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Safety net hospital risk model demonstrates stronger, population-
specific applicability in characterizing lung cancer risk
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Background: Determining lung cancer (LC) risk using personalized risk stratification may improve 
screening effectiveness. While the Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (PLCO) 
is a well-established stratification model for LC screening, it was derived from a predominantly Caucasian 
population and its effectiveness in a safety net hospital (SNH) population is unknown. We have developed a 
model more tailored to the SNH population and compared its performance to the PLCO model in a SNH 
setting.
Methods: Retrospective dataset was compiled from patients screened for LC at SNH from 2015 to 2019. 
Descriptive statistics were calculated using the following variables: age, sex, race, education, body mass index 
(BMI), smoking history, personal cancer history, family LC history, chronic obstructive pulmonary disease 
(COPD), and emphysema. Variables distribution was compared using t- and chi-square tests. LC risk scores 
were calculated using SNH and PLCO models and categorized as low (scores <0.65%), moderate (0.65–
1.49%), and high (>1.5%). Linear regression was applied to evaluate the relationship between models and 
covariates.
Results: Of 896 individuals, 38 were diagnosed with LC. Data reflected the SNH patient demographics, 
which predominantly were African American (53.5%), current smokers (69.9%), and with emphysema 
(70.1%). Among the non-LC cohort, SNH model most frequently categorized patients as low risk, while 
PLCO model most frequently classified patients as moderate risk. Among the LC cohort, there was no 
significant difference between mean scores or risk stratification. SNH model showed 92.1% sensitivity 
and 96.8% specificity while PLCO model showed 89.4% sensitivity and 26.1% specificity. Emphysema 
demonstrated a strong association in SNH model (P<0.001) while race showed no relation.
Conclusions: SNH model demonstrated greater specificity for characterizing LC risk in a SNH 
population. The results demonstrated the importance of study sample representation when identifying risk 
factors in a stratification model.
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Introduction

Lung cancer (LC) is the leading cause of cancer deaths 
globally (1). Specifically, the United States (US) has a 
disproportionate impact on African American individuals, 
leading to higher occurrence, diagnosis at advanced 
stages, and lower survival rates (2). The National Lung 
Screening Trial (NLST) has shown that low-dose computed 
tomography (LDCT) as a screening tool for LC has 
significantly improved detection and survival rates (2-5).  
However, the study cohort consisted of 91% White and 
4.5% African American participants (2). In addition, by 
current screening criteria, only 50% of those who will 
develop LC are currently eligible for LDCT monitoring (5).  

The United States Preventive Services Task Force 
(USPSTF) offers recommendations for identifying 
individuals at risk of LC, advocating for LDCT screening. 
Their criteria for LC screening appear to disproportionately 
favor whites and the male population (2,6,7). Neglecting 
to consider racial and sex differences in LC risk can lead 
to inadequate screening for minorities, such as African 
Americans, and females (2,6,7). A systematic review in 2012 

revealed that approximately 20% of individuals undergoing 
each screening round had positive results requiring follow-
up, and only one percent of the study population had LC (8). 
This highlights the potential need for additional markers of 
LC risk to improve eligibility criteria.

Furthermore, other challenges associated with LDCT 
LC screening include its high costs, patient stress associated 
with false-positive results, and excessive radiation exposure 
among patients with minimal LC risk. The refinement of 
screening specificity may help to reduce these concerns 
(1,8). Therefore, accurate LC risk prediction models would 
be more cost-effective than NLST-like criteria and more 
sensitive in identifying high-risk individuals who acquire 
LC. Hence, this process will require fewer tests to prevent 
LC mortality (1,9-12).

Prostate, Lung, Colorectal, and Ovarian Cancer 
Screening Trial m2012 (PLCOm2012) is a well-established 
risk prediction model that estimates 6-year LC risk using 
various risk factors and showed promise after demonstrating 
an increase in sensitivity, specificity, and positive predictive 
value for risk characterization (3,11). In 2013, PLCO 
risk factors were expanded using data from the NLST to 
include race/ethnicity, educational attainment, body mass 
index (BMI), and history of emphysema (10,13). Although 
an expansion of LC risk factors demonstrated improved 
specificity in detecting LC, there is a potential limitation 
of its applicability with consideration that NLST patient 
demographics differ significantly from those of safety net 
hospitals (SNHs) across such as race/ethnicity, educational 
attainment, BMI, and incidence of chronic diseases such 
as emphysema. A retrospective study in 2022 showed that 
PLCO has a greater sensitivity in predicting LC among 
African American population, women, and men compared 
to USPSTF. However, this study has been conducted in 
populations already diagnosed with LC (7). Further research 
is needed to enhance sensitivity in identifying individuals at 
a higher risk of LC for effective LC screening.

Although several LC risk prediction models have been 
created using nationally representative study cohorts, 
external validation and direct comparisons between models 
have been limited due to a lack of data or methodological 
restrictions (10,13-21). As such, it remains unclear how these 
preexisting models perform in diverse safety-net institutions 
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or the general US population (13). In anticipation of 
limitations in applying the PLCO model to SNH patients, 
a tailored LC risk model was developed and recently 
published (SNH model) (13). This study determined the 
strongest predictors for Lung Imaging Reporting and 
Data System (Lung-RADS) one, Lung-RADS four, and 
LC within their diverse and underrepresented screening 
population. Additionally, supported the inclusion of 
additional risk factors like COPD in screening criteria and 
advocated for expanding the USPSTF guidelines to include 
younger patients with fewer pack years (13).

This current study aims to compare the performance of 
the PLCO and SNH models among the safety-net patients 
at our institution. Both in terms of overall detection and the 
influence of specific patient risk factors, with the objective 
of assessing the benefits and limitations of generalizing risk 
models across hospital populations with differing patient 
demographics. We present this article in accordance with 
the STROBE reporting checklist (available at https://tcr.
amegroups.com/article/view/10.21037/tcr-23-2304/rc).

Methods

Study design and subject population

This retrospective cross-sectional study collected and 
examined de-identified data from the Boston Medical 
Center (BMC) database of patients who received LC 
screening with LDCT between 2015 to 2019. We used 
this database to apply both PLCO and SNH models. The 
SNH model has been exclusively implemented within 
the specific demographic of the BMC safety-net patient 
sample, while the PLCO model has been used throughout 
the literature. The study was conducted in accordance with 
the Declaration of Helsinki (as revised in 2013). The study 
was approved by the Institutional Review Board (IRB), 
Integrated Network for Subject Protection in Research II 
(INSPIR II) (H-35216, approved August 3rd, 2021), and 
individual consent for this retrospective analysis was waived.

PLCOm2012 risk assessment was calculated using the 
following variables: age, race/ethnicity, BMI, smoking 
status, smoking history, history of chronic obstructive 
pulmonary disease (COPD),  emphysema/chronic 
bronchitis, personal history of cancer, family history of LC, 
and the highest degree of educational attainment (10,13). 
Through previous work using the same population, we 
established the following variables for the SNH model: age, 
history of COPD, history of emphysema and its severity 

(mild/moderate/severe), family history of LC, and pack-
year history (13). Diagnosis of emphysema was confirmed 
from chest computed tomography (CT) scan readouts.

Defining risk classification for the probability models (SNH 
and PLCO models)

The SNH and PLCO models were applied to the BMC 
dataset to obtain an overall risk score for each patient per 
model. Patients were then stratified into the following 
risk classifications: low risk was defined as scores <0.65%, 
moderate risk as 0.65–1.49%, and high risk as >1.5% (11). 

This risk classification breakdown mirrors parameters 
utilized by PLCO authorship, as specifically referenced 
from the PLCOm2012 Lung Cancer Risk Calculator 
(LCRC) app (11,22). This score yielded the probability of 
LC in 6 years (11,13).

Statistical analysis

The study cohort was stratified by whether patients were 
diagnosed with LC. Descriptive analysis used demographic 
variables and covariates to examine the patient makeup 
of the sample. Student t-test and Pearson chi-square test 
were used to compare the distributions for continuous and 
categorical variables.

The primary objective of the study was to compare the 
performance of the PLCO and the SNH models. This was 
accomplished by evaluating the models’ scores within each 
group (LC and non-LC) using descriptive statistics. Student 
t-test was run on the mean score to determine whether the 
models differed in each group. Following score submission, 
the risk was then classified as either low, moderate, or high. 
The risk classification was described by using counts (total 
number of scores in each risk) and their percentage within 
each model for both groups.

Per risk classification, data points for sensitivity, 
positive and negative predictive value, and specificity were 
gathered to determine which model was best tailored 
to the population under review. Sensitivity was defined 
as the probability of being in the moderate or high-risk 
group among patients with LC. Similarly, specificity was 
interpreted as the probability of being in the low-risk group 
among patients without LC. Positive predictive value 
defined the probability that a patient who has moderate 
or high-risk classification actually has LC, while negative 
predictive value was interpreted as the probability that a 

https://tcr.amegroups.com/article/view/10.21037/tcr-23-2304/rc
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subject with low risk actually does not have LC.
Univariate linear and logistic regression were conducted 

to evaluate the association between the differences 
among the SNH and PLCO models and the individual 
covariates. Multivariate regression was applied to 
control for confounders (age, sex, race, BMI, education, 
emphysema, COPD, personal history of LC, family history 
of LC, smoking status, and pack-year). In this analysis, 
the coefficient determined the increase and decrease of 
the difference between the models (SNH and PLCO). 
A positive coefficient was defined as the increase in the 
difference between the models. Hence, the variable that 
obtained a positive coefficient demonstrated the association 
it had in the SNH model, but not with the PLCO model. 
On the other hand, a negative coefficient was defined as the 
decrease in difference; therefore, variables with these results 
had the same association of influence to predict the risk of 
LC within the models. For all the analyses, results were 
considered statistically significant if P<0.05. All statistical 
analyses were performed using R studio version 1.3.1093 
(RStudio, PBC).

Results

Study cohort

In total, 3,055 individuals with LDCT were identified 
from the BMC database. Of these, 896 had complete data 
regarding age, sex, race, emphysema, COPD, pack years, 
and smoking status, and were included in the analysis. LC 
was diagnosed in 38 of these participants.

Most BMC patients were males (59.0%), graduated from 
high school/obtained a general education development 
(GED) (42.9%), identified as African American (53.5%), 
were overweight (BMI, 28.7 kg/m2), and were current 
everyday smokers (59.2%) with mild emphysema (58.6%). 
In addition, 54.1% of the patients had COPD, 17.5% had a 
personal history of cancer, 12.7% had a family history of LC, 
and had a mean smoking pack-year history of 31.4 (Table 1).

Patients in the LC group were predominantly female 
(52.6%), while the non-LC group were predominantly male 
(59.5%). Additionally, LC subjects were also older (mean 
age 66.6 vs. 63.2 years, P=0.003), had more pack-years  
(P=0.005), more severe emphysema (P=0.013), and had 
a diagnosis of COPD (P<0.001) relative to the non-LC 
group. There was no difference in education (P=0.24), race 
(P=0.50), BMI (P=0.80), smoking status (P=0.16), personal 
history of cancer (P=0.88), or family history of LC (P=0.20) 

between the LC and non-LC groups. Within the LC group, 
Category 4 predominated. Conversely, within the non-
LC group, Lung-RADS Category 2 emerged as the most 
prevalent, followed by Category 1 (P<0.001) (Table 1).

Probability models (PLCO vs. SNH)

The SNH model had a broader score range than the PLCO 
model. Those with LC had a higher mean score (7.2%) 
compared to the non-LC group (0.02%) in the SNH model. 
Between models, SNH yielded a higher mean score among 
LC patients (SNH 7.2% vs. PLCO 6.6%, P=0.82) and a 
lower mean score among non-LC patients (SNH 0.02% vs. 
PLCO 0.03%, P<0.001) (Table 2).

Both probability models identified patients with LC as 
moderate risk, the most frequent risk classification. Among 
patients without LC, the SNH model yielded low risk as 
the most common risk classification (96.00%), whereas the 
majority of PLCO non-LC patients were categorized as 
moderate risk (71.21%). In addition, there was a statistically 
significant difference between each model in the risk 
classification (P<0.001) (Table 2). The SNH model had 
a specificity of 96.8%, a sensitivity of 92.1%, a positive 
predictive value of 56%, and a negative predictive value 
of 99.6%. The PLCO model had a specificity of 26.1%, 
a sensitivity of 89.4%, a positive predictive value of five 
percent and a negative predictive value of 98%.

Regression analysis summary of the difference between 
models (SNH-PLCO)

The LC group showed positive coefficients for age, sex, 
race, BMI, and emphysema; however, only emphysema was 
statistically significant (P<0.001) (Table 3). After adjusting for 
all variables, emphysema remained statistically significant 
(P<0.001) (Table 4). On the other hand, the presence of 
COPD, personal history of cancer, family history of LC, 
and greater smoking pack-years was associated with a 
reduction in the difference between the two models (Table 3).  
Thus, both models demonstrated a similar precision 
regarding LC prediction, when the individual had a high 
pack-year history (P=0.01). After adjusting for all variables, 
there was no statistically significant difference among this 
variable (P=0.38).

Among the non-LC cohort, the alignment between 
SNH and PLCO risk scores per patient was optimized 
with the use of several patient variables (Table 3), with 
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Table 1 Demographic characteristics of BMC population

Demographic variables Overall (n=896) LC diagnosis (n=38) Non-LC (n=858) P

Age (years) 63.3 (6.3) 66.6 (6.5) 63.2 (6.3) 0.003*

Sex 0.15

Female 367 (41.0) 20 (52.6) 347 (40.4)

Male 529 (59.0) 18 (47.4) 511 (59.6)

Education 0.24

Did not attend school 26 (2.9) 5 (13.2) 21 (2.4)

8th grade or less 43 (4.8) – 43 (5.0)

Some high school 250 (27.9) 9 (23.7) 241 (28.1)

Graduated high school/GED 384 (42.9) 17 (44.7) 367 (42.8)

Some college/vocational technical education 101 (11.3) 4 (10.5) 97 (11.3)

Graduated college/post-graduated 88 (9.8) 3 (7.9) 85 (9.9)

Other 4 (0.4) – 4 (0.5)

Race 0.50

White 374 (41.7) 15 (39.5) 359 (41.8)

Black/African American 479 (53.5) 19 (50.0) 460 (53.6)

Hispanic or Latino 20 (2.2) 3 (7.9) 17 (2.0)

Asian 22 (2.5) 1 (2.6) 21 (2.4)

Middle Eastern 1 (0.1) – 1 (0.1)

BMI mean (kg/m2) 28.7 (6.7) 28.47 (5.3) 28.66 (6.8) 0.80

Smoking status 0.16

Never smoker 35 (3.9) – 35 (4.1)

Former smoker 235 (26.2) 9 (23.7) 226 (26.3)

Current some day smoker 96 (10.7) 3 (7.9) 93 (10.8)

Current every day smoker 530 (59.2) 26 (68.4) 504 (58.7)

Pack years 31.4 (24.0) 44.35 (28.6) 30.6 (24.5) 0.005*

Emphysema 0.013*

None 268 (29.9) 3 (7.9) 265 (30.9)

Mild 525 (58.6) 30 (78.9) 495 (57.7)

Moderate 61 (6.8) 1 (2.6) 60 (7.0)

Severe 42 (4.7) 4 (10.5) 38 (4.4)

COPD 485 (54.1) 30 (78.9) 455 (53.0) <0.001*

Personal history of cancer 157 (17.5) 7 (18.4) 150 (17.5) 0.88

Family history of LC 114 (12.7) 8 (21.1) 106 (12.4) 0.20

Table 1 (continued)
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statistical significance specifically observed in the patient 
characteristics of age (P<0.001), personal history of cancer 
(P<0.001), and pack year (P<0.001). When controlling 
for all the variables, age (P<0.001), personal history of 
cancer (P<0.001), and pack year (P<0.001) maintained their 
statistical significance. Given the negative coefficient values 
derived from univariate regression analysis of these three 
variables, these results indicate that both models performed 
similarly among patients of a younger age, without a 
personal history of cancer, and with less smoking pack 
years. Whereas the difference between models increased 
with high BMI (P<0.001), other education (P=0.03), and 
family history of LC (P=0.006) (Table 3). After controlling 

for all the variables, BMI (P<0.001) and family history of 
LC (P=0.001) continued to show statistical significance 
with respect to an associated difference between the models  
(Table 4). Thus, the SNH model was more accurate to 
predict non-LC when the patient had low BMI and no 
family history of LC.

Discussion

In this study, we compared the performance of SNH LC 
risk prediction model to the well-established PLCO model 
in an SNH setting. The SNH model performed better than 
the PLCO model, particularly in its ability to derive low risk 

Table 1 (continued)

Demographic variables Overall (n=896) LC diagnosis (n=38) Non-LC (n=858) P

Lung-RADS categories <0.001*

Category 1 152 (17.0) 0 (0.0) 152 (17.7)

Category 2 574 (64.1) 9 (23.7) 565 (65.9)

Category 3 102 (11.4) 4 (10.5) 98 (11.4)

Category 4 66 (7.4) 25 (65.8) 41 (4.8)

Data was reported as n (%) in categorical variables and mean (SD) for continuous variables; percentages may not add up to 100 due to 
rounding. *, P value is statistically significant if P<0.05. The percentages within the non-LC group may not sum up to 100% due to the 
exclusion of two subjects who did not display the Lung-RADS category. Lung-RADS Categories 4A, 4B, and 4X have been consolidated 
into a single category (Category 4) to facilitate more streamlined analysis. BMC, Boston Medical Center; LC, lung cancer; GED, general 
education development; BMI, body mass index; COPD, chronic obstructive pulmonary disease; SD, standard deviation; Lung-RADS, Lung 
Imaging Reporting and Data System.

Table 2 LC vs. non-LC risk score comparison between probability models

Variables
LC Non-LC

PLCO model SNH model P PLCO model SNH model P

Risk score

Minimum (%) 0.13 0.12 – 0 0.06 –

Maximum (%) 22 75 – 39 40 –

Mean score (SD) (%) 6.6 (0.06) 7.2 (0.15) 0.82 0.03 (0.04) 0.02 (0.02) <0.001*

Risk classification count 0.19 <0.001*

Low risk 4 (10.50) 3 (7.80) 224 (26.10) 831 (96.00)

Moderate risk 29 (76.31) 33 (86.80) 611 (71.21) 25 (2.90)

High risk 5 (13.15) 2 (5.20) 23 (2.60) 2 (0.23)

Risk score reported the minimum score and maximum score as percentage of each LC probability model according and group (LC and 
non-LC). Additionally, the mean score and standard deviation of each LC probability model was reported. Risk classification was reported 
as number and percentage per probability model and group. *, P value is statistically significant if P<0.05. LC, lung cancer; PLCO, 
Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial; SNH, safety net hospital; SD, standard deviation.
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Table 4 Multivariate regression analysis summary of the difference between models (SNH-PLCO) and the variables

Variables
LC Non-LC

Coefficient (B) Std. Error P Coefficient (B) Std. error P

Age 0.00018 0.0039 0.96 −0.002 0.00018 <0.001*

Sex −0.034 0.05 0.51 −0.0014 0.0022 0.54

Race 0.038 0.039 0.34 0.0023 0.0017 0.17

BMI 0.0072 0.0048 0.15 0.00065 0.00016 <0.001*

Education 0.028 0.019 0.14 0.0013 0.00091 0.17

Emphysema 0.15 0.033 <0.001* 0.0025 0.0015 0.10

COPD −0.015 0.066 0.82 0.0037 0.0023 0.10

Personal history of cancer −0.039 0.059 0.52 −0.017 0.0029 <0.001*

Family history of LC −0.02 0.059 0.73 0.079 0.0034 0.001*

Smoking status 0.018 0.027 0.52 −0.0044 0.0011 <0.001*

Pack years −0.0008 0.0009 0.38 −6.058e−04 <0.0001 <0.001*

A positive coefficient was defined as the increase in difference between the models. Hence, the variable that obtained a positive 
coefficient demonstrated the association it had in the SNH model, but not with the PLCO model. On the other hand, a negative coefficient 
was defined as the decrease in difference; therefore, variables with these results had the same association of influence to predict the risk 
of LC within the models. *, P value is statistically significant if P<0.05. SNH, safety net hospital; PLCO, Prostate, Lung, Colorectal, and 
Ovarian Cancer Screening Trial; LC, lung cancer; std., standard; BMI, body mass index; COPD, chronic obstructive pulmonary disease.

Table 3 Univariate regression analysis of the difference between models (SNH-PLCO) and the variables

Variables
LC Non-LC

Coefficient (B) Std. error P Coefficient (B) Std. error P

Age 0.0011 0.0043 0.81 −0.0021 0.00018 <0.001*

Sex (male vs. female) 0.011 0.056 0.85 −0.0022 0.0025 0.38

Race (Asian vs. other races) 0.028 0.039 0.47 0.0012 0.0018 0.51

BMI 0.0082 0.0051 0.12 0.00084 0.00018 <0.001*

Education 0.02 0.021 0.35 0.0022 0.001 0.03*

Emphysema 0.15 0.03 <0.001* −0.00023 0.0017 0.89

COPD −0.076 0.067 0.27 0.00086 0.0024 0.72

Personal history of cancer −0.095 0.07 0.18 −0.02 0.0031 <0.001*

Family history of LC −0.065 0.067 0.34 0.01 0.0037 0.006*

Smoking status 0.037 0.032 0.26 −0.0026 0.0012 0.03*

Pack years −0.0022 0.00091 0.01* −0.00005 <0.0001 <0.001*

Quit time years −0.00016 0.0043 0.98 0.00027 0.00029 0.35

A positive coefficient was defined as the increase in difference between the models. Hence, the variable that obtained a positive 
coefficient demonstrated the association it had in the SNH model, but not with the PLCO model. On the other hand, a negative coefficient 
was defined as the decrease in difference; therefore, variables with these results had the same association of influence to predict the risk 
of LC within the models. *, P value is statistically significant if P<0.05. SNH, safety net hospital; PLCO, Prostate, Lung, Colorectal, and 
Ovarian Cancer Screening Trial; LC, lung cancer; std., standard; BMI, body mass index; COPD, chronic obstructive pulmonary disease.
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among non-LC patients. Although the overall results were 
not particularly revealing given that the SNH model was 
developed from the same study database used in this study, 
further analysis revealed that the covariables drove this 
difference in performance. A notable point of comparison 
is the marked difference in specificity values between SNH 
and PLCO models (96.8% and 26.1%, respectively), which 
reflects PLCO’s limited ability to identify low LC risk in 
a safety net population. Demonstration of the difference 
in specificity between models is similarly reflected when 
comparing the risk classification breakdown among patients 
without LC, with 96% of patients being identified as low 
risk and a combined 3.1% as moderate and high risk by 
SNH, compared to 26.1% as low risk and a combined 
73.8% as moderate and high risk by PLCO.

Further analysis elucidated not only an association 
between demographic features of the SNH patient database 
and risk model variables but also the difference in SNH 
and PLCO model performances overall. Emphysema is 
significantly associated with risk assessment among those 
who were diagnosed with LC in the SNH model, and this 
same association was not observed in the PLCO model 
despite both risk models including emphysema as a risk 
factor. Emphysema is much more prevalent in the SNH 
patient database as compared to the NLST database that 
was used to derive the PLCO model (64.9% vs. 7.7%). It is 
important to note that this association was not seen among 
patients who were not diagnosed with LC and is therefore 
not a result of higher rate of emphysema in the SNH 
overall database. This suggested the strong association 
between emphysema and LC. There are various theories 
that have been postulated towards this association, including 
a hypothesis that the inflammation and scarring from 
emphysema/COPD may increase the risk of LC onset (23). 

Another hypothesis is the potential presence of a shared risk 
factor afflicting this geographical area that has contributed 
to both emphysema and LC risk. This fact suggests 
emphysema may be a surrogate marker of LC risk (23).  
Future research should further investigate emphysema and 
its role as a surrogate marker.

While emphysema was strongly associated with LC 
risk classification in the SNH model, patient race and 
ethnicity had no influence on this model. This observation 
is particularly interesting given that African American and 
American Indian race/ethnicity were deemed LC risk factors 
by the PLCO model, while race/ethnicity was not found 
to have any association with LC risk in the SNH model. 
This observation is mirrored by a marked difference in 

racial and ethnic diversity between NLST and SNH patient 
databases, with the NLST patient database comprising 
a predominantly Caucasian population (90.9% White 
and 4.5% Black patients), and the SNH patient database 
comprising a more diverse population (39.9% White and 
38.2% Black patients) (13). As such, in a patient database 
with greater racial/ethnic diversity, the race/ethnicity of 
minority patient populations was not correlated with LC 
risk. These observations come about at a time the medical 
community has reckoned with the consideration of race/
ethnicity as an approximation of health, as demonstrated by 
the American Medical Association’s 2020 policies committed 
to “ending the practice of using race as proxy for biology 
in medical education, research and clinical practice” (24),  
and instead prioritizing focus on the known health risk 
factors of racism and social determinants of health. As 
markers of disease risk are studied in medicine, adequate 
patient representation is a critical component to avoid an 
inflated risk assessment among populations that comprise 
a minority of study samples. Pasquinelli et al. also affirm 
the significance of employing broader prediction models 
in racially diverse populations to address disparities in LC 
screening and outcomes (2).

A strength of the study was the similarity between 
demographics (race, sex, and education) between the groups 
(LC and non-LC) to yield a more comparable sample. 
Another and a highly important strength, as mentioned 
in the previous paragraph, was the diversity in the study 
population constructing more generalizable results.

A study limitation was the small sample size of the LC 
group. This was expected given that the target population 
was LDCT individuals and the significant amount of missing 
values in the overall dataset. Moreover, our small sample 
size is consistent with existing literature, suggesting that a 
significant portion of screened individuals showed positive 
outcomes, with only a minimal percentage of the study 
population being diagnosed with LC (6). Although LDCT 
screening rate is on the rise (Massachusetts 9.4–18.0%),  
it continues to have an overall low national rate (6.0%) 
(4,25). Future studies should focus on increasing the 
study sample size to strengthen study power and have a 
better understanding of probability LC risk model among 
communities with varying patient demographics and 
environmental risk factors. Another limitation was using 
the same study population that was used to develop the 
SNH model, leading to selection bias. This is due to the 
limitation of the database restricted to only one hospital in 
Massachusetts. However, the SNH model demonstrated 
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the importance of developing a tailored probability LC 
risk model to identify high-risk individuals in a diverse 
population. Lastly, patients in the non-LC group who 
remained undiagnosed during the study period are still 
susceptible to developing malignancies in the future. 
It’s also worth considering that the study duration and 
follow-up time might not fully capture the possibility of 
transitioning to the LC group over time. Further studies 
could implement this model to observe its accuracy in a 
different population.

Conclusions

The SNH model showed greater specificity in predicting 
LC risk among the SNH population than the PLCO 
model. SNH performance was particularly enhanced by 
consideration of emphysema severity while PLCO usage 
of race/ethnicity as a LC risk factor did not strengthen 
its risk characterization. Therefore, emphysema should 
be considered an important risk factor in probability risk 
models for LC in the safety net population. However, the 
models’ probability mean scores in the LC group did not 
statistically differ from each other. The results from this 
study allude to the influence of study sample representation 
when identifying risk factors, and the methodology used to 
derive the SNH model may offer guidance for other SNHs 
to improve their own LC risk prediction accuracy. Future 
studies should assess the impact of these models on a larger 
sample in those who have LC in a wider and geographically 
different population.
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