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Abstract
Objectives To develop and validate a clinical-radiomics nomogram for preoperative prediction of lung metastasis for colorectal
cancer (CRC) patients with indeterminate pulmonary nodules (IPN).
Methods 194 CRC patients with lung nodules were enrolled in this study (136 in the training cohort and 58 in the validation
cohort). To evaluate the probability of lungmetastasis, we developed three models, the clinical model with significant clinical risk
factors, the radiomics model with radiomics features constructed by the least absolute shrinkage and selection operator algorithm,
and the clinical-radiomics model with significant variables selected by the stepwise logistic regression. The Akaike information
criterion (AIC) was used to compare the relative strength of different models, and the area under the curve (AUC) was used to
quantify the predictive accuracy. The nomogram was developed based on the most appropriate model. Decision-curve analysis
was applied to assess the clinical usefulness.
Results The clinical-radiomics model (AIC = 98.893) with the lowest AIC value compared with that of the clinical-only model
(AIC = 138.502) or the radiomics-only model (AIC = 116.146) was identified as the best model. The clinical-radiomics
nomogram was also successfully developed with favourable discrimination in both training cohort (AUC = 0.929, 95% CI:
0.885–0.974) and validation cohort (AUC = 0.922, 95% CI: 0.857–0.986), and good calibration. Decision-curve analysis
confirmed the clinical utility of the clinical-radiomics nomogram.
Conclusions In CRC patients with IPNs, the clinical-radiomics nomogram created by the radiomics signature and clinical risk
factors exhibited favourable discriminatory ability and accuracy for a metastasis prediction.
Key Points
• Clinical features can predict lung metastasis of colorectal cancer patients.
• Radiomics analysis outperformed clinical features in assessing the risk of pulmonary metastasis.
• A clinical-radiomics nomogram can help clinicians predict lung metastasis in colorectal cancer patients.
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Abbreviations
AIC Akaike information criterion
AUC Area under the curve
CA19-9 Carbohydrate antigen 19-9
CEA Carcinoembryonic antigen
CI Confidence interval
CRC Colorectal cancer
DCA Decision curve analysis
IPN Indeterminate pulmonary nodules
ITT Intravascular tumour thrombus
LASSO Least absolute shrinkage and selection operator
LM Lung metastasis
LR test Likelihood-ratio test
NM Non-metastasis
NPV Negative predictive value
PNI Perineural invasion
PPV Positive predictive value
ROC Receiver operating characteristic curve

Introduction

Colorectal cancer (CRC) is one of the leading causes of mor-
bidity and mortality in the world [1]. The lung is the second
most common organ for metastasis in those with CRC [2], as
5–15% of CRC patients reportedly develop lung metastasis
(LM) [3]. As early detection and surgical treatment of pulmo-
nary metastasis from colorectal cancer results in a 5-year sur-
vival rate of more than 50% in a selected patient population
[4], a high accuracy of metastasis prediction is therefore im-
portant for clinical decision making. A surgical resection
would be performed when there is a definite and clear diag-
nosis [5]; however, following routine CT scans, an increasing
number of patients have indeterminate pulmonary nodules
(IPN) that are unable to be characterised as malignant or be-
nign and that have unremarkable morphological characteris-
tics or further evidence of metastasis [6].

Since a chest CT has limited specificity in differentiating
lung nodules effectively [7] and a PET-CT does not provide
further clinical value due to a risk of false-negative results for
lung lesions smaller than 10 mm [7], other studies are concen-
trating on relevant clinical risk factors to look for metastasis
evidence. In addition, texture analysis is emerging as one of
several ‘radiomics’ approaches for interpretation of medical
imaging and has attracted attention in recent years as an alter-
native method to differentiate the IPNs without the need for an
extra examine procedure. By extracting radiomics features
from routinely acquired images and then quantifying them
into high-dimensional data [8], we can observe that radiomics
signature correlates closely with tumour staging and grading
[9, 10]. To date, radiomics has been applied in many kinds of
tumours as a prognostic, diagnostic and treatment response
imaging biomarker [11–13].

To our knowledge, however, there has been no combina-
tion and comparison of texture features and clinical risk fac-
tors to predict LM in a large population with CRC. Therefore,
we aim to compare the performance of clinical features and
radiomics signature in predicting pulmonary metastasis, and
also develop a clinical-radiomics nomogram as a useful clin-
ical tool to improve LM prediction in CRC patients with sus-
picious lung nodules.

Materials and methods

Patients

This retrospective study was approved by the ethics commit-
tee of Fudan University Shanghai Cancer Centre Institutional
Review Board (Shanghai, China) and the requirement for in-
formed consent was waived. Our study recruited 194 consec-
utive CRC patients (87 female (F)/107 male (M), mean age
58.6±10.73 years; age range, 32–84 years) with pulmonary
lesions between January 2010 and October 2016 in our insti-
tution’s database according to the following inclusion criteria:
(i) histopathologically-confirmed colorectal cancer; (ii) with at
least one pulmonary nodule measuring 5–20 mm in diameter
detected by CT examination in our hospital, including syn-
chronous nodules detected along with primary tumour and
metachronous nodules detected at follow-up examination after
CRC was diagnosed by at least 6 months; (iii) availability of
clinical characteristics; (iv) with complete CT datasets and
medical history at our institution. The exclusion criteria were
as follows: (i) with pretreatment (including systemic chemo-
therapy or pneumonectomy) 6 months prior to initial CT ex-
amination; (ii) follow-up of no-progress lesions for less than 2
years after the initial examination; (iii) nodules detected 6
months before colorectal cancer was confirmed; (iv) obvious
metastatic nodule or benign nodules (such as cyst, tuberculo-
sis, inflammatory nodules, haemangioma) with typical imag-
ing characteristics. The patients were randomly divided into a
training cohort and a validation cohort by a computer algo-
rithm in a ratio of 7:3. Figure 1 shows the patient recruitment
pathway.

Grouping criteria and clinical data collection

Patients were confirmed with two outcomes: (i) pulmonary
metastases (93 LMs, 41 F/52 M, mean age 58.39±10.26
years), which were confirmed by pathology (93 cases); and
(ii) non-metastasis (101 NMs, 46 F/55 M, mean age 58.6
±10.73 years), which included patients with benign pulmo-
nary nodules with no progression in size (90 cases, confirmed
by at least 2-year follow-up without treatment) and primary
lung cancer cases (11 cases, confirmed by tissue samples).
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Image assessment and radiomics feature extraction

CT examinations were performed for the selected patients at
our institution with the Somatom Definition AS (Siemens
Healthcare, Erlangern, Germany), the Sensation 64 (Siemens
Healthcare) and the Brilliance (Philips Healthcare, Best,
The Netherlands) using a tube voltage of 120 kVand a current
of 200 mA. The target lesion that was pathologically sampled
or under at least 2-year follow-up surveillancewas selected for
reconstruction with the following standard reconstruction pa-
rameters: slice thickness, 1.0 mm; increment, 1 mm; pitch,
1.078; field of view, 15 cm; and a matrix of 512×512.

Reconstructed images were transferred from the hospital’s
picture archiving and communication system (PACS) to an
off-line work station for texture analysis. Regions of interests
(ROIs) covering the whole surface of the lesion on each con-
secutive slice were semi-automatically contoured in MIM
software (v6.6.3; MIM Software Inc.), manually refined by
an operator (T.D.H., graduate student) and then verified by
an expert radiologist (S.P.W., with 20 years of experience in
interpreting chest CT) to exclude the border of the lesion (to
avoid partial volume effect) and any other irrelevant compo-
nents such as air, peripheral vessels, normal tissue, pleura as
well as surrounding organs. After a nodule was reconstructed
and segmented, the volume of interest (VOI) images (DICOM
format) were transferred to MATLAB (Math works Inc.) for
feature extracting and analysis. From each segmented tumour,
we extracted 203 texture features. More information about the

radiomics feature extraction methodology can be found in the
Electronic Supplementary Material.

Development of the clinical-only, radiomics-only
and clinical-radiomics model

In the development of the clinical model, the chi-square test
was performed to compare the differences in categorical var-
iables, while a two-sample t-test was used to compare the
differences in continuous variables between LM and NM.
Significant clinical risk factors were introduced into the step-
wise multivariate logistic regression analysis with the likeli-
hood ratio test (LR test) and Akaike information criterion
(AIC) employed as the stopping rule to build the clinical-
only model. The diagnosis performance of the clinical model
was then tested in the validation cohort with the multivariable
regression formula derived from the training cohort applied to
the patients in the validation cohort, and the probability of
metastasis was calculated for each.

Next, the least absolute shrinkage and selection operator
(LASSO) algorithm, which is suitable for the regression of
high-dimensional data, was used to select the predictive
radiomics feature in the training cohort. The tenfold cross-
validation was implemented to avoid over-fitting. A radiomics
score (rad-score) was calculated for each patient via a linear
combination of selected texture features that were weighted by
their respective coefficients. The formula was applied in the
validation cohort to calculate the corresponding rad-score.

Fig. 1 Flow chart of patients’
recruitment pathway
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The univariate logistic regression analysis was performed to
assess the association between the rad-score and lung
metastasis.

Finally, clinical risk factors of the clinical-only model and
rad-score were introduced to the stepwise multiple logistic
regression to build the clinical-radiomics model, and the
AIC and LR test were also employed as the stopping rule. A
process of validation was performed.

Model comparison and nomogram development

The AIC and the LR test of the three models were applied to
identify the most appropriate model. AIC and chi-square were
calculated to compare the relative strength of different models,
and the area under the curve (AUC) was used to quantify the
predictive accuracy of the three models in both training and
validation cohorts. We also calculated the probability of pul-
monary metastasis for each patient with logistic regression
analysis, and divided patients into metastasis and non-
metastasis groups based on the probability of corresponding
to the cut-off value with the highest Youden index. Compared
with the actual metastasis results, we calculated the sensitivity,
specificity, accuracy, positive-predictive value (PPV) and
negative-predictive value (NPV) for the three models in both
the primary and the validation cohort.

Finally, we built a nomogram based on the most appropri-
ate model, and the calibration plots were used to graphically
investigate the performance characteristics of the nomogram.
Internal validation of the nomogram was performed in the
validation cohort, and a calibration curve was performed.

Development of decision-curve analyses

To evaluate the added value of radiomics signature to clinical
features in individually predicting pulmonary metastasis for
CRC patients, we developed three decision curves based on
the clinical risk factors, rad-score and the combined clinical-
radiomics model, and the clinical utility could be demonstrat-
ed by calculating the net benefits for a range of threshold
probabilities.

Statistical analysis was conducted with R software (version
3.3.3; http://www.Rproject.org). A two-sided p < 0.05 was
considered significant. The statistical analysis packages are
listed in the Electronic Supplementary Material.

Results

Clinical characteristics and development
of the clinical-only model

Patients characteristics are shown in Table 1 and Supplementary
Table S1. There were no significant differences between the

training and validation cohorts (Supplementary Table S1). In
addition, the chi-square test and t-test demonstrated the primary
tumour site, N stage, diameter and chronicity as risk factors of
developing lung metastasis. After multivariate analysis, N stage
(odds ratio (OR) = 3.197; 95% CI: 1.352–7.560; p = 0.008),
chronicity (OR = 9.013; 95% CI: 3.752–21.654; p < 0.001)
and diameter (OR = 1.228; 95% CI: 1.104–1.367; p < 0.001)
remained independent predictors (Table 2) in the clinical-only
model as shown in Table 2.

Radiomics signature building and diagnostic
validation

By using the LASSO regression model, 203 texture features
were reduced to five potential predictors (40.6:1 ratio; Fig. 2A
and B). These features were presented in the rad-score calcu-
lated by using the following formula: rad-score = -
0 . 1 1 9 4 0 4 4 2 4 + [ W _ G L R M S ] - L L - L R E -
A v e r a g e * 0 . 0 0 1 1 6 9 2 5 7 + [ W _ G L C M ] - H H -
Information_Measures_I-Average*3.997517837+
[W_GLCM]-LH-Difference var iance-Average*(-
0.041391190)+[GLCM]-Maximal_Correlation_Coefficient-
Average*0.533372862+[GLCM]-Mean-Average*
0.039599734. Figure 2C presents the distribution of the tex-
ture features and the combined rad-score in the LM and NM
groups; we found that LM patients had higher rad-scores com-
pared to NM patients. There was a significant difference in
rad-score between the LM and NM groups in the training
cohort (p < 0.001) using univariate logistic regression analysis
(Table 2).

Development of the clinical-radiomics model

As seen in Table 2, the stepwise logistic regression model
selected the rad-score (OR = 8.820; 95% CI: 4.149–18.747;
p < 0.001), N stage (OR = 3.683; 95% CI: 1.251–10.846; p =
0.018) and chronicity (OR = 7.943; 95% CI: 2.648–23.830; p
< 0.001) as significant predictors for pulmonary metastasis.
Moreover, the rad-score was the dominant factor impacting
the prediction of lung metastasis in the clinical-radiomics
model.

Model comparison and nomogram apparent
performance

The clinical-radiomics model (AIC = 98.893, χ2 =
106.490) with the highest chi-square value and the lowest
AIC value compared with the clinical-only model (AIC =
138.502, χ2 = 66.884) or the radiomics-only model (AIC
= 116.146, χ2 = 85.240) was identified as the best model.
The clinical-radiomics model also showed the best dis-
crimination, with the AUC reaching 0.929 (95% CI:
0.885–0.974) in the training cohort and 0.922 (95% CI:
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0.857–0.986) in the validation cohort compared with the
clinical-only model (AUC = 0.849 in the training cohort and
AUC = 0.852 in the validation cohort) or the radiomics-only
model (AUC = 0.887 in the training cohort and AUC = 0.881
in the validation cohort). The ROC curves of the three models
were presented in Fig. 4 in both the training and the validation
cohort. On the other hand, as shown in Table 3, the best accu-
racy for predicting pulmonary metastasis was the clinical-
radiomics model (AUC = 0.929, 95% CI: 0.885–0.974;

sensitivity: 84.9%; specificity: 91.1%; accuracy: 88.2%;
PPV: 92.5%; NPV: 84.1%).

The clinical-radiomics nomogram was successfully de-
veloped based on the clinical-radiomics model (Fig. 3A).
As the nomogram illustrates, the rad-score accounted for a
vast majority of the proportion compared to the other clin-
ical features, which made radiomics signature the cardinal
biomarker for LM prediction. The calibration plots also
indicated good agreement between the nomogram

Table 1 Comparison of lung
metastasis (LM) and non-
metastasis (NM) in the training
and validation cohorts

Training cohort Validation cohort

Characteristic LM NM p LM NM p

Rad-score, mean SD 0.6± 0.56 (-0.7) ± 0.85 <0.001* 0.6±0.69 (-0.6) ±0.72 <0.001*
Age, mean SD 60.6± 10.54 57± 10.73 0.050 59.6±9.61 57±11.63 0.359
Gender (%) 0.747 0.412
Male 37 (55.2%) 40 (58%) 15 (57.7%) 15 (46.9%)
Female 30 (44.8%) 29 (42%) 11 (42.3%) 17 (53.1%)

Primary tumour (%) 0.033* 0.239
Rectum 46 (68.7%) 35 (50.7%) 17 (65.4%) 16 (50%)
Colon 21 (31.3%) 34 (49.3%) 9 (34.6%) 16 (50%)

CEA level (%) 0.626 0.280
0~5 ng/ml 51 (76.1%) 50 (72.5%) 17 (65.4%) 25 (78.1%)
≥ 5 ng/ml 16 (23.9%) 19 (27.5%) 9 (34.6%) 7 (21.9%)

CA19-9 level (%) 0.762 0.458
0~27 U/ml 54 (80.6%) 57 (82.6%) 19 (73.1%) 26 (81.2%)
≥ 27 U/ml 13 (19.4%) 12 (17.4%) 7 (26.9%) 6 (18.8%)

T stage (%) 0.636 0.080
T1-2 17 (25.4%) 20 (29%) 5 (19.2%) 13 (40.6%)
T3-4 50 (74.6%) 49 (71%) 21 (80.8%) 19 (59.4%)

N stage (%) 0.001* 0.771
N0 23 (34.3%) 43 (62.3%) 12 (46.2%) 16 (50%)
N1-2 44 (65.7%) 26 (37.7%) 14 (53.8%) 16 (50%)

ITT (%) 0.756 0.083
(-) 56 (83.6%) 59 (85.5%) 25 (96.2%) 26 (81.2%)
(+) 11 (16.4%) 10 (14.5%) 1 (3.8%) 6 (18.8%)

PNI (%) 0.399 0.980
(-) 57 (85.1%) 62 (89.9%) 22 (84.6%) 27 (84.4%)
(+) 10 (14.9%) 7 (10.1%) 4 (15.4%) 5 (15.6%)

Nodules number (%) 0.766 0.548
Single 37 (55.2%) 26 (37.7%) 9 (34.6%) 13 (40.6%)
Double 15 (22.4%) 18 (26.1%) 6 (23.1%) 8 (25%)
Multiple 27 (40.3%) 25 (36.2%) 11 (42.3%) 11 (34.4%)

Diameter (%) <0.001* 0.007*
5–10mm 10 (14.9%) 43 (62.3%) 8 (30.8%) 22 (68.8%)
10–15mm 30 (44.8%) 18 (26.1%) 8 (30.8%) 6 (18.7%)
15–20mm 27 (40.3%) 8 (11.6%) 10 (38.4%) 4 (12.5%)

Laterality 0.624 0.786
Unilateral 39 (58.2%) 43 (62.3%) 17 (65.4%) 22 (68.8%)
Bilateral 28 (41.8%) 26 (37.7%) 9 (34.6%) 10 (31.2%)

Chronicity <0.001* <0.001*
Metachronous 51 (76.1%) 19 (27.5%) 21 (80.8%) 11 (34.4%)
Synchronous 16 (23.9%) 50 (72.5%) 5 (19.2%) 21 (65.6%)

Chi-square tests were used to compare the differences in categorical variables (Gender, Primary tumour, CEA
level, CA19-9 level, T stage, N stage, ITT, PNI, Nodules number, Laterality and Chronicity), while a two-sample
t-test was used to compare the differences in age, diameter and Rad-score

OR odds ratio, CEA carcinoembryonic antigen, CA19-9 carbohydrate antigen 19-9, ITT intravascular tumour
thrombus, PNI perineural invasion
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Table 2 Comparison of three
models by multivariate logistic
regression analysis

Characteristics OR (95% CI) p AIC LR (χ2)

Clinical-only model 138.502 66.884

N stage (N0 vs. N1-2) 3.197 (1.352–7.560) 0.008*

Diameter 1.228 (1.104–1.367) <0.001*

Chronicity (synchronous vs. metachronous) 9.013 (3.752–21.654) <0.001*

Radiomics-only model 116.146 85.240

Rad-score 9.517 (4.744–19.093) <0.001*

Clinical-radiomics model 98.893 106.490

Rad-score 8.820 (4.149–18.747) <0.001*

N stage (N0 vs. N1-2) 3.683 (1.251–10.846) 0.018*

Chronicity (synchronous vs. metachronous) 7.943 (2.648–23.830) <0.001*

Regarding discriminatory ability, homogeneity and monotonicity of gradients, the model with a higher χ2 value
by the likelihood ratio test was considered the better model. Furthermore, the lower value for AIC value repre-
sented the better model for discriminatory ability

CI confidence interval, AIC Akaike information criterion, LR likelihood ratio

*p < 0.05

Fig. 2 (A) Texture feature selection by using the least absolute shrinkage
and selection operator (LASSO) binary logistic regression model. The
differentiation performance of the radiomics signature was explored on
the receiver operating characteristics (ROC) curve. Tuning parameter (λ)
selection in the LASSO model used tenfold cross-validation via
minimum criteria. Dotted vertical lines were drawn at the optimal
values by using the minimum criteria and the 1 standard error of the
minimum criteria (the 1-SE criteria). A λ value of 0.21, with log (λ), -
2.25 was chosen (1-SE criteria) according to tenfold cross-validation.

(B) LASSO coefficient profiles of the 203 pulmonary-metastases-related
texture features. A coefficient profile plot was produced against the log
(λ) sequence. Avertical line is drawn at the value chosen by tenfold cross-
validation. (C) Range of the selected five texture features ([GLCM]-LL-
std-Average, [GLCM]-HH-Information_Measures_I-Average, [GLCM]-
LH-Difference_variance-Average, [GLCM]-Maximal_Correlation_
Coefficient-Average, [GLCM]-Mean-Average ) and the Rad-score in
the LM and NM group
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Fig. 3 (A) The developed clinical-radiomics nomogram for predicting
the probability of pulmonary metastases. For the chronicity, 0
represents the synchronous nodule, while 1 represents metachronous
lesion. For the N stage, 0 for the N0 and 1 for the N1-2. To use, locate
the patient’s N stage, draw a line straight up to the points axis to establish
the score associated with that site. Repeat for the other covariates
(chronicity and rad-score). By summing the scores of each point and

locating it on the total score scale, the estimated probability of
pulmonary metastases could be determined. (B and C) Calibration
curves for predicting pulmonary metastases in the training and
validation cohort. The 45° straight line represents the perfect match
between the actual (Y-axis) and nomogram-predicted (X-axis) survival
probabilities. A closer distance between two curves indicates higher
accuracy

Table 3 Accuracy and predictive value between three models

Training cohort AUC 95% CI Sensitivity Specificity Accuracy PPV NPV

Clinical features 0.849 0.784–0.915 81.3% (51/64) 77.8% (56/72) 78.7% (107/136) 76.1% (51/67) 81.2% (56/69)

Rad-score 0.887 0.826–0.948 82.2% (60/73) 88.9% (56/63) 85.3% (116/136) 89.6% (60/67) 81.2% (56/69)

Clinical-radiomics 0.929 0.885–0.974 84.9% (62/73) 91.1% (58/63) 88.2% (120/136) 92.5% (62/67) 84.1% (58/69)

Validation cohort AUC 95% CI Sensitivity Specificity Accuracy PPV NPV

Clinical features 0.852 0.756–0.947 71.4% (20/28) 80% (24/30) 75.9% (44/58) 76.9% (20/26) 75% (24/32)

Rad-score 0.881 0.796–0.966 70% (21/30) 82.1% (23/28) 75.9% (44/58) 80.8% (21/26) 71.9% (23/32)

Clinical-radiomics 0.922 0.857–0.986 75.9% (22/29) 86.2% (25/29) 81.0% (47/58) 84.6% (22/26) 78.1% (25/32)

CI confidence interval, AUC area under the curve, PPV positive predictive value, NPV negative predictive value
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prediction and actual observation for LM and NM in both
the training and the validation cohort (Fig. 3B and C).

Clinical use of DCA

The DCAs based on the clinical model, radiomics model and
the combined clinical-radiomics model are shown in Fig. 5.

The clinical DCA showed less benefit while the rad-score
DCA showed more benefit in predicting the risk of metas-
tases in 10–90% threshold probabilities, which indicates
that within this range, rad-score outperformed the clinical
features with more accuracy in LM prediction. With the
adding of the radiomic signature, the clinical-radiomics
nomogram achieved the most clinical utility with almost

Fig. 4 The receiver operating characteristic (ROC) curves of the clinical features, rad-score and clinical-radiomics in the training (A) and validation sets
(B), respectively

Fig. 5 The decision-curve analysis for the clinical features and the rad-
score as well as the combined model. The y-axis measures the net benefit.
The yellow line represents the model of clinical features, and the green
line the rad-score and the red line the combination of clinical-radiomics.
The grey line represents the assumption that all patients have LM
metastases. The black line represents the assumption that no patients
have LM metastases. Threshold probability refers to the point at which
a patient considers the benefit of treatment for intermediate- to high-risk

pulmonary metastases equivalent to the harm of over-treatment for low-
risk disease and thus reflects how the patient weighs up the benefits and
risks associated with the decision. The higher curve at any given threshold
probability is the optimal prediction to maximise net benefit. Across the
various threshold probabilities, the clinical-radiomics curve showed
maximised net benefit compared with clinical features individually
performance
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all of the threshold probabilities, which indicates that the
nomogram is a reliable clinical treatment tool to predict
pulmonary metastases for CRC patients with lung nodules.

Discussion

This is the first study to develop a clinical-radiomics no-
mogram based on the radiomics analysis incorporating
with key clinical risk factors to quantitatively assess the
risk of LM for colorectal cancer patients with IPNs.
Firstly, the clinical factors most associated with the me-
tastasis are based on N stage, chronicity and size of the
nodule. Secondly, these factors are not sufficient for deci-
sion making, as we found that the addition of a radiomic
analysis would strongly and independently affect metasta-
sis prediction. The performance of the clinical-radiomics
nomogram is enhanced compared with the clinical fea-
tures or radiomics signature with the AUC of 0.929 com-
pared with 0.849 and 0.887, respectively, and this new
model was capable of differentiating metastasis from
non-metastasis nodules with a sensitivity of 84.9% and a
specificity of 91.1% in our training cohort. Therefore, we
considered that the clinical-radiomics nomogram will be
helpful to differentiate metastatic nodules in clinical deci-
sion making.

Of the two clinical features used to predict metastasis in our
study, a positive nodal status was consistently demonstrated in
previous studies. There are many studies [14, 15] reporting
nodal involvement as the risk factor for metastasis.
Similarly, we found higher nodal stage to be a significant
factor in metastasis in CRC patients with pulmonary nodules,
which suggested that patients with a positive nodal disease
were at increased risk of malignancy of coexisting IPNs and
they may need close monitoring for early detection of the
progression of lung lesions. On the other hand, metachronous
nodules were closely correlated with the occurrence of LM
and have an excess predictive impact compared with that of
N stage, as shown in the nomograms. To date, only a few
studies have researched the associat ion between
metachronous nodules and metastases. Consistent with our
findings, Kim et al. [14] identified metachronous IPNs as a
risk factor for progression to metastases. A reasonable expla-
nation may be that compared with synchronous lesions,
metachronous nodules could be associated with a relatively
higher rate of IPNs [16], whichmay lead to a highermetastasis
probability.

Compared with the published studies concentrating on rel-
evant risk factors for metastasis evidence for IPNs, our study
not only evaluated the clinical features but also tried to explore
more information in CT images and use the radiomics process
to quantify not only the morphological characteristics such as
intensity, shape, size or volume but also the internal texture

features that are unable to be captured by our human visual
system but can be reflected on radiomics analysis. Radiomics
has gained increasing attention due to its potential to build
predictive models relating image features to phenotypes or
gene signatures [17, 18]. As we know, benign and malignant
lung nodules are completely different in cell morphology and
biological behaviour [19], with different internal structures
reflected through their diverse extent of hypoxia, angiogene-
sis, inflammation and glucose metabolism [20, 21]. The het-
erogeneity between benign nodules and metastatic ones there-
fore should be revealed by radiomics features. Several studies
had demonstrated that feature extraction of lung nodules could
detect small invasive components to differentiate between ma-
lignant and benign nodules with the AUC varying from 0.72
to 0.90 [22–25].

In the radiomics analysis, we identified five parame-
ters: [W_GLRMS]-LL-std-Average, [W_GLCM]-HH-
Information_Measures_I-Average, [W_GLCM]-LH-
D i f f e r e n c e _ v a r i a n c e - Av e r a g e , [ G L CM ] -
Maximal_Correlation_Coefficient-Average and [GLCM]-
Mean-Average (four in five textural within the grey-
level co-occurrence matrix (GLCM)) and the combined
radiomics signature showed superior performance in
predicting LM (AUC = 0.887, 95% CI: 0.826–0.948).
In addition, as has been previously investigated,
Hanania et al. [26] identified 14 top-performing
radiomic features (all GLCM parameters) that can dif-
ferentiate between benign and malignant IPN pathology.
In another study with a large cohort [8], they also found
that GLCM texture features showed strong correlations
with gene expression in both lung cancer and head and
neck cancer. As the most commonly used texture pa-
rameters, the GLCM parameters are constructed by
using the number, distance and angle of a combination
of grey levels that is reflected in the image [27]. This
may have an extraordinary performance in lung cancer
diagnosis as there is a natural advantage with the high
contrast between pulmonary nodules and lung parenchy-
ma [19].

Finally, to extrapolate to clinical use, we developed and
validated the clinical-radiomics nomogram for the clinician
to individually predict the LM risk for each CRC patient.
As the clinical-radiomics model outperformed the clinical
features and radiomics signature with a higher AUC and
more net benefits across the majority of the range of
threshold probabilities in decision-curve analysis, it may
be the most promising approach to guide clinical manage-
ment. We recommend that patients with a higher N stage or
metachronous nodules should be subjected to close super-
vision of follow-up computed tomographic examinations
to assess lesion progression. For those with a higher risk
of metastasis after calculating the total points, we suggest
using them as potential operative candidates to achieve
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prolonged survival as there exists a higher risk of LM. We
believe that the clinical use of the nomogram can not only
avoid unnecessary surgery in patients with benign nodules,
but also reduce the burden of costs from follow-up diag-
nostic procedures and anxiety associated with false-
positive tests, or exclude patients with a surgically curable
disease from a potentially beneficial treatment.

Our study had certain limitations. With the retrospective
design, there was a potential for selection bias by excluding
patients receiving systemic treatment; the selected cases with-
out chemoradiotherapymight have had a lower histopatholog-
ical grade and different distribution of targeted clinical char-
acteristics. In addition, stringent external validation still needs
to be performed in multicentre clinical trials for further gener-
alisation. Finally, at present radiomics analysis seems to be
time consuming; however, compared with the clinical dilem-
ma of whether to receive chemoradiotherapy or surgery or
imaging follow-up, we consider it more cost-efficient to get
a relatively definite diagnosis and initiate timely treatment,
thus maximising the patient's benefit. In addition, one prom-
ising direction that radiomics is moving toward is adopting the
machine-learning method, which can automatically make pre-
dictions from complex data thus making end-to-end models
possible. Therefore, radiomics analysis is still worthy and we
think this study shows bright prospects.

In conclusion, the identified clinical features and radiomics
signature have the potential to be used as non-invasive bio-
markers for LM risk prediction for CRC patients with lung
nodules. The clinical-radiomics nomogram described in this
study demonstrated the incremental value of the radiomics
signature for individualised metastasis estimation and may
serve as a potential clinical treatment tool.
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