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Abstract

Background: Lung cancer isthe leading cause of cancer death worldwide. Early detection of individuals at risk of lung cancer
iscritical to reduce the mortality rate.

Objective: The aim of this study was to develop and validate a prospective risk prediction model to identify patients at risk of
new incident lung cancer within the next 1 year in the general population.

Methods: Data from individual patient electronic health records (EHRS) were extracted from the Maine Health Information
Exchange network. The study population consisted of patientswith at least one EHR between April 1, 2016, and March 31, 2018,
who had no history of lung cancer. A retrospective cohort (N=873,598) and a prospective cohort (N=836,659) were formed for
model construction and validation. An Extreme Gradient Boosting (XGBoost) algorithm was adopted to build the model. It
assigned a score to each individual to quantify the probability of a new incident lung cancer diagnosis from October 1, 2016, to
September 31, 2017. The model was trained with the clinical profile in the retrospective cohort from the preceding 6 months and
validated with the prospective cohort to predict the risk of incident lung cancer from April 1, 2017, to March 31, 2018.

Results: Themodel had an area under the curve (AUC) of 0.881 (95% CI 0.873-0.889) in the prospective cohort. Two thresholds
of 0.0045 and 0.01 were applied to the predictive scores to stratify the population into low-, medium-, and high-risk categories.
The incidence of lung cancer in the high-risk category (579/53,922, 1.07%) was 7.7 times higher than that in the overall cohort
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(1167/836,659, 0.14%). Age, a history of pulmonary diseases and other chronic diseases, medications for mental disorders, and
social disparities were found to be associated with new incident lung cancer.

Conclusions: We retrospectively developed and prospectively validated an accurate risk prediction model of new incident lung
cancer occurring in the next 1 year. Through statistical learning from the statewide EHR data in the preceding 6 months, our
model was ableto identify statewide high-risk patients, which will benefit the population health through establishment of preventive

interventions or more intensive surveillance.

(J Med Internet Res 2019;21(5):€13260) doi: 10.2196/13260
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Introduction

Background

Lung cancer is the most common cancer and leading cause of
cancer death worldwide[1,2]. In 2018, the number of new cases
of lung and bronchus cancer was estimated to be 234,030 (13.5%
of al new cancer cases); an estimated 154,050 people will die
of thisdisease (25.3% of all cancer-related deaths) in the United
Statesalone[3]. Statisticson survival in peoplewith lung cancer
vary depending on the stage of the cancer when it is diagnosed.
Early captures at stage | have a 56.3% 5-year survival rate,
which decreasesto 4.7% by stage 11 in the United States, based
on data from the Surveillance, Epidemiology, and End Results
Program 18, 2008-2014 [3]. Most people with lung cancer are
diagnosed at a late stage when curative treatment is less
effective. Therefore, early detection and timely disease
intervention play an important role in reducing the mortality
rate of lung cancer.

Annual low-dose computed tomography (LDCT) screening is
a viable screening tool for early lung cancer detection. The
US-based National Lung Screening Trial demonstrated that
LDCT screening reduced lung cancer mortality by 20% relative
to conventional chest x-ray screening [4]. However, the
screening criteria for LDCT are only age (55-74 years) and
smoking history (>30 pack-years, <15 years quit time) [5].
Therefore, alot of patients take unnecessary tests, which is a
serious misuse of social resources; at the same time, many
people who seem healthy have been missed [6]. However, so
far, thereisno tool aimed at the whole population. An effective
risk prediction model iscritically needed for theinitial screening
of high-risk patients at the population level, which would hold
promise for seeking out those high-risk individuals for further
LDCT examination, ensuring that resources are focused on those
who are most likely to benefit from them.

Accurate lung cancer risk prediction models would facilitate
early diagnoses, decrease mortality rates, and reduce overall
costs, ultimately benefiting patients, clinicians, and health care
providers.

Possible Limitations of Existing Lung Cancer Risk
Prediction M odels

Many lung cancer risk prediction models have been proposed
[7-21]; however, the clinical needs have not been sufficiently
addressed [22]. Most of the recent lung cancer risk prediction
models were developed (1) with a small number of risk

http://www.jmir.org/2019/5/€13260/

predictors (N<15) [7,9-21], (2) with a small sample size and
using data from only a single medical facility [12,17,21], and
(3) with afocus on a particular subgroup of the population (eg,
age>45 or smokers) [7,9-14,16,18-20] and the lack of
generalizability across the heterogenous population [7-20].
Furthermore, most prior studies used smoking status (eg,
smoking duration, smoking intensity, and years since cessation)
as arisk factor and predictor [10,12,15,17,20,21], which may
not be readily available in many of the medical data sources.

The use of eectronic health records (EHRs) has increased
dramatically in recent years. Thelarge sizeand high-dimensional
clinical patient information captured in EHRs may be more
reflective of the characteristics of the general population than
those of cohort studies based on atargeted subgroup of limited
profiles. EHRs provide a unique opportunity to understand the
health care status at the population level [23]. EHR-based
models were devel oped for diseases including but not limited
to type 2 diabetes, chronic kidney disease, and hypertension
[23-32]; however, no model was reported to predict new incident
lung cancer based on statewide EHR datain the United States.
Aim

Our study aimed to prospectively estimate the future 1-year risk
of new incident lung cancer in a US state population. The
predictive model usesthe preceding 6 months EHR information
including current health conditions, diagnosed diseases,
symptoms, laboratory tests, medication history, clinical
utilization measures, and social determinants. The model outputs
arisk scorethat describes the probability of adiagnosis of new
incident lung cancer in the next 1 year. The risk scores stratify
patientsinto low-, medium-, and high-risk categories, by which
limited health care resources can betargeted to high-risk groups
to allow proactive intervention, which can ultimately allow
early detection of cancer and reduction of regional/statewide
lung cancer mortality rates.

Methods

A workflow to develop the new incident lung cancer risk
prediction model is provided in Figure 1. This study includes
five steps from cohort construction to prospective validation.

Ethics Statement

Protected personal health information was removed before the
process of analysisand publication. Becausethis study analyzed
deidentified data, it was exempted from ethics review by the
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Stanford University Institutional Review Board (March 20,

Wang et al

2017).

Figurel. A workflow to develop the new incident lung cancer risk prediction model. EHR: electronic health record; HIE: health information exchange;

PPV: positive predictive value. XGBoost: Extreme Gradient Boosting.
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Population and Data Sour ces

The EHRs of Maine Headth Information Exchange (HIE;
HealthinfoNet) dataset cover records of nearly 95% of the
population of the state of Maine [33]. The study included
patientswho visited any carefacility, 35 hospitals, 34 federally
qualified health centers, and more than 400 ambul atory practices
in the Maine state, from April 1, 2016, to March 31, 2018.

Lung Cancer Definition

Lung cancer in this study was defined using International
Classification of Diseases, 10th Revision, Clinical Modification
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(ICD-10-CM) diagnosis codes. The diagnosis codes included
category C34 (malignant neoplasm of bronchus and lung), C39
(malignant neoplasm of other and ill-defined sites in the
respiratory system and intrathoracic organs), and C46.5 (Kaposi
sarcoma of the lung).

Cohort Construction

This study contains a retrospective cohort and a prospective
cohort (Figure 1). The retrospective cohort contained 873,598
patientswith EHRsfrom April 1, 2016, to September 31, 2016,
and 1091 of them developed lung cancer in the next year (from
October 1, 2016, to September 31, 2017). Patientswere excluded
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from the retrospective cohort if there was any record of alung
cancer diagnosis before October 1, 2016. The prospective cohort
included 836,659 patients from October 1, 2016, to March 31,
2017, and 1167 of them were diagnosed with lung cancer inthe
next year (from April 1, 2017, to March 31, 2018). Patientswith
a history of lung cancer before April 1, 2017, were excluded
from the prospective cohort.

Feature Selection

The clinica parameters extracted from EHRs included
demographic information, disease diagnoses (primary and
secondary), symptoms and procedures (coded using
ICD-10-CM), laboratory test results (coded by Logica
Observation Identifier Names and Codes and labeled as
abnormal or normal according to thresholds provided by each
facility participating in the HIE network), clinical utility records,
and outpatient medication prescriptions (coded according to the
National Drug Code and referred to the number of prescriptions
for a particular medicine during the past 6 months). We also
extracted a number of accessible social determinants from the
US census website [34] using zip code or county name in the
Advanced Search of American FactFinder (Multimedia
Appendix 1). These social determinants were mapped to the
EHR database through a patient’s zip code. In addition, features
associated with lung cancer identified by previous studieswere
also extracted as risk factors. Those risk factors included
demographics (ie, age and gender), smoking, pulmonary diseases
(ie, chronic obstructive pulmonary disease [COPD], chronic
bronchitis, emphysema, and pneumonia), symptoms (ie,
hemoptysis, cough, and chest pain), and abnormal laboratory
test results (ie, C-reactive protein and fibrinogen). Overdl, there
were 33,788 features in our original data pool.

Given that high-dimensional EHR data are sparse and subject
to noisy and missing data, a feature selection process was
adopted before model construction. The process had included
univariate analysis and XGBoost selection. For EHR clinical
parameters, a univariate correlation filtering analysis was
adopted to remove features that are not significantly related to
lung cancer (P>.05). Specifically, the Cochran-Mantel-Haenszel
test [35], capable of testing the association between a binary
predictor and a binary outcome while taking into account the
stratification, was applied to investigate the associ ation between
the binary features and the targeted outcome under age-group
strata. The Cochran-Armitage trend test [ 35,36], also called the
Chi-sguaretest for trend, was used in the analysis of categorical
datato assessthe strength of the association between an ordinal
variable with k categories. Univariate logistic regression [37]
was used to assessfeaturesthat are continuous variables. Social
determinants, literature risk factors, and features identified by
our univariate analysis were combined (N=346) for the
downstream XGBoost analytics. XGBoost adopted the
approximate greedy algorithm to split trees by sorting and
picking features on each node to optimize purity at each splitting
level. The algorithm can output estimates of featureimportance
after going through the training process [38].

Model Construction

Samples in the retrospective cohort (873,598 patients) were
randomly split into 2 subsetsfor training (582,398 patients) and
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calibration (291,200 patients) purposes. Themodel construction,
using the retrospective dataset, was accomplished in two phases:
(2) thetraining subset was used to devel op theinitial model and
generate predictive estimates and (2) the calibration subset was
used to convert predictive estimates to risk scores for each
patient.

Training

XGBoost [38], agradient tree boosting algorithm, was applied
to develop a prediction model. X GBoost algorithm is designed
to discover doatistical patterns in high-dimensional and
multivariate datasets and is able to handle nonlinear correlations
and random errorsboth ininput features and the output variable
[39]. We used hinary classification with logistic objective
function for the predictive estimate. The output predictionswere
probability confidence scores in (0,1), corresponding to the
probability of receiving anew diagnosis of incident lung cancer
within the next 1 year. The objective was implemented in the
“xgboost” package for the R language provided by the creators
of the algorithm. The output of the algorithm can be written as

9 =0(x) = Xi=a fu(x), fL EF.

where F represents the space of a set of classification trees and
K is the maximum number of trees (K=500 in this study). Each
f\ corresponds to an independent tree, and the maximum depth
of each tree was set to 5 in this study. The final prediction was
calculated by summing up the scores of all theindividual trees.
To avoid overfitting, the model at the t-th iteration was trained
to minimize the following item,

LO =31, (.}’i: 9.7 + ft(xi)) +0(f)
where
Q) =yT + Allwll?

wasthe prediction of thei-thinstance at the t-1-th iteration, and
| isadifferentiable convex loss function. The term Q indicates
the penalty of the model complexity and is defined as

5 (t—1)

Vi
where y and are parameters controlling penalty for the number
of leaves T and magnitude of |eaf weights w, respectively. The
penalty parameter is selected by cross-validation from the values

ranging from A=10€? to A=10e", essentially covering the full
range of scenarios from the null model containing no penalty
to the least squaresfit.

An approximate a gorithm was used to split the finding. It first
proposes candidate splitting points according to percentiles of
feature distribution, following which splitting points were
chosen to optimize purity at the next level.

Calibration

A cdlibration process was launched to map the predictive
estimates of X GBoost to ameasure of positive predictive values
(PPVs) [40Q] in the retrospective cohort. It provided auniversal,
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standardized risk measure. A PPV of acorresponding predictive

estimate ¥ was defined as the proportion of new incident lung
cancer events in the cohort with predictive estimates the same

as or larger than ¥ . Thus, PPV's could be interpreted as risk
scores. Following that, we further ranked individuals by their
risk scores from low to high, and two risk thresholds were
applied to subgroup al patientsinto low-risk, medium-risk, and
high-risk groups.

The scores after calibration were converted to relative risks.
The relative risk of each individual was calculated by dividing
the score of the individual by the mean score of all patientsin
the cohort. Therelative risk measured the ratio of the probability
of having lung cancer to the population baseline. The higher
the relative risk, the higher was the probability of receiving a
diagnosis of lung cancer in the next year.

Prospective Validation

The model was tested with the prospective cohort (836,659
patients). Performance of the model was investigated within
each risk category in terms of PPV, sensitivity, and specificity.
The receiver operating characteristic (ROC) curve and the area
under the curve (AUC) were also calculated. Relativerisk of a
subgroup (the ratio of the mean score of the patients in the
subgroup to the population mean) was used to measure the
increase or decrease in the chance of obtaining anew diagnosis
of lung cancer in the next year for patients in the subgroup,
compared to the population baseline.

Age- and gender-adjusted odds ratios (ORs) between casesand
controls were calculated for top features using logistic
regression. Clinical patterns stratified by risk categories were
explored and compared. Multivariable Cox regression was used
for subpopul ation comparison. Spearman rank correlationswere
performed to assess the correl ation between social determinants
and the next 1-year risk of lung cancer.

Results

Baseline Characteristics

Baseline demographic and clinical features of the retrospective
and prospective cohorts are summarized in Table 1. Most

http://www.jmir.org/2019/5/€13260/

Wang et al

characteristics were similarly distributed between these two
cohorts.

M odel Performance

By applying the XGBoost agorithm on the EHR-based data,
the prediction model reached an AUC of 0.881 (95% CI
0.873-0.889) in the prospective cohort (Figure 2). The model
aso had effective discriminatory power within patient
subgroups:. (1) the smoking subgroup (14,248/836,659, 1.7%)
with an AUC of 0.865 (95% CI 0.823-0.907), (2) subgroup of
age=65 years (220,702/836,659, 26.4%) with an AUC of 0.755
(95% CI 0.738-0.772), and (3) subgroup of age<45 years
(366,752/836,659, 43.8%) with an AUC of 0.880 (95% CI
0.776-0.984; Figure 2). Predictive scores of cases and controls
in the prospective cohort were analyzed using the Wilcoxon
test [41] (P<.001), supporting the statistical importance of our
results.

To explore the effectiveness and advantages of our model, we
compared the predictive performance of our XGBoost algorithm
with afew state-of-the-art existing predictive algorithmsin the
prospective cohort. Algorithms included RandomForest [42],
Boosting [43], Support Vector Machine [44], Lasso [45], and
k-nearest neighbors (KNN) [46]. Multimedia Appendix 2
compared the ROC AUCs with the 95% Cls of our model and
other existing predictive algorithmsto predict the future risk of
new incident lung cancer in the next 1 year. Algorithm
performances (ROC AUC) were compared and the differences
were quantified using the deLong method [47]. For all
comparisons, our model outperformed other models, with
significantly superior predictive performance (P<.001). Wealso
compared our model’s predictive performance to other feature
selection methods including information gain and Gini index
methods. The results were shown in Multimedia Appendix 3.
Our comparative results showed that the model predictive
performance based on our feature selection method
outperformed the performance based on the other methods in
terms of the ROC AUC (P<.001; P values calculated by the
del.ong method to compare the AUCs).
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Table 1. Baseline characteristics of the retrospective cohort (N=873,598) and prospective cohort (N=836,659).

Wang et al

Characteristic Retrospective cohort, n (%) Prospective cohort, n (%)
Age (years)
<45 385,000 (44.1) 366,752 (43.8)
45-54 116,655 (13.4) 109,986 (13.1)
55-64 143,960 (16.5) 139,219 (16.6)
265 227,974 (26.1) 220,702 (26.4)
Gender
Male 386,251 (44.2) 360,022 (44.1)
Female 487,347 (55.8) 467,637 (55.9)
Smoking? 16,611 (1.9) 14,248 (1.7)
Other cancer history 59,239 (6.8) 72,039 (8.6)
Pulmonary disease
CoPD® 32,180 (3.7) 36,221 (4.3)
Pneumonia 9,896 (1.1) 12,179 (1.5)
Other respiratory disorders® 5131 (0.6) 5738 (0.7)
Other chronic disease
Diabetes 73,854 (8.5) 70,005 (8.4)
cvDd 166,088 (19) 161,685 (19.3)
CKDE 18,458 (2.1) 18,912 (2.3)
Symptom
Cough 26,574 (3) 36,810 (4.4)
Chest pain 32,101 (3.7) 35,057 (4.2)
Hemoptysis 770(0.2) 981 (0.1)
Dyspnea 4071 (0.5) 3755 (0.5)
Pleural effusion 2024 (0.2) 2356 (0.3)
Abnormal weight loss 6136 (0.7) 5801 (0.7)
Abnormal laboratory test
C-reactive protein test 11,613 (1.3) 8,517 (1)
L eukocytes count 90,131 (10.3) 71,694 (8.6)
Platelets 69,334 (7.9) 51,477 (6.2)
Glomerular filtration rate 21,446 (2.5) 18,695 (2.2)
Glucose in serum or plasma 137,575 (15.8) 103,671 (12.4)

3Smoking was defined with a diagnosis code of Z72_2 from the International Classification of Diseases, 10th Revision, Clinical Modification.

PCOPD: chronic obstructive pulmonary disease (including chronic bronchitis and emphysema).

COther respiratory disorderswere defined with adiagnosis code of J98 from the from the International Classification of Diseases, 10th Revision, Clinical

Modification.

devD: cardiovascular disease (including hypertension, coronary artery disease, peripheral vascular disease, arrhythmia, and abdominal aortic aneurysm).

€CKD: chronic kidney disease.
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Figure 2. The receiver operating characteristic curves derived from the prospective cohort, smoking subgroup, age=65 years subgroup, and age<45
years subgroup. The 95% CI of each receiver operating characteristic curve is indicated by the blue shaded area and the AUC (with 95% CI) of each
subgroup is listed under each receiver operating characteristic curve. AUC: area under the curve.
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The relationship between the PPV's and predictive scores with
the prospective cohort is shown in Figure 3 a. Vertical dashed
linesindicate two thresholds of 0.0045 and 0.01 of the predictive
scores to group al patients into three risk categories (low,
medium, and high). Horizontal dashed lines indicate the
incidence of lung cancer in the overall cohort (0.14%, black),
low-risk category (0.04%, green), medium-risk category (0.3%,
orange), and high-risk category (1.07%, red). The 95% CI of
the PPV curve is indicated by the gray shaded area. The box
plots at the bottom show the distributions of predictive scores.
The performance of our model within each risk category in
terms of PPV, sensitivity, specificity, and mean relativerisk is
shown in Multimedia Appendix 4. Among the 1167 patientsin
the prospective cohort with confirmed lung cancer in the next
1 year, about half (579/1167, 49.61%) were correctly classified

http://www.jmir.org/2019/5/€13260/

XSL-FO

RenderX

Smoking Subgroup
2 |
@ |
=
==
=l
E AUC: 0.865 (0.823-0.907)
U -
w5
e
="
= _|
I I T T T |
0.0 0.2 04 0.6 0.8 1.0
1-Specificity
Age<4h years Subgroup
= |
g -
=
=
T AUC: 0.880 (0.776-0.984)
g =
[ =
™ |
=
; ]
| I T | ] |
0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

into the high-risk category (with ascore=0.01), and only 22.45%
(262/1167) of them were classified into the low-risk category
(with a score<0.0045). The relative risk showed a monotonic
increase from the low-risk category (0.28) to the high-risk
category (7.7). We also cal cul ated the sensitivity and specificity
of our model based on the best cut-off threshold for predictive
scores, which was defined as the point at which the Youden
index (sensitivity+specificity-1) [48] is maximum. After
considering the Youden index, the best cut-off point was 0.0029,
and the corresponding sensitivity and specificity of our model
were 0.8363 and 0.7681, respectively.

A survival analysis using univariable cox regression was
performed on each risk category to further evaluate the model
performance. Three distinct survival curves stratified patients
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intermsof lung cancer hazard (P<.001), yielding ahazard ratio
(HR) as high as 27.74 (95% CI 23.97-32.09) for the high-risk
category relativeto the low-risk group (Figure 3b). In addition,
our model identified 41.82% (289/691) of high-risk patients 6
months or more prior to assignment of alung cancer diagnosis
code. A total of 68.02% (470/691) of lung cancer cases were
identified ashigh risk at least 3 months before the confirmatory
diagnosis was made by physicians.

From the original 33,788 features, 346 features survived from
the first step of feature selection process (filtered by univariate
analysis) and 118 featureswereidentified by X GBoost algorithm
as final predictors of the model (filtered by nonzero weight in
algorithm). They consisted of two demographic features, 11
social determinations, 19 diagnostic diseases, 9 clinica
symptoms, 28 |aboratory tests, 37 medication prescriptions, and
12 clinical utilization measures. The top 60 features with their
age-gender adjusted ORs or coefficientsarelisted in Multimedia

Wang et al

Appendix 5. COPD, pneumonia, and other respiratory disorders
were recognized as the pulmonary diseases most associated
with lung cancer, with ORs of 4.978, 2.790, and 5.484,
respectively. Other cancer history, cardiovascular diseases
(CVDs), diabetes, and CKD were considered to be chronic
diseases most associated with lung cancer, with ORs of 1.899,
1.329, 1.374, and 1.270, respectively. Smoking also had astrong
association with lung cancer (OR=4.084). Hemoptysis, pleural
effusion, cough, and abnormal weight loss were recognized as
symptoms most associated with lung cancer, with ORs of 5.080,
4.130, 2.108, and 2.010, respectively. For abnormal laboratory
test results, inflammation marker C-reactive protein was most
associated with lung cancer (OR=1.771). Medications for
treatment of chronic diseases and mental disorders, clinical
utilization, and social determinants were also detected by the
model as powerful predictors of incident lung cancer within the
next year.

Figure3. (a) Stratification of patientsin the prospective cohort. Positive predictive val ue was plotted as afunction of the predictive score. Two thresholds
of 0.0045 and 0.01 were applied to stratify the population into low-, medium- and high-risk categories. (b) Survival curves of the three risk categories.
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Clinical Patterns Stratified by Risk Categories

Distribution patterns of impactful risk predictorswere explored
and compared among different risk categories: low risk (score
0-0.0045; 673,075 patients), medium risk (score 0.0045-0.01;
109,662 patients), and high risk (score 0.01-1; 53,922).

Age

In our study, age was aggregated into four distinct age groups
(<45, 45-54, 55-64, and =65 years). A significant difference
was found in the age distribution between the low- and the
high-risk categories (Multimedia Appendix 7). In the low-risk
category, younger individuals (<45) accounted for 54.16%
(364,545/673,075), whereas older individuals (=65 years)
accounted for only 13.64% (91,815/673,075). In the high-risk
category, the group aged =65 years congtituted the largest subset
(83.32%, 44,927/53,922), whereas the group aged <45 years
congtituted only 0.79% (426/53,922; Multimedia Appendix 6).

Diagnosed Diseases

History of pulmonary diseases and other chronic diseases also
differed between low- and high-risk patients. 50.48%
(27,219/53,922), 24.29% (13,100/53,922), and 21.62%
(11,659/53,922) of the high-risk patients had CVDs, diabetes,
and COPD, respectively, while 12.30% (82,757/673,075), 5.04%
(33,927/673,075), and 1.98% (13,322/673,075) of the low-risk
patients had these diseases, respectively (Multimedia Appendix
6).

The time-to-diagnosis curves were created using univariable
Cox regression to explore lung cancer diagnoses in the high-
and low-risk categories in different disease subgroups (ie,
COPD, pneumonia, other respiratory disorders, CVDs, diabetes,
and CKD), smoking subgroups, and other cancer history
subgroups (Figure 4). Inthe high-risk category, 1.61% (47/2677)
of patients with a smoking history and 1.28% (185/14477) of
patients with other cancer history received diagnoses of lung
cancer in the next 1 year. In addition, 1.68% (46/2734), 2%
(235/11,659), and 3.3% (45/1363) of patients with pneumonia,
COPD, other respiratory disorders, respectively, received

Wang et al

diagnoses of lung cancer in the next 1 year. This probability
remained around 1% for patients with CVDs, diabetes, and
CKD. These results implied that patients with pulmonary
diseases (ie, COPD, pneumonia, or other respiratory disorders)
have higher risksfor devel oping lung cancer than patients with
other chronic diseases (ie., CVDs, diabetes, and CKD). In the
low-risk category, more than 99.6% of the patients were free
from development of lung cancer in the next 1 year, and the
survival curve dropped faster for patients with pulmonary
diseases than for those with other chronic diseases.

We also investigated the time-to-diagnosis curves for patients
who only had pulmonary diseases and patients who had
pulmonary diseases together with at least one other chronic
disease (including diabetes, CVDs, CKD, and other cancer
history). Results showed that a history of pulmonary disease
together with other chronic diseases increased the risk of
incident lung cancer (HR=1.7; Multimedia Appendix 8). In
addition, 22.05% (11,890/53,922) of the high-risk patients had
pulmonary diseases together with other chronic diseases, while
5.76% (3082/53,922) of the patients had pulmonary diseases
only. In the low-risk category, these values were 1.45%
(9732/673,075) and 1.95% (13,100/673,075), respectively.

Symptoms and Abnormal Laboratory Test Results

Themodel recognized 6 symptoms and 10 abnormal |aboratory
test results as powerful predictors of the 1-year lung cancer risk
(Multimedia Appendix 5). Most were acute symptoms related
totherespiratory system, and most of the laboratory test results
were markers associated with inflammation and chronic
diseases. The percentage of patients with these symptoms and
abnormal laboratory test results gradually increased from the
low- to high-risk category (Multimedia Appendix 6).
Furthermore, 23.73% (12,798/53,922) and 39.62%
(21,364/53,922) of peoplein the high-risk category had at |east
one symptom or one abnormal |aboratory test result compared
with 9.12% (61,368/673,075) and 11.67% (78,564/673,075) in
the low-risk category, respectively.

Figure 4. Time-to-diagnosis curves of the disease subgroup, smoking subgroup, and other cancer history subgroup for the low-risk (a) and high-risk
(b) categories of the prospective cohort. Disease subgroups comprised patients who received diagnoses of COPD, pneumonia, other respiratory disorders,
diabetes, CVDs, or CKD. CKD: chronic kidney disease; COPD: chronic obstructive pulmonary disease; CVD: cardiovascular disease.
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Mental Disorders

The model identified 15 medications prescribed for mental
disorders (eg, depression and anxiety disorders) as impactful
features (Multimedia Appendix 5). Mental diseaseinformation
was unavailablein HIE dueto privacy concerns. Our study used
mental disorder-related medications to explore the association
between mental disorders and lung cancer risk. People with a
history of mental disorder-related medicationswere significantly
enriched in the high-risk group (Multimedia Appendix 6), with
atotal of 22.97% (12,388/53,922) in the high-risk category and
7.36% (49,537/673,073) in the low-risk category.

Survival analysis was performed according to mental health
status (mental disorder or no mental disorder) in the subgroup
that comprised peoplewith at least one chronic disease diagnosis
and the subgroup of patientswith no history of chronic diseases
(Multimedia Appendix 9). Presence of a mental disorder was
associated with an increased risk of lung cancer in both
subgroups before and after adjustment for age, gender, and
smoking (P<.001). Therefore, the presence of mental disorders
increased the risk of lung cancer independent of chronic
diseases, age, gender, and smoking factors.

Clinical Utilization I ndicators

We compared the clinical utilization indicators in our study
across three risk categories. These utilization indicators of
patients such as outpatient visits, emergency visits, inpatient
admissions, inpatient days, clinical cost, and number of chronic
diseasesin the past 6 months gradually increased from the low-
to high-risk categories (Multimedia Appendix 6).

We further compared patients in the high- and low-risk
categories by the average clinical costsin the past 6 monthsin
8 disease subgroups (including COPD, CV Ds, pneumonia, other
respiratory disorders, diabetes, CKD, menta disorders, and
other cancer history) stratified by the average number of chronic
diseases (Multimedia Appendix 10). Thecirclesin Multimedia
Appendix 10 were formed by 8 disease subgroups under the
low-risk (green circle) and high-risk (red circle) categories. The
circle sizeindicatesthe proportion of the disease subgroup under
each risk category. Reference groups consisted of patientswith
no diagnosis of any of these chronic diseases. It is obvious that
the low-risk patients and high-risk patients were separated by
the number of the chronic diseases. High-risk patients, in
general, had a higher chronic disease burden and thus higher
clinical costs.

Social Determinants

In our study, the socia determinantswere derived from zip code
or county-based census and were recognized as community-level
socia and environmental indicators. Spearman rank correlations
were used to investigate the association between socia
determinants and lung cancer risk (Multimedia Appendix 11).
Parameters related to a decreased risk of lung cancer (p<0)
included high education levels (the proportion of people who
received college or associate's degree or bachelor’s and higher
degree), high median household income, high proportion of
population within half a mile of a park, and private insurance
coverage. The high-risk category had a higher proportion of
low-income or low-education populations (the percentage of a
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combination of the population aged 18-24 years with less than
high school graduate diploma education and the popul ation aged
>25 years with less than 12th grade diploma education in the
area) than the low-risk category (Multimedia Appendix 6),
indicating a health disparity related to lung cancer.

Discussion

Summary of Main Findings

In this study, we developed and prospectively validated a risk
prediction model of the future 1-year incidence of lung cancer
using EHR data derived from more than 1.1 million peoplein
the state of Maine. Peatients were stratified into three risk
categories, ranking the lung cancer risk as low, medium, and
high. The model achieved an AUC of 0.881 (95% CI
0.873-0.889) in the prospective cohort, indicating our model’s
ability to target those most at risk for subsequent prevention
management. The incidence of lung cancer in the high-risk
category (579/53,922, 1.07%) was 7.7 times higher than that in
the overal prospective cohort (1167/836,659, 0.14%).
Performance of the model in subgroups (Figure 2), especially
those considered low risk by prior models (age<45 years), was
fairly good (AUC is0.880), showing predictive power in patients
that traditional models tend to ignore. Key parameters of age,
a history of pulmonary diseases and other chronic diseases,
medications for mental disorders, and socia disparities were
found to be significantly associated with incident lung cancer.

Comparison With Prior Work

We compared our model with seven other risk prediction models
for incident lung cancer (MultimediaAppendix 12). Themodels
achieved AUCs between 0.57 and 0.87, but with limitationsin
targeted clinical application. The Bach model [20] and
PLCO, 0012 (Prostate, Lung, Colorectal, and Ovarian Cancer
Screening Trial) model [19] were only applicable to smokers.
The Liverpool Lung Project model [12] and two Spitz models
[17,21] were devel oped with case-control matched studieswith
small sample sizes that were not validated with a general
population. The Extended Spitz model [17] required genetic
test information, which was unavailablein routine clinical data.
The EPIC (European Prospective Investigation into Cancer and
Nutrition) [15] and HUNT (Helseundersgkelsen i
Nord-Trandelag) [10] models used smoking status (eg, smoking
duration, smoking intensity, and years since cessation) collected
from a questionnaire as a predictor, which may not be feasible
in alarge, general population. Furthermore, our model had a
short prediction time frame (1 year) compared with most other
studies where the follow-up periods were up to several years.
A short prediction time frameresulted inalow incidence (0.12%
in the retrospective cohort and 0.14% in prospective cohort),
which raised the challenge of prediction. To address thisissue,
our model adopted more predictors (118 features) than prior
risk models (<15 features), making our risk prediction more
effective.
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Interpretation of Risk Predictorsand I mplicationsfor
Prevention and Early Intervention

Pulmonary Diseases and I nflammation Markers

A total of 27.7% (14,972/53,922) individuals in the high-risk
group had one or more pulmonary diseases, which was much
higher than the number in the low-risk population (3.39%,
22,832/673,075). The association between the pulmonary
diseases and lung cancer was reported in many previous studies
[49-52]. Pulmonary diseasesinduced aninflammatory response
in the lung, and inflammation played a critica role in the
development of lung cancer [53-56]. The C-reactive protein
level and leukocyte count are blood test markers for
inflammation. Elevated C-reactive protein levelsand leukocytes
counts have been found to be associated with pulmonary
diseases [57,58] and lung cancer [59], suggesting an etiologic
role of pulmonary inflammation inlung cancer pathophysiology
[59]. Consistent with these studies, our model recognized
abnormal C-reactive protein levels and leukocyte counts astop
features (Multimedia Appendix 5). In the high-risk category,
2.52% (1358/53,922) individuals had abnormal C-reactive
protein levelsand 19.98% (10,774/53,922) had high leukocytes
counts compared with 0.7% (4711/673,075) and 6.27%
(42,202/673,075) in the low-risk category, respectively
(Multimedia Appendix 6).

Combination of Pulmonary Diseasesand Other Chronic
Diseases

Our study showed that more than 80% (43,165/53,922) of
individuals in the high-risk category had at least one chronic
disease, and the majority (75.41%, 507,565/673,075) of the
low-risk population had no chronic disease diagnosis. Moreove,
22.05% (11,890/53,922) of the high-risk patients had pulmonary
diseases together with other chronic diseases (ie, CVDs, CKD,
and diabetes), and the risk of incident lung cancer increased
among these patients (M ultimedia Appendix 8). In addition, the
concurrent chronic diseases|ed to an increased burden of clinical
utilization and cost (Multimedia Appendix 10). We al so found
that incident lung cancer was associated with abnormal results
of many chronic disease markers (eg, glomerular filtration rate,
glucose level, and platelet count) and a group of previously
prescribed medi cationsincluding drugsfor pulmonary diseases
(Ipratropium bromide, albuterol sulfate, etc), drugsfor diabetes
(metformin HCl, glipizide, etc), and drugsfor CVDs (amlodipine
besylate, diltiazem HCI, valsartan, etc). Such markers and
medication histories indicated that patients at risk for or living
with diseases might develop lung cancer. These findings were
consistent with those of previous studies. High chronic disease
burden is a growing concern in the US population. It was
reported that 6/10 adult Americans have at least one chronic
disease and 4/10 have more than one chronic disease [60,61].
A recent study found that chronic diseases are an overlooked
risk factor for cancer, and asubstantial cancer risk isassociated
with acombination of cardiovascular disease markers, diabetes,
chronic kidney disease markers, and pulmonary diseases [62],
which were found to be linked to the risk of the next-year
incident lung cancer by our model.
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Mental Disorders

Mental disorders may affect theimmune system and endocrine
function, thus influencing the body’s susceptibility to cancer
[63]. Severa studies showed a positive association between
mental disordersand the overall risk of cancer [63,64]. For lung
cancer, some studies showed an etiological association [65,66],
whereas some claimed there was no associ ation between mental
disorders and lung cancer [67,68]. We explored the role of this
controversial and unclear association in our study.

Dueto the data policy of the EHR data on mental illnessin the
state of Maine, we used the consumption of mental
illness—related drugs as aproxy for mental disorders. Wefound
that mental disorders had a positive association with the 1-year
lung cancer incidence risk (Multimedia Appendix 9). Patients
with no chronic diseases who were undergoing treatment for
mental disorders had nearly 2.5 times the risk of incident lung
cancer compared to those without any mental disorders,
regardless of age, gender, and smoking status. This can be
explained by a previous finding that adverse psychological
events such as pressure and stress may impair the immune
system and cause the development and progression of tumors
[52]. A similar correlation was also observed in astudy focusing
on behavioral immunological activities: Researchersfound that
unpleasant or hostile emotions could cause immune system
disorders, and consequently, the occurrence of tumors [53].
More interestingly, those psychologica events were found to
be correlated to smoking: People with a diagnosis of
posttraumatic stress disorder were found to have a higher rate
of smoking (45%) than peoplewithout amental health diagnosis
(23%) [69]. Smoking is an important factor of lung cancer.
Therefore, close attention should be paid to those with a
high-risk mental statusto allow prevention of and intervention
for lung cancer.

Social Determinants

A few studies have shown that lung cancer risk is inversely
associated with socioeconomi ¢ status factors such as educational
attainment, income, and occupation [ 70]. Socioeconomic status
was found to be linked with health status through multiple
pathways such as social resources, physical and psychosocial
stressors, and health-related behaviors [71]. Consistent with
these studies, our model found that patients with low income
or less education had a higher risk of lung cancer (Multimedia
Appendix 11). Living distance to parks and coverage by
Medicaid were also risk factorsin our model. The former may
be explained by the fact that physical environment factors such
asthe concentration of parksin theliving areacan directly shape
peoples’ physical activities and ultimately decrease the lung
cancer risk. Low education level could bethe causality for future
low family income, less access to health care, and attainment
of Medicaid health insurance.

Implications of Findings

The predictive model and risk scores can benefit health care
organizations at multiple levels. For health care providers,
stratifying the population by our risk score will help with budget
planning and target intervention. For clinicians, the model can
be used as an assistant tool for decision making. Our model can
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also act as a prescreening tool: High-risk patientsidentified by
our model can bereferred to the LDCT screening test to decide
whether the patients already have lung cancer.

The ultimate goal of this study isto guide health care providers
to make decisions for the prevention and intervention of lung
cancer. There are already established guidelinesin lung cancer
preventive care to address both nonmodifiable and modifiable
risk factors. The modifiable risk factors such as concurrent
chronic conditions and lifestyles are even more important than
nonmodifiable predictors such as age and gender, asthey offer
an opportunity to both clinicians and patients to proactively
manage the disease by implementing interventions before
deterioration.

Our model identified 68.02% (470/691) of high-risk patients at
least 3 months before the confirmatory diagnosis was made by
physicians. This may provide the opportunity of early
interventionsto prevent or delay the devel opment of lung cancer
as well as to reduce corresponding health care expenditures.
Early detection of lung cancer can lead to an improved 5-year
survival rate[3]. In addition, arecent study revealed that patients
who received anti-inflammatory therapy had amarked reduction
in the incidence of lung cancer [72]. Another route of
intervention is through the management of multiple chronic
diseases. Recent studies showed asubstantial impact of chronic
diseases (eg, cardiovascular diseases, diabetes, chronic kidney
diseases, and pulmonary diseases) jointly on cancer risk, which
was as important as five lifestyle factors combined (smoking,
unhealthy diet, physical inactivity, obesity, and alcohol misuse)
[62]. Better management of chronic diseasesin primary careis
therefore an effective strategy for future cancer prevention. In
addition, increasing physical activity is a way to improve
lifestyle. Our model found that patients living far away from a
park were prone to an elevated risk of lung cancer, indicating
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that targeting this subgroup of patientswith personalized action
plans might lead to healthier life styles and a possible reduced
risk of lung cancer.

Limitations

Our study has several limitations. First, some datawere missing
in our dataset. Tobacco use was not fully recorded in the EHR
data; occupational exposure and family history of lung cancer
were so sparse in the data source that our model did not include
them as predictors; and patients with lung cancer might not have
any record of this diagnosis, leading to an underestimation of
lung cancer prevalencein the study. Second, air quality, cancer
biomarker, and someindividua-level lifestyle information (eg,
diet habit and physical activity) could be potentialy useful
predictors for development of lung cancer, but in EHRs, these
datawere not available. Third, the grade and stage of lung cancer
were not described in the data source, and the socioeconomic
factorswere anayzed at acommunity-level, limiting the findings
between the association of the individual socioeconomic status
and lung cancer.

Conclusions

A risk prediction model of the future 1-year incidence of lung
cancer was developed and prospectively validated using the
preceding 6 months EHR data derived from more than 1.1
million people in the state of Maine. The model was able to
assign each individual a risk score and stratified patients into
three risk categories of low, medium, and high risk. The model
reached an AUC of 0.881 in the prospective cohort. Age, a
history of pulmonary diseases and other chronic diseases,
medications for mental disorders, and social disparities were
found to be associated with new incident lung cancer. Targeting
individuals at high risk has the potential to facilitate early
intervention and reduce overall costs, which will ultimately
benefit patients, clinicians, and health care providers.

We would like to thank and express our gratitude to the hospitals, medical practices, physicians, and nurses participating in
Maine's HIE. We a so thank the biostatistics colleagues at the Department of Health Research and Policy for critical discussions.
XW is supported by the China Scholarship Council.

Authors Contributions

XW, YZ, SH, LZ, CY, MX, OW, ML, and BJ carried out the initial analysis and interpretation of data and drafted the initial
manuscript. DBM, KGS, EW, and XBL contributed to the conceptualization of this study. SA, FS, and LK coordinated and
supervised data acquisition. JL, SQD, CHW, and XBL contributed to the review and editing of the manuscript. All authors have
read and approved this submission for publication. All authors have agreed to be accountable for all aspects of the work.

Conflictsof I nterest

KGS, EW, and XBL are cofounders and equity holders of HBI Solutions, Inc, which is currently developing predictive analytics
solutions for health care organizations. MX, ML, BJ, OW, FS, LK, and EW are employed by HBI. From the Stanford University
School of Medicine, Stanford, California, KSand XBL conducted thisresearch as part of apersonal outside consulting arrangement
with HBI. The research and research results are not associated with Stanford University in any way. There are no patents, further
products in development, or marketed products to declare.

Multimedia Appendix 1
List of social determinant variables downloaded from the US census, with details of the data source and mapping. method.

[PDFE File (Adobe PDF File), 99K B-Multimedia Appendix 1]

http://www.jmir.org/2019/5/€13260/ JMed Internet Res 2019 | vol. 21 | iss. 5 | 13260 | p. 12

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app1.pdf&filename=ed4e3e033d9a3e843c8c0b9a406bd6e7.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app1.pdf&filename=ed4e3e033d9a3e843c8c0b9a406bd6e7.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

Multimedia Appendix 2

Comparative analysis of the model performance, quantified by the area under the curve (AUC) with 95% ClI. (1) Our Extreme
Gradient Boosting (XGBoost) algorithm, (2) RandomForest, (3) Boosting, (4) Support Vector Machine (SVYM), (5) LASSO, and
(6) K-Nearest Neighbors (KNN).

[PDE File (Adobe PDF File), 145K B-Multimedia Appendix 2]

Multimedia Appendix 3

Comparison of the predictive performances to predict future 1-year risk of new incident lung cancer in the prospective cohort,
measured by the receiver operating characteristic area under the curve (ROC AUC): Model 1 is based on our feature selection
method, Model 2 iswith the Gini index, and Model 3 iswith information gain feature selection methods.

[PDE File (Adobe PDF File), 132KB-Multimedia Appendix 3]

Multimedia Appendix 4

The performance of the 1-year lung cancer risk prediction model in the prospective cohort, summarized as positive prediction
value, sensitivity, specificity, and mean relative risk.

[PDFE File (Adobe PDF File), 86K B-Multimedia Appendix 4]

Multimedia Appendix 5
The top 60 features selected by our lung cancer prediction model.

[PDE File (Adobe PDF File), 71KB-Multimedia Appendix 5]

Multimedia Appendix 6
Distribution of top risk predictors across the three risk categories.

[PDE File (Adobe PDF File), 38KB-Multimedia Appendix 6]

Multimedia Appendix 7
Constituent ratios of age subgroups across the identified three risk categories.

[PDE File (Adobe PDF File), 42K B-Multimedia Appendix 7]

Multimedia Appendix 8

The time-to-diagnosis curves for patients who only had pulmonary diseases and patients who had pulmonary diseases together
with at least one other chronic disease in the prospective cohort.

[PDE File (Adobe PDF File), 56K B-Multimedia Appendix 8]

Multimedia Appendix 9

Predicted time-to-diagnosis curves for patients who had at least one diagnosis of chronic diseases and those who did not receive
adiagnosis of chronic diseases. Curvesfor both subgroups were stratified by mental health status (Mental Disorder vs No Mental
Disorder).

[PDE File (Adobe PDF File), 74K B-Multimedia Appendix 9]

Multimedia Appendix 10
Graph of patients' average clinical costsin the past 6 months against the average number of chronic diseases.

[PDE File (Adobe PDF File), 115K B-Multimedia Appendix 10]

Multimedia Appendix 11
Spearman rank correlation between six socia determination features and prospective lung cancer risk scores.

[PDEF File (Adobe PDF File), 86K B-Multimedia Appendix 11]

http://www.jmir.org/2019/5/e13260/ JMed Internet Res 2019 | vol. 21 | iss. 5 | €13260 | p. 13
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app2.pdf&filename=4edcde4addd95ee6745c4a213df103aa.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app2.pdf&filename=4edcde4addd95ee6745c4a213df103aa.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app3.pdf&filename=9598f627b09cf530cfc01e8639867a73.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app3.pdf&filename=9598f627b09cf530cfc01e8639867a73.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app4.pdf&filename=025838a0072d2a158216158388980b04.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app4.pdf&filename=025838a0072d2a158216158388980b04.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app5.pdf&filename=5d66f38a8cac0d092b013429a5884eeb.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app5.pdf&filename=5d66f38a8cac0d092b013429a5884eeb.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app6.pdf&filename=2d6d51a73b3c5fd4d7278e2fcca7936a.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app6.pdf&filename=2d6d51a73b3c5fd4d7278e2fcca7936a.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app7.pdf&filename=1981834339e8d984dc06c3c9f6d07254.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app7.pdf&filename=1981834339e8d984dc06c3c9f6d07254.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app8.pdf&filename=5e7212e70ac658d15f29d3c74813afda.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app8.pdf&filename=5e7212e70ac658d15f29d3c74813afda.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app9.pdf&filename=9453f0c229f0576ec22bbfa8f319f3f1.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app9.pdf&filename=9453f0c229f0576ec22bbfa8f319f3f1.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app10.pdf&filename=f16d74a732055951b72a4cae64014725.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app10.pdf&filename=f16d74a732055951b72a4cae64014725.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app11.pdf&filename=2543886ac86e25a73da338bfcc8a400e.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app11.pdf&filename=2543886ac86e25a73da338bfcc8a400e.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

Multimedia Appendix 12
Characteristics of the compared risk models.

[PDE File (Adobe PDF File), 100K B-Multimedia Appendix 12]

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Boloker G, Wang C, Zhang J. Updated statistics of lung and bronchus cancer in United States (2018). J Thorac Dis 2018
Mar;10(3):1158-1161 [FREE Full text] [doi: 10.21037/jtd.2018.03.15] [Medline: 29708136]

Siegel RL, Miller KD, Jemal A. Cancer statistics, 2018. CA Cancer J Clin 2018 Jan;68(1):7-30 [FREE Full text] [doi:
10.3322/caac.21442] [Medline: 29313949]

Cancer Stat Facts: Lung and Bronchus Cancer. URL: https:.//seer.cancer.gov/statfacts/html/lungb.html [accessed 2018-12-20)
[WebCite Cache ID 740019kRC]

National Lung Screening Trial Research Team, Aberle DR, Berg CD, Black WC, Church TR, Fagerstrom RM, et a. The
National Lung Screening Trial: overview and study design. Radiology 2011 Jan;258(1):243-253 [FREE Full text] [doi:
10.1148/radiol.10091808] [Medline: 21045183]

Smith RA, Andrews KS, Brooks D, Fedewa SA, Manassaram-Baptiste D, Saslow D, et a. Cancer screening in the United
States, 2018: A review of current American Cancer Society guidelines and current issuesin cancer screening. CA Cancer
JClin 2018 Jul;68(4):297-316 [ FREE Full text] [doi: 10.3322/caac.21446] [Medline: 29846940]

Tota JE, Ramanakumar AV, Franco EL. Lung cancer screening: review and performance comparison under different risk
scenarios. Lung 2014 Feb;192(1):55-63. [doi: 10.1007/s00408-013-9517-x] [Medline: 24153450]

Katki HA, Kovalchik SA, Berg CD, Cheung LC, Chaturvedi AK. Development and Validation of Risk Modelsto Select
Ever-Smokersfor CT Lung Cancer Screening. JAMA 2016 Jun 07;315(21):2300-2311 [FREE Full text] [doi:
10.1001/jama.2016.6255] [Medline: 27179989

Ten Haaf K, Jeon J, Tammemagi MC, Han SS, Kong CY, Plevritis SK, et al. Risk prediction models for selection of lung
cancer screening candidates: A retrospective validation study. PLoS Med 2017 Apr;14(4):€1002277 [FREE Full text] [doi:
10.1371/journal.pmed.1002277] [Medline: 28376113]

Charvat H, Sasazuki S, Shimazu T, Budhathoki S, Inoue M, Iwasaki M, JPHC Study Group. Development of arisk prediction
model for lung cancer: The Japan Public Health Center-based Prospective Study. Cancer Sci 2018 Mar;109(3):854-862
[FREE Full text] [doi: 10.1111/cas.13509] [Medline: 29345859]

Markaki M, Tsamardinos |, Langhammer A, Lagani V, Hveem K, Rge OD. A Validated Clinical Risk Prediction Model
for Lung Cancer in Smokers of All Ages and Exposure Types: A HUNT Study. EBioMedicine 2018 May;31:36-46 [FREE
Full text] [doi: 10.1016/j.ebiom.2018.03.027] [Medline: 29678673]

Samson M, Nomura S, Dash C, Bethea T, Rosenberg L, Adams-Campbell L. Abstract 5252: Prospective cohort study of
physical activity and lung cancer risk in the Black Women's Health Study. Cancer Res 2018 Jul 01;78(13
Supplement):5252-5252. [doi: 10.1158/1538-7445.AM2018-5252]

Cassidy A, Myles JP, van Tongeren M, Page RD, Liloglou T, Duffy SW, et a. The LLP risk model: an individual risk
prediction model for lung cancer. Br J Cancer 2008 Jan 29;98(2):270-276 [ FREE Full text] [doi: 10.1038/5.bjc.6604158]
[Medline: 18087271]

Cronin KA, Gail MH, Zou Z, Bach PB, Virtamo J, Albanes D. Validation of amodel of lung cancer risk prediction among
smokers. JNatl Cancer Inst 2006 May 03;98(9):637-640. [doi: 10.1093/jnci/djj163] [Medline: 16670389]

Etzel CJ, Kachroo S, Liu M, D'Amelio A, Dong Q, Cote ML, et a. Development and validation of alung cancer risk
prediction model for African-Americans. Cancer Prev Res (Phila) 2008 Sep;1(4):255-265 [FREE Full text] [doi:
10.1158/1940-6207.CAPR-08-0082] [Medline: 19138969]

Hoggart C, Brennan P, Tjonneland A, Vogel U, Overvad K, @stergaard N, et al. A risk model for lung cancer incidence.
Cancer Prev Res (Phila) 2012 Jun;5(6):834-846 [ FREE Full text] [doi: 10.1158/1940-6207.CAPR-11-0237] [Medline:
22496387)

Maisonneuve P, Bagnardi V, Bellomi M, Spaggiari L, Pelosi G, Rampinelli C, et al. Lung cancer risk prediction to select
smokersfor screening CT--amodel based on the Italian COSMOStrial. Cancer Prev Res (Phila) 2011 Nov;4(11):1778-1789
[FREE Full text] [doi: 10.1158/1940-6207.CAPR-11-0026] [Medline: 21813406]

Spitz MR, Etzel CJ, Dong Q, Amos Cl, Wei Q, Wu X, et a. An expanded risk prediction model for lung cancer. Cancer
Prev Res (Phila) 2008 Sep;1(4):250-254 [FREE Full text] [doi: 10.1158/1940-6207.CAPR-08-0060] [Medline: 19138968]
Tammemagi CM, Pinsky PF, Caporaso NE, Kvale PA, Hocking WG, Church TR, et a. Lung cancer risk prediction: Prostate,
Lung, Colorectal And Ovarian Cancer Screening Trial models and validation. J Natl Cancer Inst 2011 Jul
06;103(13):1058-1068 [FREE Full text] [doi: 10.1093/jnci/djr173] [Medline: 21606442]

Tammemégi MC, Katki HA, Hocking WG, Church TR, Caporaso N, Kvale PA, et al. Selection criteria for lung-cancer
screening. N Engl JIMed 2013 Feb 21;368(8):728-736 [FREE Full text] [doi: 10.1056/NEJM 0a1211776] [Medline: 23425165]
Bach PB, Kattan MW, Thornquist MD, KrisMG, Tate RC, Barnett MJ, et al. Variationsin lung cancer risk among smokers.
JNatl Cancer Inst 2003 Mar 19;95(6):470-478. [Medline: 12644540]

http://www.jmir.org/2019/5/€13260/ JMed Internet Res 2019 | vol. 21 | iss. 5 | 13260 | p. 14

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app12.pdf&filename=68f616cf08bc250bacee675cf72028c4.pdf
https://jmir.org/api/download?alt_name=jmir_v21i5e13260_app12.pdf&filename=68f616cf08bc250bacee675cf72028c4.pdf
http://dx.doi.org/10.21037/jtd.2018.03.15
http://dx.doi.org/10.21037/jtd.2018.03.15
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29708136&dopt=Abstract
http://dx.doi.org/10.3322/caac.21442
http://dx.doi.org/10.3322/caac.21442
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29313949&dopt=Abstract
https://seer.cancer.gov/statfacts/html/lungb.html
http://www.webcitation.org/

                                            74oO19kRC
http://europepmc.org/abstract/MED/21045183
http://dx.doi.org/10.1148/radiol.10091808
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21045183&dopt=Abstract
https://doi.org/10.3322/caac.21446
http://dx.doi.org/10.3322/caac.21446
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29846940&dopt=Abstract
http://dx.doi.org/10.1007/s00408-013-9517-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24153450&dopt=Abstract
http://europepmc.org/abstract/MED/27179989
http://dx.doi.org/10.1001/jama.2016.6255
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27179989&dopt=Abstract
http://dx.plos.org/10.1371/journal.pmed.1002277
http://dx.doi.org/10.1371/journal.pmed.1002277
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28376113&dopt=Abstract
https://doi.org/10.1111/cas.13509
http://dx.doi.org/10.1111/cas.13509
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29345859&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2352-3964(18)30114-2
https://linkinghub.elsevier.com/retrieve/pii/S2352-3964(18)30114-2
http://dx.doi.org/10.1016/j.ebiom.2018.03.027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29678673&dopt=Abstract
http://dx.doi.org/10.1158/1538-7445.AM2018-5252
http://dx.doi.org/10.1038/sj.bjc.6604158
http://dx.doi.org/10.1038/sj.bjc.6604158
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18087271&dopt=Abstract
http://dx.doi.org/10.1093/jnci/djj163
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16670389&dopt=Abstract
http://cancerpreventionresearch.aacrjournals.org/cgi/pmidlookup?view=long&pmid=19138969
http://dx.doi.org/10.1158/1940-6207.CAPR-08-0082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19138969&dopt=Abstract
http://cancerpreventionresearch.aacrjournals.org/cgi/pmidlookup?view=long&pmid=22496387
http://dx.doi.org/10.1158/1940-6207.CAPR-11-0237
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22496387&dopt=Abstract
http://cancerpreventionresearch.aacrjournals.org/cgi/pmidlookup?view=long&pmid=21813406
http://dx.doi.org/10.1158/1940-6207.CAPR-11-0026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21813406&dopt=Abstract
http://cancerpreventionresearch.aacrjournals.org/cgi/pmidlookup?view=long&pmid=19138968
http://dx.doi.org/10.1158/1940-6207.CAPR-08-0060
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19138968&dopt=Abstract
http://europepmc.org/abstract/MED/21606442
http://dx.doi.org/10.1093/jnci/djr173
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21606442&dopt=Abstract
http://europepmc.org/abstract/MED/23425165
http://dx.doi.org/10.1056/NEJMoa1211776
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23425165&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12644540&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.
37.

38.

39.

40.

41.

42.

43.

Spitz MR, Hong WK, Amos Cl, Wu X, Schabath MB, Dong Q, et a. A risk model for prediction of lung cancer. J Natl
Cancer Inst 2007 May 02;99(9):715-726. [doi: 10.1093/jnci/djk153] [Medline: 17470739]

Gray EP, Teare MD, Stevens J, Archer R. Risk Prediction Models for Lung Cancer: A Systematic Review. Clin Lung
Cancer 2016 Mar;17(2):95-106. [doi: 10.1016/j.clc.2015.11.007] [Medline: 26712102]

Goldstein BA, Navar AM, PencinaMJ, loannidis JPA. Opportunities and challenges in developing risk prediction models
with electronic health records data: a systematic review. JAm Med Inform Assoc 2017 Jan;24(1):198-208. [doi:
10.1093/jamia/ocw042] [Medline: 27189013]

Zheng L, Wang Y, Hao S, Shin AY, Jin B, Ngo AD, et a. Web-based Real - Time Case Finding for the Population Health
Management of Patients With Diabetes Mellitus: A Prospective Validation of the Natural Language Processing-Based
Algorithm With Statewide Electronic Medical Records. IMIR Med Inform 2016 Nov 11;4(4):e37 [FREE Full text] [doi:
10.2196/medinform.6328] [Medline: 27836816]

GuoY, ZhengG, FuT,Hao S, YeC, Zheng L, et a. Assessing Statewide All-Cause Future One-Year Mortality: Prospective
Study With Implications for Quality of Life, Resource Utilization, and Medical Futility. JMed Internet Res 2018 Jun
04;20(6):€10311 [FREE Full text] [doi: 10.2196/10311] [Medline: 29866643]

Hao S, Jin B, Shin AY, Zhao Y, Zhu C, Li Z, et a. Risk prediction of emergency department revisit 30 days post discharge:
a prospective study. PL0oS One 2014;9(11):e112944 [FREE Full text] [doi: 10.1371/journal.pone.0112944] [Medline:
25393305]

Hao S, Wang Y, Jin B, Shin AY, Zhu C, Huang M, et a. Development, Validation and Deployment of a Real Time 30 Day
Hospital Readmission Risk Assessment Tool in the Maine Healthcare Information Exchange. PLoS One
2015;10(10):e0140271 [EREE Full text] [doi: 10.1371/journal.pone.0140271] [Medline: 26448562]

YeC, FuT,Hao S, Zhang Y, Wang O, Jin B, et a. Prediction of Incident Hypertension Within the Next Year: Prospective
Study Using Statewide Electronic Health Records and Machine Learning. JMed Internet Res 2018 Jan 30;20(1):e22 [FREE
Full text] [doi: 10.2196/jmir.9268] [Medline: 29382633]

Hao S, FuT,WuQ, JinB, Zhu C, Hu Z, et al. Estimating One-Year Risk of Incident Chronic Kidney Disease: Retrospective
Development and Validation Study Using Electronic Medical Record Data From the State of Maine. IMIR Med Inform
2017 Jul 26;5(3):e21 [FREE Full text] [doi: 10.2196/medinform.7954] [Medline: 28747298]

Li L, Cheng W, Glicksberg BS, Gottesman O, Tamler R, Chen R, et al. Identification of type 2 diabetes subgroups through
topological analysis of patient similarity. Sci Transl Med 2015 Oct 28;7(311):311ral74 [FREE Full text] [doi:
10.1126/scitrans med.aaa9364] [Medline: 26511511]

Himes BE, Dai Y, Kohane IS, Weiss ST, Ramoni MF. Prediction of chronic obstructive pulmonary disease (COPD) in
asthma patients using electronic medical records. JAm Med Inform Assoc 2009;16(3):371-379 [FREE Full text] [doi:
10.1197/jamia.M2846] [Medline: 19261943]

Amarasingham R, Velasco F, Xie B, Clark C, MaY, Zhang S, et al. Electronic medical record-based multicondition models
to predict the risk of 30 day readmission or death among adult medicine patients: validation and comparison to existing
models. BMC Med Inform Decis Mak 2015 May 20;15:39 [FREE Full text] [doi: 10.1186/s12911-015-0162-6] [Medline:
25991003]

HealthinfoNet. URL : http://hinfonet.org [accessed 2019-05-07] [WebCite Cache ID 78C83kJOV]

The United States Census Bureau. URL: https://www.census.gov/ [accessed 2018-09-20] [WebCite Cache D 780hEgsOX]
Agresti A. Categorical Data Analysis (wiley Series In Probability And Statistics). Hoboken, NJ: Wiley-Interscience;
2019:2002.

Sasieni PD. From genotypesto genes: doubling the sample size. Biometrics 1997 Dec;53(4):1253-1261. [Medline: 9423247]
Walker SH, Duncan DB. Estimation of the probability of an event asafunction of several independent variables. Biometrika
1967 Jun;54(1):167-179. [Medline: 6049533]

Chen T, Guestrin C. XGBoost: A Scalable Tree Boosting System. 2016 Presented at: Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining; August 13 - 17, 2016; San Francisco,
California, USA p. 785-794. [doi: 10.1145/2939672.2939785]

Jensen PB, Jensen LJ, Brunak S. Mining electronic health records: towards better research applications and clinical care.
Nat Rev Genet 2012 Jun;13(6):395-405. [doi: 10.1038/nrg3208] [Medline: 22549152]

Billings J, Dixon J, Mijanovich T, Wennberg D. Case finding for patients at risk of readmission to hospital: devel opment
of algorithm to identify high risk patients. BMJ 2006 Aug 12;333(7563):327 [FREE Full text] [doi:
10.1136/bmj.38870.657917.AE] [Medline: 16815882]

Wilcoxon F. Individual Comparisons by Ranking Methods. Biometrics Bulletin 1945;1(6):80-83.

randomForest: Breiman and Cutler's Random Forests for Classification and Regression. URL : https://cran.r-project.org/
web/packages/randomForest/index.html [accessed 2018-11-20] [WebCite Cache ID 781QCayMU]

gbm: Generalized Boosted Regression Models. URL : https://cran.r-project.org/web/packages/gbm/index.html [accessed
2018-11-20] [WebCite Cache ID 781QSUtmm]

kernlab: Kernel-Based Machine Learning Lab. URL : https://cran.r-project.org/web/packages/kernlab/ [accessed 2018-11-20]
[WebCite Cache ID 781Pppx4w]

hittp:/Awww.j mir.org/2019/5/e13260/ JMed Internet Res 2019 | vol. 21 | iss. 5| €13260 | p. 15

(page number not for citation purposes)


http://dx.doi.org/10.1093/jnci/djk153
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17470739&dopt=Abstract
http://dx.doi.org/10.1016/j.cllc.2015.11.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26712102&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocw042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27189013&dopt=Abstract
http://medinform.jmir.org/2016/4/e37/
http://dx.doi.org/10.2196/medinform.6328
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27836816&dopt=Abstract
http://www.jmir.org/2018/6/e10311/
http://dx.doi.org/10.2196/10311
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29866643&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0112944
http://dx.doi.org/10.1371/journal.pone.0112944
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25393305&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0140271
http://dx.doi.org/10.1371/journal.pone.0140271
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26448562&dopt=Abstract
http://www.jmir.org/2018/1/e22/
http://www.jmir.org/2018/1/e22/
http://dx.doi.org/10.2196/jmir.9268
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29382633&dopt=Abstract
http://medinform.jmir.org/2017/3/e21/
http://dx.doi.org/10.2196/medinform.7954
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28747298&dopt=Abstract
http://europepmc.org/abstract/MED/26511511
http://dx.doi.org/10.1126/scitranslmed.aaa9364
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26511511&dopt=Abstract
http://europepmc.org/abstract/MED/19261943
http://dx.doi.org/10.1197/jamia.M2846
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19261943&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-015-0162-6
http://dx.doi.org/10.1186/s12911-015-0162-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25991003&dopt=Abstract
http://hinfonet.org
http://www.webcitation.org/

                                            78C83kJOv
https://www.census.gov/
http://www.webcitation.org/

                                            780hEgsOX
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9423247&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=6049533&dopt=Abstract
http://dx.doi.org/10.1145/2939672.2939785
http://dx.doi.org/10.1038/nrg3208
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22549152&dopt=Abstract
http://europepmc.org/abstract/MED/16815882
http://dx.doi.org/10.1136/bmj.38870.657917.AE
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16815882&dopt=Abstract
https://cran.r-project.org/web/packages/randomForest/index.html
https://cran.r-project.org/web/packages/randomForest/index.html
http://www.webcitation.org/

                                            781QCayMU
https://cran.r-project.org/web/packages/gbm/index.html
http://www.webcitation.org/

                                            781QSUtmm
https://cran.r-project.org/web/packages/kernlab/
http://www.webcitation.org/

                                            781Pppx4w
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.

68.

69.

glmnet: Lasso and Elastic-Net Regularized Generalized Linear Models. URL: https://cran.r-project.org/web/packages/
glmnet/index.html [accessed 2018-11-20] [WebCite Cache ID 781Qfckq7]

FNN: Fast Nearest Neighbor Search Algorithms and Applications. URL: https://cran.r-project.org/web/packages/FNN/
index.html [accessed 2018-11-20] [WebCite Cache ID 781RvvHOQ]

DelLong ER, Del.ong DM, Clarke-Pearson DL. Comparing the areas under two or more correlated receiver operating
characteristic curves: a nonparametric approach. Biometrics 1988 Sep;44(3):837-845. [Medline: 3203132]

Hilden J. The area under the ROC curve and its competitors. Med Decis Making 1991;11(2):95-101. [doi:
10.1177/0272989X9101100204] [Medline: 1865785]

Brenner D, McLaughlin J, Hung RJ. Previous lung diseases and lung cancer risk: a systematic review and meta-analysis.
PL0OS One 2011 Mar 31;6(3):€17479 [FREE Full text] [doi: 10.1371/journal.pone.0017479] [Medline: 21483846]

Zhang X, Jiang N, Wang L, Liu H, He R. Chronic obstructive pulmonary disease and risk of lung cancer: a meta-analysis
of prospective cohort studies. Oncotarget 2017 Sep 29;8(44):78044-78056 [ FREE Full text] [doi: 10.18632/oncotarget.20351]
[Medline: 29100446]

Powell H, lyen-Omofoman B, Baldwin D, Hubbard R, Tata L J. Chronic obstructive pulmonary disease and risk of lung
cancer: the importance of smoking and timing of diagnosis. J Thorac Oncol 2013 Jan;8(1):6-11 [FREE Full text] [doi:
10.1097/JT0.0b013e318274a7dc] [Medline: 23196277]

Watanabe S, Saeki K, WasedaY, MurataA, Takato H, IchikawaY, et a. Lung cancer in connective tissue di sease-associated
interstitial lung disease: clinical features and impact on outcomes. J Thorac Dis 2018 Feb;10(2):799-807 [EREE Full text]
[doi: 10.21037/jtd.2017.12.134] [Medline: 29607151]

Brenner D, Fanidi A, Grankvist K, Muller D, Brennan P, Manjer J, et al. Inflammatory Cytokines and Lung Cancer Risk
in 3 Prospective Studies. Am J Epidemiol 2017 Dec 15;185(2):86-95. [doi: 10.1093/aje/lkww159] [Medline: 27998891]
Shiels M, Pfeiffer R, Hildesheim A, Engels E, Kemp T, Park JH, et al. Circulating inflammation markers and prospective
risk for lung cancer. J Natl Cancer Inst 2013 Dec 18;105(24):1871-1880 [FREE Full text] [doi: 10.1093/jnci/djt309]
[Medline: 24249745]

ShielsM, Katki H, Hildesheim A, Pfeiffer R, Engels E, Williams M, et al. Circulating I nflammation Markers, Risk of Lung
Cancer, and Utility for Risk Stratification. JNatl Cancer Inst 2015 Oct;107(10):1-9 [FREE Full text] [doi:
10.1093/jnci/djv199] [Medline: 26220734]

Seijo LM, Zulueta JJ. Understanding the Links Between Lung Cancer, COPD, and Emphysema: A Key to More Effective
Treatment and Screening. Oncology (Williston Park) 2017 Dec 15;31(2):93-102 [FREE Full text] [Medline: 28205188]
Sprague B, Trentham-Dietz A, Klein B, Klein R, Cruickshanks K, Lee K, et al. Physical activity, white blood cell count,
and lung cancer risk in a prospective cohort study. Cancer Epidemiol Biomarkers Prev 2008 Oct;17(10):2714-2722 [FREE
Full text] [doi: 10.1158/1055-9965.EPI-08-0042] [Medline: 18843014]

Aref H, Refaat S. CRP evaluation in non-small cell lung cancer. Egyptian Journal of Chest Diseases and Tuberculosis 2014
Jul;63(3):717-722. [doi: 10.1016/j.€jcdt.2014.02.003]

Chaturvedi A, Caporaso N, Katki H, Wong H, Chatterjee N, Pine S, et al. C-reactive protein and risk of lung cancer. JClin
Oncol 2010 Jun 01;28(16):2719-2726 [FREE Full text] [doi: 10.1200/JC0O.2009.27.0454] [Medline: 20421535]

RAND Corporation. Multiple Chronic Conditionsin the United States URL : https://www.rand.org/pubs/toolS/TL 221.html
[accessed 2018-12-20] [WebCite Cache ID 781cdOZUb]

Sambamoorthi U, Tan X, Deb A. Multiple chronic conditions and healthcare costs among adults. Expert Rev Pharmacoecon
Outcomes Res 2015;15(5):823-832 [FREE Full text] [doi: 10.1586/14737167.2015.1091730] [Medline: 26400220]

Tu H, Wen CP, Tsai SP, Chow W, Wen C, YeY, et al. Cancer risk associated with chronic diseases and disease markers:
prospective cohort study. BMJ 2018 Dec 31;360:k134 [FREE Full text] [doi: 10.1136/bmj.k134] [Medline: 29386192]
Dela Cruz CS, Tanoue LT, Matthay RA. Lung cancer: epidemiology, etiology, and prevention. Clin Chest Med 2011
Dec;32(4):605-644 [FREE Full text] [doi: 10.1016/j.ccm.2011.09.001] [Medline: 22054876]

GrossAL, Galo JJ, Eaton WW. Depression and cancer risk: 24 years of follow-up of the Baltimore Epidemiol ogic Catchment
Areasample. Cancer Causes Control 2010 Feb;21(2):191-199 [FREE Full text] [doi: 10.1007/s10552-009-9449-1] [Medline:
19885645]

JiaY, Li F, LiuYF, Zhao JP, Leng MM, Chen L. Depression and cancer risk: a systematic review and meta-analysis. Public
Heslth 2017 Aug;149:138-148. [doi: 10.1016/j.puhe.2017.04.026] [Medline: 28641155]

Knekt P, Raitasalo R, Helidvaara M, Lehtinen V, Pukkala E, Teppo L, et al. Elevated lung cancer risk among persons with
depressed mood. Am J Epidemiol 1996 Dec 15;144(12):1096-1103. [Medline: 8956621]

Capo-Ramos DE, Gao Y, Lubin JH, Check DP, Goldin LR, Pesatori AC, et a. Mood disorders and risk of lung cancer in
the EAGLE case-control study and in the U.S. Veterans Affairsinpatient cohort. PLoS One 2012;7(8):e42945 [FREE Full
text] [doi: 10.1371/journal.pone.0042945] [Medline: 22880133

Liang J, Sun L, Muo C, Sung F, Chang S, Kao C. The analysis of depression and subsequent cancer risk in Taiwan. Cancer
Epidemiol Biomarkers Prev 2011 Mar;20(3):473-475 [FREE Full text] [doi: 10.1158/1055-9965.EPI-10-1280] [Medline:
21297039

American Lung Association. Behavioral Health & Tobacco Use URL: https://www.lung.org/stop-smoking/smoking-facts/
behavioral -heal th-tobacco-use.html [accessed 2018-11-20] [WebCite Cache ID 780tnXaxv]

hittp:/Awww.j mir.org/2019/5/e13260/ JMed Internet Res 2019 | vol. 21 | iss. 5| €13260 | p. 16

(page number not for citation purposes)


https://cran.r-project.org/web/packages/glmnet/index.html
https://cran.r-project.org/web/packages/glmnet/index.html
http://www.webcitation.org/

                                            781Qfckq7
https://cran.r-project.org/web/packages/FNN/index.html
https://cran.r-project.org/web/packages/FNN/index.html
http://www.webcitation.org/

                                            781RvvHOQ
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3203132&dopt=Abstract
http://dx.doi.org/10.1177/0272989X9101100204
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1865785&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0017479
http://dx.doi.org/10.1371/journal.pone.0017479
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21483846&dopt=Abstract
http://www.impactjournals.com/oncotarget/misc/linkedout.php?pii=20351
http://dx.doi.org/10.18632/oncotarget.20351
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29100446&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1556-0864(15)33412-2
http://dx.doi.org/10.1097/JTO.0b013e318274a7dc
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23196277&dopt=Abstract
http://dx.doi.org/10.21037/jtd.2017.12.134
http://dx.doi.org/10.21037/jtd.2017.12.134
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29607151&dopt=Abstract
http://dx.doi.org/10.1093/aje/kww159
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27998891&dopt=Abstract
http://europepmc.org/abstract/MED/24249745
http://dx.doi.org/10.1093/jnci/djt309
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24249745&dopt=Abstract
http://europepmc.org/abstract/MED/26220734
http://dx.doi.org/10.1093/jnci/djv199
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26220734&dopt=Abstract
http://www.cancernetwork.com/oncology-journal/understanding-links-between-lung-cancer-copd-and-emphysema-key-more-effective-treatment-and
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28205188&dopt=Abstract
http://cebp.aacrjournals.org/cgi/pmidlookup?view=long&pmid=18843014
http://cebp.aacrjournals.org/cgi/pmidlookup?view=long&pmid=18843014
http://dx.doi.org/10.1158/1055-9965.EPI-08-0042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18843014&dopt=Abstract
http://dx.doi.org/10.1016/j.ejcdt.2014.02.003
http://europepmc.org/abstract/MED/20421535
http://dx.doi.org/10.1200/JCO.2009.27.0454
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20421535&dopt=Abstract
https://www.rand.org/pubs/tools/TL221.html
http://www.webcitation.org/

                                            781cdOZUb
http://europepmc.org/abstract/MED/26400220
http://dx.doi.org/10.1586/14737167.2015.1091730
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26400220&dopt=Abstract
http://www.bmj.com/cgi/pmidlookup?view=long&pmid=29386192
http://dx.doi.org/10.1136/bmj.k134
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29386192&dopt=Abstract
http://europepmc.org/abstract/MED/22054876
http://dx.doi.org/10.1016/j.ccm.2011.09.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22054876&dopt=Abstract
http://europepmc.org/abstract/MED/19885645
http://dx.doi.org/10.1007/s10552-009-9449-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19885645&dopt=Abstract
http://dx.doi.org/10.1016/j.puhe.2017.04.026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28641155&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8956621&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0042945
http://dx.plos.org/10.1371/journal.pone.0042945
http://dx.doi.org/10.1371/journal.pone.0042945
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22880133&dopt=Abstract
http://cebp.aacrjournals.org/cgi/pmidlookup?view=long&pmid=21297039
http://dx.doi.org/10.1158/1055-9965.EPI-10-1280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21297039&dopt=Abstract
https://www.lung.org/stop-smoking/smoking-facts/behavioral-health-tobacco-use.html
https://www.lung.org/stop-smoking/smoking-facts/behavioral-health-tobacco-use.html
http://www.webcitation.org/

                                            780tnXqxv
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

70. MitraD, Shaw A, Tjepkema M, Peters P. Social determinants of lung cancer incidence in Canada: A 13-year prospective
study. Health Rep 2015 Jun;26(6):12-20 [EREE Full text] [Medline: 26086335]

71. Hovanec J, Siemiatycki J, Conway DI, Olsson A, Stiicker 1, GuidaF, et a. Lung cancer and socioeconomic statusin a
pooled analysisof case-control studies. PLoS One 2018;13(2):e0192999 [ FREE Full text] [doi: 10.1371/journal .pone.0192999]
[Medline: 29462211]

72. Ridker PM, MacFadyen JG, Thuren T, Everett BM, Libby P, Glynn RJ, CANTOS Tria Group. Effect of interleukin-13
inhibition with canakinumab on incident lung cancer in patients with atherosclerosis: exploratory resultsfrom arandomised,
double-blind, placebo-controlled trial. Lancet 2017 Oct 21;390(10105):1833-1842. [doi: 10.1016/S0140-6736(17)32247-X]
[Medline: 28855077]

Abbreviations

AUC: areaunder the curve

CKD: chronic kidney disease

COPD: chronic obstructive pulmonary disease

CVD: cardiovascular disease

EHR: electronic health record

EPIC: European Prospective Investigation into Cancer and Nutrition

HIE: health information exchange

HR: hazard ratio

HUNT: Helseundersgkelseni Nord-Trgndelag

ICD-10-CM: International Classification of Diseases, 10th Revision, Clinical Modification
LDCT: low-dose computed tomography

OR: oddsratio

PLCO 5010 Prostate, Lung, Colorectal, and Ovarian Cancer Screening Tria

PPV: positive predictive value

Edited by A Moorhead; submitted 31.12.18; peer-reviewed by R Guan, T Basu, K Pradeep, | Mircheva; commentsto author 23.01.19;
revised version received 18.04.19; accepted 23.04.19; published 16.05.19

Please cite as.

Wang X, Zhang Y, Hao S, Zheng L, Liao J, Ye C, Xia M, Wang O, Liu M, Weng CH, Duong SQ, Jin B, Alfreds ST, Searns F, Kanov
L, Sylvester KG, Widen E, McElhinney DB, Ling XB

Prediction of the 1-Year Risk of Incident Lung Cancer: Prospective Study Using Electronic Health Records from the Sate of Maine
J Med Internet Res 2019;21(5):€13260

URL: http://www.jmir.org/2019/5/e13260/

doi: 10.2196/13260

PMID: 31099339

©Xiaofang Wang, Yan Zhang, Shiying Hao, Le Zheng, Jiayu Liao, Chengyin Ye, Minjie Xia, Oliver Wang, Modi Liu, Ching
Ho Weng, Son Q Duong, Bo Jin, Shaun T Alfreds, Frank Stearns, LauraKanov, Karl G Sylvester, Eric Widen, Doff B McElhinney,
Xuefeng B Ling. Originally published in the Journal of Medical Internet Research (http://www.jmir.org), 16.05.2019. Thisisan
open-access  article  distributed under the terms of the Creative Commons  Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, alink to the original publication on http://www.jmir.org/, as well as this copyright and license information must be
included.

http://www.jmir.org/2019/5/€13260/ JMed Internet Res 2019 | vol. 21 | iss. 5 | 13260 | p. 17
(page number not for citation purposes)

RenderX


http://www.statcan.gc.ca/pub/82-003-x/2015006/article/14195-eng.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26086335&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0192999
http://dx.doi.org/10.1371/journal.pone.0192999
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29462211&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(17)32247-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28855077&dopt=Abstract
http://www.jmir.org/2019/5/e13260/
http://dx.doi.org/10.2196/13260
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31099339&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

