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and imaging features in predicting

the malignant potential of incidental
indeterminate small (<20 mm) solid
pulmonary nodules
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Abstract

Objective Develop a practical scoring system based on radiomics and imaging features, for predicting the malignant
potential of incidental indeterminate small solid pulmonary nodules (IISSPNs) smaller than 20 mm.

Methods A total of 360 patients with malignant lISSPNs (n=213) and benign ISSPNs (n=147) confirmed after
surgery were retrospectively analyzed. The whole cohort was randomly divided into training and validation groups
at a ratio of 7:3. The least absolute shrinkage and selection operator (LASSO) algorithm was used to debase the
dimensions of radiomics features. Multivariate logistic analysis was performed to establish models. The receiver
operating characteristic (ROC) curve, area under the curve (AUC), 95% confidence interval (Cl), sensitivity and
specificity of each model were recorded. Scoring system based on odds ratio was developed.

Results Three radiomics features were selected for further model establishment. After multivariate logistic analysis,
the combined model including Mean, age, emphysema, lobulated and size, reached highest AUC of 0.877 (95%Cl:
0.830-0.915), accuracy rate of 83.3%, sensitivity of 85.3% and specificity of 80.2% in the training group, followed by
radiomics model (AUC: 0.804) and imaging model (AUC: 0.773). A scoring system with a cutoff value greater than 4
points was developed. If the score was larger than 8 points, the possibility of diagnosing malignant IISSPNs could
reach at least 92.7%.

Conclusion The combined model demonstrated good diagnostic performance in predicting the malignant potential
of IISSPNs. A perfect accuracy rate of 100% can be achieved with a score exceeding 12 points in the user-friendly
scoring system.
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Introduction

With the widespread use of high-resolution computed
tomography (CT) in screening for pulmonary nodules
and increased public health awareness, there has been
a significant rise in the identification of incidental solid
pulmonary nodules [1]. The current guidelines place
important emphasize on the evaluation of the probabil-
ity of a nodule being malignant, and subsequent treat-
ment depends on the predicted risk of malignancy [2,
3]. The optimal assessment of an individual presenting
with a pulmonary nodule would facilitate prompt man-
agement of a malignant nodule and reduce unnecessary
testing for those with a benign nodule [4]. Approximately
95% of pulmonary nodules detected on CT scans are
determined to be benign, most commonly intrapulmo-
nary lymph nodes or granulomas [5]. A biopsy or surgi-
cal excision is recommended for high-risk patients, while
low-risk patients are monitored through CT followed-up.
However, the group with indeterminate-risk poses sig-
nificant clinical challenges, giving rise to the highest rate
of diagnostic error and increasing the risks associated
with invasive diagnostic procedures [6]. Highly precise
non-invasive risk assessment strategies are imperative in
order to decrease mortality rates and overtreatment for
those patients.

Risk stratification is a crucial element in the manage-
ment of indeterminate pulmonary nodules, and various
predictive models have been utilized to assess malig-
nant potential [7]. According to current international
guidelines, the primary indicators for determining the
nature of pulmonary nodules are their size and growth
rate [1]. However, assessing and characterizing nodules
based solely on their size has certain limitations. In the
Brock model, they identified that female sex, older age,
family history of lung cancer, emphysema, larger nodule
size, upper lobe location, part-solid nodule, lower nodule
count, and spiculation were predictions of lung cancer
with excellent diagnostic performance, even for nodules
smaller than 10 mm in size [8].

Radiomics is a data-driven approach that involves the
extraction of numerous quantitative features from medi-
cal images using advanced algorithms for image charac-
terization, which can serve as an effective tool in cancer
diagnosis, and therapeutic response prediction [9, 10].
Few studies have developed nomograms for predicting
the malignant risk of solid pulmonary nodules [11-13],
however, their radiomics scores are not easily applicable
or reproducible in the clinical practice. A user-friendly
scoring system can address this limitation; however, no
relevant prior research has been conducted on predicting
the malignant risk of pulmonary nodules. Therefore, our
study aims to develop a practical scoring system based on
risk stratification using measurable features and feasible
calculation methods, in conjunction with radiomics and
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imaging features, for predicting the malignant potential
of incidental indeterminate small solid pulmonary nod-
ules (IISSPNs) smaller than 20 mm.

Materials and methods

Patient selection

This retrospective study was approved by the institu-
tional review board, and informed consent was waived.
We conducted a retrospective reviewed of the pathologi-
cal records for all patients who underwent surgical resec-
tion due to incidental indeterminate pulmonary nodules
between January 2015 and May 2022. The inclusion cri-
teria were as follows: (1) lesions ranged from 5 mm to
20 mm in diameter; (2) no history of malignant tumors;
(3) underwent high-resolution chest CT with reconstruc-
tion thickness less than 1.5 mm; (4) chest CT scan per-
formed within 1 month before the surgery. The exclusion
criteria were as follows: (1) with multiple dominant nod-
ules; (2) poor image quality effected by artifacts; (3) nod-
ules were part-solid or non-solid.

Finally, a total of 360 patients were enrolled in our study
(59.9£11.1 years old, ranging from 22 to 87 years old),
including 219 (60.8%) males and 141 (39.2%) females.
The proportion of malignant IISSPNs was 59.2%, whereas
benign nodules accounted for the remaining 40.8%. The
most common of malignant IISSPN was lung adenocar-
cinoma (n=168), followed by squamous cell carcinomas
(n=26), neuroendocrine carcinoma (n=7), small cell car-
cinoma (n=4), undifferentiated carcinoma (z=4), adeno-
squamous carcinoma (n=3), mucoepidermoid carcinoma
(n=1). The most frequent benign IISSPN was inflamma-
tory nodule or proliferative nodule (n=74), followed by
granuloma (n=53), hamartoma (n=12), sclerosing alveo-
lar cell tumor (n=4), tuberculoma (n=4).

Chest CT examination

All chest CT scans encompassed the entire thoracic
region and were conducted with patients in a supine
position. Multiple CT scanners were used in this study as
follows: Siemens Somatom Definition Flash 64 (Siemens
Medical System, Forchheim, Germany), Optima CT680
Series (GE Medical Healthcare, Milwaukee, Wiscon-
sin). The CT parameters were acquired with a 120 kVp,
60-210 mAs with auto exposure control, using a matrix
of 512x512 and pitch values ranging from 0.99 to 1.375.
The slice thickness and increment were both set at 5 mm,
while the reconstruction layer thickness ranged from
0.75 to 1.25 mm.

Image analysis

The imaging characteristics were acquired by two radi-
ologists who were unaware of the pathology of the
nodules. Any disagreements were resolved through con-
sultation with a third radiologist experienced in chest
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diseases. Demographic data, including age and gender,
were documented. The following imaging information
was collected: emphysema, maximum nodule diameter
(mm), location (upper vs. middle/lower lobe), subpleural
area (whether located within 2 cm of the pleura), shape
(round vs. irregular shape), and presence of the lobulated
sign, speculated sign, pleural indentation sign.

Radiomics feature extraction

Prior to extraction, pre-processing was necessary to
enhance the ability to discriminate between texture fea-
tures. In the initial stage, data normalization and dis-
cretization of grey levels were performed to enhance
discrimination between different sets and improve model
convergence rate. Subsequently, an eight-level quan-
tization representation was utilized to resample the
acquisition area to a specific isotropic resolution (voxel
size=1x1x1 mm?®) with consistent orientation relative to
the plane resolution [14].

The SlicerRadiomics model in the 3D Slicer Radiomics
Extension Pack (v.5.0.2 https://www.slicer.org/) was uti-
lized for feature extraction. A semi-automatic 3D seg-
mentation of each pulmonary nodule was performed
using the segmentation threshold and seed growing mod-
ule. The only entity that was meticulously delineated was
the tumor, while pleural indentations, spiculated cords
around the nodule, and nearby trachea and blood vessels
were not included in the delineation process. Radiomics
features extracted from 3D nodules were included as
follows: the first-order characteristics, grey-level run-
length matrix, the grey level co-occurrence matrix,

1. Image Acquisition

and ROI Segmentation 2. Feature Extraction
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neighborhood grey-tone difference matrix and grey-level
size zone matrix [15]. These features could describe the
internal or surface texture and morphological features of
the lesion. Finally, a total of 1037 features were extracted
from lesions. The Mann-Whitney U test or t-test was
performed to eliminate features without significant dif-
ferences, and only those with p<0.05 were included for
further analysis. The workflow of our study was listed in
Fig. 1.

Feature selection

The entire cohort was randomly divided into training
group and validation group at a ratio of 7:3. The training
dataset was subjected to dimensional reduction using the
least absolute shrinkage and selection operator (LASSO)
regression model. The LASSO algorithm debases the
dimension of the data by minimizing the residual sum of
squares and placing a bound on the sum of the absolute
values of the coefficients [16]. The LASSO method was
employed with 10-fold cross-validation to perform fea-
ture selection, and the minimum A value was determined
to identify the optimal number of selected features.

Development of the scoring system

Three scoring systems were built based on radiomics
model, imaging model and their combined model,
respectively. To enhance result interpretation and score
assignment, the continuous variables were dichotomized
for regression analysis, and a receiver operator charac-
teristic (ROC) curve was performed to determine the
optimal cutoff values. The selected features after LASSO
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Fig. 1 The framework of our study
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algorithm and selected imaging features (p<0.05 after
univariate analysis) were than included in the multivari-
able logistic regression analyses to identify the indepen-
dent differential predictors according to different models.
The odds ratio (OR) value and 95% confident interval (CI)
for each model were recorded. After conducting binary
logistic regression analysis, multiple independent fac-
tors were identified and assigned a score of 1, 2, 3, 4, or
5 based on their respective OR values. Subsequently, an
ROC curve analysis was conducted to assess the model’s
diagnostic performance, with threshold, area under the
curve (AUC), 95% CI, sensitivity, specificity, and accu-
racy rate being calculated, according to different models
both in training and validation groups. The comparison
of ROC curves was conducted using the DeLong test.

Statistical analysis

Quantitative data are commonly presented as either the
meanzstandard deviation or median (25-75%) values,
utilizing the t-test or Mann-Whitney U test based on
their distribution. Meanwhile, categorical variables are
reported as frequencies (%), using the chi-square test or
Fisher exact test. The LASSO algorithm was performed
using R software (version 4.1.2; www.R-project.org) using
the following R packages: glmnet, foreach, matrix, caret.
Univariate and multivariate analysis were analyzed using
SPSS 23.0 software (SPSS Inc., Chicago, IL, USA).

Results

Clinical information and imaging characteristics

The demographic information and imaging features are
summarized in Table 1. Malignant IISSPNs occurred
more frequently in older individuals compared to benign

Table 1 General clinical and imaging features between
malignant ISSPNs and benign lISSPNs

Variable Total(n=360) Malignant Benign P
1ISSPNs IISSPNs value
(n=213) (n=147)
Age(years) 599+11.1 619+104 571+115 <0.001
Gender 0.103
Male 219 (60.8) 137(64.3)  82(55.8)
Female 141(39.2) 76(35.7) 65(44.2)
Emphysema 92(25.6) 67(31.5) 25(17.0) 0.002
Maximum 13.0+4.0 137+38 121+42  <0.001
size(mm)
Location 0219
Upper lobe 177(49.2) 99(46.5) 78(53.1)
Middle/lower lobe  183(50.8) 114(53.5) 69(46.9)
Irregular shape 271(75.3) 174(81.7)  97(66.0) 0.001
Lobulated sign 16(32.2) 104(48.8) 12(8.2) <0.001
Spiculated sign 137(38 1) 99(46.5) 38(25.9) <0.001
Pleural indentation 160(44.4) 111(52.1)  49(33.3) <0.001
Subpleural area 242(67.2) 150(70.4) 92(62.6) 0.119

IISSPNs: incidental indeterminate small solid pulmonary nodules
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IISSPNs (61.94+10.4 vs. 57.1+11.5 years old, p<0.001).
They were both more likely to occur in males (64.3%
vs. 55.8%, p=0.103) and in subpleural area (70.4% vs.
62.5%), with no significant difference found. The maxi-
mum diameter of the malignant IISSPNs was generally
larger than that of the benign IISSPNs (13.7£3.8 mm vs.
12.1£4.2 mm, p<0.001). Emphysema was more often
observed in malignant nodules than in benign nodules
(31.5% vs. 17.0%), and the difference was significant.
Malignant IISSPNs were more likely to exhibit an irregu-
lar shape (81.7% vs. 66.0%), a lobulated margin (48.8% vs.
8.2%), and be accompanied by spiculated signs (46.5% vs.
25.9%) and pleural indentations (52.1% vs. 33.3%), com-
pared to benign IISSPNs, and these differences were sta-
tistically significant. No significant difference was found
in terms of lesion location.

Feature extraction and selection

In this study, 251 patients were included in the training
group, while remaining 109 patients were included in the
validation group. No statistically significant differences
were observed in either clinical information or imaging
features between the training and validation groups (Sup-
plementary Materia Table 1).

In the training group, a total of 1037 features were ini-
tially extracted, after eliminating 560 irrelevant statisti-
cal radiomics features through univariable analysis, the
remaining 477 features were ultimately included in the
LASSO algorithm. Finally, only three radiomics features
including Minimum (from log-sigma-4-0-mm-3D first
order), Mean (from wavelet-HLL first order) and Depen-
denceEntropy (from original gldm) were extracted by
the minimum A value of 0.0613, and minimum standard
deviation of -2.415 using the LASSO regression method.

(Fig. 2)

Establishment of the logistic model

The outcomes of the multivariable logistic regression
analyses are presented in Table 2. After univariable anal-
ysis, variables for which p<0.05 were included in the
multivariable logistic analysis. Prior to further analysis,
continuous variables such as DependenceEntropy, Mini-
mum, Mean, age and maximum size were performed to
identify the best threshold for dichotomization. The best
cutoff values to predict the malignant risk of IISSPNs
were as follows: DependenceEntropy>3.87; Minimum
<-542.32; Mean < -73.911; age>60 years old; maximum
size>14.7 mm. Furthermore, subsequent to the comple-
tion of the analyses, we ascertained that all of these cut-
off values had significant importance (p <0.05).

After logistic regression analyses, DependenceEn-
tropy (OR: 2.05, 95%CIL: 1.07-3.91) and Mean (OR:
11.60, 95%CI: 6.06—22.22) were identified independent
predictors in the radiomics model, while age (OR: 2.66,


http://www.R-project.org

Qu et al. BMC Medical Imaging (2024) 24:234 Page 5 of 8
155 126 102 78 60 51 37 25 14 11 3 3
2A 2B 154 109 59 28 7
o | A
® o ’
e [}
3 L | (S
> .
g 1
o . o -
'g o .‘.
g <] "
o oo..... C\.‘ |
© 0...".‘
= 7 .........lﬂ.ll..;...; g -
T T T T T T T T T T
-7 -6 -5 -4 -3 -7 -6 -5 -4 -3
Log() Log Lambda

Fig. 2 Radiomics feature selection using the LASSO algorithm. (A) The graph depicts the binomial deviance (y-axis) plotted against log(A). The left dotted
line represents the minimum A value of 0.061, log(\) = -2.791, while the right dotted line corresponds to the minimum A standard deviation value of 0.089,
log(\) =-2.415. (B) The regularization parameter (\) was employed for feature reduction. The depicted graph illustrates the variability of coefficients across
477 features as different numbers of features are chosen

Table 2 Multivariable logistic regression analyses in radiomics model, imaging model and their combined model

Variable Radiomics model Imaging model Combined model
OR (95%Cl) p value OR (95%Cl) p value OR (95%Cl) p value
DependenceEntropy 2.05(1.07-3.91) 0.030 0.67(0.28-1.64) 0.388
Minimum 1.33(0.66-2.71) 0426 0.94(041-2.18) 0.888
Mean 11.60(6.06-22.22) <0.001 1244(5.85-2648)  <0.001
Agel(years) 2.66(1.42-4.99) 0.002 245(1.19-5.07) 0.015
Emphysema 1.77 (0.85-3.71) 0.130 2.47(1.06-5.75) 0.036
Maximum size(mm) 1.71(0.85-3.43) 0.131 2.60(1.04-6.49) 0.041
Irregular shape 1.22(0.61-2.40) 0.566 1.13(0.50-2.51) 0.773
Lobulated sign 10.34(4.41-24.28) <0.001 10.12(3.71-27.58)  <0.001
Spiculated sign 1.66(0.70-3.96) 0.252 2.08(0.75-5.74) 0.158
Pleural indentation 1.05(045-2.41) 0916 0.77(0.29-2.03) 0.595
OR: Odds ratio; 95%Cl: 95% confident interval
Table 3 Diagnostic performance of the radiomics model, imaging model and combined model
Models Data Set Accuracy (%) AUC (95%ClI) Sensitivity (%) Specificity (%) Cutoff Value
Radiomics model Training set 753 0.804(0.749-0.851) 69.3 84.1 >1
Validation set 712 0.728(0.635-0.809) 58.7 89.1 >1
Imaging model Training set 66.1 0.773(0.717-0.824) 48.7 92.1 >1
Validation set 67.0 0.740(0.647-0.819) 49.2 91.3 >1
Combined model Training set 83.3 0.877(0.830-0.915) 85.3 80.2 >4
Validation set 88.1 0.844(0.762-0.906) 794 76.1 >4

AUC: area under the curve; 95%Cl: 95% confident interval

95%CI: 1.42-4.99) and lobulated sign (OR: 10.34, 95%CI:
4.41-24.28) were also found to be independent factors
in the imaging model for distinguishing malignant IIS-
SPNs from benign ones. In terms of combined model
(radiomics combined with imaging features, we found
that Mean (OR: 12.44, 95%CI: 5.85-26.48), lobulated sign
(OR: 10.12, 95%CI: 3.71-27.58), maximum size (OR: 2.60,
95%CI: 1.04-6.49), emphysema (OR: 2.47, 95%CI: 1.06—
5.75), age (OR: 2.45, 95%CI: 1.19-5.07) were considered

as independent predictors for predicting the malignant
risk of IISPNSs.

Development of the scoring system
The diagnostic performance of the radiomics model,
imaging model and combined model is listed in Table 3,
and ROC curves are drawn to determine the diagnostic
capacity of three models in Fig. 3.

As for radiomics model, according to their OR values,
we assigned 1 or 2 points for DependenceEntropy > 3.87,
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ROC curves in training group
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ROC curves in validation group
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Fig. 3 ROC curves of training and validation groups. (A) In the training group, the combined model demonstrated superior diagnostic performance with
an AUC of 0.877, followed by radiomics model (AUC: 0.804) and imaging model (AUC: 0.773). (B) In the validation group, the combined model achieved
the highest performance with an AUC of 0.844, followed by imaging model (AUC: 0.740) and radiomics model (AUC: 0.728)

and Mean< -73.911, respectively. ROC curve analysis
was performed, and the AUC was 0.804 (95%CIL: 0.749—
0.851), accuracy rate was 75.3%, sensitivity was 69.3%,
specificity was 84.1%, and the cutoff value was larger than
1 point in the training group. The validation group also
reached comparable diagnostic performance.

The lobulated sign and age were assigned 2 points and
1 point, respectively, based on their OR values in the
imaging model. The AUC was 0.773, 0.740, accuracy rate
was 66.1%, 67%, respectively. The cutoff value was both
>1 point to reach the best performance.

For the combined model, a score of 5 points was
assigned to Mean due to its highest OR value, followed
by 4 points for lobulated sign, 3 points for maximum
size, 2 points for emphysema, and finally 1 point for
age. The combined model achieved the highest AUC of
0.877 (95%CI: 0.830-0.915), with an accuracy of 83.3%,
a sensitivity of 85.3%, a specificity of 80.2%, and a cutoff
value greater than 4 points in the training group, while
achieving an AUC of 0.844 (95%ClIL: 0.762-0.906) with
the highest accuracy of 88.1% in the validation group.
Additionally, the possibility of diagnosing malignant IIS-
SPNs could reach 100% when a score was greater than 12
points. Meanwhile, if the score was larger than 4 points
but smaller than 9 points, the accuracy rate was 78.4%
when distinguishing malignant nodules from benign
nodules; if the score was larger than 8 points but smaller
than 13 points, the accuracy rate was 92.7%.

The ROC curve of the combined model exhibited a sig-
nificant and evident correlation with both the imaging

model and radiomics model in both training and vali-
dation groups (p<0.05) as confirmed by Delong test.
However, there was no statistically significant difference
observed in the ROC curve between the imaging model
and radiomics model in both training and validation
groups (p=0.368, 0.861 respectively).

Discussion

Our research has yielded promising results in the field
of predicting the malignant potential of IISPNs pulmo-
nary nodules. It is worth mentioning that we have suc-
cessfully developed a user-friendly scoring system based
on radiomics features and imaging characteristics to dif-
ferentiate malignant IISPNs from benign IISPNs for the
first time. The most compelling result of our study is that
the combined model, which includes five predictors,
demonstrated superior diagnostic performance, com-
pared to radiomics model or imaging model, based on
Delong test. Moreover, an accuracy rate of up to 92.7%
can be achieved when the score is greater than 8 points,
and a perfect accuracy rate of 100% can be attained with
a score exceeding 12 points. This innovative scoring sys-
tem has allowed us to accurately assess the likelihood of
malignancy in IISSPNs nodules. Furthermore, our find-
ings underscore the importance of taking a comprehen-
sive approach to medical diagnosis. Rather than relying
on any one type of data or predictor alone, combining
multiple sources of information may be key to achieving
optimal results.
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The incidence of cancer in patients with detected pul-
monary nodules ranged from 3.7 to 5.5% [8]. The preva-
lence of malignancy is a growing concern in the world,
with rates varying widely depending on various factors.
For example, the size and age were independent pre-
dictors in the combined model in our study, which was
similar with others [8, 11, 17]. The probability of can-
cer increases with the size of the tumor, although this
relationship is not entirely deterministic. The probabil-
ity of malignancy in solid nodules measuring 8 mm to
30 mm varies greatly, ranging from very low (<1%) to
high (>70%), depending on different risk factors. Even
two nodules of equal size may require different manage-
ment based on their CT appearance. For example, even a
7 mm nodule exhibiting concerning imaging characteris-
tics (such as irregular or spiculated margins, and upper
lobe location) raises the likelihood of malignancy to 10%,
which may result in more aggressive treatment [4]. In our
study, malignant nodules were more likely to present with
an irregular shape, a lobulated margin, and be accompa-
nied by spiculated signs and pleural indentations. How-
ever, we only found that lobulated sign increased the
risk of malignancy after multivariable analysis. Dong et
al. [18] found that lobulated shape showed a significant
difference in lung adenocarcinoma and tuberculosis. This
feature can demonstrate the heterogeneity present with
pulmonary nodules, thereby aiding in the differentiation
between benign and malignant nodules [19]. The pres-
ence of emphysema, was found to be associated with
the occurrence of lung cancer, which also been detected
in our study. A meta-analysis revealed that emphysema,
particularly centrilobular type, was related to a higher
odds ratio (OR: 2.3) of developing pulmonary cancer,
which also increased with emphysema severity [20].

The management of patients with pulmonary nodules
should be considered alongside other individual factors,
which is why we developed a user-friendly scoring sys-
tem. Nomograms have been commonly used in studies
on pulmonary nodules to aid in differential diagnosis [12,
13, 17, 21]. These tools allow doctors to make informed
decisions about whether further diagnosis or interven-
tion is necessary by quickly calculating risk scores based
on multiple variables. However, radiomics typically
requires a radiomics score, which is less intuitive as it is
derived from imaging data, resulting in limited clinical
application. To address this, we proposed a scoring sys-
tem that assigns different points to various independent
predictors based on their respective odds ratios (OR)
values. This approach allows for more precise and reli-
able predictions and is highly convenient for clinical use.
For example, Gao et al. [22] built a risk scoring system to
assess the prognosis of lung adenocarcinoma patients,
while An et al. [23] used a scoring system for predicting
gene mutation before treatment. He et al. [24] developed
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a radiomics-based prognostic scoring system to accu-
rately predict survival outcomes in patients diagnosed
with stage IV non-small cell lung cancer undergoing plat-
inum-based chemotherapy. As the first study to predict
the malignant potential of isolated incidentally detected
IISSPNs, our scoring system demonstrated strong diag-
nostic performance. In the combined model, a score
greater than 12 points can achieve a diagnostic prob-
ability of 100% for malignant IISSPNs. Even if the score
exceeds 8 points, it still maintains an accuracy rate of at
least 92.7%. Our scoring model is relatively more user-
friendly and easier to operate, and it may be proficiently
applied in clinical practice in the future.

This study has some limitations. Firstly, our study
was conducted at a single center and had a retrospec-
tive design, resulting in selection bias inevitable. Further
study with external validation group is warranted. Sec-
ondly, although thin-slice thickness images were included
to minimize the influence, the utilization of various CT
scans may have an impact on the quality of extracted fea-
tures. Thirdly, our model only incorporates a subset of
variables, with smoking, family history and drinking his-
tory being among the omitted factors. In future studies,
we aim to incorporate these variables in order to enhance
the predictive power of our model.

Conclusions

On the one hand, we established three logistic models,
and found that the combined model demonstrated good
diagnostic performance in predicting the malignant
potential of IISSPNs, superior to the radiomics model
or imaging model. On the other hand, a user-friendly
scoring system based on radiomics features and imaging
characteristics has been developed, which can achieve
an accuracy rate of up to 92.7% when the score is greater
than 8 points, and a perfect accuracy rate of 100% can be
attained with a score exceeding 12 points, when predict-
ing the malignancy of IISSPNs.
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