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Abstract: Objectives: To establish a clinical and CT-based diagnostic model to predict high-grade lung adenocarcino-
ma (LAC) in patients with idiopathic pulmonary fibrosis (IPF). Methods: A total of 289 LAC-IPF patients were enrolled 
retrospectively and were divided into training (n=171) and test sets (n=118). In each set, the patients were divided 
into a low-grade LAC group and high-grade LAC group according to pathologic findings. Clinical and high-resolution 
CT (HRCT) features were analyzed by binary logistic regression analysis to select independent predictors for high-
grade LAC by building three models: the clinical model, the radiologic model, and the combined model integrating 
the independent clinical and radiologic factors. The discriminative performance of the three models was assessed 
using the receiver operating characteristic (ROC). The model with the best diagnostic performance was verified in 
the test set. Results: There was no significant difference between the training and test sets regarding clinical and 
radiologic factors (P>0.05). The usual interstitial pneumonia (UIP) pattern of IPF, solid morphology of the tumor, cy-
tokeratin 19 fragments (CYFRA21-1, the cutoff value: 2.85 ng/mL) and smoking history were identified as indepen-
dent predictors for high-grade LAC. The combined model showed the best discriminative performance (AUC: 0.955 
in the training set and 0.853 in the test set), with sensitivity, specificity, and accuracy of 94.0%, 87.1%, and 91.2%, 
respectively. Conclusions: A clinical and CT-based model can be used as an effective tool to predict high-grade LAC 
in IPF patients.
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Introduction

Lung adenocarcinoma (LAC), the most preva-
lent subtype of lung cancer [1], is divided into 
low-grade and high-grade subtypes according 
to the 2015 WHO Classification of Lung Tumor 
[2]. Evidence suggests that in patients of low-
grade LAC, segmentectomy or sublobectomy 
may offer the same long-term survival as lobec-
tomy, without an increase in the risk of local 
recurrence, whereas lobectomy or unilateral 
lung resection is recommended for high-grade 
LAC patients [3].

Idiopathic pulmonary fibrosis (IPF) is consid-
ered an independent risk factor for the develop-

ment of lung cancer [4]. Epidemiologic evidence 
suggests that patients with IPF exhibit a fivefold 
higher risk for developing lung cancer com-
pared to the general population [5], and their 
mortality (8.00%-17.31%) exceeds that of lung 
cancer patients without IPF [4]. Furthermore, 
the reported prevalence of lung cancer in 
patients with IPF seems to increase over the 
clinical course of IPF, with the cumulative inci-
dence exceeding 50% at 10 years of follow-up 
[6]. Thus, preoperative diagnosis of high-grade 
LAC in patients with IPF (LAC-IPF) is of great 
importance. However, LAC and IPF share over-
lapping symptoms, and the imaging features of 
LAC are atypical when superimposed on the 
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fibrotic background of IPF, making early diagno-
sis of LAC-IPF challenging.

The pathology, mechanism, and the prognosis 
of LAC-IPF have been reported by large co- 
hort studies [1, 7]. However, few studies have 
focused on the radiologic features of LAC- 
IPF on high-resolution computed tomography 
(HRCT), especially the differences between 
low-grade LAC and high-grade LAC. Iwasawa et 
al. [8] demonstrated that the quantitative as- 
sessment of fibrosis extent in interstitial lung 
abnormalities (ILAs) on preoperative CT is use-
ful for evaluating the severity of ILAs and for 
risk stratification in patients with lung cancer. 
Unfortunately, the differences between low-
grade LAC and high-grade LAC on HRCT remains 
lacking.

This study aimed to investigate whether a 
model integrating clinical factors and CT char-
acteristics could accurately predict high-grade 
LAC in patients with IPF on preoperative HRCT.

severe tuberculosis or other infectious diseas-
es; (3) presence of interstitial lung abnormali-
ties other than IPF; (4) absence of preoperative 
non-contrast HRCT scan performed at our 
institution.

The final study population comprised 289 pa- 
tients who underwent video-assisted thoracic 
surgery for LAC-IPF (160 males and 129 
females; median age of 62.1 years (27-83)). 
According to the time of surgery in LAC-IPF 
patients, 171 patients from January 2015 to 
December 2017 comprised the training set, 
whereas 118 patients from January 2018 to 
August 2020 constituted the test set. A flow 
chart for selecting the study population is 
shown in Figure 1. In the training and test sets, 
the patients were divided into two groups (low-
grade LAC-IPF group and high-grade LAC-IPF 
group). The LAC with the lepidic, acinar, papil-
lary, minimally invasive and preinvasive growth 
patterns are defined as low-grade subtypes, 
whereas the tumors displaying micropapillary, 

Figure 1. Flow chart for study population selection. Notes: LAC, high-grade 
lung adenocarcinoma; HRCT, high-resolution computed tomography.

Materials and methods

Study population

This retrospective study was 
approved by the ethics com-
mittee of Qingdao Municipal 
Hospital (2024-KY104-108), 
and the informed patient con-
sent was waived. Consecutive 
patients who underwent lung 
cancer surgery from January 
2015 to August 2020 in Qing- 
dao Municipal Hospital were 
potential candidates. Inclusion 
criteria: (1) pathologically con-
firmed LAC; (2) preoperative 
HRCT before surgery; (3) quali-
fied HRCT images for analysis; 
(4) complete clinical data avail-
able; (5) concomitant diagno-
sis of IPF, with IPF confirmed 
prior to the diagnosis of lung 
cancer according to Fleischner 
Society White Paper [9]; (6) no 
evidence of collagen vascular 
disease; (7) absence of signifi-
cant occupational or medica-
tion-related exposures. Exclu- 
sion criteria: (1) a history of 
thoracic surgery; (2) a history 
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solid, invasive mucinous, colloid, fetal and 
enteric growth patterns were regarded as high-
grade subtypes.

Clinical information included age, sex, smoking 
status, symptoms (cough, bloody phlegm), 
which were obtained by searching medical 
records. Laboratory findings included carcino-
embryonic antigen (CEA), cytokeratin 19 frag-
ments (CYFRA21-1), and carbohydrate antigen 
125 (CA125).

HRCT image acquisition

All preoperative scans were obtained using a 
64-row multidetector scanner (GE Healthcare, 
Milwaukee, WI, USA) with the following param-
eters: 120 kVp, 120 mA-200 mA, 1.5-mm col-
limation, 0.984:1 pitch, reconstruction matrix 
of 512×512, slice thickness of 1.0 mm, high 
spatial resolution algorithm, and window width/
level 1500/-600 HU for the lung window, 
400/40 HU for the mediastinal window.

HRCT characteristics 

The HRCT images were independently evaluat-
ed by two radiologists (reader 1, J.L., 30 years 
of experience; and reader 2, X.L., 8 years of 
experience in CT interpretation). Blinded to the 
clinical and pathologic information, the two 
readers interpreted the following CT character-
istics by consensus using a picture archiving 
and communication system (PACS): tumor size 
(the maximum diameter of the tumor were 
measured on the axial CT image), IPF pattern 
(typical usual interstitial pneumonia (T-UIP) 
pattern characterized by reticular opacities 
with obligatory honeycombing, usually associ-
ated with traction bronchiectasis, and with a 
basal and subpleural and lower zone predomi-
nance; or probable usual interstitial pneumo-
nia (P-UIP) pattern defined as the presence of 
reticular abnormality and traction bronchiecta-
sis with a basal, subpleural and lower zone pre-
dominance, and without honeycombing, ac- 
cording to Diagnostic Criteria for Idiopathic 
Pulmonary Fibrosis: A Fleischner Society White 
Paper [9], lobe location (lower lobe, upper/mid-
dle lobe), distribution (“peripheral location” 
was defined as the tumor located in the outer 
one-third of lung, while “central location” was 
diagnosed when the lesion extended to the 
inner two-thirds of the lung), lobulation (pres-
ent or absent, defined as irregular undulation 

of the nodule margin), spiculation (present or 
absent, defined as the presence of 2 mm or 
thicker strands extending from the margin of 
nodule into the lung parenchyma without touch-
ing the pleural surface), bubble lucency (pres-
ent or absent, defined as small spots of ovoid 
or round air attenuation in a nodule), air bron-
chogram (present or absent, defined as an air-
filled bronchi within a nodule), pleural indenta-
tion (present or absent, defined to a triangular 
or linear strand starting from the nodule sur-
face and arriving at the pleural surface), vessel 
convergence (present or absent, defined as 
multiple blood vessels focused on a nodule), 
lymph node enlargement (present or absent, 
defined as showing a size of more than 10 mm 
on the short axis based on the American 
Thoracic Society definitions [10]), and CT mor-
phology of the nodule (solid nodule or ground-
glass nodule [GGN]; with GGNs classified as 
pure GGNs (pGGNs) and mixed GGNs (mGGN) 
[11]).

Building of the clinical factors model 

The differences in clinical factors between low-
grade and high-grade LAC-IPF groups were 
assessed using univariate analysis, and vari-
ables showing statistical significance were 
entered into a binary logistic regression model 
to construct the clinical factors model. Odds 
ratios (ORs) were calculated for each indepen-
dent factor, and the relative risk with 95% con-
fidence intervals (CIs) was estimated.

Construction of the radiologic model 

Similarly, the radiologic features with signifi-
cant differences between the two groups, 
screened out by a univariate analysis, were 
entered into a binary logistic regression model 
to select the most valuable features. The 
selected features were applied to build a radio-
logic model.

Development of a combined model of clinical 
factors and radiologic features and assess-
ment of the performance of different models

A combined model integrating significant clini-
cal variables and radiologic features was con-
structed using binary logistic regression analy-
sis, following the same analytical procedures 
described above. For each of the three models 
(clinical model, radiologic model, and the com-
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bined model), the diagnostic performance in 
distinguishing low-grade from high-grade LAC-
IPF was evaluated in the training set using 
receiver operator characteristic (ROC) curve 
analysis. The cutoff value, area under the curve 
(AUC), sensitivity, specificity, and overall accu-

racy for identifying high-grade LAC-IPF were 
calculated.

Univariate analysis was subsequently per-
formed to compare differences in clinical and 
CT features between the training and test sets 

Table 1. Comparison of clinical factors and radiologic factors between low- and high-grade LAC pa-
tients in the training set

Item Total Low-grade  
LAC group (n=70)

High-grade  
LAC group (n=101) P Value

Sex Male 93 32 (45.7%) 61 (60.4%) 0.058
Female 78 38 (54.2%) 40 (39.6%)

Age (y) 45.3±15.9 54.0±16.1 0.226
Smoking Present 84 10 (14.3%) 74 (73.3%) 0.001

Absent 87 60 (85.7%) 27 (26.7%)
Bloody phlegm Present 32 5 (7.1%) 27 (26.7%) 0.001

Absent 138 65 (92.9%) 73 (72.3%)
CEA Increased 95 34 (48.6%) 61 (60.4%) 0.126

Absent 76 36 (51.4%) 40 (39.6%)
CYFRA21-1 Increased 89 9 (12.9%) 80 (79.2%) 0.001

Absent 82 61 (87.1%) 21 (20.8%)
CA125 Increased 91 17 (24.3%) 74 (73.3%) 0.001

Absent 80 53 (75.7%) 27 (26.7%)
Tumor size 17.82±1.03 33.64±1.14 0.000
IPF-pattern UIP 24 4 (5.7%) 20 (19.8%) 0.009

P-UIP 147 66 (94.3%) 81 (80.2%)
Location Lower lobe 72 25 (35.7%) 47 (46.5%) 0.159

Upper/Middle lobe 99 45 (64.3%) 54 (53.4%)
Morphology Solid nodule 112 18 (25.7%) 94 (93.1%) 0.001

pGGN/mGGN 59 52 (74.3%) 7 (6.9%)
Distribution Peripheral 121 52 (74.3%) 69 (68.3%) 0.399

Central 50 18 (25.7%) 32 (31.7%)
Lobulation Present 112 40 (57.1%) 72 (71.3%) 0.056

Absent 59 30 (42.9%) 29 (28.7%)
Spiculation Present 62 21 (30.0%) 41 (40.6%) 0.156

Absent 109 49 (70.0%) 60 (59.4%)
Bubble lucency Present 58 26 (37.1%) 32 (31.7%) 0.458

Absent 113 44 (62.9%) 69 (68.3%)
Air bronchogram Present 71 33 (47.1%) 38 (37.6%) 0.214

Absent 100 37 (52.9%) 63 (62.4%)
Pleural indentation Present 89 31 (44.3%) 58 (57.4%) 0.091

Absent 82 39 (55.7%) 43 (42.6%)
Vessel convergence Present 129 49 (70.0%) 80 (79.2%) 0.169

Absent 42 21 (30.0%) 21 (20.8%)
Lymph node enlargement Present 54 0 (0.00%) 54 (53.5%) 0.001

Absent 117 70 (100.0%) 47 (46.5%)
Notes: CEA, carcinoembryonic antigen; CA125, carbohydrate antigen 125; CYFRA21-1, cytokeratin 19 fragments; IPF, idio-
pathic pulmonary fibrosis; UIP, usual interstitial pneumonia; P-UIP, possible usual interstitial pneumonia pattern; pGGN, pure 
ground-glass nodule; mGGN, mixed ground-glass nodule.



CT-based model for differentiating lung adenocarcinoma

9416	 Am J Transl Res 2025;17(12):9412-9421

in both low-grade and high-grade LAC-IPF 
groups. The model with the best diagnostic per-
formance was verified in the test set, and the 
AUC was obtained.

Statistical analysis

All statistical analyses were performed using 
SPSS 20.0 (IBM Corp., Armonk, NY, USA). 
Categorical variables were described as fre-
quency and percentages, and quantitative vari-
ables were described using the mean (SD) or 
median (interquartile range, IQR). The chi-

square test or Fisher’s exact test were used for 
comparison between categorical variables. For 
the logistic regression analysis, quantitative 
variables were converted into categorical vari-
ables according to the cutoff value. Binary 
logistic regression was then performed to iden-
tify clinical and CT features associated with 
high-grade LAC-IPF. Variables that remained 
significant were incorporated into model con-
struction. ROC analysis was used to determine 
its sensitivity, specificity, and accuracy for iden-
tifying high-grade LAC-IPF. DeLong test was 
performed to compare AUCs among the three 

Figure 2. A 59-year male patient with LAC in the test set, showing T-UIP pattern of IPF. (A-C) Axial chest CT showed a 
solitary solid nodule (white arrow head) located in the lower lobe of the right lung. Coronal (D) and sagittal (E) HRCT 
show lobulation, spiculation and vessel convergence. Lymph node enlargements are shown in the right hilus of lung 
with white arrow (F). Notes: LAC, high-grade lung adenocarcinoma; T-UIP, typical usual interstitial pneumonia; IPF, 
idiopathic pulmonary fibrosis; HRCT, high-resolution computed tomography.

Figure 3. A 66-year male patient of low-grade LAC with IPF from the test set. (A, B) Axial chest CT images show a 
soft tissue nodule located in the upper lobe of the left lung. (C) Coronal and (D) sagittal CT show the tumor with 
lobulation, speculation, bubble lucency, and pleural indentation. Notes: LAC, high-grade lung adenocarcinoma; IPF, 
idiopathic pulmonary fibrosis.
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models. A P value <0.05 was considered 
significant.

Results

Building of the clinical model

The clinical factors of patients in the low- 
grade and high-grade LAC-IPF groups of the 
training set are provided in Table 1. Binary 
logistic regression analysis identified smoking, 
CYFRA21-1, and CA125 as independent pre- 
dictors in the clinical model (P=0.001, 0.001 
and 0.004, respectively). LAC-IPF patients with 
smoking history (OR=8.125; 95% CI: 3.305-
21.751), increased CYFRA21-1 (OR=7.480; 
95% CI: 2.770-20.195; cutoff=2.85 ng/mL 
from ROC curve analysis), and increased  
CA125 (OR=4.212; 95% CI: 1.577-11.250; cut-
off =13.91 U/mL from ROC curve analysis) were 
more likely to develop a high-grade of LAC.

Construction of the radiologic model

Of the 12 radiologic features included in this 
study, four imaging factors (tumor size (with a 
cutoff of 25 mm in this study), IPF pattern, mor-
phology, and lymph node enlargement) were 
entered into the binary logistic regression mo- 
del to select the most valuable features (Table 
1). The radiologic model was built using three 
radiological features: tumor size (OR=4.599; 
95% CI: 1.286-16.450; P=0.019), the T-UIP 
pattern of IPF (OR=5.118; 95% CI: 1.584-
16.539; P=0.006), and solid morphology 
(OR=18.118; 95% CI: 3.462-94.817; P=0.001), 
which were likely to indicate the high-grade 

LAC-IPF. The imaging characteristics of high-
grade and low-grade LAC-IPF are shown in 
Figures 2, 3.

Construction of a combined model integrating 
clinical and radiologic features

Four independent predictors, including T-UIP 
pattern of IPF, solid morphology of the tumor, 
smoking history, and increased CYFRA21-1, for 
high-grade LAC in LAC-IPF patients (P<0.001) 
were used to establish a combined model 
(Table 2).

The diagnostic performance of the clinical 
model, radiologic model, and combined model 
is summarized in Table 3. The AUC of the com-
bined model (0.955; Figure 4) was higher than 
that of the clinical model (0.890; z=3.342, 
P=0.001) and the radiologic model (0.939; 
z=2.373, P=0.018) in the training set. The sen-
sitivity (94.0%), specificity (87.1%) and accuracy 
(91.2%) of the combined model also outper-
formed the other two models (Table 3). 

Validation of the combined model in the test 
set

There was no significant difference between 
the training and test sets regarding the clinical 
and radiologic factors in both the low-grade 
and high-grade LAC-IPF groups (P>0.05, Table 
4). The combined model also yielded a robust 
diagnostic performance in the test set, with an 
AUC of 0.853 (Figure 5).

Discussion

The high incidence and poor survival of lung 
cancer in patients with IPF [6, 12] emphasize 
the importance of establishing a surveillance 
protocol for early diagnosis. Given that overlap-
ping pathogenic mechanisms and molecular 
pathways between lung cancer and IPF [13], 
diagnosing lung cancer in IPF patients is par-
ticularly challenging. The present study shows 
that the combined model, which incorporates 
the radiologic signature and clinical factors, 
has favorable predictive value for the diagnosis 
of high-grade LAC in IPF patients, with AUCs of 
0.890, 0.939 and 0.955 for the clinical model, 
radiologic model, and combined model, res- 
pectively.

One of the most noteworthy findings in our 
study was that the T-UIP pattern of IPF had a 

Table 2. Binary logistic analysis of the com-
bined model for high-grade LAC in the training 
set
Item Odds Ratio P Value
Tumor size 4.405 0.054
IPF-pattern 5.188 0.020
Morphology 21.405 0.002
Lymph node enlargement 53.906 0.997
Smoking 9.842 0.005
Bloody phlegm 0.744 0.766
CYFRA21-1 0.047 0.007
CA125 1.488 0.585
Constant 0.011 0.001
Notes: CA125, carbohydrate antigen 125; CYFRA21-1, 
cytokeratin 19 fragments; IPF, idiopathic pulmonary 
fibrosis.
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tendency toward high-grade LAC. To our best 
knowledge, this was the first study to evaluate 
and demonstrate the relationship between IPF 
pattern and the differentiation degree of LAC. 
Although the mechanism underlying this asso-
ciation remains unclear, several studies have 
confirmed that IPF and lung cancer share simi-
lar pathogenesis of tissue damage and abnor-
mal repair, which are key factors in the develop-
ment of LAC. This may explain the susceptibility 
of IPF patients to lung cancer [7, 13, 14]. In 
addition, aberrant proliferation and tissue inva-
sion of sub-epithelial lung fibroblasts in IPF 
have close association with cancer biology [7, 
14]. Recent advances in molecular techniques 
also offer genetic and epigenetic-level evidence 
that abnormal DNA methylation and histone 
modification leading to abnormal gene expres-
sion or aberrant activation of signaling path-
ways are common to both IPF and lung cancer 
[15]. Thus, patients with a T-UIP pattern of IPF 
may be more prone to high-grade LAC. However, 
further studies are warranted to confirm this 
hypothesis.

Solid tumor morphology on HRCT, as an inde-
pendent predictor for high-grade LAC, achieved 
the highest OR of 21.405 among the significant 

ules [18], consistent with our study (93.1%). In 
malignant pGGN and mGGN, the solid areas of 
mGGN histologically represents minimal inva-
sion, while the pure ground-glass nodule areas 
are considered as lepidic components of ade-
nocarcinoma, which are associated with low-
grade LAC subtypes [3]. Therefore, the uneven 
distribution of different histological subtypes, 
as Tsubokawa et al. reported [19], may account 
for the observed variations in HRCT morpholo-
gy. LAC in the low-grade group tends to grow 
along the alveolar wall. Due to the slow growth 
speed of tumor cells, the alveolar spaces are 
usually incompletely filled with tumor cells and 
a small amount of gas, resulting in the tumor 
showing ground-glass nodule on HRCT. Con- 
versely, the tumor cells of high-grade LAC grow 
rapidly and the alveolar cavity is completely 
filled with tumor cells. Owing to no gas remain-
ing in the alveolar cavities, the tumor manifests 
as a solid nodule on HRCT in most cases [3].

In the current study, fragment of cytokeratin 19 
(CYFRA 21-1), with a cutoff value of 2.85 ng/
mL, was found to be an independent predictor 
for high-grade LAC. CYFRA 21-1 is essential for 
structural integrity of epithelial cells, which are 
expressed in simple epithelium, including the 

Table 3. Diagnostic performance of the clinical model, radiologic model, and combined model for 
high-grade LAC in the training set
Model Cutoff AUC (95% CI) Sensitivity Specificity Accuracy
Clinical model 0.381 0.890 (0.835, 0.946) 88.0% 85.7% 87.1%
Radiologic model 0.567 0.911 (0.864, 0.958) 91.1% 84.3% 88.3%
Combined model 0.522 0.955 (0.926, 0.984) 94.0% 87.1% 91.2%

Figure 4. Receiver operator characteristic (ROC) curve of the combined 
model integrating clinical and radiologic features in the training set.

predictors in the combined 
model of clinical and radiologic 
factors, highlighting the sub-
stantial contribution of solid 
morphology to the prediction 
of high-grade LAC in IPF pa- 
tients. A study showed that, 
based on the proportion of the 
solid component, it may be 
possible to differentiate be- 
tween invasive and noninva-
sive LAC [16]. Yoshida et al. 
reported that the micropapil-
lary subtype of LAC, regarded 
as high-grade LAC according to 
the 2015 WHO classification 
[17], were observed in 76.2% 
(16/21) cases with solid nod-
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bronchial epithelium, and in malignant tumors 
derived from these cells. As a serum cytokera-
tin 19 fragment, CYFRA 21-1 has been well 
documented as one of the most single related 
tumor markers of LAC [20, 21]. In addition, it 
has been proven that the serum CYFRA 21-1 
level varied significantly according to the histo-

duration and severity of smoking, and the IPF 
severity (e.g., pulmonary function indices). The 
absence of molecular markers (e.g. EGFR/ALK) 
and pulmonary function indices in our model 
represents a limitation, as these factors are 
established predictors of LAC aggressiveness 
[28-30]. Fourth, this study did not assess prog-

Table 4. Comparison of clinical and radiologic factors between the 
patients in the training and test sets stratified by low- and high-
grade LAC patients

Item
Low-grade  

LAC group (n=118)
High-grade  

LAC group (n=171)
χ2 P Value χ2 P Value

Sex 0.394 0.530 0.106 0.745
Age (y) 0.196 0.658 0.285 0.593
Smoking 1.016 0.314 1.787 0.181
Bloody phlegm 0.670 1.505 0.220
CEA 0.012 0.911 0.133 0.716
CYFRA21-1 0.146 0.702 0.292 0.589
CA125 0.128 0.721 3.336 0.068
Tumor size 0.655 0.418 0.600 0.438
IPF-pattern 0.672 1.162 0.281
Location 0.279 0.598 2.168 0.141
Morphology 1.210 0.271 0.000 1.000
Distribution 1.064 0.302 0.040 0.841
Lobulation 2.445 0.118 0.697 0.404
Spiculation 1.581 0.209 0.336 0.562
Bubble lucency 0.057 0.811 2.419 0.120
Air bronchogram 2.730 0.098 0.762 0.383
Pleural indentation 0.818 0.366 1.527 0.216
Vessel convergence 0.039 0.843 1.179 0.278
Lymph node enlargement 0.514 0.396 0.529
Notes: CEA, carcinoembryonic antigen; CA125, carbohydrate antigen 125; CY-
FRA21-1, cytokeratin 19 fragments; IPF, idiopathic pulmonary fibrosis.

logic subgroup of non-small 
cell lung cancer [22]. A meta-
analysis suggests that CYFRA 
21-1 has a relatively high diag-
nostic value (specificity=94%, 
AUC=0.971) for LAC [23], whi- 
ch is higher than other tumor 
markers, such as CA-125. Fur- 
thermore, CYFRA 21-1 is recog-
nized as a prognostic and pre-
dictive marker in LAC [24, 25]. 
To our knowledge, CYFRA 21-1 
has rarely been reported as an 
independent predictor for the 
differentiation of LAC. Further 
studies are warranted to con-
firm this view. Compared to 
established LAC grading mod-
els, such as the IASLC grading 
system [26] and radiomic sig-
natures by Song et al. [27], our 
model demonstrates compa-
rable specificity (87.1% vs 82- 
90%). However, it requires fur-
ther validation against patho-
logic subtyping benchmarks. 
Notably, unlike existing models 
designed for general popula-
tions, ours specifically address-
es the unique challenge of IPF-
LAC differentiation where con- 
ventional CT features may be 
obscured by fibrotic changes.

There are several limitations to 
this study. First, this was based 
on a modest-sized case series 
of patients derived from a  
single hospital, and multi-cen-
ter studies with larger sample 
sizes are required for further 
validation. Second, as a retro-
spective case-control study, 
diagnostic accuracy is usually 
overestimated in the training 
set. Third, some clinical factors 
were not included due to 
incomplete data, such as the 

Figure 5. ROC curve of the combined model in the test set.
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nostic outcomes (e.g. disease-free survival, 
overall survival), precluding validation of the 
association between high-grade LAC and ad- 
verse prognosis, thus diminishing the clinical 
relevance of our model. Future prospective 
studies should prioritize comprehensive data 
collection to address these gaps.

Conclusion

In this study, we developed a combined model 
integrating clinical and radiologic features that 
showed favorable predictive efficacy in preop-
erative differentiation of low-grade LAC from 
high-grade LAC. Patients with a smoking histo-
ry, high level of CYFRA 21-1, solid tumor mor-
phology and T-UIP pattern of IPF, especially the 
T-UIP pattern, may be strongly predictive of 
high-grade LAC. This finding requires further 
validation before its widespread application in 
clinical practice.
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