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Abstract: Classification of multicategory survival-outcome is important for precision oncology. Machine learning
(ML) algorithms have been used to accurately classify multi-category survival-outcome of some cancer-types, but
not yet that of lung adenocarcinoma. Therefore, we compared the performances of 3 ML models (random forests,
support vector machine [SVM], multilayer perceptron) and multinomial logistic regression (Mlogit) models for clas-
sifying 4-category survival-outcome of lung adenocarcinoma using the TCGA. Mlogit model overall performed similar
to SVM and multilayer perceptron models (micro-average area under curve=0.82), while random forests model was
inferior. Surprisingly, transcriptomic data alone and clinico-transcriptomic data appeared sufficient to accurately
classify the 4-category survival-outcome in these patients, but no models using clinical data alone performed well.
Notably, NDUFS5, P2RY2, PRPF18, CCL24, ZNF813, MYL6, FLJ41941, POU5F1B, and SUV420H1 were the top-
ranked genes that were associated with alive without disease and inversely linked to other outcomes. Similarly,
BDKRB2, TERC, DNAJA3, MRPL15, SLC16A13, CRHBP and ACSBG2 were associated with alive with progression
and GAL3ST3, AD2, RAB41, HDC, and PLEKHG1 associated with dead with disease, respectively, while also in-
versely linked other outcomes. These cross-linked genes may be used for risk-stratification and future treatment
development.
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transcriptomic

Introduction deaths of lung cancer. It is probably equally
important to deescalate the treatment intensity
to reduce non-cancer deaths in other lung can-

cer patients.

Lung cancer is the most common cause of can-
cer deaths among men or women in the U.S.A,,
accounting for 135,720 deaths in 2020 [1],

although its trend in age-standardized, sex- and Many clinical and genomic features have

race-adjusted morality was downward in the
past 5 years [2]. Thanks to better treatments,
an increasing number of lung cancer patients
died of non-cancer causes in the past decade
[3], but the overall survival of lung cancer
remains dismal. Besides development of addi-
tional targeted therapies, a better risk stratifi-
cation and subsequent treatment decision-
making are urgently needed to reduce the

been identified for the prognostication of lung
adenocarcinoma [4-8]. The advances in ma-
chine learning (ML) algorithm also helped devel-
op several gene-signatures for survival predic-
tion in lung adenocarcinoma patients [9-15].
However, most of these works have been
focused on binary survival outcomes, either
disease-free survival or overall survival. To fully
realize the potential power of ML, we may use
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Figure 1. Study flow. We extracted the lung adenocarcinoma cases in the
cancer genome atlas (TCGA), and classified the patient survival into 4 cat-
egories, including alive with no progression, alive with disease, dead with
no known disease and dead with disease. We used random forests, sup-
port vector machine, and multilayer perceptron to classify the 4-category
outcomes. The 5-fold cross-validation approach was used during the tun-
ing and modelling of the machine learning algorithms.

tional multinomial logistic re-
gression (Mlogit) model in clas-
sifying 5-category outcomes of
lung cancer patients, using clini-
cal data of a large population-
based dataset [22]. However, it
is still unclear whether other ML
models and the transcriptomic
data alone are sufficient for
classifying multicategory out-
comes of lung cancer. Therefore,
we compared the performances
of 3 ML and Mlogit models in
classifying 4-category outcomes
of lung adenocarcinoma, using
transcriptomic data lone, clini-
cal data alone and combined
clinic and transcriptomic data.

Material and methods

We extracted the lung adeno-
carcinoma cases from the
cancer genome atlas (TCGA,
legacy Version) from the cBio-
Portal website (Figure 1) [23].
No exclusion-criteria were used.
The outcome was the 4-catego-
ry survival-outcome based on
the vital status and disease-free
status, including alive with no
progression, alive with disease,
dead with no known disease,
and dead with disease. We first
dichotomized the RNAseq data
(here referred as transcriptomic
data) using the normalized Z
scores based on their expres-
sion in all patients. We then
identified and included only the
genes that were statistically
associated with the 4-category
outcome. After identification
and removal of the correlated
genes and clinical features, we
merged the two datasets into
one single dataset (referred as

ML to stratify the risks of cancer death, non-
cancer death and being alive among lung can-
cer patients. This is statistically a multilabel
classification problem. One of the common
approaches to classify the lung cancer patients
is using clinical or transcriptomic data [5, 10,
11, 16-21]. Indeed, we showed that random
forests (RF) model outperformed the conven-
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clinico-transcriptomic data). The clinical, tran-
scriptomic, and clinico-transcriptomic data
were then subject to the tuning of ML models
and conventional Mlogit models, respectively.

The informed consent could not be and was not

obtained for the TCGA patients due to de-iden-
tified nature of the dataset. Because we
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used de-identified, publicly available cases,
this study was deemed exempt from review by
an institutional review board. Moreover, a set
of policies were developed by National Can-
cer Institute and National Human Genome
Research Institute to protect the privacy of par-
ticipants donating specimens to TCGA, includ-
ing the TCGA's informed consent policy, data
access policy and information about Health
Insurance Portability and Accountability Act
Privacy Rule compliance (https://www.cancer.
gov/about-nci/organization/ccg/research/stru-
ctural-genomics/tcga/history/policies/tcga-
human-subjects-data-policies.pdf). Thus, the
TCGA data collection was supervised by respec-
tive funding agencies and their ethical review
committees.

We used the RF, support vector machine (SVM)
with linear or radial basis function (RBF) kernel,
and multilayer perceptron (MLP) models of the
sklearn library [24]. The linear support vector
classifier (SVC) was used as a reference, and
differed from linear SVM in their kernels (liblin-
ear vs libsvm in SVM) [24]. Specifically, we
tuned the number of estimators, and the num-
ber of splits for RF, the C and gamma values for
SVM, and the C and number of hidden layers for
MLP models. The performance metrics for all
models were precision, accuracy, recall and F1.
The cross_validation library was used to con-
duct 5-fold cross validation in the ML model-
tuning process. Otherwise, the sample split
library was used to spilt samples in a pro-
portion of 4:1 (i.e., 80% of the samples for train-
ing, and 20% of the samples for testing) as
described before [24-26]. The parameters that
produced the best accuracy were chosen as
the final ML model, while the default settings
were also used to avoid over-tuning or missing
the proper parameter range. The true positive
rate and the true negative rate/sensitivity
were calculated using the OneVsRestClassifier
library (sklearn). The receiver operator charac-
teristics curve and area under the curve were
calculated using the ROC library. The micro-
average and macro-average metrics were com-
puted as defined before [24].

The ML and Mlogit processes were conducted
using python version 3.6.9. The cut off of P
value of 0.05 was used to select the clinical or
transcriptomic features that were correlated
with the 4-category outcome. The Rho of 0.9
was used to select the transcriptomic or clinical
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features that were correlated with each other.
The first identified feature of the two correlated
features would be removed.

We used the Erichr app to conduct gene set
enrichment analyses (GSEA) to identify the
pathways and related diseases [27], that were
associated with the ranked up-regulated or
down-regulated transcriptomic features. We
interrogated the ranked gene list for their
enrichment in 6 domains, including BioPlanet
(2019), Kyoto Encyclopedia of Genes and
Genomes (KEGG) Human (2019), UK Biobank
GWAS v1, gene ontologies (GO) Molecular
Function, GO Cellular Component, and GO
Biological Process. A P value less than 0.05
was considered statistically significant.

Results

Among the 522 patients in the TCGA lung ade-
nocarcinoma dataset, 7 patients did not have
any transcriptomic data. Among the 517 sam-
ples of RNA sequencing, 2 of them had dupli-
cates and the duplicates were removed (Figure
1). Therefore, 515 cases/samples were includ-
ed in the study (Table 1). Among the 17 clinical
features, 16 were found uniquely correlated
with the 4-category outcome as shown by the
correlation study. In the 20,113 genes that
were subject to the RNA sequencing, 2,887
genes were found significantly associated with
the 4-category outcome and included in the
analysis. The correlation study showed that
2,631 genes were uniquely associated with the
outcome and used in the study after removing
the first correlated genes.

We tuned the 3 ML models using the transcrip-
tomic, clinical and clinico-transcriptomic data,
respectively (Figure 2). During the tuning of RF
and RBF-SVM models, the transcriptomic data
alone and clinic-transcriptomic data produced
similar accuracy heatmaps, while the MLP and
linear SVM models had different accuracy met-
rics for the three different datasets. The best
accuracy appeared to be present in the models
using transcriptomic data, reaching to 0.528 in
RF model, 0.608 in MPL model, 0.581 in RBF
SVM model and 0.583 in linear SVM model.

We computed performance metrics of the three
ML and Milogic models based on the 5-fold
cross validation, including accuracy, precision,
recall/sensitivity, and F1 (Table 2). We also
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Table 1. Baseline characteristics of the included patients with lung adenocarcinoma in the TCGA

Alive no Alive with Dead with  Dead with no known

progression, % disease, % disease, % disease, % All, %

n 252 76 107 80 515
Sex

Female 55.56 51.32 57.94 45.00 53.79

Male 44.44 48.68 42.06 55.00 46.21
Race

Black 11.11 9.21 11.21 6.25 10.10

Other 13.49 19.74 8.41 21.25 14.56

White 75.40 71.05 80.37 72.50 75.34
Age (65+ yr)

No 47.22 34.21 42.06 37.50 42.72

Yes 52.78 65.79 57.94 62.50 57.28
pT category

T1 42.46 25.00 22.43 23.75 32.82

T2 48.81 61.84 61.68 55.00 54.37

T3 5.95 13.16 12.15 11.25 9.13

T4 2.78 0.00 3.74 10.00 3.69
pN category

NO 73.41 75.00 48.60 46.25 64.27

N1 13.10 13.16 32.71 22.50 18.64

N2 10.32 9.21 18.69 26.25 14.37

N3 0.40 1.32 0.00 0.00 0.39

NX 2.78 1.32 0.00 5.00 2.33
pM category

MO 65.48 63.16 73.83 67.50 67.18

M1 2.78 3.95 4.67 12.50 4.85

MX 31.75 32.89 21.50 20.00 27.96
Kras gene analysis

No 50.79 31.58 55.14 47.50 48.35

Yes 11.90 13.16 13.08 10.00 12.04

Not Available 37.30 55.26 31.78 42.50 39.61
Kras mutation presence

No 714 11.84 7.48 5.00 7.57

Yes 5.16 1.32 4.67 5.00 4.47

Not Available 87.70 86.84 87.85 90.00 87.96
Alk translocation presence

No 42.86 22.37 50.47 40.00 40.97

Yes 5.95 6.58 9.35 5.00 6.60

Not Available 51.19 71.05 40.19 55.00 52.43
ECOG score

0 19.05 18.42 23.36 7.50 18.06

1 16.67 21.05 19.63 26.25 19.42

2 3.97 5.26 2.80 5.00 4.08

3 0.40 0.00 0.93 1.25 0.58

Not Available 59.92 55.26 53.27 60.00 57.86
Radiation treatment, adjuvant

No 31.35 26.32 21.50 25.00 27.57

Yes 1.19 1.32 6.54 2.50 2.52
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Not Available 67.46
Targeted molecular therapy

None given 26.59

Given 5.95

Not Available 67.46
Surgery

No 30.16

Yes 69.84
History of other cancer

No 82.94

Yes 17.06
Smoking history

No 31.35

Yes 68.65

72.37 71.96 72.50 69.90
1711 21.50 17.50 22.72
10.53 5.61 10.00 7.18
72.37 72.90 72.50 70.10
25.00 17.76 18.75 25.05
75.00 82.24 81.25 74.95
80.26 83.18 81.25 82.33
19.74 16.82 18.75 17.67
28.95 33.64 35.00 32.04
71.05 66.36 65.00 67.96

TCGA, the cancer genome atlas; ECOG, Eastern Cooperative Oncology Group.

included the linear SVC model, whose kernel
was different from the linear SVM model. For
transcriptomic data, Mlogit had the best accu-
racy and linear SVC had the best recall. For
clinical data, linear SVM and RBF SVM both had
the best accuracy, while MLP had the best
recall. For clinico-transcriptomic data, linear
SVC and linear SVM had the best accuracy, and
linear SVC had the best recall.

To more reliably assess the performance of
these models, we used one over the rest classi-
fier to generate receiver operator characteris-
tics curve, and computed the AUC (Figure 3,
next page). For transcriptomic and clinico-tran-
scriptomic data, the Mlogit, linear SVM and
MLP models all achieved a micro-average AUC
of 0.82, while the RF model only reached the
AUC of 0.75. For clinical data set, the RF model
reached a micro-average AUC of 0.69, which
was slightly higher than those of Mlogit and
MLP models, but still lower than most of the
AUC produced using transcriptomic or clinic-
transcriptomic data.

There were 1340 genes (positively) linked to
alive without progression, 1304 genes (posi-
tively) linked to alive with disease, 135 genes
(positively) linked to dead with no known dis-
ease, and 1298 genes (positively) linked to
dead with disease according to the Mlogit
model (Table 3). To identify the genes that were
important for classifying the 4-category out-
come, we compared the top-ranked genes by
their positive and inverse associations with
4-category outcome. Nine of the top 25 ranked
genes in the alive without disease group were
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also in the list of the bottom-25 ranked genes
in other outcome-groups, including NDUFS5,
P2RY2, PRPF18, CCL24, ZNF813, MYLS6,
FLJ41941, POU5F1B, and SUV420H1 in rank-
ing order. Similarly, BDKRB2, LOC100133738
(TERC), DNAJA3, MRPL15, SLC16A13, CRHBP
and ACSBG2 in the alive with progression group
were bottom-25 ranked genes in the other
groups, so were GAL3ST3, AD2, RAB41, HDC,
and PLEKHGL1 in the dead with disease group.
Interestingly, only FBX015, IPMK, and PCDHB8
of the top-25 ranked genes in the death with no
known disease were cross-linked to the bot-
tom-25 ranked genes in other groups. The
GSEA revealed the pathways, disease/clinical
presentations and GO that were enriched in the
4 outcome-groups (Figure 4), as well as the

related genes (Supplementary Figure 1A and
1B).

Discussion

We here compared the performances of
the 3 ML and Miogit models for classifying
the 4-category survival outcomes of lung
adenocarcinoma patients using the TCGA data.
We found that Mlogit model overall performed
similar to the 3 ML models (micro-average
AUC=0.82). Surprisingly, transcriptomic data
alone appeared to be sufficient to successfully
classify the 4-category outcome in lung adeno-
carcinoma patients, and more useful than clini-
cal data alone for the classification. We also
identified a set of genes that were associated
with one of the 4-category outcomes, and
inversely linked to other outcomes.

Am J Cancer Res 2020;10(12):4624-4639
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Figure 2. Tuning of the machine learning algorithms to classify the 4-category survival outcome. We tuned the random forests (RF), support vector machine (SVM)
with linear or radial basis function kernel, and multilayer perceptron (MLP) to classify the 4-category outcomes using 5-fold cross-validation (Heatmap graphs: A-C,
RF models; D-F, MLP models; G-I, radial basis function SVM; and J-L, linear SVM models). The left column was the data produced using transcriptomic features alone,
middle column using clinical features alone, and the right column using clinico-transcriptomic features (merged dichotomized clinical and transcriptomic features).
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Table 2. Performance of machine learning and multinomial logistic regression models in classifying
4-category survival of TCGA lung adenocarcinoma patients using transcriptomic, clinical or clinico-

transcriptomic data

Model Accuracy Precision Recall/sensitivity F1
Transcriptomic data
Mlogit 0.592+0.041 0.586+0.067 0.487+0.037 0.508+0.043
Random Forest 0.489+0.005 0.122+0.001 0.250+£0.000 0.164+0.001
MLP 0.573+0.055 0.578+0.075 0.454+0.045 0.473+0.049
Linear SVC 0.577+0.043 0.544+0.056 0.490+0.052 0.502+0.055
Linear SVM 0.588+0.045 0.604+0.088 0.465+0.046 0.487+0.055
RBF SVM 0.581+0.041 0.614+0.096 0.448+0.046 0.470%£0.059
Clinical data
Mlogit 0.433£0.051 0.210+0.065 0.25040.042 0.212+0.046
Random Forest 0.497+0.007 0.273+0.123 0.259+0.009 0.183+0.017
MLP 0.476+£0.011 0.215+0.037 0.263+0.017 0.206+0.023
Linear SVC 0.441+0.033 0.174+0.030 0.241+0.023 0.191+0.022
Linear SVM 0.489+0.005 0.122+0.001 0.250+0.000 0.164+0.001
RBF SVM 0.489+0.005 0.122+0.001 0.250+0.000 0.164+0.001
Clinico-transcriptomic data
Miogit 0.573+0.049 0.582+0.084 0.476+0.046 0.496+0.046
Random Forest 0.489+0.005 0.122+0.001 0.2504£0.000 0.164+0.001
MLP 0.546+0.071 0.599+0.104 0.44310.098 0.445+0.096
Linear SVC 0.583+0.040 0.580+0.070 0.490£0.047 0.508+0.045
Linear SVM 0.583+0.040 0.608+0.094 0.460+0.046 0.475+0.053
RBF SVM 0.489+0.005 0.122+0.001 0.250+0.000 0.164+0.001

Note: Data presented as mean * standard deviation from 5 cross-validation study. TCGA, the cancer genome atlas; Mlogit,
multinomial logistic regression; MLP, multiple layer perceptron; SVC, support vector classifier; SVM, support vector machine;

RBF, Radial basis function.

The major strength of this study is the first-time
classification of the multicategory outcome in
lung adenocarcinoma using ML models. The
past studies have used ML and other models to
classify the causes of death in lung adenocarci-
noma patients, but only for the binary survival-
outcomes [5, 10, 11, 16-21]. The in-depth out-
come-classification will help select the patients
who might need only lower doses of chemo-
therapy or radiotherapy, and increase treat-
ment dosages or use other treatment modali-
ties in the patients who died of cancer. Indeed,
three genes were linked to death with disease
and inversely linked to alive without disease,
while 5 genes were linked to the alive without
disease, and inversely linked to death with dis-
ease. These genes in our view could help clas-
sify cancer-recurrence risks for more effective
prevention of cancer deaths and de-escalation
of treatment intensity.

Moreover, in contrary to the common under-
standing that ML helps multilabel prediction,
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we for the first time showed that ML models
were not all superior to Mlogit model in this
sample set of 515 lung cancer cases and 2631
differential expressed features. This finding is
consistent with some of the previous ML stud-
ies [28, 29], but in contrast with others on can-
cer-outcomes [22, 30, 31]. We believe that the
differences might be attributable to the sample
size of ~500, although we thought that the
large number of features may benefit from ML
algorithms, but it did not. Therefore, we recom-
mend to compare the performances of ML
models with Mlogit or other conventional statis-
tical models. However, the potential overfitting
of Mlogit regression model must also be noted
and carefully evaluated in an external valida-
tion set. On the other hand, linear SVM and
MLP models seemed very useful in classifying
multilabel data in this study, but the RF model
did not perform well likely due to the small sam-
ple size and feature composition.

Furthermore, transcriptomic data alone appear
sufficient for classifying 4-category outcome in

Am J Cancer Res 2020;10(12):4624-4639
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Figure 3. Receiver operator characteristics curves and the areas under the curve of the final models. Largely based on the tuning data, we chose the final models of
multinomial logistic regression (Mlogit), linear support vector machine (SVM), multilayer perceptron (MLP) and random forests (RF) models to classify the 4-category
outcomes. The operator characteristics curves and the areas under the curve were produced using 5-fold cross-validation and the OneVsRestClassifier function. (A-
C, Mlogit model; D-F, linear SYM models; G-I, MLP models; and J-L, RF models). The left column was the data produced using transcriptomic features alone, middle
column using clinical features alone, and the right column using clinico-transcriptomic features (merged dichotomized clinical and transcriptomic features). The
micro-average was the calculated metrics globally by counting the total true positives, false negatives and false positives. The macro-average was the calculated
metrics for each label, and find their unweighted mean. This does not take label imbalance into account.
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Table 3. The genes of top- and bottom-ranked coefficients for their associations with the 4-category
outcomes in the multinomial logistic regression model

Class 1 (1340 positive) Class 2 (1304 positive) Class 3 (135 positive) Class 4 (1298 positive)
ID coefficient ID coefficient ID coefficient ID coefficient

Top 25 genes

NDUFS5 0.461 LOC389613 0.356 FBX015 0.398 TMEMS8C 0.390
P2RY2 0.428 BDKRB2 0.291 THAP10 0.394 GAL3ST3 0.377
PRPF18 0.418 NFATC4 0.290 REP15 0.351 HSPA2 0.374
C190RF57 0.411 LOC100133738* 0.289 SHISA7 0.340 AD2 0.363
OR11H6 0.406 DBNDD2 0.277 OSIL 0.338 D12S53E 0.356
CcCL24 0.406 GCKR 0.256 SQLE 0.337 OTOA 0.346
ZNF813 0.395 LOC654185 0.254 IPMK 0.336 CCDC155 0.344
COX14 0.390 LIPT2 0.253 PCDHGA11 0.311 RAB41 0.334
MYL6 0.389 KBF2 0.249 LRRC66 0.308 PYY2 0.326
FLJ41941 0.367 FOPNL 0.247 TRMT10B 0.306 BMF 0.318
LRRC24 0.364 ASAH3 0.245 LOC92033 0.304 HIST1H3I 0.303
DLG6 0.361 HAR1A 0.241 TGIF1 0.298 LOC728613 0.301
LOC125688 0.360 DNAJA3 0.238 PCDHB8 0.295 MBL1P 0.299
GPR143 0.346 BDKRB1 0.234 FUT4 0.287 HDC 0.293
POU5F1B 0.338 SCML1 0.233 MOV10 0.285 TMED4 0.285
GSTA5 0.334 LINCO0662 0.233 EVL 0.277 ACTRT3 0.282
MIR4697HG 0.328 MRPL15 0.232 TGM4 0.270 FLJ45829 0.276
CD86 0.324 LIMCH1 0.232 HCN2 0.269 HNRNPAO 0.275
ADCK5 0.324 SLC16A13 0.231 TCN1 0.263 KLRAP1 0.273
IBM3 0.322 PPP1R7 0.230 NOX4 0.261 IL13 0.265
LOC286359 0.319 LIMS3-LOC440895 0.230 EPGN 0.260 SPATA33 0.262
FGF20 0.318 CRHBP 0.228 micay 0.258 CLDN20 0.261
SUV420H1 0.317 RRP7A 0.227 FGFBP1 0.258 LMNB2 0.258
FNBP1 0.316 ARSG 0.226 C150rf6 0.249 PLEKHG1 0.256
SNF8 0.315 ACSBG2 0.225 ELP5 0.243 LOC100131869 0.254
Bottom 25 genes
PPP1R2P3 -0.402 SLC1A7 -0.342 AMTN -0.356 SUV420H1 -0.438
RNPEPL1 -0.393 ID4 -0.337 CCBL2 -0.304 CCL24 -0.425
OR52N2 -0.387 PCSK1N -0.309 MYL6 -0.289 SPINK1 -0.379
SLC16A13 -0.380 CRH -0.307 NDUFS5 -0.281 AKR1B11 -0.362
LINCO0518 -0.361 MAPK1IP1L -0.289 MTMRS8 -0.274 FAM222A-AS1 -0.341
IPMK -0.358 LOC284940 -0.286 ACSBG2 -0.272 P2RY2 -0.322
PCK1 -0.338 LOC155254 -0.281 SHISA4 -0.269 HCG18 -0.320
SH2D3A -0.336 ABCC6P1 -0.276 TEX14 -0.267 KAPPA-200 -0.314
GAL3ST3 -0.335 MIA -0.274 LOC102724786 -0.266 ZNF79 -0.306
ATP4B -0.332 HBA2 -0.269 CccDC22 -0.266 MIR4697HG -0.301
MECT1 -0.331 SLC14A2 -0.268 LOC100133738 -0.263 MRE11A -0.300
AD2 -0.327 C170RF51 -0.250 MRPL15 -0.261 DNALI1 -0.300
C10RF105 -0.326 PCDHB8 -0.249 HTSS -0.257 PRPF18 -0.293
TMEM165 -0.324 HOXB9 -0.248 ARRDC3-AS1 -0.250 ARIH2 -0.288
INCA1 -0.323 LRRC24 -0.246 LOC115830 -0.249 LOC100421021  -0.285
RAB41 -0.320 POU5F1B -0.243 CRTAC1 -0.247 HSD17B3 -0.285
REM2 -0.319 RFX1 -0.241 COASY -0.246 S100A1 -0.284
FBX015 -0.318 CLIC5 -0.240 BDKRB2 -0.245 MLLT10 -0.282
SEMA3A -0.317 HNRNPA3P1 -0.234 PLEKHG1 -0.240 CENPV -0.280
PRO1873 -0.316 LMAN1 -0.233 HIST1H4J -0.240 KCTD3 -0.277
CACNG3 -0.316 ANKRD55 -0.233 LOC732239 -0.239 SLC25A14 -0.275
DNAJA3 -0.316 KCNF1 -0.231 0S9 -0.238 TMEM126A -0.275
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CRIP1 -0.316 TENM1 -0.231 CHRNA1 -0.237 AK9 -0.274
CRHBP -0.314 C90RF40 -0.227 LOC641367 -0.236 KIF12 -0.272
NUP62CL -0.312 FAH -0.224 ARSF -0.233 KLRG1 -0.267

Note: Duplicated genes are highlighted by the classes which they were (positively) associated with. Class 1, Alive no progression; class 2, Alive
with disease; class 3, Dead with no known disease; class 4, Dead with disease. A total of 2631 genes were subject to the analyses; #, the new

gene ID is TERC.

this study, and more useful than the clinical
data alone. To our surprise, we were not able to
identify synergistic effects of combining the
clinical and transcriptomic data, and the mod-
els using only clinical data performed poorly. It
is noteworthy that clinical data could be used to
reach a reasonably good prediction accuracy
using large population-based datasets [25, 30]
and others [32-34]. The difference may be
attributable to the availability of more targeted
therapies and better understanding of molecu-
lar aspects of lung adenocarcinoma than pros-
tate cancer [35]. Indeed, the guidelines for
non-small cell carcinoma of the lung, including
lung adenocarcinoma, recently expanded the
already-long list of targeted- and immunothera-
pies [35].

In addition, few of the previous ML studies on
transcriptomic data of lung adenocarcinoma
used cross-validation approach [26], while
some used small-size external validation
cohorts [9-11, 19]. We here used k-fold (k=5 in
our case) cross-validation to increase rigor of
our study. Briefly, in the k-fold cross-validation,
one randomly and evenly splits the samples
into k-portions, and after shuffling conducts k
rounds of modelling using the k-1 portions as
the training set and the last one portion as the
test set. It has been used to effectively mea-
sure the performance and validate findings of
large datasets [22, 25, 36, 37]. The use of
k-fold cross-validation and subsequent evalua-
tion of performance metrics were methodologi-
cally rigorous for the randomized repeats. Thus,
this approach as used in this study is particu-
larly useful when external validation set is
unavailable or not feasible.

Finally, we identified several genes and biologi-
cal processes that were associated with or use-
ful for classifying the 4-category outcomes
of lung adenocarcinoma. For example, P2RY2
is a gene important for lung fibrosis [38], and
regulating the proliferation of lung carcinoma
cells [39], but its roles in lung cancer develop-
ment or progression are otherwise unknown.
Additional studies on these cross-linked genes

4635

are needed, and might reveal novel targets
of lung adenocarcinoma therapy. Another
example is the genes that are linked to some
clinical, socioeconomic and behavioral charac-
teristics in the UK Biobank GWAS study such as
smoking, and self-reported eye/eyelid problem,
which have been shown important for all-cause
mortality or other deaths [40, 41].

This study has several limitations. First, we
could not validate our findings in another large-
size transcriptomic data set with the 4-catego-
ry outcome, which to our knowledge is yet avail-
able. Our internal 5-fold cross-validation
approach may in part address this limitation.
The cross-link to the large sample size study
such as UK Biobank also confirmed some of
our findings. Nonetheless, additional validation
studies are needed. Second, the sample size of
500 is large for transcriptomic studies, but
might be too small for optimal performance of
some ML models. We would like to confirm our
findings using another large transcriptomic
dataset with the 4-category outcome. However,
large size clinico-transcriptomic studies of mul-
ticategory outcomes are expensive to carry out
and largely unavailable. Thus, additional tran-
scriptomic studies are recommended to have a
large sample-size and detailed clinical-out-
comes such as specific causes of death. Finally,
treatment data were included in the TCGA but
might be limited or misinterpreted by the data
collectors. Despite our slight concern in this
regard, the TCGA data have been widely used
for external validation, primary study or in silico
(secondary) analysis [40, 42-45]. Nonetheless,
caution should be used when applying our find-
ings to patient care.

In summary, we here show that transcriptomic
features alone could be used to accurately
classify 4-category survival-outcome in the
patients with lung adenocarcinoma using
Mlogit regression or ML models such as linear
SVM and MLP. These findings may help better
classify these patients for choosing the right
treatment options. Our findings also reveal sev-
eral genes and pathways that are important for

Am J Cancer Res 2020;10(12):4624-4639
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Figure 4. Gene set enrichment analyses on the top ranked genes based on the coefficient of the multinomial logistic
regression model. We conducted the gene-set enrichment analyses for the top-ranked genes based on their as-
sociations with respective outcome/groups (coefficient as the metric), using the web-based Enrichr algorithm and
p-value based ranking. The length of the bar indicates the degree of the gene-enrichment. The top two rows show
the results of pathway analyses using Kyoto Encyclopedia of Genes and Genomes (KEGG) and BioPlanet (2019) al-
gorithms, the third row shows the result of disease-related analysis using algorithm of the UK Biobank genome-wide
association study (GWAS) v1, and the bottom 3 rows show the result of analyses using the gene ontologies (GO)
algorithms. The far-left column was the alive with no progression group, middle-left column the alive with disease,
the middle-right column the dead with no known disease, and the far-right column the dead with disease group,
respectively. The lighter shade indicates P<0.01 for gene-enrichment, darker shade indicates P<0.05, and gray
shade indicates P>0.05.
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Supplementary Figure 1. The genes enriched in the specific terms of pathways and disease, and gene ontologies, respectively. The enriched terms are the columns,
input genes are the rows, and cells in each matrix indicate whether the gene was associated with a term. The length of the shade at the top of each column indicates
the degree of gene-enrichment in that term.



