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,is study aimed to analyze the diagnostic value of magnetic resonance imaging (MRI) combined with computed tomography
(CT) based on the improved algorithm for acquired immune deficiency syndrome (AIDS) combined with spinal tuberculosis, so
as to provide an effective reference theory for the clinical application of imaging diagnosis. ,e ResNet and Inception network
structure were combined to form an improved convolutional neural grid classification (CNGC) algorithm. ,e improved al-
gorithmwas applied to AIDS patients with spinal tuberculosis to evaluate its diagnostic effect and value. 50 patients with AIDS and
spinal tuberculosis and 50 patients with spinal tumors were selected for MRI and CTscans. ,e results showed that the accuracy,
specificity, and sensitivity of the improved ResNet-Inception algorithm were much higher than those of the ResNet18 and
GoogLeNet algorithms. In addition, compared with the training losses of ResNet18 and GoogLeNet algorithms that converged
after 700 times, the ResNet-Inception algorithm only required 350 times to achieve convergence. Based on the improved ResNet-
Inception algorithm, the false positive rate (FPR) of AIDS combined with spinal tuberculosis in imaging examinations was about
4%, which was greatly lower than that of the other two traditional algorithms (P< 0.05). It can be seen that the improved ResNet-
Inception algorithmwasmore valuable than traditional algorithms forMRI combined with CTin the diagnosis of AIDS combined
with spinal tuberculosis and showed great clinical value for the diagnosis of the disease and the differential diagnosis of
spinal tumors.

1. Introduction

Acquired immune deficiency syndrome (AIDS) is caused by
human immunodeficiency virus infection and belongs to the
immune system deficiency syndrome dominated by T-cell
immunodeficiency [1, 2]. ,e immune system of AIDS
patients is low, and they are very likely to be infected with
other diseases [3, 4]. Tuberculosis is the most common and
most likely secondary infection, and it is also one of the
longest causes of death of AIDS patients [5]. ,erefore, in
recent years, the number of AIDS patients with spinal tu-
berculosis has gradually increased, and the corresponding

diagnosis and treatment methods are different from single
disease infection, and the main characteristics of the two
diseases need to be considered [6–9]. Patients with com-
bined disease mainly manifested as combined lung and
extrapulmonary tuberculosis. Among them, a large group of
patients with extrapulmonary tuberculosis manifested as
spinal tuberculosis [10–13].

,ere are two main types of diagnostic methods for
AIDS combined with spinal tuberculosis: laboratory tests
and imaging tests. Laboratory examinations often use po-
lymerase chain reaction technology, recombinant enzyme
polymerase isothermal amplification technology, and
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GeneXpert detection technology, to achieve the purpose of
diagnosis of diseases through the rapid amplification of
nucleic acids [14]. In addition, the increase in blood cell
sedimentation rate and C-reactive protein are often used as
laboratory diagnostic methods, but this type of diagnostic
technology has a major drawback. ,e test indicators are
nonspecific, and there is often the possibility of mis-
diagnosing other spinal-related tumors or infections as
AIDS combined with spinal tuberculosis [15, 16]. At the
same time, this diagnosis result cannot identify the specific
reasons for the changes in the indicators. ,erefore, it is of
little significance in the diagnosis of AIDS patients with
spinal tuberculosis. ,ere are several types of imaging ex-
aminations: magnetic resonance imaging (MRI), computed
tomography (CT), and X-ray photography, etc. [17]. Among
them, X-ray photography has great advantages in imaging
examinations. It is characterized by the low cost of detection
and easy operation of the detection process. A more com-
prehensive assessment can also be carried out. At the same
time, it is clear whether there are other diseases such as
spinal fracture deformity or degenerative changes. Its dis-
advantage is that it is diagnosed in the middle or late stage of
the disease, and it is unable to provide guiding opinions for
the early diagnosis [18]. Compared with X-ray photography,
CT has great advantages in early diagnosis and higher
sensitivity and can avoid the influence of overlap or artifacts
in the X-ray photography process. In addition, CTcan show
the specific conditions of bone disease in more detail and
perfection [19]. MRI is superior to CT in early diagnosis. For
the inspection and diagnosis of spinal calcification, abnor-
mal pyramidal shape, and destruction of intervertebral discs,
MRI is more sensitive and has a higher detection rate [20].
For a more comprehensive and accurate diagnosis and
examination of AIDS patients with spinal tuberculosis, it is
more common to use a combination of these three detection
methods or a combination of two.

Clinicians often cannot sum up quantitative and accu-
rate medical information from MRI or CT images with the
naked eye. ,e emergence of medical image analysis and
processing technology has solved this dilemma and has
become an important helper for clinical diagnosis. By
reading a large number of extremely complex impact in-
formation from MRI or CT detection results, and estab-
lishing corresponding algorithms for further analysis and
clarification, it helps clinicians to diagnose the disease more
accurately and quickly and obtains more in-depth infor-
mation about the disease. However, MR or image contrast is
low, and each organization in the image is not clearly dis-
tinguished. Traditional image processing methods cannot
accurately segment and extract clear and intuitive edges and
obtain accurate edge data information. Convolutional neural
network (CNN) is a type of deep neural network. ,e
component is a deeper grid structure, which can read image
data as visible pathological features and discover feature data
that cannot be read by the human eye.,is is very important
for MRI and CT images in the diagnosis of AIDS with spinal
tuberculosis [21–24]. It is worthy of further exploration and
pursuit to optimize and improve it to show the shape and
pathological changes of the spine more clearly.

In this study, the ResNet was combined with Inception
network structures and introduced with the stem, SE-block,
and reduction to form an improved convolutional neural
grid classification (CNGC) algorithm, which was applied to
patients with AIDS combined with spinal tuberculosis and
compared with the traditional ResNet18 and GoogLeNet to
evaluate its diagnostic effect and value. 50 AIDS patients
with spinal tuberculosis and 50 cases of spinal tumors were
selected, and they were scanned by MRI and CT; different
classification algorithms were used to compare the diag-
nostic effects of AIDS combined with spinal tuberculosis to
evaluate the diagnostic value of MRI combined with CT
based on the improved algorithm.

2. Materials and Methods

2.1. Research Objects. In this study, 50 patients with AIDS
and spinal tuberculosis (experimental group) and 50 patients
with spinal tumors (control group) in the hospital from
February 2, 2020, to June 2, 2021, were selected, with the age
range of 20–69 years. ,is study obtained the informed
consent of patients and their families, who had signed the
informed consent forms in strict accordance with relevant
regulations. ,is study had been approved by the Ethics
Committee of the hospital.

,e inclusion criteria were given as follows: patients
diagnosed with spinal tuberculosis or spinal tumors by
clinical symptoms and laboratory tests; patients diagnosed
with AIDS according to the Guidelines for the Diagnosis and
Treatment of AIDS in China; patients with MRI and CT
examinations; and patients without examination
contraindications.

,e exclusion criteria were described as follows: patients
who were critically ill; patients whose image quality was too
poor; patients with mental illness and could not cooperate
with surgical treatment; and patients whose family members
did not agree and did not sign informed consent.

2.2. MRI and CT Imaging Examination. CT and MRI im-
aging examinations were performed on 100 patients. ,e
scanning position included the patient’s diseased cone and
adjacent cones. ,e examination conditions were set
according to Table 1.

A 1.5-T magnetic MRI system was used to scan from
three positions, namely, the transverse position, the coronal
position, and the sagittal position. ,e thickness of the
transverse scan was 3.6mm, and the thickness of the other
two azimuths was 3mm. ,e layer spacing was 1mm, the
field of view (FOV) was between 200mm and 340mm, and
the matrix was 256× 256.

2.3. Improved Inception-ResNet Classification Algorithm.
,e residual structure appears in the ResNet model, which
makes it easier to optimize. In the propagation process of
neural networks, the backpropagation often causes the
propagation gradient to gradually disappear during the
propagation process, which can be solved due to the exis-
tence of the residual structure. ,e gradient information of
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the residual structure is easier to propagate during the
backpropagation process, and the network with the residual
module will also get a higher recognition accuracy. At the
same time, the ResNet residual network model uses a large
batch of relatively standardized methods for enzyme
training, and its specific structure model is shown in
Figure 1.

,e network structure models of ResNet and Inception
were combined, while the SE-block and stem were intro-
duced to form a new network structure with many ad-
vantages. First, the size of the convolution kernel was
changed. In order to increase the speed of operation and
deepen the network depth, the original convolution kernel of
the Inception structure was decomposed from 5× 5 and 7× 7
into 5×1 and 1× 5 and 7×1 and 1× 7. Second, the ResNet
residual structure was combined with the Inceptionmodel to
avoid the disappearance of gradient information in the back-
propagation process. At the same time, the addition of SE-
block changed the existing activation function of the change
itself to LeakyReLU, which enhanced the network charac-
teristics and realized the improvement of the network
generalization function.

,e model idea of ResNet-Inception was described as
follows: first, it should extract the feature information in the
Inception network picture and output the read result a,
thereby completing the global average pooling. Second, the
result obtained in the previous step was allowed to pass
through the fully connected layer, so that the updated result
was B1 × a to reduce the number of channels in the result a
and reduce the calculation parameters. ,ird, the values
were continually assigned via the activation function of the
nonlinear layer, and the result of the activation function was
outputted, which was denoted as C. Fourth, the result was
successively input to the fully connected layer, another
parameterDwas introduced, and the resultD2C (B1 × a) was
outputted, so as to achieve the goal of reducing the number
of channels. Next, the result obtained in the previous step
was delivered to the nonlinear layer, and then, the weight
data of each channel mentioned above were obtained. Fi-
nally, the collection of all information parameters was re-
alized in the fully connected layer. At the end of this model,
the corresponding information of the two models (ResNet
and Inception) was superimposed. ,e residual module
belonging to ResNet was only combined with Inception in
the last step. ,e function equation was given as follows:

N � R D2C B1 × a( ( . (1)

In the classification algorithm of this study, cross entropy
was also introduced as a loss function, where c and dwere two
standardized probability distributions, and the cross entropy
of c was represented by d (as shown in (2)) as follows:

M(c, d) � −  c(a)log d(a). (2)

As shown in equations (3) and (4) below, the cross
entropy had to satisfy the probability distribution function
as follows:

∀ac(X − a) ∈ [0, 1], (3)

 c(X − a) � 1. (4)

2.4. Evaluation Criteria. In this study, three common indi-
cators were used to evaluate the diagnostic effect of AIDS
combined with spinal tuberculosis using MRI combined with
CT based on improved algorithms. ,ey were accuracy, spec-
ificity, and sensitivity. ,e calculation methods were as follows:

accuracy �
A + B

A + C + B + D
, (5)

specificity �
B

C + B
, (6)

sensitivity �
A

D + A
. (7)

Here, A is true positive, which meant that the diagnosis
result was positive but the actual result was positive; B refers
to true negative, which meant the diagnosis result was
negative but the actual result was negative; C is false positive,
which meant that the diagnosis result was positive but the
actual result was negative; D represents false negative, which
meant that the actual result was positive and the diagnosis
result was negative.

In this study, the traditional ResNet18 and GoogLeNet
were introduced and compared with the improved Incep-
tion-ResNet classification algorithm for further comparison
and analysis.

2.5. Construction of the Experimental Environment. ,e
experimental environment of this study was as follows:
central processing unit (CPU), Intel I7-7700; graphics pro-
cessing unit (GPU), Nvidia RTX2070; Windows 10 operating
system, and Python language (PyTorch and conda).

2.6. Statistical Analysis. ,e SPSS software was applied to
statistically analyze the data. Data that conformed to normal
distribution were represented by mean± standard deviation
(x± s), the t-test was used to represent measurement data,
and the chi-square (χ2) test was used to represent count data.
P< 0.05 indicated statistical difference.

3. Results

3.1. Diagnostic Results of MRI Combined with CT Based on
Improved Algorithm. ,e accuracy, specificity, and sensi-
tivity of the algorithms were calculated and compared. ,e

Table 1: Scan conditions of the CT imaging test.

Conditions Current (mAs) Voltage (kV) Effective layer thickness (mm) Pitch
Value 200–270 90–125 5 1–1.5
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accuracy, specificity, and sensitivity of the Inception-ResNet
classification algorithm were 96.7%, 98.4%, and 96.3%, re-
spectively; those of the GoogLeNet algorithm were 94.9%,
97.9%, and 93.9%, respectively; and those of the
ResNet algorithm were 94.7%, 96.7%, and 94.9%, respectively.
In addition, it was found that the accuracy, specificity, and
sensitivity of the Inception-ResNet classification algorithmwere
significantly higher than those of ResNet18 and GoogLeNet
(P< 0.05). ,e specific results are shown in Figures 2–4.

3.2.�eResult of the Loss Function of the ImprovedAlgorithm.
After comparison on training loss functions of the three
algorithms, it was found that the loss function of the In-
ception-ResNet classification algorithm had reached con-
vergence after 350 times, and the training loss of ResNet and
GoogLeNet algorithms had reached convergence after 700
times. ,e specific results are shown in Figure 5.

At the same time, the training time and parameter
amount of the three algorithms were compared and ana-
lyzed, and it was found that the training time and parameter
amount of the Inception-ResNet algorithm were greatly
lower than those of the other two algorithms (P< 0.05). ,e
specific results are shown in Figure 6.

3.3. MRI and CT Imaging Data of AIDS Patients with Spinal
Tuberculosis. Figure 7 shows the images of a patient, who
was a 35-year-old male with a history of Horner’s syndrome,
and his neck was enlarged. CT and MRI imaging exami-
nations were performed after admission. ,e results of CT
examinations showed that a large number of pyramidal bone
worm-like damages spread all over the upper thoracic spine,
and a huge low-density edge-enhancing cold abscess was
formed in front of the pyramid. ,e results of the MRI
examination were relatively consistent with CT. In addition
to pyramidal lesions, damage to surrounding soft tissues can
also be observed.

3.4. Comparison ofMisdiagnosis Rates of Different Algorithms
for AIDS Combined with Spinal Tuberculosis. ,e misdiag-
nosis rate of AIDS combined with spinal tuberculosis under
three different algorithms was calculated and compared. It
was found that the improved ResNet-Inception algorithm
showed a misjudgment rate of about 4%, which was lower
than that of the ResNet18 and GoogLeNet algorithms, and
the differences were statistically obvious (P< 0.05). ,e
specific results are shown in Figure 8.

3Х3 conv, 64 3Х3 conv, 128 3Х3 conv, 256 3Х3 conv, 512

Image

fc 1000

Figure 1: Schematic diagram for structure model of ResNet.
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Figure 2: Comparison of accuracy of three algorithms. Note: ∗the
difference was statistically great (P< 0.05).
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Figure 3: Comparison of specificity of three algorithms. Note: ∗the
difference was statistically great (P< 0.05).
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4. Discussion

At present, the morbidity and mortality of AIDS combined
with spinal tuberculosis are gradually increasing. One-third of
AIDS patients worldwide die from spinal tuberculosis, and
tuberculosis has surpassed AIDS to become the infectious
disease with the most death pathology in the world. ,e dual
infection of AIDS and tuberculosis is a process of mutual
exacerbation of the disease process, which leads to rapid
death. ,e death rate of AIDS combined with spinal

tuberculosis is as high as 80%. ,erefore, the accurate di-
agnosis and examination of the disease are extremely im-
portant [25, 26]. In this study, an improved algorithm was
proposed based on MRI combined with CT to diagnose and
check AIDS combined with spinal tuberculosis. ,is im-
proved algorithm combined the ResNet and Inception net-
work structures as well as the stem, SE-block, and reduction
to form an improved CNGC. ,e results showed that the
accuracy, specificity, and sensitivity of the Inception-ResNet
classification algorithm were 96.7%, 98.4%, and 96.3%, re-
spectively; those of the GoogLeNet algorithm were 94.9%,
97.9%, and 93.9%, respectively; and those of the
ResNet algorithmwere 94.7%, 96.7%, and 94.9%, respectively.
Compared with the traditional ResNet18 and GoogLeNet, it
was found that the accuracy, specificity, and sensitivity of the
improved ResNet-Inception algorithm were significantly
higher than those of the ResNet18 and
GoogLeNet algorithms. In addition, compared with the
training loss of ResNet18 and GoogLeNet algorithms that
converge after 700 times, the ResNet-Inception algorithm
only required 350 times to achieve convergence. ,is showed
that the improved ResNet-Inception algorithm was more
valuable than the traditional ResNet18 and
GoogLeNet algorithms for MRI combined with CTdiagnosis
of AIDS combined with spinal tuberculosis.

In this study, 50 AIDS patients with spinal tuberculosis
and 50 patients with spinal tumors were selected as the
research objects for MRI and CT imaging examinations. ,e
diagnostic effect of MRI combined with CT on AIDS
combined with spinal tuberculosis under different algo-
rithms was compared. Spinal tumors and AIDS combined
with spinal tuberculosis are two common diseases in spinal
surgery that are difficult to differentiate and diagnose. ,e
clinical symptoms are mostly low back pain, radiating pain,
low-grade fever, chills, anorexia, weight loss, and other
nonspecific symptoms. Even if there may be symptoms of
the primary lesion, it cannot be said that spinal lesions are
secondary lesions. Tumor metastasis or extrapulmonary
tuberculosis requires definite evidence, and the specialty
signs are mostly positive signs of spinal destruction, loss of
spinal stability, and involvement of soft tissues such as
periosteum, nerve roots, and paravertebral muscles [27, 28].
Spine surgeons often judge the difference between the two
typical imaging findings before surgery. ,e lesions invade
and destroy the intervertebral space and often have para-
vertebral abscesses and spinal tuberculosis; if the lesion
invades along the pedicle, it is roughly judged to be spinal
tumors [29]. Excellent improved algorithms are essential in
this judgment process. ,e results of this study showed that
the imaging examination based on the improved ResNet-
Inception algorithm had a misdiagnosis rate of only 4% for
AIDS combined with spinal tuberculosis, which was sig-
nificantly lower than the other two traditional algorithms
(P< 0.05), and the differential diagnosis of tumors showed
great clinical value. Boruah et al. (2021) [30] retrospectively
evaluated the MRI imaging data of 19 patients with spinal
tuberculosis and found that it was very important for the early
diagnosis of patients, which was beneficial to reduce the
morbidity and severity of patients. Another study
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retrospectively analyzed the MRI and CT imaging features of
spinal tuberculosis and tumors and found that it can be used
in the differential diagnosis of spinal tuberculosis and spinal
tumors [31], which is consistent with the conclusions of this
study. However, spinal tuberculosis and tumors have different
manifestations at different stages of disease progression, and
special cases may have atypical manifestations. Tumors may
also destroy the intervertebral space, and tuberculosis does
not necessarily destroy the pedicle. ,e diagnosis of any
disease needs to be combined with clinical symptoms, signs,
laboratory, and imaging examinations. ,erefore, the further
diagnosis of AIDS combined with spinal tuberculosis requires
histopathological results as the gold standard.

5. Conclusion

,e improved algorithm was applied to AIDS patients with
spinal tuberculosis and compared with the traditional
ResNet18 and GoogLeNet to evaluate its diagnostic effect
and value. 50 patients with AIDS and spinal tuberculosis and
50 patients with spinal tumors were selected forMRI and CT

scans. ,e diagnostic effects of different classification al-
gorithms on AIDS combined with spinal tuberculosis were
compared, and it was found that the improved ResNet-
Inception algorithm effectively improves the accuracy,
specificity, and sensitivity of imaging diagnosis of AIDS
combined with spinal tuberculosis. ,e identification effect
of AIDS combined with spinal tuberculosis was stronger
than the other two traditional algorithms, and the improved
algorithm can be applied to clinical imaging diagnosis. ,is
study provided an effective clinical basis for the diagnosis of
AIDS complicated with spinal tuberculosis and offered a
great reference value for the differential diagnosis of AIDS
and spinal tumors. ,e shortcomings of this study were that
the sample size of the research objects was small, and the
source was single, which did not have randomness and wide
applicability. Insubsequent studies, analysis, and research of
multiple locations and multiple types, large sample sizes
would be considered to provide a more practical and ef-
fective reference value for imaging examination and diag-
nosis of AIDS combined with spinal tuberculosis.

Data Availability

,e data used to support the findings of this study are
available from the corresponding author upon request.
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with severe neurological symptoms as a complication of
intravesical BCG therapy for carcinoma of the bladder,”
Neurologia I Neurochirurgia Polska, vol. 50, no. 2, pp. 131–138,
2016.

Scientific Programming 7


