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ABSTRACT

Introduction Although lung cancer remains the leading
cause of cancer deaths in the US, recent advances in

early detection and treatment have led to improvements

in survival. However, there is a considerable risk of
recurrence or second primary lung cancer (SPLC) following
curative-intent treatment in patients with early-stage
non-small cell lung cancer (NSCLC). Professional societies
recommend routine surveillance with CT to optimise the
detection of potential recurrence and SPLC at a localised
stage. However, no definitive evidence demonstrates

the effect of imaging surveillance on survival in patients
with NSCLC. To close these research gaps, the Advancing
Precision Lung Cancer Surveillance and Outcomes in
Diverse Populations (PLuS2) study will leverage real-
world electronic health records (EHRs) data to evaluate
surveillance outcomes among patients with and without
guideline-adherent surveillance. The overarching goal of
the PLuUS2 study is to assess the long-term effectiveness
of surveillance strategies in real-world settings.

Methods and analysis PLuS2 is an observational study
designed to assemble a cohort of patients with incident
pathologically confirmed stage I/Il/llA NSCLC who have
completed curative-intent therapy. Patients undergoing
imaging surveillance will be followed from 2012 to 2026 by
linking EHRs with tumour registry data in the OneFlorida+
Clinical Research Consortium. Data will be consolidated
into a unified repository to achieve three primary aims: (1)
Examine the utilisation and determinants of CT imaging
surveillance by race/ethnicity and socioeconomic status,
(2) Compare clinical endpoints, including recurrence,
SPLCs and survival of patients who undergo semiannual
versus annual CT imaging and (3) Use the observational
data in conjunction with validated microsimulation models
to simulate imaging surveillance outcomes within the US
population. To our knowledge, this study represents the first
attempt to integrate real-world data and microsimulation
models to assess the long-term impact and effectiveness of
imaging surveillance strategies.

;¥ MK Gould™®

STRENGTHS AND LIMITATIONS OF THIS STUDY

= Leverages real-world data from a large, diverse clin-
ical research network to evaluate imaging surveil-
lance practices in early-stage non-small cell lung
cancer.

= Use natural language processing to extract imag-
ing indications from unstructured electronic health
record (EHR) notes, capturing information not avail-
able in structured fields.

= Integrates observational data with microsimulation
modelling to estimate long-term outcomes under
different surveillance strategies.

= Non-randomised surveillance intervals and reliance
on EHR documentation may introduce confounding
and incomplete capture of recurrence or second pri-
mary lung cancers.

= Real-world data may be subject to selection bias
and missing information; mitigation strategies in-
clude multiple imputations and sensitivity analyses.

Ethics and dissemination This study involves human
participants and was approved by the University of Florida
Institutional Review Board (IRB), University of Florida IRB
01, under approval number IRB202300782. The results will
be disseminated through publications and presentations

at national and international conferences. Safety
considerations encompass ensuring the confidentiality

of patient information. All disseminated data will be de-
identified and summarised.

INTRODUCTION

Lung cancer ranks as the second most prev-
alent cancer in both men and women, and it
stands as the primary contributor to cancer-
related fatalities in the US, accounting for
~25% of all cancerrelated deaths.! Recent
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advances in screening and treatment modalities have led
to notable improvements in the prognosis for patients with
early-stage non-small cell lung cancer (NSCLC).** The
5-year survival rate for individuals with early-stage NSCLC
has seen a steady upward trajectory, reflecting the efficacy
of advanced medical interventions and multi-disciplinary
approaches to care.® However, despite these positive
trends, many patients experience disease recurrence or
develop secondary primary lung cancer (SPLC) following
curative treatment.” Studies suggest that recurrence rates
in this patient population range from 30%-50% and
1%—-2% yearly risk of SPLC.®” These statistics underscore
the potential benefits of surveillance and early detection
of cancer recurrence or SPLC in this group.”

The National Comprehensive Cancer Network (NCCN)
and the European Society for Medical Oncology Clinical
Practice Guidelines recommend CT scans every 6 months
for the first 2-3 years after curative-intent therapy,
followed by annual scans for up to 5 years” '’ These guide-
lines are consensus-based rather than evidence-based, as
the impact of regular surveillance on long-term outcomes
remains unclear.'' The IFCT-0302 trial compared chest
X-ray to CT for surveillance every 6 months for the first 2
years, followed by annual scans until 5 years, and found
that while CT detected more recurrences and SPLCs, it
did not improve overall survival.'®

In the US, providers have embraced NCCN guidelines,
which have driven the increased utilisation of CT surveil-
lance."! "' This trend has persisted despite the lack of
definitive evidence regarding the optimal frequency of
CT surveillance in reducing mortality rates.'® '” Notably,
no clinical trials have demonstrated the efficacy of CT
surveillance for NSCLC populations in the US Extrapo-
lating findings from the IFCT-0302 study to an American
population is challenging due to the underrepresen-
tation of minority patients."* Given that Black patients
with localised and loco-regional NSCLC have poorer
outcomes than other patients,” it is important to address
clinical endpoints in that population.

The overarching goal of the Advancing Precision Lung
Cancer Surveillance and Outcomes in Diverse Popula-
tions (PLuS2) study is to establish a unique data repos-
itory to address critical gaps in lung cancer surveillance
following curative-intent therapy. The study aims to: (1)
Assess the utilisation and determinants of CT imaging
surveillance among patients treated with curative intent
for early-stage NSCLC, distinguishing between routine
(asymptomatic) imaging surveillance versus symptom-
directed diagnostic surveillance and stratifying the util-
isation patterns by race/ethnicity and socioeconomic
status (SES), (2) Compare clinical endpoints, including
recurrence, SPLCs and survival, among patients under-
going semi-annual versus annual CT imaging surveil-
lance and (3) Evaluate the comparative effectiveness of
imaging surveillance strategies by projecting long-term/
lifetime progression and survival outcomes using a previ-
ously validated microsimulation model. The conceptual
framework for the PLuS2 study is presented in figure 1.

This study will use unstructured and structured data from
electronic health records (EHRs), linked with tumour
registries, death index, claims and census-tract level data
to determine the role of CT surveillance among a diverse
population with early-stage NSCLC that received curative-
intent therapy.

METHODS AND ANALYSIS

Study design and setting

The PLuS2 study will use real-world data from the
OneFlorida+ Clinical Research Consortium.'® The
OneFlorida+ Consortium contains extensive longitudinal
patient-level EHR records for approximately ~18 million
Floridians with data compiled through various sources,
including selected Medicaid and Medicare, cancer regis-
tries, vital statistics and EHRs from clinical partners in the
Network.'®

Study population

The target population will include University of Florida
(Gainesville and Jacksonville health centres) patients
within the OneFlorida+ Consortiumwho have received a
diagnosis of primary pathologically confirmed stage I-IITA
NSCLC and have completed curative-intent therapy and
survived for at least 5 months post-therapy initiation.
Structured data will be extracted from the EHR (linked
with selected claims and tumour registries), while unstruc-
tured data will be abstracted from the free-text clinical
encounter, radiology and pathology reports. Natural
language processing (NLP) pipelines will be developed
and validated to ascertain if the indication for imaging
was routine surveillance in asymptomatic patients or diag-
nostic patients with symptoms or signs. Symptoms sugges-
tive of recurrence/SPLC, social determinants of health
(SDOH) and behavioural risk factors (eg, smoking,
physical activity) will be extracted as detailed in the NLP
section below.

Natural language processing to comprehensively characterise
the study population

In this study, we will employ NLP methods to extract
features from clinical notes, radiology reports and
pathology reports. NLP will identify and categorise symp-
toms such as cough, chest pain, haemoptysis, shortness
of breath, unexplained weight loss, recurrent respiratory
infections, weakness, fatigue and loss of appetite that
prompt symptom-driven CT imaging surveillance.' The
features extracted from unstructured data will be used to
classify CT imaging surveillance scans as either routine/
scheduled surveillance or symptom-driven diagnostic
orders.?* %

Additionally, NLP will extract missing cancer stage
information, histological subtypes from pathology
reports and SDOH variables from clinical notes.”* ** The
NLP workflow will involve the following steps: (1) Anno-
tate concepts of interest using a dataset of 200 de-iden-
tified clinical notes and radiology reports, (2) Generate
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1. Recurrence
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Effectiveness of Imaging
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model
1. Cancer progression
2. Survival

Figure 1

pre-annotation results using a large language model
(LLM), followed by corrections from human annotators,
(3) Develop and evaluate NLP models by instruction-
tuning the LLM for concept extraction tasks and (4)
Extract the identified concepts from the broader dataset.

We will use Meta-Llama-3-70B-Instruct as the LLM for
pre-annotation and concept extraction tasks.?* Model
performance will be evaluated using standard metrics,
including accuracy, precision, recall and F l-score,z5 calcu-
lated on a held-out validation set comprising 200 manually
annotated clinical notes and radiology reports. Inter-rater
reliability for human annotations will be assessed using
Cohen’s Kappa statistic to ensure consistency and quality
of labelled data. All NLP workflows will be implemented
using reproducible pipelines, and annotated datasets and
model code will be made available on reasonable request
to support transparency and replication.

Comorbidity

Comorbidity will be assessed using the Charlson Comor-
bidity Index® *' ** and/or the Elixhauser comorbidity
score,22 27 hoth extracted from EHR data.”® * This
selected method will be used for its proven effectiveness
in summarising comorbidities accurately.”” To construct
comorbidity burden, we will use International Classifi-
cation of Diseases-10 (ICD-10) and Current Procedural
Terminology (CPT) codes from EHR data spanning

PLuS2 design overview. LC, lung cancer; NSCLC, non-small cell lung cancer.

the 12 months prior to NSCLC treatment or imaging,
applying NLP techniques as needed.?’?*3! Pagients will be
stratified based on their health status into three catego-
ries: those in optimal health (Charlson/Elixhauser score
of 0), those in moderate health (score of 1) and those in
poor health (score of 2 or higher).32 Comorbidity status
will be regarded as a dynamic variable, varying over time
and dependent on the recorded health status at each
imaging surveillance time-point.

Pulmonary function

History of Chronic Obstructive Pulmonary Disease
(COPD) will be identified through the EHR data and
categorised as yes versus no.” ** Additionally, COPD
will be classified using the updated global initiative for
obstructive lung disease classification, comprising cate-
gories A, B, C and D based on spirometry indicators.” *°
Additionally, we will evaluate forced expiratory volume in
1s (FEV1) and ejection fraction for patients with heart
failure. Impaired pulmonary function will be defined as
FEV1 /forced vital capacity <70%.**

Functional limitations

Functional limitation indicators will be identified using
claims and EHR data using the previously validated
Segal Index.’” This inclusion will aid in determining
whether the lack of adherence to recommended imaging

Braithwaite D, et al. BMJ Open 2025;15:e101324. doi:10.1136/bmjopen-2025-101324
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Figure 2 PLuS2 conceptual model guideline adherence is based on the National Comprehensive Cancer Network’s published
guidelines. The ‘Lead-in Period’ refers to the non-surveillance period following the end of curative treatment. NSCLC, non-small

cell lung cancer.

procedures can be attributed to functional deficits.
Mirroring the approach used for comorbidity assess-
ment, we will evaluate functional limitations over the 12
months preceding imaging surveillance. The Segal Index
is claims-based, with frailty scores ranging from 0-1,
with higher scores indicating greater functional impair-
ment.””* For this study, we will use a cut-off of 0.2 to clas-
sify individuals as frail, identifying those with significant
functional limitations that may influence adherence to
imaging procedures.

Adherence to surveillance imaging

Using ICD-9/1ICD-10 procedure codes and CPT-4 codes,
we will determine the intervals of surveillance receipt
based on published guidelines by the NCCN." Guideline
adherence will be defined as receipt of a chest CT scan
every 6 months (range: 5-7 months) during the first 2
years, followed by an annual chest CT scan (range: 11-13
months) thereafter (figure 2), starting from the date of
surgery or stereotactic body radiation therapy. For cases
of non-adherence to imaging surveillance, we will eval-
uate the interval from the completion of curative-intent
treatment to the point of deviation from CT surveillance
guidelines. Secondary outcomes for Aim 1 include distin-
guishing between routine (asymptomatic) surveillance
and symptom-directed diagnostic imaging (eg, worsening
shortness of breath, worsening cough, new chest pain,
weight loss or new chest X-ray abnormality). NLP models
will be employed to determine whether each CT scan
represents routine surveillance or a symptom-directed
diagnostic scan. We will also examine patient-level (eg,
race/ethnicity, smoking status, comorbidities, pulmonary
function, SDOH) and system-level factors (eg, rurality,
practice type) for their impact on surveillance adherence.

Additional outcomes: recurrence and mortality

Other outcomes include recurrence, SPLC, all-cause
mortality and lung cancer-specific mortality. Recurrence
will be identified through EHR using validated algo-
rithms.”> More specifically, NLP will be used to extract

relevant information from unstructured records, such
as radiology reports and physician notes, to indicate
recurrence and SPLC.* This process will align with the
two-phase approach in the study by Hassett e al,** where
Phase 1 involves detecting recurrence and Phase 2 focuses
on determining recurrence timing. We will extract infor-
mation, including SPLC tumour stage at diagnosis,
pathohistological type, adjuvant therapy received post-
curative-intent therapy, and the presence or absence of
metastases, to enhance the accuracy and timing of recur-
rence detection.

To evaluate all-cause and lung cancer-specific mortality,
data from the cancer registry and the national death index
will be used to obtain vital status, underlying causes of
death and age at death. Additional outcomes include the
rate of false positives, complications following imaging
surveillance and the receipt of treatment among patients
who develop recurrence or SPLC.

Microsimulation model

Aim 3 will involve the development of a discrete-state
Markov microsimulation model. This model will integrate
two essential components: the natural progression of
cancer and a surveillance model. Together, these compo-
nents will enhance our understanding of cancer progres-
sion and survival following the initial diagnosis. The
Markov microsimulation model will enable us to estimate
several key outcomes, including the number of cancer
recurrences, SPLC-specific deaths that are prevented,
and the life years gained under both semiannual and
annual surveillance schedules. Model inputs, which detail
the parameters and variables used in the simulation, are
presented in table 1.

Potential confounders or effect modifiers

Patient-level factors such as age, race/ethnicity, sex,
health insurance status and smoking status (including
pack years smoked) will be extracted from EHR using
previously validated methods.” ** Additionally, area-level
measures of SES, measured at the census block level,
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Table 1 Microsimulation model inputs and potential estimation approaches

Model inputs Estimation approach

Surveillance schedule Patient or group-specific schedules

Proportion of stage I/Il/llIA NSCLC patients who would not  Proportion of progression-free stage I/1l/lllA NSCLC patients
develop recurrence/SPLC during lifetime during 5-year follow-up

Proportion of stage I/Il/lIIA NSCLC patients who develop Proportion of stage I/IlI/llIA NSCLC patients with recurrence
recurrence during lifetime during 5-year follow-up

Proportion of stage I/II/lIIA NSCLC patients who would Proportion of stage I/IlI/llIA NSCLC patients who develop SPLC
develop SPLC during their lifetime during 5-year follow-up

Average time to detectability Calibrate to progression-free survival

Average time to recurrence of becoming symptomatic Calibrate to the rate of symptomatic detection of SPLC

False positive rate of a CT surveillance scan Estimated from observed data

Complication rate after CT surveillance scan Estimated from observed data

Excess mortality from treatment by comorbidity level Mortality rate from treatment toxicity

Mortality rate from recurrence or SPLC detected by Mortality rate from recurrence or SPLC detected by symptoms
symptoms

Mortality rate from recurrence or SPLC detected by Mortality rate from recurrence or SPLC detected by surveillance
surveillance

Mortality rate from other causes by comorbidity level Mortality rate from other causes

NSCLC, non-small cell lung cancer; SPLC, second primary lung cancer.

include the diversity index score (reflecting racial and  focused on examining the minimum ORs detectable
ethnic diversity in a geographic area), median household  based on the current sample size, focusing on the vari-
income, average annual health insurance and public  able of receiving any chest CT scan during follow-up and
transportation expenditures, the proportion of adults  using race/ethnicity as a primary predictor of interest. For
with a college degree, and the proportion of adults with  example, data from OneFlorida+ showed that 59.7% of
internet access." Tumour registry-derived data will be  Whites, 13.4% of Hispanics, 13.3% of Blacks, 1.3% of Asians
obtained for all patients, including month and year of  and 8.0% of individuals from other racial/ethnic back-

diagnosis, cancer site, histological type, stage at diagnosis,  grounds received at least one surveillance chest CT scan.
survival time, vital status and cancer treatment. Given this distribution and using Whites as the reference

. - group, a target sample size of 1729 will have 80% power to
Patient and public involvement detect ORs of <0.66 (or >1.51) for NH-Blacks and <0.66

The study does not involve patient or public participation

.. / ) or >1.50) for Hispanics, respectively, for receipt of surveil-
in its design and execution. ( ) P p Y p

lance chest CT at a type I error rate of 0.05, which is within
Sample size and power analysis the plausible range of CT surveillance effect sizes reported

. . 16 4245
Based on our initial data analysis conducted within the in the existing literature. Importantly, subgroup anal-

OneFlorida+ Consortium from 2012 to 2022, we antic-  Yses stratified by race/ethnicity or SES will be conducted

ipate a total sample size of approximately 1729 distinct using the Florida cohort, which provides sufficient diversity

patients diagnosed with stage IFIIIA NSCLC for the years ~ and sample size to support these comparisons.
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2012 to 2026. Within our cohort, we expect to observe Our study is positioned to detect significant differ-
recurrence rates ranging from 11%-22%, SPLCs occur- ~ €nces in recurrence and SPLC rates by surveillance
ring in 7%-11% of cases and deaths accounting for  interval, aligning with the primary hypothesis of Aim 2,
98%—-40% of cases. which posits that semi-annual lung cancer surveillance

Current guidelines recommend semi-annual surveil- for asymptomatic recurrence leads to more favourable
lance for the first 2 years after curative-intent therapy, outcomes compared with annual surveillance. These

followed by annual surveillance for the next 3 years. In ~ outcomes encompass earlier detection of recurrence
this study, we aim to compare this standard approach with ~ or SPLC, higher diagnosis rates and extended overall

‘lesser’ surveillance strategies, including annual surveil-  survival, compared with annual surveillance starting 2
lance during the first 2 years and no surveillance. years after curative-intent therapy. Based on the guide-

The available pilot data, in combination with published lines, we will compare semi-annual surveillance to
estimates, indicate that 45.6% of patients undergo semi- annual and no surveillance in the first 2 years and then

annual CT surveillance, while 15.8% opt for annual CT assess annual surveillance against no surveillance in the
surveillance. Our power and sample size considerations  following 3 years.
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Analytical plan

Aim 1 will evaluate CT imaging surveillance utilisation
patterns and their drivers in patients with stage I-IIIA
NSCLC. Descriptive statistics will summarise all vari-
ables for the study cohort overall and by race/ethnicity,
comorbidity burden, functional limitations and impaired
pulmonary function. Aggregate and interval-specific util-
isation rates will be calculated, and NLP will classify CT
scans as routine surveillance or symptom-driven. Adher-
ence to guidelines will be assessed, and differences by
predictors will be tested using x°, ttests or Analysis Of
Variance (ANOVA). Mixed-effects logistic regression will
examine associations between race/ethnicity, SES and
repeated CT surveillance.*

The second aim will evaluate recurrence and SPLC rates,
time to recurrence or SPLC, and survival. Cumulative risk
of each outcome will be estimated using the Kaplan-Meier
rnethod,47 and differences in outcomes between the two
surveillance strategies will be measured using the log-
rank test. Logistic regression will be used to compare the
rates of recurrence and SPLC by surveillance strategies,
and Cox proportional hazard models will be used to esti-
mate the hazard ratios for recurrence, SPLC or mortality.
For lung cancerspecific mortality, deaths from other
causes will be treated as a competing risk. Specifically, we
will use the Fine-Grey sub-distribution hazard model to
estimate the cumulative incidence of lung cancer-specific
mortality while accounting for competing risks.*® If the
proportional hazards assumption for Cox regression is
violated, we will consider alternative approaches such
as stratified Cox models or flexible parametric survival
models to ensure robust estimation.*

If the proportional hazards assumption is violated for
time-varying covariates such as comorbidities and func-
tional status, we will use extended Cox models to incor-
porate time-dependent covariates.”’ Additionally, we will

consider marginal structural models with inverse prob-
ability weighting to address potential time-dependent
confounding, particularly when covariates may be influ-
enced by prior surveillance exposure.”!

Subgroup analyses will be performed to explore whether
the primary associations between imaging surveillance
strategy and lung cancer outcomes are modified by socio-
demographic (race/ethnicity and SES) or clinical char-
acteristics (comorbidity burden, functional limitations,
pulmonary function). Interaction terms will be created
between the surveillance strategy and the stratification
variables, and the Wald test will be used to determine if
any interactions are significant (p<0.05).”® The findings
from these analyses will serve as inputs for our microsim-
ulation models in Aim 3.

The third aim will focus on evaluating the comparative
effectiveness of various lung cancer surveillance strategies,
considering their implications for long-term outcomes in
a diverse population of stage I-IIIA NSCLC patients. To
achieve this aim, a discrete state Markov microsimulation
model will be developed to model cancer progression
and survival. We will model the time to recurrence or
SPLC and excess mortality due to treatment, death from
disease, recurrence, SPLC or death from other causes
(figure 3). Assuming a percentage of patients with stage
I-IIIA NSCLC will eventually get a recurrence, SPLC or
cure, based on the observed proportions of recurrence
or SPLC from the Aim 2 data, we will model the time to
detectability or the time to recurrence or SPLC becoming
symptomatic, assuming exponential or other time distri-
butions, calibrating these to observed data from Aim 2.
Using these calibrated distributions, the model will then
be used to simulate the time to detectability and time to
symptoms of recurrence/SPLC. This will allow for distinc-
tion between four surveillance scenarios: (1) Recurrence/
SPLC becomes symptomatic before surveillance starts,

ST

Curatively Treated Pr
Stage IIMNANSCLC
Patients:

Re

A

currence

1) Cancer Prognosis
Factors (histology,

\

SD

»= DOD

stage, treatment)
2) Baseline Risk Ps
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i
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L 4
~— om 3 ~m o -
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Figure 3 Microsimulation model overview. DOC, death due to other causes; DOD, death due to lung cancer; EM, excess
mortality; NSCLC, non-small cell lung cancer; SPLC, second primary lung cancer.
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(2) Recurrence/SPLC becomes symptomatic during a
surveillance interval, (3) Recurrence/SPLC is detected
prior to symptoms at the surveillance and (4) Recur-
rence/SPLC becomes symptomatic and detectable after
all surveillance is complete. Model inputs will include
clinical prognostic factors, relevant covariates and demo-
graphic characteristics. More details on microsimulation
modelling are provided in table 1. All model parameters
will be estimated using data obtained from Aims 1 and 2
or calibrated using observed data from the least squares
error or maximum likelihood estimation approach. Find-
ings will then be extrapolated to the general population
based on data from the surveillance, epidemiology and
end results programme. The model will be used to project
long-term progression and survival outcomes after lung
cancer diagnosis under different surveillance schedules.
This will be accomplished by varying the periodicity and
timing of the CT surveillance scans and assessing alterna-
tive surveillance interventions based on input from the
study team and the findings of Aims 1 and 2. Finally, a
sensitivity analysis in which we will vary the uptake rates of
surveillance CTs will be performed to evaluate its impact
on long-term population-level outcomes.

DISCUSSION

The overarching goal of the PLuS2 study is to leverage
real-world data and microsimulation modelling to bridge
a significant gap in NSCLC surveillance within clinical
practice and policy. While the IFCT-0302 trial did not
demonstrate improved survival for CT imaging surveil-
lance compared with chest X-ray, its limited power and
lower recurrence rates than expected may have contrib-
uted to inconclusive findings.'”” ** Moreover, although
randomised clinical trials are the gold standard for eval-
uating interventions, their strict inclusion criteria often
limit generalisability.”*

This study protocol outlines a robust observational
design leveraging real-world data from a large, diverse
clinical research network. By integrating microsimula-
tion modelling with EHRs and tumour registry data, the
study enables a comprehensive evaluation of imaging
surveillance strategies in early-stage NSCLC. A key meth-
odological strength is the use of NLP to extract imaging
indications from unstructured clinical notes, addressing a
major gap in current surveillance research.

However, several limitations should be acknowledged.
The non-randomised nature of surveillance intervals may
introduce confounding by indication, potentially affecting
comparisons between semi-annual and annual imaging
strategies. Additionally, reliance on EHR documentation
may result in incomplete capture of recurrence events or
SPLCs, which could impact outcome assessments.

Real-world data also present challenges such as
selection bias and missing information. For example,
restricting the cohort to patients who completed curative-
intent therapy may limit generalisability and introduce
bias. Furthermore, variables like smoking history may be

incompletely documented. To mitigate these issues, we
will apply multiple imputation techniques for missing
data and conduct sensitivity analyses to assess the robust-
ness of our findings under different assumptions.

ETHICS AND DISSEMINATION
This study involves human participants and was approved
by the University of Florida Institutional Review Board
(IRB), University of Florida IRB 01, under approval
number IRB202300782. The Data Coordinating Centre
(DCC) at the University of Florida will oversee estab-
lishing and maintaining a system to collect common data
elements from all participating institutions within the
OneFlorida+ network. Furthermore, the DCC will ensure
that all data elements are standardised into a format that
is compliant with the Health Insurance Portability and
Accountability Act regulations.'®

Findings from the PLuS2 study will be disseminated
through peerreviewed publications and presentations
at national and international conferences. The first
manuscript will describe imaging surveillance utilisa-
tion patterns and determinants among a diverse patient
cohort. Subsequent publications will focus on compara-
tive outcomes and the effectiveness of surveillance strate-
gies, with the goal of informing future clinical guidelines
and policy decisions.
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