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,is study was aimed to realize the automatic segmentation of communicating hydrocephalus lesions in brain CT after
decompressive craniotomy (DC) in patients with traumatic brain injury (TBI) and discover correlation between cerebrospinal
fluid changes and communicating hydrocephalus. Based on the traditional fuzzy C-means (FCM) algorithm, a new segmentation
method filter-based FCM (FBFCM) algorithm was proposed. With 56 TBI patients as the research objects, the hydrocephalus
lesions in CT images of patients after DC were segmented. ,e segmentation success rate (SSR), the segmentation coefficient Epc,
the segmentation entropy Epe, and the number of iterations were indicators reflecting segmentation performance of FBFCM.,e
region of interest (ROI) on the segmented image was used to study the patient’s cerebral aqueduct, foramenmagnum, and C2 level
of the cerebrospinal fluid velocity and flow, to analyze the characteristics of the occurrence of communicative hydrocephalus. It
was indicated that average Epc of FBFCM algorithm was 0.9321± 0.0144, Epe was 0.1126± 0.0081, the average number of iterations
was 14.42± 3.79, and the segmentation success rate was 96%. Moreover, the above four indicators had statistically considerable
differences compared with those of the FCM algorithm and the hard clustering algorithm (HCM) (P< 0.05). Analysis of the
cerebrospinal fluid flow rate in patients with communicative hydrocephalus found that the cerebrospinal fluid flow rate at the
midbrain aqueduct of the patient increased greatly. ,e net flow was 0.000± 0.004mL/s in the aqueduct of the midbrain,
0.001± 0.006mL/s in the foramenmagnum, and 0.002± 0.004mL/s in the C2 layer. In summary, the FBFCM algorithm is effective
in the segmentation and processing of CT images, which can further improve the effect of this diagnosis. After examination, it is
concluded that the cranial cerebrospinal fluid flow rate and flow of TBI patients are improved after DC treatment, so that the
patient’s condition can be effectively relieved. It has promotion value with clinical application.

1. Introduction

Traumatic brain injury (TBI) is caused by traffic accidents
and various factors in everyday life [1, 2]. After TBI, most
patients chose conservative treatment [3–5], but when in-
tracranial pressure (ICP) was consistently higher than
20–25mmHg, decompressive craniotomy (DC) should be
performed to remove intracranial hematoma and necrotic
brain tissue to reduce intracranial pressure in patients with

CT showing large intracranial hematoma, midline dis-
placement, and ring cistern closure [6, 7]. Under normal
circumstances, the secretion and absorption of cerebrospinal
fluid maintain a dynamic balance, but when this balance is
broken, such as increased intracranial pressure, excessive
secretion of cerebrospinal fluid, or incomplete absorption of
cerebrospinal fluid, there will be more and more accumu-
lation of cerebrospinal fluid, resulting in dynamic expansion
of the ventricular system and hydrocephalus formation.
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Posttraumatic hydrocephalus (PTH) is one of the most
common complications after DC in TBI patients [8]. Clinical
studies suggested that the pathogenesis of PTH is due to the
oversecretion of cerebrospinal fluid after DC, which leads to
abnormal changes in cerebrospinal fluid circulation dynamics
and ultimately leads to the massive accumulation of cere-
brospinal fluid in the ventricular or intracranial subarachnoid
space [9]. At present, CTand MRI are mainly used as auxiliary
examinations for hydrocephalus. MRI can clarify the diagnosis,
classification, and cause of hydrocephalus, which can alsomake
surgical plans and evaluate postoperative efficacy successively.
,e MRI manifestations of normal cranial hypertensive hy-
drocephalus are the narrowing of the convex and medial
subarachnoid space of the brain, the enlargement of the
ventricular system, and the widening of the lateral cleft cistern
[10]. However, conventional MRI could not diagnose ob-
struction in water pipes, adhesion of basal cisterna, etc., which
are just the main cause of communicating hydrocephalus [11].
CT mainly shows the enlargement of the lateral ventricle, the
third ventricle, and the fourth ventricle, as well as the widening
of the bilateral frontal angle with a size of more than 2 cm.
Temporal horn and aqueduct are seen, and the third ventricle is
dilated, so CT is still the main method for the examination of
communicating hydrocephalus [12]. However, there is noise
and tissue overlap in the brain CT image, and the location of
edema is uncertain. ,e similarity between the lesions and the
whitematter will make the diagnosis difficult for clinicians [13],
thus affecting the clinical treatment of communicating
hydrocephalus.

In recent years, computer-aidedmedical image analysis has
obvious advantages in major breakthroughs in technology and
improvement of medical service efficiency and capacity [14].
Segmentation means automatic or semiautomatic extraction of
target regions from images for clinicopathological studies and
disease diagnosis. However, as the current medical images
output by complex imaging instruments are with massive
miscellaneous medical information, the judgment accuracy of
clinicians is affected in manual or semiautomatic methods,
resulting in an increase in the rate of false detection [15]. Due to
the above reasons, intelligent algorithm was employed to
segment CT images, while fuzzy C-means (FCM) clustering
algorithm was proved to have good effect in image segmen-
tation after a large number of studies and analyses [16, 17].
However, the consideration of this algorithm is not compre-
hensive enough, and the noise tolerance is poor, resulting in the
reduction of the segmentation effect of the FCMalgorithm [18].
,erefore, this study will improve and optimize the FCM al-
gorithm and construct a lesion segmentation model based on
the improved FCM algorithm, in order to explore the rela-
tionship between cerebrospinal fluid changes and communi-
cating hydrocephalus after DC in TBI patients. It aimed to
provide data reference for post-DC brain image recognition
and lesion diagnosis in TBI.

2. Methods

2.1. Experimental Objects. A total of 56 patients with TBI
treated in hospital from June 2018 to May 2019 were
recruited. ,ere were 38 males with an average age of

45± 10.12 years and 18 females with an average age of
44.28± 9.16 years. Among the 56 patients, 29 were injured by
car accident, 17 were injured by falling from height, and 10
were injured by hitting. All patients were admitted to
hospital within 24 h after injury and received unilateral
standard DC. All patients had signed the informed consent
form, and this study had been approved by the ethics
committee of the hospital.

2.2. Inclusion and Exclusion Criteria. Inclusion criteria were
as follows: (i) patients aged between 18 and 65 years old, had
a certain history of trauma, and had a certain organic TBI
confirmed by CTand (ii) patient required surgical treatment
with unilateral standard DC.

Exclusion criteria were as follows: (i) patient who had a
history of TBI surgery, hydrocephalus, cerebrovascular
disease, and so on; (ii) intracranial infection occurred after
admission; and (iii) patient who had severe heart, brain,
kidney, and lung diseases.

2.3. Surgical Methods. All preoperative preparations were
completed after admission for all TBI patients, and con-
traindications for surgery were excluded. Conventional drug
treatment was given before operation. According to the
pathological characteristics of the patients, standard trau-
matic large bone flap surgery was performed. ,e patient
was cut 1 cm in front of the tragus above the zygomatic arch,
which was extended to the midline of the parietal bone from
the upper and posterior direction of the auricle and then
along the midline forward to the forehead under the hairline.
Free bone flap or bone flap with temporal muscle was used.
,e range of bone flap was 10∼12×10∼12 cm. ,e patient’s
epidural hematoma, subdural hematoma, and intracerebral
hematoma were removed. After the clearance, the tempo-
ralis fascia or artificial dura was removed for relaxation
suture, and the scalp was sutured to complete the operation.

2.4. Implementation of CT Image SegmentationMethod Based
on FCM Algorithm. When the image is segmented, due to
the differences of individual patients and the influence of
imaging equipment, the obtained medical images usually
have the characteristics of complexity and particularity. ,e
difficulty of segmentation is increased when the image is
segmented. FCM algorithm is the most classic fuzzy theory.
According to ambiguity of the real data, FCM algorithm
segments the image without any human intervention, which
avoids threshold manually set in advance [19]. Fuzzy sets are
different from classic sets that are expressed as follows.

HA(x) �
1, x ∈ A

0, x ∉ A
 (1)

In the above equation, HA(x) is the characteristic
function of the set A. When x is in it, the function is 1, and it
is 0 when x ∉ A. ,e above equation shows that the element
x can only belong to a certain set, but the boundary of the set
is fuzzy, so the set has the characteristic of “this and that.” In
general, a membership is established for each element and
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set. Each x of the sets is mapped to HA(x) on interval [0, 1]

by HA. ,e larger HA(x), the greater the possibility of x
belonging to A. ,e smaller HA(x), the smaller the possi-
bility of x belonging to A. Classical set is a special kind of
fuzzy set. When universe of discourse is a discrete finite set,
there is the following equation.

X � x1, x2, x3, · · · xn−1, xn . (2)

,e fuzzy set is as follows.

A � HA x1( , HA x2( , · · · HA xn(  . (3)

Each element x of fuzzy set has a corresponding degree
function HA(xi). Zadeh’s study is as follows.

A � HA(x)|x ∈ X . (4)

,e pairwise notation is as follows.

A � HA xA( , x1( , HA xA( , x2( , · · · , HA xA( , xn(  . (5)

,e simple membership is as follows.

A � HA x1( , HA x2( , · · · , HA xn(  . (6)

,e FCM algorithm uses iterative optimization of the
objective function and sets a certain degree of each sample
regarding membership function. ,e following matrix is
the membership relationship between sample and
category.

U �

H11, H12, · · · , H1z

H21, H22, · · · , H2z

· · ·

Hc1, Hc2, · · · , Hcz

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (7)

In calculation, the constraints in (8) should be satisfied.


c

i�1
Ail � 1, 1≤ l≤ z. (8)

Objective function of FCM is as follows.

fFCM(U, S) � 
c

l�1


z

i�1
H

t
il d

2
il, (9)

d
2
il � xi − hi

����
����
2
, (10)

In equations (8) and (9), t is the fuzzy factor, which sets
degree of fuzziness of cluster’s fuzzy set samples among

different classes. ‖xi − hl‖ is a paradigm between feature
vector and cluster center, and Ht

il is membership of pixel xi

that belongs to the lth cluster center. d2
il is Euclidean spatial

distance between sample xi and cluster center, which must
meet the following constraint.



c

l�1
Hil � 1, Hil ∈ (0, 1), 1≤ i≤ n, 1≤ l≤ c. (11)

,e multiplier method is utilized by FCM to update
objective function iteratively, and membership matrix up-
date is illustrated as follows.

Hil �
1


c
j�1 dil/djl 

2/t− 1. (12)

Update function for calculation of cluster centers is
expressed as follows.

hi �


z
l�1 Hil( 

t
xl


z
l�1 Hil( 

t , 1≤ i≤ c. (13)

When FCM is employed to segment the CT image of
the brain of a TBI patient, an original image is first input.
After that, ambiguity t and number c of clusters are de-
termined. Iteration number is set as T. Matrix U is ini-
tialized under constraints. Number of iterations is set to
T � T + 1 after the initialization, and cluster centers and
the membership degree matrix are updated iteratively.
Two adjacent cluster centers are compared after the up-
date. ,en, the difference between them is calculated. ,e
operation ends if difference is lower than convergence
accuracy or number of iterations exceeds the set maxi-
mum iterations. Cluster center and membership matrix
before the end are output. Finally, the following equation
determines the attribution of the pixels on CT image based
on principle of maximum membership.

Cj � arg i max Hij ∀i,∀j. (14)

FCMhas a poor tolerance for noise. Image will inevitably
be interfered by some noise in the actual segmentation
process, resulting in poor segmentation effect of the FCM
algorithm. Figure 1 shows the anti-noise effect of FCM.

To denoise for FCM, a spatial filter was incorporated. CT
images of the brain of TBI patients were filtered by Gaussian
filter and median filter, and the filter-based FCM (FBFCM)
was proposed. FBFCM’s objective function is expressed as
follows.

fFBFCM � 
c

i�1


(x,y)∈I
H

t
i (x, y) I(x, y) − hi

����
����
2

+ α
c

i�1


(x,y)∈I
H

t
i(x, y) 

(x,y)∈Nj

G(x, y) − hi

����
����
2
,

+ β
c

i�1


(x,y)∈I
H

t
i(x, y) 

(x,y)∈Nj

M(x, y) − hi

����
����
2
.

(15)
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In equation (15), c represent cluster centers, and t is fuzzy
weighting index of FBFCM. ,e larger t, the more obvious
the smoothing effect. I(x, y) is gray of pixel at point (x, y) in
original image. Nj is neighborhood of current pixel, and NR

is pixel neighborhood’s size. α and β are penalty factors, hi is
cluster center set, Ht

i(x, y) is set of fuzzy membership de-
grees of pixel (x, y) to the ith cluster center, and its function
expression is as follows.

H � hi , (i � 1, 2, 3, · · · , c), (16)

H � hi , (i � 1, 2, 3, · · · , c), (17)

,emembership degreematrix and cluster center update
are illustrated as follows.

hi �
(x,y)∈IH

t
i (x, y)[I(x, y) + αG(x, y) + βM(x, y)]

(1 + α + β)(x,y)H
t
i(x, y)

, (18)

Hi(x, y) � 
c

l�1

I(x, y) − hi

����
����
2

+ α G(x, y) − hi

����
����
2

+ β M(x, y) − hi

����
����
2

I(x, y) − hl

����
����
2

+ α G(x, y) − hl

����
����
2

+ β M(x, y) − hl

����
����
2

⎛⎝ ⎞⎠

1/m− 1

⎛⎜⎝ ⎞⎟⎠

− 1

,

i � 1, 2, 3, · · · , c.

(19)

When the FBFCM algorithm is operated, the algorithm
is initialized. Termination error threshold and the maximum
number of iterations Tmax are set. Cluster centers are
extracted under iterative conditions after the CTimage of the
patient’s brain was input.

,e enhanced spatial filter is adopted to denoise the CT
image of brain, and the filtered data G(x, y) and M(x, y) are
recorded.

Cluster center and fuzzy membership matrix after
denosing are updated by FBFCM. Two adjacent cluster
centers are compared, and difference between the two is
calculated. It is determined whether to end the operation
regarding termination condition of FBFCM. After the al-
gorithm runs, the obtained membership matrix receives
threshold calculation, and it calculates the maximum of each
row in matrix. Element of the maximum is set to 1.
Membership matrix is then obtained, and the brain CT
image segmentation is completed.

2.5. Detection Indicators. To evaluate the effectiveness of
the FBFCM algorithm for segmentation of CT images
after DC, the segmentation success rate (SSR), segmen-
tation coefficient Epc, and segmentation entropy Epe were
used for evaluation. ,e function expressions are as
follows.

SSR �
GCorrect

NTotal
× 100%, (20)

Epc �
1
N



c

i�1


(m,n)∈I
H

t
i(m, n), (21)

Epe � −
1
N



c

i�1


(m,n)∈I
Hi(m, n) log Hi(m, n). (22)

In equations (20)–(22), GCorrect represents the number
of images that are correctly segmented, and NTotal is total
number of images. In actual segmentation, the closer Epc is
to 1 and the closer Epe is to 0, the better the segmentation
effect is. FCM algorithm and HCM algorithm were
adopted for comparison. ,e pixel data in the ROI in each
CT image of the patient were analyzed, and so was the flow
of cerebrospinal fluid in the midbrain aqueduct and spinal
canal.

2.6. Statistical Treatment. SPSS 22.0 was employed. Mean-
± standard deviation ( x± s) was the form of expression of
measurement data. ,e t-test was adopted for data com-
parison between groups if data were normal distribution,
while rank-sum test was used for data comparison if non-
normal distribution was not followed. If multiple sets of data

Figure 1: ,e clustering results of FCM. (a) ,e original image. (b) ,e image after addition of Gaussian noise. (c) ,e clustering result.
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were compared with normal distribution, analysis of vari-
ance was used. ,e difference was considerable if P< 0.05.

3. Results

3.1. Performance Analysis Based on Different Segmentation
Algorithms

3.1.1. Comparison of Segmentation Coefficient and Segmen-
tation Entropy Epe. In this study, the segmentation coeffi-
cient Epc and segmentation entropy Epe were calculated to
objectively evaluate FBFCM.Manual segmentation results of
clinical radiologists were used as the gold standard and were
compared with others (Figure 2).,e average Epc of the FCM
algorithm was 0.8386± 0.0651, and Epe was 0.2255± 0.0103.
,e average Epc of the HCM algorithm was 0.8169± 0.0778,
and Epe was 0.2831± 0.0224. ,e average Epc of FBFCM was
0.9321± 0.0144, and Epe was 0.1126± 0.0081. It was found
that Epc and Epe of FBFCM were far superior to other al-
gorithms (P< 0.05). By comparing the number of iterations
of different algorithms, it was found that the average number
of iterations of FBFCM was 14.42± 3.79, which was statis-
tically different from the FCM algorithm and the HCM
algorithm (P< 0.05).

3.1.2. Comparison of Segmentation Time and Success Rate.
Different algorithms were used to segment the image, and
the two parameters of segmentation time and segmentation
success rate were recorded when the image was segmented.
In Figure 3, the segmentation success rate of FBFCM was
96%, and the average time was 15.11± 3.29s, which was
much lower than that of HCM algorithm. ,e FCM algo-
rithm had a relatively shorter segmentation time but a lower
segmentation success rate, and the HCM algorithm had the
worst segmentation success rate and a longer time (P< 0.05).
,erefore, FBFCM was more suitable for the segmentation
of CT images of communicating hydrocephalus.

3.2. Image Filtering Processing. For the noise interference in
the CT image of patients with TBI, the Gaussian filter and
median filter in the FBFCM algorithm can filter the noise in
the CT image, thereby suppressing the noise to the greatest
extent. CT sequence images of one of the patients were
selected to perform a filtering test, and the results are shown
in Figure 4. ,e patient was a male with a severe open head
injury due to a car accident. CT revealed bilateral temporal
lobe epidural/subdural hematomas, multiple skull fractures,
brain contusions, and subarachnoid hemorrhage. After
admission, the preoperative examinations were performed,
and so were craniotomy hematoma removal, craniectomy
decompression, and skull defect repair in the emergency
department under general anesthesia. ,e patient was cured
after 40 days, and no obvious sequelae were found. ,rough
filtering the CT images of the brain before and after the
operation, it was found that the FBFCM algorithm can well
retain important information such as the edge of the image
while suppressing noise points.

3.3. FBFCM Algorithm Segmentation Results. Of the CT
sequence images of communicating hydrocephalus in pa-
tients with TBI after DC, three randomly selected images
were segmented using FBFCM algorithm to illustrate the
accuracy of FBFCM algorithm segmentation. In Figure 5, the
patient’s CT showed that the ventricle was greatly enlarged.
FBFCM algorithm was used to extract the patient’s intra-
cranial tissue, and then the intracranial tissue map was
inverted to obtain the FBFCM cluster segmentation map.
,e results showed that when the gray level difference be-
tween the hydrocephalus area and the surrounding brain
was small, FBFCM can still obtain good segmentation
results.

3.4. CT Examination Results. CT examination was per-
formed in 56 patients with TBI before decompression, and
the pathological types of the patients were analyzed. ,e
results are shown in Figure 6.

3.5. Correlation Analysis between Communicating Hydro-
cephalus and Changes in Cerebrospinal Fluid. A total of 7
cases of communicating hydrocephalus were diagnosed in
56 TBI patients after decompressive craniectomy. ,e pa-
tients’ cerebral aqueduct, foramen magnum, and C2 level
cerebrospinal fluid velocity and flow were calculated
through the ROI in the image, and the results are shown in
Figures 7 and 8. ,e peak velocity and flow of cerebrospinal
fluid at the level of cerebral aqueduct in patients with
communicating hydrocephalus increased greatly, which was
statistically different compared with normal patients
(P< 0.05). ,e cerebrospinal fluid at the foramen magnum
and the cerebrospinal fluid at the C2 level were smaller than
those of normal patients, but there was no remarkable
difference compared with normal patients (P> 0.05).

4. Discussion

Currently, it is believed that cerebrospinal fluid is mainly
produced and secreted by choroid plexus tissues distributed
on the ventricular wall [20–22]. Traffic hydrocephalus refers
to the excessive accumulation of cerebrospinal fluid in the
ventricular system or subarachnoid space [23]. In the
treatment of TBI patients, tissue damage leads to increased
cerebrospinal fluid secretion and increased intracranial
pressure. Hydrocephalus is a dynamic process, and CT and
MRI are often used for auxiliary examination. Segmentation
means automatic or semiautomatic extraction of target
regions from images for clinicopathological studies and
disease diagnosis. However, as the current medical images
output by complex imaging instruments are with massive
miscellaneous medical information, the judgment accuracy
of clinicians is affected in manual or semiautomatic
methods, resulting in an increase in the rate of false de-
tection. MRI is used to diagnose hydrocephalus, classify
hydrocephalus, and identify the etiology, so as to formulate
the surgical plan and evaluate the postoperative efficacy.
However, there are noise and tissue overlap in brain CT
images, the location of edema is uncertain, and the similarity
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between lesions and white matter brings difficulties to the
diagnosis of clinicians. To solve this problem, FBFCM
segmentation algorithm was used to optimize CT images in
this study, and it was used for post-DC brain examination
and diagnosis of TBI patients.

,e results showed that Epc (0.9321± 0.0144), Epe
(0.1126± 0.0081), and segmentation accuracy (96%) of
FBFCM algorithm were significantly better than those other
algorithms. ,e average number of iterations of FBFCM
(14.42± 3.79) was also lower than that of other algorithms
(P< 0.05). ,e segmentation time of FCM ((7.26± 2.78) s)
was shorter than that of FBFCM ((15.11± 3.29) s), but the
segmentation accuracy was too low (35%). In summary, the
hydrocephalus region segmented by FBFCM algorithm was

close to the real region, and the results were reproducible. In
the case of a small amount of image data, the original image
details were retained to the maximum extent. It was suitable
for the segmentation of hydrocephalus lesions. ,e seg-
mentation was completely automatic, and the segmentation
results were accurate and reliable. It also indicated that
Gaussian filter and median filter were effective in improving
FCM algorithm. Tamal [24] proposed in their study that the
segmentation algorithm using Gaussian filter can improve
the reproducibility, robustness, and accuracy of segmenta-
tion. Pollnow et al. [25] pointed out in their study that
Gaussian filter is a suitable tool for studying fluorescence
optical data with low SNR. Pandey et al. [26] proved that
median filter improved image quality. Wiharto and Suryani
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[27] used median filter to optimize FCM in their study, and
the results showed that the segmentation effect was signif-
icantly improved. ,e velocity and flow of cerebrospinal

fluid in foramen magnum and C2 were lower than those in
normal patients, but there was no statistical difference
(P> 0.05). ,ose were similar to the research conclusions of

(a) (b) (c) (d)

Figure 4: FBFCM algorithm filtering results. (a) ,e preoperative original image. (b) ,e preoperative filtered image. (c) ,e postoperative
original image. (d) ,e postoperative filtered image.

Original
image

Brain tissue
extract results

Segmentation
results

Figure 5: Segmentation results of FBFCM algorithm. (a) Segmentation results. (b) Brain tissue extract results. (c) Original image.
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(a) (b) (c)

(d) (e) (f )

Figure 6: Examples of CT images of some patients’ brains. (a) Normal brain. (b) Scalp injury. (c) Skull fracture. (d) Subdural hematoma. (e)
Subdural hematoma. (f ) Hydrocephalus.
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Lalou et al. [28]. It may be because the subarachnoid space
compliance of patients with communicating hydrocephalus
was reduced, resulting in weakened arterial pulsation and
increased intracranial pulse pressure, thus expanding the
ventricular system. ,e simultaneous reduction of arterial
pulsation led to a decrease in cerebrospinal fluid volume, a
decrease in the pressure on the cortical vein into the dural
sinus, and a decrease in arterial expansion causing decrease
in cerebral blood flow.

5. Conclusion

In this study, CT images based on improved FCM seg-
mentation algorithm were used for post-DC brain exami-
nation and diagnosis of TBI patients, and its application
value was evaluated. ,en, the correlation between post-
operative cerebrospinal fluid changes and traffic-induced
hydrocephalus was analyzed and studied.,e results showed
that FBFCM has a significant application effect in the seg-
mentation processing of CT images, which can further
improve the effect of the diagnosis. After examination, it is
concluded that the cranial cerebrospinal fluid flow rate and
flow of TBI patients are improved after DC treatment, so
that the patient’s condition can be effectively relieved. It has
promotion value with clinical application. However, this
study still has some limitations, which are reflected in the
relatively low incidence of cases in a single medical insti-
tution. In addition, due to the limitations of various in-
clusion conditions, the overall sample size is relatively small,
and the results of statistical analysis from different per-
spectives may have large errors, which will be addressed in
the future work.

Data Availability

,e data used to support the findings of this study are
available from the corresponding author upon request.
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