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For evidence-based clinical long-term follow-up of
childhood cancer survivors, risk strati�cation is
required
James D. Klingensmith  (  rp311709@outlook.com )

Research Article

Keywords: Cancer, genome, pro�ling, pediatric

Posted Date: June 4th, 2021

DOI: https://doi.org/10.21203/rs.3.rs-591375/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-591375/v1
mailto:rp311709@outlook.com
https://doi.org/10.21203/rs.3.rs-591375/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/7

Abstract
The National Cancer Survivorship Initiative (NCSI) advocated reorganizing clinical follow-up care in
England depending on cancer type and therapy, with levels ranging from Level 1 (assisted self-
management) to Level 3 (intensive follow-up) (consultant-led care). The goal of this research was to use
a large population-based cohort of pediatric cancer survivors to investigate the risks of major adverse
health outcomes related with NCSI Levels of clinical treatment. SPNs—5 percent (two-fold expected), 14
percent (four-fold expected), and 21 percent (eight-fold expected) by 45 years from diagnosis among non-
leukaemic survivors assigned to NCSI Levels 1, 2, and 3; non-neoplastic death—2 percent (two-fold
expected), 4 percent (three-fold expected), and 8 percent (seven-fold expected); non-fatal infections—2
percent (two-fold expected), 4 percent (three-fold expected); non- As a result, the total cumulative risks of
any negative health outcome were 21%, 45%, and 69%, respectively.

Despite its simplicity, the risk strati�cation tool offers evident and substantial discrimination in terms of
long-term cumulative and excess risks of major unfavorable outcomes between survivors allocated to
various NCSI Levels.

Introduction
The National Cancer Survivorship Initiative (NCSI) advocated a comprehensive reorganization of clinical
follow-up treatment for cancer survivors throughout the National Health Service (NHS) in England (NHS
Improvement, 2011a, 2011b; Glaser et al, 2013). A previous examination examining the practices of
follow-up at Children's Cancer and Leukaemia Group (CCLG) Centers found considerable variability in the
percent of children cancer survivors receiving hospital follow-up beyond 5 years after diagnosis (Taylor et
al, 2004). The NCSI and the Independent Cancer Taskforce advocated that each survivor's clinical follow-
up treatment be evidence-based and tailored to their risk of major adverse health consequences (NHS
Improvement, 2011a, 2011b; Glaser et al, 2013; Independent Cancer Taskforce, 2015). The NCSI
suggested a risk classi�cation approach that goes from Level 1 (assisted self-management) to Level 3
(multidisciplinary consultant-led clinical care) and is based mostly on cancer type and therapy received
(NHS Improvement, 2011a, 2011b; Glaser et al, 2013). It is a re�nement of an approach we previously
presented for categorizing survivors into three categories of clinical follow-up treatment (Wallace et al,
2001). So far, only a few small-scale studies have been conducted to investigate the risks of negative
health outcomes associated with employing this risk classi�cation technique, with a total of slightly over
900 survivors (Absolom et al, 2006; Eiser et al, 2006; Michel et al, 2009; Edgar et al, 2013). This NCSI risk
classi�cation tool is straightforward and does not need speci�c information on cumulative cytotoxic
medication doses or radiation exposures to key organs. This offers a lot of bene�ts since such
information may not be easily accessible, especially if the treatments were done decades ago. When
opposed to Level 3, the NCSI's suggested clinical care levels 1 and 2 have much lower hospital
attendance rates. It's critical to look at whether those who are supposed to be followed up on at Levels 1
or 2 have a higher risk of major negative health outcomes that may be prevented or mitigated with proper
hospital follow-up. Because the NCSI approach of risk strati�cation, which was o�cially launched in
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2011 (NHS Improvement, 2011a, 2011b), is more widely used in the NHS for pediatric cancer survivors,
there is an urgent need to objectively assess the total risks of bad health outcomes associated with it.
The signi�cant engagement of CCLG Centres in the NCSI's development activities has resulted in such
extensive use. Because there has been no previous large-scale investigation of the serious health risks
associated with the NCSI Levels of care in the long-term, and to the best of our knowledge, this is the �rst
risk strati�cation tool that has been proposed for general clinical use for, data from the British Childhood
Cancer Survivor Study (BCCSS) provide an unrivalled opportunity to reliably estimate these risks, as there
has been no previous large-scale investigation of the serious health risks associated with the NCSI Levels
of care in the long-term Using data from the BCCSS, we conduct a large-scale population-based study
evaluating the risks of major adverse health outcomes linked with the NCSI Levels of clinical treatment
up to 45 years after diagnosis.

Method
NCSI clinical trials Risk strati�cation based on childhood cancer type and therapy was done as outlined
for all children malignancies except leukemia and those diagnosed with ALL and treated in an MRC trial
for the purposes of this study. Individual patient electronic record linkage through the NHS Information
Centre was used to determine the causes of fatalities and incident SPNs inside the BCCSS, which was
totally population-based. We got the death certi�cate as well as the underlying cause of death as coded
by the O�ce for National Statistics for each death. Reviewing pertinent diagnostic �ndings, especially
histopathology studies, veri�ed potential SPNs. Our most recent extensive examinations of causes of
mortality (Reulen et al, 2010; Fidler et al, 2016) and SPNs (Reulen et al, 2011) in our cohort provide further
information. The BCCSS questionnaire was used to determine the occurrence of non-fatal non-neoplastic
adverse health outcomes. To guarantee comparability with the CCSS, three authors ERL and DLW rated
each non-fatal non-neoplastic disease using the CTCAE version 3 (Cancer Therapy Evaluation
Programme, 2006) in conjunction with KCO of the North American Childhood Cancer Survivor Study
(CCSS). This version of the CTCAE (Cancer Therapy Evaluation Programme, 2006) was utilized since it
was utilized in all linked published trials, and standardization allows for more accurate comparisons.
Only events with a grade of 3 or 4 were considered. In addition to stating the ailment, the survivor also
stated the date and age of diagnosis. The CTCAE classi�ed potentially treatment-related non-fatal non-
neoplastic problems into ten categories (vision, hearing, speech, circulatory, pulmonary, gastrointestinal,
renal, musculoskeletal, neurological, and endocrine), as well as an overall category for any of these
events. SPNs, fatal non-neoplastic conditions, and non-fatal non-neoplastic conditions were all evaluated
for their risks. Time at risk for each of these events started �ve years after the diagnosis of the �rst
primary neoplasm (FPN). The end of the risk period was determined by the analysis of the negative result.
Exit from risk was de�ned as the date associated with the �rst of the following events: diagnosis of an
SPN/death from a speci�ed cause, loss to follow-up, death from another cause, or study end-date for
SPNs/particular fatal non-neoplastic disorders (the median questionnaire completion date). For non-fatal
non-neoplastic diseases, the date of diagnosis was used to determine departure from risk; otherwise, the
questionnaire completion date was used. Survivors were divided into groups based on their NCSI Levels
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of clinical treatment, and the cumulative incidence of each unfavorable health outcome was calculated
throughout the course of their follow-up from diagnosis. Other fatalities were handled as competing
hazards when estimating the cumulative incidence of an SPN and particular fatal non-neoplastic
illnesses (Gooley et al, 1999; Coviello and Bogges, 2004). The complement of the Kaplan–Meier estimate
(1-KM) was employed to assess the cumulative risk for non-fatal non-neoplastic diseases. To look for
heterogeneity and trends in cumulative risk, log rank tests were utilized. The ratio of observed (O) to
predicted (E) numbers of relevant events (O/E) was used to generate standardised incidence ratios (SIRs)
and standardised mortality ratios (SMRs). Person years at risk were accumulated within speci�ed gender,
�ve-year age, and one-year calendar period strata, and then multiplied by gender, age, and calendar period
speci�c neoplasm and mortality rates in the general population of England and Wales to arrive at
expected numbers. SIRs and SMRs across NCSI Levels were tested for heterogeneity and linear trend
using Poisson regression.

Result
There was a �ve-fold increase of fatalities from pulmonary causes among NCSI Level 1 survivors when
only looking at causes with more than �ve fatalities. When just looking at causes with more than �ve
fatalities, there was a four-fold increase in the incidence of fatalities from cardiac, cerebrovascular,
pulmonary, and neurological causes among NCSI Level 2 survivors. Before accessing accessible medical
data, the NCSI Level classi�cation utilised only limited information from the BCCSS computer record. A
thorough analysis of the medical histories of these individuals by doctors revealed that a higher level of
regular follow-up would not have helped avoid or postpone the excess fatalities (data not published due
to the potentially individually identi�able nature of the data). By 45 years after diagnosis, cumulative
risks (95 percent con�dence intervals) among survivors allocated to Levels 1, 2 and 3 were 2% (95
percent CI: 1.1–4.4%), 4% (3.0–5.7%), and 8% (6.3–10.5%), respectively (test for trend P0.00005) (Figure
2B). SMRs (95 percent con�dence intervals) were 2 (1.3–3.3), 3 (2.7–4.4), and 7-fold predicted (5.9–8.3),
respectively (test for trend P0.001). It shows the observed and anticipated numbers of certain non-
neoplastic causes of death at various NCSI Levels, as well as the cumulative risks after 45 years after
diagnosis. For fatalities from circulatory, cerebrovascular, pulmonary, and neurological causes, there was
evidence of an increase in SMRs when the NCSI level was raised from Level 1 to Level 3

Conclusions
The suggested NCSI risk strati�cation technique is straightforward, which gives it a signi�cant clinical
bene�t. However, it distinguishes survivors allocated to the three categories in terms of their long-term
cumulative risk of major poor health outcomes in an acceptable rank order. It also distinguishes between
survivors allocated to the three tiers in terms of excess risks in a clear and forceful way. This is
comforting since this instrument is already being used by the NHS to help children cancer survivors. The
risk strati�cation technique is expected to be effective worldwide since it enables robust discrimination
between groups of survivors in terms of their long-term likelihood of bad health consequences.
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Furthermore, the survivor strata established offer a foundation for intervention studies of the different
parts that form models of care, with a comprehensive economic assessment, across a broad range of
health care systems, whether privately or state organized, with such severe discrimination.
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