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Lobectomy has been the standard surgical approach for 
early-stage lung cancer since a landmark clinical trial in 

1995 (1). However, two recent phase 3 randomized clini-
cal trials demonstrated promising results, suggesting that 
sublobar resection might be accepted as the new standard 
of treatment in a select subcategory of small peripheral 
non–small cell lung cancer (NSCLC) tumors (2,3). Brief-
ly, the Cancer and Leukemia Group B (CALGB) 140503 
trial (ClinicalTrials.gov registration no. NCT00499330) 
reported that sublobar resection (wedge resection or seg-
mentectomy) was noninferior to lobectomy for disease-
free survival, with similar overall survival (OS) (2). In the 
Japan Clinical Oncology Group (JCOG) 0802 trial (Uni-
versity Hospital Medical Information Network Clinical 
Trials Registry no. UMIN000002317), both superiority 
and noninferiority in OS were reported in the segmen-
tectomy group compared with the lobectomy group (3).

In the JCOG0802 trial (3), 67 of 552 patients (12.1%) 
who underwent segmentectomy experienced disease 

recurrence, while in the CALGB140503 trial (2), 102 of 
336 patients (30.4%) who underwent sublobar resection 
had recurrence. The JCOG0802 trial also noted more lo-
coregional relapses in patients who had undergone segmen-
tectomy (11%) compared with those who had undergone 
lobectomy (5%, P = .002) (3). However, there is cur-
rently no tool for risk stratification of patients undergoing  
sublobar resection.

Dimensional measurements of lung nodules on CT 
scans alone may not be sufficient for prognostication. In 
fact, risk model–based clinical decision-making is a better 
approach than simply using one or two clinical variables 
(4). For example, guidelines recommend model-based 
risk calculation to determine the management strategy 
for incidentally detected lung nodules (5,6). In addi-
tion, a prediction model may aid further fine-tuning or 
optimization of clinical trial eligibility criteria and help 
exclude individuals at high risk for segmentectomy even 
if they meet the criteria (7).

Background:  Currently, no tool exists for risk stratification in patients undergoing segmentectomy for non–small cell lung cancer 
(NSCLC).

Purpose:  To develop and validate a deep learning (DL) prognostic model using preoperative CT scans and clinical and radiologic 
information for risk stratification in patients with clinical stage IA NSCLC undergoing segmentectomy.

Materials and Methods:  In this single-center retrospective study, transfer learning of a pretrained model was performed for survival 
prediction in patients with clinical stage IA NSCLC who underwent lobectomy from January 2008 to March 2017. The internal set 
was divided into training, validation, and testing sets based on the assignments from the pretraining set. The model was tested on 
an independent test set of patients with clinical stage IA NSCLC who underwent segmentectomy from January 2010 to December 
2017. Its prognostic performance was analyzed using the time-dependent area under the receiver operating characteristic curve (AUC), 
sensitivity, and specificity for freedom from recurrence (FFR) at 2 and 4 years and lung cancer–specific survival and overall survival at 4 
and 6 years. The model sensitivity and specificity were compared with those of the Japan Clinical Oncology Group (JCOG) eligibility 
criteria for sublobar resection.

Results:  The pretraining set included 1756 patients. Transfer learning was performed in an internal set of 730 patients (median age, 63 
years [IQR, 56–70 years]; 366 male), and the segmentectomy test set included 222 patients (median age, 65 years [IQR, 58–71 years]; 
114 male). The model performance for 2-year FFR was as follows: AUC, 0.86 (95% CI: 0.76, 0.96); sensitivity, 87.4% (7.17 of 8.21 
patients; 95% CI: 59.4, 100); and specificity, 66.7% (136 of 204 patients; 95% CI: 60.2, 72.8). The model showed higher sensitivity 
for FFR than the JCOG criteria (87.4% vs 37.6% [3.08 of 8.21 patients], P = .02), with similar specificity.

Conclusion:  The CT-based DL model identified patients at high risk among those with clinical stage IA NSCLC who underwent 
segmentectomy, outperforming the JCOG criteria.
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Thus, the aim of this study was to develop and validate a 
deep learning (DL) model using both preoperative CT scans and 
clinical and radiologic information for prognostication and risk 
stratification in a retrospective cohort of patients who under-
went segmentectomy for clinical stage IA NSCLC.

Materials and Methods
This retrospective study was approved by the institutional review 
board of Seoul National University Hospital. The requirement 
for written informed consent was waived because data were ana-
lyzed retrospectively and anonymously. Figure 1 presents a sche-
matic illustration of the overall study design.

Study Patients
The DL model was trained in two stages, pretraining and transfer 
learning. The pretraining set included patients with any patho-
logic stage (ie, any tumor size and lymph node involvement, 
but without metastasis, confirmed at pathologic examination  
[pTanyNanyM0]) primary NSCLC (adenocarcinoma, squa-
mous cell carcinoma, or large cell carcinoma) who underwent 
lobectomy without neoadjuvant therapy from January 2008 to 
March 2017 at Seoul National University Hospital, a tertiary 
referral center. Exclusion criteria are detailed in Appendix S1. 
Transfer learning was applied to a subset of the pretraining set, 
specifically in patients with clinical stage IA NSCLC (hereafter 
referred to as the internal set).

The independent segmentectomy test set included patients 
who underwent segmentectomy for clinical stage IA (accord-
ing to the eighth edition staging system) NSCLC of any histo-
logic type from January 2010 to December 2017 at the same 
hospital (8). Patients who underwent surgery for lung cancer 
within the past 5 years or who had recurrent lung cancer, a 
positive clinical N category, a forced expiratory volume in the 
first second of expiration less than 60%, or a nonmeasurable 
primary tumor were excluded. Patients who overlapped with 

Abbreviations
AUC = area under the receiver operating characteristic curve, CALGB = 
Cancer and Leukemia Group B, DL = deep learning, FFR = freedom 
from recurrence, JCOG = Japan Clinical Oncology Group, LCSS = 
lung cancer–specific survival, NSCLC = non–small cell lung cancer, 
OS = overall survival

Summary
A CT-based deep learning model identified individuals at high risk 
among patients with clinical stage IA non–small cell lung cancer who 
underwent segmentectomy.

Key Results
	■ In this retrospective study of 222 patients who underwent 
segmentectomy for clinical stage IA non–small cell lung cancer, 
a CT-based deep learning (DL) model showed a time-dependent 
area under the receiver operating characteristic curve of 0.86, 
sensitivity of 87.4%, and specificity of 66.7% for recurrence 
within 2 years.

	■ The model showed higher sensitivity for 2-year recurrence than 
the Japan Clinical Oncology Group eligibility criteria for sublobar 
resection (87.4% vs 37.6%, P = .02).

the internal set due to metachronous lung cancer and those 
with clinical stage 0 NSCLC were also excluded.

Approximately 60% of patients (approximately 1200 of 
1978 patients) in these data sets have been reported previ-
ously (9–16). However, none of the prior studies dealt with 
risk stratification in patients undergoing sublobar resection. 
The DL model in this study has not been reported or vali-
dated previously.

Model Pretraining and Transfer Learning
The pretraining set was split randomly for training, validation, 
and testing at a ratio of 6:2:2. The DL model was pretrained 
to predict visceral pleural invasion, lymphovascular invasion, 
lymph node metastasis, and OS through multitask learning us-
ing three-dimensional CT tumor patches. This approach was 
used to promote survival prediction by instilling the domain 
knowledge, including the results of the JCOG0201 studies, 
which were the basis of the eligibility criteria in the JCOG0802 
and West Japan Oncology Group 4607L trial (3,17–22). The 
internal set was divided based on the assignments from the pre-
training set, with the ratio of the internal training set (for transfer 
learning), internal validation set, and internal testing set being 
6:1.8:2.2. Transfer learning of the cumulative OS probability in 
the internal set was completed using additional information that 
included age, sex, solid portion size on CT scans, and the con-
solidation to tumor ratio (3,23).

The pretraining and transfer learning of cumulative OS were 
performed using a discrete-time survival model for four time in-
tervals (0–24, 24–48, 48–72, and 72–165 months) (24). The 
cumulative risk of death (hereafter referred to as the DL-driven 
risk score) as a percentage was defined as (1 – cumulative sur-
vival probability to each time point) × 100. Thus, DL-driven 
2-year, 4-year, and 6-year risk scores were obtained. A higher 
score indicates greater risk. The code is available at https://github.
com/chestrad/segmentectomy. Tumor annotation, data preprocess-
ing, model development, visualization, and CT acquisition are 
detailed in Appendix S1.

Study Outcomes
The study outcomes were freedom from recurrence (FFR), 
lung cancer–specific survival (LCSS), and OS (25,26). FFR 
was measured from surgery to the first recurrence and/or dis-
tant metastasis, confirmed at imaging (CT or PET) or histo-
logic examination, with censoring at the last follow-up date. 
LCSS was the interval from the date of surgery to the date 
of death caused by the same lung cancer. If patients died of 
an indeterminate cause, the censoring time was set at the last  
follow-up date. OS was calculated from the date of surgery to 
the date of death by any cause. Survival time was censored at 
June 8, 2022, for the pretraining set (including the internal set) 
and June 20, 2023, for the segmentectomy test set. Survival 
status and the date of death were acquired from the database of 
the Ministry of Interior and Safety, Republic of Korea.

OS was obtained for both the internal and segmentectomy 
test sets, but FFR and LCSS were acquired only for the segmen-
tectomy test set. For the tertiary center, the standard follow-up 
protocol involved acquisition of CT scans at intervals of 6–12 
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months during the ini-
tial 2 years after sur-
gery, followed by annual 
observations.

Statistical Analysis
The prognostic perfor-
mance of the DL-driven 
risk scores was analyzed 
in the internal test set 
and the independent 
segmentectomy test set. 
The prognostic discrimi-
nation was evaluated us-
ing the time-dependent 
area under the receiver 
operating characteristic 
curve (AUC) at three 
time points (ie, 2, 4, and 
6 years) (27). Specifically, 
FFR at 2 and 4 years, 
LCSS at 4 and 6 years, 
and OS at 4 and 6 years 
were analyzed. To calcu-
late the time-dependent 
sensitivity and specific-
ity with 95% bootstrap 
CIs (5000 replications) 
for each outcome (27), 
cutoffs for the DL-driven 
2-year, 4-year, and 6-year 
risk scores, respectively, 
were determined empiri-
cally as the median values 
in the internal validation 
set. The cutoff for each 
DL risk score remained 
consistent regardless 
of the study outcome. 
Kaplan-Meier survival 
curves stratified according 
to the dichotomized DL 
risk scores (ie, high vs low 
risk) were plotted.

The clinical utility 
of the DL risk score in 
the segmentectomy test set was evaluated in two ways as fol-
lows: (a) benchmarking to the clinical trial eligibility criteria 
and (b) conducting subgroup analyses in the trial-eligible pa-
tients. First, the sensitivity and specificity of DL-based risk 
grouping were compared with those of the clinical trial eli-
gibility criteria. The JCOG eligibility criteria were defined as 
the union of JCOG0802, JCOG1211 (University Hospital 
Medical Information Network Clinical Trials Registry no. 
UMIN000011819), and JCOG0804 (no. UMIN000002008) 
criteria as follows (3,23). JCOG0802 was a randomized 
controlled noninferiority trial of segmentectomy versus 

lobectomy in patients with clinical stage IA NSCLC (total 
tumor size ≤2 cm and consolidation to tumor ratio >0.5) (3), 
and JCOG1211 was a single-arm trial for segmentectomy 
(total tumor size ≤3 cm and consolidation to tumor ratio 
≤0.5, except tumors ≤2 cm with a consolidation to tumor ra-
tio ≤0.25) (23). JCOG0804 was a single-arm trial for wedge 
resection or segmentectomy (tumors ≤2 cm and consolida-
tion to tumor ratio ≤0.25) (28). The eligibility criterion of 
the CALGB140503 trial was also evaluated (tumors with a 
solid component ≤2 cm) (2). Patients with pure ground-glass 
nodules or pathologically confirmed N1 or N2 disease were 

Figure 1:  Schematic shows the overall study design. The pretraining set included patients with non–small cell lung cancer with any 
tumor size and lymph node involvement but without metastasis, confirmed at pathologic examination (pTanyNanyM0). LN = lymph 
node, LVI = lymphovascular invasion, 3D = three-dimensional, VPI = visceral pleural invasion.
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excluded (2). Sensitivity and specificity were compared us-
ing the paired resampling bootstrap procedure (5000 replica-
tions). Second, in subgroups of patients meeting criteria for 
the JCOG trials and CALGB140503 trial, separately, FFR, 
LCSS, and OS were estimated for DL-based high- and low-
risk groups using the Kaplan-Meier method, and the log-rank 
test was performed between these groups.

The added prognostic value of the DL-driven risk scores 
to the clinical prognostic factors was investigated using 

multivariable Cox regression analysis. The hazard ratio of the 
DL-driven risk score was calculated with adjustment for co-
variates, such as age, sex, clinical T category, and tumor his-
tologic type, which were determined on the basis of clinical 
knowledge regarding the prognostic factors in lung cancer. 
Furthermore, multivariable Cox regression analyses were con-
ducted in a subset of patients with adenocarcinoma, including 
epidermal growth factor receptor (EGFR) mutation status as an 
extra covariate (Appendix S1).

Table 1: Patient and Tumor Characteristics

Characteristic Internal Set (n = 730)* Segmentectomy Test Set (n = 222) P Value
Age (y)† 63 (56–70) [29–86] 65 (58–71) [31–85] .008
Sex .81
  M 366 (50.1) 114 (51.4)
  F 364 (49.9) 108 (48.6)
History of malignancy other than lung cancer
  Yes 155 (21.3) NA
  No 574 (78.7) NA
Family history of lung cancer
  Yes 42 (5.8) NA
  No 686 (94.2) NA
Smoking history .54
  Never 394 (54.1) 126 (56.8)
  Former or current 334 (45.9) 96 (43.2)
Tumor location <.001
  Right upper lobe 247 (33.8) 16 (7.2)
  Right middle lobe 68 (9.3) 1 (0.5)
  Right lower lobe 143 (19.6) 63 (28.4)
  Left upper lobe 148 (20.3) 96 (43.2)
  Left lower lobe 124 (17.0) 46 (20.7)
Radiologic nodule type <.001
  Part solid 319 (43.7) 148 (66.7)
  Solid 411 (56.3) 74 (33.3)
Surgical modality <.001
  Sublobar resection 0 (0) 222 (100)
  At least lobectomy 730 (100) 0 (0)
Tumor histologic type .02
  Adenocarcinoma 644 (88.2) 196 (88.3)
  Squamous cell carcinoma 80 (11.0) 19 (8.6)
  Large cell carcinoma or other histologic types 6 (0.8) 7 (3.2)
Clinical T category‡ <.001
  cT1a 167 (22.9) 104 (46.8)
  cT1b 336 (46.0) 85 (38.3)
  cT1c 227 (31.1) 33 (14.9)
Solid portion size (mm)† 16 (11–22) 11 (7–16) <.001
CT to surgery interval (d)† 9 (2–24) 2 (1–24) .07
Follow-up interval (mo)† 90.4 (72.4–118.9) 85.9 (71.2–107.9) .03

Note.—Except where indicated, data are numbers of patients, with percentages in parentheses. Data were missing for some variables in the 
internal set, including history of malignancy other than lung cancer in 0.1% (one of 730 patients), family history of lung cancer in 0.3% 
(two of 730 patients), and smoking history in 0.3% (two of 730 patients). Patient and tumor characteristics were compared using the 
Mann-Whitney U test, χ2 test, or Fisher exact test, as appropriate. NA = not available.
* The internal set was divided based on the assignments from the pretraining set as follows: internal training (ie, transfer learning, n = 441), 
internal validation (n = 129), and internal testing (n = 160).
† Data are medians, with IQRs in parentheses and ranges in brackets.
‡ Clinical T category was determined according to the eighth edition staging system for lung cancer by using the solid portion size on 
preoperative CT scans.
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All statistical analyses were performed by one of the authors 
(H.K.) using R (version 4.3.1; http://www.R-project.org) with 
survival, survminer, and timeROC packages. Sample size calcu-
lation was not performed. P < .05 was considered indicative of a 
statistically significance difference. For multiple comparisons, P 
values were adjusted using the Benjamini-Hochberg procedure.

Results

Study Patients
The pretraining set included 1756 patients with 
NSCLC (pTanyManyM0) who underwent at 
least lobectomy (median age, 65 years [IQR, 
57–71 years]; 1018 male, 738 female). The in-
ternal set for transfer learning included 730 pa-
tients with clinical stage IA NSCLC (median 
age, 63 years [IQR, 56–70 years]; 366 male, 
364 female). The independent segmentectomy 
test set included 222 patients with clinical 
stage IA NSCLC (median age, 65 years [IQR, 
58–71 years]; 114 male, 108 female). The me-
dian follow-up duration was 90.4 months (IQR, 
72.4–118.9 months) in the internal set and 85.9 
months (IQR, 71.2–107.9 months; P = .03) in 
the segmentectomy test set. More characteristics 
are described in Appendix S2 and Tables 1 and 
S1. Survival rates are provided in Table S2. Fig-
ure 2 shows the patient flowcharts.

Prognostication Using the DL-driven Risk Scores
The median DL-driven risk scores in the inde-
pendent segmentectomy test set were 0.6% [IQR, 
0.1%–2.7%] for 2 years, 2.1% [IQR, 0.5%–
8.0%] for 4 years, and 3.9% [IQR, 0.9%–13.4%] 
for 6 years. The DL model demonstrated robust 
prognostic discrimination performance across all 
study outcomes and time points (Table 2, Fig S1). 
The time-dependent AUC was 0.86 (95% CI: 
0.76, 0.96), sensitivity was 87.4% (7.17 of 8.21 
patients; 95% CI: 59.4, 100), and specificity was 
66.7% (136 of 204 patients; 95% CI: 60.2, 72.8) 
for 2-year FFR. For 4-year LCSS, the AUC was 
0.90 (95% CI: 0.80, 1.00), sensitivity was 100% 
(5.13 of 5.13 patients; 95% CI: 100, 100), and 
specificity was 66.5% (137 of 206 patients; 95% 
CI: 59.6, 73.0). For 4-year OS, the AUC was 0.72 
(95% CI: 0.56, 0.88), sensitivity was 71.4% (10 
of 14 patients; 95% CI: 45.5, 93.3), and speci-
ficity was 65.9% (137 of 208 patients; 95% CI: 
59.4, 72.4). The cutoffs were 1.36% for the DL-
driven 2-year risk score, 4.36% for the 4-year risk 
score, and 7.74% for the 6-year risk score. Survival 
curves are provided in Figures 3 and S2.

Benchmarking of the DL Model against the  
Randomized Clinical Trial Eligibility Criteria
Among 222 patients in the segmentectomy test set, 

the DL-defined low-risk group included 141 patients for the 
DL-driven 2-year, 4-year, and 6-year risk scores, respectively. In 
addition, 164 patients were eligible for the JCOG trials (ie, 86 
patients in JCOG0802, 70 patients in JCOG1211, and eight 
patients in JCOG0804), and 184 patients were eligible for the 
CALGB140503 trial.

Figure 2:  Flowcharts show patient inclusion and exclusion for the (A) pretraining and internal 
set and (B) independent segmentectomy test set. The pretraining set (A) (including patients with any 
tumor size and lymph node involvement, but without metastasis, confirmed at pathologic examination 
[pTanyNanyM0]) was split randomly for training, validation, and testing at a ratio of 6:2:2. Transfer 
learning was applied to a subset of the pretraining set, specifically in patients with clinical stage IA 
non–small cell lung cancer (ie, the internal set). The internal set was divided based on the assignments 
from the pretraining set, such that the ratio of the internal training set (ie, for transfer learning) to the 
internal validation set to the internal testing set was 6:1.8:2.2. FEV1 = forced expiratory volume in 
first second of exhalation.
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The DL model showed higher time-dependent sensitivity 
for FFR, LCSS, and OS than the JCOG criteria (2-year FFR, 
87.4% vs 37.6% [3.08 of 8.21 patients; 95% CI: 0, 74.5; P = 
.02]; 4-year LCSS, 100% vs 39.9% [2.05 of 5.13 patients; 95% 
CI: 0, 100; P < .001]; 4-year OS, 71.4% vs 28.6% [four of 14 
patients; 95% CI: 6.70, 54.6; P = .005]) at similar specificity 
(2-year FFR, 66.7% vs 75.5% [154 of 204 patients; 95% CI: 
68.8, 81.0; P = .05]; 4-year LCSS, 66.5% vs 74.3% [153 of 
206 patients; 95% CI: 68.3, 80.0; P = .05]; 4-year OS, 65.9% 
vs 74.0% [154 of 208 patients; 95% CI: 67.9, 79.8; P = .05]) 
(Table 3).

Similar results were noted when comparing the sensitivity 
of the DL model with that of the CALGB140503 criterion 
(2-year FFR, 87.4% vs 37.6% [3.08 of 8.21 patients; 95% 
CI: 0, 74.5; P = .02]; 4-year LCSS, 100% vs 39.9% [2.05 of 
5.13 patients; 95% CI: 0, 100; P < .001]; 4-year OS, 71.4% 
vs 21.4% [three of 14 patients; 95% CI: 0, 45.8; P < .001]) 
(Table 3). However, the specificity of the DL model was lower 
than that of the CALGB140503 criterion for the study out-
comes (2-year FFR, 66.7% vs 84.8% [173 of 204 patients; 
95% CI: 80.0, 89.2; P < .001]; 4-year LCSS, 66.5% vs 83.5% 
[172 of 206 patients; 95% CI: 77.9, 88.2; P < .001]; 4-year 
OS, 65.9% vs 83.2% [173 of 208 patients; 95% CI: 78.0, 
88.1; P < .001]).

Subgroup Analyses in the Randomized  
Clinical Trial–eligible Patients
Kaplan-Meier survival curves stratified according to the DL-
based risk groups are provided in Figure 4. The DL-based 

low-risk groups, stratified using the DL-driven 2-year, 4-year, 
and 6-year risk scores, showed better outcomes than the DL-
based high-risk groups for FFR, LCSS, and OS in patients 
eligible for the CALGB140503 trial (n = 184, all P < .001)  
and patients eligible for the JCOG trials (n = 164, all P < .001) 
(Table S3).

Multivariable Cox Regression Analyses
The multivariable Cox regression analyses revealed that the DL 
risk scores remained significant prognostic factors in the segmen-
tectomy test set for FFR, LCSS, and OS after adjusting for other 
clinical factors (Tables 4, S4). The adjusted hazard ratios of the 
DL risk score (per percentage) were 1.13 (95% CI: 1.05, 1.23;  
P = .002) for FFR, 1.09 (95% CI: 1.03, 1.14; P = .001) for 
LCSS, and 1.06 (95% CI: 1.03, 1.09; P < .001) for OS. Rep-
resentative CT images with heat maps are provided in Figure 5.

Multivariable Cox Regression Analyses in  
Patients with Adenocarcinoma
The prognostic value of the DL risk score remained significant 
after adjusting for EGFR mutation status (adjusted hazard ra-
tio, 1.32 [95% CI: 1.18, 1.49; P < .001] for FFR; 1.16 [95%  
CI: 1.09, 1.23; P < .001] for LCSS; 1.07 [95% CI: 1.03, 1.11;  
P = .001] for OS) (Appendix S2; Tables S5, S6).

Discussion
Recent clinical trials have shown that for small peripheral non–
small cell lung cancer (NSCLC) tumors, sublobar resection 
might be as effective as lobectomy, with similar survival rates 

Table 2: Prognostication Using the DL-driven Risk Scores in the Internal and Independent Segmentectomy Test Sets

Data Set, Outcome, and Time Point AUC Sensitivity (%)* Specificity (%)* Cutoff (%)
Internal test set (n = 160)†

  Overall survival
    4 years 0.78 (0.63, 0.93) 85.7 (64.7, 100) [12/14] 43.2 (35.4, 51.4) [63/146] 4.36
    6 years 0.74 (0.61, 0.87) 80.8 (63.6, 97.9) [17.1/21.2] 44.8 (36.0, 53.6) [56/125] 7.74
Segmentectomy test set (n = 222)
  Freedom from recurrence
    2 years 0.86 (0.76, 0.96) 87.4 (59.4, 100) [7.17/8.21] 66.7 (60.2, 72.8) [136/204] 1.36
    4 years 0.85 (0.78, 0.92) 86.4 (65.8, 100) [13.5/15.6] 69.0 (62.0, 75.3) [129/187] 4.36
  Lung cancer–specific survival
    4 years 0.90 (0.80, 1.00) 100 (100, 100) [5.13/5.13] 66.5 (59.6, 73.0) [137/206] 4.36
    6 years 0.86 (0.78, 0.95) 89.9 (66.4, 100) [9.42/10.5] 67.3 (60.0, 74.3) [109/162] 7.74
  Overall survival
    4 years 0.72 (0.56, 0.88) 71.4 (45.5, 93.3) [10/14] 65.9 (59.4, 72.4) [137/208] 4.36
    6 years 0.78 (0.68, 0.88) 76.1 (59.3, 91.0) [22.3/29.3] 67.3 (60.0, 74.3) [109/162] 7.74

Note.—Data in parentheses are 95% CIs. AUC, sensitivity, and specificity are time-dependent measures for the event of interest (ie, 
outcome). The median values of each risk score in the internal validation set were used as cutoffs to calculate sensitivity and specificity. The 
median DL-driven risk scores for the internal test set were 2.0% (IQR, 0.5%–5.3%) for 2 years, 6.0% (IQR, 1.8%–13.6%) for 4 years, and 
10.4% (IQR, 3.4%–22.0%) for 6 years. The median DL-driven risk scores for the independent segmentectomy test set were 0.6% (IQR, 
0.1%–2.7%) for 2 years, 2.1% (IQR, 0.5%–8.0%) for 4 years, and 3.9% (IQR, 0.9%–13.4%) for 6 years. AUC = area under the receiver 
operating characteristic curve, DL = deep learning.
* Except where indicated, data are percentages, with estimated numbers of patients in brackets calculated using the inverse probability of 
censoring weighting approach.
† The internal set (n = 730) was divided based on the assignments from the pretraining set as follows: internal training (ie, transfer learning, 
n = 441), internal validation (n = 129), and internal testing (n = 160).
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(2,3). However, further risk stratification in patients undergoing 
segmentectomy is currently limited. In this retrospective study, 
we developed and validated a deep learning (DL) model with 
preoperative CT scans and four clinicoradiologic variables (age, 
sex, solid portion size, and consolidation to tumor ratio) as in-
puts for risk stratification in 222 patients with clinical stage IA 
NSCLC undergoing segmentectomy. The model demonstrated 
robust prognostication performance across three oncologic out-
comes, including freedom from recurrence, lung cancer–specific 
survival, and overall survival. For recurrence within 2 years, 
the time-dependent sensitivity was 87.4% and specificity was 
66.7%, with an area under the receiver operating characteristic 
curve of 0.86. Therefore, our model detected most of the indi-
viduals at high risk who were vulnerable to disease recurrence. 
In this respect, the sensitivity and specificity of the model for 
recurrence or death were compared with those of the clinical trial 
eligibility criteria for sublobar resection. DL-based risk stratifica-
tion demonstrated higher sensitivity for 2-year recurrence than 

the Japan Clinical Oncology Group eligibility criteria (87.4% 
vs 37.6%, P = .02), while maintaining similar specificity. In ad-
dition, in subgroups of clinical trial–eligible patients, the DL 
model was able to further stratify those at high and low risk.

In clinical practice, anatomic information on preoperative 
CT scans is qualitatively assessed by radiologists, pulmonolo-
gists, and surgeons for the purpose of clinical staging. However, 
CT scans contain more data beyond tumor dimension, density, 
and location. A few recent studies have shown that prognostic 
information can be extracted quantitatively (14,15,29–31). 
Considering that CT scans are universally acquired for staging 
in patients with lung cancer, fully exploiting all available data 
through a model-based approach is reasonable. In fact, risk 
stratification in lung cancer by simple dimensional measure-
ments of tumors may not be an optimal strategy. Although 2 
cm was used as a diameter threshold in both the JCOG0802 
and CALGB140503 trials, there is some evidence that segmen-
tectomy may be feasible in tumors larger than 2 cm (ie, 2–3 

Figure 3:  Kaplan-Meier survival curves stratified according to the dichotomized deep learning (DL)–driven risk scores show (A) overall survival (OS) in the internal test 
set using the DL-driven 4-year risk scores and (B) freedom from recurrence, (C) lung cancer–specific survival, and (D) OS in the segmentectomy test set using the DL-driven 
2-year, 4-year, and 6-year risk scores. The cutoffs were determined empirically as the median values in the internal validation set, which were 1.36% for the DL-driven 2-year 
risk score and 4.36% for the 4-year risk score. The cutoffs remained unchanged regardless of the study outcome.
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cm) (32,33). A DL model that analyzes all pixels in and around 
the tumor may enable the identification of individuals at high 
risk among those with tumors smaller than 2 cm and individu-
als at low risk among those with tumors larger than 2 cm. Fur-
thermore, the DL risk scores remained significant for predicting 
clinical outcomes after adjusting for the status of sensitizing 
EGFR mutations in patients with adenocarcinoma, indicating 
the utility of the model in patients with and without the onco-
genic driver mutations.

Our study had several strengths. First, the DL model was 
pretrained to predict cumulative survival in a large number of 
patients with NSCLC, which was supported by histopathologic 
feature learning. The selection of the histopathologic labels was 
based on evidence from published research, including the results 
from the JCOG0201 studies (17–22). Second, the transfer learn-
ing used the solid portion size and consolidation to tumor ratio, 
following evidence from recent clinical trials (2,3,23). Third, we 
analyzed three study outcomes and conducted separate evalua-
tions of recurrence and mortality, in accordance with the strategy 
used in the clinical trial (3).

Nonetheless, our study had limitations. First, the DL model 
was developed and validated using data sets from the same hos-
pital. Although there was no overlap between the internal and 
segmentectomy test sets, true external validation (using an ex-
ternal test set) was not carried out. Second, survival analysis 

comparing segmentectomy and lobectomy was not conducted 
for the high- and low-risk groups identified by the DL model. 
Therefore, it is not feasible to assert that the DL model is suit-
able for selecting candidates for segmentectomy. Third, the DL 
model was developed using the lobectomy cohort and vali-
dated in the segmentectomy test set. This approach assumed 
that there are common risk factors in patients with early-stage 
lung cancer independent from the surgical modality. A simi-
lar strategy was used in the JCOG0802, JCOG1211, and 
JCOG0804 trials, following the results of JCOG0201, which 
was a prospective study in patients treated with at least lobec-
tomy. Fourth, the DL model was not fully automatic. Finally, 
eligibility for segmentectomy is not determined solely based on 
tumor dimensions. The tumor location in the periphery and 
the absence of nodal metastasis are essential prerequisites, and 
these factors were not evaluated in our study.

In conclusion, the CT-based deep learning model identified 
patients at high risk among those with clinical stage IA non–
small cell lung cancer who underwent segmentectomy, demon-
strating higher sensitivity for recurrence and/or death compared 
with clinical trial eligibility criteria for sublobar resection.
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Table 3: Risk Stratification Benchmarking Against the Randomized Clinical Trial Eligibility Criteria

Outcome and  
Time Point

JCOG Trials* CALGB140503†

Sensitivity P Value Specificity P Value Sensitivity P Value Specificity P Value
Freedom from  

recurrence
  2 years 37.6 (0, 74.5) 

[3.08/8.21]
.02 75.5 (68.8, 81.0) 

[154/204]
.05 37.6 (0, 74.5) 

[3.08/8.21]
.02 84.8 (80.0, 89.2) 

[173/204]
<.001

  4 years 47.1 (20.4, 73.7) 
[7.35/15.6]

.03 76.5 (70.4, 83.0) 
[143/187]

.05 47.1 (20.4, 73.7) 
[7.35/15.6]

.03 86.1 (80.8, 91.1) 
[161/187]

<.001

Lung cancer– 
specific survival

  4 years 39.9 (0, 100) 
[2.05/5.13]

<.001 74.3 (68.3, 80.0) 
[153/206]

.05 39.9 (0, 100) 
[2.05/5.13]

<.001 83.5 (77.9, 88.2) 
[172/206]

<.001

  6 years 50.4 (17.1, 83.4) 
[5.28/10.5]

.02 75.3 (68.8, 81.8) 
[122/162]

.05 50.4 (17.1, 83.4) 
[5.28/10.5]

.02 84.6 (78.9, 89.8) 
[137/162]

<.001

Overall survival
  4 years 28.6 (6.70, 54.6) 

[4/14]
.005 74.0 (67.9, 79.8) 

[154/208]
.05 21.4 (0, 45.8) 

[3/14]
.001 83.2 (78.0, 88.1) 

[173/208]
<.001

  6 years 41.9 (24.4, 61.1) 
[12.3/29.3]

<.001 75.3 (68.7, 81.7) 
[122/162]

.05 38.5 (21.5, 56.9) 
[11.3/29.3]

<.001 84.6 (78.9, 89.9) 
[137/162]

<.001

Note.—Except where indicated, data are percentages, with 95% CIs in parentheses and estimated numbers of patients in brackets 
calculated using the inverse probability of censoring weighting approach. Time-dependent sensitivity and specificity were calculated for 
each outcome. P values indicate comparisons of the diagnostic performance measures between the clinical trial eligibility criteria and DL-
based risk groups using a paired resampling bootstrap procedure (5000 replications), which accounts for the paired nature of the data by 
resampling matched pairs of observations. P values were adjusted for multiple comparisons across time and different outcomes. Sensitivity 
and specificity of the DL model are provided in Table 2. Note that the sample size for calculating sensitivity in the present study was 
insufficient to yield reliable CIs. CALGB = Cancer and Leukemia Group B, DL = deep learning, JCOG = Japan Clinical Oncology Group.
* Eligibility criteria in the JCOG trials are a composite, encompassing the criteria from the JCOG0802, JCOG1211, and JCOG0804 trials 
(tumors ≤3 cm, except for those >2 cm with a consolidation to tumor ratio >0.5).
† CALGB140503 trial eligibility included tumors with a solid component measuring 2 cm or less.
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Figure 4:  Kaplan-Meier survival curves according to the dichotomized deep learning (DL)–driven risk scores in segmentectomy subgroups of patients who met clinical 
trial eligibility. (A–C) Graphs show freedom from recurrence (FFR) (A), lung cancer–specific survival (LCSS) (B), and overall survival (OS) (C) in patients eligible for the 
Cancer and Leukemia Group B 140503 trial. (D–F) Graphs show FFR (D), LCSS (E), and OS (F) in patients eligible for the Japan Clinical Oncology Group (JCOG) trials 
(JCOG0802, JCOG1211, and JCOG0804). The DL-driven 2-year risk score was used for FFR, and the 4-year risk score was used for LCSS and OS. The cutoffs were 
determined empirically as the median values in the internal validation set, which were 1.36% for the DL-driven 2-year risk score and 4.36% for the 4-year risk score. The 
cutoffs were not altered according to the study outcomes. In the segmentectomy test set, the same patients were consistently classified into the DL-based low-risk group across 
different time points (2, 4, and 6 years).
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Table 4: Multivariable Cox Regression Analyses for the Independent Segmentectomy Test Set

Variable

Recurrence Lung Cancer–specific Mortality Overall Mortality

Hazard Ratio P Value Hazard Ratio P Value Hazard Ratio P Value
Age (per year) 1.09 (1.02, 1.16) .01 1.12 (1.04, 1.21) .003 1.08 (1.03, 1.13) <.001
Male sex (reference: female) 1.01 (0.29, 3.50) .99 0.96 (0.24, 3.89) .95 2.02 (0.84, 4.84) .11
Clinical T1c (reference: T1a or T1b) 3.18 (1.13, 8.93) .03 2.16 (0.72, 6.49) .17 1.76 (0.88, 3.52) .11
Adenocarcinoma  

(reference: nonadenocarcinoma)
5.12 (1.12, 23.3) .03 4.28 (0.92, 19.9) .06 1.84 (0.80, 4.25) .15

DL risk score (per percentage point)* 1.13 (1.05, 1.23) .002 1.09 (1.03, 1.14) .001 1.06 (1.03, 1.09) <.001

Note.—Data in parentheses are 95% CIs. DL = deep learning.
* Multivariable Cox regression analyses were performed using the DL-driven 2-year risk score for freedom from recurrence and DL-driven 
4-year risk score for lung cancer–specific survival and overall survival.

Figure 5:  Representative CT images with heat map visualization. From left to right: Axial nonenhanced CT images show a preoperative scan with overlaid gradient-weighted 
activation maps for visceral pleural invasion, lymphovascular invasion, lymph node, and survival prediction, respectively. (A) Images in an 83-year-old male patient with clinical 
stage IA3 adenocarcinoma. The deep learning (DL)–driven 2-year risk score was 3.65% and the 4-year risk score was 10.2%. The tumor recurred 36.5 months after surgery.  
(B) Images in a 79-year-old female patient with clinical stage IA2 adenocarcinoma. The DL-driven 2-year risk score was 8.60% and the 4-year risk score was 20.2%. Tumor 
recurrence was observed 25.9 months after surgery. (C) Images in a 71-year-old male patient with clinical stage IA2 adenocarcinoma. The DL-driven 2-year risk score was 0.16% 
and the 4-year risk score was 0.74%. There was no evidence of disease recurrence until 60.8 months of postoperative follow-up. (D) Images in a 76-year-old female patient with 
clinical stage IA3 adenocarcinoma. The DL-driven 2-year risk score was 0.63% and the 4-year risk score was 2.28%. No recurrence was noted at a 22-month follow-up visit. 
The DL model predicted the cumulative overall survival probability in patients with clinical stage IA lung cancer, and the prediction was enhanced by the multitask learning of CT 
features for visceral pleural invasion, lymphovascular invasion, and lymph node metastasis. The color bar transitions from dark blue to dark red, indicating pixel activation ranging 
from a low to high degree on the heat maps.
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