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This study was aimed to analyze the correlation between blood oxygen level-dependent magnetic resonance imaging (BOLD-
MRI) images and prognosis of patients with diabetic nephropathy (DN) based on artificial intelligence (AI) segmentation
algorithm, so as to provide references for diagnosis and treatment as well as prognosis analysis of patients DN. In this study, a
kernel function-based fuzzy C-means algorithm (KFCM) model was proposed, and the FCM algorithm based on neighborhood
pixel information (BCFCM) and the FCM algorithm based on efficiency improvement (EnFCM) were introduced for
comparison to analyze the image segmentation effects of three algorithms. The results showed that the partition coefficient
(Vpc) and partition entropy (Vpe) of the KFCM algorithm were 0.801 and 0.602, respectively, which were better than those of
the traditional FCM, BCFCM, and EnFCM algorithm. At the same time, the effects of correlation between renal cortex R2∗
(RC-R2∗), renal medulla R2∗ (RM-R2∗), renal cortex D (RC-D), renal medulla D (RM-D) and renal function on the
prognosis were compared. The results showed that the correlation coefficients between RC-R2∗, RM-R2∗, RC-D, RM-D and
renal function were 0.57, 0.62, 0.49, and 0.38, respectively; among them, RC-R2∗ and RM-R2∗ were negatively correlated to
the estimated glomerular filtration rate (eGFR), and the difference between the groups was statistically significant (P<0.05).
Among the factors affecting the prognosis of DN patients, the GFR, hemoglobin (Hb), RC-R2∗, RM-R2∗, and RC-D were all
related to the prognosis of DN, and the difference between groups was statistically obvious (P<0.05). It suggested that the
KFCM algorithm proposed in this study showed the relatively best segmentation effect on BOLD-MRI images for DN patients;
an increase in R2∗ indicated a poor prognosis, and an increase in the RC-D value indicated a better prognosis.

1. Introduction

Diabetes mellitus (DM) is a serious chronic disease. In
recent years, with the rapid development of China’s econ-
omy, people’s lifestyle and eating habits have also changed
rapidly. The number of DM patients is increasing [1, 2].
According to related reports, patients with DM in China
accounts for more than 26% of those in the world [3, 4].
As the main target organ of DM, the kidney has also been

severely affected, and its main manifestation is the occur-
rence of diabetic nephropathy (DN). The pathogenesis of
DN is still unclear. Some scholars believe that it may be
caused by the combination of genetics, renal hemodynamics,
metabolism caused by hyperglycemia, hypertension, and
metabolism of vasoactive substances [5]. Data show that
about 40% of DM patients may develop DN, and DN is an
important cause of end-stage renal disease (ESRD), second
only to various glomerulonephritis [6]. Therefore, if the
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renal function of patients with DN can be dynamically eval-
uated and the prognosis of progressive decline in the renal
function can be analyzed to formulate a more reasonable
diagnosis and treatment plan for DN patients, this is of great
significance for improving the survival rate of DN patients
and improving the prognosis of patients [7].

At present, the clinical diagnosis of DN mainly relies on
kidney biopsy and laboratory tests. Among them, kidney
biopsy is the gold standard for diagnosis of DN, but this
examination method is a traumatic examination, it is not
recognized by most patients, and it is also not conducive to
doctors to assess the dynamics of DN, so it is mostly no lon-
ger promoted in clinical practice [8, 9]. The laboratory
examination mainly reflects the degree of renal function
damage by detecting the urine microalbumin of patients
with DN. However, some scientists have found that urinary
microprotein cannot fully reflect renal function damage in
patients with DN [10]. With the continuous development
of radiology technology, functional magnetic resonance
imaging (MRI) (fMRI) has inspired DN examination in
terms of non-invasive examination. It is a diagnosis and
treatment technology that combines MRI and computer
processing. Blood oxygenation-level dependent MRI
(BOLD-MRI) is established on this basis [11]. Pathophysiol-
ogical studies have shown that kidney function damage
caused by DM is mainly in three aspects: perfusion level,
oxygenation level, and water molecule dispersion move-
ment; and BOLD-MRI can use deoxygenated hemoglobin
(Hb) as an endogenous contrast agent, which can effectively
assess the oxygenation level of the tissue. On the other hand,
MRI imaging can give doctors a good understanding of the
anatomical structure of the patient’s kidney, which can
reflect changes in kidney function [1, 12]. Therefore,
BOLD-MRI has the characteristics of non-radiation, non-
invasiveness, and high spatial resolution, has been widely
promoted in clinical practice, especially in the diagnosis
and treatment of DN, and has achieved good results [13–15].

MRI image segmentation is always a difficult problem in
the field of imaging. Therefore, how to improve the recogni-
tion of MRI images is an urgent problem to be solved. Fuzzy
C-means algorithm (FCM) is a kind of fuzzy clustering algo-
rithm, which is an unsupervised algorithm; and the principle
of the algorithm is to continuously update the cluster center
and membership function until the best cluster center cut-
off is obtained [16, 17]. The FCM algorithm can be used
for image segmentation based on this principle, and the best
image classification result is obtained through the best clus-
tering center. In addition, the FCM algorithm can be used
for image segmentation without human intervention, and
it can also effectively deal with the blurriness of the image,
showing a good effect [18].

In summary, it is very necessary for the diagnosis and
treatment of DN and prognostic analysis. Although the
existing diagnosis and treatment techniques are feasible,
there are few studies on BOLD-MRI and the prognosis of
patients. Therefore, in this study, it proposed to analyze
the correlation between BOLD-MRI images and prognosis
of DN patients based on the kernel fuzzy c-means (KFCM)
algorithm, and introduced the FCM algorithm based on

neighborhood pixel information (BCFCM) and the FCM
algorithm based on efficiency improvement (EnFCM) to
compare with the KFCM algorithm, so as to verify their
image segmentation effects; at the same time, the effects of
correlation between renal cortex R2∗ (RC-R2∗), renal
medulla R2∗ (RM-R2∗), renal cortex D (RC-D), renal
medulla D (RM-D) and renal function on the prognosis
were compared to further explore the correlation between
BOLD-MRI images and prognosis of DN patients.

2. Materials and Methods

2.1. Research Objects. In this study, from June 2018 to June
2020, patients with DM and DN who met the research con-
ditions were selected as objects from hospital. The basic clin-
ical data of the objects during hospitalization were collected,
including: name, gender, age, height, weight, body mass
index (BMI), diabetes course, comorbidities, angiotensin-
converting enzyme inhibitors/angiotensin receptor blockers
(ACEI/ARB) medication and diuretic history. The informed
consents were signed from the patients and their families.
This study had been approved by the ethics committee of
the hospital. Inclusion criteria of DN patients were defined
as follows: all patients should meet the diagnostic criteria
of DN in the Expert Consensus on DN Prevention and
Treatment in the 2014 Chinese Medical Association Diabe-
tes Branch (CDS); all patients had the first disease and were
diagnosed as DN by renal biopsy; the patients and their fam-
ily members had signed the informed consents. Exclusion
criteria for DN patients were given as follows: DM patients
with abnormal renal function that did not meet the diagnos-
tic criteria for DN, such as kidney disease caused by hyper-
tension; patients with serious diseases such as heart disease
and blood disease; patients with severe mental illness who
cannot cooperate with the trial; patients with multiple kid-
ney stones or a single stone ≥3mm examined by B-
ultrasound; patients with multiple kidney cysts or a single
cyst >3mm; patients with incomplete clinical data; patients
with contraindications to MRI examination.

2.2. Image Inspection and Image Processing. 3.0T magnetic
resonance was adopted for scanning, using 8-channel body
dedicated phased array coil. All subjects underwent conven-
tional MRI scan, and BOLD examination obtained the coro-
nal image of the kidney centered on the renal hilum. Before
the MRI examination, it had to remove the metal objects
from the patient and let the patient lie on the MRI examina-
tion table in a supine position. The noise-reducing earplugs
were worn on the patient and the patient’s forearms were
crossed on the chest. Then, it should place the phased array
coil on the patient’s abdomen and ensure that the kidney can
be scanned, while keeping the centerline of the coil in the
same line as the midline of the abdomen. After the parame-
ters were adjusted, the subject’s feet were scanned firstly. The
scan parameters were T2JJN weighted imaging on the hori-
zontal axis, fast gradient echo sequence, and coronal
T2WI-FE sequence.

BOLD used multiple gradient echo sequence and the
coronal T2WI TFE sequence. The time of repeat (TR) was
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100ms, the time of echo (TE) was 3.8ms, the field of view
(FOV) was 300× 300mm2, the layer thickness was 3mm,
the slice pitch was 3.6mm, the flip angle was 45, the band-
width was 31.25Hz/pixel, and the matrix was 96× 96.

After scanning, the BOLD image was entered into the
workstation. There would be two windows, one window
loaded the calculated T2∗map image, and the other window
loaded the original image with a TE of 8.66ms. Choosing an
image with a smaller TE can not only ensure a clear differ-
ence in skin and medulla, but also a good signal noise ratio
(SNR). Then, it had to synchronize the two windows, draw
the region of interest (ROI) on the original image, and stay
away from the edge area when selecting the cortical ROI to
avoid the ROI from being affected by the liver, intestine,
and abdominal adipose tissue at the border of the kidney.
When the medullary ROI was selected, it should try to select
a darker area located in the center of the renal cone. 9 ROIs
were selected on the upper, middle, and lower poles of the
skin and medulla of the unilateral kidney. The average value
of 9 ROIs was taken as the T2∗ value of the unilateral renal
cortex and medulla. According to R2∗=1/T2∗, the RC-R2∗
value and RM-R2∗ value were calculated, and the MCR
value for evaluating the oxygenation status of the entire kid-
ney was calculated according to MCR=RM-R2∗/RC-R2∗.

2.3. Establishment of KFCM. FCM algorithm is widely used
in image segmentation due to its unsupervised, fuzzy,
and simple implementation advantages. The principle of
FCM for image segmentation is as follows. If the pixel
data set of the image is set as P={p1, p2,...,…,pn}, where
pi represents the gray value of the pixel, and n is the num-
ber of pixels, then the image segmentation can be simply
regarded as a cluster that divides n pixels into C catego-
ries, and the cluster center of each category can be
expressed as Y={y1, y2,..., yc}. The basic principle of the
FCM algorithm is to minimize the objective function,
thereby transforming the image segmentation into the
optimization of the feature function, so that the fuzzy divi-
sion of n pixels can be realized. Then the objective func-
tion of the FCM algorithm can be expressed as follows:

KFCM X, Yð Þ = Σ
c

k=1
Σ
n

i=1
usikh

2
ki ð1Þ

hik = pi − ykk k2 ð2Þ
In the above equation, s represented the blur factor,

and the size of the blur factor not only determined the
blurring of the clustering, but also controlled the blur
degree of the pixels between different categories. The value
of s could not be too large or too small. If the value is too
large, the fuzziness of the cluster will increase. If the value
is too small, the fuzziness of clustering will reduce the
result of image segmentation, which tends to be hard
partitioned.

If the value of s is 2, the Euclidean spatial distance from
pixel pi to cluster center 2 is expressed by hik:

X = xik, 0 < i < n, 0 < k < cf g ð3Þ

In the equation (3) above, xik represented the member-
ship value of the pixel xi belonging to the k-th cluster center,
then below equation could be obtained:

Σ
c

k=1j
xik = 1, xik ∈ 0, 1ð Þ, 1 ≤ i ≤ n, 1 ≤ k ≤ c ð4Þ

When the Lagrange multiplier method was adopted to
iteratively update the K rows of the objective function, the
equation was as follows:

F X, Y , μð Þ = Σ
c

k=1
Σ
n

i=1
usikh

2
ki + μ Σ

c

z=1
usik − 1

� �
ð5Þ

In the equation (5) above, μ was a constant, and the two
first-order partial derivatives of the F function were as
follows:

σF
σxik

= sxs−1ik + μ

σF
σyk

= −2 Σ
n

k=1
xsikhik

8>>><
>>>:

ð6Þ

The necessary conditions can be based to obtain the
extreme value by the Lagrange multiplier method F function:

σF
σxik

= sxs−1ik + μ = 0

σF
σyk

= −2 Σ
n

k=1
xsikhik = 0

8>>><
>>>:

ð7Þ

The membership degree matrix and the iterative formula
of the class center thus obtained were given as follows:

xik = Σ
c

z=1
hik pi, yið Þ
hiz pi, ykð Þ

� �2/s−1
" #−1

ð8Þ

yk =
Σ
n

i=1
xsikpi

Σ
n

i=1
xsik

ð9Þ

The algorithm flow after using the kernel function to
improve was shown in Figure 1:

2.4. Observation Indicators. Laboratory indicators to be
observed included serum creatinine (Scr), blood urea nitrogen
(BUN), urine albumin-to-creatinine ratio (ACR), 24-hour
urine albumin, 24-hour urine total protein, glycosylated
hemoglobin (GHb), Hb, serum albumin, cystatin C, and
superoxide dismutase.

Renal function indicators included estimated glomeru-
lar filtration rate (GFR) (eGFR), renal dynamic imaging
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(ECT-GFR), using EPI-GFR equation.

eGFR = 141 ×min Scr/c, 1ð Þγ ×max Scr/c, 1ð Þ−1:209
× 0:993Age × 1:018f emaleð Þ × 1:159Black raceð Þ

ð10Þ

In the above equation, c: 0.7 for women and 0.9 for
men; γ: -0.329 for women and -0.411 for men.

Image segmentation effect can be evaluated as follows.
There were two image segmentation evaluation parameters
used in this study, namely the Bezdek partition coefficient
(Vpc) and the partition entropy (Vpe) [19]. The larger the
value of Vpc of a clustering algorithm, the better the effect
of this clustering algorithm. The equation was as follows:

Vpc =
1
n
Σ
c

k=1
Σ
n

i=1
x2ki ð11Þ

Vpc =
−1
n

Σ
c

k=1
Σ
n

i=1
xik log2xikð Þ ð12Þ

2.5. Statistical Analysis. The SPSS2.0 software was adopted
for data statistical analysis, and the experimental data were
expressed in terms of mean± standard deviation (−x± s).
After each measurement data was tested for normality and
homogeneity of variance, if the variance was uniform, the
comparison between the two samples was realized by t test,
the comparison of categorical data was realized by the χ2

test, and the I2 would be used to evaluate the degree of het-
erogeneity. P<0.05 indicated that there was significant dif-
ference in the data between the groups, otherwise there
was no difference without statistical significance.

3. Results

3.1. General Clinical Data. 57 eligible DN patients were
selected in this study, including 34 males and 23 females,
with an average age of 57.3± 6.4 years old. At the same
time, 64 eligible DM patients were screened out, including
38 males and 26 females, with an average age of 56.73
± 7.03 years old. The basic clinical data statistics were
shown in Figure 2 below. Among them, the gender, age,
height, and body mass index (BMI) of DN and DM
patients were not significantly different (P>0.05). In terms
of medication, no one in the DM patient group took
diuretics, and about 24.8% in the DN group took diuretics;
about 19.4% of DM patients took angiotensin-converting
enzyme inhibitors/angiotensin receptor blockers (ACEI/
ARB), and about 52.43% of DM patients took ACEI/
ARB, so the difference between the two was statistically
significant (P<0.05).

3.2. Statistics of Biochemical Indicators. As shown in
Figure 3, the GHb of the two groups of patients were
8.21% for DN and 7.86% for DM, and there was no statisti-
cally significant difference between the two (P>0.05). The
Hb, Cr, BUN, and eGFR of the DN group were 108.65 g/L,
186.3 μml/L, 9.7mmol/L, and 54.65mL/min/1.73m2,
respectively; while those in the DM group were 119.8 g/L,
80.04 μml/L, 3.2mmol/L, and 92.03mL/min/1.73m2,
respectively. Therefore, there were significant differences in
Hb, Cr, BUN, and eGFR between the two groups of patients,
showing statistical significance (P<0.05).

3.3. Comparison on the Segmentation Effects of Three
Optimized Algorithms. The BCFCM algorithm [20] and
EnFCM algorithm [21] were introduced for comparison.
The results were shown in Figure 4. It illustrated that the
Vpc values of KFCM, EnFCM, and BCFCM were all larger
than those of the FCM algorithm, and the Vpe was smaller
than that of the traditional FCM algorithm, and the cluster-
ing effect of the KFCM algorithm was relatively better.

3.4. Imaging Data of Patients. Figure 5 was the imaging data
of a 45-year-old male patient with left kidney disease.
Figure 5(a) was a BOLD-MRI scan of the patient, and
Figure 5(b) was an image segmented by the KFCM algo-
rithm. Comparison of two figures revealed that the imaging
effect of the BOLD-MRI image was clearer after the algo-
rithm was optimized, which was more conducive to the
diagnosis and analysis of the disease.

3.5. Results of RC-R2∗, RM-R2∗, and MCR Values. In this
study, the RC-R2∗, RM-R2∗, and MCR of the left and right
kidneys of the two groups of patients were compared, and
the results were shown in Figure 6. The RC-R2∗ and RM-
R2∗ of the left and right kidneys of the two groups of
patients were not significantly different (P>0.05). The aver-
age MRC value of the DN group was 1.19, while that in the
DM group was 1.35, and the difference between the two was
statistically obvious (P<0.05).

Enter an MRI image of the kidney

Determine the number of clusters c, the ambiguity s, the
number of iterations m, and the cluster center Y

Initialize X under constraints

The number of iterations is g+1

Iteratively update Y and X

Termination condition: (g>G) or max||Xg–Xg–1||<𝜀

Determine the final attribution of each pixel in the image

Output image

Figure 1: Flow chart of FCM algorithm.

4 Computational and Mathematical Methods in Medicine



3.6. Correlation Analysis between BOLD-MRI and Renal
Function. In this study, the Pearson was adopted to analyze
the correlation between RC-R2∗, RM-R2∗, RC-D, RM-D
and the renal function (eGFR value) of patients in the DN
group. The results were shown in Figure 7. The absolute value
of the r coefficient of RC-R2∗, RM-R2∗, RC-D, and RM-D
were 0.57, 0.62, 0.49, and 0.38, respectively. Among them,
RC-R2∗ and RM-R2∗ were negatively correlated with eGFR,
RC-D and RM-D were positively correlated with eGFR.

3.7. Multivariate Regression Analysis. The prognosis of DN
patients was affected by many factors. In this study, multi-
variate regression analysis was performed to explore the rel-
evant factors affecting the prognosis of patients with urinary
disease and nephropathy. The clinical outcome was under-
taken as the dependent variable, and eGFR, Hb, RC-R2∗,
RM-R2∗, RC-D, and RM-D were undertaken as the inde-
pendent variables. As shown in Table 1, the regression coef-
ficient (β value), Hb, RC-R2∗, RM-R2∗, RC-D, and RM-D

of eGFR were 0.95, 0.96, 1.22, 1.15, 0.91, and 0.93, respec-
tively. Except for RM-D, the eGFR regression coefficients
of eGFR, Hb, RC-R2∗, RM-R2∗, and RC-D had statistically
observable differences (P<0.05).

4. Discussion

In recent years, the incidence of DM has been rising and has
remained high for a long time, which has become one of the
main diseases threatening human life and health. DN is one
of the main chronic vascular complications of DM. In the
early stage of diabetes, due to the compensatory mechanism
of renal self-regulation, renal microvessels dilate, which is
mainly manifested by increased eGFR [19]. With the pro-
gression of the disease, continuous high blood glucose will
induce abnormal glucose metabolism, and then affect a
series of metabolic disorders of lipids and proteins, and gen-
erate advanced glycation end products (AGES). AGES are
mainly cleared by the kidney. Due to metabolic disorders,
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Figure 2: Statistics of general clinical data of patients. ∗Compared with DM group, P<0.05.
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Figure 3: Statistics of biochemical indicators of patients. Hb unit was g/L, GHb unit was %, Cr unit was μml/L, BUN unit was mmol/L, and
eGFR unit was mL/min/1.73m2. ∗Compared with DM group, P<0.05.
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AGES continue to increase and the number of AGES cleared
by the kidney decreases, which further leads to the accumu-
lation of AGES in the kidney and the dysfunction of glomer-
ular cell function. In addition, AGES also bind to receptors
involved in oxidative stress and inflammatory follow-up sig-
naling, which can lead to glomerular dysfunction. These fac-
tors interact with each other and eventually lead to
thickening of glomerular basement membrane, enlargement
of mesangial membrane, capillary stenosis or even occlusion,
decreased renal blood flow, and decreased eGFR. Long-term
effects will cause irreversible effects on the kidney [20].

Long-term chronic hypoxia is an important factor in the
development of irreversible DN. Initially, direct measure-
ment of oxygen partial pressure (PO2) using oxygen sensing
electrodes inserted into renal parenchyma is the gold stan-

dard for evaluating renal oxygenation. Studies have found
that oxygenated hemoglobin concentration can affect MRI
signal intensity, which is called BOLD effect [21]. Subse-
quently, the bold-MRI technology is gradually derived from
this theory [22–25]. The magnetic properties of hemoglobin
in different oxygenated states are also different, deoxyhemo-
globin has paramagnetism, whereas oxyhemoglobin has dia-
magnetism. When the concentration of deoxyhemoglobin
increases, the magnetic field uniformity of surrounding tis-
sues will be affected, resulting in a small magnetic field,
resulting in a reduction of transverse relaxation time T2∗
and corresponding signal weakening in T2∗ weighted
images [26–28]. After calculation (R2∗=1/T2∗), the appar-
ent lateral relaxation rate (R2∗ value) is obtained. The
obtained R2∗ value is directly proportional to the

0.5
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Figure 4: Comparison on the segmentation effects of the three optimized algorithms.

(a) (b)

Figure 5: Imaging data of a 45-year-old male patient with left kidney disease. A was the original BOLD-MRI scan, and B was the image
segmented by the KFCM algorithm.
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concentration of deoxyhemoglobin, that is to say, the
increase of R2∗ value means that the concentration of
deoxyhemoglobin increases, which means that the oxygen
partial pressure of surrounding tissues decreases. Therefore,
bold-MRI can be used to assess tissue oxygenation status
noninvastively [29]. This study compared and analyzed the
basic clinical data of patients in the DM group and the DN
group. The results showed that the number of ACEI/ARB
in the DM patient group was much higher than that in the
DM patient group, and the difference was statistically great
(P<0.05). This study also analyzed the differences in bio-

chemical indicators between the two groups of patients.
The results showed that there was no visible difference in
GHb between the two groups of patients, while the Hb and
GFR of the DN group were greatly lower than those of the
DM group, and the Cr and BUN were obviously higher than
those of the DM group. The differences between the two
groups were statistically significant (P<0.05), which was
similar to the results of the study by Samoilova et al.
(2020) [30]. In addition, the R2∗ values (RC-R2∗ and RM-
R2∗) and MRC values of patients in the DN and DM groups
were compared. The results showed that the average MRC
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Figure 7: Correlation analysis between BOLD-MRI and renal function. ∗Compared with eGFR, P<0.05.
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value of the DN group was much lower than that of the DM
group, and the difference was statistically significant, which
further proved the feasibility of BOLD-MRI for the diagnosis
and treatment of DN patients, similar to the results of
Wahba et al. (2018) [31]. In this study, Pearson was used
to analyze the correlation between RC-R2∗, RM-R2∗, RC-
D, RM-D and renal function. At the same time, multivariate
regression analysis was used to explore the related factors
affecting the prognosis of patients with urinary disease and
nephropathy. The results showed that RC-R2∗ and RM-
R2∗ were negatively correlated with eGFR, RC-D and RM-
D were positively correlated with eGFR, and eGFR, Hb,
RC-R2∗, RM-R2∗, and RC-D all had an impact on the prog-
nosis of DN patients. An increase in R2∗ indicated a poor
prognosis, and an increase in D value indicated a better
prognosis.

Although bold-MRI technology shows excellent perfor-
mance in the diagnosis of DN, people put forward new
requirements for bold-MRI with the deepening of research
and more and more extensive application. In recent years,
computer technology and network technology continue to
develop and progress, the combination of computer technol-
ogy and medical imaging technology is the development
trend of medical image processing field. FCM is a popular
image processing algorithm recently. At present, this algo-
rithm is widely used in the segmentation of hemorrhagic dis-
eases and tumors [32]. However, its application in bold-MRI
image optimization of DN is almost unknown. The FCM
algorithm was selected to improve the segmentation effect
of BOLD-MRI images in this study. Since the traditional
FCM algorithm is not ideal for image segmentation, the ker-
nel function to optimize the original FCM algorithm to form
the KFCM algorithm. In addition, the BCFCM algorithm
and the EnFCM algorithm were introduced for comparison.
By calculating the Vpc and Vpe of the image segmentation
of the four algorithms, the image segmentation effect was
compared. The results showed that the image segmentation
effect of KFCM algorithm was the best.

5. Conclusion

In this study, a BOLD-MRI image segmentation model
based on the KFCM algorithm was proposed and the
BCFCM and EnFCM were introduced to improve the FCM
algorithm; and the image segmentation effects of KFCM
algorithm, BCFCM algorithm, and EnFCM algorithm were

analyzed and compared, and applied to BOLD-MRI image
segmentation of DN patients. At the same time, Pearson
was used to analyze the correlation between BOLD-MRI
images and prognosis of DN patients. The results showed
that the segmentation performance of BOLd-MRI image by
KFCM algorithm was the best, and there was a strong corre-
lation between each index of bold-MRI image and the
method rise of dn. This indicated that bold-MRI based on
KFCM algorithm showed good clinical application value in
diagnosis and prognosis judgment. However, the sample size
of this study was small, the number of patients included was
limited, and the results of the study were not overall repre-
sentative. In addition, the R2∗ value was affected due to
the different drugs used to control blood glucose and differ-
ent blood glucose control levels in patients, and the above
factors needed to be taken into consideration in future
research. This study further proved that the damage of DM
to the renal function of patients was multi-directional and
multi-angle, and it also suggested that BOLD-MRI was help-
ful for diagnosis, treatment, and prognostic analysis of DN
patients.

Data Availability

The data used to support the findings of this study are avail-
able from the corresponding author upon request.

Conflicts of Interest

The authors declare no conflicts of interest.

Authors’ Contributions

Yifan Zhang and Xiaohan Wang contributed equally to this
work.

Acknowledgments

This work was supported by the Wenzhou Basic Scientific
Research Project in 2019 (Y2019055 and Y202078).

References

[1] Y. Z. Feng, Y. J. Ye, Z. Y. Cheng et al., “Non-invasive assess-
ment of early stage diabetic nephropathy by DTI and BOLD
MRI,” The British Journal of Radiology, vol. 93, no. 1105, arti-
cle 20190562, 2020.

[2] Z. C. Li, Y. Z. Cai, Z. G. Tang, P. L. Zuo, R. B. Liu, and F. Liu,
“Lipo-prostaglandin E1 improves renal hypoxia evaluated by
BOLD-MRI in patients with diabetic kidney disease,” Clinical
Imaging, vol. 50, pp. 239–242, 2018.

[3] F. Hua, “New insights into diabetes mellitus and its complica-
tions: a narrative review,” Annals of translational medicine,
vol. 8, no. 24, p. 1689, 2020.

[4] W. J. Yin, F. Liu, X. M. Li et al., “Noninvasive evaluation of
renal oxygenation in diabetic nephropathy by BOLD-MRI,”
European Journal of Radiology, vol. 81, no. 7, pp. 1426–1431,
2012.

[5] Z. J. Wang, R. Kumar, S. Banerjee, and C. Y. Hsu, “Blood oxy-
gen level-dependent (BOLD) MRI of diabetic nephropathy:

Table 1: Multivariate regression analysis of prognosis of DN
patients and corresponding indicators.

Independent variable Dependent variable β

eGFR

With DN or not

0.95#

Hb 0.96#

RC-R2∗ 1.22#

RM-R2∗ 1.15#

RC-D 0.91

RM-D 0.93

#: Compared with RC-D, P <0.05.

8 Computational and Mathematical Methods in Medicine



preliminary experience,” Journal of Magnetic Resonance Imag-
ing, vol. 33, no. 3, pp. 655–660, 2011.

[6] J. Machlowska, J. Baj, M. Sitarz, R. Maciejewski, and R. Sitarz,
“Gastric cancer: epidemiology, risk factors, classification,
genomic characteristics and treatment strategies,” Interna-
tional Journal of Molecular Sciences, vol. 21, no. 11, p. 4012,
2020.

[7] M. Pruijm, L. Hofmann, A. Zanchi et al., “Blockade of the
renin-angiotensin system and renal tissue oxygenation as mea-
sured with BOLD-MRI in patients with type 2 diabetes,” Dia-
betes Research and Clinical Practice, vol. 99, no. 2, pp. 136–144,
2013.

[8] F. Chen, S. Li, and D. Sun, “Methods of blood oxygen level-
dependent magnetic resonance imaging analysis for evaluating
renal oxygenation,” Kidney & Blood Pressure Research, vol. 43,
no. 2, pp. 378–388, 2018.

[9] T. Inoue, E. Kozawa, H. Okada et al., “Noninvasive evaluation
of kidney hypoxia and fibrosis using magnetic resonance
imaging,” Journal of the American Society of Nephrology,
vol. 22, no. 8, pp. 1429–1434, 2011.

[10] S. Zhou, Y. Zhang, T. Wang et al., “Canagliflozin could
improve the levels of renal oxygenation in newly diagnosed
type 2 diabetes patients with normal renal function,” Diabetes
& Metabolism, vol. 47, no. 5, p. 101274, 2021.

[11] Y. Wang, X. Wang, W. Chen et al., “Brain function alterations
in patients with diabetic nephropathy complicated by retinop-
athy under resting state conditions assessed by voxel-mirrored
homotopic connectivity,” Endocrine Practice, vol. 26, no. 3,
pp. 291–298, 2020.

[12] Y. Wang, L. Jiang, X. Y. Wang et al., “Evidence of altered brain
network centrality in patients with diabetic nephropathy and
retinopathy: an fMRI study using a voxel-wise degree central-
ity approach,” Therapeutic Advances in Endocrinology and
Metabolism, vol. 10, no. 10, article 204201881986572, 2019.

[13] Y. C. Wang, Y. Feng, C. Q. Lu, and S. Ju, “Renal fat fraction
and diffusion tensor imaging in patients with early-stage dia-
betic nephropathy,” European Radiology, vol. 28, no. 8,
pp. 3326–3334, 2018.

[14] J. Y. Kaimori, Y. Isaka, M. Hatanaka et al., “Visualization of
kidney fibrosis in diabetic nephropathy by long diffusion ten-
sor imaging MRI with spin-echo sequence,” Scientific Reports,
vol. 7, no. 1, p. 5731, 2017.

[15] T. Wang, Y. Zhang, N. Wang et al., “Synergistical action of the
β2 adrenoceptor and fatty acid binding protein 2 polymor-
phisms on the loss of glomerular filtration rate in Chinese
patients with type 2 diabetic nephropathy,” International Urol-
ogy and Nephrology, vol. 50, no. 4, pp. 715–723, 2018.

[16] R. D. Gupta, S. S. Haobam, A. Krishna et al., “Clinico-radiolog-
ical characteristics and not laboratory markers are useful in
diagnosing diabetic myonecrosis in Asian Indian patients with
type 2 diabetes mellitus: A 10-year experience from South
India,” Journal of Family Medicine and Primary Care, vol. 7,
no. 6, pp. 1243–1247, 2018.

[17] J. M. Mora‐Gutiérrez, N. Garcia‐Fernandez, M. F. Slon
Roblero et al., “Arterial spin labeling MRI is able to detect early
hemodynamic changes in diabetic nephropathy,” Journal of Mag-
netic Resonance Imaging, vol. 46, no. 6, pp. 1810–1817, 2017.

[18] S. N. Chen, Y. C. Wang, Y. L. Feng, Y. T. Gao, and S. S. Ju,
“Assessment of renal function with intravoxel incoherent
motion and diffusion tensor imaging in type 2 diabetic
patients,” Zhonghua Yi Xue Za Zhi, vol. 98, no. 5, pp. 346–
351, 2018.

[19] J. Rebelo, K. Fernandes, and J. S. Cardoso, “Quality-based reg-
ularization for iterative deep image segmentation,” in 2019
41st Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC), pp. 6734–6737, Ber-
lin, Germany, 2019.

[20] H. Zhang, J. Liu, L. Chen, N. Chen, and X. Yang, “Fuzzy clus-
tering algorithm with non-neighborhood spatial information
for surface roughness measurement based on the reflected
aliasing images,” Sensors, vol. 19, no. 15, p. 3285, 2019.

[21] S. Wang, D. M. Yang, R. Rong, X. Zhan, and G. Xiao, “Pathol-
ogy Image Analysis Using Segmentation Deep Learning Algo-
rithms,” The American Journal of Pathology, vol. 189, no. 9,
pp. 1686–1698, 2019.

[22] R. Wang, Z. Lin, X. Yang et al., “Noninvasive evaluation of
renal hypoxia by multiparametric functional MRI in early dia-
betic kidney disease,” Journal of Magnetic Resonance Imaging,
vol. 55, no. 2, pp. 518–527, 2022.

[23] J. Saito, E. Suzuki, Y. Tajima, K. Takami, Y. Horikawa, and
J. Takeda, “Increased plasma serotonin metabolite 5-
hydroxyindole acetic acid concentrations are associated with
impaired systolic and late diastolic forward flows during car-
diac cycle and elevated resistive index at popliteal artery and
renal insufficiency in type 2 diabetic patients with microalbu-
minuria,” Endocrine Journal, vol. 63, no. 1, pp. 69–76, 2016.

[24] K. M. Gooding, C. Lienczewski, M. Papale et al., “Prognostic
imaging biomarkers for diabetic kidney disease (iBEAt): study
protocol,” BMC Nephrology, vol. 21, no. 1, p. 242, 2020.

[25] Y. G. Samoilova, M. V. Matveeva, O. S. Tonkikh et al., “Trak-
tografiya golovnogo mozga pri sakharnom diabete i kognitiv-
nykh narusheniyakh [Brain tractography in type 1 and 2
diabetes and cognitive impairment],” Zhurnal Nevrologii i Psi-
khiatrii Imeni S.S. Korsakova, vol. 120, no. 10, pp. 33–37, 2020.

[26] C. Wang, W. Pedrycz, J. Yang, M. Zhou, and Z. Li, “Wavelet
frame-based fuzzy C-means clustering for segmenting images
on graphs,” IEEE transactions on cybernetics, vol. 50, no. 9,
pp. 3938–3949, 2020.

[27] W. Lu and Z. Yan, “An improved fuzzy C-means clustering
algorithm for assisted therapy of chronic bronchitis,” Technol-
ogy and Health Care, vol. 23, no. 6, pp. 699–713, 2015.

[28] S. Liu, L. Dong, X. Liao, X. Cao, and X. Wang, “Photovoltaic
Array fault diagnosis based on Gaussian kernel fuzzy C-means
clustering algorithm,” Sensors, vol. 19, no. 7, p. 1520, 2019.

[29] E. N. Wahba, A. Elsharkawy, M. H. Awad, A. Abdel Rahman,
and A. Sarhan, “Role of magnetic resonance diffusion weighted
imaging in diagnosis of diabetic nephropathy in children living
with type 1 diabetes mellitus,” Journal of Pediatric Endocrinol-
ogy & Metabolism, vol. 34, no. 12, pp. 1585–1591, 2021.

[30] R. Bijkerk, M. H. Kallenberg, L. E. Zijlstra et al., “Circulating
angiopoietin-2 and angiogenic micro RNAs associate with
cerebral small vessel disease and cognitive decline in older
patients reaching end stage renal disease,” Nephrology, Dialy-
sis, Transplantation, vol. 37, article gfaa370, 2022.

[31] C. Kopp, P. Linz, C. Maier et al., “Elevated tissue sodium depo-
sition in patients with type 2 diabetes on hemodialysis detected
by 23Na magnetic resonance imaging,” Kidney International,
vol. 93, no. 5, pp. 1191–1197, 2018.

[32] C. Vinovskis, L. P. Li, P. Prasad et al., “Relative Hypoxia and
Early Diabetic Kidney Disease in Type 1 Diabetes,” Diabetes,
vol. 69, no. 12, pp. 2700–2708, 2020.

9Computational and Mathematical Methods in Medicine


	Correlation between Blood Oxygen Level-Dependent Magnetic Resonance Imaging Images and Prognosis of Patients with Multicenter Diabetic Nephropathy on account of Artificial Intelligence Segmentation Algorithm
	1. Introduction
	2. Materials and Methods
	2.1. Research Objects
	2.2. Image Inspection and Image Processing
	2.3. Establishment of KFCM
	2.4. Observation Indicators
	2.5. Statistical Analysis

	3. Results
	3.1. General Clinical Data
	3.2. Statistics of Biochemical Indicators
	3.3. Comparison on the Segmentation Effects of Three Optimized Algorithms
	3.4. Imaging Data of Patients
	3.5. Results of RC-R2&midast;, RM-R2&midast;, and MCR Values
	3.6. Correlation Analysis between BOLD-MRI and Renal Function
	3.7. Multivariate Regression Analysis

	4. Discussion
	5. Conclusion
	Data Availability
	Conflicts of Interest
	Authors’ Contributions
	Acknowledgments

