38, 

100)
88.23

84.21 
(76.53, 
91.89)

93.33 
(85.81, 

100)

0.934 
(0.856, 
1.000)

30/34 [88.23%]

S. LDA
94.12 

(61.62, 
100)

82.35 
(73.38, 

100)
88.23

84.21 
(76.53, 
91.89)

93.33 
(85.81, 

100)

0.934 
(0.856, 
1.000)

30/34 [88.23%]

SEN = sensitivity; SPC = specificity; ACC = accuracy; PPV = positive predictive value; NPV = negative predictive value; Az= 
area under ROC curve; a: Numbers in parentheses are 95% confidence intervals.

Table 4: Correlations between serum creatinine (sCr) level and run-length matrix feature in 
three normalization schemes for decreased group before and at follow-up.
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Normalization Method of feature 
reduction

a SEN 
(%)

a SPC 
(%)

ACC 
(%)

a PPV 
(%)

a NPV 
(%)

a Az value 
Correct classifi-

cation

Default

NS. PCA
65.22 

(48.54, 
86.36)

73.91 
(58.01, 
94.75)

69.56
71.43 

(51.68, 
91.18)

68.00 
(57.30, 
78.70)

0.750 (0.607, 
0.894)

32/46 [69.56%]

S. PCA
69.56 

(39.18, 
87.26)

78.26 
(61.37, 
94.89)

73.91
76.19 

(60.18, 
92.20)

72.00 
(61.72, 
82.28)

0.798 (0.668, 
0.928)

34/46 [73.91%]

NS. LDA
86.96 

(79.27, 
94.79)

91.30 
(87.94, 

100)
89.13

90.90 
(81.25, 

100)

87.50 
(75.49, 
99.51)

0.949 (0.893, 
1.000)

41/46 [89.13%]

S. LDA
86.96 

(79.27, 
94.79)

91.30 
(87.94, 

100)
89.13

90.90 
(81.25, 

100)

87.50 
(75.49, 
99.51)

0.949 (0.893, 
1.000)

41/46 [89.13%]

3sigma

NS. PCA
78.26 

(58.82, 
97.21)

69.56 
(35.29, 
94.12) 

73.91
72 

(53.51, 
90.49)

76.19 
(54.86, 
97.52)

0.790 
(0.65,0.93)

34/46 [73.91%]

S. PCA
78.26 

(63.38, 
88.96)

78.26 
(54.18, 
92.22)

78.26
78.26 

(64.33, 
92.19)

78.26 
(63.73, 
92.79)

0.828 (0.701, 
0.955)

36/46 [78.26%]

NS. LDA
95.65 

(76.35, 
100)

91.3 
(70.66, 

100)
93.47

91.67 
(83.22, 

100)

95.45 
(56.81, 

100)

0.974 (0.936, 
1.000)

43/46 [93.48%]

NS. LDA
95.65 

(76.35, 
100)

91.3 
(70.66, 

100)
93.47

91.67 
(83.22, 

100)

95.45 
(56.81, 

100)

0.974 (0.936, 
1.000)

43/46 [93.48%]

1-99%

NS. PCA
65.22 

(35.00, 
82.35)

69.56 
(26.32, 
94.12)

67.39
68.18 

(45.52, 
90.84)

66.67 
(53.99, 
79.35)

0.743 (0.596, 
0.89)

31/46 [67.39%]

S. PCA
82.61 

(67.50, 
100)

73.91 
(70.59, 

100)
78.26

76 
(61.38, 
90.62)

80.95 
(58.43, 

100)

0.830 (0.712, 
0.948)

36/46 [78.26%]

NS. LDA
91.3 

(85.02, 
100)

82.61 
(81.21, 
88.90)

86.96
84 

(76.11, 
91.89)

90.48 
(59.51, 

100)

0.934 (0.867, 
1.000)

40/46 [86.97%]

S. LDA 91.3 82.61 86.96 84 90.48
0.934 (0.867, 

1.000)
40/46 [86.97%]

SEN = sensitivity; SPC = specificity; ACC = accuracy; PPV = positive predictive value; NPV = negative predictive value; Az= 
area under ROC curve; a: Numbers in parentheses are 95% confidence intervals.

Table 5: Diagnostic performance of proposed method in three normalization schemes for in-
creased creatinine group.

in study carried out by Lee et al., no correla-
tion was observed [31]. Further researches are 
needed, in Doppler and elato-sonography field 
to reach agreement on findings.

Moreover, our study indicated that texture 

parameters have higher correlation coefficients 
with sCr level comparing to both Doppler and 
elastographic indices. The main results of our 
previous study [26] reveal that TA can monitor 
kidney function and correlate with pathologi-
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Figure 3: Sample distributions for the best results after texture analysis method, linear discrimi-
nant analysis (LDA): 3sigma normalization for decreased group (A) and for increased group (B). 
Most discriminating features (MDF); “1” and “2” represent patients before and after follow-up, 
respectively.

Figure 4: The diagrams of the receiver operating characteristic (ROC) curve for each texture 
analysis method in default: (A) decreased group; (B) increased group.

cal results, while the present study indicates 
that TA can evaluate sCr level of patient after 
3years follow-up since allograft transplanta-
tion. Our previous results were obtained in 
normal conditions, while in the present study, 
owing to the lack of biopsy results, we have 
to increase the diagnostic accuracy by using 
normalization and standardization options on 
texture parameters. In this regard, the best re-

sults were achieved on 3sigma normalization. 
These texture parameters are quantitatively 
measured by computer software and it has 
reproducibility capability. But Doppler and 
elasto-sonography techniques are operated de-
pendently and also can be affected by factors 
such as skin-allograft distance, peri or intra re-
nal fluid, gender, age and sonicated direction 
[25, 32]. 
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Figure 5: The diagrams of the receiver operating characteristic (ROC) curve for each texture 
analysis method in 3sigma normalization: (A) decreased group; (B) increased group. 

Figure 6: The diagrams of the receiver operating characteristic (ROC) curve for each texture 
analysis method in 1-99% normalization: (A) decreased group; (B) increased group.

Kidney function monitoring is one of the 
most critical factors to improve initial diagno-
sis accuracy after transplantation. Our results 
indicated that TA can monitor kidney function 
after transplantation. Further studies with larg-
er dataset should be performed to confirm this 
result. Moreover, sCr levels were used to as-
sess kidney function and correlate with texture 

parameters. Cystatin C has an advantage over 
sCr and can reflect true glomerular filtration 
rate [33, 34]. Besides sex, muscle mass, age 
and medication can influence sCr level [35, 
36]. Further studies require to be performed 
with respect to cystatin C to assess kidney 
function.

Kidney images were compared with sCr lev-
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els and the reference for further investigations. 
Since the current study was based on image 
texture analysis and our reference was sCr, 
other kidney parameters were not considered.

Conclusion
In this study, we propose a new approach 

of texture features ability for predicting re-
nal function. This method can be used to help 
physicians monitor kidney dysfunction and 
identify candidate patients for biopsy after 
transplantation. It can be used as an axillary 
technique with Doppler and elastography 
sonography to improve understandings of 
conventional ultrasound imaging.
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