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Abstract
Background  Modifiable factors affect cancer’s survival but literature did not differentiate prior to versus after cancer 
diagnosis. It is essential to provide references for the intervention prioritized at different stages.

Methods  In this prospective cohort study, we analyzed national data from the UK Biobank, including 121,399 
participants, to assess the association of modifiable factors with cancer-specific survival (CSS) in two independent 
cohorts: a pre-cancer cohort (n = 78,027) and a post-cancer cohort (n = 43,372). Additionally, a weighted standardized 
score was derived to evaluate the joint effects across different domains. Interactions between the six domains and 
age at diagnosis, sex, and cancer site were evaluated using likelihood ratio tests. Subgroup analyses were then 
performed for factors showing significant effect modification. Population-attributable fractions (PAF) of different 
domains on 5-year cancer-specific death were calculated.

Results  Our study comprehensively presented the differential patterns of modifiable factors’ impact on CSS 
among pre-cancer and post-cancer cohorts, sexes and different cancer sites. In the pre-cancer cohort, CSS were 
predominantly attributable to smoking/alcohol consumption (PAF 9·2%) and daily activity (PAF 10·6%). Men 
exhibited a higher risk than women for dietary habits (HR:1·25 versus 1·18), daily activity (HR:1·50 versus 1·29) and 
living environment (HR:1·13 versus 1·03). The impact of modifiable factors, including daily activity, smoking/alcohol 
consumption, and physical measures, on CSS varied across different cancer sites. In the post-cancer cohort, 18·6% of 
5-year cancer-specific deaths were attributable to unfavourable mental health. In subgroup analysis, the risk of CSS 
in the domain of smoking/alcohol consumption was higher in men than that in women (HR: 1·58 versus 1·34). The 
impact of modifiable factors, including smoking/alcohol consumption, mental health and physical measures, on CSS 
varied across different cancer sites.
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Introduction
Cancer ranks as the second leading cause of death world-
wide, with a rising trend. It is estimated that the cancer 
burden of 19  million new cases in 2020 is expected to 
increase to more than 30 million by 2040 [1]. Despite the 
recent advances in early detection and novel treatment 
strategies for cancers, the decline in cancer mortality rate 
(17·9%) is relatively modest compared to the dramatic 
decrease in mortality from heart diseases (67·5%) [2]. 
Hence, it is necessary to perform a thorough analysis to 
identify the possible and preventable risk factors for can-
cer development in the population level.

Accumulating evidence indicates that modifiable fac-
tors affect prognosis in cancer survivors [3–7]. It is esti-
mated that modifiable factors account for 35–50% of all 
cancer-related deaths, with estimates including 45·2% 
in China [8], and 45·1% in the USA [9]. However, previ-
ous studies have several limitations. First, there is insuf-
ficient evidence to ascertain whether pre-cancer factors 
continue to have a definitive and sustained effect on 
the long-term survival of cancer survivors. Accord-
ingly, a common problem is the inaccurate estimation 
of the populational attributable fraction (PAF) using risk 
ratios on cancer cases but not on cancer death [8]. Sec-
ond, hypothesis-driven methods have been commonly 
adopted to explore post-cancer modifiable factors on 
cancer survival, which are likely to produce type I error 
and selective reporting error [10]. Third, most previ-
ous studies did not differentiate the impact of modifi-
able factors before and after cancer diagnosis on cancer 
survivors. Since many patients adjust their lifestyle after 
diagnosed with cancer, it is essential to provide refer-
ences for the intervention measures that should be pri-
oritized at different stages. Up to now, no studies have 
investigated broader factors associated with cancer sur-
vival comprehensively in a large population-based design.

Hence, using data from the UK Biobank, a prospec-
tive cohort encompassing over 500,000 participants 
[11], we first employed exposome-wide association 
study (EWAS), which is a non-hypothesis-driven statis-
tical approach, to systematically identify the impact of 
pre-cancer and post-cancer modifiable factors on can-
cer-specific survival (CSS). By leveraging a data-driven 
approach, our study mitigates selection bias inherent in 
hypothesis-driven analyses, allowing for a more com-
prehensive identification of key factors influencing can-
cer survival. Through the establishment of two distinct 
sub-cohorts (pre-cancer and post-cancer cohorts), we 
address the limitations of traditional studies, which often 

overestimate or underestimate the impact of pre-cancer 
factors on survival, thereby filling a critical research gap. 
Moreover, our findings provide stage-specific, personal-
ized intervention strategies, offering empirical support 
for both early prevention efforts and post-diagnosis can-
cer management.

Methods
Study design
In this prospective cohort study, we identified modifiable 
factors before and after the cancer diagnosis categorized 
as pre-cancer and post-cancer factors, respectively. Mod-
ifiable factors were categorized into six domains: dietary 
habits, daily activity, smoking/alcohol consumption, 
mental health, living environment, and physical mea-
sures. In EWAS, we examined the association of modi-
fiable factors, both before and after cancer diagnosis, 
with CSS applying Cox proportional hazard regression 
models. Additionally, a weighted standardized score was 
derived for each individual, aiming to evaluate the joint 
effects of modifiable factors across different domains on 
CSS. Lastly, PAF of different domains on 5-year cancer-
specific death were calculated considering the non-inde-
pendence of different domains. Subgroup analysis was 
conducted based on sex, age at cancer diagnosis ( > = 65 
years, < 65 years) and cancer sites (digestive system, 
respiratory and intrathoracic system, skin, breast, female 
genital organs, male genital organs, urinary tract, lym-
phoid or hematopoietic system).

The analysis plans are shown in Fig.  1 and Figure S1. 
Variable evaluation is detailed in the Supplementary 
file, with Figure S2 illustrating the processing of con-
tinuous variables, which served as the basis for their 
categorization.

Study population and outcome definition
Data were retrieved from the UK Biobank, a population-
based cohort study that included over 500,000 subjects 
enrolled at baseline during a period from 2006 to 2010. 
Overall survival (OS) data were based on the National 
Death Registries, as of March 2023. Cancer diagnosis 
was based on the link to the National Cancer Registries 
System. The cancer site was based on the International 
Classification of Diseases 10 codes (ICD-10). All partici-
pants provided written consent and approval was given 
by the North West Multicenter Research Ethics Com-
mittee (MREC, ​h​t​t​p​​s​:​/​​/​w​w​w​​.​u​​k​b​i​​o​b​a​​n​k​.​a​​c​.​​u​k​/​​l​e​a​​r​n​-​m​​o​
r​​e​-​a​​b​o​u​​t​-​u​k​​-​b​​i​o​b​​a​n​k​​/​a​b​o​​u​t​​-​u​s​/​e​t​h​i​c​s). Participants with 
complete data on the dates of cancer diagnosis were 

Conclusions  Our findings suggested that targeted prevention and early intervention strategies should be 
implemented to reduce the risk of cancer-related deaths.
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Fig. 1  A schematic overview of the study design. Analyses to examine the potential impact of a diverse array of modifiable risk factors before and after 
cancer diagnosis on CSS. Red: the pre-cancer cohort (participants diagnosed with cancer at baseline); blue: the post-cancer cohort (participants without 
a history of cancer at baseline but developed cancer during the follow-up period). Abbreviations: UKB, the UK Biobank; PAF: population attributable frac-
tion; RCS, restricted cubic splines
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included while participants with more than 20% missing 
data of selected modifiable factors, lost to follow-up were 
excluded from the present study.

CSS was defined as the outcome in pre-cancer and 
post-cancer cohorts. It was derived by limiting the under-
lying (primary) cause of death to ICD-10 codes C00-C97, 
extracted from UKB health outcome datasets death 
register (Category100093, obtained through linkage to 
national death registries and updated two or three times 
per year). In both cohorts, survival time and follow-up 
time were calculated from the date of cancer diagnosis to 
the date of death registries or the last date with update 
information (March 2023), whichever came first.

EWAS
In EWAS, the adjusted covariables included sex, ethnic-
ity, age at cancer diagnosis, cancer stage, number of non-
cancer diseases and Townsend deprivation index. For 
factors that violated the proportional hazard assumption 
(P < 0·0001 based on Schoenfeld residuals), an extended 
Cox model with a time-dependent coefficient was applied 
[12, 13]. To control false discovery, a conservative Bon-
ferroni-corrected significance threshold (0·05 divided by 
319 tests, or 1·567 × 10− 4) was used [10]. Significant fac-
tors identified by EWAS were checked for collinearity 
[14]. In cases where two factors were highly correlated 
(r2 > 0.9), the factor more strongly correlated (higher 
correlation coefficient) with other identified factors was 
excluded.

Joint effects across six domains on CSS
Based on the identified modifiable factors in the EWAS, 
we constructed risk scores in six domains for each par-
ticipant. First, we converted continuous variables to 
binary variables based on the mean. Participants scored 
1 point for each detrimental factor (HR > 1), and the 
sum of points of all modifiable factors in each domain 
were the total unweighted scores. Weighted standard-
ized scores for each domain were generated based on the 
absolute value of β coefficients of each variable in the Cox 
proportional hazard models [15]. A higher score indi-
cated a higher risk of unhealthy modifiable factors in one 
domain.

The study population was divided into three groups 
including participants with favourable, intermediate or 
unfavourable modifiable factors according to the tertiles 
of their total scores.

Cox proportional hazard regression was conducted to 
assess the association of the six domains with CSS esti-
mating the joint effects of identified factors using the 
sum of scores in each domain. In sensitivity analysis, an 
unweighted score was used to conduct the same analysis. 
Interactions between six domains and age at cancer diag-
nosis, sex, and cancer site were assessed by conducting 

likelihood ratio tests [16]. Subgroup analyses were 
then performed for factors showing significant effect 
modification.

PAF calculation
PAF was defined as the proportion by which an out-
come occurrence is reduced if the whole population is 
hypothesized to attain the same risk of disease as the 
individuals within the lowest consumption category 
[17]. We performed two models- Model 1 eliminated 
the unfavourable factors from the population; Model 2 
eliminated unfavourable and intermediate factors. PAFs 
were calculated based on the odds ratio (OR) for 5-year 
cancer-specific death estimated using logistic regression 
models [18]. Considering the overlap of six domains and 
to reduce the overestimation of PAFs caused by the inter-
actions of domains, communality was calculated to com-
pute the weighted PAFs [19]. Additionally, we performed 
sequential PAF estimation as a sensitivity analysis, cal-
culating PAFs by systematically removing risk factors to 
assess the robustness of our findings.

Results
Study population and baseline characteristics
Finally, 121,399 participants were enrolled. The pre-can-
cer cohort included 78,027 participants (diagnosis age, 
mean [SD]: 66·5 [7·7] years; 52·3% men; 92·6% white). 
Within the median follow-up of 6·7 years, cancer-spe-
cific death occurred in 14,891 (19·1%) participants. The 
post-cancer cohort included 43,372 participants (diagno-
sis age, mean [SD]: 50·6 (10·9) years; 34·0% men; 92·97% 
white). Within the median follow-up of 21·1 years, can-
cer-specific deaths occurred in 4,060 (10·7%) individuals.

The demographic and baseline characteristics of the 
two cohorts are shown in Table S1-S3.

Modifiable factors in pre-cancer cohort
In the EWAS of the pre-cancer cohort, CSS was associ-
ated with 117 modifiable factors (Fig.  2 and Table S4). 
After excluding variables due to multicollinearity (Fig-
ure S3), 107 factors remained (20 dietary habits, 38 daily 
activities, 12 smoking/alcohol consumption, 9 men-
tal health, 3 living environment, and 25 physical mea-
sures). Among these factors, current smoking most of 
the day had the highest HR (2·55, 95%CI: 2·25 to 2·88, 
P < 1·567 × 10− 4). Among the protective factors, the brisk 
walking pace had the lowest HR = 0·63 (95%CI: 0·58 to 
0·65, P < 1·567 × 10− 4). Sex-stratified analysis indicated 
that the association between CSS and modifiable fac-
tors varied substantially between sexes. CSS was associ-
ated with a broader range of modifiable factors in men 
than in women. Notably, more differentiated perfor-
mance had been observed in the sex-specific patterns 
of modifiable factors related to mental health and daily 
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Fig. 2 (See legend on next page.)
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activities. Age-stratified analysis showed that CSS was 
associated with more modifiable factors in the elderly 
versus younger participants, especially in the domain of 
mental health. Cancer site-stratified analysis showed a 
distinct pattern of association, except for in the domain 
of smoking/alcohol consumption (Fig. 3 and Table S4).

CSS was associated with all six domains (P for 
trend < 0·05, Fig.  4A). The top three domains with the 
highest joint effect were respectively unfavourable pro-
files of smoking/alcohol consumption (HR = 1·49, 95%CI: 
1·43 to 1·56, P < 0·0001), physical measures (HR = 1·45, 
95%CI: 1·38 to 1·52, P < 0·0001) and daily activity 
(HR = 1·40, 95%CI = 1·34 to 1·47, P < 0·0001). The pattern 
of results was nearly identical in the sensitivity analysis 
(Table S5). Domains interacted with sex and cancer site, 
but not age at cancer diagnosis (Fig.  4B and Table S6). 
Men exhibited higher HRs for unfavorable dietary habits 
(HR = 1·25, 95%CI:1·18 to 1·33 vs. HR = 1·18, 95%CI:1·11 
to 1·26), daily activity (HR = 1·50, 95%CI = 1·40 to 1·60 vs. 
HR = 1·29, 95%CI:1·20 to 1·37), and living environment 
(HR = 1·13, 95%CI = 1·07 to 1·20 vs. HR = 1·03, 95%CI:0·97 
to 1·09) than women (Fig. 4C and Table S7). Cancer site-
stratified analysis showed the highest HRs for poor daily 
activity and physical measures in male genital cancers, 
while long-term smoking/alcohol consumption had the 
strongest impact on respiratory and intrathoracic cancers 
(Fig. 4D, Table S7).

PAF analysis indicated a significant impact of modifi-
able factors on 5-year cancer-specific death (Fig.  5A). 
Shifting unfavourable profiles to intermediate/favourable 
ones (Model 1), the most significant survival benefit was 
associated with addressing smoking/alcohol consump-
tion, with 9·2% of 5-year cancer-specific deaths attribut-
able to unfavourable smoking/alcohol consumption. PAF 
was 8·7% for daily activity, 5·8% for physical measures, 
5·7% for dietary habits, 2·0% for mental health, and 1·5% 
for living environment. Shifting all unfavourable/inter-
mediate profiles to favourable ones (Model 2), PAF was 
10·6% for daily activity, 10·0% for physical measures, 8·7% 
for smoking/alcohol consumption, 6·9% for dietary hab-
its, 3·2% for mental health, 2·1% for the living environ-
ment. Table S8 showed the results of sensitivity analysis 
of PAF. PAF by cancer site (Fig. 5B, Table S9) showed the 
greatest benefit for male genital cancers (PAF = 30.7–
42.0%), across all six domains. Furthermore, in the com-
parison of the two models, PAF was minimal in Model 

for female genital cancers, but improved in Model 2, 
where dietary habits played a key role.

These findings highlight the critical role of pre-cancer 
modifiable factors in cancer-specific survival, particu-
larly smoking/alcohol consumption, daily activity, and 
physical measures. The impact of pre-cancer modifiable 
factors varies across sex, emphasizing the importance of 
targeted interventions tailored to different populations. 
Addressing modifiable risk factors could yield substan-
tial survival benefits, particularly for cancers of the male 
genital organs.

Modifiable factors in post-cancer cohort
In the post-cancer cohort, after excluding variables due 
to multicollinearity (Figure S4), 61 pre-cancer variables 
was associated with CSS: 9 dietary habits, 18 daily activi-
ties, 8 smoking/alcohol consumption, 9 mental health, 
17 physical measures, and none in the living environ-
ment domain (Fig.  2 and Table S10). Among these fac-
tors, illness/injury/bereavement/stress had the highest 
HR (9·21, 95%CI = 6·43 to 13·21, P < 1·567 × 10− 4). Among 
the protective factors, brisk pace had the lowest HR (0·48, 
95%CI = 036 to 0·63, P < 1·567 × 10− 4). Men had more 
CSS-associated modifiable factors than women (47 ver-
sus 41), primarily in daily activity (16 versus 10). Note-
worthy, the type of significant factors also varied across 
sexes. For instance, within the domain of physical mea-
sures, CSS was associated with the change of mass of leg 
in women but not in men, whereas blood pressure and 
Forced Expiratory Volume in the first second (FEV1) 
were significant in men but not in women. Concerning 
diet, fruit intake had significant association with CSS 
only in men, whereas fish oil consumption was associated 
with CSS in women but not in men. In participants ≥ 65 
years, only eight modifiable factors were significantly 
associated with CSS: four in physical measures, one in 
mental health, and three in daily activities. The pattern of 
association differed significantly across cancer sites, but 
was nearly identical in the domain of smoking/alcohol 
consumption (Fig. 3 and Table S10).

The joint effects of post-cancer modifiable factors in 
each domain are shown in Fig.  4A. Of note, post-can-
cer mental health had greater e impact on CSS in the 
post- versus pre-cancer cohort (intermediate profile: 
HR = 1·43, 95%CI = 1·33 to 1·55, P < 0·0001 vs. HR = 1·03, 
95%CI: 0·99 to 1·07, P = 0·098; unfavorable profile: 

(See figure on previous page.)
Fig. 2  Associations between modifiable factors across six domains and cancer-specific survival in pan-cancer using Exposure-wide association analysis. 
(A) Results of EWAS in full sample. X-axis: category domains; y-axis: statistical significance as − log10 of p-value; dotted horizontal line: significance thresh-
old corrected for multiple testing (Bonferroni correction, P < 1·567 × 10− 4). (B). Venn diagram showing the similarities and differences between pre-cancer 
and post-cancer risk factors. (C) Hazard ratios of significant factors identified in both cohorts by EWAS in the full sample. (D) Hazard ratios of significant 
factors identified in the post-cancer cohort but not in the pre-cancer cohort. (E) Hazard ratio of significant factors identified in the pre-cancer cohort but 
not in the post-cancer cohort. Dots: hazard ratios; horizontal lines: corresponding 95% confidence intervals. The association was estimated by applying 
the Cox hazard regression model or an extended cox model with a time-dependent coefficient), adjusted for age at cancer diagnosis, sex, ethnicity, can-
cer stage, number of non-cancer diseases and Townsend deprivation index
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HR = 1·78, 95%CI = 1·65 to 1·94, P < 0·0001 vs. HR = 1·06, 
95%CI = 1·01 to 1·10, P = 0·009). The pattern of results 
was nearly identical in the sensitivity analysis (Table 
S11). No interactions were found between domains 
and age (Fig.  4B and Table S12). Unfavorable smoking/
alcohol consumption was associated with higher risk in 
men (HR = 1·58, 95%CI = 1·40 to 1·78, P < 0·0001) than 
in women (HR = 1·34, 95%CI = 1·21 to 1·48, P < 0·0001). 
Among different cancer sites, unfavourable profiles of 
mental health and physical measures were associated 
with the highest risk of cancer of the respiratory and 

intrathoracic organs, whereas unfavourable smoking/
alcohol consumption was associated with the highest risk 
of cancer of the urinary tract. Details of interaction and 
subgroup analysis are shown in Fig. 4C-D and Table S13.

PAF analysis highlighted mental health prevention 
as the most impactful intervention (PAF = 18·4–30·6% 
across two models, Fig. 5A). The estimated PAFs ranged 
from 15·7%-17·2% for daily activity, 12·6%-17·4% for 
physical measures, 11·8%-14·8% for dietary habits, and 
8·2%-12·0% for smoking/alcohol consumption. Table 
S14 showed the results of sensitivity analysis of PAF. In 

Fig. 3  Summary heatmap for all significant factors identified by EWAS across all analytic sets (subgroup analysis). The color of cells indicates the effect 
sizes (HR) between each risk factor and all-cause mortality in pan-cancer. Asterisks in cells represent significant associations after correction for multiple 
testing (Bonferroni correction, P < 1·567 × 10− 4). Only factors with significant association in at least one analytic set are shown
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analyses stratified by cancer sites, adjustments for men-
tal health conferred the greatest survival benefit across 
most cancers in both models, except for cancer of the 
male genital organs, urinary tract, and skin (Fig. 5C and 
Table S15). Improving daily activity performance offered 
the most significant survival benefits in patients with 
cancer of the male genital organs; dietary enhancements 
offered the most significant survival benefits in patients 

with urinary tract cancer; smoking/alcohol consumption 
showed the greatest importance for patients with skin 
cancer.

These findings underscore the crucial role of post-
cancer modifiable factors in influencing cancer-specific 
survival, particularly mental health, which had a signifi-
cantly stronger impact after cancer diagnosis compared 
to before. The effect of modifiable factors varied across 

Fig. 4  Joint effects of identified factors across six domains on cancer-specific survival. (A) Associations of six domains with cancer-specific survival. Blocks 
represent hazard ratios and horizontal lines indicate corresponding 95% confidence intervals. The favourable profile of each domain was used as the 
reference panel. The hazard ratio was generated by a Cox model including six domains and adjusted for age at cancer diagnosis, sex, ethnicity, cancer 
stage, number of non-cancer diseases and Townsend deprivation index. (B) Interaction of six domains and age at cancer diagnosis, sex and cancer site, 
was assessed by conducting a likelihood ratio test. The red dot indicates the interaction. (C) Sex-specific analyses of domains indicating interactions with 
sex based on Cox regression models. (D) Cancer site-specific analyses of domains showing interaction with cancer site based on Cox regression models
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sex and cancer sites, emphasizing the importance of tai-
lored interventions. Addressing these factors could pro-
vide substantial survival benefits, with mental health 
interventions emerging as the most impactful strategy.

Discussion
The current study identified a broad array of pre-cancer 
modifiable factors significantly associated with CSS, 
being observed in both younger and elderly populations. 

Fig. 5  Population attributable fractions for the six domains on 5-year cancer-specific death. Abbreviation: PAF, population attributable fraction. (A) PAFs 
were calculated based on univariate logistic regression models. Communality represents the overlap of the domain with others, which was calculated 
using principal component analysis. Weighted PAFs were calculated after considering the overlap among risk factors. In Model 1, we shifted the unfavour-
able profiles to intermediate and favourable ones. In Model 2, we shifted all factors to the favourable ones. (B) Weighted PAFs for six post-cancer domains 
across cancer sites. (C) Weighted PAFs for six pre-cancer domains across cancer sites
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It indicated the impact of pre-cancer modifiable factors 
on CSS persists throughout the entire lifespan, even into 
gerontic. Modifiable factors are known to be associated 
with the risk of developing cancers [20, 21]. Accordingly, 
primary prevention based on these modifiable factors 
could prevent cancer as well as reduce cancer-specific 
death. Fewer post-cancer modifiable factors were asso-
ciated with CSS in the elderly than that in the younger 
population. Several factors may have contributed to this 
finding. First, such a discrepancy may reflect a decline 
in the ability or will to modify unhealthy or main-
tain healthy lifestyles after the cancer diagnosis [22]. 
Decreased physical function, less social and psychologi-
cal support, and higher levels of cancer-related fatigue 
in elderly subjects are potential reasons for poorer self-
management compared to younger patients [23]. Addi-
tionally, susceptibility to side effects of medications in the 
elderly may disrupt the estimation of modifiable factors’ 
effect on the CSS.

Previous studies showed that cigarette smoking 
accounted for the highest proportion of cancer cases and 
cancer deaths [9, 24, 25]. Interventions through taxa-
tion and regulatory policies have achieved significant 
results over the past decades in developed countries 
[26]. Our study also suggests that public health initiatives 
should prioritize smoking cessation programs and alco-
hol reduction strategies among cancer patients. More-
over, this study suggests that pre-cancer daily activity is 
equally important as smoking in reducing cancer-specific 
mortality. Motivating individuals to participate in more 
daily activities, such as physical exercise and social inter-
action, should be advocated at the policy level to mitigate 
the growing cancer burden. Recent literature suggests 
that the exposome shapes distinct patterns of disease 
and mortality risk, irrespective of polygenic disease risk 
[27]. Our study further supports the necessity of actively 
intervening in pre-cancer modifiable factors, which not 
only reduces the risk of tumor development but may also 
extend patient survival and improve quality of life.

The current study highlighted the importance of post-
cancer mental health in CSS. Several potential mecha-
nisms may explain this association. First, patients with 
poor mental health were less likely to adhere to treat-
ments and follow-up. A meta-analysis indicated that 
patients with depression have lower medication adher-
ence and are more likely to delay or discontinue medica-
tion, particularly in the long-term management of cancer, 
diabetes, and cardiovascular diseases [28]. Kielsholm 
et al. [29] conducted a population-based cohort analy-
sis of 2,036,704 Danish people and reported that indi-
viduals with mental disorders were less likely to engage 
in colorectal cancer screening, illustrating the impact 
of mental health on healthcare utilization. Second, 
patients with mental disorders often require treatment 

with certain medications, which in turn may produce an 
adverse impact on CSS. Jari Tiihonen et al. [30] found 
that long-term use of the atypical antipsychotic agent 
clozapine was associated with a higher risk of mortality 
from lymphoma and leukaemia compared to the risk of 
agranulocytosis. Third, mental health may influence CSS 
through immune system modulation. Depression and 
anxiety have also been linked to dysregulation of T-cell 
function and reduced natural killer cell activity, impair-
ing immune surveillance against tumor progression [31]. 
Notably, Zeng et al. recently demonstrated that pretreat-
ment emotional distress correlated with diminished 
clinical responses to immune checkpoint inhibitors in 
non-small-cell lung cancer patients, underscoring the 
role of psychological factors in shaping treatment effi-
cacy [7]. However, caution must be exercised due to the 
possibility of reverse causation, which may lead to an 
overestimation of the causal effect of mental health on 
CSS. Patients with malignancies or low socioeconomic 
status often experience higher levels of worry, distress, 
and other mental health issues. The analysis adjusting 
for the cancer stage and Townsend index in the current 
study indicated that mental health remained significantly 
associated with CSS, suggesting that its influence extends 
beyond disease severity and social support. Of course, we 
cannot entirely rule out the possibility that our conclu-
sions overestimate the causal effect of mental health on 
CSS. Future research with more rigorous designs, such 
as time-series analyses, is needed to further clarify the 
temporal sequence and establish the causality of this rela-
tionship. All in all, the inclusion of psychiatrists in mul-
tidisciplinary treatment teams for cancer patients might 
prolong survival. Furthermore, a recent review provides 
evidence that web-based platforms and smartphone 
applications can effectively alleviate depression, anxiety, 
and distress in cancer patients [32]. This suggests that 
integrating digital health interventions could be a scal-
able and cost-effective strategy to enhance mental well-
being and overall survivorship outcomes.

The current study revealed distinct patterns of associa-
tion between CSS and modifiable factors across differ-
ent sexes and cancer sites. For individuals with cancer, 
they could get specific suggestions from our subgroup 
EWAS results (Fig. 3). Similar to the previous study, the 
current study indicated that unfavourable modifiable 
factors, particularly daily activities, dietary habits, living 
environment before cancer, smoking/alcohol consump-
tion after cancer, carry a higher risk of cancer survival in 
men versus in women. Also, specific risk patterns in men 
versus women suggest different measures. Regarding dif-
ferences across cancer sites, emphasis should be placed 
on improving mental health and physical measures in 
patients with cancer of the respiratory and intrathoracic 
organs. In contrast, emphasis in patients with cancer of 
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the urinary tract should be placed on avoiding unfavour-
able smoking/alcohol consumption.

Our study has several limitations. First, most subjects 
were of European ancestry. Whether the findings are gen-
eralizable to other ancestry is unknown. Future research 
should include more diverse cohorts to validate these 
associations across different genetic and environmental 
backgrounds. Second, people who have a poor prognosis 
of cancer may not participate in UK Biobank; accordingly, 
cancer-specific death in the post-cancer cohort may have 
been under-estimated and PAFs might have been over-
estimated. Third, our study did not account for treatment 
modalities (e.g., chemotherapy, immunotherapy), which 
could introduce confounding bias. Future studies should 
incorporate detailed treatment data to better account for 
its potential impact and improve the robustness of the 
findings.
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