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Determining tumor progression status is critical for early-stage lung adenocarcinoma (esLUAD)
diagnosis and treatment, yet histopathology-based grading often overlooks heterogeneity within
grades. We propose RadioTrace, a deep contrastive learning framework integrating radiomic and
pathological information to learn a radiomic trajectory for quantifying esLUAD progression. Across
four multi-institutional cohorts, RadioTrace well predicted tumor phenotypes including spread
through air spaces (STAS) and lymph nodemetastasis (LNM). Survival analyses demonstrated it as an
independent prognostic factor (log-rank test p < 0.004 across all cohorts). Within the same
pathological grade, it revealed significant survival heterogeneity (p < 0.02 across all cohorts),
underscoring the limitations of current grading criteria. Genomic and transcriptomic analyses
confirmed associations with progression-relatedmolecular features. Longitudinal analysis of patients
with multiple CT follow-ups further showed consistency with continuous progression. These findings
demonstrate that RadioTrace enables quantitative, interpretable assessment of esLUADprogression,
providing insights beyond histopathology and assisting clinical decision-making.

Lung cancer is the leading cause of cancer-related deaths in the world, and
lung adenocarcinoma (LUAD) is the most common subtype1. LUAD
progresses from precursor glandular lesion to malignant disease, during
which it gradually gains the abilities of invasiveness and metastasis2. Con-
sequently, early detection of LUAD is crucial for effective treatment3. Early-
stage non-mucinous LUAD (esLUAD) is generally acknowledged to pro-
gress undergoing four pathological stages: atypical adenomatous hyper-
plasia (AAH), adenocarcinoma in situ (AIS), minimally invasive
adenocarcinoma (MIA), and invasive adenocarcinoma (IAC)4. Recently,

pathologists further subdivided IAC into grades I-III as per the proportion
of different histological subtypes5. These grading criteria are routinely used
in clinical diagnosis and facilitate precise treatment selection6,7.

However, the reliance on histopathological patterns for tumor classi-
fication presents challenges. This method is an invasive approach and
cannot provide a comprehensive assessment of tumors due to sampling
bias8. Moreover, the classification of histological subtypes is inherently
subjective, leading to significant interobserver variability among patholo-
gists. Studies have shown relatively low κ-values for overall agreement,
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ranging from0.237 to 0.646,whichmay compromise the accuracy of patient
prognosis assessments9–12. Additionally, tumor progression is a continuous
process, but the conventional stepped pathological grading system may
overlook differences within the same grade and result in varying responses
to the same treatment strategybasedonpathological diagnosis. For instance,
Park BJ et al. suggested to subdivide grade II-IAC into II-a and II-b based on
the proportion of lepidic component13. Variations such as the morphology
and spatial distribution of acinar islands within tumors, which are not
accounted for in current LUAD grading systems, were also found to sig-
nificantly affect patient prognosis14. Besides, the boundary differences
between grades may be exaggerated in scenarios. Our previous study indi-
cated that different pathological grades with similar radiological features
may have comparable recurrence risks15. These observations underscore the
urgent need for a continuous measurement of tumor progression to
enhance the precision of diagnosis and treatment of esLUAD16.

Computed tomography (CT) is a non-invasive technology commonly
used in the detection and diagnosis of lung cancer16. CT images provide a
comprehensive view of tumor tissue by transforming the composition and
spatial distribution of cells into various gray levels of pixels17. With the
development of radiomics, scientists have proposed many computational
methods, including deep learning-based methods, to discriminate the
pathological grades of esLUAD18–20. These studies demonstrated the feasi-
bility of characterizing esLUAD progression with CT images, but they didn’t
attempt to obtain additional information of tumor progression beyond
pathological grades. Such approaches may limit the model to extracting
information that is not related to pathology but is closely related to tumor
progression, and cannot provide continuous quantification of the progres-
sion. Quantifying biological processes with a continuous trajectory have been
widely implemented in the field of single-cell transcriptomic studies21, and
similar idea has emerges in histopathology studies22, but to the best of our
knowledge, there have been no existing approaches that explicitly build a
continuous “radiomic trajectory” to decipher tumor progression with
pathological and/or radiomic information.

In this study, we proposed a new strategy to quantitativelymeasure the
progression of esLUAD. We integrated the pathological and radiomic
information of tumors using a deep contrastive learning framework, and
developed a radiomic esLUAD progression trajectory named RadioTrace.
We validated the effectiveness and consistency of RadioTrace on multiple
patient cohorts from different institutes. We found that the pseudo-
progression score (PPS) derived from RadioTrace is able to predict the
appearance of the spread through air spaces (STAS), the lymph node
metastasis (LNM), and patient’s survival conditions in LUAD. Even within
the grade II IAC, tumors with different PPSs were significantly different in
phenotypes and prognoses. We also performed radiogenomic analysis and
found that RadioTrace is associated with the tumor-progression-related
gene alterations and differentially expressed genes. In addition, RadioTrace
was shown to be highly consistent with longitudinal esLUAD progression
records of the same patient. The results showed that combining multi-scale
tumor characteristics is able to quantify the progression procedure of
esLUAD and uncover more detailed differences than the pathological
grades. The developed RadioTrace can assist the identification of esLUAD
progression status in the clinical diagnosis.Wedeveloped the corresponding
training and inference methods of RadioTrace as a Python package freely
available for academic use at https://pypi.org/project/RadioTrace.

Results
Patient cohorts
This study is amulti-center studywhich includes four in- hospital cohorts of
patients, three fromGuangdong Provincial People’s Hospital (the GDPH1,
GDPH2, and GDPH3 cohort,Methods), and one from Shenzhen People’s
Hospital (the SZPHcohort,Methods),whomwere treatedwith surgeryonly.
As Fig. 1a shown, 1843 tumors of 1827 patients were finally enrolled in this
study. The GDPH1 cohort consists 641 tumors of 625 patients from
2015–2020, which was used for model training and radiomic trajectory
construction. The GDPH2 cohort with 158 tumors of 158 patients from

2012–2014 was used for internal validation. The GDPH3 cohort with 195
tumors of 195 patients was used for multiomics validation. In GDPH 3
cohort, all 195 patients with bulk RNA-seq data of tumors as well as 87
patients of themwith panelDNA-NGSdata of tumorswere used for genetic
and transcriptomic association analysis. The SZPH cohort consisting 849
tumors of 849 patients was used for external validation. Most cohorts
include patients acrossfive pathological grades ranging fromAIS to IAC-III,
except for the GDPH2 cohort, which includes only grades IAC-I to IAC-III,
and the GDPH3 cohort, which does not include patients with IAC-I. Most
patients were diagnosed with esLUAD (in stage T1N0 or stage T2aN0)
except that a small group of patients in the SZPH cohort were in stage T1N1
or T1N2. The demographic and clinical information of patients is shown in
Table 1. Additionally, we also collected data from Guangdong Provincial
People’s Hospital as a case study for two patients who were not included in
any of the cohorts described above, and each patient had longitudinal CT
images, including an initial and 4 follow-up CT scans.

Constructing a radiomic trajectory of esLUAD progression with
deep contrastive learning
We proposed a deep contrastive learning framework, based on the
assumption that tumors at similar stages of evolution share similar
imaging features, to infer the trajectory of tumor evolution using large-
scale tumor data. Pathological grading system involves two dimensions:
categorical classification and sequential progression. Only the categorical
relationship—whether two samples belong to the same pathological
category—is used as weak supervision. This strategy helps blur rigid
grade boundaries and fully leverages the feature extraction capabilities of
a 3D deep convolutional neural network (CNN) to explore both inter-
tumor similarities and intra-grade variations. As shown in Fig. 1b, c, the
basic idea is to train a deep learning model to obtain an embedding for
the CT image of each tumor, where embeddings of tumors with the same
pathological grade are encouraged to be close, while embeddings of
tumors with different pathological grades are encouraged to be far apart.
(Methods). Through this process, the CNN model learns to capture
imaging features indicative of tumor evolution while incorporating
pathological context. We used the GDPH1 cohort as the training data.
Details about the model is provided in Methods.

After training, we performed principal component analysis (PCA) on
the embeddings and visualized the distribution of the samples using thefirst
twoprincipal components (PCs).We then employed the slingshotmethod23

to infer a trajectory in the PC space (Fig. 1c) using the AIS cluster as a
starting point and took it as a reference of esLUADprogression fromAIS to
IAC-III (Fig. 2a,Methods).Wenamed the trajectory asRadioTrace, as itwas
built according to the radiomic information of tumors. We defined a
pseudo-progression score (PPS) to quantify the positions of tumors
on the trajectory (Methods), and the PPSs increased gradually with
tumor progression, consistent with their pathological grades (Fig.
2b). We applied the algorithm of RadioTrace on GDPH2, GDPH3
and SZPH cohorts for internal or external validation. We found that
their radiomic trajectories and PPSs were also well consistent with
pathological grades (Fig. 2c–h). It is worth noting that some tumors
in the SZPH cohort were in the T1N1 or T1N2 stage, which are more
advanced progression statuses than those in the training cohort.
Though the trained model was still able to project them to the tail of
the RadioTrace (Fig. S1).

We compared RadioTrace with trajectories constructed by pre-defined
radiomic features which are widely used in radiomic studies24. We calculated
the radiomic features for each tumor in the GDPH1 cohort, including the
first-order statistics, shape features, and texture features (Methods). We
performed dimension reduction on these features by PCA. As shown in Fig.
S2, there is no clear direction of tumors from AIS to IAC-III, and no
significant difference was shown among tumors with adjacent pathological
grades. The result demonstrated the superiority of the deep contrastive
learning framework in constructing trajectories reflecting esLUAD
progression.
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RadioTrace associates with phenotypes and prognoses of
esLUAD patients
We investigated whether RadioTrace is associated with some key pheno-
types of esLUAD patients, including the spread through air spaces (STAS)
and the lymph-node metastasis (LNM), both of which can reflect tumor
progression and are regarded as important risk factors of patient
prognosis25. For STAS,we collected 325 and521patientswith pathologically
validated STAS records in GDPH1 and SZPH cohorts, respectively. We
found significant differences between the PPSs of the STAS-present and
STAS-absent patients (Wilcoxon rank-sum test, GDPH1 cohort: p < 0.001,
SZPH cohort: p < 0.001; Fig. 3a), while the differences are not significant
between patients with STAS in the two cohorts (p = 0.101; Fig. 3a). For
LNM, we found that PPSs of the LNM-present group were significantly
higher than those of the LNM-absent group (p < 0.001; Fig. 3b).

We conducted survival analysis on all patientswho received lobectomy
which is a standard treatment strategy for early-stage lung cancer. We
collected the disease-free survival (DFS) time of 260 patients in the GDPH1
cohort, 139 patients in the GDPH2 cohort and 700 patients in the SZPH
cohort. We used the x-tile software26 to find the optimal PPS threshold
(2.704) for differentiating DFS time in the GDPH1 cohort, and found that
patients with lower PPSs showed longer DFS time (log-rank test, p < 0.001,
HR = 9.699, 95% CI: 2.314–40.65, Fig. 3c). We validated the optimal

threshold on the GDPH2 and SZPH cohort and obtained similar results
(GDPH2 cohort: p = 0.003,HR = 3.834, 95%CI: 1.456–10.09, Fig. 3d; SZPH
cohort: p < 0.001, HR = 19.64, 95% CI, 7.083–54.43, Fig. 3e). Then, we
conducted univariate and multi-variate analyses using PPSs and some key
clinical factors of patients (age, gender, smoking status, EGFRmutation, and
tumor diameter). We combined the GDPH1 and GDPH2 cohorts as both
the cohorts observed few numbers of DFS events. We found that the PPS is
themost significant predictor for patient’s prognosis in bothGDPH1/2 and
SZPH cohorts (Tables 2–3). All these results showed that RadioTrace can
well predict phenotypes and prognoses of esLUAD patients.

RadioTrace reveals heterogeneities within pathological grades
Notably, the range of PPSs within the same pathological grade still varies,
suggesting that the phenotypes can be different of tumors within the same
grade. Thus, we performed the abovementioned analyses for tumors within
each grade, respectively. We found that, in the IAC-II group, PPSs showed
significant difference between the STAS-present and STAS-absent patients
(Wilcoxon rank-sum test, GDPH1 cohort: p < 0.001, SZPH cohort:
p= 0.009; Fig. 3f), and there was no significant difference between patients
with STAS in the two cohorts (p = 0.292). The difference of PPSs between the
LNM-present and LNM-absent group was also significant (p < 0.001,
Fig. 3g).
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Fig. 1 | Study design and method diagram. a Illustration of patient cohorts; b workflow of model training with contrastive learning; c workflow of trajectory construction
and pseudo-progression score (PPS) inference.
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We also observed significant difference of DFS time within the IAC-II
grade in all the three cohorts with the same optimal threshold mentioned
above (log-rank test; GDPH1 cohort: p = 0.002, HR = 9.405, 95% CI:
1.704–51.93, Fig. 3h; GDPH2 cohort: p = 0.015, HR = 3.592, 95% CI:
1.199–10.76, Fig. 3i; SZPH cohort: p = 0.002, HR = 6.346, 95% CI:
1.804–22.32, Fig. 3j). The PPS remains to be a significant predictor for DFS
(Tables 4–5). The results suggested significant variations exist in tumors at
the IAC-II grade, and it is possible to further subtype the IAC-II grade by
RadioTrace for better diagnosis and stratification.

We performed similar analyses on the other pathological grades, but
we did not find significant difference both for tumor phenotypes and
prognoses (Supplementary Notes).

RadioTrace is associated with genetic alterations and
progression-related gene expressions
We investigated the relationship between RadioTrace and the genetic and
transcriptomic profiles of tumors.We first collected panel Next-Generation
Sequencing (NGS) data of tumors from 87 patients in the GDPH3 cohort

(Methods).We divided these samples into a high-PPS group and a low-PPS
group by the median PPS. As shown in Fig. S3, the top three genes in terms
of mutation frequency are EGFR, TP53, and ERBB2, with frequencies of
68%, 20%, and 16%, respectively. We analyzed the relationship between
genes with mutation frequency above 5% and PPS, and found that the PPS
of TP53, LRP1B, and SMAD4 gene mutants was significantly higher than
that of the wild-type, (Wilcoxon rank-sum test, TP53: p < 0.0001; LRP1B:
p < 0.01; SMAD4: p < 0.05; Fig. 4a) while others are comparable. It has been
reported that the alternations of TP53, LRP1B and SMAD4were associated
with the acquisition for invasiveness and the progression of lung cancer27–29.

We also collected bulk RNA-seq data of tumors from 195 patients in
the GDPH3 cohort. Similarly, we divided these samples into a high-PPS
group and a low-PPS group by the median PPS. We first conducted dif-
ferential expression (DE) analysis between the two groups. We performed
gene set enrichment analysis (GSEA, Fig. 4b) and found that PPSs were
significantly positively correlated with many Hallmark gene sets such as
G2M Checkpoint (NES 2.38, p < 0.001), E2F Target (NES 2.21, p = 0.001),
mTORC1 Signaling (NES 2.03, p = 0.014), Epithelial Mesenchymal Tran-
sition (EMT, NES 1.87, p = 0.021), and Glycolysis (NES 2.42, p < 0.001). All
these gene sets are proved to be manifestations of increased malignancy of
tumors30,31.

To further uncover the biological correlates of PPS, we built an
XGBoost model using the Hallmark gene set enrichment scores as pre-
dictors and applied SHAPanalysis to evaluate their contributions (Methods,
Fig. S4). The top pathways identified were closely linked to tumor pro-
gression and largely overlapped with GSEA results, such as Glycolysis, E2F
Target,G2MCheckpoint, andEpithelialMesenchymalTransition.Notably,
Glycolysis showed the strongest positive association with PPS, consistent
with enhanced glycolytic metabolism in aggressive tumors.

Gene Ontology (GO) enrichment analyses also showed that these two
groups are significantly different in terms of cell proliferation and inva-
siveness (Methods, Tables S1 and S2). In addition, we analyzed the added
value of RadioTrace in terms of current pathological grades (Supplementary
Notes). The progression-related EMT pathway was uniquely identified by
RadioTrace-based DE genes compared with pathology-based DE genes
(Figs. 4b, S5). These results showed that tumors on the two ends of
RadioTrace are divergent in terms of gene expression. Also, radiomic
approaches providemore tumor information as opposed to the commonly-
used pathological grades.

We then examined the correlation of the PPS with gene expression
levels (Methods). We found that some significantly correlated genes are
marker genes for pathological subtypes in esLUAD, such as the positively
correlated genes SPP1, MDK, and COL1A1, and the negatively correlated
genes SFTPC and AGER32 (Fig. 4c). We further grouped genes with similar
expression patterns into clusters (i.e., gene modules) using the weighted
graph co-expression network analysis (WGCNA) package33, and explored
their correlations with PPSs (Methods). The significantly and highly cor-
related gene modules were regarded as the transcriptomic signatures of
RadioTrace (Fig. 4d). We leveraged four public datasets34–37 to study the
relationship between these transcriptomic signatures and survival condi-
tions of patients (Methods). In each dataset, we divided patients into two
groups by the median expression of each gene module and evaluated the
significance of patient’s prognosis between the two groups. As shown in Fig.
4e, we observed that the gene module “MEpurple” is able to distinguish the
overall survival (OS) (log-rank test, Tang et al., p < 0.001; Okayama et al.,
p < 0.001; Rousseaux et al., p < 0.001, Shedden et al., p = 0.001) and DFS
(Okayama et al., p < 0.001; Rousseaux et al., p < 0.001; Shedden et al.,
p < 0.001; no DFS records for the Tang et al. dataset), while the other gene
modules were not. We performed KEGG pathway enrichment of genes in
the gene module “MEpurple” and found that these genes exhibited pre-
dominant enrichment in the Cell Cycle pathway, alongside several other
pathways associated with cellular proliferation (Table S3).

We also evaluated the genetic and transcriptomic differences related to
RadioTrace within the IAC-II grade. We selected 134 patients with grade
IAC-II from the GDPH3 cohort, and divided them into two groups

Table 1 | Clinical information of patient cohorts used in
this study

Characteristics GDPH1
(N = 625)

GDPH2
(N = 158)

GDPH3
(N = 195)

SZPH
(N = 849)

Source GDPH GDPH GDPH SZPH

Age
(mean ± SD)

57.8 11.8 60.5 11.4 57.7 13.0 52.9 13.0

Gender

Male 227 84 68 322

Female 398 74 125 527

Smoking

Yes 98 35 33 103

No 525 123 162 746

T stage

Tis 85 0 1 113

T1a 137 14 50 379

T1b 215 92 82 273

T1c 121 51 57 65

T2a 47 1 5 19

N stage

N0 625 158 195 792

N1 0 0 0 20

N2 0 0 0 37

M stage

M0 625 158 195 849

Pathological grade

AIS 89 0 1 116

MIA 101 0 43 296

IAC-I 78 32 0 44

IAC-II 329 99 137 343

IAC-III 28 27 14 50

EGFR mutation

Mutated 373 58 174 72

Wildtype 234 67 21 777

Survival time

Median DFS (days) 949 2189.5 - 549

Number of events
observed (DFS)

9 21 - 27
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according to the median PPS value. We conducted similar radiogenomic
analyses as illustrated above. Similar to the findings of tumors in all grades,
the enrichedpathways such asGlycolysis,Coagulation, EMT(Fig. S6,Tables
S4 and S5) show that the two groups are at different stages of the tumor
progression procedure. Next, we calculated the correlation between gene
expression level and the PPS, and found that the highly-correlated genes,
such as SPP1, IGFBP3 and AGER, are genes important in esLUAD pro-
gression (Fig. S7). We also identified gene modules associated with Radio-
Tracewithin the IAC-II grade, and foundagenemodule “MEmidnightblue”
thatwas associatedwith patient survival conditions (Fig. S8), while the other
gene modules were not. The KEGG analysis also revealed that the genes

grouped within the PPS-correlated module are predominantly enriched in
the Cell Cycle pathway (Table S6). All these results showed that RadioTrace
is associated with genetic alterations and differential gene expressions
related to esLUAD progression, providing a microscopic perspective for
understanding the evolution of CT images during LUAD progression as
well as the biological mechanism of RadioTrace.

RadioTrace helps track the dynamic progression of pulmonary
nodules
The above results have demonstrated that CT images of esLUAD patients
can be translated to RadioTrace, a radiomic trajectory which can help infer
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the progression of esLUAD. To further explore whether RadioTrace can
assist in tracking the dynamic progression of pulmonary nodules for indi-
vidualized monitoring and timely intervention, we retrospectively analyzed
additional cases that were not included in the previously described cohorts.

Case 1 is a 55-year-old woman was initially found to have a ground-
glass opacity nodule in the left upper lobe during a routine health

examination in 2018. Subsequently, sheunderwentCT scans regularly. Each
CT scan of this nodulewas projected to the embedding space of RadioTrace.
As shown in Fig. 5a, the PPSs of these CT images gradually increased over
time, indicating that the nodule was slowly progressing. In July 2023, the
patient underwent segmentectomy. Postoperative pathologic examination
indicated the nodule was grade-II LUAD composed of 70% acinar and 30%

Table 3 | Univariate and multivariate analysis for DFS prediction using all patients in the SZPH cohort

Variable Univariate Analysis Multivariate Analysis

HR (95% CI) p-value HR (95% CI) p-value

Age 1.033 (0.997–1.071) 0.072

Gender 2.757 (1.191–6.382) 0.018 2.229 (0.922–5.388) 0.075

Smoking 1.345 (0.394–4.593) 0.636

EGFR mutation 0.660 (0.215–2.023) 0.467

Diameter(mm) 1.141 (1.081–1.204) <0.001 0.975 (0.898–1.059) 0.548

PPS 31.79 (9.482–106.6) <0.001 37.78 (7.255–196.8) <0.001

Table 2 | Univariate and multivariate analysis for DFS prediction using all patients in the combination of GDPH1 and GDPH2
cohorts

Variable Univariate Analysis Multivariate Analysis

HR (95% CI) p-value HR (95% CI) p-value

Age 1.022 (0.983–1.061) 0.272

Gender 2.132 (0.976–4.658) 0.058

Smoking 1.120 (0.452–2.776) 0.807

EGFR mutation 0.532 (0.241–1.175) 0.119

Diameter(mm) 1.101 (1.032–1.175) 0.004 1.034 (0.960–1.114) 0.381

PPS 9.017 (3.115–26.10) <0.001 7.254 (2.298–22.90) 0.001

Fig. 3 | Association between PPS with tumor properties and patient prognosis in
all esLUAD tumors and in grade IAC-II.PPS is significantly higher for tumors with
spread through air space (STAS) and lymph-node metastasis (LNM). The disease-

free survival (DFS) is significantly better for patients with lower PPS. a–e All
esLUAD patients. f–i patients within grade IAC-II.
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lepidic growth patterns, without lymph nodemetastasis, pleural invasion or
air space spread. A similar case with timely surgical intervention is detailed
in the Supplementary Notes.

Case 2 is a 36-year-oldman found to have a pure ground-glass opacity
nodule in the right lower lung during a physical examination in August
2024.His physician recommended follow-up, andhe underwent 6-monthly
CT scans for one year. RadioTrace analysis showed a persistently low PPS
with no significant change, indicating an indolent nodule at a very early
stage (Fig. 5b). Later, the patient strongly requested surgery and ultimately
underwent a segmentectomy in August 2025. Postoperative pathology
confirmed a minimally invasive adenocarcinoma (MIA).

Case 3 is a 68-year-old woman found to have a pure ground-glass
opacity nodule in the left upper lung during a physical examination in 2018
andwas followed annually by CT. RadioTrace analysis showed that the PPS
increased steadily over the years, with a marked rise in 2022, suggesting
ongoing progression (Fig. 5c). However, surgery was not performed at that
time. During later follow-ups, the PPS continued to increase, reaching its
peak at the most recent examination. The patient eventually underwent
surgery in August 2025, but intraoperative frozen pathology revealed
mediastinal lymph node metastasis, necessitating lobectomy with sys-
tematic lymph node dissection instead of sublobar resection. Adjuvant
treatment was still required after surgery.

Together, these cases illustrate distinct clinical scenarios. Case 1
represents an example of timely intervention that preserved organ function
and achieved cure. In Case 2, continued surveillance might have been suf-
ficient as a young man with a MIA had an extremely low risk of disease
progression, but surgery was performed earlier than necessary. In Case 3,
delayed surgery resulted in loss of an opportunity for curative resection.
These findings suggest that RadioTrace has the potential to guide more
precise management of pulmonary nodules, helping to avoid both over-
treatment and undertreatment.

Discussion
In this study, we proposed a deep learning-based strategy to quantify
esLUADprogression fromCT images.We developed a contrastive learning
framework to integrate radiomic and pathomic tumor information, and
constructed a radiomic trajectory, RadioTrace, that transforms discrete
pathological grades to the PPS, a continuous measurement of esLUAD

progression. Experiments on multi-institute patient cohorts showed that
RadioTrace is in accordance with the order of esLUAD pathological grades
and can uncover more detailed progression procedure within the same
grade. RadioTrace is a significant indicator for tumor metastasis and
patient’s survival conditions, and is correlated with the genetic and tran-
scriptomic profiles related to tumor progression and prognosis. Further-
more, RadioTrace is highly consistent with the real progression of esLUAD.
All the results suggested the effectiveness of RadioTrace and the corre-
sponding PPS in quantifying esLUAD progression and their potential in
clinical diagnosis and prognosis.

This work is a pilot study that quantifies tumor progression procedure
in a continuous manner with radiomic approaches. Although some pre-
vious studies suggested that the dynamic evolution in the progression of
LUADis related topathological histological images38 or solid components in
imaging39, thesemanifestations at the pathologic level and at the image level
may not align with each other15. There still lacks a quantitative and con-
cordant indicator reflecting this evolution. As evident, RadioTrace was
shown to be able to well predict phenotypes and prognoses of esLUAD
patients, suggesting that it effectively captures pathological grade transitions
and intra-grade differences. Furthermore, RadioTrace was shown to be
associated with genetic alterations and differentially expressed genes, many
of which are vital to esLUAD progression. All these findings demonstrated
that RadioTrace may serve as such an effective radiomic indicator for
quantifying the progression of esLUAD, consistent with trends at the
pathological, genetic, and transcriptomic levels.

RadioTrace holds the potential to evolve into a valuable com-
plementary tool for the clinical management of esLUAD. We found that
tumors in AIS andMIA stages intertwined at the beginning of the radiomic
trajectory, suggesting that they share similar features inCT images. Previous
studies showed that there was no significant difference in the tumor
mutational burden (TMB) and differentially expressed genes between pure
ground-glass opacity-like (pGGO-like) andmixed-GGO-like (mGGO-like)
AIS&MIA, suggesting that the impact of increased solid components on the
genomic events of AIS&MIA is negligible40. A genomic-level research also
revealed an intertwined relationship between AIS and MIA27. Clinically,
Yotsukura et al. discovered a 100% disease-specific survival rate for AIS and
MIA ten years’ post-surgery41. All these discoveries reflect the similar inert
nature of AIS andMIA, which was captured by RadioTrace, suggesting that

Table 4 | Univariate andmultivariate analysis for DFS prediction using IAC-II patients in the combination of GDPH1 and GDPH2
cohorts

Variable Univariate Analysis Multivariate Analysis

HR (95% CI) p-value HR (95% CI) p-value

Age 1.033 (0.976–1.093) 0.268

Gender 2.481 (0.746–8.247) 0.138

Smoking 0.814 (0.178–3.719) 0.791

EGFR mutation 0.334 (0.086–1.294) 0.112

Diameter(mm) 1.087 (0.976–1.211) 0.131

PPS 6.203 (1.304–29.52) 0.022 6.203 (1.304–29.52) 0.022

Table 5 | Univariate and multivariate analysis for DFS prediction using IAC-II patients in the SZPH cohort

Variable Univariate Analysis Multivariate Analysis

HR (95% CI) p-value HR (95% CI) p-value

Age 0.988 (0.938–1.040) 0.644

Gender 1.653 (0.553–4.941) 0.368

Smoking 1.360 (0.292–6.337) 0.696

EGFR mutation 0.698 (0.133–3.660) 0.671

Diameter(mm) 1.009 (1.002–1.017) 0.017 1.002 (0.991–1.012) 0.771

PPS 11.89 (2.330–60.65) 0.003 9.553 (1.086–84.03) 0.042

https://doi.org/10.1038/s41746-025-02031-0 Article

npj Digital Medicine |           (2025) 8:664 7

www.nature.com/npjdigitalmed


the homogeneous minimally invasive treatment modalities for these two
pathological types of nodules is reasonable.

However, the increase in solid components proportion (consolidation
tumor ratio, CTR) and the enlargement of diameter in invasive adeno-
carcinoma represent an elevation in the malignancy of the tumor42. Japan
Clinical Oncology Group (JCOG) has conducted several randomized stu-
dies based on these indicators to develop corresponding diagnostic and
therapeutic models43,44. However, the definition of such indicators is
ambiguous, especially in the absence of a unifiedmeasurement plane45. This
fuzzy definition leads to some controversy in using CTR for clinical
decision-making. Ye et al. pointed out that CTR or solid component dia-
meter cannot serve as prognostic factors for esLUAD, which presents as
partially solid nodules46. However, Koike et al. concluded that more than
75% CTR on CT was an independent recurrent factor47. In light of these

challenges associated with traditional indicators such as CTR and solid
component diameter, RadioTrace emerges as a promising solution to
overcome the limitations in characterizing tumor malignancy. Its unique
advantage lies in three-dimensional sampling, providing a more compre-
hensive understanding of nodules and uncovering intricate details that
conventional measures might miss. As evidenced by transcriptome data,
RadioTrace not only identifies pathways related to tumor occurrence cov-
ered by CTR but also reveals additional insights, such as the heightened
activity of the EMTpathway in higher PPS tumors—information crucial for
understanding the dynamic nature of tumor progression (Fig S5c). As we
know, during EMT, the epithelial cells lose junction, reorganize their
cytoskeletons and the reprogram their gene expression profiles to acquired
motility and invasive phenotype48. This highlights RadioTrace’s capacity to
capture a more nuanced and detailed landscape of tumor development,
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setting it apart as a valuable tool in enhancing diagnostic precision and
therapeutic decision-making.

The outcomes of these cases underscore the potential value of Radio-
Trace in guiding the management of pulmonary nodules during follow-up.
For early-stage lung cancer, surgical resection remains the only curative
option. Yet, because ground-glass opacities (GGOs) often show indolent
growth and favorable long-term survival, CT surveillance is commonly
recommended for screen-detected subsolid nodules to balance oncologic
benefit against surgical trauma and psychosocial burden49–52. Current
guidelines, however, primarily rely on tumor size and the extent of the solid
component—criteria that are subject to interpretation and lack precise
definition45,53. As our cases illustrate, such conventional follow-up strategies
may result in either premature surgery or missed opportunities for curative

intervention. By providing objective, quantitative measurements and cap-
turing their temporal dynamics, RadioTrace offers a more reliable assess-
ment of lesion status and reveals evolutionary patterns of nodules, thereby
adding an important dimension to clinical decision-making.

Radiologic and pathologic examinations are two approaches routinely
used in cancer diagnosis, providing the macroscopic and microscopic
information, respectively. Integrating these cross-scale data modalities may
benefit scientific studies and clinical decision-making. We employed the
deep contrastive learning framework to integrate the radiomic and patho-
mic information. We used the pathological grades as labels and trained a
CNN model to embed radiomic information into a latent space where the
embeddings of tumors with the same label are as close as possible, and those
with different labels are as far away as possible. This approachwas shown to
be effective and may be applied to radiopathomic studies of other cancer
types. Moreover, pathological data such as H&E images may serve as a
“mesoscopic” layer that bridges microscopic cellular features and macro-
scopic tissue-level texture of tumor, which is important to build more
comprehensive cross-modality association of esLUAD andworth exploring
in the future studies.

This study showed the capability of machine learning in discovering
new knowledge from data. We did not provide the grade of tumors during
model training, but the embeddings of tumors were correctly ordered in the
PCAspace according to pathological grades.Machine learning also assigned
different spans on the radiomic trajectory for each grade, which helped us to
discover the internal differences within IAC-II, which is a new insight for
humans. During recent years, machine learning, especially deep learning,
achieved great successes in many scenarios, such as computer vision and
natural language processing54. These successes most rely on existing
knowledge used as supervision during model training. It is necessary to
explore whether and to what extent machine learning can discover
knowledgewithminimumguidance or human intervention. Scientists have
made some efforts in this direction and found that using machine learning
only is able to uncover human embryonic cell development55, heliocentric
theory of solar system56, etc. With the development of machine learning,
more knowledge is expected to be discovered from data, and machine
learning will become a powerful assistance for scientific research.

There are some important directions that remain to be explored in the
future. The radiomic trajectory of later-stage LUAD progression can be
further studied, which may be more complicated due to tumor hetero-
geneity. It is expected that uncovering later-stage tumor progression could
help identify tumor subtypes and develop treatment plans. It is also worth
analyzing the radiomic trajectories of other histological subtypes of lung
cancer, such as squamous cell carcinoma, large cell carcinoma, etc., aswell as
their relationships with esLUAD progression. Also, with the accumulation
of larger sample sizes, more powerful AI models could be used, and it is
possible to build a radiomic–pathomic–genomic network to better illustrate
the mechanism of tumor progression.

In addition, we observed the genomic and prognostic differences
among patients of the IAC-II grade. More analyses with prospectively
designed studies should be conducted to explore whether there are tumor
subtypes within the same pathological grade, in which the histology images
could be used to identify subtlemorphological differences. Besides, although
three retrospective long-term follow-up cases illustrated how RadioTrace
may aid clinicians in managing pulmonary nodules, larger-scale clinical
studies are still needed to define an optimal PPS cutoff for intervention and
appropriate follow-up intervals, in order to balance the risks of over-
treatment against those of delayed treatment.

As the clinical value of RadioTrace was evaluated on the Asian
population in this study, international patient cohorts with larger sample
sizes should be carried out to further validate and improve RadioTrace.
Moreover, the radiomic features can be influenced by CT protocols, pre-
processing procedures, and differences in tumor delineation, which may
bias results. Therefore, it is important for future large-scale prospective
studies not only to validate the clinical utility of RadioTrace in diverse

Fig. 5 | Longitudinal changes of individual tumors from three patients alongwith
the RadioTrace. a Case 1 (timely intervention); b Case 2 (potential overtreatment);
c Case 3 (missed surgical cured opportunity).
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populations, but also to systematically assess these potential sources of
variability and develop strategies to mitigate their impact, thereby
improving robustness and generalizability.

Methods
Patient cohorts
In this study, we included CT images, clinical and pathological records of
four esLUADpatient cohorts fromGuangdongProvincial People’sHospital
(GDPH) and Shenzhen People’s Hospital (SZPH). As Fig. 1a illustrated, all
included patients were experienced the quality control as the following
inclusion criteria, (1) pathologically confirmed diagnosis of esLUAD, with
pathological grades available; (2) pre-treatment CT images available; (3)
patients received surgery alone. For each patient’s CT images, the gross
tumor volumes were delineated by an experienced radiologist using ITK-
SNAP57 andwas confirmedby a senior radiologist. This studywas approved
by the ethics committee of GDPH (No. GDRHEC2019726H) and SZPH
(No. KY-LL--2021584-01), and was conducted in accordance with ethical
standards of the 1964 Helsinki Declaration and its later amendments.
Patient’s written informed consent was waived as no protected health
information was used in this study.

Model of RadioTrace and calculation of PPSs
The acquisition of CT image and segmentation mask, as well as the pre-
processing step were descripted in supplemental materials (Supplementary
notes).The3DtumorregionwascroppedfromtheoriginalCTimageusingthe
segmentationmask,whichwasusedasmodel input.Thecorrespondingtumor
grade was used as the label. We adopted the 3D version of ResNet-5058

architecture, a classical CNN architecture, as the backbone for feature
extraction from tumor images. Since the CT images were resized to a fixed
voxel dimensionduringpreprocessing, direct tumor size informationwas lost.
To retain this information, we incorporated the measured 3D tumor volume
fromCTasanadditional scalar inputat the fullyconnected (FC) layers (Fig.1).
Specifically, we added another FC layer on the original ResNet-50 and con-
catenated the tumor volumewith the output of thefirst FC layer in dimension
128. AReLU activation layer and a dropout layer with a probability of 0.5was
added between two FC layers. The output embedding vector of the second FC
layer with dimension 32 was used as the representation of each tumor.

As for model training, the triplet loss59 was used as the loss function to
minimize the Euclidean distances between positive pairs and maximize
those between negative pairs (details in Supplementary Notes). The Adam
optimizer was employed for parameter update with a learning rate of 0.001.
We also adopted the learning rate decay strategy using the CosineAnnea-
lingLR scheduler. The deep leaning model, training and evaluation process
was implemented with PyTorch (v1.12.1)60 in Python 3.8, on a NVIDIA
GeForceRTX3090GPUwith 24GBofmemory. TheCUDAversion is 11.4.

After model training, we obtained the embedding vectors of all the
tumors in the GDPH1 cohort. We performed PCA and visualized the
sample distribution using the first two PCs. We observed that tumors are
located along a curve and the order of tumors is in accordance with their
pathological grades. We employed the slingshot23 method to inference the
underlying trajectory on the first two PCs along which the tumors are
distributed. The AIS cluster was set as the start and the slingshot method
calculated the coordinates of the curve. The relative sample positions can be
obtained by projecting them onto the trajectory. The quantitative pro-
gressionmeasurement PPS of each samplewas calculated by setting the PPS
of the sample at the start of the trajectory as 0. In this way, a projection from
CT image to the trajectory position, including the CNN model, the PCA
projection, and the trajectory coordinate calculation, was constructed. For
each sample in the test set, we calculated the corresponding embedding
vector, the coordinate in the PC space and the position on the trajectory
directly using the projection function.

Constructing trajectories with pre-defined radiomic features
Aset of 110 radiomic features defined in pyradiomics61 were used, including
19 first-order features, 16 3D shape features and 75 texture features. The

detailed definition of each feature is available in the package document
(https://pyradiomics.readthedocs.io/en/latest/features.html). For each
tumor in theGDPH1 cohort, we extracted the 110 features fromCT images.
To reduce redundancy and mitigate multi-collinearity, we first applied low
variance filtering (variance > 0.01), retaining 77 features. We then removed
highly correlated features with pairwise correlation greater than 0.95,
resulting in 43 features. These processed featureswere subsequently used for
PCA, and we visualized the distribution of tumors and their pathological
grades on the first two PCs.

DNA sequencing and processing
DNA was purified using the issue kit (Qiagen, Hilden, Germany) from the
formalin fixed paraffin embedded (FFPE) samples following the manu-
facturer’s instructions. Only samples harboring tumor cell contents above
20% were considered qualified and included. Fragments between
200–400 bp from DNA were purified (Agencourt AMPure XP Kit, Beck-
man Coulter, CA, USA), hybridized with capture probe baits, selected with
magnetic beads, and amplified. Target capture was performed using com-
mercial panels consisting of 520 genes (OncoScreen Plus) or 196 genes
(Geneseeq Prime). The samples were then sequenced, and the sequencing
data were aligned to the hg19 human reference genome using Burrows-
WheelerAligner (v0.7.10)62.GenomeAnalysisToolKit (v3.2)63 andVarScan
(v2.4.3)64 were used for local alignment optimization, duplication marking,
and variant calling. Maftools65 was used to analysis somatic variants.
Overlapping genes between the two panels were used for analysis.

RNA sequencing and processing
Resected tumors were collected from December, 2021 to October, 2022,
which were stored as frozen tissue and kept at –80 °C in the tissue bank of
GDPH. Total RNA was extracted from tumor tissue by Trizol reagent
(Invitrogen) separately, and the RNA quality was checked by Bioanalyzer
2200 (Aligent) and kept at –80 °C. The cDNA libraries were constructed for
each pooled RNA sample using the NEBNext® Ultra™ Directional RNA
Library Prep Kit for Illumina according to the manufacturer’s instructions.
The products were purified and enriched by PCR to create the final cDNA
libraries and quantified by Agilent2200. The tagged cDNA libraries were
pooled in equal ratio and used for 150 bp paired-end sequencing in a single
lane of the Illumina HiSeq X Ten. The experiments of Library construction
and RNA Sequencing were completed at the center of Novelbio lab
(Shanghai, China).

We processed RNA sequencing reads with the following steps. First,
adapters of RNA-seq reads were trimmed using cutadapt (v 3.4)66. Then,
reads were aligned using STAR (v 2.5.3a)67 with “--twopassMode Basic
--outSAMstrandField introMotif --quantMode TranscriptomeSAM”. The
STAR index was built using the Gencode68 annotation gtf file (v 32) and the
corresponding genome reference (GRCh38.p13). We employed RSEM (v
1.3.0)69 to quantify read counts with “--no-bam-output --paired-end”. The
output expression matrix was used for downstream analysis.

Statistical analysis
For correlation analysis, we calculated the Spearman correlation between
two factors. We performed Wilcoxon rank-sum test to evaluate the differ-
ence between two groups for categorical variables.

For survival analysis, we employed Kaplan–Meier (K–M) plots with
the log-rank test to visualize survival differences between two patient
groups, and performed Cox regression to assess whether a factor was a
significant predictor of patient prognosis.

The p-value was used as a quantitative indicator for the significance of
difference, and p-value less than 0.05 was regarded as significant.

Differential expression and enrichment analysis
Given two groups of patients, we performed differential expression (DE)
analysis using the edgeR package (v3.34.1)70. The identified genes with
adjusted p-value less than 0.05 were regarded as significant DE genes
between two groups. Besides the DE genes identified by RadioTrace, we
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performedDEanalysis between tumors in invasive andnon-invasive groups
divided by pathological grades (AIS/MIAvs. IAC).We also downloaded the
TCGA-LUAD71 dataset and calculated DE genes between tumors in
N0 stage and the other N stages, as well as DE genes betweenM0 stage and
the otherM stages. We performed the Fisher’s Exact Test (FET) to evaluate
the overlap between DE genes identified by RadioTrace and genes in each
functional gene set defined in the MSigDB.

The GO and KEGG enrichment analyses were implemented using the
clusterProfiler package (v4.0.5)72. For GSEA, we ranked DE genes by their
logarithmic fold changes and referred to the hallmark gene sets from
Molecular Signatures Database (MSigDB)73 to identify enriched gene sets.
For GO and KEGG enrichment analysis, we selected DE genes with loga-
rithmic fold changes larger 1.0 and smaller than -1.0 and identified func-
tional gene sets with adjusted p-value less than 0.05.

Using Hallmark gene sets to predict the PPS with XGBoost
To further investigate the potential biological mechanisms underlying PPS,
we performed single-sample gene set enrichment analysis (ssGSEA)74 to
calculate the enrichment scores of 50 Hallmark gene sets for each tumor
sample. These enrichment scores were then used as input features to build
an XGBoost regression model for predicting PPS. To interpret the con-
tribution of each gene set to the model, we applied SHapley Additive
exPlanations (SHAP) analysis and ranked the top 20 most important
pathways.

Correlation analysis between PPS and gene expression
We first performed logarithmnormalization for the gene expression values.
Then we calculated the Spearman correlation between the normalized
expression and the PPS for each gene. The corresponding p-value less than
0.05 was regarded as significant. We selected the top 15 positively and
negatively correlated genes for illustration, respectively.

Gene modules construction and evaluation
We clustered genes with similar expression patterns into gene modules
using the weighted graph co-expression network analysis (WGCNA)
package (v1.71)33. We chose the soft power beta according to the algorithm
whichgives theoptimalfit for a scale-free topology.The soft powerwas set as
6. The gene modules were identified by the dynamic cutting tree algorithm
implemented in this R package. Next, we calculated the Spearman corre-
lation between the mean expression of each gene module and the PPS
obtained from the radiomic trajectory. We chose the gene modules with
correlation r > 0.3 and significance p < 0.05 as potential transcriptomic
signature of the radiomic trajectory.

We evaluated the selected genemodules by testing whether they could
stratify samples into subgroups with significantly different prognosis. We
collected another four public LUAD patient cohorts with paired gene
expression profile and survival records, including Okayama et al.
(GSE31210)34, Rousseaux et al. (GSE30219)35, Tang et al. (GSE42127)36 and
Shedden et al. (GSE68465)37. The association between selected gene mod-
ules and LUAD prognosis could further illustrate the effectiveness and
generalization ability of the radiomic trajectory.

Data availability
The CT images and clinicopathological records data used in this study are
available upon reasonable requests. The bulk RNA data that support the
findings of this study are available fromOmix (OMIX007086). PanelDNA-
NGS data is available from Omix (OMIX007090).

Code availability
WehavedevelopedaPythonpackage --RadioTrace for users toquantify the
progression procedure of esLUAD from medical images. The input of
RadioTrace package is the CT image volume and corresponding segmen-
tation mask of tumor, and the default output is a value indicating the
progression status of the tumor using the constructed radiomic trajectory as
a reference. The RadioTrace package supports input data format of either

dicom series (.dcm) or NIFTI (.nii), and tumor segmentation format of
eitherRTStruct (.dcm)orNIFTI (.nii).Users can obtain intermediate results
such as the embedding vector, and visualize the location of tumor on the
radiomic trajectory and the relative position with other pathological-grade-
labeled tumors. For more details, please check the webpage of this package:
https://pypi.org/project/RadioTrace.
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