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Abstract
Background  Less than 20% of patients diagnosed with advanced lung cancer will survive beyond five years and 
half of these will suffer a serious adverse event (SAE) caused by systemic anticancer therapy (SACT) that will result in 
a hospital attendance. As multiple different SACT treatments are available for patients, a risk score that predicts the 
likelihood of a SAE following each type of SACT treatment would improve both communication with the patient 
and shared decision making with all those involved in delivering care for patients. There are currently no risk scores 
available for use in those with advanced stage lung cancer.

Aim  The overarching aim of this research is to develop and internally validate a risk score that will calculate the 
individualised risk of SAEs for different SACT treatments for patients with late stage lung cancer.

Methods  Utilising linked cancer registry data (National Cancer Registration and Analysis Service (NCRAS), England) 
for over 20,000 late stage lung cancer patients, a risk score will be developed using a multivariable logistic regression 
model to predict the risk of an acute admission within 30 days of SACT administration. Model performance will be 
summarised using calibration and discrimination. Internal validation will be used to quantify the degree of optimism 
due to overfitting, using re-sampling bootstrapping. Heterogeneity will be assessed, and the model will be fine-tuned. 
Fine-tuning and interrogation will be used to evaluate differences in performance between hospitals. The clinical 
utility will be assessed through calculating the net benefit in preventing SAEs.

Conclusion  A developed risk score (under each treatment strategy) has real potential to support individualised 
treatment decisions and optimise management of SACT-induced SAEs for patients and reduce hospital attendances.
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Background
The landscape of cancer drugs, referred to as systemic 
anti-cancer therapy (SACT), has rapidly evolved over 
the last two decades resulting in an increase in choice of 
treatments for patients with cancer. Despite these treat-
ment advances, around 10 million patients will die of 
cancer each year worldwide [1]; this number is projected 
to increase further, including in lung cancer [2]. In the 
UK, lung cancer is the second most common cancer in 
both men and women and has the highest cancer mor-
tality (35,000 patients a year) [3]. Furthermore, by 2060, 
lung cancers are predicted to be the single greatest con-
tributor to the burden of serious health-related suffering, 
among cancer patients [4].

Currently, it is anticipated that only 16% of patients 
diagnosed with lung cancer will survive more than 
5 years [5]. This low long-term survival is partly a reflec-
tion of the population (i.e. older patients, smoking status) 
and late-stage at diagnosis [6]: 21% and 50% of patients 
are diagnosed at stages 3 and 4, respectively, with stages 
3b and 4 considered advanced disease and non-curable 
[3].

In England, 21,652 patients diagnosed with a non-
curable lung cancer (i.e., stage IIIb, IIIc and IV) will be 
started on SACT [7, 8]. The choice of SACT (which cur-
rently includes chemotherapy, immunotherapy, targeted 
therapy or combinations) is guided by the type of lung 
cancer, stage of disease, evidence from trials, available 
genomic information and many other individual factors 
such as age, previous admissions, and other co-morbidi-
ties present [9, 10].

Decisions are made by a multidisciplinary team based 
on the individual patients’ ability to tolerate adverse 
effects (AE) that are common to the SACT prescribed. 
The goal of SACT is to improve and retain a patients’ 
quality of life (in addition to extending survival) and 
treatments that are likely to result in Serious Adverse 
Events (SAEs) [11] i.e. requiring a hospital attendance 
should be avoided. However, around half of patients 
treated with SACT will still have an AE related hospi-
tal admission [12]. Decisions around choice of SACT in 
patients with advanced lung cancers are time sensitive, 
complex and need to be made by clinicians with patients 
based on individualised risks and benefits of treatment 
[10]. Decisions are becoming more complex as options 
for different classes of SACT treatment are increasing. 
Increasing demands of SACT utilisation with an ageing 
population, increased treatment options coupled with a 
shortfall in oncologists, nurse specialists and pharmacists 
[2] means that this research, to reduce iatrogenic hospi-
talisations, is important to patients, health professionals 
and policymakers.

Clinical prediction models aim to predict current 
or future outcomes of patients conditional on a set of 

covariates that are considered prognostic of the intended 
outcome. For this purpose, and depending on the type of 
outcome (binary or continuous), either a logistic or lin-
ear regression model is typically fitted, and predictions 
are made based on these models for a future popula-
tion. Most clinical prediction models tend to fail when 
applied to treatment decisions [13], in part due to poor 
reporting standards [14], but mainly because the mod-
els are then applied to populations under different con-
ditions than the ones they were trained on. In the target 
population, the knowledge from the prediction model 
is used to inform treatment choice, and this changes 
the distribution of treatments in the population. These 
“pure prediction” models were not designed to quantify 
the outcome that would have occurred had the patient 
received a different treatment. Instead, they provide 
a prediction of risk under current or observed condi-
tions, not under hypothetical alternatives, i.e. predict-
ing under the assumption that the relationship between 
the variables and the outcomes do not change. Therefore 
the type of patient that opts for a particular treatment or 
other has different distribution of characteristics, thus 
not reflecting this “distorts” the predictions. Under cur-
rent observed conditions, current treatment allocation 
reflects confounding by indication, and ignoring this in a 
prediction model yields “spurious” associations reflected 
in the models.

To overcome this limitation in prognostic research, 
there has been an increasing focus on counterfactual 
prediction models. In a counterfactual prediction model, 
the treatment choice is explicitly incorporated into the 
model, and the goal is to estimate what the patient's 
risk would have been under each possible treatment 
scenario—whether or not that treatment was actually 
received. This allows the model to answer questions of 
the form: "What would the outcome have been if this 
patient had received Treatment A instead of Treatment 
B?" Such models are grounded in causal inference theory 
and typically rely on assumptions such as conditional 
exchangeability (no unobserved confounding), consis-
tency, and positivity. Unlike standard prognostic models, 
counterfactual models are designed to support individu-
alized treatment decisions by comparing potential out-
comes across different treatment strategies, thereby 
facilitating treatment selection based on predicted ben-
efit. [13].

These counterfactual prediction models need appro-
priate performance assessment tools. We will implement 
the performance assessment tools developed by Boyer et 
al. [14].

There are numerous treatment options available for 
different subtypes of NSCLC. Tumour histopathological 
classification and genomic profiling will guide a clinician 
in determining a treatment algorithm for a patient. For 
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patients with NSCLC without actionable genomic altera-
tions (AGA) there remains a choice of SACT to be made. 
The choice of SACT depends on evidence of effective-
ness of treatment, understanding of patient tolerance and 
individualised choice. For the case of non-AGA associ-
ated NSCLC, treatment choice is single agent SACT (e.g. 
carboplatin) for those where it is inferred that there will 
be a poorer tolerance by the patient, two or more cyto-
toxic agents (e.g. gemcitabine and carboplatin), immune 
checkpoint inhibitor only (e.g. pembrolizumab) or cyto-
toxic chemotherapy plus immunotherapy (e.g. carbopla-
tin, pemetrexed and pembrolizumab).

The planned study would improve SACT treatment 
decision making through better understanding of indi-
vidualised risk of SAE under different treatments for 
incurable non-small-cell lung cancer (NSCLC) patients. 
A counrterfactual risk score may lead to a number of 
benefits including:

1.	 Clinicians could more accurately inform patients 
of the SAE risk that each treatment would carry. 
Currently general information is given on possible 
SAEs but not the individualised likelihood or 
severity, and crucially not from a causal perspective.

2.	 Multi-disciplinary teams would have a shared 
understanding of SAE risk; this could aid a more 
refined shared decision-making approach.

3.	 Hospitalisation rate due to SAE in this group of 
patients may be reduced, particularly relevant to 
minimise patient suffering during their last years of 
life.

4.	 A real world application of rigorous counterfactual 
prediction methods

The remainder of our protocol is based on the HARPER 
template [15].

Population and eligibility criteria
Objective: Develop and internally validate a risk score 
that will calculate the individualised risk of hospitalisa-
tions for different SACT treatments for patients with a 
diagnosis of NSCLC.

Eligibility criteria: We included patients who are 
18  years and older, diagnosed with advanced non-AGA 
associated non-small cell lung cancers between 2016 and 
2019 (4-year period).

Exposure and comparator: First exposure to SACT 
therapy, with four groups of regimens compared against 
each other.

Outcome: Any unplanned or emergency hospital 
admission occurring within 30 days of first SACT admin-
istration in England expressed in percentage. This is a 
binary outcome with patients either having an unplanned 
or emergency admission or not.

Secondary research question and objective: Descrip-
tive Kaplan Meier plots for the outcome of death within 
2 years from first dose of SACT (T0) compared between 
the four treatment algorithm groups. We chose the two-
year survival due to the poor prognosis of the population 
of our study [5].

Methods
Study design
Rationale for study design choice
The American Joint Committee on Cancer (AJCC) rec-
ommends the development of outcome prediction 
models towards achieving personalised treatments for 
patients. The AJCC published a checklist for outcome 
prediction models to ensure dependable prediction accu-
racy in the patient population for which the outcome 
prediction model was designed [16]. The study design is 
detailed in Fig. 1.

To determine if the primary event occurred within 
30 days of the first dose of SACT, we calculated the num-
ber of SACT doses received prior to the first unplanned 
or emergency admission within the 30  day period after 
the first dose. Figure  2 below illustrates the cumula-
tive dose for patients prior to the primary event within 
30 days of receiving their first dose of SACT. For patients 
4 and 5, the cumulative dose is three doses and two doses 
respectively.

During the eligibility period, patients will have a choice 
of four treatment protocols (treatment regimens). These 
are labelled A, B, C, and D, which are defined as:

Regimen A: Combination chemotherapy alone – 
inclusive of combination treatments of platinum, 
gemcitabine, taxanes and any other cytotoxic 
regimen.
Regimen B: Combination chemotherapy plus 
immunotherapy – As regimen A plus the addition of 
a PD-(L)1 check point inhibitor.
Regimen C: Immunotherapy only – Any PD-(L)1 
checkpoint inhibitor or combination of two.
Regimen D: Single agent carboplatin.

Context and rationale for definition of time 0 (and other 
primary time anchors) for entry to the study population
From the study design diagram, T0 starts at the date of 
first SACT dose. Follow up for the primary outcome ends 
at an event, death or end of study period. An event of 
EUA30 will mark the end of follow period for the primary 
research question, ie outcome 1. Patients who develop an 
EUA30 (outcome 1) will still contribute to the survival 
analysis (outcome 2, death).
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Context and rationale for study inclusion criteria
The inclusions and exclusions are detailed in Tables 1 and 
2 below.

Figure  3 below shows the data audit that took place 
prior to the project initiation to support the development 
of the protocol.

Variable selection
The variables are grouped into confounders (L) and pre-
dictors (Z). The directed acyclic graph (DAG) in Fig.  4 
is a simplified depiction of the relationship between the 
SACT exposure (S), the outcomes (Y), and the confound-
ers and predictors. Some of the variables in L will also be 
genuine predictors.

The full set of variables within L and Z will be deter-
mined using a consensus of clinical and statistical exper-
tise. The same will be done for the final expanded DAG 
depicting the causal pathways between these variables.

Context and rationale for defining the exposure(s) of 
interest
The full exposure is typically several cycles of SACT over 
the treatment period. However, individuals may experi-
ence outcomes at any time within the treatment period, 
see diagram (Fig.  2). Therefore, the outcome of EUA30 
may occur more than once. However, in this study we 
focus on the outcome of EUA30 after the first dose of 
the first cycle only. For the outcome of death, this will be 

Fig. 2  Number of doses received prior to the primary event. For patients 4 and 5, the cumulative dose is three doses and two doses respectively

 

Fig. 1  Study design diagram. The numbered circles to the left of the diagram denote individual patients with different courses of treatments and out-
comes over the study period. The eligibility criteria for the study participants will be assessed prior to the decision to treat appointment, which is defined 
as the appointment immediately prior to the first dose of SACT
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any occurrence between the start of follow up and end of 
study period.

Context and rationale for outcome(s) of interest
The outcomes of interest are:

1.	 Development of adverse events as captured by any 
unplanned or emergency admission up to 30 days 
after first SACT dose (EUA30).

2.	 Death up to 2 years after first dose of SACT

Context and rationale for covariates
We will consider certain methods that allow the use of L 
variables to “deconfound” while they are not needed at 
deployment time, i.e. when obtainung a prediction for a 
new person.

Set L: confounders which can also be predictors of the 
outcomes.

Set Z: predictors of the outcome but not related to the 
exposure (treatment), i.e. not confounders.

Data extraction
The SACT dataset collects information on the use of 
systemic anti-cancer therapies across all NHS England 

trusts. The SACT registry includes a record of all patients 
who received SACT along with their diagnosis and treat-
ment regimens. Detailed information on the SACT regis-
try may be found online via the NHS Digital collections 
[17]. We assume that all patients who received treatment 
for lung cancer would have a record in the SACT data-
base [18].

The data were provided in the following parts:

1.	 Hospital Episode Statistics (HES)

a.	 Admitted Patient Care (HES APC)
b.	 Emergency department attendances (HES AE)
c.	 Outpatient attendances (HES OP)
d.	 Office for National Statistics mortality

2.	 National Cancer Registration and Analysis Service 
(NCRAS)

3.	 Systemic Anti Cancer Therapy (SACT)

Sample size considerations
There are no previous studies where a counterfactual 
prediction model was developed for lung cancer for any 
outcome, which makes it difficult to calculate sample size 
based on previous literature. As the primary outcome 
is binary, we considered the feasibility of this model by 
assessing the variables (or parameters to be estimated) 
per outcome [19]. We aim for 10 variables per outcome, 
and where this number falls below 10 we investigate the 
parameters we included in the model. For the secondary 
outcome of survival, a similar approach will be taken.

For the primary outcome, we also used the method by 
Riley et al. [20] to perform a calculation of the mean abso-
lute prediction error (MAPE) given the existing sample 
size. MAPE is the average error in the model’s estimated 
outcome probability to allow for the intended setting of 

Table 1  Operational Definitions of Inclusion Criteria
Criterion Details Order of 

application
Care 
Settings1

Code Type2 Diagnosis 
position

Source for 
algorithm

Diagnosis NSCLC Stage IIIb/c/IV IP, DC ICD10 Primary or 
secondary

SACT database

Number of treatment 
cycles

At least 1 cycle of treatment N/A IP, DC N/A N/A SACT database

Baseline covariates See DAG in Sect. 7.4 and Ap-
pendix 2

All measured at 
baseline

IP, DC N/A N/A HES APC data-
base and SACT 
database

Follow up time 30 days for primary outcome 
(EUA30)
2 years for secondary out-
come (death at 2 years)

N/A IP, DC, ED Date of unplanned 
admissions from 
HES ACP, date of 
emergency admis-
sion from HES AE

N/A HES APC
HES AE

NSCLC Non-small cell lung cancer, SACT Systemic anticancer therapy, HES Hospital episode statistics, APC Admitted patient care, AE Accident & emergency
1IP inpatient, OP outpatient, ED emergency department, DC daycare
2See appendix for listing of ICD10 codes

Table 2  Operational Definitions of Exclusion Criteria
Criterion Details
Age  < 18 years

Did not receive SACT Patients with a NSCLC diagnosis and no 
SACT record

No linkage to HES Patients identified in NCRAS, with no 
corresponding record in HES

Not treated within 84 days of 
diagnosis

If first dose of SACT falls outside of 
84 days from diagnosis, this is unlikely to 
be related to the diagnosis in question

NSCLC Non-small cell lung cancer, NCRAS National cancer registration and 
analysis service, SACT Systemic anticancer therapy, HES Hospital episode 
statistics
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the application of the model. The recommended cut off 
in the paper by Riley et al. was 0.05.

For a binary outcome, the MAPE can be calculated as:

	
In (MAPE) = −0.508 − 0.544 In (n) + 0.259 In (∅) + 0.054 In (P)

where n is the sample size of the development dataset, ∅ 
is the outcome proportion (≤ 0.5), and P is the number 
of candidate predictor parameters≤ 30.

Given the above equation, and the following ini-
tial known variables within the equationn = 24, 000, 
∅ = 0.34,P = 14, this gives a MAPE = 0.007.

Missing data
If necessary, we will perform multiple imputations (MI) 
conditional on observed variables. The observed vari-
ables may be those used in the model development and 
other complete variables. We will combine the estimates 
using Rubin’s rule, or other suitable method aimed at 
prognostic models [21]. We will compare the estimates 
with those obtained from a complete records analysis if 
needed. We will also consider simpler methods such as 
missingness indicator (valid under plausible assump-
tions), “single imputation” using an imputation regres-
sion model, and median imputation as more practical 
methods which can be replicated during validation [22].

Fig. 3  Context and rationale for study exclusion criteria
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Model development and internal validation
We will initially fit a multivariable logistic model of the 
outcome on the exposure and covariates. We will use the 
whole set for development of the prediction model and 
internal validation will be done using K-fold cross valida-
tion. The number of folds, K, will depend on the effective 
sample size, which is 5 times the number of outcomes in 
the dataset [23]. The validation will be on the same data-
set, again using K-fold cross validation. We will assess 
the choice between a penalised and non-penalised logis-
tic regression based on the magnitude of the parameter 
lambda.

In addition to the traditional prognostic model devel-
opment, we will also apply prediction under intervention 
using a 4-year cohort (2016 to 2019) of linked SACT-HES 
lung cancer data.

For the main outcome which is the development of 
SAEs, the counterfactual prediction model will be using 
covariate set L and Z as the counfound and predictors. 
Some of the L variables will also act as predictors.

E
(
Y S

EUA|L = l, Z = z
)
 Risk of adverse events condi-

tional on Z and L, if treatment regimen S = A/B/C/D 
is given.

For confounding adjustment, we will use covariate set 
L to adjust for confounding in the counterfactual predic-
tion model.

Analysis specification
Tables 3 and 4 provide details of the proposed analysis 
specification and the sensitivity analyses. Immortal time 
between DTT and first dose of SACT was assumed to 
have little impact on the study conclusion for the out-
come of EUA30.

Discussion
A diagnosis of lung cancer is an emotional burden on 
both the patient and their family. The prognosis of 
patients with advanced lung cancer is not a favourable 

Table 3  Primary analysis specification
Model(s):
(provide details or 
code)

Multivariable logistic regression to calculate the 
probability of the outcome under each of the 
regimens A, B, C, or D. Then predicting under 
each hypothetical intervention A, B, C, or D
Based on the best lambda value, we will make 
the choice to apply a penalised ridge regres-
sion to mitigate against extreme predictions in 
new small samples. Ridge shrinkage will drive 
the model coefficients towards the null thereby 
generating less extreme estimates of probabili-
ties, while retaining all the covariates

Confounding adjust-
ment method:

Potential confounding factors will be included 
in the prediction model

Subgroup Analyses: None planned

Table 4  Sensitivity analysis
What is being varied? How? Why? Strengths of the sensitiv-

ity analysis compared to 
the primary

Limitations of the 
sensitivity analy-
sis compared to 
the primary

Number of deaths between 
DTT and first dose of SACT 
is > 5% of total deaths

Use clone-censor-wight methods 
for the outcome of death

The impact of immortal 
time bias on the analysis

Controls for immortal time 
bias

Complex and time 
consuming

Complete records analysis Using complete records only to 
carry out the analyses for the pri-
mary and secondary outcomes

To assess if and how the 
conclusion varies without 
any imputation

Fig. 4  S = A, B, C, or D, one of four treatment algorithms as detailed in section Rational for study design choice. YEUA30 is the outcome of adverse event 
30 days after administration of chemotherapy. L is a vector of variables that are the baseline characteristics considered sufficient to account for confound-
ing. The predictors, Z, are the variables that predictive of the outcome but are not related to the treatment.
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one. The decision for best treatment choices are usually 
presented by the treating physician, and patients will 
then discuss the options with their physician in order to 
decide which treatment strategy they wish to opt for. Any 
aids to guide this decision making for both clinicians and 
patients would make the process more objective and less 
burdensome.

We developed this protocol with the aim to develop a 
risk score that will help patients and their clinicians make 
more informed treatment choices. This will be the first 
decision tool developed for advanced NSCLC patients 
using a counterfactual approach. We aim to conduct a 
future study to for external validation.

The benefits of this approach are that the process of 
decision making is incorporated in the score develop-
ment, which is expected to improve external validity 
when the score is used in clinical practice.

A limitation of our approach is that the current assess-
ment tools used for prediction models are not valid for 
counterfactual prediction. To overcome that, we are 
working with methodologists to apply more appropriate 
tools such as the counterfactual measures of calibration, 
discrimination, and overall prediction error for validation 
of predictions under interventions described by Boyer et 
al. [14].

Acknowledgements
This work uses data provided by patients and collected by the NHS as part of 
their care and support. Using patient data is vital to improve health and care 
for everyone. There is huge potential to make better use of information from 
people’s patient records, to understand more about disease, develop new 
treatments, monitor safety, and plan NHS services. Patient data should be kept 
safe and secure, to protect everyone’s privacy, and it’s important that there 
are safeguards to make sure that it is stored and used responsibly. Everyone 
should be able to find out about how patient data is used. #datasaveslives You 
can find out more about the background to this citation here: ​h​t​t​​p​s​:​/​​/​u​n​​d​e​​r​
s​t​a​n​d​i​n​g​p​a​t​i​e​n​t​d​a​t​a​.​o​r​g​.​u​k​/​d​a​t​a​-​c​i​t​a​t​i​o​n​. Zhe Wang and Andrew Challenger 
are funded by Cancer Research UK. The funding body had no role in the study 
design; data collection, analysis, and interpretation.

Authors’ contributions
Pinkie Chambers – Principal investigator and original design of the study, 
manuscript review Ofran Almossawi – Co-applicant, data analysis and 
methods, protocol development, manuscript draft Luke Steventon – Methods, 
protocol, analysis, manuscript review Ruth Keogh – Collaborator, methods, 
protocol development Karla Diaz-Ordaz – Collaborator, methods, protocol 
development, manuscript review Zhe Wang – Co-applicant, methods, 
manuscript review Andrew Challenger – Collaborator, methods, protocol 
development, manuscript review David Dodwell – Co-applicant, clinical 
input, manuscript review Martin Forster – Clinical input, manuscript review, 
manuscript review Kenneth Man – Co-applicant, methods, manuscript review 
Li Wei – Co-applicant, methods, manuscript review Sebastian Masento – 
Collaborator, protocol development Adam Januszewski – Co-applicant, clinical 
input. Andrew Challenger – Collaborator, methods, protocol development, 
manuscript review. David Dodwell – Co-applicant, clinical input, manuscript 
review. Martin Forster – Clinical input, manuscript review, manuscript 
review. Kenneth Man – Co-applicant, methods, manuscript review. Li Wei – 
Co-applicant, methods, manuscript review. Sebastian Masento – Collaborator, 
protocol development. Adam Januszewski – Co-applicant, clinical input.

Funding
This study was funded by the NIHR Research for Patient Benefit grants, Ref: 
NIHR206166.

Data availability
The data that support the findings of this study are available from [third party 
name] but restrictions apply to the availability of these data, which were used 
under license for the current study, and so are not publicly available. Data 
are however available from the authors upon reasonable request and with 
permission of [third party name].

Declarations

Ethics approval and consent to participate
Ethical approval was sought and granted prior to the start of the study.

Competing interests
The authors declare no competing interests.

Author details
1Great Ormond Street Hospital, London, UK
2UCL Institute of Child Health, London, UK
3Research Department of Practice and Policy, UCL School of Pharmacy, 
London, UK
4Medical Statistics Department (Faculty of Epidemiology and Population 
Health), London School of Hygeine & Tropical Medicine, London, UK
5Department of Statistical Science, UCL, London, UK
6Nuffield Department of Population Health, University of Oxford, Oxford, 
UK
7University College London Hospital NHS Foundation Trust, London, UK
8Barts Cancer Centre, St Bartholomew’s Hospital, London, UK

Received: 1 July 2025 / Accepted: 23 March 2026

References
1.	 Cancer Today. Available from: ​h​t​t​p​​s​:​/​​/​g​c​o​​.​i​​a​r​c​​.​w​h​​o​.​i​n​​t​/​​t​o​d​a​y​/. Cited 2024 Nov 

20.
2.	 Wilson BE, Jacob S, Yap ML, Ferlay J, Bray F, Barton MB. Estimates of 

global chemotherapy demands and corresponding physician workforce 
requirements for 2018 and 2040: a population-based study. Lancet Oncol. 
2019;20(6):769–80. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​S​​1​4​7​0​-​2​0​4​5​(​1​9​)​3​0​1​6​3​-​9.

3.	 Cancer Research UK . 2015. Lung cancer statistics. Available from: ​h​t​t​p​​s​:​/​​/​w​w​
w​​.​c​​a​n​c​​e​r​r​​e​s​e​a​​r​c​​h​u​k​​.​o​r​​g​/​h​e​​a​l​​t​h​-​​p​r​o​​f​e​s​s​​i​o​​n​a​l​​/​c​a​​n​c​e​r​​-​s​​t​a​t​​i​s​t​​i​c​s​/​​s​t​​a​t​i​​s​t​i​​c​s​-​b​​y​-​​c​a​
n​c​e​r​-​t​y​p​e​/​l​u​n​g​-​c​a​n​c​e​r. Cited 2024 Nov 20.

4.	 Sleeman KE, Gomes B, de Brito M, Shamieh O, Harding R. The burden of 
serious health-related suffering among cancer decedents: Global projections 
study to 2060. Palliat Med. 2021;35(1):231–5. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​7​7​​/​0​​2​6​9​2​1​6​
3​2​0​9​5​7​5​6​1.

5.	 Lung Cancer - Getting It Right First Time - GIRFT . 2022. Available from: ​h​t​t​p​​s​:​/​​
/​g​e​t​​t​i​​n​g​i​​t​r​i​​g​h​t​f​​i​r​​s​t​t​​i​m​e​​.​c​o​.​​u​k​​/​m​e​​d​i​c​​a​l​_​s​​p​e​​c​i​a​l​t​i​e​s​/​l​u​n​g​-​c​a​n​c​e​r​/, ​h​t​t​p​​s​:​/​​/​g​e​t​​t​i​​n​
g​i​​t​r​i​​g​h​t​f​​i​r​​s​t​t​​i​m​e​​.​c​o​.​​u​k​​/​m​e​​d​i​c​​a​l​_​s​​p​e​​c​i​a​l​t​i​e​s​/​l​u​n​g​-​c​a​n​c​e​r​/. Cited 2024 Nov 20.

6.	 Coleman MP, Rachet B, Woods LM, Mitry E, Riga M, Cooper N, et al. Trends and 
socioeconomic inequalities in cancer survival in England and Wales up to 
2001. Br J Cancer. 2004;90(7):1367–73. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​j​.​b​j​c​.​6​6​0​1​6​9​6. 
PubMedPMID:15054456; PubMedCentralPMCID: PMC2409687.

7.	 Wallington M, Saxon EB, Bomb M, Smittenaar R, Wickenden M, McPhail S, et 
al. 30-day mortality after systemic anticancer treatment for breast and lung 
cancer in England: a population-based, observational study. Lancet Oncol. 
2016;17(9):1203–16. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​S​​1​4​7​0​-​2​0​4​5​(​1​6​)​3​0​3​8​3​-​7.

8.	 HQIP . 2022. National Lung Cancer Annual Report. Available from: ​h​t​t​p​​s​:​/​​/​w​w​
w​​.​h​​q​i​p​​.​o​r​​g​.​u​k​​/​r​​e​s​o​​u​r​c​​e​/​n​a​​t​i​​o​n​a​​l​-​l​​u​n​g​-​​c​a​​n​c​e​r​-​a​n​n​u​a​l​-​r​e​p​o​r​t​/. Cited 2024 Nov 
20.

9.	 Saini KS, Twelves C. Determining lines of therapy in patients with solid can-
cers: a proposed new systematic and comprehensive framework. Br J Cancer. 
2021;125(2):155–63. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​4​1​6​-​0​2​1​-​0​1​3​1​9​-​8.

10.	 Nelson A, Longo M, Byrne A, Sivell S, Noble S, Lester J, et al. Chemotherapy 
decision-making in advanced lung cancer: a prospective qualitative study. 
BMJ Support Palliat Care. 2024;14(e1):e758–64. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​3​6​​/​b​​m​j​s​​p​
c​a​​r​e​-​2​​0​2​​0​-​0​0​2​3​9​5. PubMed PMID: 32826262.

11.	 Abraham J. International Conference On Harmonisation Of Technical 
Requirements For Registration Of Pharmaceuticals For Human Use. In: Tietje 
C, Brouder A, editors. Handbook of Transnational Economic Governance 

https://understandingpatientdata.org.uk/data-citation
https://understandingpatientdata.org.uk/data-citation
https://gco.iarc.who.int/today/
https://doi.org/10.1016/S1470-2045(19)30163-9
https://www.cancerresearchuk.org/health-professional/cancer-statistics/statistics-by-cancer-type/lung-cancer
https://www.cancerresearchuk.org/health-professional/cancer-statistics/statistics-by-cancer-type/lung-cancer
https://www.cancerresearchuk.org/health-professional/cancer-statistics/statistics-by-cancer-type/lung-cancer
https://doi.org/10.1177/0269216320957561
https://doi.org/10.1177/0269216320957561
https://gettingitrightfirsttime.co.uk/medical_specialties/lung-cancer/
https://gettingitrightfirsttime.co.uk/medical_specialties/lung-cancer/
https://gettingitrightfirsttime.co.uk/medical_specialties/lung-cancer/
https://gettingitrightfirsttime.co.uk/medical_specialties/lung-cancer/
https://doi.org/10.1038/sj.bjc.6601696
https://doi.org/10.1016/S1470-2045(16)30383-7
https://www.hqip.org.uk/resource/national-lung-cancer-annual-report/
https://www.hqip.org.uk/resource/national-lung-cancer-annual-report/
https://doi.org/10.1038/s41416-021-01319-8
https://doi.org/10.1136/bmjspcare-2020-002395
https://doi.org/10.1136/bmjspcare-2020-002395


Page 9 of 9Almossawi et al. Diagnostic and Prognostic Research           (2026) 10:10 

Regimes . Brill | Nijhoff; 2010. p. 1041–53. Available from: ​h​t​t​p​​s​:​/​​/​b​r​i​​l​l​​.​c​o​​m​/​v​​i​e​
w​/​​b​o​​o​k​/​​e​d​c​​o​l​l​/​​9​7​​8​9​0​​0​4​1​​8​1​5​6​​4​/​​B​e​j​​.​9​7​​8​9​0​0​​4​1​​6​3​3​0​0​.​i​-​1​0​8​1​_​0​8​5​.​x​m​l ​h​t​t​p​​s​:​/​​/​d​
o​i​​.​o​​r​g​/​​1​0​.​​1​1​6​3​​/​e​​j​.​9​​7​8​9​​0​0​4​1​​6​3​​3​0​0​.​i​-​1​0​8​1​.​8​9​7

12.	 Prince RM, Atenafu EG, Krzyzanowska MK. Hospitalizations during systemic 
therapy for metastatic lung cancer: a systematic review of real world vs clini-
cal trial outcomes. JAMA Oncol. 2015;1(9):1333–9. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​0​1​​/​j​​a​
m​a​​o​n​c​​o​l​.​2​​0​1​​5​.​3​4​4​0.

13.	 van Geloven N, Keogh RH, van Amsterdam W, Cinà G, Peek N, Luijken K, et al. 
The risks of risk assessment: causal blind spots when using prediction models 
for treatment decisions.

14.	 Boyer CB, Dahabreh IJ, Steingrimsson JA. Estimating and evaluating counter-
factual prediction models . arXiv; 2024. Available from: ​h​t​t​p​​:​/​/​​a​r​x​i​​v​.​​o​r​g​​/​a​b​​s​/​2​3​​
0​8​​.​1​3​0​2​6 ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​4​8​5​5​​0​/​​a​r​X​i​v​.​2​3​0​8​.​1​3​0​2​6. Cited 2025 Feb 18.

15.	 Wang SV, Pottegård A, Crown W, Arlett P, Ashcroft DM, Benchimol EI, et al. 
HARmonized protocol template to enhance reproducibility of hypothesis 
evaluating real-world evidence studies on treatment effects: a good prac-
tices report of a joint ISPE/ISPOR task force. Pharmacoepidemiol Drug Saf. 
2023;32(1):44–55. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​0​2​​/​p​​d​s​.​5​5​0​7.

16.	 Kattan MW, Hess KR, Amin M, Lu Y, Moons KG, Gershenwald JE, et al. Ameri-
can Joint Committee on Cancer Acceptance Criteria for Inclusion of Risk 
Models for Individualized Prognosis in the Practice of Precision Medicine. 
CA Cancer J Clin. 2016;66(5):370–4. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​3​3​2​2​​/​c​​a​a​c​.​2​1​3​3​9. 
PubMedPMID:26784705; PubMedCentral PMCID:PMC4955656.

17.	 NDRS. Systemic Anti-Cancer Therapy (SACT) data set. Available from: ​h​t​t​p​​s​:​/​​/​
d​i​g​​i​t​​a​l​.​​n​h​s​​.​u​k​/​​n​d​​r​s​/​​d​a​t​​a​/​d​a​​t​a​​-​s​e​t​s​/​s​a​c​t. Cited 2024 Aug 14.

18.	 Henson KE, Elliss-Brookes L, Coupland VH, Payne E, Vernon S, Rous B, et al. 
Data Resource Profile: National Cancer Registration Dataset in England. Int J 
Epidemiol. 2020;49(1):16–16h. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​9​3​​/​i​​j​e​/​d​y​z​0​7​6.

19.	 Jong VMTde, Eijkemans MJC, Calster B, Timmerman D, Moons KGM, Steyer-
berg EW, et al. Sample size considerations and predictive performance of 
multinomial logistic prediction models. Stat Med. 2019;38(9):1601. ​h​t​t​p​​s​:​/​​/​d​o​i​​
.​o​​r​g​/​​1​0​.​​1​0​0​2​​/​s​​i​m​.​8​0​6​3.

20.	 Riley RD, Ensor J, Snell KIE, Harrell FE, Martin GP, Reitsma JB, et al. Calculating 
the sample size required for developing a clinical prediction model. BMJ. 
2020;368:m441. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​3​6​​/​b​​m​j​.​m​4​4​1.

21.	 Marshall A, Altman DG, Holder RL, Royston P. Combining estimates of interest 
in prognostic modelling studies after multiple imputation: current practice 
and guidelines. BMC Med Res Methodol. 2009;9(1):57. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​
/​1​​4​7​1​-​2​2​8​8​-​9​-​5​7.

22.	 Sperrin M, Martin GP, Sisk R, Peek N. Missing data should be handled differ-
ently for prediction than for description or causal explanation. J Clin Epide-
miol. 2020;125:183–7. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​j​c​​l​i​n​​e​p​i​.​​2​0​​2​0​.​0​3​.​0​2​8. PubMed 
PMID: 32540389.

23.	 Phillips RV. Practical considerations for specifying a super learner. 
arXiv:220406139 [statME]. 2022. ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​.​4​8​​5​​5​​0​/​a​r​​X​i​v​.​2​​2​0​4​.​0​6​1​3​9

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://brill.com/view/book/edcoll/9789004181564/Bej.9789004163300.i-1081_085.xml
https://brill.com/view/book/edcoll/9789004181564/Bej.9789004163300.i-1081_085.xml
https://doi.org/10.1163/ej.9789004163300.i-1081.897
https://doi.org/10.1163/ej.9789004163300.i-1081.897
https://doi.org/10.1001/jamaoncol.2015.3440
https://doi.org/10.1001/jamaoncol.2015.3440
http://arxiv.org/abs/2308.13026
http://arxiv.org/abs/2308.13026
https://doi.org/10.48550/arXiv.2308.13026
https://doi.org/10.1002/pds.5507
https://doi.org/10.3322/caac.21339
https://digital.nhs.uk/ndrs/data/data-sets/sact
https://digital.nhs.uk/ndrs/data/data-sets/sact
https://doi.org/10.1093/ije/dyz076
https://doi.org/10.1002/sim.8063
https://doi.org/10.1002/sim.8063
https://doi.org/10.1136/bmj.m441
https://doi.org/10.1186/1471-2288-9-57
https://doi.org/10.1186/1471-2288-9-57
https://doi.org/10.1016/j.jclinepi.2020.03.028
https://doi.org/10.48550/arXiv.2204.06139

	﻿Protocol for the development and validation of a risk score to predict risk of adverse events associated with systemic anti-cancer treatment in late-stage lung cancer: Lung Cancer Improved Decisions (LUCID)
	﻿Abstract
	﻿Background
	﻿Population and eligibility criteria
	﻿Methods
	﻿Study design
	﻿Rationale for study design choice


	﻿Context and rationale for definition of time 0 (and other primary time anchors) for entry to the study population
	﻿Context and rationale for study inclusion criteria
	﻿Variable selection

	﻿Context and rationale for defining the exposure(s) of interest
	﻿Context and rationale for outcome(s) of interest
	﻿Context and rationale for covariates
	﻿Data extraction
	﻿Sample size considerations
	﻿Missing data
	﻿Model development and internal validation
	﻿Analysis specification
	﻿Discussion
	﻿References


