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Purpose: In 2022, there were approximately two million new cases of lung cancer diagnosed in the
U.S. In comparison to those of GLOBOCAN a decade ago, it can be considered an impressive step forward
in lung cancer treatment with the increasing trend of survival. Nevertheless, that is not the case
in low and middle—income countries, where lung cancer remains challenging as the mortality rate
is approximately ninety percent of the incidence rate. There are some researches revealing the
correlation between lung cancer and other factors such as sex, frailty, and brain metastasis. Despite
that fact, there is no finding to stratify the in—hospital mortality risk of new lung cancer patients
at current hospital admissions for diagnoses, only based on minimum epidemiological components.
Subsequently, this individualized approach can assist healthcare providers to quantitatively
strategize not only disease treatment but also end-of-life care in the first place, especially in
countries with less accessible healthcare services

Methods: 522,941 lung cancer cases with available data on the Surveillance, Epidemiology, and End
Results (SEER) were analyzed for the predicted probability based on six fundamental variables
including age, gender, tumor size, T, N, and AJCC stages. The patients were randomly assigned to
the training (n = 115, 145) and validation datasets (n = 13,017). The remaining cohort with missing
values (n = 394,779) was then combined with the primary lung tumor datasets (n = 1018) from The
Cancer Genome Atlas, Lung Adenocarcinoma and Lung Squamous Cell Carcinoma projects (TCGA-LUAD &
TCGA-LUSC) for external validation and sensitivity analysis. Descriptive statistics of continuous
and categorical variables were median (range) and the number of cases (percentage). We used Wilcoxon
and chi—square tests to compare the difference in continuous and categorical features, respectively.
The HI-VAE model was trained, using the original pipeline published by Nazabal et al. Other analyses

were performed, using R software version 4.2.2 (The R Foundation, Vienna, Austria)



Results: Receiver Operating Characteristic (ROC) analyses showed high discriminatory power in the
training and internal validation cohorts (Area under the curve [AUC] of 0.78 (95%CI = 0.78-0.79)
and 0. 78 (95%CI = 0.77-0.79), respectively), whereas that of the model on external validation data
was 0. 759 (95%CI = 0.757-0.761). We developed a static nomogram, a web app, and a risk table based
on a logistic regression model using algorithm—selected variables. In particular, the nomogram
visualizes the predictive power of each predictor compared to each other. Each 10 years of age
increases the total risk by 2.5 points while each 5 cm of tumor size gives the total score 3 points.
Categorical variables including gender (Male—1 point), AJCC stage (stage I1I-2.5 points; stage
111-4.5 points; and stage IV-10.5 points), T stage (T2-0.7 points; T3—1.2 points; T4-2.5 points),
and N stage (N2-3—-1 point). We translated the risk calculation of the static nomogram into the risk
table. These 2 tools have similar scoring system. On the other hand, dynamic nomogram is associated
with the shiny web tool that is linked to the author’s account (https:// lkhangkv1995. Shinyapps.
io/LungCancer_In-hospitalMortality—nomogram). This application can yield the predicted probability
of in—hospital mortality of the patient of interest as well as its 95%CI. However, it is noteworthy
that the model may not yield an accurate prediction when the predicted probability is more than
50%, which can be observed in the calibration plots

Discussion: From the statistical standpoint, our study shows the predictive value of the training
model as the probability varies from 0 to 50% of in—hospital mortality since the initial diagnosis
time—point. From the clinical standpoint, there are biases and confounding factors in the current
study. First, in terms of diagnosis, the protocol for the differentiation of primary lung cancer
from solitary lung metastasis, especially with unknown primary tumors, is challenging since the
lung is considered a frequent metastatic location. Therefore, the model should be applied after
the primary lung location is confirmed by careful examination. Second, the policymaking of lung
cancer management varies from place to place. Because the model was built based on the SEER database,
TCGA-LUAD, and TCGA-LUSC, it partly reflects the outcome of lung cancer management in developed
countries. Furthermore, in spite of cutting—edge interventions related to immune—, chemo—, radiotherapy,
etc., lung cancer is still the leading cause of mortality. Our model with its robustness could be
useful for clinicians to adjust an individualized strategy depending on the real—time risk evaluation
at every certain follow—up examination. This helps to improve the survival rate in the landscape
of lung cancer. Regarding applications, we designed three platforms to put the model into practice
for quantitative groundwork. The cut—off of 26 points for patient differentiation has not only
robustness in terms of statistics but also clinical practicality that aids physicians in
patient—centered planning. For instance, with respect to the function of rapid response teams (RRT)
in the inter—association efforts for survival improvement. Our model is advantageous to leverage
their role by focusing on high-risk groups in terms of end-of-life care enhancement. Consequently,
in order to regulate possible delays, healthcare institutes can efficiently implement a system that
pays attention to those vulnerable patients so that RRT can have timely activation.
Conclusions: Our model can stratify lung cancer patients into high— and low-risk of in—hospital
mortality to assist clinical further planning. Three well-developed interfaces are friendly to both

physicians and patients for prognosis—related conversations



mOCEERROEE
1. “PCEpSiige T —~ O e E %
N A BEDOTHICE L TR BRSNS TWAR, IRERE SRS LD,
KL TlE, N ABEDOBRENIE LT REZ FHIT 57-010, B FEE—2E57 /1 (523,959 SEf]) %
®HR L LT H_R— 2D 21T o 7=,

2. ARSI KOO R, BIREEA, BeRAL B LR

<EE>

BENSET T R ENDHRM N ARBE xR & L TAREZ1T -T2,

<HE>

522,941 DFFEMEM N ABE 2T — 2 X—An bR L7,

6 oD EF (FEfn, PERI, EEOKE &, TN stage, AJCC stage) il L. HfgEE X—2 0
ETNAVEER L, ZHUICESOTTHEIT- T2,

<HEE>

ROC(Receiver, Operating Characteristic) 774112 & > T, WHJERIZEESW 2T —#
Cohorts CII A EEZ RO, NHEIKT — & TIIABZEITE)N -T2,

FEELIT, 7T XL E W zlogistic regressioniZ k-3 & . nomogram & /ERL L. BENSE
CTROTHINAETHLHZ L 2R Z KT,

<k >

EHESOER LIZET VL, BN AOBENIELIZE LT, high risk&low riskZz FHIFTRETH Y |
ZHICEY, BRICBIT DR T 7 VIERICEE CHERRERE 52580 512615,

3. EBRBIOT—¥ DM
ARWFFEIZ BT, RO T A O HRNT O F 1572 ENAMICTEH SN TBY . 2 b 0%t
T—HX OEFEMNEIT S THh D Ll L,

4. AL DU R E
AEHEH SN 7zimsT. A bR G AGR S E LT BN E | des T Lok Lz,



