
Vol.:(0123456789)

Journal of Cancer Research and Clinical Oncology (2024) 150:372 
https://doi.org/10.1007/s00432-024-05890-4

RESEARCH

Exploring the impact of body mass index on tumor biology and cancer 
development

Johanne Ahrenfeldt1,2 · Stine Carstensen2 · Ida Maria Hemdorff Eriksen2 · Nicolai Juul Birkbak1,2,3

Received: 22 May 2024 / Accepted: 12 July 2024 / Published online: 27 July 2024 
© The Author(s) 2024

Abstract
Purpose  Cancer continues to be a major global health challenge, affecting millions of individuals and placing substantial 
burdens on healthcare systems worldwide. Recent research suggests a complex relationship between obesity and cancer, with 
obesity increasing the risk of various cancers while potentially improving outcomes for diagnosed patients, a phenomenon 
termed the "obesity paradox". In this study, we used a cohort of 1781 patients to investigate the impact of obesity on tumor 
characteristics, including gene expression, pathway dysfunction, genetic alterations and immune infiltration.
Methods  Patient samples spanned 10 different cancer types, and were obtained from the Cancer Genome Atlas, with annota-
tions for body mass index (BMI), age, sex, tumor size and tumor gene expression data.
Results  When we compared the proportion of large (T3–T4) to small tumors (T1–T2) between obese and non-obese patients, 
we found that obese patients tended to present with smaller, less invasive tumors and exhibited distinct gene expression pro-
files, particularly in metabolic and proliferative pathways. Moreover, smaller tumors in obese patients show higher immune 
cell infiltration and increased T cell diversity, suggesting enhanced immune activity.
Conclusion  Taken together, these findings highlight the influence of obesity on tumor biology, with implications for person-
alized treatment strategies that consider patient physiology alongside tumor characteristics.

Keywords  Cancer and obesity · Transcriptomics · Tumor aggresiveness · Pathway analysis · Tumor biology

Introduction

Cancer, characterized by uncontrolled cell growth and pro-
liferation, remains a significant global health concern, pos-
ing substantial challenges to both healthcare systems and 
individuals. Understanding the multifaceted factors influ-
encing cancer development is crucial for devising effective 
prevention and intervention strategies. One emerging area 
of research centers around the association between obesity 
and cancer. Obesity, resulting from an imbalance between 
energy intake and expenditure, has reached epidemic propor-
tions worldwide. In 2016, 650 million people in the world 

were characterized as obese according to the World Health 
Organization (WHO). Beyond its established role in meta-
bolic disorders, evidence has been mounting on the potential 
link between obesity and cancer incidence (Renehan et al. 
2008; Ma et al. 2013; Genkinger et al. 2011; Wallin and 
Larsson 2011; Sanfilippo et al. 2014; Wang and Xu 2014). 
Numerous epidemiological and metastudies have suggested 
that obesity is associated with an increased risk of several 
cancer types, including breast, colorectal, and renal cancers 
(Renehan et al. 2008; Wang and Xu 2014; Islami et al. 2019; 
Thrift et al. 2014) While the exact mechanisms underlying 
this association are still under investigation, chronic inflam-
mation, altered hormonal profiles, and insulin resistance are 
among the proposed pathways through which obesity may 
contribute to tumorigenesis (Roberts et al. 2010; Gallagher 
and LeRoith 2015; Liu et al. 2021).

Despite the established link between obesity and 
increased cancer risk, an intriguing phenomenon known 
as the “obesity paradox" has been observed across cancer 
types (Schlesinger et al. 2014; Hakimi et al. 2013; Amp-
toulach et al. 2015). Paradoxically, although obesity can 
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increase the risk of developing certain cancers, several 
studies suggest that obese individuals with cancer may 
have better outcomes than their non-obese counterparts. 
The reasons for this phenomenon are not fully under-
stood, but it is speculated that obese individuals might 
be more resilient to treatment, as they experience less 
severe chemotherapy-induced toxicity (Tsang et al. 2016; 
Cay et al. 2024) or that their physiology might induce less 
aggressive cancer metabolic profiles (Wang et al. 2019).

In the context of cancer aggressiveness, there is a 
growing interest in elucidating whether obesity influ-
ences the development of cancer with distinct phenotypic 
characteristics. While previous work has predominantly 
focused on the association between obesity and overall 
cancer risk, investigating the specific impact of obesity 
on specific cancer subtypes, potentially those exhibiting 
reduced aggressiveness, is essential for a more nuanced 
understanding of the impact of obesity on cancer devel-
opment and outcome. Addressing this knowledge gap is 
critical not only for discerning the molecular and cellular 
underpinnings of obesity-related carcinogenesis, but also 
for tailoring treatment strategies to specific phenotypic 
features of obesity-induced cancer. By exploring whether 
obesity plays a role in the development of aggressive can-
cer phenotypes, it may open up novel avenues for cancer 
prevention and treatment within an increasing population 
of obese individuals.

One of the important hallmarks of cancer is immune 
evasion (Hanahan and Weinberg 2011), as the immune 
system also works as a defense against development of 
cancer. The cancer cells must develop mechanisms to 
avoid the immune system in order to survive. An impor-
tant part of the immune system's defense against cancer 
are cytotoxic T cells, capable of recognizing and killing 
cancer cells. T cells harbor the T-cell receptor (TCR), 
which recognizes mutation-induced neo-antigens pro-
duced by the cancer cells. A recent study suggests that 
a greater TCR diversity in the tumor is associated with a 
highly activated tumor microenvironment (Schina et al. 
2023).

With this study, we used gene expression data obtained 
from 10,783 patients from the Cancer Genome Atlas to 
investigate if tumors from obese patients displayed phe-
notypic variation relative to tumors from non-obese 
patients. Across cancer types, we observed that tumors 
from obese patients were significantly smaller at diag-
nosis, and showed significantly altered gene expression 
patterns, particularly affecting genes in metabolic and 
proliferative pathways. Furthermore, through analysis 
of T cell receptor diversity, we infer likely variation in 
immunological profiles between tumors from obese and 
non-obese individuals. Overall, our work demonstrates 
that obesity itself significantly impacts not only the risk 

of developing cancer, but also the type of cancer, with 
likely implications for patient treatment decisions and 
prognosis.

Methods

Data

Clinical information from 10,783 sequenced tumor samples 
from 33 different cancer types was acquired from The Can-
cer Genome Atlas (Ellrott et al. 2018). RNAseq-based gene 
expression data which had been uniformly normalized for 
all samples was acquired from the University of California 
Santa Cruz (UCSC) Xena database (Goldman et al. 2020). 
Pathological T-stage was used as a measurement for tumor 
size and invasiveness. After omitting missing values from 
the following variables: T-stage, age, and sex; the data set 
contained 7309 cancer patients and 23 cancer types, this 
will be referred to as Subset 1. Of these, a subset of 1781 
cancer patients from 10 cancer types were annotated with 
BMI values, when excluding extreme outlier values (BMI 
below 15 or above 60), this will be referred to as Subset 2. 
Additionally, T cell Receptor (TCR) diversity was available 
for 5,366 patients, obtained from Thorsson et al. (Thorsson 
et al. 2018).

Gene sets and immune cell decomposition

Gene set variation analysis (GSVA) (Hänzelmann et al. 
2013) was performed to generate values for 50 Hallmark 
pathways from Liberzon et al. (Liberzon et al. 2015) from 
the gene expression data.

Tumor immune cell decomposition was calculated as the 
tumor infiltrating leukocytes (TIL) score defined by Danaher 
et al (Danaher et al. 2017) on whole tumor RNAseq data 
using the method described in Rosenthal et al (Rosenthal 
et al. 2019).

Enrichment analysis

For the enrichment analysis we looked at cancer driver 
mutations. Mutations were annotated as driver events using 
Annovar (Wang et  al. 2010) as previously described in 
Ahrenfeldt et al (Ahrenfeldt et al. 2022). Briefly we used 
PolyPhen (Ng and Henikoff 2001) and SIFT (Adzhubei et al. 
2010) to predict if mutations were deleterious, likely result-
ing in a loss of function in tumor suppressor genes, or path-
ogenic in oncogenes. Enrichment analysis was performed 
using a two-sided Fisher exact test to compare large tumors 
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to small tumors, on the number of patients with and without 
altered genes, per cancer type. The P values were corrected 
by false discovery rate (FDR) and a corrected P value below 
0.05 was considered significant.

The driver weight was calculated for each patient as 1/
number of driver mutations, and then we calculated the 
mean difference in driver weight between small and large 
tumors per gene per cancer type. The P value for each gene-
cancertype pair was calculated using a Wilcoxon rank sum 
test, and then corrected using FDR, a corrected P value 
below 0.05 was considered significant.

Statistical analysis

All data analysis was performed in R version 4.3.0 (R Core 
Team 2020), using tidyverse (Wickham et al. 2019), sur-
vminer (Kassambara et al. 2021), survival (Therneau and 
Grambsch 2000), scales (Hadley and Seidel 2019), ggpubr 
(Kassambara 2020), ggAU-package (Kisistok J ggAU: 
ggplot2 themes for Aarhus University.Preprint at(2023) 
2023) and Publish (Gerds and Ozenne 2021).

Survival analyses were performed by Cox proportional 
hazard regression (Cox 1972) and Kaplan meier curves.

Testing the significance of differences between groups 
was performed using the Wilcoxon rank sum test, unless 
otherwise mentioned. Fisher's exact test was used to deter-
mine if the proportion of small tumors was higher in a 
subset of the data. A binomial test was performed to test 
whether the distribution of cancer types which were signifi-
cantly higher expressed in small and large tumors for each 

hallmark was significantly different from 50/50. All p-values 
are two-sided.

Results

Patients and samples

To investigate the association between obesity and tumor 
aggression and size, we performed transcriptional pathway 
analysis and statistical analysis on data from The Cancer 
Genome Atlas (TCGA). From the full data set with 10,783, 
we defined two nested subsets of data. Subset 1 consisted of 
7309 patients spanning 23 different cancer types, all anno-
tated with information on age, sex, and pathological tumor 
stage (T-stage). Subset 2 consisted of 1781 patients, all from 
Subset 1, who had Body Mass Index (BMI) information 
available, these patients spanned 10 cancer types (Fig. 1).

Patients with high BMI more commonly harbor 
smaller, less invasive tumors

First, we endeavored to investigate if obese individuals in 
general present with smaller tumors, indicative of a less 
aggressive phenotype driving early cancer development. 
To explore this, we used pathological T stage as a proxy 
for tumor size. T stage is a component of the standardized 
TNM (Tumor, Node, Metastasis) staging system devel-
oped by the American Joint Committee on Cancer (AJCC) 
and used globally for staging cancers (Edge and Compton 
2010). As part of this, T stage describes the size and extent 

Fig. 1   Data cohort. A schematic 
representation of the full data 
set from TCGA and Thorsson 
et al. 2018, and the two subsets 
that we perform the analysis 
on. For the full data set we have 
gene expression data and T-cell 
receptor diversity information. 
For Subset 1, which includes 
7309 of the patients from the 
full data set, we have pathologi-
cal T-stage, age and sex annota-
tions for all patients. For Subset 
2, which includes 1781 patients 
from Subset 1, we have height 
and weight information for all 
patients at diagnosis. The figure 
was created using BioRender
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of the primary tumor, and is typically graded as T1-T4. 
While the exact definition varies by cancer type, T1 tumors 
are typically smaller, while T4 tumors are larger and may 
have more extensive growth into local tissue. When we 
compared the BMI of patients based on T stage, we found 
that patients with low T stage, particularly T1 tumors, had 
higher BMI relative to patients with higher stage tumors 
(Fig. 2A). When we stratified the patients into two groups 
based on T stage, small tumors (T1, T2) and large tumors 
(T3, T4), we found that patients with small tumors had 
a significantly higher BMI (median = 26.4), relative to 
patients with large tumors (median = 25.8, P = 0.0056) 
(Fig. 2B). There was no significant difference in BMI by 
sex in this cohort (female median = 26, male median 26.2, 
P = 0.68). However, we observed the same pattern within 
each sex, where patients with small tumors had a sig-
nificantly higher BMI relative to patients diagnosed with 
larger tumors (small tumors, female median = 26.4, male 
median 26.4; large tumors, female median = 25.7, male 
median 26, P female = 0.045, P male = 0.056, Fig. 2C). 

When we further stratified patients based on BMI into 
obese (BMI >  = 30) and non-obese (BMI < 30), we found 
a significant enrichment of small tumors in patients with 
obesity (Obese 57.2% vs Non-obese 47.5%, P = 0.000427) 
(Fig. 2d).

Small tumors in patients with high BMI show unique 
immune profiles

To investigate if smaller tumors from obese patients may be 
the result of more aggressive immune activity, we explored 
the differences in immune cell infiltration between small and 
large tumors from obese and non-obese patients. Given that 
the immune system decays with age due to immunosenes-
cence (Pawelec 2018), we further stratified these analyses 
based on age. We investigated immune infiltration by uti-
lizing the TIL score from Danaher (Danaher et al. 2017), 
and found that the small tumors of obese patients had a 
significantly higher level of immune infiltration relative 
to their non-obese counterparts (P = 0.00025), in younger 

Fig. 2   BMI and pathological T-stage on Subset 2. A Patients BMI 
stratified by their tumor’s pathological T stage. Colored by tumor size 
(Small: T1 and T2, Large: T3 and T4). B Patients BMI plotted strati-
fied by their tumor size. C Patients BMI plotted against their tumor 

size stratified by sex. D Patients are stratified by obesity, BMI >  = 30, 
and the proportion of small and large tumors are shown for each 
group
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(< 60 years) patients (Fig. 3A). We observed no differences 
in immune infiltration within older patients nor between the 
larger tumors in patients with or without obesity (Fig. 3B).

Next, we investigated the composition of infiltrating 
immune cells using the ratio of adaptive to innate immune 
cells (A/I ratio). We have previously shown that within 
tumors the A/I ratio is associated with improved survival 
(Ahrenfeldt et al. 2023). Here, we found that in younger 
patients with small tumors, obese patients had a higher A/I 
ratio relative to non-obese patients (P = 0.041) (Fig. 3C). 
We found no significant differences in the older patients 
(Fig. 3D).

To investigate the landscape of tumor infiltrating adap-
tive immune cells, we obtained TCR diversity and rich-
ness estimates from the TCGA data, previously published 
by Thorsson et al. (Thorsson et al. 2018). We found that 
small tumors exhibited a significantly higher TCR Shannon 
diversity index in younger patients with obesity relative to 
younger patients without obesity (P = 0.0067) (Fig. 3E). We 
found no significant difference in the older cohort with small 
tumors or between obese and non-obese patients with large 
tumors, neither in the young nor old cohort (Fig. 3F).

Tumors from obese individuals show distinct 
pathway expression profiles

Tumor size is strongly prognostic, and is therefore likely 
associated with a more aggressive biological phenotype. 
To investigate this, we compared gene expression profiles 
between small and large tumors across the 7309 samples 
from 23 cancer types in Subset 1 with T stage annotations, 
and compared large tumors to small tumors within each 
cancer type. For this analysis, we summarized gene expres-
sion to pathways, gene set variation analysis (GSVA) of the 
50 hallmark pathways (Liberzon et al. 2015). All pathways 
were tested for significant differential expression across 
all 23 cancer types. In this manner, we observed that 38 
showed a significantly different expression between small 
and large tumors at least once, ranging from 0 to 15 sig-
nificant pathways per cancer type (Fig S1A). To summa-
rize these results across cancer types, the hallmark path-
ways were scored as either significantly expressed or not 
significantly expressed in each cancer type, using an FDR 
adjusted p-value of 0.1 as cutoff. We then used a binomial 
test to determine if a hallmark pathway was significantly 
enriched across multiple cancer types. Here, we found that 
large tumors have a significantly higher expression of the 
EPITHELIAL_MESENCHYMAL_TRANSITION, ANGI-
OGENESIS, and HYPOXIA pathways, all of which have 
previously been associated with poor outcome and aggres-
sive cancer (Thiery et al. 2009; Oshi et al. 2021; Evans 
and Koch 2003). Furthermore, we found large tumors to 
have a significantly higher expression of the GLYCOLYSIS 

metabolic pathway, whereas small tumors have a signifi-
cantly higher expression of FATTY_ACID_METABOLISM 
(Fig. 4A). We also found that proliferative pathways such 
as MYC_TARGETS_V1 and V2 and G2M_CHECKPOINT 
were most highly expressed in large tumors, although this 
was not significant.

Next, to investigate the impact of obesity in tumor phe-
notype, we further explored if obesity might impact the 
observed differences between small and large tumors in Sub-
set 1. By comparing gene expression data between obese and 
non-obese patients, within small and large tumors separately, 
we observe lower expression of the proliferative pathways 
(small tumors: MYC_TARGETS_V1 and V2, large tumors: 
E2F_TARGETS, MYC_TARGETS_V1 and G2M_CHECK-
POINT) and higher expression of immune related pathways 
(small tumors: IL6_JAK_STAT3_SIGNALING, INFLAM-
MATORY_RESPONSE, COMPLEMENT and ALLO-
GRAFT_REJECTION, large tumors: COAGULATION) in 
both small (Fig. 4B) and large tumors (Fig. 4C) in obese 
patients.

To investigate the cancer-specific origin of the differen-
tial expression, we stratified the analysis on cancer type and 
found that for small tumors, overexpression of the prolif-
erative pathways in non-obese patients were predominantly 
driven by liver cancer, esophagus cancer and renal cancer 
(Fig S1B). Likewise, overexpression of immune pathways 
in obese patients mostly originated from liver cancer and 
bladder cancer. In large tumors overexpression of the pro-
liferative pathways in non-obese patients mostly originated 
from liver cancer and colon cancer, while overexpression of 
immune pathways in obese patients mostly originated from 
melanoma and uveal melanoma (Fig S1C).

To investigate if there were differences in gene expression 
between older and younger patients, we performed the analy-
sis stratified into older and younger patients, as above. We 
found that when we compared RNA expression from small 
tumors between younger and older patients, tumors from 
younger patients had a higher expression of proliferative 
pathways, such as E2F_TARGETS, G2M_CHECKPOINT 
and MITOTIC_SPINDLE. Conversely, in small tumors from 
older patients we found a higher expression of metabolic 
pathways including XENOBIOTIC_METABOLISM, BILE_
ACID_METABOLISM, FATTY_ACID_METABOLISM, 
HEME_METABOLISM and OXIDATIVE_PHOSPHO-
RYLATION (Fig S2A). When we repeated the analysis in 
large tumors, we found that younger patients had a higher 
expression of TGF_BETA_SIGNALING and APICAL_
JUNCTION while no pathways had a significantly higher 
expression in older patients (Fig S2B).

Next, to investigate if there were any significant differ-
ences in the expression between the two sexes, we performed 
the same analysis stratified by sex. For this analysis we 
excluded sex-specific cancer types, BRCA, CESC, PRAD 
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and TGCT. When we compared small tumors between male 
and female patients, we found no significant difference (Fig 
S3A). When we performed the analysis using large tumors, 
we found that 18 of the 50 pathways are significantly 

higher expressed in female patients compared to male 
patients (Fig S3B), these include mainly immune related 
pathways (INFLAMMATORY_RESPONSE, COMPLE-
MENT, IL6_JAK3_STAT_SIGNALING, ALLOGRAFT_
REJECTION, INTERFERON_GAMMA_RESPONSE 
and COAGULATION) and signaling pathways (TNFA_
SIGNALING_VIA_NKFB, IL2_STAT5_SIGNALING, 
KRAS_SIGNALING, ESTROGEN_REPONSE_EARLY 
and ESTROGEN_RESPONSE_LATE).

Genotypic patterns in large vs small tumors

To investigate if the landscape of cancer driver mutations 
might differ between small and large tumors, we categorized 
all mutations found within known cancer genes in tumors 
from Subset 1 into whether they were likely driver mutations 

Fig. 3   Tumor immune infiltration and diversity. A Tumor Infiltrat-
ing leukocytes (TIL) score in the younger (< 60 years) patients. The 
patients are stratified by tumor size and colored by obesity (non-
obese: BMI < 30, obese: BMI >  = 30). B TIL score in the older 
(> = 60  years) patients. The patients are stratified by tumor size 
and colored by obesity. C Adaptive/innate immune ratio of younger 
patients. The patients are stratified by tumor size and colored by obe-
sity. The Y-axis is log2-scaled. D Adaptive/innate immune ratio of 
older patients. The patients are stratified by tumor size and colored by 
obesity. The Y-axis is log2-scaled. E T-cell receptor (TCR) shannon 
diversity of younger patients. The patients are stratified by tumor size 
and colored by obesity. F TCR shannon diversity of older patients. 
The patients are stratified by tumor size and colored by obesity

◂

Fig. 4   Differences in pathway expression in small and large tumors. 
A A bar plot showing the pathways where there are more than 5 
cancer types with an overexpression in small or large tumors, and 
the number of cancer types that are significantly overexpressed in 
either direction. An asterisk, *, marks the pathways where the dis-
tribution of cancer types into small or large are significantly differ-
ent from 50/50, given a binomial distribution. This analysis is per-
formed on Subset 1. B A volcano plot showing the difference of mean 

(and p-value given a t-test) GSVA values for each pathway between 
non-obese and obese patients with small tumors. The pathways are 
colored by their overall process category. This analysis is performed 
on Subset 2. C A volcano plot showing the difference of mean (and 
p-value given a t-test) GSVA values for each pathway between non-
obese and obese patients with large tumors. The pathways are colored 
by their overall process category. This analysis is performed on Sub-
set 2
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or likely passenger mutations. We explored how often indi-
vidual cancer driver mutations occurred together with other 
driver mutations within the same tumor. To investigate 
this, we defined a driver weight score. The driver weight 
score was determined for each driver mutation, within each 
tumor, as simply 1/ndriver. We then compared the differences 
in mean driver weight across genes and cancer types. We 
found that there were more genes with a significantly higher 
driver weight in small tumors relative to in large tumors 
(Fig. 5A). Examples of these are PIK3CA in both BRCA 
and HNSC, LRP1B in both LUSC and BRCA and TP53 in 
HNSC and SKCM. However, TP53 also has a higher driver 
weight in Large MESO tumors. To investigate whether small 
tumors had a higher driver weight in general, we compared 
the driver weight of small vs large tumors for each cancer 
type, where the tumor's driver weight was the same as for 
each of its driver mutations 1/ndriver. We investigated the 
mean difference in driver mutations between small and large 
tumors and found that in three cancer types (BRCA, HNSC 

and KIRC) large tumors had significantly higher number of 
driver mutations (Fig. 5B). When we looked at the frequency 
of specific driver mutations between large and small tumors 
we only found two significantly enrichment genes (Fig. 5C), 
HRAS in small BLCA tumors and CDH1 in large BRCA 
tumors.

Discussion

Our study suggests a link between obesity and reduced 
tumor size as we found a significantly higher BMI in the 
patients with smaller, less invasive tumors, as represented 
by lower T stage. We also found an association between 
obesity and increased immune invasion and lower expres-
sion of proliferative pathways, suggesting that tumors in 
obese individuals may harbor less aggressive biology. 
Our results thus support previous work indicating that 
while the obesity induced chronic inflammatory state may 

Fig. 5   Driver genes and tumor size. A A volcano plot showing the 
mean difference of driver weight per gene, per cancer type between 
small and large tumors. The driver weight is 1/number of driver 
mutations per tumor. The p-value is calculated by a t-test. B A vol-
cano plot showing the mean difference in number of driver mutations 

per tumor for each cancer type between small and large tumors. The 
p-value is calculated by a t-test. C A volcano plot showing the odds 
ratio for an enrichment of certain driver mutations in small or large 
tumors. Odd ratio and p-value is calculated by fisher’s exact test
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support tumorigenesis, it may also limit tumor growth 
through immune effector mechanisms (Multhoff et  al. 
2011).

Furthermore, we found an increased expression of 
metabolic pathways, including the fatty acid and bile acid 
pathway in small tumors and in obese patients. We found 
an increased expression of the glycolysis pathway in the 
large tumors. This may indicate that small tumors grow 
on fatty acid, whereas larger tumors preferentially utilize 
glucose, via glycolysis and then lactic acid fermentation, 
i.e. the Warburg effect (Warburg 1925). It is possible that 
tumors develop to preferentially metabolize fatty acids due 
to a more plentiful supply of free fatty acids in the plasma 
of obese patients (Henderson 2021).

Previous studies have also found a high level of vari-
ation between tumors and the tumor microenvironment 
between men and women (Ahrenfeldt et al. 2023). How-
ever we do not find this difference between men and 
women, when we stratify based on BMI. Here, we found 
no difference in BMI between male and female cancer 
patients in the analyzed cohort. We also found the same 
distribution of BMI of patients with small or large tumors 
in male and female patients. Furthermore, when we inves-
tigated the differentially expressed pathways between 
male and female patients in small or large tumors, few 
differences were found. This indicates that the differen-
tial expression pattern that we found in small tumors in 
patients with obesity, was independent of sex.

In our study, we found that the main genetic difference 
between small and large tumors was the number of driver 
mutations, as we found fewer driver mutations per tumor 
in small tumors. And when we investigate if specific muta-
tions were enriched in small or large tumors, we found 
only two genes, HRAS in small bladder cancer tumors 
and CDH1 in large breast cancer tumors. This indicates 
that on a genomic level, there is no difference between 
the molecular drivers of cancer between small and large 
tumors. These results thus follow the pattern of previous 
research, where we and others have found that there is no 
significant difference between the cancer driver landscape 
between primary and metastatic tumors (Ahrenfeldt et al. 
2022; Christensen et al. 2022).

Taken together, we here demonstrate that obesity may 
affect tumor biology, our findings are thus important in the 
context of personalized medicine. We show an effect of 
the host physiology on both tumor microenvironment and 
molecular characteristics, thus providing a more nuanced 
understanding of how obesity might affect cancer develop-
ment. Our work thus highlights the limits of a tumor-centric 
approach to tumor characterization, where patient prog-
nosis and treatment is primarily determined from single 
tumor biopsies. Rather, these results indicate that a holistic 
approach is needed, where overall patient characteristics are 

considered in order to properly determine optimal patient 
care.
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