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This study aims to investigate the relationship between the detection performance of an artificial intelligence (AI) algorithm and
pathology in chest computed tomography (CT) images. In this study, a new pulmonary nodule (PN) detection algorithm was
designed and developed on the three-dimensional (3D) connected domain algorithm. The appropriate grayscale threshold of CT
images was selected, the CT images were converted into black-and-white images, and the useless images were removed. Then, the
remaining lung images were formed into a 3D black-and-white pixel matrix. Labeling statistics was carried out, and the size,
property, and location of PN could be measured and determined. A self-built database of PNs undergoing chest multislice spiral CT
examination was retrospectively selected, and 150 cases were randomly selected by SPSS 22.0. Image processing was performed
according to the algorithm and compared with the PN detected by radiologists; finally, the detection results were counted. There
were 560 benign and malignant PNs, 312 malignant, and 248 benign. The algorithm detected 498 cases, of which 478 cases were
detected accurately, and the sensitivity was 95.98%. The radiologist detected 424 cases, 364 cases were accurate, and the sensitivity
was 85.85%. Compared with the detection results of radiologists, the algorithm detection results of nodules in solid nodules and
ground glass nodules were more accurate. The detection results of nodules in the pleural connection type, peripheral type, central
type, and hilar type were more accurate and statistically significant (P<0:05). The malignancy, size, property, and location of
different nodules could be accurately determined through CT images under this algorithm. It provided important support for the
pathological research of lung cancer and prejudged the future development of PN in patients more accurately.

1. Introduction

Lung cancer is a relatively common malignant tumor with the
highest morbidity and mortality year in, year out [1]. Although
smoking is the major risk factor for 80%–90% of all lung cancer
diagnoses [2], the incidence in young people and nonsmokers is
also on the rise in recent years. Such a situation poses a serious
threat to the health of theChinese people [3, 4]. According to the
characteristic morphology of cancer cells, the main pathological
types of lung cancer are as follows: adenocarcinoma, squamous
cell carcinoma (referred to as SCC), small cell undifferentiated
carcinoma (referred to as small cell carcinoma), large cell undif-
ferentiated carcinoma (referred to as large cell carcinoma),
bronchiolar−alveolar carcinoma (referred to as alveolar carci-
noma), and adenosquamous carcinoma. Each type of lung

cancer has its typical computed tomography (CT) manifesta-
tions [5]. Pulmonary nodule (PN) is the most important early
imagingmanifestation of lung cancer. It is generally considered
to be a general term for round or irregular high-density sha-
dows≤30mmon the CT images of the lungs. The shadow over
30mm is called a mass [6]. In fact, PN is not the name of a
disease, but an imaging sign of lung lesions. The imaging fea-
tures of PNs are one of the important methods to determine
their pathological conditions.

The density of PNs is different, the probability to bemalig-
nant will also be different. According to their densities, PNs
can be classified into ground glass nodule (GGN), solid nodule
(SN), and part-solid nodule (PSN) [7]. The probability of
being malignant from high to low is ranked as PSN, GGN,
and SN [8]. GGNs are vague nodules in the lungs, whose

Hindawi
Contrast Media & Molecular Imaging
Volume 2023, Article ID 9303688, 8 pages
https://doi.org/10.1155/2023/9303688

https://orcid.org/0000-0002-3444-4641
mailto:2018030200059@jlxy.nju.edu.cn
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2023/9303688


density is slightly higher than that of the surrounding lung
parenchyma, but the outlines of the blood vessels and bronchi
can be observed insides [9]. SNs have a relatively uniform soft-
tissue density, and internal blood vessels and bronchi are
masked by the soft-tissue density in the images [10]. PSNs
have the uneven density, containing the compositions of both
GGN and nodules with solid soft-tissue density [11]. In the
process of clinical diagnosis and treatment of lung cancer,
CT occupies an important position and has various functions
in assisting clinical diagnosis, staging, and necessary clinical
differential diagnosis. Compared with traditional lung X-ray
examination, CT has many advantages in the examination. It
can well distinguish the images overlapped by previous X-ray
examinations, better distinguish the lesions, and clarify the rela-
tionship between the tumor and surrounding tissues, organs,
large blood vessels, vessels, and the tumor and themediastinum.
At the same time, it can also evaluate the situation of regional
lymph nodes well, so it has an irreplaceable role. At present,
spiral CT is still an important means of lung cancer screening.

The computer-aided detection/diagnosis is an auxiliary
diagnostic system capable of preliminary screening and mark-
ing of lesions on a large number of CT images. It includes
computer-aided detection and computer-aided diagnosis [12].
With the advancement of science and technology and the
arrival of the era of big data, computer processing capabilities
and algorithms have been improved significantly. Artificial
intelligence (AI) is continuously developed, in particular, the
algorithms such as artificial neural network, machine learning,
and deep learning (DL) are researched. Thus, AI is of consid-
erable significance medically and affects the progress of medi-
cal imaging continuously [13, 14]. In image processing, DL
system learns valuable features through massive training sets
by building a machine learning model with a large number of
hidden layers, thereby improving the accuracy of classification
or diagnosis [15]. DL can learn abstract and deep image fea-
tures directly from raw image data. Therefore, DL technology
has been widely used in PN computer-aided detection with
chest CT. Convolutional neural network is a DL algorithm
with a multilayer feed-forward structure that can use super-
vised learning and/or unsupervised learning to learn a variety
of features. Often used in image recognition and processing, it
has the significant advantage that it does not require any fea-
ture extraction process from the image, but instead learns and
distinguishes features directly from the data. In the detection
of PNs, convolutional neural network can automatically select
the optimal image features directly from the image, so that the
more PN features, higher accuracy, and better robustness can
be obtained [16, 17]. The connected region generally refers to
the image region composed of foreground pixels with the same
pixel value and adjacent positions in the image. Connected
region analysis refers to finding and marking of each con-
nected region in an image, which is a relatively basic method
in many application fields of image analysis and processing.
The connected region analysis method can be used in all
application scenarios where foreground objects are extracted
for subsequent processing.

In this study, a novel pulmonary nodule detection algo-
rithmwas designed and developed based on the 3D-connected

domain algorithm and was applied to the collected CT images
of 150 patients with pulmonary nodules for labeling statistics.
The size, nature, and location of pulmonary nodules were
measured and compared with those detected by radiologists.
Statistical test results designed to support pathological studies
of lung cancer.

2. Experimental Methods

2.1. CT Image Sources. Since this experiment is a retrospec-
tive study, the requirement for informed consent was waived,
but the patient information was desensitized. From January
2015 to December 2021, PNs examined by chest multislice
spiral CT examination were chosen for a self-built database.
SPSS 22.0 was applied for random sampling, and 150 cases
were selected. This study was approved by the ethics com-
mittee of the hospital. Inclusion criteria for the CT images
were the lung cancer patients underwent at least one CT
examination before the diagnosis, in which the same PN
had a diameter of ≤3 cm. All PNs were confirmed by patho-
logical results such as fiberoptic bronchoscopy, surgery, or
percutaneous lung biopsy, with an accurate histopathological
diagnosis. All cases underwent chest CT plain scan before
surgery or before needle biopsy. The clinical data of the
patients were complete. The images were clear as the lesions
were shown clearly. Exclusion criteria were the same patient
had multiple PNs that could not be distinguished by location
and size. The patients had a history of other malignant
tumors, or had distant metastasis. The patients were suffered
from diffuse lung diseases such as tuberculosis and pneumo-
nia. There were severe artifacts in the images.

2.2. The Main Biopsy Methods of Lung Cancer Histopathology

2.2.1. Bronchoscopic Biopsy. The patient should do various
tests before surgery, such as blood routine, coagulation func-
tion, pulmonary function, and cardiac function evaluation to
clarify the lungs and airways. The slender bronchoscope was
implanted into the patient’s airway through the oral cavity
and then through the nasal cavity, and can be observed
directly under the fiberoptic bronchoscope. The secretions
or tissues were extracted from the suspicious lesions by brush-
ing and lavage, and they were fixed and sent to the pathology
department. After the pathology department received the
specimen, the tissue was collected, dehydrated, transparent,
immersed in wax, embedded, sectioned, stained, and sealed to
make sections. A pathologist looked at it under a microscope.
According to the morphological changes of the lesions, if
necessary, immunohistochemical staining may be performed
to assist in the diagnosis, and finally, a pathological report will
be issued based on the staining results.

2.2.2. Percutaneous Lung Puncture Biopsy. Various examina-
tions should be done before puncture, and physicians should
actively communicate with patients to eliminate their fears
and actively cooperate. Choosing an appropriate body posi-
tion is convenient for immobilizing the patient and facilitat-
ing puncture, thereby shortening the operation time. During
the puncture process, the patient should hold their breath in
a stable breathing state of the same amplitude as much as
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possible to avoid the damage to the pleura caused by the
breathing movement and the deviation of the positioning
of the small nodules. It should select the lesion close to the
chest wall or the nearest level, and avoid the ribs, scapula, or
other important organs. The size of the puncture needle was
18G. To avoid puncturing of the necrotic area of the mass
lesion, the material should be taken at the edge of the lesion,
especially the area with obvious tissue enhancement after
enhancement. When the lesion was combined with atelecta-
sis, the two should be distinguished. Finally, the puncture
specimens were fixed with 10% formaldehyde and sent for
the medical examination in time.

2.3. Construction of the Algorithm. The DICOM file reader
was used to obtain the detailed technical parameters of the
CT images, and convert the grayscale of the pixels into
the unified unit HU in the CT images. Then, the grayscale
CT images were converted into black-and-white CT images
according to the set gray threshold (−550HU). The black-
and-white CT image slices were superimposed in scanning
order, to form a black 3D matrix. In this 3D matrix, each
lung tissue that was originally kept connected remained the
pixel matrix regions connected, and the originally isolated
PNs still kept the pixel matrix regions isolated. With this
feature, the number of isolated 3D-connected domains could
be separated and calculated by mathematical methods. Then,
the volume size of each isolated 3D-connected domain was
calculated by using the technical parameters of CT image
scanning. The volume size was converted into the diameter,

the size of the PN. Given that it was a preliminary PN
screening, the threshold of PN size in this algorithm was
selected as 2mm.

The algorithmwas implemented, as shown in Equation (1).
The grayscale values of the CT images were replaced by the

unified unit HU, and the calculation is given in Equation (1).

Pixel grayscale value  HUð Þ ¼ pixel value × rescaling slope

þ rescaling intercept:

ð1Þ

The pixel value in the equation was the pixel grayscale
value of the corresponding point in the corresponding slice
of the CT image. The rescaling intercept was the value of b in
the relational expression between the stored value (SV) and
the output units, output unit ¼ m ∗ SVþ b. The rescaling
slope was the value of m in the rescaling intercept.

The algorithm processing was to convert the pixels into
HU, then the original CT grayscale image (image A) was
converted into a black-and-white image (image B). After
that, the largest white region (image C) was found and
inverted into another black-and-white image (image D),
and all the regions inside of human body were made in black
(image E). The lung image (image F) was taken out on the
grounds of the black regions and superimposed to form a 3D
matrix image (image G). The regions connected in white are
just the 3D-connected domains, as shown in Figure 1. A
threshold for the size of the 3D-connected domain was set,

ðaÞ ðbÞ ðcÞ ðdÞ

ðeÞ ðfÞ ðgÞ
FIGURE 1: Schematic diagram of the processing flow for CT images by the algorithm. (a) Original CT image; (b) black-and-white image;
(c) image with only body in white; (d) reversed image of image (c); (e) image with all inside the body black; (f ) black-and-white image of
useful part of the lungs; (g) 3D matrix black-and-white image.
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and the 3D-connected domains smaller than the set threshold
were filtered out. The number of the remaining 3D-connected
domains was counted, and the number of isolated PNs was
obtained. The diameter of an isolated PN could be worked out
by calculating the size of the 3D-connected domain.

The calculation method for the size of PN is given in
Equation (2).

The size (pixels and diameter) of detected isolated PNs
can be calculated by Equation (2). The size of PN is calcu-
lated by Equation (2) with the slice spacing (SS) or slice
thickness (ST) and pixel spacing (PS) in the metadata tag
of the DICOM file.

V ¼ m × PS ×m × PS × n × SS  mm3ð Þ: ð2Þ

In this equation, V is the volume of the PN and m is the
number of pixel intervals between connected pixels in the
X- and Y-axis directions. Since the general PN was round,
the same number of pixel intervals was taken in the X and
Y directions. n is the number of slice intervals adapted to the
number of pixel intervals. The distance between pixel inter-
vals and the distance between slice intervals should be nearly
equal, so that the calculated 3D space was an approxi-
mate cube.

2.4. CT Scan Method and Radiologist’s Detection Method. CT
scans of all enrolled patients were performed using 16-slice
multislice CT scanner. The scanning was ranged from the
thorax to the bottom of the lung. The patients took a deep
breath and then held their breath to complete the whole lung
scan. The scanning parameters included, the tube voltage
120–140 kV, the current 200–340mA, the pitch 1.375 : 1,
the layer thickness 5mm, the field of view 360mm, and
the image matrix 512× 512.

Data analysis was performed by using 3D slicer. The
images obtained from CT scans were imported into the soft-
ware. The nodule detection by radiologists was on the basis
of the archived CT images. Two senior radiologists made

their own professional judgments with reference to the CT
images. Uncertain PNs were counted by their consensus. The
benign and malignant, size, location, and density of each
multiple PN (2–30mm) were recorded.

2.5. Classification Criteria for PNs. According to the size of
the nodule, PN was divided into three groups of 2–5, 5–10,
and >10mm. It could also be divided into four groups
according to their location, including that connected to the
pleura, peripheral nodules (within 20mm from the pleural
surface and not connected to the pleura), pulmonary hilar
nodules (within 20mm from the hilar structure), and central
nodules (between the peripheral and hilar regions). Accord-
ing to the density of multiple PN, it was divided into the SN,
PSN, and GGN. Figure 2 displays the CT images of a patient
whose nodule was developed from GGN to PSN and finally,
developed into SN. The left upper lung had a GGN with a
size of about 17× 13mm (Figure 2(a)), CT scan after 2 years
showed partial consolidation of the nodule (Figure 2(b)),
and after 5 years, it was shown with complete consolidation
of the nodule (Figure 2(c)). Postoperative pathology con-
firmed invasive lung adenocarcinoma with a size of 21mm.

2.6. Statistical Processing Methods. SPSS 22.0 was applied for
statistical analysis of data. The sensitivity, false negative rate,
and false positive rate of algorithm detection as well as radi-
ologist detection were calculated. McNemar test compared
the sensitivities to detect benign and malignant PNs and
multiple PNs by the deep algorithm and radiologists. The false
positive rates detected by the test algorithm and the radiolo-
gist did not meet the normal distribution, so the Wilcoxon
Rank Sum Test was used for comparing the false positive rate
of the two. Statistical results indicated that a difference was
statistically significant at P<0:05.

3. Results

3.1. Analysis of Medical Records.With statistics of patient data,
71 were male and 79 were female among the 150 patients

ðaÞ ðbÞ ðcÞ
FIGURE 2: Schematic diagram of nodule types and development process. (a) Ground glass density sample; (b) partially solid nodule;
(c) progression to solid nodule.
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selected, with an average age of 58 years. The youngest was
27 years old and the oldest was 89. The mean size of the
PNs was 16.08Æ 9.17mm. Five hundred and thirty multiple
PNs were identified by the radiologists. The PNs were clas-
sified depending on the size, type, and location, and the data
are listed in Table 1.

3.2. Detection Results of Benign and Malignant PNs. Five
hundred and thirty benign and malignant PNs were found
in 150 patients, 312 were malignant and 248 were benign.
After statistics, the algorithm detected 498 PNs, among
which 478 were detected accurately, 20 were falsely detected,
and 32 were missed, with a sensitivity of 95.98% and a spec-
ificity of 93.96%. The radiologists detected 424 PNs in total,
as 364 were accurate, 60 were falsely detected, and 106 were
missed. The sensitivity was 85.85% and the specificity was
80.00%. The detailed results are shown in Table 2.

Figure 3 presents the images of some benign and malignant
PNs (Figure 3(a)–3(e) shows benign PNs, while Figure 3(f)–3(j)
shows malignant ones). The two sets of images were com-
pared, from which it was revealed that the edges of benign
PNs were smooth with no or few burrs. Comparatively, malig-
nant PNs had uneven and mostly burr edges, and the overall
morphology was irregular.

3.3. Detection Results of Nodule Size. Among the 530 multiple
PNs, 2–5 mm nodules accounted for the largest proportion.
The algorithm had a statistically higher accuracy in detecting
nodules with 2–5, 5–10, and >10mm compared with the
detection results of radiologists (P ¼ 0:001; 0:002; and 0:005,
respectively). The accuracy of radiologists for 2–5mm PNs was
60.41%, which suggested that there was still a large deviation in
the judgment of small nodules by traditional manual judgment
methods. Algorithm detection could well avoid this flaw as the
results are shown in Table 3.

3.4. Detection Results of Nodule Properties. Compared with the
detection results by radiologists, the detection results by the
algorithm were more accurate statistically in SNs and GGNs
(P ¼ 0:000 and 0:015, respectively). The detections of PSNs

showed no difference of statistical significance (P>0:103), as
shown in Table 4.

3.5. Detection Results of Locations of PNs. The detection results
of PNs in the pleura-connected type, peripheral type, central
type, and hilar type were compared between the algorithm and
radiologists. The algorithm detection was more accurate sta-
tistically (P ¼ 0:001; 0:001; 0:000; and 0:000, respectively), as
shown in Table 5.

4. Discussion

Pulmonary nodules are round or irregular lesions with a diam-
eter of ≤3 cm in the lungs. Among them, nodules less than
1 cm are called “small nodules,” nodules of 2–5mm are called
“micronodules,” and lesions larger than 3 cm are not called
nodules, but “mass.” Early-stage lung cancer is generally
asymptomatic, and many people ignore it, leading to an esti-
mated survival of several months for patients with advanced
disease due to lack of attention to follow-up examinations
[18, 19]. Some studies have found that the larger the nodule,
there are lobulation, burr, pleural traction, air-containing
bronchioles sign and vesicle sign, eccentric thick-walled cavity,
etc. The nodules are located in the upper lobe, especially in the
upper lobe of the right lung [20]. CT has high-density resolu-
tion in the diagnosis of lung cancer and can avoid overlapping
of chest wall, heart, and mediastinum. Many small lesions in
hidden parts of the lung can be found, which is of great help in
judging the scope of lesions and disease staging [21, 22].

In this study, in the judgment of 530 benign andmalignant
nodules, the intelligent algorithm based on 3D-connected
domain has an accurate detection rate of 93.96%, a true posi-
tive rate of 95.98%, and a false positive rate of 4.02%. The
radiologists accurately detected 424 cases, the detection rate
was 80.0%, the true positive rate was 85.85%, and the false
positive rate was 14.15%. It can be seen that the detection
effect of the algorithm is significantly higher than that of
radiologists (P<0:05). According to Kavithaa et al. [23], the
traditional algorithm detected and recognized the target
according to the texture, color, edge gradient information,
and other features of the image itself. However, the generali-
zation ability of its computational theory is not strong, and the
recognition error rate is high like the manual detection by
doctors. The recognition rate and generalization ability of

TABLE 1: Data related to pulmonary nodules.

Quantity Proportion (%)

Size
2–5mm 245 46.23
5–10mm 169 31.89
>10mm 116 21.89

Type
SN 302 56.98
PSN 59 11.13
GGN 169 31.89

Nodule location
Pleural connection 97 18.30
Peripheral 318 60.00
Centrality 96 18.11
Hilar area 19 3.58

TABLE 2: Algorithm detection and radiologists’ judgment of benign
and malignant nodules.

Critical result Algorithm Radiologists

Number of detected lesions 498 424
The detection rate (%) 93.96 80.00
Number of correctly detected lesions 478 364
True positive rate (%) 95.98 85.85
Number of incorrectly detected lesions 20 60
False positive rate (%) 4.02 14.15
Number of undetected lesions 32 106
Missing detection rate (%) 6.04 20.00
Total 530 530
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the feature classification network based on the intelligent
algorithm are better than the traditional methods. This study
conducted a comparative evaluation of the properties of all
nodules, and found that the detection results of the size,
nature, and location of the nodules detected by the algo-
rithm were significantly higher than those of the radiologists
(P<0:05). After statistics, it was found that the algorithm
detection was easy to misdiagnose lobular nuclear structure,
hilar blood vessels, trachea, ground glass density shadows,

old lesions, etc., and most of the lesions were concentrated
in 2–5mm. Therefore, algorithm detection software should
focus on the determination of false positives to avoid exces-
sive misdiagnosis. Perl et al. [24] compared computer-aided
detection (CAD) and 3D convolutional neural network (CNN)
software and found that software based on deep learning
systems had similar sensitivity to traditional CAD software,
but higher specificity. In addition, Sim et al. [25] used deep
convolutional neural network (DCNN) software, radiologist

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

(f ) (g) (h) (i) (j)

FIGURE 3: Examples of benign and malignant PNs: (a–e) are benign nodules; (f–j) are malignant nodules.

TABLE 3: Algorithm detection and radiologist detection results for PNs of different sizes.

Groups (mm) Total number
Algorithm detection Radiologist detection

P
Number Proportion (%) Number Proportion (%)

2–5mm 245 232 94:69∗ 81 33.06 0.001
5–10mm 169 166 98:22∗ 99 58.58 0.002
>10mm 116 116 100:00∗ 107 92.24 0.005

 

∗Compared with radiologist detection (P<0:05).

TABLE 4: Algorithm detection and radiologist detection for different types of PNs.

Groups Total number
Algorithm detection Radiologist detection

P
Number Proportion (%) Number Proportion (%)

SN 302 289 95:70∗ 135 44.70 0.000
PSN 59 58 98:31∗ 57 96.61 0.013
GGN 169 167 98:82∗ 95 56.21 0.015

 

∗Compared with radiologist detection (P<0:05).

TABLE 5: Results of algorithm detection and radiologist detection of PNs at different locations.

Groups Total number
Algorithm detection Radiologist detection

P
Number Proportion (%) Number Proportion (%)

Pleural 97 95 97:94∗ 62 63.92 0.001
Peripheral 318 305 95:91∗ 167 52.52 0.001
Central 96 94 97:92∗ 48 50.00 0.000
Hilar area 19 19 100:00∗ 10 52.63 0.000

 

∗Compared with radiologist detection (P<0:05).
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detection, and radiologists used algorithm detection soft-
ware to assist in the detection of X-ray films for comparison.
It was found that the detection rate and sensitivity of the
artificial intelligence algorithm were high, and the false neg-
ative rate and false positive rate of the physician’s judgment
were significantly reduced after software-assisted detection.
In summary, it is of great significance to apply AI algo-
rithms for intelligently identification of chest CT images
in the pathological research of lung cancer. The efficiency
of AI is extremely high, and the corresponding image anal-
ysis can be obtained only by importing images. This study
also found that AI had the higher accuracy. Furthermore, AI
has the ability to continuously learn, simulate, and evolute.
Through the training and learning of massive images, it will
definitely overcome the shortcoming of high false positive
rate in the future, and finally achieve a recognition goal close
to 100%. The improved AI diagnostic ability of CT imaging
will inevitably give a huge impetus to the research of lung
cancer pathology.

5. Conclusion

In this study, a pulmonary nodule detection algorithm was
constructed based on the 3D-connected domain algorithm
and was applied to the CT processing of thoracic pulmonary
nodules and compared with the pulmonary nodules detected
by physicians. The results showed that the detection effect of
artificial intelligence algorithm was better than that of radi-
ologists, and it can more accurately reflect the pathological
conditions of pulmonary nodules, and can be used as an
auxiliary detection tool for screening. The disadvantages
were as follows: a retrospective experimental method was
adopted and it only screened many patients who have been
tested sequentially but the real situation was missed. The
number of samples was limited, which cannot more objec-
tively reflect the detection effect of the algorithm. In future
research, the sample size would be expanded, and this direc-
tion would be further explored through clinical experiments.
This study provided important support for the pathological
study of lung cancer and more accurately judges the future
development of pulmonary nodules in patients.

Data Availability

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