SIMR
Publications

The Leading eHealth Publisher

Data mining and feature selection in machine
learning analysis of cancer information seeking
among U.S. adults

Ying Liu, Kesheng Wang

Submitted to: JMIR Medical Informatics
on: April 11, 2025

Disclaimer: © The authors. All rightsreserved. Thisis a privileged document currently under peer-review/community
review. Authors have provided JMIR Publications with an exclusive license to publish this preprint on it's website for
review purposes only. While the final peer-reviewed paper may be licensed under a CC BY license on publication, at this
stage authors and publisher expressively prohibit redistribution of this draft paper other than for review purposes.

https://preprints.jmir.org/preprint/ 75862 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Livetd

Table of Contents

L@ T N F= Y =T o TN 1S o ] o] SO ST SO RSSRPRPRRN 5
ST o] o1 = L= T A =TSRSS 25

https://preprints.jmir.org/preprint/ 75862 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Livetd

Data mining and feature selection in machine learning analysis of cancer
information seeking among U.S. adults

Ying Liu" PhD; Kesheng Wang® " PhD

! East Tennessee State University Johnson City US
2 Cancer Survivorship Research Center, College of Nursing University of South Carolina Columbia US

3 Department of Epidemiology and Biostatistics, Arnold School of Public Health University of South Carolina Columbia US
“these authors contributed equally

Corresponding Author:
Ying Liu PhD

East Tennessee State University

P.O. Box 70259

Department of Biostatistics and Epidemiology, College of Public Health
Johnson City

us

Abstract

Background: Feature selection is essential in machine learning (ML) for identifying relevant variables. The Boruta agorithm
and the least absol ute shrinkage and selection operator (LASSO) are two widely used methods.

Objective: This study aimed to (1) compare feature selection methods (Boruta, LASSO, their combination, principal component
analysis (PCA), and non-feature selection), and (2) develop ML toolsto predict cancer information seeking among U.S. adults.

M ethods: Data from 5505 individuals (2630 cancer information seekers and 2975 non-seekers) were selected from the 2022
Health Information National Trends Survey (HINTS 6). Four feature selection approaches and five ML tools (the support vector
machines (SVMs) agorithms, logistic regression (LR), random forest (RF), k-nearest neighbor (KNN), and extreme gradient
boosting (XGBoost)) were applied to develop ML models to predict cancer information seeking.

Results: The cancer information seeking prevalence was 47.2% (42.8% for males and 49.7% for females). The Boruta and
LASSO selected 45 and 55 variables, respectively, with 36 in common. The PCA identified 21 uncorrelated factors. RF
performed best, with similar AUCs for Boruta, LASSO, and no feature selection (?0.950) and accuracy (?0.860). Using PCA-
selected variables yielded a dightly lower AUC (0.931) but comparable accuracy (0.853). Stepwise regression confirmed 21 of
36 selected key predictors, including personal/family cancer history, health information access, education, income, social media
use, smoking, acohol beliefs, and healthcare visits.

Conclusions. Feature selection effectively reduce dimensionaity while retaining the predictive power. Boruta and LASSO
performed comparably in terms of the selected variables. PCA-based selection uncorrelated s also proved useful. The key
identified factors associated with cancer information seeking can guide future cancer intervention and prevention strategies.
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Short title: Machine learning analysis of cancer information seeking

ABSTRACT

Background: Feature selection is essential in machine learning (ML) for identifying relevant variables. The
Boruta algorithm and the least absolute shrinkage and selection operator (LASSO) are two widely used
methods.

Objectives: This study aimed to (1) compare feature selection methods (Boruta, LASSO, their combination,
principal component analysis (PCA), and non-feature selection), and (2) develop ML tools to predict cancer
information seeking among U.S. adults.

Methods: Data from 5505 individuals (2630 cancer information seekers and 2975 non-seekers) were selected
from the 2022 Health Information National Trends Survey (HINTS 6). Four feature selection approaches and
five ML tools (the support vector machines (SVMs) algorithms, logistic regression (LR), random forest (RF), k-
nearest neighbor (KNN), and extreme gradient boosting (XGBoost)) were applied to develop ML models to
predict cancer information seeking.

Results: The cancer information seeking prevalence was 47.2% (42.8% for males and 49.7% for females). The
Boruta and LASSO selected 45 and 55 variables, respectively, with 36 in common. The PCA identified 21
uncorrelated factors. RF performed best, with similar AUCs for Boruta, LASSO, and no feature selection
(*0.950) and accuracy (®0.860). Using PCA-selected variables yielded a slightly lower AUC (0.931) but
comparable accuracy (0.853). Stepwise regression confirmed 21 of 36 selected key predictors, including
personal/family cancer history, health information access, education, income, social media use, smoking,
alcohol beliefs, and healthcare visits.

Conclusions: Feature selection effectively reduce dimensionality while retaining the predictive power. Boruta
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and LASSO performed comparably in terms of the selected variables. @ PCA-based selection
uncorrelated s also proved useful. The key identified factors associated with cancer information
seeking can guide future cancer intervention and prevention strategies.

Key words: Cancer information seeking; beliefs; knowledge; health behaviors; feature selection;

PCA; machine learning

1. Introduction

With the development of science and technology, people seek health information from various
sources, including online and offline approaches for different reasons, such as to understand personal
or family members’ health conditions, make decisions on health professional’s recommendation [1].
According to U.S. National Cancer Institute report, approximately 40.5% of people will have cancer
in their whole lifespan based on 2017-2019 data. Over two million people were diagnosed in the
United States in 2024 [2]. Cancer patients and survivors desire information about their disease and its
treatment, often actively seek cancer information to understand their condition, treatment
approaches, and home care. their family member usually join them and seek more information.
Healthy people may seek cancer information to enlarge their knowledge and improve their quality of
life like changing their behaviors to healthy food, and have regular physical exams [3].

Machine learning (ML) and predictive analytics are commonly used in many areas, and they can
transform data into useful insights for better understanding and faster decision-making. ML methods
can address high dimensional data, model the etiological and clinical heterogeneity, and translate
univariate variable findings into clinically useful multivariate decision support systems [4—8].

Feature selection is a critical step in ML not only to reduce the dimensionality of the feature
space, but also to reveal the most relevant features without losing too much information [9-11].
Feature selection, as a preprocessing stage, is essentially the process of picking some informative and
relevant features from a larger collection of features that produce a better characterization of patterns
of multiple classes [12,13]. Several feature selection methods have been used in ML such as the least
absolute shrinkage and selection operator (LASSO) [14-17] and the Boruta algorithm [14,15].

Principal component analysis (PCA) is an unsupervised feature reduction technique that explains
the variance-covariance structure of a set of variables through linear combinations known as
principal components or factors. Principal component analysis (PCA) has been used to reduce the
dimensions but it is a not a feature selection method because all variables remained in each factor
[13,18-20].

While numerous studies have investigated cancer information seeking behaviors [3,21,22];
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however, few have employed ML approaches to identify the key factors that influence cancer
information seeking behaviors. To address this gap, this study aimed to (1) compare four feature
selection methods- Boruta, LASSO, combination of Boruta and LASSO, principal component
analysis (PCA) and non-feature selection; and (2) develop ML tools to predict cancer information
seeking among U.S. adults using the data from Health Information National Trends Survey (HINTS)
2022.

2. Methods

2.1. Sample

The data for this study was selected from the 2022 Health Information National Trends Survey
(HINTS 6) included 6,252 respondents. The HINTS is a nationally representative survey
administered by the National Cancer Institute (NCI) since 2003. The HINTS target adults aged 18 or
older in the civilian non-institutionalized population of the United States (U.S.). The HINTS
sponsored by the NCI, provide a unique opportunity to explore the characteristics of information
seekers and non-seekers, as well as the content of information being sought by the public in a
nationally representative sample. Data collection for HINTS 6 started on March 7, 2022, and
concluded on November 8, 2022. The overall household response rate, based on the next-birthday
method, was 28.1%. This study was exempt from the Institutional Review Board (IRB) approval

since it involved secondary data analysis of a publicly accessible database.

2.2. Outcome variable
Subjects were considered to be cancer information seekers if they responded “yes” to the question
“Have you ever looked for information about cancer from any source?”. Non-seekers were those if

they responded “no” to the question.

2.3. Data processing of predictors

Demographic characteristics included gender, age group (18-49 years, 50-64 years, 65-74 years and
75 years or older), race, education, work full time (yes, no), income, and health insurance (yes, no).
Race was recoded as Hispanic, non-Hispanic White, non-Hispanic Black or African American (AA),
non-Hispanic Asian, and other. Education had four categories (less than high school, some college,
bachelor's degree, and post-baccalaureate degree). The four categories of annual income were
<$19,999, $20,000-49,999 and $50,000-74,999 and 75,000+. Table 1 lists the demographic variables.

A total of 87 variables (including demographic factors and variables in alcohol and tobacco
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use, health care, medical record, chronic diseases, beliefs about cancer, and health and nutrition etc.)
were included in the initial analysis. Variables with missing value rate higher than 10% were
removed. Individuals with missing values in outcome, age, gender and race were removed and then
there are 5,505 individuals left. Race was generated for dummy variables. Other variables were
binary or ordinal or continuous. The missing values in continuous variables were imputed by the
mean and missing values in binary or ordinal variables were imputed by the mode. The full list of 73
predicting variables was listed in supplementary Table S1. Figure 1 shows an overview of the data

curation and ML process.

Preprocessing
Input dataset —y [Imputation (mean or mode), feature selection
(Boruta and LASSO)]

Machine learning (ML) models
[Logistic regression (LR), support vector machines Training data (70%)
(SVM), random forest (RF), k-nearest neighbor Testing data (30%)
(KNN), and extreme gradient boosting (XGBoost)]

Performance comparison
[Accuracy (ACC), recall (sensitivity - Sn), specificity (Sp), precision (positive
predictive value - PPV), F1 score, and area under the ROC (receiver operating
characteristics) curve (AUC)]

Figure 1. Overview of Data Curation and Machine Learning (ML) Workflow

2.4. Feature selection methods

2.4.1. Boruta
Boruta [23] and the least absolute shrinkage and selection operator (LASSO) [24] were used to select
the variables associated with binary outcome. The Boruta algorithm, implemented in R via the

“Boruta” package, automatically performs feature selection on a dataset using a random forest (RF)

classifier [23].

2.4.2. LASSO
The LASSO feature selection was applied using “glmnet” package in R [24]. This method
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regularizes the model by applying a penalty (A), shrinking the regression coefficients and reducing
some of them to zero. The feature selection phase occurs after the shrinkage, where non-zero values

are selected as model parameters.

2.4.3. PCA

The PCA is an effective method to reduce the dimensionality of multivariate data. It captures the
most variance in the dataset with a relatively small number of uncorrelated factors/PCs. Factor
analysis was performed using PCA in SPSS. A Scree plot was used to visualize eigenvalues. The
rotation method of Varimax (orthogonal) was used to produce different factor structures depending
on the relationships between factors. A "rotated component matrix" in factor analysis is a table
displaying the correlations between each variable in your dataset and the extracted factors after a
rotation process has been applied, essentially making the factor structure easier to interpret by
aligning the variables with their most relevant factors, often resulting in clearer groupings and higher
loadings on specific factors compared to the unrotated solution. Large absolute values in a row of
the matrix indicate that the corresponding variable has a strong relationship with that particular
factor. Factors were selected based on eigenvalues greater than 1.0, and the corresponding factor
scores were used for ML analyses. One variable with highest loading/correlation coefficients was

chosen from each factor for further ML analyses.

2.5. Machine learning methods

Five ML algorithms were used, including Logistic Regression (LR), Support Vector Machines
(SVM), Random Forest (RF), k-nearest neighbor (KNN), and Extreme Gradient Boosting
(XGBoost). The SVM algorithm includes linear kernel, radial kernel, and polynomial kernel [25].
The RF algorithm randomly selects a subset of variables to construct multiple decision trees [26,27].
KNN, a simple ML algorithm based on a clustering algorithm with supervised learning, calculates
the average of the numerical target of the K nearest neighbors. [28]. KNN is more suitable for low-
dimensional data with a small number of input variables. XGBoost [29] is a supervised machine
learning method for regression and classification tasks similar to R F classifier. The Caret package in
R was used for LR, KNN, RF, and SVM [30]. The XGboost package was used for gradient boosting
machine [31]. A 10-fold cross-validation approach was applied, and multiple parameters for each

algorithm were optimized using a grid search.

2.6. Performance of machine learning
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To evaluate the performance of feature selection methods, accuracy (ACC), recall (sensitivity - Sn),
specificity (Sp), precision (positive predictive value - PPV), F1 score, and area under the ROC
(receiver operating characteristics) curve (AUC). The R packages used included “caret”, “kernlab”,

and “ROCR.”

TP+TN
Accuracy = (1)
TP+TN+FP+FN
TP
Recall=
T TPrEN )
TN
Specificity =
pecificity TN+ EP 3)
. TP
P =
recision TP+ EP 4)

F1—Score—= 2% PreF’lflon *Recall 5)
Precision+ Recall

where TP is the number of true positives, TN is the number of true negatives, FP is the number of
false positives, and FN is the number of false negatives. F1-Score is a harmonic mean that combines

both recall and precision.

2.7. Statistical analysis

The categorical variables were presented in their raw values along with the proportions for
categorical variables. The Chi-square test was used to examine the associations of categorical
variables with cancer information seeking across demographic variables. Stepwise logistic regression
analysis was performed to estimate the odds ratios (ORs) and their 95% confidence intervals (ClIs)
for the associations of potential factors with outcome. All statistical analyses were performed using

SPSS software, version 29.

3. Results

3.1. Prevalence of cancer information seeking

Among 5,505 adult respondents, there were 2,630 cancer information seekers and 2,975 non-seekers
(Table 1). The overall prevalence was 47.2% (42.8% for males and 48.7% for females). The
prevalence increased with age (46.3%, 49.2%, 50.5% for age groups 18-49, 50-64, and 65-74,
respectively). The age group of 75+ has a lower prevalence (44.0%). The prevalence was higher in

those with higher education and higher income.

https://preprints.jmir.org/preprint/ 75862 [unpublished, non-peer-reviewed preprint]
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3.2. Feature selection

The Boruta algorithm selected 45 variables and LASSO selected 55 variables related to cancer
information seeking (Supplementary table S1). Of these, 36 variables were identified by both
methods. The PCA identified 21 uncorrelated factors with eigenvalues greater than 1 (Figure 2 and
supplementary table S2). From each factor, we selected the variable with the highest

loading/correlation (Supplementary table S3).

3.3. Machine learning performance
The performance statistics are summarized in Table 2. Based on accuracy and AUC, RF emerged as
the best ML model with highest AUC across all 6 feature selection methods, and highest accuracy in
five out of six feature selection methods (Table 2). Based on RF, Boruta, LASSO, combination of
Boruta and LASSO, and non-feature selection yielded the almost same AUC (0.949, 0.950, 0.949
and 0.950, respectively) and similar accuracy (0.860, 0.876, 0.855 and 0.857, respectively). The
second-best ML model is XGboost, Boruta, LASSO, combination of Boruta and LASSO, and non-
feature selection revealed the almost same AUC (0.910, 0.912, 0.924 and 0.931, respectively) and
similar accuracy (0.844, 0.850, 0.857 and 0.852, respectively). When selecting one variable from
each of 21 factors with highest loading with the factor, the RF model showed a slightly lower AUC
(0.931) than the model using 36 variables from both Boruta and LASSO but maintained similar
accuracy (0.853).

Plot of mean decrease accuracy and mean decrease Gini values using random forest algorithm
for 36 variables selected by LASSO and Boruta was illustrated in Figure 3 and those for the 21
variables from each factor were illustrated in Figure 4. (Figure 4). Plot of mean decrease accuracy
and mean decrease Gini values using RF algorithm, XGBoost, GBM, LR models and the 21 factors
are illustrated in supplementary figures s1-s4. The AUC curves in the validation data for RF model,
based on LASSO, Boruta, 35 variables selected by both LASSO and Boruta , all 73 variables, 21

factor scores and and the 21 variables from each factor were illustrated in Figure 5.

3.4. Stepwise logistic regression analysis

Stepwise logistic regression of 36 variables identified by both Boruta and LASSO and further
confirmed 21 variables were associated with cancer information seeking (Table 3). The top variables
included having cancer, a family history of cancer, concerns about developing cancer, knowledge of

genetic test and HPV, access to health records, higher income, higher education, frequent social-

https://preprints.jmir.org/preprint/ 75862 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Livetd

media video consumption, belief in alcohol increasing cancer and older age, smoking status,

perception of the harm of e-cigarette use, binge drinking, and frequency of healthcare visits.

4. Discussion

To the best of our knowledge, this study represents the inaugural attempt to focus on feature
selection and the development and validation ML tools to predict cancer information seeking
behavior using the latest HINTS 2022 data. Both Boruta and LASSO identified 36 identical
variables. Based on the 35 selected variables, the RF achieved the highest accuracy. A stepwise
logistic regression model further confirmed that 21 of the 36 variables were significantly associated
with cancer information seeking.

Feature selection is a critical step in ML to reduce the dimensionality while retaining the most
relevant features without excessive information loss [9—11]. Previous studies have used several
feature selection methods including LASSO, Boruta, and RF [14-17]. In the present study, we
applied Boruta and LASSO methods and selected 36 overlapping variables (Table 2).
Boruta algorithm is a feature selection method based on random forest and considers important
variables but does not account for collinearity while selecting variables, whereas LASSO
regression is useful when multicollinearity exists in the model [23,32,33]. The LASSO
can be used as a variable selection method because numerous beta coefficients that are not strongly
associated with the outcome are decreased to zero, which is equivalent to removing those variables
from the model. However, the disadvantage of LASSO is that it assumes a more restrictive set of
assumptions than the random forest. For example, that the LASSO is a linear model, so anything that
matters for your outcome that isn't linear in the parameters under estimation is at risk of getting
eliminated.

ML represents a powerful tool that could advance tobacco control research and policy
decision-making [34]. The present study showed that the RF model was the best classifier and
XGBoost was the second-best model (Table 2).

Cancer patient often seek information regarding their diagnosis, treatment options, treatment
costs, potential side effects, and the implications for daily life and survival. While physicians remain
a primary source of such information, patients frequently turn to additional resources such as the
internet and books to supplement their understanding [21]. A previous study has identified that
various factors influence cancer information-seeking behaviors, including gender, education levels,
income, and cancer type [3]. In the present study, machine learning techniques were employed to

identify key predictors of cancer information seeking behavior. The most influential factors included
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personal or family history of cancer, access to health information, education, income, social media

use, smoking status, beliefs about alcohol, and frequency of healthcare visits.

4.1. Strengths and limitations
This study has several notable strengths. First, this study used the most recent HINTS (2022) data to
examine the prevalence of cancer information seeking. The HINTS data provides unparalleled
insights into health information seeking behaviors, social media use, beliefs about alcohol and cancer
etc. Second, we performed feature selection using two widely used methods, LASSO and Boruta, to
identify common variables across both methods. Third, we inferred PC scores (factor scores) and
then used weighted logistic regression analyses to estimate the associations of potential factors and
PC scores with CRC screening. Fourth, we compared 5 ML algorithms and found the RF model
demonstrated outstanding classification performance in predicting cancer information seeking.
Moreover, we used stepwise logistic regression analysis to validate the results from ML techniques.
Despite these strengths, our analysis has some limitations. Firstly, because the HINTS data are
cross-sectional, we could only identify correlations rather than causal relationships. Future research
could address this limitation by applying a rigorous quasi-experimental method to longitudinal
datasets. Secondly, since information from participants was self-reported, our study may be subject
to recall bias as well as social desirability bias. Furthermore, the data were collected in 2022, the

COVID-19 pandemic may influence both data collection and results.

5. Conclusion

The present study provided the updated prevalence of cancer infromation seeking among U.S. adults.
Furthermore, we performed feature selection and compared five ML algorithms for classifying cancer
information seeking, and identified that the RF was the best performer with the highest accuracy and
AUC. Based on the stepwise regression model, 21 out of 36 selected variables were significantly
associated with cancer information seeking. Moreover, PCA proved useful for data mining to reduce
the indicators in complex survey data and aid in feature selection. Our findings may benefit
researchers, policymakers, and health care providers by increasing public awareness and supporting

targeted education on cancer information seeking.
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Figures S1-S4. Plot of mean decrease accuracy (left panel) and mean decrease gini (right panel)

values using random forest algorithm and LASSO, Boruta, all 73 variables and 21 factors.
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Table 1. Prevalence of cancer information seeking across demographic factor (%)

Variable Total (N) Seeking Prevalence (%) p-value
95% CI

Gender
Male 2307 987 42.8 <0.001
Female 3535 1758 49.7

Age group
18-49 years 1935 895 46.3 0.012
50-64 years 1607 791 49.2
65-74 years 1234 623 50.5
75+ years 729 321 44.0

https://preprints.jmir.org/preprint/ 75862

[unpublished, non-peer-reviewed preprint]



JMIR Preprints Liueta
Race
Non-Hispanic White 3175 1738 54.7 <0.001
Non-Hispanic African American 878 314 35.8
Hispanic 984 371 37.7
Non-Hispanic Asian 286 120 42.0
Other 182 875 47.8
Education
Less than High School 1300 375 28.8 <0.001
Some College 1574 721 45.8
Bachelor's Degree 1550 843 54.4
Post-Baccalaureate Degree 1070 687 64.2
Income
<19,999 904 271 30.0 <0.001
20,000-49,999 1431 569 39.8
50,000-74,999 946 488 51.6
75,000+ 2224 1302 58.5
Overall 5505 2630 47.2
Abbreviations: CI: Confidence interval. p-value is based on y’ test.
Table 2. Machine learning and comparison of performance
Model Variation Features Accuracy Sensitivity Specificity Precision F1-Score AUC
(Recall)
SVM Linear kernel All features 0.703 0.696 0.710 0.710 0.703 0.786
LASSO 0.698 0.694 0.703 0.704 0.699 0.782
Boruta 0.687 0.681 0.694 0.694 0.687 0.781
LASSO and Boruta 0.686 0.678 0.695 0.694 0.686 0.780
PCA score 0.694 0.670 0.717 0.707 0.688 0.768
PCA based - highest  0.662 0.638 0.686 0.674 0.656 0.717
loading variable
RBF kernel All features 0.841 0.881 0.800 0.818 0.848 0.944
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LASSO 0.845 0.869 0.820 0.831 0.850 0.936
Boruta 0.776 0.595 0.959 0.938 0.728 0.932
LASSO and Boruta ~ 0.827 0.921 0.732 0.778 0.843 0.937
PCA score 0.835 0.883 0.785 0.807 0.843 0.932
PCA based - highest  0.823 0.908 0.736 0.778 0.838 0.920
loading variable

LR Logistic regression All features 0.699 0.696 0.703 0.704 0.700 0.786
LASSO 0.698 0.679 0.717 0.710 0.694 0.785
Boruta 0.693 0.694 0.694 0.698 0.696 0.783
LASSO and Boruta  0.694 0.685 0.703 0.701 0.693 0.782
PCA score 0.682 0.656 0.708 0.696 0.675 0.770
PCA based - highest  0.660 0.641 0.679 0.670 0.655 0.718
loading variable

RF Random forest All features 0.857 0.856 0.859 0.861 0.858 0.950
LASSO 0.876 0.878 0.873 0.876 0.877 0.950
Boruta 0.860 0.867 0.853 0.857 0.862 0.949
LASSO and Boruta ~ 0.855 0.858 0.851 0.855 0.856 0.949
PCA score 0.850 0.872 0.828 0.837 0.834 0.944
PCA based - highest  0.853 0.858 0.848 0.852 0.855 0.931
loading variable

KNN k-nearest neighbors All features 0.813 0.789 0.837 0.831 0.809 0.814
LASSO 0.815 0.798 0.831 0.828 0.813 0.815
Boruta 0.825 0.793 0.857 0.849 0.820 0.818
LASSO and Boruta ~ 0.835 0.811 0.859 0.854 0.832 0.815
PCA score 0.806 0.775 0.857 0.829 0.801 0.808
PCA based - highest  0.820 0.804 0.837 0.834 0.819 0.806
loading variable

XGBoost  Extreme gradient boosting All features 0.852 0.858 0.846 0.850 0.854 0.931
LASSO 0.850 0.850 0.844 0.848 0.849 0.912
Boruta 0.844 0.847 0.840 0.844 0.845 0.910
LASSO and Boruta ~ 0.857 0.854 0.861 0.862 0.858 0.924
PCA score 0.856 0.869 0.842 0.849 0.859 0.938
PCA based - highest  0.835 0.823 0.846 0.845 0.834 0.908

loading variable

Abbreviations: SVM: Support vector machine; RBF:
operating characteristics) curve.

Table 3. Stepwise logistic regression analyses of 36 variables

Variable OR (95% CI) p-value
Gender (ref=male)
Female 1.23 (1.08-1.41) 0.002
Education (ref= less than high school)
Some College 1.40 (1.17-1.68) <0.001
Bachelor's Degree 1.48 (1.22-1.80) <0.001
Post-Baccalaureate Degree 1.84 (1.48-2.29) <0.001
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Income (ref=<19,999)

20,000-49,999

50,000-74,999

75,000+
Race (ref=White)

African American

Hispanic

Asian
Trust charities (1-4, 4= a lot)
Alcohol_intent (1-4, 4= drink more alcohol)
Alcohol_Increase_Cancer (1-4, 4= a lot)
Meat_Increase_Cancer (1-4, 4= a lot)
Confident_Internet_Health Resource (1-5, 5=not
confident at all)
Cancer (ref=no)

Yes
Family had cancer (ref=no)

Yes

Not sure
Heard_genetic_test (Ref=no)

Yes
Heard_HPV(Ref=no)

Yes
Doctor told colorectal Cancer Tests (ref=never)

No

Yes
Prevention cancer not possible (1-4, 4=strongly
agree)
Worry_get_cancer (1-5, 5=extremely)
Frequency_go_provider last year (1-6, 6=10 or more
times)
Offer_access online medical record (ref= do not

know)

No

Yes
Social_media_misleading health infor (1-5, 5= a lot)
Social_media_watch_video (1-5, 5=almost
everyday)
COVID19 delay cancer_screening (1-5, 5= a lot)

1.18 (0.96-1.46)
1.63 (1.29-2.06)
1.74 (1.39-2.17)

0.62 (0.51-0.74)
0.80 (0.66-0.95)
0.84 (0.63-1.12)
1.10 (1.02-1.19)
1.10 (1.02-1.18)
1.24 (1.14-1.35)
1.11 (1.04-1.18)
1.10 (1.02-1.18)

2.84 (2.33-3.45)

0.80 (0.62-1.04)
1.70 (1.35-2.15)

1.65 (1.38-1.98)
1.43 (1.24-1.66)

1.08 (0.90-1.30)
1.22(1.04-1.43)
0.86 (0.79-0.92)

1.24 (1.17-1.31)
1.05 (1.01-1.08)

1.13 (0.84-1.15)
1.60 (1.23-2.09)
1.08 (1.03-1.13)
1.24 (1.16-1.32)

1.08 (1.02-1.15)

Liuetd

0.115
<0.001
<0.001

<0.001
0.013
0.221
0.012
0.010
<0.001
<0.001
0.013

<0.001
<0.001

0.091
<0.001

<0.001

<0.001

0.416
0.017
<0.001

<0.001
0.015

0.416
<0.001
0.002
<0.001

0.012

Abbreviations: OR = Adjusted odds ratio; CI = Confidence interval.
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Figure 3. Plot of mean decrease accuracy (left panel) and mean decrease gini (right panel) values using random forest
algorithm and 36 variables selected by LASSO and Boruta
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Figure 5. AUC curves in the validation data using random forest. (a) V73, (b) LASSO, (c) Boruta, (d) LASSO
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