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Abstract 
Objective: To identify war-related factors affecting patients with cancer, synthesize their associations with cancer-specific mortality, and 
estimate changes in registered cancer deaths under multifactor scenarios in Gaza during October–December 2023. 
Methods: PubMed, Web of Science, Embase, and Cochrane Library were searched. Two reviewers independently screened studies, extracted 
factors, and identified a cancer-patient subset. Cancer-specific mortality or survival effects were pooled for six factor groups using REML 
random-effects models. Gaza registered cancer deaths and population data from 2016–2022 were used to estimate a 2023 counterfactual 
registry baseline with a Pearson-dispersion-corrected Poisson model and 100,000 Monte Carlo simulations. Five non-environmental factors 
were combined with treatment delay or interruption in a primary six-factor joint model. Particulate-matter exposure was included only in 
exploratory analyses. 
Results: The review identified 1,341 factor records from 413 studies and 263 standardized factors. The cancer subset contained 23 studies, 67 
records, and 29 standardized factors. Twenty-eight studies contributed 29 poolable estimates. Diagnostic delay (HR 1.401, 95% CI 1.077–
1.822) and psychosocial stress (HR 1.237, 1.019–1.501) were positively associated with cancer-specific mortality. The particulate-matter 
estimate was highly heterogeneous (HR 1.427, 1.075–1.894; I²=98.7%). The counterfactual baseline was 997.2 registered deaths (95% UI 
834.4–1189.3). Under the no-attenuation upper-bound assumption of g=1.00, the primary six-factor model estimated 173.5 additional registered 
deaths (90.9–286.5). Across g=0.35–1.00, the increment ranged from 60.7 to 173.5 deaths. A flat-rate baseline sensitivity produced 127.8 
additional deaths (65.5–215.0). Exploratory addition of particulate-matter exposure increased the estimate to 239.8 deaths (131.2–391.6). 
Conclusion: War-related cancer factors were concentrated in health services and systems. Diagnostic delay and psychosocial stress showed 
positive pooled associations, while particulate matter remained exploratory. The estimated increments are conditional scenarios rather than 
observed or directly war-attributable deaths and depend on assumptions about baseline trends, exposure mapping, effect transport, overlap, 
and pathway coverage. 
 

Introduction 
Protracted war can simultaneously disrupt health-care facilities, transportation, referral, diagnosis, staffing, patient–provider communication, 
and living environments. Because patients with cancer depend heavily on continuity of care, pathological examination, surgery, radiotherapy 
and chemotherapy, and symptom control, shocks to the health system may affect their survival through multiple pathways1. However, in settings 
without complete cancer registration and individual follow-up, directly observing cancer-specific mortality during war is difficult. Reliance on 
hospital cases alone may also omit people who could not obtain care, were evacuated, or died without registration, limiting accurate 
assessment of the cancer burden2.  

Cancer care in conflict-affected settings is a problem of substantial and growing scale. Large populations of patients with cancer live in or are 
displaced from conflict zones such as Ukraine, Sudan, Syria, and Gaza, where treatment capacity, referral systems, and continuity of care have 
been severely disrupted1,3. Existing estimates of war-related cancer mortality, however, have mostly modelled a single pathway—typically 
treatment delay or interruption—and may therefore undercount the broader mortality burden4. In war settings, risks are not confined to the 
treatment process: health-care access, diagnostic capacity, workforce availability, patient–provider communication, psychosocial stress, and 
environmental exposures may all deteriorate simultaneously and act through shared care pathways.5 These mechanisms can compound one 
another, while simply multiplying factor-specific effect estimates or adding their death increments may double-count shared pathways. A 
framework that systematically identifies the full set of war-related factors and then evaluates their individual and joint contributions is therefore 
needed. This study was designed as a direct response to that gap, and to the broader question of how health-system collapse beyond treatment 
interruption translates into cancer mortality risk. 
Accordingly, this study first used a systematic review to identify factors associated with increased mortality among individuals with health 
conditions during war, standardized and classified these factors, and extracted those relevant to patients with cancer. Meta-analyses were then 
conducted for factors with evidence on cancer-specific mortality or survival. To apply this framework, we used prewar registered cancer deaths 
and population data for Gaza to extrapolate a 2023 no-war counterfactual baseline and combined this baseline with wartime exposure data in 
Monte Carlo simulations to estimate the change in deaths associated with each factor. Gaza is a relevant application setting because it has long 
depended on referrals and has faced constraints on medicines and equipment as well as barriers to cross-border movement6. After October 
2023, the conflict further disrupted local cancer services, making access to continuous care more difficult3. Although Gaza is used here as the 
application setting, the factor map and scenario framework are intended to be transferable to other conflict settings. On this basis, the existing 
treatment delay or interruption factor was incorporated, co-exposure and shared pathways were handled explicitly, and a multifactor joint 
scenario was constructed to inform understanding of the potential effects of war on patients with cancer and the development of strategies to 
restore cancer services. 

 

Materials and Methods 

Study Design and Staged Analytical Framework 

This study used a staged evidence-synthesis and scenario-modeling design. In the first stage, factors associated with increased mortality 
among individuals with health conditions during war were identified systematically, and a standardized factor database was established. In the 
second stage, a cancer-patient factor subset was formed from this database. In the third stage, quantifiable factors were selected on the basis 
of cancer-specific mortality or survival outcomes, and factor-specific meta-analyses were completed. In the fourth stage, the Gaza registry trend 
was used as a common counterfactual baseline. Six factor-specific scenarios were first evaluated. A, D, H, P, and C were then combined with 
the previously estimated treatment delay or interruption parameter T to construct the primary six-factor joint model. Because E was supported 
only by an indirect single-month exposure proxy, it was added only in an exploratory seven-factor extension4. The upstream systematic review 
defined the scope of the factors, the downstream meta-analyses estimated their effect sizes, and the scenario model estimated possible 
changes in registered deaths under explicit exposure-mapping and structural assumptions. These three components were not interpreted as 
equivalent. 
In the second layer, A, D, H, P, and C were combined with T to form the primary six-factor joint scenario. E was excluded from the primary joint 
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model because its proxy covered only October 2023, was derived from stations outside Gaza, and was inconsistent in direction with the 
satellite-based alternative. E was added only in an exploratory seven-factor extension. The outcome for T was overall survival or all-cause 
mortality, and T was explicitly treated as an endpoint proxy. 

 

Systematic Search and Study Selection for War-Related Factors 

Search strategy and study selection 

On August 12, 2026, we systematically searched four databases—PubMed, Embase, Cochrane Library, and Web of Science—using variants of 
terms such as “Armed Conflicts” and “Death” (for the detailed search strategy, see Supplementary Materials, Section 1: Retrieval Strategy 
1). 
The articles retrieved by the two researchers through the systematic search were first screened by title and abstract; disagreements were 
resolved through discussion until consensus was reached. The inclusion criteria for this screening stage were as follows: 
Both of the following criteria had to be met: 
1. Related to war 
2. Must mention disease, i.e., the disease had to be related to war 
The articles that were subsequently included were screened by full-text review. The inclusion and exclusion criteria are provided in 
Supplementary Materials, Section 2. 
 

Data Extraction, Factor Standardization, and Quality Control 
Data extraction: Data extraction was likewise performed independently and in duplicate by two reviewers, with disagreements resolved 
through discussion and consensus. Data were extracted using a predesigned data extraction form. The items extracted were: first author, year 
of publication, DOI/PubMed ID/link, name of the war/conflict, country/region, study period, study subjects/diseased population, type of study 
subjects, disease, Raw Factor name, evidence from the original text, and PDF page order. Country/region: Enter the region corresponding to 
the study/event or the geographic scope explicitly described in the article. The study region must not be inferred solely from the authors’ 
affiliations. Raw Factor name: Enter the original wording of the corresponding factor in the article, or a faithful and concise factor name taken 
from the original text; in principle, retain the English wording of the factor. Disease: Enter the disease or injury based on the information explicitly 
provided in the article. Multiple factors in a single article: When a single article reports multiple factors that meet the criteria: 
Each independent factor should be entered on a separate row. All rows should use the same article-level information, such as article ID, 
DOI/PubMed ID/link, first author, and year. Multiple repeated pieces of evidence for the same factor should in principle be merged to avoid 
double counting. 
Raw-Factor Standardization: This study standardized the original factors extracted from the literature using an item classification system and 
a controlled coding approach guided by an international framework; the standardization process is illustrated in Supplementary Materials, 
Section 3: Figure 1. The classification system consists of three data levels: “Primary Category,” “Standardized Factor Name,” and “Original 
Factor Name.” The primary category denotes the main analytical domain to which a standardized factor belongs; the standardized factor name 
serves as the uniform coding unit for factor aggregation and frequency counts; and the original factor name preserves the specific wording 
obtained during the literature extraction stage. 
Method for Establishing Primary Categories: This study organized the original factors using an item analysis classification system guided by 
international frameworks. First, the four technical sectors of the Sphere Handbook 20187 —Health; Water Supply, Sanitation and Hygiene; Food 
Security and Nutrition; and Shelter and Settlement—were adopted as the initial classification framework. The research team then systematically 
compared all unique original factors extracted from the literature against this initial framework on an item-by-item basis and identified factors 
that could not be adequately covered by the four technical sectors. For factors related to health services, health workforce, medical products, 
medical equipment, health financing, and governance, further reference was made to the WHO Health System Framework8 and the WHO 
HeRAMS9; for factors related to population displacement, hazard exposure, and disruption of critical infrastructure and essential services, 
reference was made to the terminology of the WHO Health Emergency and Disaster Risk Management10, the UNDRR Sendai Framework 
Terminology11, and the UNDRR/ISC Hazard Information Profiles12; for factors related to the economy, livelihoods, governance, social support, 
and rights, reference was made to the WHO Social Determinants of Health Framework13 and the Sphere Protection Principles. (The formation 
pathway for each primary category is presented in Excel Table 1, sheet 1.) An independent definition record was established for each primary 
category, including the category name, operational definition, inclusions, exclusions, main international references, and boundaries with other 
primary categories (see Excel Table 1, sheets 2 and 3). 
Method for Establishing the Standardized Factor Codebook: The research team first compiled all unique original factors (the rules for extracting 
unique original factors are provided in Supplementary Materials, Section 4) and, taking into account each factor’s direct target, state, primary 
mechanism of action, and position in the causal process, established candidate standardized factors. For standardized factor names, priority 
was given to standardized terminology from authoritative sources such as WHO, Sphere, UNDRR, or MeSH that corresponds closely to the 
study concepts; when international sources provided only basic concepts but lacked a complete risk factor expression, the research team 
developed project-specific standardized names without altering the core meaning of the original factors (see Excel Table 2). The conceptual 
definition and naming of standardized factors were informed by the terminology work principles of ISO 704 
(https://www.iso.org/standard/79077.html). A complete codebook entry was established for each standardized factor, including the standardized 
factor name, operational definition, inclusion criteria, exclusion criteria, examples of mappable original factors, examples of non-mappable 
factors, term source type, and international references. 
The management of the standardized factor vocabulary and mapping relationships was informed by the controlled vocabulary principles of ISO 
25964-1 (https://www.iso.org/standard/53657.html). Each standardized factor was assigned a unique name and Factor_ID, while the original 
factor expressions from the literature extraction stage were retained, and the mapping results from original factors to standardized factors as 
well as the basis for the mapping decisions were recorded. ISO 704 and ISO 25964-1 were used to guide term definition, name harmonization, 
and the management of mapping records; they did not directly provide the primary categories or the list of standardized factors used in this 
study. 
The relationship between primary categories and standardized factor names is defined as a classificatory assignment. A primary category is not 
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a synonym of a standardized factor, nor is it interpreted as a broader semantic term for the standardized factor; likewise, a standardized factor is 
not interpreted as a narrower term of a primary category. Each standardized factor is assigned to one primary category according to its primary 
target, mechanism of action, and field of application. In the visualization, the lines between primary categories and standardized factors are 
intended solely to indicate this classificatory assignment and do not represent strict semantic containment, causal sequence, or ontological 
relationships. 
Quality Control: Two researchers independently coded all unique original factors based on the frozen primary category definition table and the 
standardized factor codebook. During the independent coding stage, the two researchers separately determined the primary category to which 
each original factor belonged, the corresponding standardized factor, and the mapping relationship, without viewing each other’s judgments. 
After completing independent coding, the two researchers compared the results item by item. Items for which both the primary category and the 
standardized factor were consistent were adopted directly; items with disagreements were discussed by the two researchers, who jointly 
reviewed the original articles, the codebook, and relevant international reference materials. Items were adopted after consensus was ultimately 
reached through discussion (the mapping records of the two researchers are provided in Excel Table 3). Mapping Principles: A standardized 
factor could correspond to multiple original factors, provided that these original factors met the operational definition and inclusion criteria 
predefined for that standardized factor and did not meet its exclusion criteria. Specific drug, specialty, population, or disease information was 
retained in the original factor field; therefore, mapping to a unified standardized factor did not remove specific information obtained during the 
literature extraction stage. 
Standardization was not aimed at minimizing the number of factors. In principle, factors describing different targets, states, or intervention steps 
were coded separately; for example, food shortage, food insecurity, hunger, and malnutrition were treated separately. 
 

Identification of the Cancer-Patient Factor Subset 
Within the standardized factor database, records potentially involving patients with malignant neoplasms were identified by starting with the 
disease and study-population fields. Article titles, abstracts, or full texts were then reviewed for each record to confirm whether the study 
population consisted of patients with cancer. At this point, the cancer-patient factor subset and the standardized factors within it were 
considered established. Whether effect-size studies had been retrieved or whether their effect estimates could be included in a meta-analysis 
played no part in defining this subset. 
The frequency with which a factor appeared in the cancer-patient subset was used only to describe its coverage in the literature and did not 
indicate effect magnitude or causal strength. After the subset had been established, its factors proceeded to the next stage of effect-estimate 
retrieval. A factor remained in the cancer-patient factor subset even if no relevant effect-estimate study was retrieved or if all retrieved studies 
were excluded after title-and-abstract or full-text screening; it simply did not proceed to the subsequent meta-analysis or quantitative model. 
Previous research had already provided results for T, so its meta-analysis was not repeated in this study; T was used only in the subsequent 
joint model. 
 

Systematic Review and Meta-Analysis of the Effects of War-Related Factors on Survival 

or Mortality Among Patients with Cancer 
After the cancer-patient factor subset had been established, the research team searched for each factor in the subset on 13 September 2026. 
For each factor, its standardized name, original names, and synonyms were combined with terms for cancer populations and cancer-specific 
mortality or survival. PubMed, Web of Science, Embase, and the Cochrane Library were searched separately for evidence of effects on 
cancer-specific mortality or cancer-specific survival. The meta-analysis was registered in PROSPERO (CRD420261539143) and followed the 
PRISMA 2020 statement14. Two reviewers independently performed study screening, data extraction, and quality assessment. Disagreements 
were resolved through discussion and, when necessary, adjudication by a third reviewer. For each factor, the final set of studies was determined 
through retrieval, deduplication, title-and-abstract screening, full-text assessment, and application of the prespecified inclusion and exclusion 
criteria (see Supplementary Materials, Section 2: Inclusion and Exclusion Criteria 2). No relevant study was identified for some factors. For 
other factors, candidate studies were retrieved but none remained after screening because the study population, exposure definition, or 
outcome was ineligible; an HR and 95% CI were unavailable and the effect estimate could not be reconstructed; or cohorts were duplicated, 
among other reasons (for the inclusion process and reasons for non-inclusion for each factor, see Supplementary Materials, Section 3: 
Figure 2). Six factors with eligible studies were ultimately retained. Health workforce loss and Health workforce loss or shortage were combined 
as Health workforce loss or shortage (for the search strategies for each factor, see Supplementary Materials, Section 1: Retrieval Strategy 2; 
for the reasons why factors were not included, see Supplementary Materials, Section 3: Figure 2). 
Risk of bias was assessed at the outcome level using the 24 March 2024 version of ROBINS-E15. The overall judgment was determined by the 
most serious domain. 
Meta-analysis: Inverse-variance weighting was performed on the log-HR scale. If the lower and upper limits of a reported 95% CI were L and U, 
respectively, the standard error was calculated as follows: 𝑆𝐸[݈݊(ܴܪ)] = [݈݊(ܷ) −  3.92/[(ܮ)݈݊

Because the included studies differed in populations, cancer sites, and exposure definitions, a single common effect was not assumed. 
Random-effects meta-analysis was therefore used as the primary model for every factor, irrespective of I². Between-study variance (τ²) was 
estimated by restricted maximum likelihood (REML), and conventional 95% confidence intervals for the pooled effects were calculated using a 
normal approximation. Cochran’s Q, I², and τ² were reported. When at least three studies were available, a 95% prediction interval was 
calculated under the random-effects model. Fixed-effect estimates were retained as model-sensitivity analyses. For patient–provider 
communication barriers (C), only two studies were available and τ² was estimated as 0; the random-effects estimate was numerically identical to 
the fixed-effect estimate, but τ² was considered imprecisely estimated and the result was interpreted cautiously. Publication-bias testing was not 
performed when fewer than 10 studies were included for a factor; Egger’s or Begg’s test was not performed when only two studies were 
available. Results from the primary and sensitivity models are presented in Supplementary Materials, Section 5, Tables 2. 
Studies of particulate matter reported effects for different concentration increments. Under a log-linear assumption, these effects were 
standardized to an HR per 10 μg/m³ increase: 
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10ܴܪ = ܪ ௱ܴ10/௱
 

Here, Δ denotes the concentration increment corresponding to the HR in the original study. This conversion depends on a log-linear relationship. 
When an original study reported a nonlinear association or when an estimate for a smaller concentration increment was extrapolated to 10 
μg/m³, this issue was addressed separately in sensitivity analyses and as a limitation. If the health-workforce evidence included both Cox 
cause-specific HRs and Fine–Gray subdistribution HRs, they were pooled only in an exploratory analysis on a common log-HR scale, with 
explicit acknowledgment that they are not fully equivalent. 
 

Counterfactual Baseline of Registered Cancer Deaths in Gaza in 2023 

Baseline data comprised the numbers of registered cancer deaths in Gaza from 2016 to 2022 reported in the annual reports of the Palestinian 

Ministry of Health (see Supplementary Materials, Section 5: Table 1), together with the corresponding mid-year population estimates and the 

2023 mid-year population published by the Palestinian Central Bureau of Statistics16,17. Historical registered deaths were not adjusted for 

under-registration. The baseline used in the present analysis differs from that reported in the companion study because the two analyses used 

different source series and reconstruction strategies. The companion study derived a registry-equivalent Gaza baseline indirectly from national 

GBD estimates and West Bank registry data and examined Gaza-only extrapolations based on 2019–2022 as sensitivity analyses. In contrast, 

the present study directly fitted annual Gaza registered cancer deaths compiled from Ministry of Health reports for 2016–2022. Consequently, 

the GBD-residual reconstruction used in the companion study and the direct Gaza registry series used here produced different apparent 

temporal patterns and different 2023 counterfactual baselines. These estimates were therefore not expected to coincide and were compared 

only after distinguishing the registered-death scale from the total-death scale. The longer window was selected to stabilize estimation from a 

short annual series, while recognizing the unresolved inconsistencies in the 2017–2018 data and a possible reporting discontinuity associated 

with the reorganization of oncology services in late 2021. 

The estimand was the expected number of registered cancer deaths in 2023, assuming that the prewar cancer-death registration process and 
the 2016–2022 trend in the registered cancer mortality rate continued through 2023. This counterfactual baseline does not represent the 
number of deaths actually registered in 2023 or the true total number of cancer deaths after adjustment for under-registration. 
Let ( ௧ܻ) denote the number of registered cancer deaths in year (ݐ), let ( ௧ܲ) denote the corresponding mid-year population, and define (ݔ௧ ݐ= − 2016). The primary analysis used a Poisson log-linear trend model with the logarithm of population as an offset: ௧ܻ ∼ )log (௧ߤ)݊݋ݏݏ݅݋ܲ (௧ߤ = ߙ + ௧ݔߚ + log( ௧ܲ) 

Here, (ߙ) is the intercept, (ߚ) represents the annual change in the registered cancer mortality rate on the logarithmic scale, and (log( ௧ܲ)) is 

the population offset with its coefficient fixed at 1. This model estimates the temporal trend in the registered cancer mortality rate while allowing 

the expected number of registered deaths to vary with population size. 

A Pearson dispersion parameter was used to assess extra variation in annual death counts relative to the Poisson distribution assumption: 

߶̂ = ∑ (௧ ௧ܻ − ௧݊ߤ̂/௧)2ߤ̂ − ݌  

Here, (݊) is the number of annual observations and (݌) is the number of model parameters. When (߶̂ > 1), the coefficient covariance matrix 

from the Poisson model was multiplied by (߶̂): 
,ߙ̂)adjݎܸ̂ܽ (ߚ̂ = ,ߙ̂)Poissonݎܸ̂ܽ ̂߶  (ߚ̂

The Pearson dispersion correction does not change the model coefficients or the point estimate of the counterfactual baseline. It is used only to 

reflect extra variation in the historical series and to adjust parameter uncertainty accordingly. 

The point estimate of the counterfactual number of registered cancer deaths in 2023 was calculated as follows: 

0,2023ܦ = ߙ̂)݌ݔ2ܲ023݁ +  (ߚ7̂

Here, ( 2ܲ023) is the mid-year population of Gaza in 2023, and 7 denotes the interval between 2023 and 2016, the first year of the model. 

Uncertainty in the trend parameters was propagated through the Monte Carlo simulation described below. 

Temporal-order testing used an expanding-window approach. Data from 2016–2017 were first used to predict 2018, after which the training 

window was expanded by one year at a time until data from 2016–2021 were used to predict 2022, yielding five one-step-ahead prediction folds. 

Prediction error, absolute error, and absolute percentage error were calculated for each fold, and mean absolute error, root mean square error, 

and mean absolute percentage error were summarized. Because the first fold contained only two training observations, exactly sufficient to 

estimate the intercept and annual trend parameters, dispersion could not be estimated reliably. This test was therefore used only to assess the 

temporal consistency of one-step point predictions and was not considered sufficient external validation. 

To assess the sensitivity of the counterfactual baseline to model structure, four additional scenarios were specified: a standard Poisson model 
without Pearson dispersion correction, a linear trend model for registered death counts, a log-linear trend model for the crude registered cancer 
mortality rate, and a flat-rate scenario based on the arithmetic mean of the exact crude registered cancer mortality rates observed during 2019–
2022. For the flat-rate scenario, the mean rate was multiplied by the 2023 mid-year population. Uncertainty in the mean rate was approximated 
using the between-year standard error of the four annual rates, and 100,000 normally distributed rate draws were propagated to the 2023 
population. The flat-rate scenario was prespecified as a conservative structural sensitivity and did not replace the primary 2016–2022 
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Pearson-dispersion-corrected Poisson trend model. All scenarios used the same target population for 2023. 
To facilitate scale-matched comparison with the total-death estimates reported in the companion study and the Gaza Mortality Survey-derived 
external approximation, we additionally conducted an illustrative registration-completeness conversion. Letܿdenote assumed registration 
completeness. For each fixed value of ܿ, the implied total number of deaths and the implied total-death increment were calculated as ܦtotal totalܦ߂ registered/ܿ andܦ= =  registered/ܿ, respectively. We examined completeness values of 0.70, 0.775, 0.80, and 0.85, corresponding to theܦ߂
range used in the companion study. Because ܿ was treated as a fixed scale-conversion parameter, the relative increase from baseline was 
unchanged. This analysis was intended only to reconcile reporting scales and was not treated as a new primary model. It assumes that the 
selected completeness value applies equally to the counterfactual and wartime scenarios and therefore does not account for a possible wartime 
deterioration in death registration. 
 

Factor-Specific Scenario Models for the Six Factors 

For factor i, the number of registered deaths under the scenario and the paired increment relative to the common baseline were defined as 
follows: 
ᵢܦ  = ₀ܦ × [1 + (݉/12) × ݂ᵢ × ݃ × (𝐸ᵢ − ᵢܦ߂ [(1 = ᵢܦ −  ₀ܦ
Here, m=3 months. For A, D, H, P, and C, Eᵢ=HRᵢ; for particulate matter, 𝐸ா =  10௱௫/10, with Δx=4.1 μg/m³ in the exploratory factor-specificܴܪ
analysis. The preceding factor-specific equation linearly scales the excess component of the literature-based HR, HR−1, by the duration of 
exposure as a proportion of one year and by the effective affected-burden fraction. An HR is an instantaneous hazard ratio and is not equivalent 
to a three-month cumulative risk ratio. In the absence of individual survival curves, baseline hazards, and competing-risk data, this linear 
relationship is a transparent but simplified approximation. 
Wartime mapping parameters: All six factor-specific scenarios began from the same common baseline, with only one newly analyzed factor 
entered at a time to show the conditional signal associated with each pathway. The factor-specific results cannot be added to one another. 
HRs reported in the literature describe relative instantaneous hazards under the definitions used in the original studies, whereas wartime data 
usually provide proportions relating to personnel, patients, or environmental monitoring. To link these two types of data, an effective 
affected-burden fraction, f, was defined for each factor. The value of ݂ is not an etiologic attributable fraction and need not equal the total patient 
exposure prevalence. Formally,݂is defined as the effective proportion of the counterfactual registry baseline that experiences the wartime 
increment in a given factor—that is, exposure above the prewar counterfactual level. Because 0ܦ already incorporates prewar permit delays, 
diagnostic delay, psychosocial distress, and other prewar constraints, applying ݂to the total exposed proportion would count prewar exposure 
twice. Where only total wartime exposure proportions were available, we used them as proxies for the wartime increment. This is equivalent to 
treating prewar exposure as the reference level or as negligible relative to the wartime change; it may overstate the incremental exposed 
fraction and is therefore best interpreted as an upper-bound mapping. This assumption was examined through the prespecified ݂and ݃ 
sensitivity analyses and is acknowledged in the Limitations. The realization coefficient, g, describes the proportion of the excess relative hazard 
reported in the literature that is realized within the three-month window. The primary upper-bound scenario used g=1.00, indicating no temporal 
attenuation of the excess relative hazard within the three-month window. This is an upper-bound modeling choice and does not establish that all 
long-term effects would occur within three months. Sensitivity analyses used values of 0.35, 0.50, and 0.65. Under the current specifications, A, 
P, and C were proxied mainly by proportions among patients or respondents; H was proxied by the proportion of personnel unavailable; and D 
was based on the shortfall in diagnostic activity and a range anchored to authoritative reports, with 0.75 used as the data-anchored central 
assumption. The primary definition of C was Very poor+Poor (197/658), with Fair excluded; the previous definition that included Fair was used 
only in a definitional sensitivity analysis. No direct continuous monitoring data from Gaza were available for E. Therefore, Δx was proxied only 
by the year-on-year difference in October PM2.5 between 2023 and 2022 at a neighboring station. This proxy did not cover November or 
December, so E was explicitly treated as exploratory. Accordingly, E was excluded from the primary joint model and was added only in an 
exploratory seven-factor extension. None of these values was directly observed as the fraction of a conditional scenario change in registered 
cancer deaths or as a causal wartime increment (for the search history, inclusion and exclusion criteria, and calculation process for the wartime 
mapping parameter f for each factor, see Supplementary Materials, Section 6: Part I; for the f values and primary-analysis specifications for 
each factor, see Supplementary Materials, Section 5: Table 3). 
 

Primary Six-Factor Joint Exposure and Pathway Model and Exploratory Addition of 

Particulate Matter 
The primary joint-effects model combined health-care access barriers, diagnostic delay, health workforce loss or shortage, psychosocial stress, 

and patient–provider communication barriers with treatment delay or interruption from the preceding study. Particulate-matter exposure was 

excluded from the primary joint model and was added separately in an exploratory seven-factor extension. The numbers of additional deaths 

under the individual-factor scenarios were not directly summed, nor were the factor-specific HRs directly multiplied for all patients, because 

different factors may occur in the same patient and may affect mortality through treatment delay or interruption. Direct summation or 

multiplication could double-count the same patients and shared pathways of action. Table 1 summarizes the parameters for the six factors in 

the primary joint model and the particulate-matter parameter used only in the exploratory extension. 

 

Table 1. Parameters used in the primary six-factor joint model and the exploratory particulate-matter extension 

Factor Pooled HR (95% CI) f (primary; sensitivity range) Overlap with T: P(T|factor) or equivalent Source / basis 

A 1.127 (0.938–1.353) 0.20 (0.18–0.22) P(T|A) = 1.000 (definitional nesting) 
Meta-analysis (this study); OCHA Flash Update 1418、WHO Health 

Access Monthly Report 2023-0719、Bouquet 202120 

D 1.401 (1.077–1.822) 0.75 (0.50–1.00) P(T|D) = 0.827 (0.805–0.849) 
Meta-analysis (this study); MoH Annual Report 202221, PCHR 

2024/202522,23, WHO/OCHA Data24,25,  Gade et al. 2×2 table26 

H 1.013 (0.941–1.090) 0.70 (0.50–0.90) P(T|H) = 0.920 (0.750–0.950) Meta-analysis (this study); WHO/MoH briefing
27
、WHO EMRO

28
、
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PCHR
22,23
、Gaza cancer care mapping29 

P 1.237 (1.019–1.501) 0.80 (0.50–0.94) P(T|P) = f_T = 0.75 (assumed independent) 
Meta-analysis (this study); Hejaz 202530、Brugger 202531、Rihani 

202532、Albelbeisi 202533、Abu-Odah 202234 

E, exploratory 

extension only 
1.427 (1.075–1.894) f = 1.00 (area-level exposure) Continuous exposure; no binary overlap 

Meta-analysis (this study); Ashkelon Monitoring Report 

2023/202235,36, IPC37, UNEP38, Mohamadi 202539 

C 1.352 (0.978–1.869) 0.299 (0.100–0.549) P(T|C) = 0.858 (0.829–0.884) 
Meta-analysis (this study); Asfour 202540、Elsous 202341、Tamirat 

2025: C–T Overlap42 

T 

1.085 per 4 weeks 

(1.051–1.120); 1.277 

at 12 weeks (1.161–

1.405) 

0.75 (0.50–1.00) Reference factor SSRN preprint (Luo et al. 2025)4 

Notes: HR, hazard ratio; f, effective affected-burden fraction; T, treatment delay or interruption. For the exploratory seven-factor extension, the HR for E was expressed per 10 μg/m³ and converted to the selected concentration 

increment Δx. E was not included in the primary six-factor joint model. P(T|P) is set equal to f_T because psychosocial stress is assumed independent of T. The T parameter was derived from a previously posted SSRN preprint and 

was used here as an external proxy, not as a newly estimated result of this study. Full derivations of the wartime mapping and overlap parameters are provided in Supplementary Materials, Section 6; the T-only reference and 

joint-model sensitivity results are reported in Supplementary Tables S4A, S5A–S5D, and S10.  

In the primary joint model, A, D, H, P, C, and T were defined as binary states, yielding 64 mutually exclusive combinations. The effective 

affected-burden fraction for each factor served as its marginal weight. E was not included in these primary-model combinations. In the 

exploratory seven-factor extension, particulate-matter exposure was added separately as a continuous area-level multiplier. 

 Particulate-matter exposure was treated as a continuous area-level exposure; the pooled HR per (10 3݉/݃ߤ) increase was converted to the 

relative effect corresponding to the actual exposure increment (ݔ߂) using the following equation: ܴா(௦) = ா,10(௦)ܴܪ) )௱௫/10
 

The effect of treatment delay or interruption was based on the HR per 4-week delay and converted for the 12-week wartime observation 

window: ்ܴ = 4௪3,்ܴܪ  

This conversion assumes that the log-HR increases linearly across three consecutive four-week periods and does not represent a directly 
observed 12-week effect. 
Because the original evidence for treatment delay or interruption primarily used overall survival or all-cause mortality outcomes, whereas the 

five non-treatment factors in the primary joint model used cancer-specific mortality outcomes, we assessed this difference using the 

endpoint-transport coefficient λT. A value of λT=1 indicates complete endpoint transport, λT=0.5 indicates retention of only 50% of the log effect, 

and λT=0 indicates no transport of the direct mortality effect of treatment delay or interruption. All three settings were reported in parallel, and 

each represents a conditional endpoint-transport scenario rather than a validated cancer-specific causal effect. Accordingly, the 

endpoint-transported effect of treatment delay or interruption used in the joint model was defined as: ܴ∗் = ܴఒ்೅  

All subsequent joint-model and treatment-interruption-only calculations used ܴ∗் , rather than the unmodified ்ܴ. 

The joint distribution was constructed around treatment delay or interruption (ܶ). First, based on the marginal weight of each factor and its 

evidence-calibrated degree of overlap with (ܶ), we calculated: ܲ(݅ = 1 ∣ ܶ = 1) ܽ݊݀ ܲ(݅ = 1 ∣ ܶ = 0) 

Conditional on (ܶ), the remaining factors were assumed to be mutually independent, and the weights of the 64 combinations were calculated 

accordingly. The conditional overlap parameters between each factor and treatment delay or interruption, evidence sources, calculation 

methods, and sensitivity ranges are detailed in Supplementary Materials, Section 6: Part II. 

To avoid double-counting the same pathway, once treatment delay or interruption had occurred, the incremental effects of health-care access 

barriers, health workforce loss or shortage, and patient–provider communication barriers were considered to be covered by the 

treatment-interruption pathway; psychosocial stress retained its full independent effect, whereas diagnostic delay retained only a prespecified 

residual effect. The definition and basis for the residual effect of diagnostic delay, together with sensitivity analyses using different residual 

proportions, are detailed in Supplementary Materials, Section 6: Part II. 

Let ℬ = ,ܣ} ,ܦ ,ܪ ܲ, ݅ denote the set of five binary non-treatment factors. For each {ܥ ∈ ℬ, let ܴ௜ denote the pooled relative effect, define ݌௜0 =ܲ(݅ = 1 ∣ ܶ = 0) and ݌௜1 = ܲ(݅ = 1 ∣ ܶ = 1), and letߢ௜ denote the proportion of the log effect of factor ݅retained after treatment interruption 
occurred. Particulate-matter exposure 𝐸 was applied separately as a continuous area-level multiplier and was therefore not included in the 
product over ℬ. The conditional joint relative effect among those without treatment interruption was: ܴ0 = ܴா ∏ [1 + ௜0(ܴ௜݌ − 1)]௜∈ℬ  

The conditional joint relative effect among those with treatment interruption is: ܴ1 = ܴாܴ∗் ∏ [1 + ௜1(ܴ௜఑೔݌ − 1)]௜∈ℬ  

The two conditional effects were then weighted by the effective affected-burden fraction (்݂ ) for treatment delay or interruption to obtain the 

overall joint relative effect: ௃ܴ = (1 − ்݂ )ܴ0 + ்݂ ܴ1 

This calculation is equivalent to a weighted average of the relative effects across the 64 mutually exclusive combinations and does not imply 

that every patient experienced all factors simultaneously. The probabilities of the 64 mutually exclusive combinations under the primary joint 

structure are provided in Supplementary Materials, Section 5: Table 4. 

Using registered cancer deaths and the corresponding mid-year population in Gaza from 2016 to 2022, we fitted a Poisson log-linear trend 

model corrected for Pearson dispersion and used it to estimate the 2023 counterfactual baseline (0ܦ) of registered cancer deaths in the 

absence of war. For a war-impact window of (݉ = 3) months, with (݃) denoting the risk-realization coefficient, the annual number of 

registered cancer deaths under the joint scenario is: 
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௃ܦ = 0ܦ [1 + 1݉2 ݃( ௃ܴ − 1)] 
The increase in registered deaths relative to the no-war counterfactual baseline is: ܦ߂௃ = ௃ܦ −  0ܦ

For model-reduction checks and paired comparison, the treatment-interruption-only reference was calculated using the endpoint-transported 

treatment effect: ்ܴ,only = 1 + ்݂ (ܴ∗் − only,்ܦ (1 = 0ܦ [1 + 1݉2 ݃(்ܴ,only − ்−௃ܦ߂ [(1 = ௃ܦ −  only,்ܦ

The paired difference ܦ߂௃−் was calculated within each Monte Carlo iteration and therefore cannot be obtained by directly subtracting the two 

marginal medians. 

 

Monte Carlo Sampling and Uncertainty Propagation 

Monte Carlo simulation was used to propagate the statistical uncertainty in the no-war counterfactual baseline and the pooled effect estimate for 

each factor. All analyses used 100,000 parameter iterations with the random seed set to 20260921 to ensure reproducibility. 

At iteration (ݏ), the intercept (ߙ(௦)) and annual trend coefficient (ߚ(௦)) were drawn jointly from a bivariate normal distribution centered on the 
Poisson model coefficient estimates, with the Pearson-dispersion-corrected variance–covariance matrix used as the covariance matrix. This 
sampling preserved the correlation between the two regression coefficients. The iteration-specific counterfactual number of registered cancer 
deaths in the absence of war was then calculated using the 2023 mid-year population: 0ܦ(௦) = (௦)ߙ)݌ݔ2ܲ023݁ +  ((௦)ߚ7

The simulation propagated parameter uncertainty in the estimated counterfactual mean and did not add an additional Poisson random count to 

the predicted mean. 

For each included factor, the pooled HR was assumed to be approximately normally distributed on the log scale. If the pooled HR and its 95% 

confidence interval were HR̂ᵢ, Lᵢ, and Uᵢ, respectively, the log standard error and the value sampled at iteration s were, respectively: 

𝑆𝐸ᵢ = [݈݊(ܷᵢ) − )3.92; ln/[(ᵢܮ)݈݊ (௜(௦)ܴܪ ∼ ࣨ[ln( ,(௜ܴ̂ܪ 𝑆𝐸௜2] 
Because the meta-analyses of different factors did not provide covariances among the effect estimates, the factor-specific HRs were sampled 

independently. This sampling represents the statistical uncertainty in the pooled effect estimates and is not equivalent to the between-study 

predictive distribution from a random-effects meta-analysis. 

At each iteration ݏ, the particulate-matter effect was converted as ܴா(௦) = ா,10(௦)ܴܪ) )௱௫/10
 

The effect of treatment delay or interruption was converted to the 12-week observation window as ܴ(்௦) = 4௪(௦),்ܴܪ) )3, 
and the endpoint-transported effect was then calculated as ܴ∗்(௦) = (ܴ(்௦))ఒ೅ , 
with ்ߣ set to 1, 0.5, and 0. The iteration-specific values of ܴ1(௦)

 and ்ܴ,only(௦)
 were calculated by substitutingܴ∗்(௦)

 for ்ܴ in the corresponding 

equations. 

 

The sampled D₀⁽ˢ⁾ and factor-specific HRs for A, D, H, P, and C, together with the transported treatment-delay or interruption effect, were 

entered into the primary six-factor joint model. The converted particulate-matter effect was added only in the exploratory seven-factor extension. 

Within each prespecified scenario, the effective affected-burden fractions, conditional overlap parameters, proportion of the residual effect of 

diagnostic delay, risk-realization coefficient, particulate-matter concentration increment, and endpoint-transport coefficient for treatment delay 

were held fixed and varied separately through discrete sensitivity analyses. The settings and supporting rationale for the conditional overlap 

relationships among factors and for the residual effect of diagnostic delay are provided in Supplementary Materials, Section 6. 

The joint scenario and the reference scenario containing only treatment delay or interruption were simulated as a pair: the same counterfactual 

baseline and the same sampled treatment-delay effect were used within each iteration, and the difference in the number of deaths between the 

two scenarios was then calculated directly. The paired difference was summarized from the distribution of within-iteration differences, rather 

than by subtracting the marginal medians of the two scenarios. 

The median of the 100,000 simulation results was used as the point estimate, and the 2.5th and 97.5th percentiles of the empirical distribution 

were used as the 95% uncertainty interval (95% UI). This interval primarily reflects statistical uncertainty in the counterfactual baseline trend 

parameters and the meta-analytic pooled effect estimates; structural uncertainties in the effective affected-burden fractions, co-occurrence 

structure, pathway coverage, risk-realization coefficient, and endpoint transport were reported for the primary joint model; particulate-matter 

exposure increments were assessed separately in the exploratory extension. All simulations were performed in Python 3.10. 

 

Sensitivity Analyses and Program Verification 
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Factor-specific sensitivity analyses sequentially varied the baseline model, meta-analysis model, effective affected-burden fraction f, realization 

coefficient g, particulate-matter concentration increment Δx, and the definition of communication barriers C. Alternative baseline scenarios 
included a Pearson-dispersion-corrected Poisson rate trend, an ordinary Poisson rate trend, a linear trend in registered death counts, a 

log-linear trend in the crude registered mortality rate, and a flat-rate scenario based on the arithmetic mean of the exact 2019–2022 crude 

registered cancer mortality rates; fixed-effect results were used to assess the choice of meta-analysis model; prespecified low, primary, and 

high values of f were used for each factor; g was set to 0.35, 0.50, 0.65, and 1.00; particulate-matter Δx was set to 0, 0.5, 4.1, and 7.2 μg/m³, 
with additional factor-specific exploratory scenarios using a satellite-based alternative and household fuel smoke; and the old classification 

definition of C was evaluated using 197/658, 395/658, and 559/658. The primary joint model tested κD values of 0, 0.5, and 1; six overlap 
structures; full multiplicative and additive excess-risk bounds; λT values of 1, 0.5, and 0; all-low, primary, and all-high f values; g values of 0.35, 

0.50, 0.65, and 1.00; fixed-effect estimates for A, D, H, P, and C; the previous definition of C; and five baseline scenarios. E was subsequently 

added only in exploratory extended-model scenarios using Δx values of 0.5, 4.1, and 7.2 μg/m³. Each scenario was run separately, and the 

95% UI propagated only uncertainty in the trend and HR parameters within the corresponding fixed scenario. The satellite-based alternative 

and household fuel smoke were used only for factor-specific exploratory analyses of E and were not included in the current joint model. Full 

specifications are provided in Supplementary Materials, Section 7: Supplementary Table S1. 

Trend extrapolation was assessed through an internal test using a chronologically expanding training window: beginning with the use of 2016–
2017 data to predict 2018, the training period was extended by one year at a time until 2016–2021 data were used to predict 2022. For each 

fold, the predicted value, observed value, prediction error, absolute error, and absolute percentage error were recorded, and MAPE, MAE, and 

RMSE were summarized. Program verification checked whether the counterfactual baseline number of deaths, sampled HR/RR values, and 

wartime relative risks were all greater than 0 in every iteration; whether all numeric values were finite; whether a fixed random seed reproduced 

the output exactly; and whether formula constraints for probabilities, marginals, intersections, model reduction, annual scaling, and Shapley 

additivity could be independently recalculated and shown to hold. Paired increments in deaths with an uncertain direction were permitted to be 

below 0. Reporting followed the GATHER requirements for transparency in data sources, assumptions, sampling, and sensitivity analyses43; full 

methods and results are provided in Supplementary Materials, Section 7: Supplementary Tables S2 and S3. 

 

Results 

Systematic Review Screening and Map of War-Related Factors 

A total of 21,938 records were independently identified by two researchers using a predefined search strategy in the databases. 1,123 reports 
were assessed for eligibility, and ultimately, 413 studies met the inclusion criteria for synthesis (See Supplementary Materials, Section 3: 
Figure 3 for the PRISMA literature screening flowchart). Detailed information on article characteristics is provided in Excel Table 4. 
A total of 1,341 valid factor records were included in this study. Following terminology harmonization and classification mapping, 263 factors 
were established and assigned to seven primary categories. Of these, 111 factors occurred at least twice, accounting for 1,189 factor records, 
or 88.7% of all valid records, and were therefore included in the two-level tree (See Figure 1-A). The remaining 152 factors occurred only once, 
accounting for 11.3% of all records; these factors were not displayed in the tree but were listed separately in the appendix under their respective 
primary categories (See Supplementary Materials, Section 5: Table 5). Both the primary categories and the standard factors within each 
category were ordered by descending frequency. By number of factor records, health services and systems accounted for 710 records (52.9%); 
food security and nutrition, 179 (13.3%); shelter, settlement, and population displacement, 141 (10.5%); protection, conflict, and hazardous 
exposures, 122 (9.1%); WASH, 91 (6.8%); the socioeconomic, governance, and rights environment, 59 (4.4%); and humanitarian access, 
transport logistics, and critical infrastructure, 39 (2.9%). The first three categories accounted for 1,030 records (76.8%) in total. These figures 
reflect the distribution of factors reported in the included studies and cannot be directly interpreted as population-attributable proportions or 
factor-specific risks. 
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Figure 1. Hierarchical distribution of war-related factors associated with increased mortality and the cancer-related factor subset.  

(A) Two-level tree showing primary categories and standardized factors reported at least twice across the included studies. Within each primary category, standardized 

factors are arranged in descending order of frequency. “Total n” represents all valid factor records assigned to that category, whereas “Shown n” represents records 

mapped to standardized factors with a frequency of at least two. Standardized factors reported only once are not displayed. (B) Three-level tree showing the primary 

category, standardized factor, and original factor for the cancer-related subset. All unique category–standardized factor–original factor mapping paths are displayed and 

ordered by source-row frequency. In panel B, *n* denotes the number of source rows, and the category headings report the total number of source rows and the 

numbers of standardized and original factors. Colors distinguish the primary categories; dark boxes denote primary categories, lightly shaded boxes denote 

standardized factors, and white boxes denote original factors. Connecting lines indicate classification and mapping relationships rather than causal pathways. WASH, 

water, sanitation and hygiene. 

 

Cancer-Patient Factor Subset and Effect-Size Screening Results 

The cancer-patient subset included 23 studies, 67 factor records, 50 original factor names, and 29 standardized factors across six primary 
categories. Of these, the health services and systems category contained 44 records (65.7%) and represented the greatest concentration of 
evidence (see Figure 1-B). The most frequent standardized factors in the cancer-patient subset were medicine shortages and inadequate 
medical equipment (both n=8), followed by exposure to chemical warfare agents (n=6), disruption of medical and treatment services (n=5), and 
diagnostic delay (n=4). Health workforce loss or shortages, health funding shortages, health workforce loss, and health-care access barriers 
each occurred three times; treatment delay, lack of access to screening services, population crowding and movement of infected persons, and 
power outages each occurred twice; and all remaining standardized factors occurred once. After the cancer-patient factor subset had been 
identified, each factor was searched individually for studies reporting effects on cancer-specific mortality or survival. Following the search and 
screening, six factors—A, D, H, P, E, and C—ultimately entered the meta-analysis and factor-specific quantitative analyses. A, D, H, P, and C 
were subsequently included in the primary joint model, whereas E was retained only for the exploratory extension. 
 

Cancer-Specific Effect Evidence and Pooled Results 

ROBINS-E assessments showed that 2 of the 5 health-service-accessibility effects were at high risk of bias and 3 raised some concerns. For 

diagnostic delay, 1 effect was at high risk and 3 raised some concerns. All 7 health-workforce studies raised some concerns. For psychosocial 

stress, 3 studies were at high risk and 2 raised some concerns; for particulate matter, 5 were at high risk and 1 raised some concerns; and for 

communication barriers, 1 was at high risk and 1 raised some concerns. Because every factor was represented by fewer than 10 studies, 

publication-bias analyses were not performed. Egger's or Begg's tests were likewise not conducted for communication barriers, which were 

represented by only 2 studies (detailed quality-assessment results are provided in Supplementary Materials, Section 5: Table 6). 

Ultimately, 28 studies contributed 29 poolable effect estimates. Random-effects REML models were used as the primary analysis for all six 

factors. The pooled HRs (95% CIs) were 1.127 (0.938–1.353) for health-care access barriers, 1.401 (1.077–1.822) for diagnostic delay, 1.013 
(0.941–1.090) for health workforce loss or shortage, 1.237 (1.019–1.501) for psychosocial stress, 1.427 (1.075–1.894) for particulate matter, 

and 1.352 (0.978–1.869) for patient–provider communication barriers. For C, only two studies were available and τ² was estimated as 0; the 
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random-effects and fixed-effect estimates were therefore numerically identical, but the between-study variance remained imprecisely estimated. 
Fixed-effect estimates are reported as sensitivity analyses (detailed results are provided in Table 2, and a complete comparison of the primary 

and alternative meta-analysis models is provided in Supplementary Materials, Section 5: Table 8). 

Table 2. Pooled cancer-specific effects of the six newly examined non-treatment factors 

Factor Studies/effect 

estimates 

Primary model Pooled HR (95% CI) I²(%) τ² 95% prediction 

interval 

A Health-care access barriers 4/544-47   Random-effects REML 1.127 (0.938–1.353) 84.1 0.0283 0.611–2.079 

D Diagnostic delay 4/448-51   Random-effects REML 1.401 (1.077–1.822) 54.9 0.0252 0.573–3.424 

H Health workforce loss or 

shortage 
7/752-58 Random-effects REML 1.013 (0.941–1.090) 73.8 0.0067 0.804–1.277 

P Psychosocial stress 5/559-63     Random-effects REML 1.237 (1.019–1.501) 58.7 0.0255 0.680–2.248 

E Particulate matter (per 10 

μg/m³) 
6/664-69   Random-effects REML 1.427 (1.075–1.894) 98.7 0.0987 0.546–3.727 

C Patient–provider 

communication barriers 
2/270,71     Random-effects REML 1.352 (0.978–1.869) 0 0 

Could not be estimated 

reliably. 

Note: HR>1 indicates that a less favorable factor was associated with a higher risk of cancer-specific mortality. Prediction intervals describe the distribution of effects across studies and were not used for Monte Carlo sampling. 

Because C was represented by only two studies, τ² was imprecisely estimated and a prediction interval could not be estimated reliably. 

Auxiliary Evidence for the Joint Structure 

The Gaza permit study for A and T could support only the presence and magnitude of barriers and could not directly estimate P(T|A); P(T|A)=1 

was therefore based on definitional nesting. For D and T, we used the four-cell table from Gade et al. for 418 patients: 129 with both D and T, 91 

with D only, 48 with T only, and 150 with neither, yielding a crude OR of 4.4299 (95% CI 2.9064–6.7521). For H and T, we used an 

institution-level proxy from the Royal College of Radiologists, according to which 92% of 60 centers experienced radiotherapy delays due to 

workforce shortages. For C and T, we used the adjusted OR of 2.54 (1.92–3.38) reported by Tamirat et al., with an OR of 1.23 after inclusion of 

diagnostic facilities used as a conservative sensitivity analysis. After marginal transport to the current model, the primary-analysis values of 

P(T|A), P(T|D), P(T|H), and P(T|C) were 1.000, 0.827, 0.920, and 0.858, respectively; for C, the 2×2 intersection was re-solved using the 

primary marginal fC=197/658. None of these values constitutes a direct patient-level measurement of co-exposure in Gaza. The search for the 

residual effect of diagnostic delay identified no cancer-mortality study that explicitly controlled for T and allowed the mediated proportion to be 

estimated directly. Therefore, κD=0.5 was retained as the central structural assumption, with κD=0 and 1 used as the two extreme sensitivity 

analyses. Details are provided in Supplementary Materials, Section 6: Part II. 

 

Historical Registry Trends, Back-Testing, and the Common Baseline 

The numbers of registered cancer deaths in Gaza from 2016 through 2022 were 348, 474, 566, 548, 539, 777, and 915, respectively, and the 

corresponding crude registered mortality rates were 19.03, 25.26, 29.28, 27.54, 26.32, 36.88, and 42.24 per 100,000 population. The marked 

increase in the registered cancer mortality rate over 2016–2022 may reflect not only changes in underlying cancer mortality but also 

improvements in diagnosis, death registration, registry coverage, or reporting practices. Extrapolation of this historical trend may therefore 

partly extend changes in ascertainment rather than a purely biological increase in cancer mortality. The Poisson trend model with a population 

offset estimated β=0.1105, corresponding to an annual rate ratio for registered mortality of 1.117, and yielded a point prediction of 997.5 deaths 

for 2023 on the counterfactual registry scale. Pearson's chi-squared statistic was 41.20 with 5 residual degrees of freedom, giving a dispersion 

parameter of φ=8.24; the deviance-to-degrees-of-freedom ratio was 8.44, indicating marked overdispersion in the historical series. After 

correction using the Pearson dispersion parameter and 100,000 parameter draws, the common baseline was 997.2 (834.4–1189.3) deaths 

(Table 3 below). The resulting estimate was higher than the companion study’s GBD-calibrated registry-equivalent estimate of approximately 

906 deaths but was close to its Gaza-only extrapolations of 1,029–1,087 deaths based on 2019–2022 data. These estimates were not 

expected to coincide because they were derived using different source series, fitting periods, and reconstruction strategies; their difference 

therefore represents methodological variation rather than a numerical inconsistency between the two studies. 

We also reviewed the Palestinian Ministry of Health Annual Health Report 2023 and its cancer-mortality annexes. Although the annexes 

included columns for the Gaza Strip, the Gaza entries were reported as unavailable (“/”), and no complete comparable full-year count of 

registered cancer deaths for Gaza in 2023 was provided. No complete observed full-year 2023 Gaza registry count was available for use as 

either the counterfactual baseline or a formal external-validation target
16
.  

 

Table 3. Historical inputs and fitted values for the Gaza cancer-mortality registry trend model 

Year (࢚) 
Mid-year population (࢚ࡼ) 

Registered cancer deaths (࢚ࢅ) Crude registered mortality rate (࢚ࡼ/࢚ࢅ × ૚૙૙, ૙૙૙) Poisson-model 

fitted/extrapolated deaths (࢚̂ࣆ) 
2016 1,828,614 348 19.03 378 

2017 1,876,666 474 25.26 433.3 

2018 1,932,843 566 29.28 498.4 

2019 1,989,970 548 27.54 573 

2020 2,047,969 539 26.32 658.6 

2021 2,106,745 777 36.88 756.7 

2022 2,166,269 915 42.24 869 

2023 2,226,544 Not used as input — 997.5 

Note: The number of registered deaths in 2023 was not used to fit the model. The estimate of 997.5 deaths is the counterfactual point prediction on the registry scale under continuation of the 2016–2022 trend. 
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The absolute percentage errors from the five-fold expanding-window back-test ranged from 10.8% to 33.6%, with a MAPE of 20.5%, an MAE of 128.0 deaths, and an 

RMSE of 132.9 deaths. Complete fold-specific results are provided in Supplementary Table S2. 

In the additional flat-rate sensitivity, the arithmetic mean of the exact 2019–2022 crude registered cancer mortality rates was 33.24 per 100,000. Applying this rate to the 

2023 mid-year population yielded a point baseline of 740.2 deaths. After propagating between-year uncertainty in the mean rate, the median counterfactual baseline 

was 739.9 deaths (95% UI 573.8–906.6). Under this baseline, the primary six-factor model yielded 869.6 registered cancer deaths (95% UI 667.3–1082.2), an 

increment of 127.8 deaths (95% UI 65.5–215.0), and a relative increase of 17.44% (9.32%–27.70%). 

 

Factor-Specific Analyses of the Six Additional Factors 

The paired increment was 74.9 (14.8–158.1) deaths for diagnostic delay, 47.0 (3.6–102.4) deaths for psychosocial stress, and 38.9 (7.3–76.7) 
deaths in the exploratory particulate-matter analysis; none of the corresponding 95% UIs crossed 0. The estimates were 26.1 (−1.8–66.0) 
deaths for patient–provider communication barriers (Very poor+Poor), 6.3 (−3.1–18.0) deaths for health-care access barriers, and 2.3 (−10.4–
15.9) deaths for health workforce loss or shortage; the intervals for these latter three factors included 0. For E, an exposure proxy was available 
only for October. 

Table 4. Factor-specific analyses of the six factors on the counterfactual registry scale 

Factor Scenario deaths, median (95% UI) Paired increment, median (95% UI) Iterations with ΔD > 0 (%) Increment UI crosses 0 

A 1003.7 (839.4–1197.6) 6.3 (−3.1–18.0) 90 Yes 

D 1073.8 (889.0–1298.5) 74.9 (14.8–158.1) 99.4 No 

H 999.8 (835.8–1192.3) 2.3 (−10.4–15.9) 63.6 Yes 

P 1045.6 (869.8–1253.7) 47.0 (3.6–102.4) 98.4 No 

E, exploratory 1036.5 (864.8–1240.6) 38.9 (7.3–76.7) 99.3 No 

C 1024.7 (854.4–1225.9) 26.1 (−1.8–66.0) 96.5 Yes 

Note: The common baseline was 997.2 deaths (834.4–1189.3). All estimates are on the registry scale. The proportion of draws with ΔD>0 is neither a causal probability nor a posterior probability. The six rows are independent 

conditional scenarios and cannot be added together. E was prespecified as exploratory and was not included in the primary joint model. 

 

Primary Six-Factor Joint Analysis and Exploratory Addition of Particulate Matter 
Under the evidence-calibrated structure and the no-attenuation upper-bound assumption of g=1.00, the median wartime relative risk in the 

primary six-factor joint scenario was 1.698 (95% UI 1.373–2.108), and the annual multiplier after scaling to the three-month window was 1.1744 

(1.0932–1.2770). The estimated number of registered deaths was 1172.8 (965.4–1424.6); in a paired comparison with the counterfactual 

baseline from the same simulation draw, the increment was 173.5 (90.9–286.5) deaths, corresponding to a relative increase of 17.44% (9.32%–
27.70%). The paired difference from the treatment delay or interruption only reference was 121.6 (44.6–225.4) deaths. The T-only reference 

was used solely for model-reduction checks and comparison, and the paired difference cannot be obtained by directly subtracting the two 

marginal medians. When E was added using the exploratory October proxy of Δx=4.1 μg/m³, the extended seven-factor estimate increased 

to 1239.5 registered deaths (1013.6–1519.5), corresponding to an increment of 239.8 deaths (131.2–391.6) and a relative increase of 24.11% 

(13.48%–37.94%). 

In the illustrative registration-completeness analysis, applying 80% completeness converted the primary estimate of 1,172.8 registered deaths 

to 1,466.0 total deaths (95% UI 1,206.8–1,780.7). The corresponding paired total-death increment was 216.9 deaths (113.6–358.1). Across 

assumed completeness values of 70%–85%, the implied total number of deaths ranged from 1,379.8 to 1,675.4. Under the flat 2019–2022 

average-rate baseline, the corresponding estimate at 80% completeness was 1,087.0 total deaths (834.1–1,352.8). These values were 

deterministic scale conversions of the registered-death results rather than independent model estimates (Supplementary Materials, Section 5: 

Table 9). 

In the Shapley decomposition of the primary six-factor model, diagnostic delay had the largest median allocation at 70.0 deaths (95% UI 14.1–

146.2; 40.5%), followed by psychosocial stress at 59.1 deaths (4.5–129.4; 34.1%). The remaining factors each had median allocations of 19.4 

deaths or fewer (Supplementary Materials, Section 7: Supplementary Table S4B). These values are model-based allocations rather than 

independently attributable deaths. 

At κD=0, 0.5, and 1, the primary six-factor joint increments were 130.3 (67.0–214.5), 173.5 (90.9–286.5), and 224.7 (109.2–393.2) deaths, 

respectively, indicating that the residual pathway of diagnostic delay after treatment interruption remained an important source of structural 

uncertainty. Complete results are provided in Supplementary Materials, Section 7: Supplementary Table S5A. 
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Across the six overlap structures, median joint increments ranged from 171.4 to 184.9 deaths; the conservative Rao association for diagnostic 

delay and the Tamirat facility-adjusted association for communication produced estimates of 176.1 and 176.7 deaths, respectively. As λT 
decreased from 1 to 0, the joint increment decreased from 173.5 to 102.4 deaths. The within-combination additive excess-risk and full 

multiplicative bounds were 212.2 and 291.4 deaths, respectively. The 95% UIs for all fixed structural scenarios remained above 0. Compared 

with variation from the evidence-low to evidence-high overlap structures, κD, λT, and the combination rule produced larger changes. Complete 

numerical results are provided in Supplementary Materials, Section 7: Supplementary Tables S5B–S5D. 

 

Figure 2. Increment in registered cancer deaths under the primary six-factor joint model and key sensitivity analyses.  

Points indicate medians and horizontal lines indicate 95% uncertainty intervals from 100,000 Monte Carlo draws. The primary model combined health-care access 

barriers, diagnostic delay, health workforce loss or shortage, psychosocial stress, patient–provider communication barriers, and treatment delay or interruption. 

Particulate-matter exposure was excluded from the primary joint model and added only in the orange exploratory seven-factor extension using Δx=4.1 μg/m³. Full 

multiplication and additive excess risk are extreme structural explorations. 

 

Factor-Specific, Mapping-Parameter, Baseline, and Program Sensitivity Analyses 

In the factor-specific analyses, the effects of D and P remained positive under alternative f and g values and fixed-effect substitution. The 

fixed-effect increment for A was −2.8 (−5.1 to −0.6) deaths, opposite in direction to the random-effects primary analysis; the fixed-effect 

increment for E decreased to 1.3 (−0.3–3.0) deaths and varied markedly with Δx. H remained close to 0 across scenarios, and both the new and 
old definition scenarios for C retained wide UIs that crossed 0. Complete results are provided in Supplementary Materials, Section 7: 

Supplementary Tables S6–S9. 

The f and g parameters primarily scaled the magnitude of the effects without changing their direction; the five baseline scenarios likewise did 

not change the overall pattern in which D, P, and E were positive, whereas the intervals for A, H, and C crossed 0. The choice of meta-analytic 

model had a greater effect on A and E, indicating that stable inferences for these factors should not be based solely on the point estimates from 

the primary model. 

When the particulate-matter Δx was 0, the increment was 0 by definition. The satellite-based alternative scenario yielded −10.0 (−18.4 to −2.0) 
deaths, indicating only that the proxy concentration used was lower than that in the comparison period; the household-fuel smoke scenario 

yielded 97.5 (16.8–210.1) deaths. Both were factor-specific exploratory analyses of E and were not included in either the primary joint model or 

the exploratory joint extension. In the separately specified exploratory extension using the October proxy of Δx=4.1 μg/m³, inclusion of E 

increased the joint increment from 173.5 to 239.8 deaths. Detailed results are provided in Supplementary Materials, Section 7: 

Supplementary Table S9A. 
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In the primary six-factor joint model, the low, primary, and high values of all f parameters corresponded to increments of 112.6, 173.5, and 211.1 

deaths, respectively. As g increased from 0.35 to 1.00, the corresponding increments increased from 60.7 to 173.5 deaths. Replacing the REML 

random-effects estimates for A, D, H, P, and C with fixed-effect estimates yielded an increment of 155.9 deaths. The three levels of the previous 

definition of C yielded increments ranging from 173.5 to 192.4 deaths. Across the five baseline scenarios, the joint increment ranged from 127.8 

to 173.8 deaths; the flat 2019–2022 average-rate scenario produced the smallest increment, 127.8 deaths (95% UI 65.5–215.0), while 

preserving the relative increase of 17.44% (9.32%–27.70%). In the exploratory seven-factor extension, addition of E yielded increments of 

173.5, 181.0, 239.8, and 297.2 deaths at Δx values of 0, 0.5, 4.1, and 7.2 μg/m³, respectively. The 95% UIs for all fixed scenarios remained 

above 0; detailed numerical results are provided in Supplementary Materials, Section 7: Supplementary Table S10. 

All prespecified program-verification checks, including sampling validity, deterministic reproducibility, probability constraints, model-reduction 

identities, annual scaling, and Shapley additivity, were passed; complete results are provided in Supplementary Materials, Section 7: 

Supplementary Table S3. 

Discussion 

Main Findings 

This study identified 263 standardized war-related factors from 1,341 valid records across 413 studies. The cancer-patient subset comprised 23 

studies, 67 factor records, and 29 standardized factors; health services and systems accounted for 65.7% of the factor records. Based on 

cancer mortality registration and population trends in Gaza from 2016 through 2022, the projected baseline number of registered cancer deaths 

in 2023 was 997.2 (95% UI, 834.4–1189.3). Factor-specific analyses estimated death increments of 74.9 (14.8–158.1), 47.0 (3.6–102.4), and 

38.9 (7.3–76.7) for diagnostic delay, psychosocial stress, and particulate-matter exposure, respectively; none of their 95% UIs crossed 0. The 

corresponding increments were 26.1 (−1.8–66.0) deaths for patient–provider communication barriers, 6.3 (−3.1–18.0) deaths for health-care 

access barriers, and 2.3 (−10.4–15.9) deaths for health workforce loss or shortage. 

Under the no-attenuation upper-bound assumption of g=1.00, the primary six-factor model combining A, D, H, P, and C with treatment delay or 

interruption estimated 1172.8 registered cancer deaths (95% UI 965.4–1424.6), representing an increment of 173.5 deaths (90.9–286.5) 

relative to baseline, or a relative increase of 17.44% (9.32%–27.70%). Compared with the scenario considering treatment delay or interruption 

alone, the estimated increment increased by a further 121.6 deaths (44.6–225.4). Across g values of 0.35–1.00, the primary-model increment 

ranged from 60.7 to 173.5 deaths, so 173.5 represents the upper end of the prespecified realization scenarios rather than a single best 

estimate. Exploratory addition of particulate-matter exposure increased the increment to 239.8 deaths (131.2–391.6). Under different 

assumptions about the residual effect of diagnostic delay, the primary-model increment ranged from 130.3 to 224.7 deaths.  

Placed in the context of other modelling studies from Gaza, our primary six-factor estimate of 173.5 additional registered cancer deaths (95% UI 

90.9–286.5) for October–December 2023 was higher than the cancer-specific estimate reported by Abukmail et al., who projected 1,479 

excess deaths across the non-communicable diseases included in their model between 7 October 2023 and 6 February 2024, of which 62 

deaths (95% UI 20–117) were attributed to lung, colorectal, and breast cancer
2
. In our companion preprint, the separately reported point 

estimates were approximately 900 trajectory-based and 1,200 wartime registered cancer deaths for the whole of 2023, corresponding to a 

difference of approximately 300 deaths
4
. Our conservative flat-rate estimate of 127.8 deaths (95% UI 65.5–215.0) and primary estimate of 

173.5 deaths therefore lay between the cancer-specific estimate of Abukmail et al. and the difference between the registry-scale point estimates 

in the companion preprint, while the exploratory estimate including particulate-matter exposure, 239.8 deaths (95% UI 131.2–391.6), was 

closer to the latter. These numerical comparisons should not be interpreted as direct validation or contradiction because Abukmail et al. 

included only three cancer sites and primarily modelled reduced treatment coverage, the companion preprint reconstructed annual cancer 

mortality, and the present study estimated a three-month conditional increment across all cancers under multiple interacting wartime factors. 

Moreover, the approximately 300-death comparison is a difference between separately reported point estimates rather than a paired 

excess-death estimate. 

Comparison with the companion study becomes more consistent when the reporting scales are aligned. The present primary estimate of 

1,172.8 registered deaths was close to the approximately 1,200 wartime registered deaths reported in the companion study. After illustrative 

conversion using 80% registration completeness, the implied total of 1,466.0 deaths was also close to the companion study’s modelled total 

wartime burden of approximately 1,400 deaths. It exceeded the crude GMS-derived approximation of approximately 1,200 total deaths by about 

266 deaths; however, the flat-rate baseline produced a corresponding completeness-adjusted estimate of 1,087.0 deaths. The comparison 

therefore depended materially on the selected historical baseline and on whether results were expressed on the registered-death or total-death 

scale. The GMS-derived value was based on an approximate back-calculation and was not treated as a calibration target or gold-standard 

observation
4
. 

Strengths and Limitations 

The main strength of this study is that it linked the identification of war-related factors, confirmation of the cancer-patient factor subset, 

effect-size evidence, and Gaza registry trends into a traceable analytical chain and examined the robustness of the results through sensitivity 

analyses of alternative baselines, effect models, exposure mappings, and joint structures. The study nevertheless has several limitations. First, 

the 2016–2022 registry series was short and could not distinguish changes in actual mortality from changes in diagnostic capacity and 

registration completeness; the extrapolated result therefore represents the counterfactual expectation under continuation of the prewar 

registration process rather than the actual total number of deaths in 2023. The rapid increase in registered mortality over 2016–2022 may 

therefore partly reflect improving diagnosis, ascertainment, and registry completeness. A flat-rate sensitivity based on the 2019–2022 average 

reduced the median counterfactual baseline from 997.2 to 739.9 deaths and the primary six-factor increment from 173.5 to 127.8 deaths, while 

leaving the relative increase unchanged. This indicates that the absolute death counts are sensitive to baseline specification, although the 

direction of the modelled association was preserved. The illustrative registration-completeness conversion introduced an additional structural 

assumption. Registration completeness was not directly measured for Gaza in 2023, and the conversion assumed that the same completeness 

applied to the counterfactual and wartime scenarios. Because registration may itself have deteriorated during the war, these converted values 

should be interpreted only as scale-reconciliation scenarios rather than as corrected estimates of the true total number of deaths. Second, the 

effect sizes were derived from different countries, cancer types, and health systems, creating unavoidable concerns about external applicability 

when transported to Gaza. Third, exposure proportions, time weights, and changes in particulate matter were represented only through 
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exploratory discrete scenarios, whereas the joint distribution and pathway-coverage rules could not be validated using patient-level data from 

Gaza. Fourth, the treatment factor used effects on overall survival or all-cause mortality, which were not fully aligned with the cancer-specific 

endpoints used for the additional factors. Accordingly, the results should be interpreted as conditional scenario estimates for assessing ranges 

of risk and policy scenarios, rather than as estimates of individual-level causal effects or definitive attribution of deaths to war. Moreover, the 

treatment delay or interruption parameter was derived from an SSRN preprint that had not completed peer review at the time of analysis; 

although its effect was transported under three λ_T scenarios, the joint estimate remains dependent on this external parameter. Ultimately, 

not all war-specific pathways were modelled, including destruction of oncology infrastructure, loss of specialised services, disrupted referral and 

supply chains, infection, malnutrition, and displacement. The omission of these pathways could bias the estimates downward. Conversely, the 

use of total wartime exposure proportions as proxies for incremental exposure, together with the no-attenuation assumption of g=1.00, could 

bias the estimates upward. The net direction of bias is therefore uncertain, and the primary estimate should be interpreted as a conditional 

upper-bound realization scenario under the specified assumptions rather than as a uniformly conservative estimate. 

Continuity of Diagnosis and Treatment as a Core Pathway Linking War to Cancer Outcomes 

Cancer care is highly sensitive to timing and continuity. Pathological diagnosis, imaging-based staging, referral, surgery, radiotherapy, and 

systemic therapy usually form a continuous care pathway, and disruption at any point may cause patients to miss an appropriate treatment 

window. The particular problem in conflict-affected settings is not simply a reduction in individual services, but simultaneous disruption to 

transport, referral, energy supplies, health-care personnel, medicine supplies, and hospital operations, resulting in systemic breaks in care 

processes that would otherwise be coordinated1-3,6,20,22,32,72-74. Early in the conflict, WHO had already reported fuel shortages, reduced hospital 

functionality, and difficulties for patients with cancer in accessing treatment; subsequent health-facility assessments also documented 

widespread effects on hospital services and referral capacity75,76. 

The positive pooled association for diagnostic delay in this study is consistent with the wider literature on the timeliness of cancer diagnosis. In a 

separately conducted all-cancer systematic review, Neal et al. concluded that expediting the diagnosis of symptomatic cancer was likely to 

improve stage at diagnosis, survival, and quality of life, while also emphasizing heterogeneity across cancer sites, delay definitions, and study 

methods
77

. Evidence concerning treatment delay is related but distinct: in a systematic review and meta-analysis of more than 1.27 million 

patients, Hanna et al. found that each four-week delay in cancer treatment was associated with increased mortality across several treatment 

indications
78

. Together, these evidence streams support treating diagnostic delay and treatment delay or interruption as related but separate 

parts of the cancer-care pathway. However, the studies included in our diagnostic-delay meta-analysis used different thresholds, cancer types, 

and clinical pathways. The pooled HR therefore compares the adverse delay state defined by each study with its reference group and cannot be 

interpreted as a fixed proportional increase in risk for each additional week of delay. Retaining the original definitions used by the studies 

avoided unsupported dose conversions, while also limiting interpretation of the findings in terms of a specific duration of delay. 

Treatment delay or interruption served as a shared pathway in the joint model. Barriers related to health-care access, the health workforce, and 

communication may first reduce the probability that a patient receives timely treatment and subsequently affect survival through treatment 

interruption. Directly multiplying the full HRs for these factors by the HR for the treatment factor would risk counting the same 

treatment-continuity pathway more than once. This study reduced such duplication through pathway coverage and retention of partial 

independent effects, but these rules remain structural assumptions based on clinical reasoning and limited evidence about overlap. In particular, 

the treatment factor primarily used effects on overall survival or all-cause mortality, whereas the additional factors used cancer-specific mortality 

effects wherever possible. The λT sensitivity analysis showed that the joint increment remained positive but decreased markedly when the 

treatment-factor effect was reduced or removed, indicating that endpoint differences affected the magnitude of the result but could not fully 

account for the additional burden estimated by the model. 

Interpretation of Health-System, Psychosocial, and Environmental Factors 

Health-care access, the health workforce, and patient–provider communication jointly determine whether patients with cancer can actually enter 

and complete the care process, but the proxy measures used in previous studies do not fully correspond to a wartime environment. Insurance 

status, travel time, regional physician density, and social vulnerability generally reflect structural differences within health systems under 

ordinary conditions, whereas blockades, hospital closures, forced displacement, and disruption of referral routes represent more severe shocks 

to service delivery. Accordingly, the opposite directions of the random-effects and fixed-effect results for health-care access should not be 

interpreted as indicating that access barriers may be protective; rather, they show that differences in exposure definitions, study weights, and 

populations had substantial effects on the pooled estimate. Similarly, a pooled HR for the health workforce close to 1 does not indicate that 

workforce shortages are harmless. Effective cancer-care capacity in wartime depends on coordination among pathology, nursing, radiology, 

pharmacy, transport, and registry personnel, and physician density alone is unlikely to capture this team-based capacity. 

The role of patient–provider communication should likewise not be reduced to whether the patient and provider speak the same language. Risk 

explanation, informed decision-making, health literacy, understanding of treatment plans, and patient navigation across institutions may all 

affect adherence and diagnostic delay42,70,71,79. This study used “Very poor+Poor” as the primary-analysis definition to distinguish clearly poor 

communication from communication experiences rated as average or acceptable; the previous definition, which included Fair in the barrier 

group, was retained as a sensitivity analysis to show how the classification boundary affected the result. Because the pooled interval crossed 1, 

this finding cannot establish that communication barriers independently increase cancer mortality, but it supports providing patient navigation, 

referral tracking, and clear risk communication as cancer services are restored. 

Psychosocial stress may affect cancer outcomes through multiple pathways, including neuroendocrine function, inflammation, sleep, health 

behaviors, and treatment adherence. The positive pooled association in this study is compatible with evidence from populations that were not 

included in our meta-analysis. In a multi-cohort study of 13,349 UK Biobank participants living with and beyond cancer, with replication in 5,739 

participants from the Finnish Public Sector study, psychological distress was associated with cancer mortality (pooled adjusted RR 1.57, 95% 

CI 1.37–1.79); adjustment for cancer stage attenuated but did not eliminate the association80. In Gaza, a survey of patients with breast cancer 

and studies of the general and displaced populations during the conflict documented substantial anxiety, depression, and persistent 

psychological distress.30,31,33 However, this evidence does not establish that three months of acute wartime stress would immediately 

produce the same cancer-specific mortality effect as longer-term psychological exposure. The psychosocial-stress result in this study should 

therefore be interpreted as a scenario indicating potential risk. Even if its short-term mortality effect remains uncertain, incorporating 

psychological screening, crisis intervention, caregiver support, and continuing contact into oncology services retains independent clinical value. 



 16 

Meaning of the Joint Model and Public Health Implications 
The value of the joint model lies not in producing an apparently precise total death count, but in incorporating overlap and shared pathways 

among factors into a common set of testable assumptions. The primary model neither directly multiplied the six factor-specific effect estimates 

nor summed the independently estimated death increments. Instead, it first constructed a joint distribution linking treatment delay or interruption 

with health-care access barriers, diagnostic delay, health workforce loss or shortage, psychosocial stress, and patient–provider communication 

barriers. It then applied pathway-coverage rules according to whether treatment was interrupted and calculated the expected effect across the 

64 mutually exclusive exposure combinations. Particulate-matter exposure was excluded from this primary joint distribution because its Gaza 

exposure proxy was limited to one month, was derived from monitoring stations outside Gaza, and was inconsistent in direction with the 

satellite-based alternative. It was instead applied as a continuous area-level multiplier only in a separately labelled exploratory seven-factor 

extension. This approach reduced evident double counting, but did not resolve the fundamental absence of patient-level observations for the 

joint distribution. Variation in the results across association structures and settings for κD and λT is therefore part of the structural uncertainty in 

the primary joint estimate, while variation across particulate-matter concentration increments reflects uncertainty in the exploratory 

environmental extension. 

From a public-health perspective, the findings support making the restoration of diagnostic capacity and the maintenance of treatment continuity 

central tasks in the emergency cancer response. Pathology, imaging, rapid referral, and linkage to treatment after diagnosis should be regarded 

as a complete service pathway rather than as separate programs. Workforce recovery should likewise extend beyond physician counts and 

ensure capacity in nursing, pathology, radiology, pharmacy, patient navigation, data registration, and medical transport. Psychosocial support 

should be embedded in oncology services, whereas environmental risks require ongoing monitoring and source differentiation. Diagnostic delay 

received the largest median Shapley allocation, reinforcing the importance of restoring pathology, imaging, rapid referral, and linkage to 

treatment alongside chemotherapy and other treatment services. However, Shapley values are mathematical allocations of the modelled 

increment under the specified joint distribution and pathway rules; they should not be interpreted as independently attributable deaths or used 

alone to rank resource priorities. In practical terms, the factor-specific increments and the primary six-factor joint-scenario estimate and the 

exploratory E-inclusive extension should be used to indicate the plausible order of magnitude of excess registered cancer deaths under a 

transparent set of assumptions, to compare alternative service-restoration and continuity-of-care strategies, to identify which structural 

assumptions most strongly influence the results, and to communicate uncertainty to planners and responders. They should not be used as 

observed death counts, as definitive estimates of deaths attributable to war, as individual-level causal effects, as precise forecasts of 2023 

mortality, as a basis for legal or forensic attribution, or as the sole criterion for ranking factors or allocating resources. The factor-specific 

increments are conditional and non-additive; the joint estimate is a composite scenario that depends on exposure mapping, co-exposure, 

pathway coverage, endpoint transport, and unmodelled war-specific pathways. Omitted wartime pathways could bias the estimate downward, 

whereas upper-bound affected-burden mappings and the no-attenuation assumption of g=1.00 could bias it upward. The net direction of bias is 

therefore uncertain. These estimates are therefore intended to support assumption-explicit contingency planning and to generate hypotheses 

for validation with patient-level and registry data, not to provide a final accounting of war-related cancer mortality. 

Conclusion 

The systematic review identified 263 standardized factors from 1,341 factor records across 413 studies. On the basis of the disease and 

study-population fields and review of the original reports, it further identified a cancer-patient factor subset comprising 23 studies, 67 records, 

and 29 standardized factors. After effect-size studies were sought for each factor in the subset, no relevant studies were found for some factors, 

whereas all candidate studies for other factors were excluded after application of the eligibility criteria; usable effect estimates were ultimately 

available for six additional factors, all of which were evaluated in factor-specific models; five were included in the primary joint model, whereas 

particulate-matter exposure was retained as exploratory. Diagnostic delay and psychosocial stress showed relatively consistent positive 

signals; the particulate-matter result was sensitive to the effect model and concentration increment; and the uncertainty was greater for 

communication barriers, health-care access, and workforce shortages. 

Against the common counterfactual registry baseline for 2023, the primary six-factor joint scenario produced an increment of 173.5 registered 

cancer deaths (95% UI 90.9–286.5) under the no-attenuation upper-bound assumption of g=1.00. Under the conservative flat 2019–2022 

average-rate sensitivity, the corresponding increment was 127.8 deaths (95% UI 65.5–215.0). Across the prespecified realization assumptions 

of g=0.35–1.00, the corresponding primary-model increment ranged from 60.7 to 173.5 deaths; therefore, 173.5 deaths should be interpreted 

as an upper-bound scenario estimate rather than a single best estimate. Exploratory addition of particulate-matter exposure increased the 

estimate to 239.8 deaths (131.2–391.6). Treatment delay or interruption was used only as a joint factor and model reference, rather than as a 

new independent research result. The primary joint estimate depends on transporting conditional associations across populations, complete 

pathway coverage for A/H/C, retention of 50% of the log HR for D, an all-cause mortality proxy for treatment delay, and the assumed proportion 

of excess relative hazard realized within the three-month window. It should therefore be interpreted as a composite conditional scenario under 

structural assumptions. 
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