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Abstract: Objectives: To develop a nomogram for the prediction of the new high-grade patterns of invasive non-
mucinous adenocarcinoma (INMA) based on the radiomics and clinical features to provide accurate individualized 
treatment for patients. Methods: We collected patients pathologically diagnosed with INMA at our hospital. The 
study’s endpoint, defined as ‘new high-grade’, was characterized by the presence of micropapillary patterns at ≥5% 
or high-grade patterns (including solid, micropapillary, and complex glandular) at ≥20%. Patients were randomly 
divided into training and validation cohorts in a ratio of 8:2. The region of interest (ROI) of chest plain scan images 
was sketched using 3D slicer software. The image and clinical features were analyzed by Least Absolute Shrinkage 
and Selection Operator (LASSO), univariate, and multivariate regression to construct the radiomics signature and 
nomogram model. The nomogram model was validated using the validation cohort. Results: A total of 226 patients 
were divided into training (n = 180) and validation (n = 46) cohorts. From the ROI of these patients, 107 image 
features were extracted. LASSO regression analysis identified 16 image features that were used to construct the 
radiomics signature. The area under the curve values for the radiomics signature in the training and validation 
cohorts were 0.803 and 0.772, respectively. The Harrell’s concordance index for the model, with 95% confidence 
intervals (CI), was 0.815 (CI: 0.806-0.824) for the training cohort and 0.802 (CI: 0.761-0.843) for the validation 
cohort. Conclusions: The radiomics prediction model demonstrates strong predictive capabilities and could serve 
as a valuable tool for guiding personalized surgical treatment strategies for patients with INMA. 
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Introduction 

Lung adenocarcinoma (LUAD) is the most prev-
alent form of non-small cell lung cancer 
(NSCLC). The World Health Organization’s 
(WHO) 2021 classification of thoracic tumors 
distinguishes LUAD into three subtypes: mini-
mally invasive adenocarcinoma, invasive non-
mucinous adenocarcinoma (INMA), and inva-
sive mucinous adenocarcinoma [1]. INMA is 
further categorized into five subtypes: lepidic, 
acinar, papillary, solid, and micropapillary. 
Complex glandular patterns are not explicitly 
categorized, but they are considered high-
grade in conjunction with solid and micropapil-
lary patterns [2]. The International Association 
for the Study of Lung Cancer (IASLC) Pathology 

Committee has established a grading system 
for LUAD based on the predominant histological 
subtypes and the percentage of high-grade pat-
terns (solid, micropapillary, and complex glan-
dular components) as a basis for prognostic 
stratification: 1) Grade 1 (Well-differentiated): 
Tumors predominantly composed of lepidic 
growth patterns, with no or less than 20% of 
high-grade subtypes. 2) Grade 2 (Moderately 
differentiated): Tumors predominantly com-
posed of acinar or papillary patterns, with no 
more than 20% of high-grade subtypes. 3) 
Grade 3 (Poorly differentiated): Any tumor with 
20% or more of high-grade patterns [3]. This 
grading system not only reflects the histological 
characteristics of the tumor but is also closely 
related to patient prognosis. Recent studies 
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have revealed that in various histological sub-
types of LUAD, the micropapillary component, 
even with a low proportion, is significantly asso-
ciated with poor prognosis [4]. This finding has 
a substantial impact on the long-term survival 
of patients and the recurrence of tumors. 

Radiomics is an emerging technology that 
extracts a large number of high-throughput fea-
tures from medical images, transforming image 
data into a feature space that can be mined, 
thereby revealing the micro and macro informa-
tion of diseases. This provides a new perspec-
tive for disease diagnosis, efficacy assess-
ment, and prognosis. With the development of 
artificial intelligence technology, especially the 
application of deep learning in radiomics, the 
features extracted from image data have be- 
come richer and more accurate.

Material and methods 

Patient selection 

The flowchart of this study is presented in 
Figure 1. A sample size of at least 30 is needed 
to support statistical models; a sample size of 
at least 80 is required for the root mean square 
error of machine learning algorithms to be 
below 0.01 [9]. This retrospective study was 
conducted on patients with pathologically con-
firmed INMA at our hospital between January 
2021 and December 2022. The inclusion crite-
ria were specified as follows: 1) Patients must 
be 18 years of age or older; 2) The pathological 
subtypes of patients were limited to lepidic, aci-
nar, papillary, solid, micropapillary, and com-
plex glandular subtypes; 3) Immunohistoche- 
mistry results for patients must be available. 
The exclusion criteria were established as fol-

Figure 1. Flowchart of the study.

The study of radiomics in lung 
cancer prediction is one of the 
hot topics at the intersection of 
medical imaging and artificial 
intelligence. In the latest resear- 
ch, scholars have used advanc- 
ed deep learning techniques, 
combined with radiomics fea-
tures, to construct predictive 
models to assess the biological 
characteristics and heterogene-
ity of tumors, predict treatment 
response, and monitor disease 
progression. This is of great sig-
nificance for the formulation of 
personalized treatment plans. 
Radiomics has proven its predic-
tive prowess in various lung tu- 
mor assessments, including dif-
ferentiating benign from malig-
nant tumors [5], forecasting the 
prognosis of NSCLC [6], antici-
pating the growth rate of early-
stage LUAD [7], and even gaug-
ing responses to immunotherapy 
in advanced NSCLC [8]. However, 
the predictive significance of ra- 
diomics within the IASLC grading 
system remains unclear. Against 
this backdrop, we have rede-
fined high-grade patterns and 
developed a model capable of 
predicting new high-grade pat-
terns in INMA. This could have 
profound implications for surgi-
cal decision-making processes.
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lows: 1) Patients with a prior history of malig-
nant tumors were excluded; 2) Patients who 
had received radiotherapy, chemotherapy, tar-
geted therapy, or immunotherapy were exclud-
ed; 3) Patients who did not have chest comput-
ed tomography (CT) images obtained within  
two weeks preceding surgery were excluded;  
4) Patients whose images exhibited significant 
motion artifacts were excluded; 5) Patients 
whose tumors contained components such as 
adenosquamous carcinoma or mucinous ade-
nocarcinoma were excluded; 6) Patients with 
incomplete imaging or clinical data were ex- 
cluded. All patients selected for inclusion were 
randomly assigned to training and validation 
cohorts, with the ratio of 8:2. 

Clinical, imaging, and pathological features 

The study collected clinical data on the pa- 
tients, including age, gender, tumor location, 
TNM stage, histopathology, pathological sub-
types, and immunohistochemistry. 

Chest CT was performed on a 64-row GE 
Optima CT670 scanner (GE Healthcare). The 
parameters of the CT scanner were as follows: 
tube voltage, 120 kVp; tube current, 200 mA, 
modulated automatically; field of view, 360 
mm; detector collimation, 0.625 mm; width of 
the detector, 40 mm; pitch, 0.984; matrix, 512 
× 512; section thickness, 1.25 mm; section 
interval, 1.25 mm. 

A thoracic surgeon and a radiologist, each with 
over 5 years of experience in thoracic imaging, 
analyzed all plain chest CT images. The initial 
images were exported in DICOM format and 
subsequently converted to NIFTI format for seg-
mentation. The ROI was manually sketched 
using 3D Slicer software version 5.0.3. The ROI 
needed to avoid the influence of blood vessels, 
bronchi, pleura, and other tissues. Discrepan- 
cies in the ROI were resolved by a radiologist 
with 10 years of experience in thoracic imaging, 
who re-sketched the ROI. 

In the evaluation of spread through air spaces 
(STAS), we analyzed INMA samples stained with 
hematoxylin and eosin as well as those sub- 
jected to immunohistochemical staining, utiliz-
ing microscopic examination. Our focus was on 
identifying tumor cells or clusters that mani-
fested as micropapillary clusters, solid cell 
clusters, or single tumor cells, with particular 
emphasis on their presence within air spaces 

located at a distance from the primary tumor 
margin. Specifically, we employed a criterion of 
a minimum distance equivalent to one pul- 
monary acinar interval to ascertain that the 
observed tumor cells or clusters were located 
away from the primary tumor margin [10]. 
Furthermore, we verified that these cells were 
situated within the normal alveolar cavities and 
bronchioles, rather than within pseudoglandu-
lar or necrotic regions of the tumor. Throughout 
the evaluation process, we meticulously exclud-
ed any potential artifacts to ensure the accura-
cy of the STAS diagnosis.

The calculation of the Ki-67 index was conduct-
ed based on the following method: immunohis-
tochemical staining was performed to assess 
the distribution of tumor cells. Initially, tissue 
sections were observed under low magnifica-
tion to identify areas with uniform tumor cell 
distribution and optimal staining quality. Sub- 
sequently, high magnification was utilized for 
the purpose of cell counting. A minimum of 10 
high-power fields were selected for quantifica-
tion. The Ki-67 labeling index was calculated 
using the following formula: Ki-67 Labeling 
Index = (Number of Ki-67 positive cells/Total 
number of cells counted) × 100%. 

The pathological results were classified into 
three grades based on the proportion of the 
components: Low (grade 1), Intermediate (gra- 
de 2), and High (grade 3). Pathological sub-
types were diagnosed with a 5% increment 
standard, and the tissue composition of each 
subtype was recorded from high to low. It is 
noteworthy that specific ratios of high-grade 
components were meticulously recorded. Two 
experienced pathologists who were blinded to 
clinical information, independently assessed 
the pathological subtypes, histopathological 
findings, and immunohistochemical results. In 
cases where the results were contentious, a 
third experienced pathologist was brought in  
to conduct a review. 

The study defined the endpoint as the presence 
of micropapillary patterns ≥5% or high-grade 
patterns (including solid, micropapillary, and 
complex glandular) ≥20%. 

Construction and validation of the nomogram 
prediction model

In this study, the primary predictive factors 
encompass clinical characteristics, radiological 
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features, and histopathological features. Se- 
condary predictive factors include gender, age, 
pleural indentation, spiculation or lobulation 
signs, pathological subtypes, and immunohis-
tochemistry results. Radiomics characteristics 
of the training cohort were extracted from  
an online website (www.home-for-researchers.
com). The extracted data underwent cleaning 
and standardization processes. The Least 
Absolute Shrinkage and Selection Operator 
(LASSO) regression analysis was employed to 
identify the most relevant radiomics features 
correlated with the endpoint. Univariate logistic 
analysis assessed the most significant radio- 
mics features in relation to endpoints (P<0.05). 
A multivariate logistic analysis was conducted 
to formulate the radiomics signature. The sen-
sitivity, specificity, and accuracy of the signa-
ture were appraised using the receiver operat-
ing characteristic (ROC) curve and the area 
under the ROC curve (AUC) value. The radio- 
mics signature, combined with clinical features 
- gender, age, pleural indentation, and spicula-
tion or lobulation signs - was utilized to develop 
a nomogram prediction model through multi-
variate Cox proportional hazards regression 
analysis. The model’s predictive prowess was 

evaluated using Harrell’s concordance index 
(C-index), 95% confidence interval (CI), and the 
calibration curve. The validation cohort is uti-
lized to verify the model’s effectiveness in pre-
dicting new pathological subtypes.

Statistical analysis

Radiomics and clinical features were analyzed 
using a t-test, chi-square test, or Fisher’s exact 
test based on the distribution characteristics of 
the data. A P-value of <0.05 was considered 
statistically different. All statistical analyses 
were performed using the R program (v4.0.3) 
and SPSS 24 (IBM Corporation).

Results

Cohorts and clinical characteristics 

The study included 226 patients, who were allo-
cated randomly into two cohorts: training (n = 
180) and test (n = 46). The clinical characteris-
tics are summarized and listed in Table 1.  
The clinical characteristics were comparable 
between the two cohorts (P>0.05). Figure 2 
illustrates the results of the ROI.

Table 1. Clinical characteristics of subjects
Characteristic Total (n = 226), (%) Training cohort (n = 180), (%) Validation cohort (n = 46), (%) P-value
Age 63.22±9.539 62.99±9.695 64.13±8.943 0.470
Gender 0.969
    Male 89 (39.38) 71 (39.44) 18 (39.13)
    Female 137 (60.62) 109 (60.56) 28 (60.87)
Tumor location 0.099
    Right upper lobe 79 (34.96) 59 (32.78) 20 (43.48)
    Right middle lobe 12 (5.31) 10 (5.56) 2 (4.35)
    Right lower lobe 55 (24.34) 48 (26.67) 7 (15.22)
    Left upper lobe 46 (20.35) 40 (22.22) 6 (13.04)
    Left lower lobe 34 (15.04) 23 (12.78) 11 (23.91)
pT 0.063
    T1 214 (94.69) 173 (96.11) 41 (89.13)
    T2 9 (3.98) 6 (3.33) 3 (6.52)
    T3 3 (1.33) 1 (0.56) 2 (4.35)
pN 0.541
    N0 198 (87.61) 159 (88.33) 39 (84.78)
    N1 1 (0.44) 1 (0.56) 0
    N2 16 (7.08) 13 (7.22) 3 (6.52)
    Nx 11 (4.87) 7 (3.89) 4 (8.70)
pM0 226 (100) 180 (100) 46 (100)
CT features
    Pleural indentation 69 (30.53) 57 (31.67) 12 (26.09) 0.463
    Spiculation or lobulation 99 (43.81) 77 (42.78) 22 (47.83) 0.538
Endpoint 130 (57.52) 99 (55.00) 31 (67.39) 0.129
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Pathological characteristics

The histopathological and immunohistochemi-
cal results of 226 patients are listed in Table 2. 
There were no significant differences observed 
between the two cohorts (P>0.05). The training 
cohort was divided into two groups based on 
whether it met the endpoint or not. Tumor STAS 
and Ki-67 expression were statistically signifi-
cantly different between the EP and NEP sub-
groups (P<0.01 for both findings). The sub-
groups within the validation cohort demonstrat-
ed similar tumor STAS results (P<0.01) and 
Ki-67 expressions (P = 0.037), as shown in 
Table 3. This supports our hypothesis that even 
no less than 5% of micropapillary components 
in pathological subtypes will lead to higher inva-
siveness and worse prognosis. 

Radiomics features and signature

A total of 107 features were extracted from  
the ROI of 226 patients, of which 16 features,  
including original_shape_(Elongation, Flatness, 
Maximum2DDiameterColumn, Maximum2D-
DiameterRow), original_firstorder_(Energy, Ma- 
ximum, Minimum, Skewness, TotalEnergy), ori- 

ROC curves, with AUC values of 0.803 for the 
training cohort and 0.772 for the validation 
cohort, respectively. 

Construction and validation of the nomogram 
model

The radiomics signature and clinical features 
(gender, age, pleural indentation, and spicula-
tion or lobulation sign) were used to construct  
a nomogram prediction model (Figure 5). The 
C-index of the training and validation cohorts is 
0.815 (95% CI: 0.806-0.824) and 0.802 (95% 
CI: 0.761-0.843), respectively. The calibration 
curves of the nomogram are displayed in Figure 
4.

Discussion

In 2020, the IASLC proposed a new grading sys-
tem for invasive pulmonary adenocarcinoma 
(IAC) [3]. Combined with the classification of 
lung tumors by WHO in 2021, we believed that 
this grading system is more suitable for INMA 
[1]. Nonetheless, the complex glandular pat-
tern, encompassing cribriform and fused 
glands, remains excluded from the INMA clas-

Figure 2. The region of interest (ROI) of the CT images. 

ginal_glcm_(Imc1, JointEntropy), 
original_gldm_(DependenceVa- 
riance, LargeDependenceLow- 
GrayLevelEmphasis), original_gl- 
szm_(SizeZoneNonUniformityNo- 
rmalized, SmallAreaLow-GrayLe- 
velEmphasis), and original_ng- 
tdm_Contrast, were screened 
out by LASSO regression analy-
sis to construct a radiomics sig-
nature. Figure 3 depicts the for-
est plot of the univariate Cox 
analysis. The radiomics signa-
ture score was calculated using 
the following formula: Radiomics 
score = 0.45 + (0.577) × shape_
Maximum2DDiameterColumn + 
(0.241) × firstorder_Maximum + 
(-0.06) × firstorder_Skewness + 
(-0.268) × glcm_Imc1+(-1.719)  
× glcm_JointEntropy+(-0.426)  
× gldm_DependenceVariance + 
(-0.277) × glszm_SizeZoneNon- 
UniformityNormalized + (-0.509) 
× glszm_SmallAreaLowGrayLe- 
velEmphasis + (0.577) × ngtdm_
Contrast. Figure 4 presents the 
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sification. A previous study showed that cribri-
form-predominant tumors have a poor progno-
sis similar to solid- and micropapillary-predomi-
nant subtypes [11]. Warth et al. found that the 
overall survival (OS) of patients with cribriform-
predominant tumors (mean OS: 62.7 months) 
was between acinar-predominant (mean OS: 
71.3 months) and solid-predominant (mean OS: 
54.5 months) subtypes. However, the disease-
free survival (DFS) (mean DFS: 36.9 months) 
was the worst of all patterns [12]. Moreira et al. 
showed that fused gland-predominant tumors 
had similar DFS curves compared with cribri-
form-, solid-, and micropapillary-predominant 
tumors (P = 0.56) [2]. Collectively, these find-
ings support the use of complex glandular as a 
high-grade indicator.

In IAC, tumors with micropapillary- and solid-
predominant patterns are associated with poor 

post-recurrence survival [13] and DFS [14]. The 
micropapillary pattern, in particular, stands out 
as an independent predictor of OS [14] as well 
as the presence of occult mediastinal lymph 
node metastasis (pN2) [15]. Song et al. discov-
ered that patients with a micropapillary com- 
ponent <5% had a lower TNM stage, whereas 
those with 5% or more micropapillary pattern 
experienced more frequent N2 disease [16]. 
Nitadori et al. found that limited resection was 
more likely to relapse than lobectomy in pa- 
tients with a micropapillary component ≥5% 
[17]. Even in the early stages of LUAD, patient 
outcomes are significantly associated with the 
proportion of high-grade tumor patterns [3, 
18]. 

Although complete pathological results for 
lymph nodes were unavailable for 11 patients 
due to factors such as final pathology upgrades 

Table 2. Pathological characteristics of subjects
Characteristic Total (n = 226), (%) Training cohort (n = 180), (%) Validation cohort (n = 46), (%) P-value
Grade 0.710
    Low (grade 1) 25 (11.06) 20 (11.11) 5 (10.87)
    Intermediate (grade 2) 124 (54.87) 101 (56.11) 23 (50.00)
    High (grade 3) 77 (34.07) 59 (32.78) 18 (39.13)
STAS 70 (30.97) 53 (29.44) 17 (36.96) 0.325
EGFR (+) 215 (95.13) 170 (94.44) 45 (97.83) 0.570
P53 (+) 123 (54.42) 102 (56.67) 21 (45.65) 0.181
Ki-67 0.171±0.153 0.169±0.151 0.181±0.164 0.642
Group 0.447
    Met the endpoint 130 (57.52) 99 (55.00) 31 (67.39)
        STAS (+) 68 51 17
        STAS (-) 62 48 14
    Not met the endpoint
        STAS (+) 2 2 0
        STAS (-) 94 79 15
STAS: spread through air spaces. 

Table 3. The correlation among endpoint, tumor STAS, and Ki-67 
Groups Total (n = 226), (%) P-value Training cohort (n = 180), (%) P-value Validation cohort (n = 46), (%) P-value
STAS ** ** **
    (+) (EP) 68 (30.09) 51 (28.33) 17 (36.96)
    (-) (EP) 62 (27.43) 48 (26.67) 14 (30.43)
    (+) (NEP) 2 (0.89) 2 (1.11) 0
    (-) (NEP) 94 (41.59) 79 (43.89) 15 (32.61)
Ki-67 ** ** 0.037
    EP 130 (57.52) 99 (55.00) 31 (67.39)
Ki-67 0.221±0.176 0.225±0.173 0.208±0.189
    NEP 96 (42.48) 81 (45.00) 15 (32.61)
Ki-67 0.105±0.074 0.101±0.074 0.125±0.073
EP: endpoint group; NEP: non-endpoint group; **: P<0.01.
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or inadequate lymph node sampling, these 
omissions did not impact the study’s endpoint. 
Consequently, we included the data from these 
11 patients in our analysis. Our findings indi-
cate that the EP group across the total, training, 
and validation cohorts exhibited a higher inci-
dence of tumor STAS and Ki-67 expression 

pathological subtypes of LUAD to include the 
prediction of occult metastases in mediastinal 
lymph nodes [22], brain metastases [23], STAS 
[24], and the mutation status of the epidermal 
growth factor receptor gene [25]. Furthermore, 
radiomics demonstrates significant potential in 
prognosticating outcomes for NSCLC patients. 

Figure 3. Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis (A) and forest plots (B) of 
the radiomics signature in the training cohorts. 

Figure 4. The receiver operating characteristic (ROC) curves and area 
under the curve (AUC) values of the training and validation cohorts (A). 
Calibration curves of the training and validation cohorts (B). 

compared to the NEP group. 
Both STAS and Ki-67 have been 
identified as poor prognostic 
indicators for high-grade pat-
terns in numerous studies [3, 
19-21]. Our results align with 
these findings, reinforcing the 
relevance of our study’s end-
point. The nomogram prediction 
model, based on these criteria, 
demonstrated robust predictive 
accuracy.

Radiomics is increasingly recog-
nized as a pivotal component in 
the diagnostic and therapeutic 
processes for NSCLC. Through a 
comprehensive analysis of the 
macroscopic morphological cha- 
racteristics and imaging data of 
pulmonary nodules, radiomics 
provides essential non-invasive 
support for the differential diag-
nosis of benign versus malig-
nant pulmonary nodules. Within 
the domain of pathology, the 
application of radiomics has 
evolved beyond distinguishing 
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It can, for instance, predict the likelihood of 
early-stage NSCLC patients benefiting from im- 
munotherapy [26], evaluate the risk of recur-
rence following surgical intervention for stage I 
LUAD [27], and monitor variations in the neu- 
trophil-to-lymphocyte ratio post-radiotherapy  
in locally advanced NSCLC [28]. Additionally, 
radiomics can forecast the probability of radia-
tion pneumonitis in NSCLC patients undergoing 
radiotherapy [29] and assess disease progres-
sion in early-stage NSCLC following stereotactic 
ablative radiotherapy [30]. This series of 
research findings enhances our comprehen-
sion of the biological characteristics of NSCLC 
and contributes to the development of more 
precise diagnostic strategies and personalized 
treatment plans for patients. Previous surgical 
procedures for peripheral small-sized LUAD 
depended on the results of an intraoperative 
frozen section [31]. However, the potential for 
postoperative pathological upgrades, influen- 
ced by varying pathologist expertise, was not 
uncommon. The release of findings from trials 
such as JCOG0201/0804/0802/1211 marked 
a shift towards imaging-guided surgical prac-
tices. Yet, debates persist, particularly regard-
ing JCOG0802/WJOG4607L, where segmen-
tectomy showed superior OS compared to 
lobectomy, though with a higher rate of local 
relapse [32]. Local recurrence is influenced by 
factors like tumor STAS, the prevalence of high-
grade tumor patterns, and the proximity be- 
tween tumor margins and resection boundar-
ies. Unfortunately, JCOG0802 lacked detailed 
insights into these factors. The CALGB140503 
study demonstrated that the DFS, OS, and 
locoregional or distant recurrence of sublobar 
resection were not inferior to those of lobecto-
my in stage I NSCLC patients with peripheral 
tumor that is ≤2 cm and negative hilar and 
mediastinal lymph nodes [33]. However, no fur-
ther information on STAS and pathological sub-
types was reported in this study. Consequently, 

here has yet to be cross-validated with datas-
ets from other medical institutions. Thirdly, the 
model’s applicability necessitates further con-
firmation through larger-scale, prospective stu- 
dies to ensure its broader validity. Lastly, the 
study’s patient follow-up duration was relatively 
brief, precluding the availability of comprehen-
sive long-term outcome data.

In summary, our radiomics-based nomogram 
model successfully predicts new high-grade 
patterns in INMA. Combined with the results of 
JCOG0201/0804/0802 and CALGB140503, 
this model could be used to guide clinical de- 
cisions and individualized surgical treatment 
strategies for patients with pulmonary nodu- 
les. 
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