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Abstract

Purpose
Risk stratification in patients with lung adenocarcinoma (LUAD) is mandatory for treatment guiding and
outcome prediction. Amongst clinical parameters including histological analyses, imaging procedures
provide important information. The present study aimed to investigate the ability of machine learning
models trained on clinical and 2-deoxy-2-[¹⁸F]fluoro-D-glucose ([18F]FDG) positron emission
tomography/computed tomography (PET/CT) derived radiomic data to predict overall survival (OS),
tumor grade (TG), and histologic growth pattern risk (GPR) in treatment naïve LUAD patients.

Methods
421 treatment naïve patients with histologically diagnosed lung adenocarcinoma and available [18F]FDG
PET/CT imaging were retrospectively analyzed. Four patient cohorts were generated based on the
available data for predicting 4-year OS (n = 276), 3-year OS (n = 280), TG (n = 298) and GPR (n = 265).
[18F]FDG-positive lesions were delineated semiautomatically, from which 2082 radiomic features were
extracted and combined with endpoint-specific clinical and demographic parameters. Machine learning
models were built for the prediction of 4-year OS (M4OS), 3-year OS (M3OS), tumor grading (MTG) and
histologic growth pattern risk (MGPR), respectively. Monte Carlo (MC) cross-validation with 100-folds and
80:20 training to validation split was employed as a performance evaluation for all models. Kaplan-Meier
survival analysis was performed to assess the association between the M4OS and M3OS predictions with
OS.

Results
Area under the receiver operator characteristics curve (AUC) was highest for M4OS (AUC 0.88), followed by
M3OS (AUC 0.84), while MTG and MGPR performed equally well (AUC 0.76). Predictions of M4OS (HR 0.128,
p < 0.000001) and M3OS (HR 0.0942, p < 0.000001) were independently associated with OS.

Conclusion
In our retrospective cohorts, machine learning models demonstrated the ability to prognosticate long-term
survival outcomes in patients with lung adenocarcinoma. Furthermore, tumor lesions could be
characterized according to their histologic grade and predominant growth pattern risk with high accuracy.
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Introduction
Non-small cell lung cancer (NSCLC) accounts for 85% of all primary lung cancers. Despite recent and
continued advances in screening, diagnosis and treatment, NSCLC continues to be the leading cause of
cancer-related mortality worldwide [1] with a dreary 5-year relative survival rate of 4% for patients with
advanced disease [2]. NSCLCs most common subtype is lung adenocarcinoma (LUAD), making LUAD the
most prevalent histologic type of all primary lung cancers in both sexes [3]. The prognosis of patients
with LUAD and equal TNM stages differed significantly depending on their progressive features and
predominant growth patterns [4–7], which was considered in the 2015 published world health
organization (WHO) classification of lung tumors [8]. However, histopathologic workup for diagnosis is
challenging in inoperable patients, and it is frequently and solely based on small tumor samples from
biopsy or cytology [9]. Due to the histologically heterogeneous nature of LUADs, these are prone to
sampling errors and clinical complications [10,11]. Hence a complementary, ideally non-invasive method
for improved prognostication and tumor characterization is highly desirable.

Hybrid imaging with [¹⁸F]FDG PET/CT as a non-invasive method is well established in the initial
staging [12,13] and proved useful in response assessment and follow-up [14]. Novel post-processing
methods for PET/CT imaging data enable high-throughput quantitative feature extraction from
biomedical images known as radiomics and offer a non-invasive approach to capture intra-tumoral
heterogeneity [15], while supervised machine learning provides the tools to map high-dimensional input
data to investigational endpoints effectively [16]. The potential of PET and CT-derived radiomic features
in combination with machine learning has been demonstrated inter alia in lesion characterization [17–
19], response prediction to various therapeutic options [20,21] and survival prognostication [20,22].
However, few studies have studied LUAD cohorts and those who did often exhibited methodological
shortcomings like lack of appropriate data preprocessing. 

We hypothesized that [18F]FDG PET/CT-derived radiomic features in combination with clinical data would
be predictive of survival outcomes and histologic tumor risk profiles in LUAD patients.

The study objective was to assess the ability of machine learning models trained on clinical and [18F]FDG
PET/CT derived radiomic data to predict 4- and 3-year overall survival (OS), tumor grade (TG), and
histologic growth pattern risk (GPR) in treatment naïve LUAD patients.

Materials And Methods
Patient selection and study design

A total of 421 treatment-naïve patients (215 female, mean 63 ±11 years SD, range 28-91) who got whole-
body [¹⁸F]FDG-PET/CT between 01/04/2012 and 30/04/2019 were included in this single-center
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retrospective study based on the following criteria. All patients had histologically confirmed
adenocarcinoma of the lung.

Patients with severe image artifacts in PET/CT or concomitant pneumonia, atelectasis, pleural adhesions,
and other cancer types were excluded. For all patients, clinical data such as age, sex, TNM stage,
predominant growth pattern, degree of tumor differentiation, EGFR mutation status, smoking status and
treatment strategy were gleaned from their medical records if available or inferred from primary clinical
data such as medical imaging data, surgical or histological records.

Tumor stages were defined according to the American Joint Committee on Cancer Staging Manual [23].
The definition of growth patterns and tumor grading was based on the classification of lung
adenocarcinomas published by the IASLC/ATS/ERS in 2011 [24]. Growth pattern risk stratification was
done by defining micropapillary (MMP), solid predominant (SPA) and variants of invasive (VIA) lung
adenocarcinomas as high-risk and all other growth patterns as low-risk lesions following the literature on
the prognostic subgroups of lung adenocarcinomas [4–7]. All inconclusive histologic samples were
subsumed in others. Histopathologic tumor grades were dichotomized into poor and moderate to high
differentiation. Patients were split into four cohorts (4-year OS, 3-year OS, TG, GPR) based on the
available data on the predicted endpoints (see Table 1).

The primary endpoints of this study were overall survival, which was defined as the time from PET/CT
examination until death or the date of the last contact with the patient.  The minimum follow-up period to
ascertain 4-year and 3-year OS were 0.07; the maximum was 87.85 months (30.1 ± 20.4, 29.8 ± 21.1
median and SD months respectively). The secondary endpoints were the predictions of tumor grading
and histologic growth pattern risk.

Ethical approval was obtained and the need for informed consent was waived by the medical ethics
committee of the Peking University Third Hospital, Beijing, People's Republic of China. 

FDG PET/CT image acquisition

All [¹⁸F]FDG-PET/CT studies were obtained on a Siemens Biograph TruePoint PET/CT system.
Prior to tracer injection, all patients had been fasting for a minimum of 6 h. Measured blood glucose
values in all patients were 104  ± 16 mg/dl. Patients were intravenously injected with 5.55 MBq/kg (0.15
mCi/kg) [¹⁸F]FDG and rested recumbent in a calm environment afterwards. Sixty minutes post-injection,
the scans were obtained from skull base to upper femur. PET scans were acquired in 5-7 bed positions
with 2 minutes per bed position followed by deep inspiratory high-resolution CT scans at 120 kVp and
100 mAs without intravenous contrast.PET images were reconstructed iteratively using the ordered-
subset expectation maximization (OSEM) algorithm (21 subsets, 3 iterations) and subsequently CT-data-
based scatter and attenuation corrected (PET matrix size 168x168, CT matrix size 512x512).

Texture analysis
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Initial delineation of the volume of interests (VOI) of the primary and secondary tumor lesions was
performed semiautomatically using the Hybrid 3D software ver. 4.0.0 (Hermes Medical Solutions,
Stockholm, Sweden) with delineation criteria set according to the PET Response Criteria in Solid Tumors
(PERCIST 1.0) recommendations for target lesions at baseline [25], mediastinal blood pool as
background and minimal lesion size greater or equal to 130 voxels. Lesions smaller than 130 voxels or
with subthreshold uptake were defined manually based on the CT images. Subsequently, delineations
were reviewed and if needed, adjusted manually according to a consensus decision of two nuclear
medicine experts. Finally, kriging interpolation was used to resample all delineated VOIs to 2.0 x 2.0 x 2.0
uniform voxel resolution [26].

Following the Imaging Biomarker Standardization Initiatives (IBSI) guidelines, radiomic features with
“very strong” and “strong” consensus values were extracted from each individual lesion using the Medical
University Wien (MUW) Radiomic Engine (ver. 2.0), which was prior validated according to IBSI standards
[27] (see Supplemental Material - Table 1a). To obtain lesion number-independent feature vectors of
equal length per patient, lesions of the same patient were ordered by their volume and the distribution of
each radiomic feature across the ordered lesions was determined, resulting in a distribution function for
each radiomic feature. The distribution function then underwent IBSI intensity histogram feature
evaluation, generating overall 2082 radiomic features. Lastly, radiomic features, number of lesions,
patient characteristics and varying clinical characteristics depending on the predicted endpoint were
merged to form feature vectors. (see Figure 2)

Cross-validation and machine learning scheme

Monte Carlo (MC) cross-validation, data preprocessing and ensemble machine learning was performed
using the Dedicaid Automated Machine Learning platform (Dedicaid GmbH, Vienna). First a MC cross-
validation scheme was applied assigning the patients in each cohort randomly into training and
validation sets 100 times with a ratio of 80-20%, resulting in 100 unique folds per cohort. Equal
subsampling of validation samples ensured balanced representation within the validation set. (see
Supplemental Material; Sections 4YOS, 3YOS, GPR, TG). Subsequently all folds underwent preprocessing
by feature range normalization, feature redundancy reduction, feature selection and sample balancing.
Feature redundancy reduction was performed by covariance matrix analysis defining redundancy as an
absolute Pearson correlation coefficient greater than 0.85 [28]. Feature selection followed the rules of the
curse of dimensionality, where  number of features were selected (S = training sample count) in each fold.
To avoid class imbalance Synthetic Minority Over-sampling Technique (SMOTE) was employed to
synthesize new instances of the minority class between preexisting class members [29].

Machine learning (ML) was performed by a mixed, stacked ensemble learning scheme to build predictive
models of 4-year overall survival, 3-year overall survival, tumor grade and growth pattern risk (models
abbreviated as M4OS M3OS, MTG, MGPR respectively). (see Supplemental Table 3a-d and 4a-d). Kaplan-
Meier survival analysis was performed based on the M4OS and M3OS predictions using the Lifelines
Python package.
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Results
Patients

In the tumor grade cohort, 237/298 (80%) specimens were of moderate or high differentiation, while 61
(20%) were poorly differentiated. In the growth pattern risk cohort, the most common histologic subtypes
were APA (n = 126, 47%), followed by SPA (n = 53, 20%) and LPA (n = 39, 15 %). Regarding inherent
histologic subtype risks, 200/265 (76%) tumors were categorized as low risk and 65 (24%) as high risk
(see Table 1).

Feature extraction, ranking and extraction

MC cross-validation scheme assignment of the 276, 280, 298, 265 patients of the 4-year OS, 3-year OS,
tumor grade and growth pattern risk cohorts, respectively, resulted in 100 unique folds with 221, 224, 238,
212 samples in each of the respective training and 55, 56, 60, 53 in each of the respective validation sets.
Subsequent preprocessing by SMOTE and covariance matrix analysis-based redundancy reduction
resulted in 328, 270, 450, 374 respective samples and 36, 32, 42, 38 respective features across all folds.
(Supplemental Material – Section 4YOS, 3YOS, TG, GPR).

Model performances and validation

The cross-validated M4OS, M3OS, MTG, MGPR model performances across all MC-folds was established by
confusion matrix analysis and yielded in average 80%, 78%, 82%, 59% sensitivity, 88%, 85%, 55%, 84%
specificity, 88%, 84%, 65%, 80% positive predictive value, 82%, 80%, 77%, 68% negative predictive value
and 84%, 82%, 69%, 71% accuracy, respectively (see Figure 3). The mean Area under the Receiver Operator
Characteristics curve (AUC) of all built ensemble models was 0.88, 0.84, 0.76, 0.76, respectively (see
Figure 2 and Supplemental Material – Table 7a-d).

The survival predictions of M4OS (HR 0.128, p<0.000001) and M3OS (HR 0.0942, p<0.000001) were
independently associated with OS (see Figure 4)

Feature weighting and distribution

Out of the 30 most predictive features of the 4-year overall survival prediction, 19 were PET radiomic
features and 11 CT radiomic features. No clinical features were selected. The three most predictive
feature families were NGLDM (n = 9), GLRLM (n = 7) and GLCM (n = 5). In the 3-year overall survival
prediction, PET (n= 14) and CT radiomic features (n = 16) were nearly equally distributed. The three most
predictive feature families were GLCM (n = 9), followed by Histogram and Morphological features (n = 6
each). Out of the 30 most predictive features of the tumor grade prediction, 25 CT radiomic features and
5 PET radiomic features were selected. The three most predictive feature families were GLCM (n = 9),
followed by GLSZM and Intensity features (n = 6 each). In the growth pattern risk prediction, 29 features
were PET radiomic features plus the degree of differentiation feature. The most predictive feature
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families were intensity derived (n = 9), followed by GLCM, GLRM and NGLDM features (n = 4 each). (see
Figure 5 and Supplemental Material – Table 8a-d)

Discussion
In this study, we developed predictive models of long-term survival outcomes and histologic
characteristics of treatment naïve patients with LUAD based on [18F]FDG PET/CT-derived radiomics
features and clinical data. We demonstrated excellent cross-validated model performances for the
survival endpoints (M4OS and M3OS) and satisfying cross-validated model performances for the histologic
endpoints (MTG and MGPR).

The prognosis of LUAD patients varies depending on their predominant histologic growth pattern [4,5].
Often histologic information is only obtainable from needle biopsy specimens [9] which are prone to high
rates of sampling bias [10,11]. Yet, accurate prognostication is key to optimal follow-up planning and
disease management in oncologic diseases. 

Radiomic approaches offer the possibility of non-invasive lesion characterization and have shown
promising results in survival prognostication in NSCLC cohorts [20,30,31].   Literature on the role of
radiomics in survival predictions in pure lung adenocarcinoma cohorts is relatively scarce [32,33]. Yang et
al. [32] studied the performances of a PET/CT-radiomics based- (Concordance-Index (C-Index) 0.737), a
clinical-data based- (C-Index 0.729) and a composite model (C-Index 0.803) in predicting overall survival
in patients with EGFR positive LUADs. They discovered that CT derived simple first- and second-order
statistical GLCM- and GLSZM-based textural features were most predictive. Similarly, Choe et al. [33]
compared CT-based radiomics models with and without clinical features (C-Indices were 0.805 and 0.764,
respectively) to a clinical model (C-Index 0.735) in predicting overall survival in LUAD patients after
resection. Our PET/CT radiomics based overall survival prediction models M4OS (AUC 0.88; HR 0.128,
p<0.000001) and M3OS (AUC 0.84; HR 0.0942, p<0.000001) demonstrated excellent cross-validated
performances and hence higher predictive performances compared to the previous studies [32,33]. In line
with Yang et. al. [32] first-order histogram-based and GLCM-based statistical textural features were the
ones predominantly informative for our M4OS and M3OS models. Conversely to their findings, PET-derived
features were more or equally prognostic compared to CT-derived ones for our survival models.
Interestingly, clinical features did not contribute to either of our survival models. The superiority in
predictive performances and discrepancy concerning the principal informative modality might be caused
by our novel approach to radiomics feature extraction from multiple lesions by the construction of a
feature distribution function across lesions resulting in novel derivative features. Our demonstrated high-
performance in M3OS and M4OS models implies that this type of analysis should be considered as an
alternative multi-lesion radiomics analysis approach next to the popular merging method, which handles
all disjunctive VOI as one virtual VOI in the 3D space [34].

The secondary endpoints of our study were histological predictions of tumor grading and growth pattern
risk groups. Both cross-validated model performances of MTG and MGPR demonstrated satisfactory
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performances with AUCs of 0.76 each. To the best of our knowledge, no previous study has predicted
lung adenocarcinoma tumor grading by means of PET/CT radiomics. Bae et. al [35] studied the CT
radiomics and conventional PET parameters inter alia as a potential biomarker for tumor grades in 91
LUADs and reported excellent predictive performances for grade one through three. However, their study
was based on a relatively small and highly imbalanced cohort (Grade 1 – n = 19, Grade 2 – n = 65, Grade
3 – n = 7) without employing data balancing techniques, leading to biased results. They found mostly
simple histogram-based and textural uniformity features significantly correlated with tumor grades, which
is in line with our findings. PET/CT radiomic based histologic growth pattern predictions were studied by
Shao et. al. [18] in 91 preoperative stages I LUAD patients. They reported an AUC of 0.804 for the
prediction of lesion membership to the intermediate-high growth pattern risk group. Again, their study was
based on a small and highly imbalanced cohort (low-risk n = 18, intermediate-high risk n = 75) without
employing data balancing techniques, leading to biased results. In line with their findings [18], first-order
histogram-based and second-order statistical texture features were predominantly informative for our
MGPR model. Contrary to their results, PET-derived features were the only predictive features in our
model. Surprisingly, MGPR was the only model in which a non-radiomic feature was ranked as informative
to the prediction. This finding stands in contrast to the general trend of the incremental predictive power
of composite models over pure radiomic models [30,32,33]. 

Our study was limited by its retrospective and single-center design lacking external validation.

 However, we mitigated some of those limitations by employing a MC-fold scheme keeping training and
validation samples strictly apart to avoid information leakage. Furthermore, data preprocessing (feature
normalization, redundancy reduction, feature selection and class balancing) as well as mixed ensemble
machine learning and 100-fold cross-validation were used to reduce false discoveries.

Conclusion
In our retrospective cohort, machine learning models demonstrated the ability to prognosticate long-term
survival outcomes in patients with lung adenocarcinoma. Furthermore, tumor lesions could be
characterized according to their histologic grade and predominant growth pattern risk with high accuracy.
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Tables
Table 1: Demographic and clinical patient characteristics
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Patient characteristic 4-year overall
survival

3-year overall
survival

Tumor
grade

Growth
pattern risk 

  n % n % n % n %

Total patients
276   280

 
298

 
265

 

Mean age ± SD 70 ± 11    65 ± 11
 

62 ±
11  

62 ± 11
 

Sex    
           

female 140 51 140 50 163 55 147 56

male 136 49 140 50 135 45 118 44

TNM stage    
           

0 3 1 3 1 6 2 6 2

1 84 30 84 30 141 47 139 53

2 7 3 7 2 14 5 14 5

3 47 17 47 17 48 16 45 17

4 135 49 139 50 89 30 61 23

Predominant growth
pattern

   
           

AIS 2 1 3 1 6 2 6 2

MIA 5 2 5 2 10 3 9 3

LPA 19 7 19 7 39 13 39 15

APA 77 28 77 27 126 42 126 47

PPA 11 4 11 4 20 7 20 8

MPP 3 1 2 1 5 2 5 2

SPA 37 13 38 14 53 18 53 20

VIA 3 1 4 1 7 2 7 3

unknown 119 43 121 43 32 11
   

Growth pattern risk    
           

low risk 115 41 115 41 201 67 200 76
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high risk 43 16 11 16 65 22 65 24

unknown 118 43 121 43 32 11
   

Tumor grade    
           

poor differentiation 59 22 61 22 61 20 35 13

moderate-high
differentiation

139 50 140 50 237 80 230 87

unknown 78 28 79 28 -
 

- - -

Tissue invasion    
           

no tissue invasion 3 1 3 1 7 2 7 3

microinvasion 5 2 6 2 10 3 9 3

tissue invasion 268 97 271 97 281 95 249 94

EGFR mutation status    
           

positive 108 39 108 39 171 57 157 59

negative 95 34 95 34 127 43 108 41

unknown 78 28 77 27
       

Source of specimen    
           

resection 95 34 95 34 175 59 173 65

needle biopsy 181 66 185 66 123 41 92 35

Smoking status    
           

Never smoker 127 46 130 46 179 60 165 62

History of smoking 83 30 84 30 72 24 61 23

unknown 66 24 66 24 47 16 39 15

Treatment received after
imaging

   
           

Surgery 97 35 97 35 178 60 176 66

Radiotherapy 24 9 24 9 29 9,7 35 13

Chemotherapy 124 45 125 45 110 37 92 35
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Targeted therapy 104 38 106 38 108 36 95 36

Data are n; % percentage; age in years; SD – standard deviation

Figures

Figure 1

Conceptual data extraction and analysis framework. A [¹⁸F]FDG-PET/CT scan lesion delineation B
Extraction of radiomics feature from all lesions and combination with patients clinical characteristics to a
feature vector C Assignment of patients feature vectors to training and validation sets by a Monte Carlo
cross-validation scheme with 20%:80% validation to training split ratio and 100 unique folds. D
Subsequent data preprocessing of all folds by means of normalization, data set balancing, feature
sorting as well as selection and redundancy reduction. E Training of ensemble machine learning scheme
models (L1 Layer 1, L2 Layer 2) and cross-validation of their results. F Analysis of predictive
performances across all folds by confusion matrices and Area under the Receiver operator curves as well
as Kaplan-Meier survival analysis to assess association between the M4OS and M3OS predictions with
OS
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Figure 2

Study flow diagram. Through an institutional database search 421 patients were retrospectively recruited.
Survival-, histopathologic-, staging-, tumor extent data (see Table 1) was gleaned from medical records.
Patients were split into four cohorts (4-, 3-year OS, TG and GPR) based on the available data on the
predicted endpoints. Primary and secondary thoracic lesions were delineated on PET/CTs. Radiomic
features with “strong” and “very strong” IBSI consensus values were extracted from all lesions. A radiomic
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feature distribution function for each patient was constructed which underwent subsequent feature
analysis resulting in 2082 radiomic features per patient. The number of lesions per patient, radiomic
features, patient characteristics (sex, age) and endpoint specific clinical characteristics were used to
construct the final feature vectors. Monte Carlo (MC) cross-validation scheme was utilized to assign
patients to training and validation roles. Subsequent data preprocessing ensured normalized features,
feature redundancy reduction and balanced classes in all folds. Predictive models were built by ensemble
machine learning scheme. Predictive performance across all folds was analyzed by confusion matrices
and Area under the Receiver operator curves. Kaplan-Meier survival analysis was performed to assess
association between the M4OS and M3OS predictions
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Figure 3

Mean cross-validation Receiver Operator Characteristics (ROC) curves of a) M4OS b) M3OS c) MDD d)
MGPR. The thick blue line corresponds to the mean ROC curve, while the light blue shaded area
represents the spread of all 100 ROC curves generated across the validation folds. AUC – Area Under the
Receiver Operator Characteristics Curve (mean of all 100 AUCs); FPR – False Positive Rate, TPR – True
Positive Rate. Dashed diagonal line represents a reference random-guess AUC for comparison
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Figure 4

Box plots showing the cross-validated performance of the top-layer (MLL3) prediction of a) 4-year OS, b)
3-year OS, c) Tumor grade and d) Growth pattern risk. Performance values were established by confusion
matrix analysis across all MC folds. SNS – Sensitivity; SPC – Specificity; PPV – Positive Predictive Value;
NPV – Negative Predictive Value; ACC – Accuracy; Performance values as percentages (%)
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Figure 5

Kaplan-Meier curves according to the predictions of the a) M4OS b) M3OS. A highly significant
association between the model predictions and overall survival was shown for both models.

Figure 6

Bar plots showing the feature family membership of the 30 most informative features as number of
features (n) per feature family according to their derived imaging modality and clinical origin. a) 4-year
OS, b) 3-year OS, c) Tumor grade and d) Growth pattern risk. CT – computed tomography; PET – positron
emission tomography; GLCM – grey level co-occurrence matrix; NGLDM - neighboring grey level
dependence matrix; NGTDM - neighborhood grey tone difference matrix, GLSZM - grey level size zone
matrix; GLDZM - grey level distance zone matrix; GLRLM - gray level run length matrix, IV - intensity
histogram, DD – Degree of Differentiation
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