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ABSTRACT
Background  Indeterminate pulmonary nodules (IPNs) 
are commonly biopsied to ascertain a diagnosis of 
lung cancer, but many are ultimately benign. The Lung 
Cancer Prediction (LCP) score is a commercially available 
deep learning radiomic model with strong diagnostic 
performance in incidentally identified IPNs, but its potential 
use to reduce the need for invasive procedures has not 
been evaluated in patients with nodules for which a biopsy 
has been recommended.
Methods  In this prospectively collected, retrospective 
blinded evaluation, the probability of cancer in 
consecutively biopsied IPNs at a tertiary care centre 
was calculated using the Mayo Clinic prediction 
model and categorised into low, intermediate and 
high-probability groups by applying <10% no-test 
and >70% treatment thresholds per British Thoracic 
Society guidelines. We evaluated the diagnostic 
performance of the Mayo Clinic model, the LCP 
radiomic model and an integrated model combining 
the LCP score with statistically selected clinical 
variables (age, spiculation and upper lobe location) 
using stepwise logistic regression. Performance 
was assessed using area under the receiver 
operating characteristic curve (AUC), F1 score and 
reclassification analysis based on the bias-corrected 
clinical net reclassification index.
Results  The study population included 196 malignant 
and 125 benign IPNs (61% prevalence of malignancy). 
The Mayo Clinic model’s AUC was 0.69 (0.63–0.75), 
LCP’s AUC was 0.67 (0.61–0.73) and the integrated 
model combining LCP with statistically selected 
clinical variables (age, spiculation and upper lobe 
location) had the highest AUC of 0.75 (0.69–0.80). 
The integrated model demonstrated improved 
classification, with an F1 score of 0.645 (0.572–0.716) 
and a significantly higher AUC compared with the 
Mayo Clinic model (p=0.046). Reclassification analysis 
showed a clinical net reclassification index of 0.36 
(0.21–0.53) for benign IPNs with eight correctly 
downgraded intermediate-risk benign nodules and 
no malignant nodules misclassified into the low-risk 
category.
Conclusion  Incorporating LCP with select clinical 
variables results in an improvement in malignancy risk 
prediction and nodule classification and could reduce 
unnecessary invasive biopsies for IPNs.

INTRODUCTION
Lung cancer remains the most common and 
deadliest malignancy in the USA and glob-
ally.1 To reduce lung cancer mortality through 
early detection, lung cancer screening 
programmes have been implemented, for 
which 14 million individuals in the USA are 
estimated to be eligible.2 3 In addition, the 
ever-increasing use of cross-sectional imaging 
results in an estimated 1.6 million new inde-
terminate pulmonary nodules (IPNs) iden-
tified annually in the USA.4 Management of 
IPNs is based on estimated pretest probability 
of malignancy, with low-probability nodules 
being monitored with follow-up imaging, 
high-probability nodules referred for treat-
ment and intermediate-probability nodules 
usually considered for biopsy.5 Intermediate 
probability nodules represent a significant 
diagnostic challenge, with consequent delays 
in cancer diagnosis and unnecessary biopsies 
among benign nodules.6

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Diagnosis and management of indeterminate pulmo-
nary nodules (IPNs) remains a significant challenge.

	⇒ Benign nodules are commonly biopsied, and opti-
mised strategies to reduce biopsies of benign nod-
ules are needed to reduce complications.

WHAT THIS STUDY ADDS
	⇒ In this prospectively collected, retrospective blinded 
evaluation study of biopsied IPNs, we evaluated the 
potential for an integrated model that incorporates 
a previously-validated deep learning model for lung 
nodules into the Mayo Clinic model to reduce unnec-
essary invasive biopsies for benign nodules.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ This study shows the potential of currently avail-
able lung cancer risk prediction models for reducing 
overtreatment of benign nodules referred to inter-
ventional pulmonologists.
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Guidelines from organisations such as the American 
College of Chest Physicians and the British Thoracic 
Society (BTS) suggest the use of validated risk predic-
tion models to estimate the pretest probability of malig-
nancy.7–11 These models, with the Brock, Mayo Clinic and 
Herder models being the most used, are based on clinical, 
demographic and radiological features.12–14 The perfor-
mance of these models has been evaluated in different 
independent cohorts with area under the receiver oper-
ating characteristic curve (AUC) levels reported up to 
0.90.15 However, in a real-world setting of patients with 
IPNs evaluated by experts and determined to need a 
biopsy, their discrimination was significantly lower.16

Given these limitations, we sought to evaluate if incor-
porating radiomic imaging analysis could improve risk 
prediction models in patients referred for biopsy. The 
utility of current radiomic and clinical models is rela-
tively unknown in this population, which differs in many 
ways from both the screening-detected and incidentally-
detected IPN populations from which these models were 
derived.12–14 17 For our study, we evaluated the diagnostic 
performance of the Mayo Clinic prediction model and 
a previously validated Lung Cancer Prediction (LCP) 
score, a deep learning radiomic model cleared for clin-
ical use in IPN evaluation and validated at our institution. 
We then considered whether combining both models 
could result in improved diagnostic test performance.

METHODS
Study design
In this study, we used a prospective-specimen collection, 
retrospective-blinded-evaluation design to externally 
validate the Mayo Clinic model and LCP Score devel-
oped by Optellum (Optellum, Oxford, UK).18 The study 
was conducted in accordance with the Declaration of 
Helsinki (as revised in 2013).

Patient selection
For this study, we used the same cohort used to eval-
uate lung cancer prediction models in our previously 
published study,16 which consecutively enrolled patients 
with pulmonary nodules referred to the interventional 
pulmonology service for navigational bronchoscopy 
between 7 November 2017 and 29 April 2019 at a tertiary 
medical centre. This cohort included adult patients with 
nodules less than 30 mm in largest diameter based on 
clinical radiology reports.16 All CT scans used for radi-
omic analysis were non-contrast, axial chest CT series 
with a slice thickness less than 3 mm and slice spacing less 
than 2.5 mm. Imaging was performed using standard clin-
ical protocols at a tertiary academic centre. These acqui-
sition parameters were consistent with requirements for 
the LCP software analysis. Patients for whom an LCP 
score could not be calculated due to CT scan parameter 
incongruence with the LCP platform were excluded. All 
patients lost to follow-up prior to final diagnosis or end of 
2-year surveillance period were excluded from the study. 

Malignant diagnosis was based on expert lung pathologist 
review of histopathological specimens. Benign diagnosis 
was based on specific benign histopathological and/or 
microbiological findings concordant with nodule charac-
teristics or absence of growth after 2 years of follow-up of 
any nodule with non-specific pathologic findings.

Mayo Clinic model and LCP score
Clinical and demographic variables required to calculate 
the Mayo Clinic model score were prospectively collected 
from consultation, procedure and progress notes in elec-
tronic health records for each nodule case included in 
our cohort. The Mayo Clinic model score is based on 
patient age, smoking history, history of extrathoracic 
cancer equal to or greater than 5 years prior, nodule size, 
nodule location and spiculation. The model provides 
a 0–100% probability of malignancy of a pulmonary 
nodule.

For LCP scores, CT images were analysed using LCP 
software developed by Optellum (Optellum, Oxford, 
UK). The LCP is a deep learning model that provides 
an estimate of the probability of malignancy, in the form 
of an integral score from 1 to 10 as well as a percentage 
score from 0% to 100%, after an investigator selects the 
region where the nodule of interest is located. The LCP 
platform is based on the Dense Convolutional Network, 
a deep learning Convolutional Neural Network (CNN) 
architecture designed for computer vision tasks, and an 
eightfold cross-validation strategy was used for training 
and validation on the National Lung Screening Trial 
data.19 20

Statistically integrated clinical and LCP model
To derive the integrated clinical-radiomic model, we 
combined the LCP score with select clinical variables from 
the Mayo Clinic model using logistic regression. Clinical 
variables were selected through stepwise multivariable 
logistic regression based on their predictive contribution 
to malignancy. The final integrated model included age, 
spiculation and upper lobe location. The model was fit to 
the study cohort, and the estimated probability of malig-
nancy was adjusted to reflect a disease prevalence of 33% 
using a Bayes offset, consistent with its intended applica-
tion in real-world intermediate risk populations.

Statistical analysis
We evaluated the diagnostic performance of the Mayo 
Clinic model, the LCP model and the integrated model 
by measuring sensitivity, specificity, positive predictive 
value, negative predictive value and AUC. The AUC of 
the best performing integrated model was compared 
with that of the Mayo Clinic model as comparator using 
bootstrapping methodology. We also examined their 
impact on patient stratification by conducting a reclas-
sification analysis. Mayo Clinic risk scores <0.1 were 
considered to be low probability, >0.7 were considered 
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high probability and 0.1–0.7 to be intermediate risk 
for probability of cancer in accordance with the BTS 
guidelines. Patients were then classified using the same 
cut-offs using their integrated model risk score. The 
bias-corrected clinical net reclassification index (cNRI) 
was then calculated for malignant cases and benign 
nodules separately by comparing the integrated models 
(Mayo Clinic model+LCP) with the baseline Mayo Clinic 
model classifications. Non-parametric bootstrapping with 
10 000 samples was used for all confidence intervals and 
p values. We also performed a subgroup analysis on the 
cohort with the exclusion of the 26 patients (13.3%) who 
had metastatic disease. All analyses were conducted in R 
(R V.4.4.0).21

To identify which Mayo Clinic model variables contrib-
uted significantly to malignancy prediction when inte-
grated with the LCP score, we conducted a stepwise 
multivariate logistic regression. The LCP score served 
as the base predictor, and candidate variables from the 
Mayo Clinic model—age, smoking history, prior extra-
thoracic cancer, spiculation, upper lobe location and 
nodule size—were considered for inclusion. Continuous 
variables were modelled using restricted cubic splines. 
Two nodules were excluded from this analysis due to 
incomplete clinical data.

F1 scores were computed for each model (Mayo Clinic, 
LCP and integrated LCP+Mayo Clinic model selected 
variables) to assess classification performance with a 
focus on balancing sensitivity and precision in this high 
prevalence cohort.

Additionally, we performed a prespecified subgroup 
analysis excluding 26 patients (13.3%) with meta-
static disease, in order to focus model evaluation on 
primary pulmonary nodules. All statistical analyses were 
performed using R V.4.4.0.

Patient and public involvement
While the motivation, design and dissemination of our 
research were all informed by the meaningful experi-
ences and discussions with patients in clinical settings 
and previous studies, there was not a formal, system-
atic collaboration with patients in the design, conduct, 
reporting, or dissemination plans of this research.

RESULTS
Study population
A total of 321 IPNs were initially included in our analysis 
after excluding patients with lesions that were>30 mm, 
patients lost to follow-up and patients for whom nodules 
could not be scored with the LCP for technical reasons. 
For the stepwise regression analysis, two additional 
nodules were excluded due to missing clinical infor-
mation required for reconstruction of the Mayo Clinic 
model variables, resulting in 319 nodules analysed in that 
specific model. The cohort consisted of benign (n=125, 
39%) and malignant nodules (n=196, 61%). Among the 
125 nodules with a benign diagnosis, 57 (45.6%) did not 

have histopathological or microbiological specific find-
ings but remained stable or regressed on surveillance 
imaging, and 24 (19.2%) were due to granulomatous 
disease. Adenocarcinoma represented the largest number 
of cancers (n=92, 46.9%), followed by squamous cell 
carcinoma (n=30, 15.3%), and metastatic cancer to the 
lung (n=27, 13.8%). The median nodule size for benign 
was 15 mm (IQR 11–21) and 17 mm (IQR 13–21.2) for 
cancer. The cancer group had a higher median age at 67 
(IQR 60–72), compared with 62 (IQR 53–71) for benign 
lesions, a higher proportion of smokers with 156 (80%) 
compared with 85 (68%) in benign lesions, and a higher 
median Mayo Clinic score of 56% (IQR 34–76) proba-
bility of malignancy compared with 33% (IQR 18–56) 
probability in the benign group. A full description of the 
patient population is presented in table 1.

Model performances
The AUC of the Mayo Clinic model was 0.69 (95% CI, 
0.63 to 0.75), while the model using selected variables 
from the Mayo Clinic (age, spiculation and upper lobe 
location) had an AUC of 0.68 (95% CI, 0.61 to 0.74). The 
LCP had an AUC of 0.67 (95% CI, 0.62 to 0.73). The inte-
grated LCP model with Mayo Clinic score resulted in an 
AUC of 0.72 (95% CI, 0.67 to 0.78), while the integrated 
LCP model and the statistically selected Mayo Clinic 
variables performed the best with an AUC of 0.75 (95% 
CI, 0.69 to 0.80). The AUC of this integrated model was 
significantly higher than that of the Mayo Clinic model 
alone (p=0.046), as demonstrated by bootstrapping 
(table 2, figure 1, and online supplemental figure 1).

Integrated model
In the stepwise multivariable logistic regression, the 
variables retained alongside the LCP score were age 
(p=0.004), spiculation (p=0.002) and upper lobe location 
(p=0.026). These variables demonstrated independent 
predictive value and were included in the final integrated 
model. Prior cancer history showed marginal significance 
(p=0.066) and was not retained. The model excluding 
two nodules with missing Mayo Clinic model inputs 
yielded similar results to the full model. Full regression 
coefficients are provided in online supplemental table 1.

The F1 score of the integrated model (LCP+selected 
Mayo Clinic variables) was 0.645 (95% CI, 0.572 to 0.716), 
higher than that of the LCP model alone (0.598 (95% CI, 
0.522 to 0.672)) and the Mayo Clinic model (0.211 (95% 
CI, 0.137 to 0.284)), demonstrating superior balance of 
sensitivity and precision.

Table 3 summarises the F1 scores for the Mayo Clinic 
model, LCP and the integrated model. The integrated 
LCP+Mayo Clinic select variable model demonstrated 
the highest F1 score (0.645 (95% CI, 0.572 to 0.716)), 
followed by the LCP model (0.598 (95% CI, 0.522 to 
0.672)) and the Mayo Clinic model (0.211 (95% CI, 
0.137 to 0.284)).

https://dx.doi.org/10.1136/bmjresp-2024-002687
https://dx.doi.org/10.1136/bmjresp-2024-002687
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Model calibration
Using the entire cohort, the models were recalibrated 
to the clinically relevant prevalence of 33%. The Brier 
score for the Mayo Clinic model was 0.24, and inte-
grated LCP with Mayo Clinic was 0.21. The integrated 
LCP with Mayo Clinic select variables had a Brier score 
of 0.193.

Reclassification of prevalence adjusted model
Using categories defined by decision thresholds of 0.1 
and 0.7 in accordance with the BTS guidelines, nodules 
were deemed reclassified if their prevalence adjusted 
radiomic based model score put them in a different prob-
ability group than the Mayo Clinic model adjusted for 
prevalence. We observed the cNRI bias-corrected cNRI of 

Table 1  Continuous variables expressed as median (IQR)

Characteristic Benign Cancer

n=125 n=196

Age, years 62 (53–71) 67 (60–72)

Sex, male 55 (44%) 87 (44%)

Smoking 85 (68%) 156 (80%)

Nodule size (mm) 16 (11–21) 17 (13–21)

Mayo probability 33% (18–56%) 56% (34–76%)

Histopathology Histopathology

Non-specific/miscellaneous 57 (45.6%) Adenocarcinoma 92 (46.9%)

Granulomatous 24 (19.2%) Squamous cell carcinoma 30 (15.3%)

Organising pneumonia 10 (8%) NSCLC, not specified 21 (10.7%)

Purulent 10 (8%) Small cell carcinoma 8 (4.1%)

Inflammation, atypical 8 (6.4%) Carcinoid 6 (3.1%)

Pathogen 5 (4%) Metastatic cancer 26 (13.3%)

Fibrosis/fibroelastotic scar 11 (8.8%) Renal cell 6 (3.1%)

Other Pancreatic 6 (3.1%)

Colorectal 4 (2%)

Breast 2 (1%)

Other primaries 8 (4.1%)

Lymphoma 6 (3.1%)

Other 7 (3.5%)

NSCLC, non-small cell lung cancer.

Table 2  Diagnostic performance of the Mayo Clinic, LCP and integrated models

Model
Sensitivity
(95% CI)

Specificity
(95% CI)

PPV
(95% CI)

NPV
(95% CI)

AUC
(95% CI)

Mayo 0.57
(0.50 to 0.64)

0
(0 to 0)

0.75
(0.68 to 0.82)

— 0.69
(0.63 to 0.75)

Mayo Select 0.54
(0.47 to 0.61)

0.05
(0.01 to 0.09)

0.72
(0.65 to 0.80)

1
(1 to 1)

0.68
(0.61 to 0.74)

LCP 0.49
(0.42 to 0.56)

0
(0 to 0)

0.78
(0.71 to 0.85)

— 0.67
(0.62 to 0.73)

Mayo
+LCP

0.49
(0.42 to 0.56)

0
(0 to 0)

0.81
(0.74 to 0.88)

— 0.72
(0.67 to 0.78)

Mayo Select
+LCP

0.54
(0.47 to 0.61)

0.06
(0.02 to 0.11)

0.80
(0.73 to 0.87)

1
(1 to 1)

0.75
(0.69 to 0.80)

Values shown include AUC, sensitivity, specificity, PPV and NPV with 95% CI.
AUC, area under the receiver operating characteristic curve; LCP, Lung Cancer Prediction score; Mayo, Mayo model; Mayo Select, Mayo 
model excluding all radiographic variables; NPV, negative predictive value; PPV, positive predictive value.
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0.36 (95% CI, 0.21 to 0.53) for benign cases, and cNRI of 
−0.32 (95% CI, −0.49 to −0.18) for malignancy cases. For 
cancers, the LCP with Mayo Clinic select variables model 
classified 106 IPNs as high, 90 as intermediate and 0 as 
low risk. The Mayo Clinic model classified 158 cancerous 
nodules as high probability, 38 as intermediate and 0 as 
low probability. For benign nodules, the LCP with Mayo 
Clinic select variables model classified 27 nodules as high 
risk, 90 as intermediate and 8 as low risk. The Mayo Clinic 
model classified 37 benign nodules as high, 88 as inter-
mediate, and 0 as low risk (table 4).

Subgroup analysis
A total of 295 IPNs were included in our subgroup anal-
ysis after excluding patients with non-primary, metastatic 
lung cancers, which represented 26 nodules (13.3%) 
of the full cohort. In this subgroup analysis, the AUC 
values for all models remained unchanged compared 

with analysis in the full cohort. The Mayo Clinic model 
achieved an AUC of 0.69 (95% CI, 0.63 to 0.75), LCP 
with an AUC of 0.67 (95% CI, 0.61 to 0.73), integrated 
LCP with Mayo Clinic model with an AUC of 0.72 (95% 
CI, 0.67 to 0.78) and LCP with Mayo Clinic select vari-
ables with an AUC of 0.75 (95% CI, 0.69 to 0.80). The 
integrated LCP with Mayo Clinic select model achieved 
cNRI of 0.31 (95% CI, 0.17 to 0.48) for benign nodules 
and cNRI of −0.31 (95% CI, −0.47 to −0.17) for malignant 
nodules. The Brier score for integrated LCP with Mayo 
Select was 0.20.

DISCUSSION
In this study, we evaluated the diagnostic performance 
of several prediction models: the Mayo Clinic model, a 
deep learning-based model for lung nodule prediction 
(LCP) and models that integrated the LCP with either 
the full Mayo Clinic model or only its clinical variables. 
The deep learning radiomic model was previously vali-
dated at and is currently in clinical use at our institution. 
We discovered that integrating the LCP with select non-
radiographic variables of the Mayo Clinic model could 
serve as a last-step filter to correctly reclassify benign 
nodules in patients referred to bronchoscopic evaluation.

A large number of lung nodules are biopsied every 
year. While a significant number of patients undergoing 
lung biopsies and resections have malignant disease, 
far too many of these invasive procedures are done for 
benign lesions.6 The patients in our cohort all underwent 
biopsies after evaluation by specialists at a high-volume 
academic centre, and nearly 40% of this cohort had 
benign nodules. In our previous study, we demonstrated 
that the available clinical prediction models provided 
insufficient discrimination between cancer and benign 
nodules in this cohort.16 This led us to investigate whether 
the addition of radiomics could provide potential clinical 
utility, specifically using the LCP, the only Food and Drug 
Administration-cleared radiomic prediction model for 
incidentally detected lung nodules.

Our study resulted in interesting findings. To start, this 
cohort represents the most challenging set of nodules 
to adjudicate, as they represent nodules deemed suspi-
cious enough by nodule experts to warrant biopsy. This 
cohort differs from the populations that were used 
to train both the Mayo Clinic model and the LCP, but 
our previous work with deep learning radiomic models 
encouraged us to evaluate the potential of these models 
in this context.20 22 In this cohort, both the LCP and the 
Mayo Clinic model alone showed modest discrimination, 
with an AUC of 0.69 for the Mayo Clinic model and 0.68 
for LCP, without significant difference between the two. 
However, we demonstrated that integrating the LCP 
with the Mayo Clinic model improves diagnostic accu-
racy. We observed improvement in diagnostic perfor-
mance with statistically significant higher AUC values 
when integrating the LCP with the Mayo Clinic model. 
We evaluated two approaches: (1) using the full Mayo 

Figure 1  Receiver operating characteristic (ROC) curves 
for all models. AUC, area under the receiver operating 
characteristic curve; LCP, Lung Cancer Prediction score; 
Mayo, Mayo model; Mayo Select, Mayo model excluding 
all radiographic variables; ROC, receiver operating 
characteristic.

Table 3  F1 score with 95% CI for each model

Model F1 score 95% CI

Mayo 0.211 (0.137 to 0.284)

LCP 0.598 (0.522 to 0.672)

Mayo Select+LCP 0.645 (0.572 to 0.716)

The F1 score represents the balance between sensitivity and 
positive predictive value in this high-prevalence cohort.
LCP, Lung Cancer Prediction score; Mayo, Mayo model; Mayo 
Select, Mayo model excluding all radiographic variables.
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Clinic model score, and (2) the ‘Mayo Clinic select vari-
ables’, which calculated the Mayo Clinic probability score 
using only the clinical variables (age, smoking history 
and prior cancer). The rationale behind this was that 
the LCP model likely already accounts for these radio-
graphic variables, thus making the Mayo Clinic model 
radiographic variables redundant. Additionally, the 
specific radiographic variables used in the Mayo Clinic 
model (size, spiculation and lobe location) are balanced 
between cancers and benign nodules in this cohort. This 
integrated model with selected Mayo Clinic variables 
resulted in an AUC of 0.75, as compared with an AUC of 
0.69 for the Mayo Clinic model alone (p<0.05). Although 
the absolute increase in AUC from 0.69 to 0.75 when 
integrating clinical variables with the LCP model may 
appear modest, this improvement was statistically signifi-
cant. In the context of pulmonary nodule management, 
even small improvements in discrimination can meaning-
fully impact patient care by correctly reclassifying benign 
nodules and potentially avoiding unnecessary invasive 
procedures. Specifically, in our study, we calculated the 
bias-corrected clinical net reclassification indices for the 
two LCP integrated models compared with the Mayo 
Clinic model alone as the base comparator and demon-
strated beneficial reclassification of benign nodules 
for both LCP integrated models. When using decision 
thresholds of 0.1 and 0.7 in accordance with BTS guid-
ance, the LCP+Mayo Clinic Select model appropriately 
downgraded eight benign nodules from intermediate 
and high-risk categories into the low-probability category, 
which would result in a recommendation for CT surveil-
lance rather than for a biopsy.8 This would mean that, 
using this integrated model, we would have theoretically 
spared 8 of the 125 patients with benign nodules from 
unnecessary invasive and costly procedures, possible 
associated complications and procedure-related anxiety. 
While the absolute effect size is small and modest, each 
benign nodule correctly reclassified in this context would 
represent an important clinical implication in high-risk 
populations where the cost of unnecessary procedures 
is significant.23 24 The integrated model resulted in a 

negative bias-corrected cNRI for cancers; however, in this 
context, only the rule-out classification is clinically mean-
ingful as all patients are already referred to bronchos-
copy. Therefore, a movement from intermediate-to-high 
or high-to-intermediate would not result in a change in 
patient management.

When developing the original LCP, clinical variables 
were not determined to contribute significantly to the 
performance of the model and thus were not included. 
However, the addition of clinical variables in this context 
may provide improvement in performance greater 
in real-world, high-risk populations. Additionally, the 
observation that the Mayo Clinic model excluding radio-
graphic variables (nodule size, spiculation and lobe loca-
tion) performed similarly to the full Mayo Clinic model 
suggests that in this high-risk cohort, traditional radio-
graphic features may have diminished incremental value. 
Clinical and epidemiological characteristics, such as 
age, smoking history and prior cancer history, appeared 
to be more discriminative in predicting malignancy. 
Furthermore, the LCP deep learning-based radiomic 
model likely captures complex imaging features beyond 
conventional visual assessment, thus reducing the need 
for explicit inclusion of basic radiographic parameters in 
integrated models.

We chose to use the Mayo Clinic prediction model for 
this study based on our previous evaluation of this same 
cohort comparing the Mayo Clinic, Brock, Veterans’ 
Affairs and Herder models.16

All nodules were evaluated by lung nodule experts and 
deemed suspicious enough to warrant biopsy despite 
comprehensive patient work-up, making this cohort 
particularly challenging. Both benign and malignant 
cohorts were similar in terms of radiographic and clinical 
features. The nodule size was one of the most notable 
similarities, with median nodule size for benign of 15 mm 
(IQR 11–21) versus 17 mm (IQR 13–21.2) for malignant 
ones. Nodule size is one of the most relied on and predic-
tive variables for the determination of malignancy and is 
used in almost every clinical and radiomic risk prediction 
model. Furthermore, the cancer and benign groups were 

Table 4  Risk stratification and reclassification of nodules using the integrated LCP model compared with the Mayo Clinic 
model, based on British Thoracic Society thresholds

Model

Cancer risk category Benign risk category cNRI
Cancer (95% CI)

cNRI
Benign (95% CI)Low Intermediate High Low Intermediate High

Mayo 0 84 112 0 88 37 Base Base

LCP 0 101 95 0 96 27

Mayo+
LCP

0 100 96 0 102 23 −0.44
(−0.59 to −0.28)

0.30
(0.19 to 0.41)

Mayo Select+
LCP

0 90 106 8 90 27 −0.32
(−0.49 to −0.19)

0.36
(0.21 to 0.53)

cNRI values reflect net reclassification of benign and malignant cases.
cNRI, clinical net reclassification index; LCP, Lung Cancer Prediction score; Mayo, Mayo model; Mayo Select, Mayo model excluding all 
radiographic variables.
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also similar in age, with the median age of 67 for those 
with cancer, compared with 62 for those with benign 
lesions, with the same percentage of males and former 
or active smokers. These similarities alone would make 
it challenging to risk-stratify indeterminate pulmonary 
nodules using clinical prediction models. The specific 
challenge for the radiomic LCP model, which does not 
use any clinical data for risk stratification, likely stems 
from two important factors: a high prevalence of gran-
ulomatous disease and metastatic disease in this cohort. 
Our tertiary referral is an area where histoplasmosis is 
endemic. Lung granulomas caused by histoplasmosis 
infection pose significant diagnostic challenges due to 
their similar appearance to lung cancer on diagnostic 
imaging, including guideline-recommended fludeoxy-
glucose-18 positron emission tomography (FDG-PET)/
CT scans. These similarities in image characteristics, such 
as nodule size, spiculation, tendency for upper lobe loca-
tion, associated hilar and mediastinal lymphadenopathy 
and FDG-avidity, make histoplasmosis a great masquer-
ader of lung cancer.25 26 Furthermore, 13% of the cancer 
lesions were metastatic lesions, which were not included 
in training cohorts for the Mayo Clinic model and the 
LCP and are not clinically indicated to evaluate meta-
static lung nodules. While metastatic lesions may differ in 
appearance from primary lung cancers, these differences 
are not usually sufficient to inform the use of prediction 
models, and correctly characterising their malignant 
phenotype is of utmost importance. Interestingly, in our 
subgroup analysis excluding all metastatic lung cancers, 
the performance of the models remained unchanged 
with the same AUC values.

This study is unique for several reasons. We had previ-
ously published similar integrated prediction models 
using non-Food and Drug Administration (FDA) cleared 
radiomic models27 in the incidentally detected nodule 
setting, but at the time of writing this manuscript, our 
study is the first to evaluate an integrated model specif-
ically using LCP as the radiomic component. Further-
more, this is also the first study that evaluated and 
developed prediction models using a high-risk cohort 
that consisted of all suspicious nodules referred for inva-
sive biopsies after extensive evaluation by lung nodule 
experts. Furthermore, the similarities in clinical and 
radiographic characteristics across benign and malig-
nant nodules make this cohort particularly challenging 
but also very relevant for the development and valida-
tion of prediction models. Moreover, the inclusion of 
patients from a region endemic with histoplasmosis, a 
great masquerader of lung cancer and significant cause 
of unnecessary benign lung nodule biopsies, contributes 
further to both the difficulty and relevance of this cohort 
for risk prediction model development.

To strengthen the integration strategy, we performed 
a multivariable stepwise logistic regression to identify the 
most informative Mayo Clinic model variables to combine 
with the LCP score. This analysis revealed that age, 
speculation and upper lobe location were independent 

predictors of malignancy when added to the LCP model, 
and these were retained in the final integrated model. In 
addition to AUC, we also calculated F1 scores to better 
capture model performance in terms of the balance 
between sensitivity and precision, particularly relevant 
in high-prevalence diagnostic settings. These analytical 
steps provide additional statistical support for the perfor-
mance and potential clinical utility of the integrated 
model.

This study has several limitations, one of which is the 
generalisability of our cohort. All patients included were 
referred to one academic centre located in the South-
eastern USA in an area that is endemic to histoplasmosis. 
Our results may not be generalisable to nodules managed 
in other locations with potentially different demo-
graphics, risk factors, histoplasmosis rates and different 
hospital settings with disparate practice patterns. In addi-
tion, our study evaluated a very specific nodule popu-
lation consisting of highly suspicious nodules, and our 
model may not be suitable for other populations with 
different probability of malignancy. Finally, while we 
externally validated the Mayo Clinic and LCP models on 
our cohort, the integrated models we developed were 
trained and validated only on our cohort, thus lacking 
external validation.

Our study further contributes to the growing body of 
literature evaluating the promising benefits and limita-
tions of radiomics in the diagnosis of lung cancer in inde-
terminate pulmonary nodules. Our study is unique in 
that it is one of the first studies using a cohort of prospec-
tively collected highly suspicious nodules that have all 
undergone biopsy with diagnostic bronchoscopy. We 
demonstrated the shortcomings of clinical and radiomic 
models when used independently on this challenging 
cohort. Ultimately, we were able to develop a predictive 
model integrating LCP with select clinical variables that 
may prevent unnecessary biopsies of highly suspicious but 
ultimately benign nodules without delaying the timely 
work-up of malignant ones. Most importantly, as the clin-
ical variables are already used routinely in the workup 
of pulmonary nodules and the LCP is cleared for use in 
both the USA and Europe, this model could potentially 
be implemented in clinical practice more promptly.
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