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Purpose: Chemotherapeutic agents are known to exert anti-tumor effects by not only invoking cytotoxic effects, but also by altering 
both the immune profile and metabolic milieu. These alterations to both the immune milieu and circulating metabolome may be 
leveraged for designing rationale drug combinations with immunotherapeutic agents, once chemotherapy fails.
Patients and Methods: Using publicly available transcriptomic data for breast cancer (BC) patients treated with neoadjuvant 
chemotherapy (GSE162187), we assessed transcriptional alterations that coincide with response to chemotherapy. To further study the 
metabolic and immune alterations associated with chemotherapeutic resistance, plasma samples from BC patients treated with eribulin, 
paclitaxel and capecitabine were obtained and assessed via Metabolomics and Luminex, at time of progression as compared to baseline.
Results: Transcriptomics analysis revealed enrichment of amino acid and lipid metabolic pathways, as well as immune pathways 
including B cells, complement cascade and T cells, in patients resistant to chemotherapy. To validate these findings and assess the 
differences among different chemotherapies, plasma samples were obtained at baseline and disease progression. Increases in IL-18; IL- 
22, amylin and IL-6 were observed at the time of disease progression on eribulin, capecitabine and paclitaxel, respectively. 
Metabolically, increases in docosahexaenoic acid and decreases in sphingomyelins; increases in triacylglycerides and decreases in 
fatty acids, and decreases in glutamic acid, lipids and phosphatidylcholines were observed on disease progression on eribulin, 
capecitabine and paclitaxel, respectively.
Conclusion: Distinct patterns of metabolic and immune dysregulation were associated with resistance to eribulin, capecitabine and 
paclitaxel. Varied immune and metabolic profiles were specific to each of the three chemotherapies, representing potential novel, and 
individualized, points of therapeutic leverage.
Keywords: chemoresistance, immune regulation, metabolism, metastatic breast cancer

Introduction
In addition to direct killing of cancer cells, chemotherapeutic agents induce multiple biological effects on the host tissues 
and the immune system, affecting the tumor microenvironment (TME), tumor and immune cell metabolism (reduction of 
PDL-1 and FOXP3 expression with eribulin), the production of cytokines (an increase in serum IFN-gamma, IL-2, IL-6, 
GM-CSF cytokines with paclitaxel) and immune cell survival and function (enhancement of PBMX NK and LAK cell 
activity with paclitaxel; CD8+ effector memory cells and NK cells with capecitabine).1–3 While it is known that 
chemotherapy can interfere with systemic metabolism4,5 and immunity,6 the metabolic changes occurring in the TME, 
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which can have a significant impact on the development of chemoresistance and immune regulation, has been less 
studied. Interestingly, these immune effects may be secondary to chemotherapy-induced changes in tumor gene expres
sion patterns directly, but may be actionable nonetheless.7,8 Therefore, understanding the differences in the immune 
milieu at the time of chemotherapeutic resistance will provide further insight into complex interactions occurring during 
treatment, and may enhance rational drug combination strategies that include immunotherapeutic agents.9,10

To this end, several high-throughput approaches have gained momentum recently, with metabolomics, a measure of 
metabolic changes, coming to the forefront in chemotherapeutic resistance research.11 Given metabolic reprogramming is 
considered a fundamental hallmark of cancer and the improvement of techniques to study metabolism, understanding metabo
lism presents an important direction of tumor research, with more achievable diverse assessment.12 The Warburg effect, also 
known as aerobic glycolysis, and reverse Warburg effect, predominated the study of cancer metabolism for 80 years, as 
a proposed adaptation to support the biosynthetic requirements of uncontrolled proliferation.13 The reverse Warburg effect 
refers to production of lactate by cancer-associated fibroblasts and the repurposing of lactic acid as a metabolic substrate by 
cancer cells.14 These processes, have been thoroughly studied, not only in the context of tumor cells, but also in terms of their 
impacts on the immune system. For example, the acidosis in the TME resulting from reverse Warburg effect, prompts metabolic 
reprogramming of the immune cells causing immune suppression. Consequently, cancer cells are able to suppress the anti-tumor 
immune response by competing for and depleting essential nutrients.15,16 With improved tools for assessing metabolomics, other 
metabolites like tryptophan and kynurenine have been studied in the context of immune cell reprogramming, with several 
metabolites in the TME, including lactate and reactive oxygen species also contributing to immune cell differentiation and 
effector function, leading to cancer progression and immune escape.17–21 Therefore, to fully understand the immune reprogram
ming that results from chemotherapy resistance, it is necessary to examine the metabolic changes, which may impact both the 
tumor and tumor microenvironment, including the immune compartment. Further, this will support the development of not only 
predictive biomarkers of disease progression and chemoresistance but may also highlight new therapeutic targets.

Therefore, we posit that differences in immune response at time of chemotherapeutic resistance may be leveraged for 
designing rationale drug combinations with immunotherapeutic agents, in the future. Here, our study focuses on 
revealing immune and metabolic changes induced by resistance to paclitaxel, capecitabine and eribulin in patients 
with breast cancer. We hypothesized that treatment-induced metabolic changes are associated with chemotherapy 
resistance as there is paucity of data in this area and our study aims to study these changes. This is a unique study 
that explores the interaction between three different chemotherapies, their metabolic changes and the subsequent 
associations with the immune milieu.

Materials and Methods
Study Design
Our study has 2 major components analyzing our hypothesis. First, we retrospectively queried publicly available data 
from the Gene Expression Omnibus (GSE162187) for transcriptome analysis.22 Then, in accordance with the Declaration 
of Helsinki after Roswell Park Institutional Review Board (IRB) approval, we prospectively enrolled metastatic breast 
cancer patients at our institute for conducting immune and metabolic analyses with quality control and standards 
established for metabolomics and Luminex assay, thereby, integrating the results of both for final results.

Fifteen metastatic breast cancer patients who were about to start treatment with capecitabine, paclitaxel or eribulin were 
identified. Capecitabine was dosed at 2 weeks on and 1 week off, paclitaxel was given weekly for 2 weeks and then 1 week off, 
and eribulin was also given weekly for 2 weeks and then 1 week off, in a 3-week cycle. Peripheral blood samples were 
collected at baseline and then at the time of disease progression, which was determined by the treating investigator using 
RECIST v1.1. The study protocol was approved by Roswell Park Institutional Review Board.

Transcriptome Analysis
Raw feature counts were downloaded from the Gene Expression Omnibus (GSE16218).22 Data was then normalized, and 
differential expression gene (DEG) analysis was conducted using DESeq2.23 Differential expression rank order was 
utilized for subsequent Gene Set Enrichment Analysis (GSEA), performed using the clusterProfiler package in R. Gene 
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sets queried included Hallmarks, Canonical Pathways and GO Biological Processes Ontology, and Immune Signature 
collections available through the Molecular Signatures Database (MSigDB). These results were subsequently plotted as 
lollipop plots.24 Further, immune deconvolution using TIMER, which incorporates 6 different deconvolution algorithms, 
including QUANTISEQ, was performed to assess the predicted immune components of the Sensitive and Resistant 
patient populations, which were visualized as violin plots. All analysis was conducted using R (v 4.1.1).25 Statistical 
significance in DESeq2 was determined by adjusted p values (<0.05) and log2 Fold Changes (>0.58). GSEA pathway 
significance, was determined by the FDR corrected p-values (<0.05). Significance of differences in immune cell 
populations, from immune deconvolution, were determined by non-parametric U-tests.

Immune Analysis – Luminex Assays
Plasma samples were lavender-top K2-EDTA tubes, and straws were obtained from the Roswell Park Comprehensive 
Cancer Center Biospecimen and Biorepository. These samples were then prepared and analyzed in the Roswell Park 
Comprehensive Cancer Center Flow Immune Analysis Shared Resource, in accordance with the user manual. Human 
plasma samples were tested using commercially available Luminex kits for the following immune factors: sCD40L, EGF, 
Eotaxin, FGF-2, FLT-3L, Fractalkine, G-CSF, GM-CSF, GROα, IFNα2, IFNγ, IL-1α, IL-1β, IL-1RA, IL-2, IL-3, IL-4, 
IL-5, IL-6, IL-7, IL-8, IL-9, IL-10, IL-12 (p40), IL-12 (p70), IL-13, IL-15, IL-17A, IL-17E/IL-25, IL-17F, IL-18, IL-22, 
IL-27, IP-10, MCP-1, MCP-3, M-CSF, MDC, MIG, MIP-1α, MIP-1β, PDGF-AA, PDGF-AB/BB, RANTES, TGFα, 
TNFα, TNFβ, VEGF-A (Millipore HCYTA-60K-PX48, Millipore Sigma, Burlington, Massachusetts); I-TAC, SDF 
(Millipore HCYTB-60K-02C); Amylin (active), C-Peptide, Ghrelin (active), GIP (total), GLP-1 (active), Glucagon, 
Insulin, Leptin, Pancreatic Polypeptide (PP), PYY (total), Secretin (Millipore HMH3-34K-11); Resistin, Adiponectin, 
PAI-1 (Total), Lipocalin-2/NGAL, Adipsin/ Factor D (Millipore HADK1MAG-61K-05); and NGF (Millipore 
HADK2MAG-61K-01). The data was acquired on a Luminex 200 instrument (Luminex Corporation, Austin, Texas). 
The experiment and instrument set-up were performed based on the manufacturer’s kit instructions. In brief, a serial 
dilution of standards were analyzed in duplicate wells while the experimental samples were tested in single wells. The 
plate was incubated overnight with the multiplex beads on a plate shaker, in the dark, at 4° C and processed with the 
reporter reagents the next day as per manufacturer’s instructions. Analyte concentrations were determined by extrapolat
ing individual experimental fluorescence intensity values against each analyte’s standard curve using the BeadView 
multiplex data analysis software, version 1.0, (Upstate Cell Signaling Solutions, Lake Placid, New York). The analytical 
performance was checked using high concentration and low concentration quality controls provided with the kit of which 
the determined concentration for each analyte needs to be within the manufacturer-determined concentration range. Data 
was analyzed using Limma for differential abundance analysis, adjusting for BMI and age. Multiple test correction via 
and Benjamini–Hochberg method was used to obtain an adjusted p value, where significance was assessed as an adjusted 
p-value of <0.1.

Metabolomics Analysis – Biocrates Assay
Plasma samples were prepared and analyzed in the Roswell Park Comprehensive Cancer Center Bioanalytics, 
Metabolomics and Pharmacokinetics Shared Resource, using the MxP Quant 500 kit (Biocrates Life Sciences AG, 
Innsbruck, Austria) in accordance with the user manual. Briefly, 10 μL of each supernatant, quality control (QC) samples, 
blank, zero sample, or calibration standard were added on the filterspot (already containing internal standard) in the 
appropriate wells of the 96-well plate. The plate was then dried under a gentle stream of nitrogen. The samples were 
derivatized with phenyl isothiocyanate (PITC) for the amino acids and biogenic amines and dried again. Sample extract 
elution was performed with 5 mm ammonium acetate in methanol. Sample extracts were diluted with either water for the 
HPLC-MS/MS analysis (1:1) or kit running solvent (Biocrates Life Sciences AG) for flow injection analysis (FIA)-MS 
/MS (50:1), using a Sciex 5500 mass spectrometer. Data was processed using the MetIDQ software (Biocrates Life 
Sciences AG), and Limma in R for differential metabolite analysis, adjusting for BMI and age. Multiple test correction 
via and Benjamini–Hochberg method was used to obtain an adjusted p value, where significance was assessed as an 
adjusted p-value of <0.1.
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Correlation of Metabolomics and Luminex
As we did not assume normality of the data, simple Spearman correlation R and p values of top differentially abundant 
metabolites (Biocrates) and immune factors (Luminex), for each of the treatments at time of progression were calculated, 
using the “corrplot” function in R, and visualized using “pheatmap”. * in the heatmap, indicate a p<0.05 for that 
particular correlation between a metabolite and immune factor, as well as metabolites and immune factors with clinical 
factors.

Results
Transcriptional Profiling of Therapeutic Resistance in Breast Cancer Reveals 
Enrichment of Metabolic and Immune Related Pathways
To begin to understand the molecular mechanisms associated with the development of chemotherapy resistance in breast 
cancer patients, it was necessary to utilize a dataset with chemotherapy response information, despite not being reflective 
of the patient population used in our investigations. To this end, transcriptomics data was obtained from a publicly 
available dataset (GSE162187), consisting of pretreatment specimens from HER2+/PR-/ER- breast cancer patients, who 
received neoadjuvant chemotherapy.22 According to their pathological response, patients were designated as either 
sensitive (pathological complete response: pCR; n=9) or resistant (non-pCR; n=13). Comparisons of resistant and 
sensitive patient populations resulted in the identification of 748 differentially expressed transcripts (p<0.05, and | 
logFC|>0.58). While a majority of these transcripts (Figure 1A) were down-regulated (n=521, light pink) and associated 
with sensitivity, a substantial number (n=227, magenta) were up-regulated and associated with therapeutic resistance. The 
most significantly differentially expressed genes included metabolic genes (eg ACADM, SLC25A10 and SHMT2), 
immune genes (eg PDCD4, CD81, CD68 and CD24), and motility genes (eg FGFR4). While there was no accompanying 
survival data for this dataset, using cBioPortal26 and METABRIC,27 we found significant survival differences based on 
top metabolic gene expression (Supplementary Figure 1). Although no difference in immune cell infiltrates were 
observed upon deconvolution of gene expression between responsive and resistance tumors (Figure 1B), gene set 
enrichment analysis (GSEA, Figure 1C) revealed substantial, significant alterations to immune signatures between the 
resistant and sensitive populations with alterations to T-cell mediated toxicity and natural killer cells enriched in resistant 
populations, and IL-10 synthesis and B Cell alterations enriched in sensitive populations. Further, many metabolic 
pathways were associated with therapeutic resistance in this dataset, including oxidative stress, propanoate metabolism, 
phospholipid metabolism and amino acid alterations. These transcriptomic alterations provide the foundation to inves
tigate the impact of chemotherapeutic resistance, for several therapies, on immune and metabolic pathways.

Therapeutic Resistance to Eribulin, Capecitabine and Paclitaxel are Associated with 
Distinct Immune Profiles
To first better understand immune alterations that occur in the context of therapeutic resistance in breast cancer, we identified 
metastatic ER± or PR± HER2 negative patients with plasma samples at baseline and at time of progression for 3 distinct 
pharmacologic interventions: eribulin, capecitabine and paclitaxel (Figure 2A). Plasma samples from patients treated with 
capecitabine at baseline (n=5) and time of progression (n=4), eribulin at baseline (n=7) and time of progression (n=6, and 
paclitaxel at baseline (n=6) and time of progression (n=2), which were available with the matched clinical information, were 
analyzed using Luminex and a panel of 49 cytokines, chemokines and immune factors. Principal component analysis was used 
to assess patient clinical features (Supplementary Table 1), like histology, and tumor subtype which may contribute to the 
differences in the immune profiles (Supplementary Figure 2), and therefore need to be included in the analysis as a co-variate. 
This analysis suggested that BMI and age contribute to a large amount of variability in the plasma immune factors, and were 
therefore adjusted for (Supplementary Figure 2A), whereas interestingly histology did not (Supplementary Figure 2C). 
Overall, we observed limited separation of treatments (Figure 2B) by their total immune profile. However, differential 
abundance analysis highlighted unique alterations that occur with progression in each of the treatments (Figure 2C–E). At time 
of progression on Capecitabine, statistically significant increases over baseline in IL-22 and active Amylin were observed 
(p<0.05; Figure 2C, dark blue). At progression on Eribulin, statistically significant increases in IL-18 over baseline were 

https://doi.org/10.2147/BCTT.S498070                                                                                                                                                                                                                                                                                                                                                                                                                                                 Breast Cancer: Targets and Therapy 2025:17 362

Hsiao et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/498070/21_Mar_2025_498070_Supplementary_table_and_figures_03102025.pdf
https://www.dovepress.com/article/supplementary_file/498070/21_Mar_2025_498070_Supplementary_table_and_figures_03102025.pdf
https://www.dovepress.com/article/supplementary_file/498070/21_Mar_2025_498070_Supplementary_table_and_figures_03102025.pdf
https://www.dovepress.com/article/supplementary_file/498070/21_Mar_2025_498070_Supplementary_table_and_figures_03102025.pdf
https://www.dovepress.com/article/supplementary_file/498070/21_Mar_2025_498070_Supplementary_table_and_figures_03102025.pdf


Figure 1 Comparison of resistant and sensitive patient tumor samples reveal immune and metabolic transcriptional reprogramming. Using publicly available transcriptomic data for 
HER2+ breast cancer patients treated with neoadjuvant chemotherapy (GSE162187), the profiles of sensitive and resistant patients were revealed. (A) A large number (n=748) of 
significantly differentially expressed genes (p<0.05, and |logFC|>0.58) were found between those enriched in the resistant (hot pink) and sensitive (light pink) sample types. (B) 
Comparison of immune profiles using the QUANTISEQ algorithm, embedded within TIMER, revealed some trends in differences between CD4+ and NK cell population 
differences between sensitive and resistant cells, as well as non-significant population shifts in a majority of the immune cell populations, including B Cells and CD8+ T-Cells. (C) 
Gene Set Enrichment Analysis revealed significant enrichment (FDR < 0.05) of several biological processes including mobilization, hypoxia and epigenetic reprogramming, as well as 
immune factors in both the sensitive and resistant samples. Metabolic dysregulation was more so enriched in the resistant samples, as compared to the sensitive samples.
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observed (p<0.05; Figure 2D, dark green). Conversely, at time of progression on Paclitaxel, increases in IL-6 and decreases in 
circulating Glucagon compared to baseline were observed (p<0.05; Figure 2E, dark purple and pink, respectively). Not 
surprisingly, given the different mechanisms of action, of each of these drugs, there was no overlap in differential cytokines 
(p < 0.1, |logFC| > 0.58) detected in these three treatment groups at time of progression (Figure 2F, red cytokine indicates it 
was up-regulated with progression, as compared to baseline, and a blue cytokine indicates it was down-regulated with 
progression, as compared to baseline).

Therapeutic Resistance to Eribulin, Capecitabine and Paclitaxel results in Distinct 
Metabolic Profiles
Given the enrichment of both immune and metabolic pathways (Figure 1) at the transcriptomic level, and that both 
immunologic28,29 and metabolic30–33 alterations are associated with therapeutic resistance, it was necessary to also study 
the metabolic alterations that occur in these patients. However, knowing the immune profiles were unique to each of the 

B

Figure 2 Luminex assessment of serum at baseline and time of progression reveals limited immune alterations and overlap of altered immune factors between three 
different treatment groups at time of progression. Serum samples were obtained from patients at baseline and time of progression on either Capecitabine, Eribulin, or 
Paclitaxel. (A) Table of the number of patients that fell within each group of either Baseline or Progression are shown. The number of samples available at time of progression 
on Paclitaxel were limited. (B) Principal component analysis shows limited separation of samples, based on their immune profiles. Volcano plots of differentially abundant 
immune factors in the (C) Capecitabine, (D) Paclitaxel and (E) Eribulin groups reveal limited significantly differential immune factors (p<0.05, and |logFC|>0.58) between 
progression and baseline for these 3 treatments, none of which were significant by adjusted p-value. (F) The lack of overlap is further described in the venn diagram which 
details the few immune factors that were significant, when not adjusted (p val <0.1, |logFC|>0.58), with their direction of change (red=increased at progression, 
blue=decreased at progression).
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chemotherapies, we hypothesized alterations to the metabolic profiles would also be unique to each of the drugs. To this 
end, plasma samples from each of the same patients explored via Luminex, were used to dissect the metabolic alterations 
that occur in the context of therapeutic resistance in breast cancer (Figure 2A). Plasma samples were assed via mass 
spectrometry, where 581 metabolites were detectable in at least one plasma sample (Figure 3A), spanning 20 biochemical 
classes, including all of the amino acids, a large panel of lipids and metabolites from all the major energy pathways, with 
the exception of glycolysis and TCA cycle. Unfortunately, given the age of many of these samples, accurately detecting 
glycolytic and TCA intermediates is diminished, as these metabolites are largely unstable. Once again, principal 
component analysis (PCA) of clinical factors and histology did not suggest that any of these variables contributed to 
a large amount of variability in the plasma metabolomics (Supplementary Figure 2B and D). While no clinical factors 
were found to be associated with the metabolic profiles in patients, adjustment was made for BMI and age to maintain 

Figure 3 Metabolic assessment of serum at baseline and time of progression reveals distinct metabolic alterations between three different treatment groups at time of 
progression. Matched serum samples from Luminex assays were obtained from patients at baseline and time of progression on either Capecitabine, Eribulin, or Paclitaxel. 
(A) Bar graph shows the distribution of measurable metabolites (n=581) spanning 20 biochemical classes. (B) Principal component analysis shows some separation of 
samples, based on their metabolic profiles and drug treatment. Volcano plots of differentially abundant immune factors in the (C) Capecitabine, (D) Eribulin and (E) Paclitaxel 
groups reveal significantly differential metabolites (p<0.05, and |logFC|>0.58) between progression and baseline for these 3 treatments, some of which were significant by 
adjusted p-value, however p<0.05 is being shown. However, many of these metabolites did not overlap between the groups. (F) Metabolite set enrichment analysis was 
implemented on the differential metabolites, to highlight the pathways associated with differentially abundant metabolites (Supplementary Figure 2). The lack of overlap is 
further described in the venn diagram which details the few metabolic pathways that were significant (p val <0.1), with their direction of change (red=increased at 
progression, blue=decreased at progression).
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consistency between the way samples were analyzed for both immune and metabolic dysregulation. Consistently, we 
observed limited separation of treatments (Figure 3B) by their total metabolic profile, and differential abundance of 
unique alterations that occur with progression in each of the treatments (Figure 3C–E). At time of progression on 
Capecitabine, statistically significant increases in a large number of triacylglycerides (TGs) and decreases in fatty acids 
(FA(18:)1)) were observed (p<0.05; Figure 3C, dark blue and light blue, respectively). At progression on Eribulin, 
statistically significant increases in docosahexaenoic acid (DHA) and decreases in sphingomyelins (SM(OH) C22:1) were 
observed (p<0.05; Figure 3D, dark green and light green, respectively). Conversely, at time of progression on Paclitaxel, 
decreases in a wide variety of metabolites including amino acid like compounds glutamic acid (OH-GlutAcid) and lipids 
(cholesteryl esterases (CE) and phosphatidylcholines (PC)) (p<0.05; Figure 3E, pink) was observed. To better understand 
which metabolic pathways were altered with each drug, upon progression, metabolites were assessed via metabolite set 
enrichment analysis (Supplementary Figure 3). Expectedly, the top classes of metabolites being altered were different for 
all three treatments (Figure 3F, red is increased with progression, blue is decreased at progression) including differential 
classes of lipids in Paclitaxel (Supplementary Figure 3A) and Capecitabine (Supplementary Figure 3B), and amino acids 
and lipids in Eribulin (Supplementary Figure 3C), indicating distinct metabolic pathways may be involved in therapeutic 
resistance, in a chemotherapy-dependent manner.

Metabolic and Immune Integration Reveals Relationship Between Circulating 
Metabolites and Cytokines
The unique alterations in both the metabolic profile and immune milieu necessitates understanding the potential 
associations between them, especially given the known relationship between immune and metabolic factors.34–39 

Therefore, to identify associations between immune and metabolic factors, in our data set, we looked specifically at 
Spearman correlations in abundance between the top plasma metabolic and immune factors, associated with 
therapeutic resistance to eribulin (Figure 4A), capecitabine (Figure 4B) and paclitaxel (Figure 4C). Some of the 
relationships highlighted highly unique biology at the time of resistance with each of these therapies. For example, 
we uncovered a positive correlation between FA (20:1) and GROa with Eribulin treatment (Figure 4A, * indicate 
Spearman p < 0.05), only. Additionally, we found statistically significant positive correlations between several 
triacylglycerides with secretin and phosphatidylcholines with IL-8, IL-22 and IL-6 with Capecitabine treatment 
(Figure 4B), only. Finally, we observed a highly significant positive correlation between Ghrelin and IFNγ with 
a wide variety of lipids like cholesterylesterases and phosphatidylcholines with Paclitaxel treatment (Figure 4C), 
only. Taken together, this data suggests that the abundance of circulating immune and metabolic factors is unique to 
each chemotherapeutic agent, and may be tied to the development of resistance, and subsequent strategies for 
overcoming resistance. To this end, additional assessment of correlations between immune factors and clinical 
factors (Supplementary Figure 4) suggested, not surprisingly, that differences in immune factors are associated with 
different clinical factors, which may also contribute to therapeutic resistance. For example, in our small patient 
population, IL-9 is uniquely correlated with histology in patients receiving Paclitaxel treatment, Ghrelin is uniquely 
correlated with histology in patients receiving Capecitabine treatment, and GROa is uniquely correlated with 
histology in patients receiving Eribulin treatment. Similar analysis of metabolites in relation to clinical factors 
revealed unique correlations (Supplementary Figure 5) between metabolic profiles and clinical factors, which may 
contribute to the development of therapeutic resistance. While all three drugs resulted in correlations between lipids 
and histology, as well as lipids and BMI, different classes of lipids were associated with each of the chemother
apeutic agents (Supplementary Figure 6). Taken together, this research provides evidence that alterations to the 
metabolic and immune milieu are associated with the onset of chemotherapeutic resistance in breast cancer patients, 
and these alterations are highly specific to the drug being utilized, necessitating larger studies on the downstream 
metabolic and immune impacts of therapeutic resistance, and overcoming resistance to these drugs.
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Figure 4 Correlation of metabolites with immune factors, at time of progression, in patients treated with eribulin, capecitabine or paclitaxel. Spearman correlation R and 
p-values were calculated for the top differential metabolites and top variable immune factors for (A) Eribulin, (B) Capecitabine and (C) Paclitaxel. Significant positive (red) 
and negative (blue) correlations between metabolite abundance and immune factors are indicated by a * (p < 0.05) in the heatmaps.
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Discussion
Our data indicate the existence of unique metabolic and immune signatures associated with the development of 
therapeutic resistance using orthogonal approaches of transcriptome analysis to reveal the molecular underpinnings of 
therapeutic resistance (Figure 1), and drug-dependent differential induction of metabolic and immune plasma levels at 
time of progression (Figures 2–4). In this study, we have demonstrated each of the three drugs (eribulin, paclitaxel, and 
capecitabine), display unique immune dysregulation (Figure 2), and a unique metabolic dysregulation (Figure 3), at the 
time of therapeutic resistance, as indicated by disease progression. The fundamental integration of both the metabolic and 
immune milieu (Figure 4), allows for a better biological understanding of the alterations associated with disease 
progression while on these 3 commonly used chemotherapies, and may offer novel points of intersection between 
metabolism and immune regulation leading to strategies which may impact therapeutic efficacy, and guide novel 
intervention strategies. For example, therapeutic strategies aimed at the reduction of triacylglycerides, with capecitabine, 
which are all increased in circulation at time of progression, may prove to be an effective treatment strategy. However, 
this requires more in-depth study and larger sample sizes. While this study provides a framework for future studies to 
uncover the relationship between the immune milieu and metabolic dysregulation in the context of chemotherapeutic 
resistance in breast cancer, the findings are limited by the sample size available for this study. Therefore, this work should 
be used to guide future, more in-depth studies of this relationship.

This work is highly important because it highlights the unique alterations that occur as a result of different chemotherapies. 
It is well-known phenomenon that metabolic pathway alterations underlie development of chemoresistance, which was further 
highlighted by the analysis of publicly available dataset (Figure 1) for HER2+ breast cancer patients treated with neoadjuvant 
chemotherapy with residual disease. In this context, patients with resistant disease showed upregulation of several metabolic 
transcripts including medium-chain acyl-CoA dehydrogenase (ACADM), which prevents peroxidation of cancer cells, 
resulting in reduced generation of cytotoxic reactive oxygen species, and increased resilience to chemotherapy. This makes 
sense in the context of breast cancer chemotherapeutic resistance, given ACADM has been shown to promote the epithelial to 
mesenchymal transition in breast cancer cells, promoting cancer migration and invasion.40 Conversely, two transcripts 
associated with chemotherapy sensitivity were: SLC25A10 which regulates redox homeostasis to protect cells against 
oxidative stress, and SHMT2 which promotes breast cancer proliferation through upregulation of the MAPK pathway.41,42 

These changes in metabolic gene signatures were accompanied by changes in immune gene signatures. For example, we 
observed increases in EOMES and CD68 in the sensitive group, which are critical for T-cell-mediated-immune response and 
macrophages, respectively. Research in the area of chemotherapeutic resistance has demonstrated a role for metabolic 
reprogramming at the level of the circulating microenvironment, and also supports the targeting of metabolic reprogramming 
in cancer.6,43–46 Importantly, it is accepted that transcriptional metabolic and immune gene alteration, does not always dictate 
functional or phenotypic change, given susceptibility to post-transcriptional and post-translational modifications, amongst 
other molecular modifications. Therefore, it is necessary to look at the metabolic and immune alterations that occur at the 
metabolite and protein level, respectively.

To this end, we obtained plasma samples from late-stage metastatic breast cancer patients at baseline (prior to treatment) 
and at time of progression, we studied the role of these immune (Figure 2) and metabolic (Figure 3) changes in the circulating 
microenvironment, which encompasses the metabolites and immune factors available for sequestration by both the tumor and 
circulating immune cells, which would eventually be trafficked to the tumor. This study revealed increases in proinflammatory 
cytokines in all the three chemotherapy groups (Figure 2), including paclitaxel, capecitabine and eribulin at time of 
progression, as compared to baseline samples. Notably, in the paclitaxel group, increased IL-6 was observed, similar to 
previous studies.47 Additionally, previous studies have shown associations of IL-22 and paclitaxel resistance in triple negative 
breast cancer cells through activation of JAK-STAT3/MAPKs/AKT signaling pathways.48 Emergence of paclitaxel resistance 
was also associated with increases in VEGF49 and M-CSF,50 as well as EGF and IL-17F, which are involved in stimulating 
cellular proliferation. Progression on capecitabine was associated with increases in pro-inflammatory, immunosuppressive 
cytokines, such as, IL-22, IL-6 and IL-10. Coincidentally, progression on capecitabine was also accompanied by an increase in 
plasma amylin, which inhibits food intake, delays gastric emptying and decreases blood glucose levels, leading to reduction in 
body weight, and may be associated with cachexia, which often coincides with chemotherapeutic resistance.51 Interestingly, at 
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the time of disease progression on eribulin, upregulation of IL-18 was observed, which is known to promote Th1 cell 
activation and enhance the cytotoxic activity of CD8+ T cells and natural killer cells, and induces IFN-γ. The variable impacts 
of chemotherapy on circulating immune factors at time of progression, dependent upon the therapy in question, suggested 
alterations to the circulating metabolome may also be varied, dependent on the chemotherapy.

We observed that metabolite changes were observed at the time of progression, but also these changes were unique to 
the specific chemotherapy. For example, with paclitaxel resistance, we observed that coincident increases in pro- 
inflammatory cytokines were associated with decreases in plasma lipids, including fatty acids, phosphatidylcholines, 
and sphingomyelins. The role of de novo fatty acid synthesis activation in cancer is known, and recent reports have 
shown that tumors absorb fatty acids from the tumor microenvironment, suggesting that exogenous uptake of fatty acids 
could be as important as de novo synthesis, for tumor progression. Further, phosphatidylcholines, which were altered 
with chemotherapy at time of progression.52 Alterations to lipids like sphingomyelins, have been associated with immune 
evasion from host effector cells, allowing for tumor growth,53 which may explain the decrease in plasma sphingomyelin 
level at the time of disease progression. Conversely, at the time of disease progression on eribulin, there was an increase 
in docosahexaenoic acid (DHA) in circulation, which is also known as omega-3 polyunsaturated fatty acid, and has 
demonstrated pharmacological efficacy combatting malignancy,54 which may represent a compensatory biological 
mechanism for overcoming tumor proliferation, as it mediates induction of apoptosis. Each of the metabolic and immune 
changes present potential points of therapeutic leverage in the context of chemotherapy resistance, in a drug-specific 
manner. Drugs already exist for targeting several of these proposed pathways. For instance, Dimethylsphingosine (DMS), 
a methylated version of sphingosine, has been shown to promote apoptosis in cancer cells, and may present a novel 
therapeutic option at the time of paclitaxel resistance.

This pilot study attempts to study changes in the metabolites and correlate those with immune alterations in patients 
treated with 3 distinct and commonly used chemotherapeutic options for metastatic breast cancer. However, a major 
limitation for this study was the number of samples available with matched clinical data, as well as both baseline and 
time of progression samples. While this data is provocative and suggests there are alterations to both the immune and 
metabolic compartments, more in depth assessment of their molecular mechanisms at time of progression must be 
studied. Thus, there is a need for larger studies to establish these associations noted in our study. Further validation with 
animal models could be used to verify the results and investigate molecular mechanisms underlying these changes. 
Identification and integration of these interactions can provide valuable insights for the development of new therapeutic 
strategies and predictive markers of response to these chemotherapies.

Conclusion
To our knowledge, this is the first study that has examined the immune and metabolic interplay among metastatic breast 
cancer patients who developed resistance to eribulin, paclitaxel and capecitabine. Our study demonstrates that regulation 
of key metabolic and immune components is unique to different chemotherapy agents, at time of disease progression. 
Increases in IL-18; IL-22, amylin, and IL-6 were observed at the time of disease progression on eribulin, capecitabine 
and paclitaxel, respectively. Metabolically, increases in docosahexaenoic acid and decreases in sphingomyelins; increases 
in triacylglycerides and decreases in fatty acids, and decreases in glutamic acid, lipids and phosphatidylcholines were 
observed on disease progression on eribulin, capecitabine and paclitaxel, respectively. While we are highly encouraged 
by the results of this study, we are limited by our small study size, and the lack of tumor samples, where these immune 
and metabolic changes may be more informative. Therefore, these studies require follow-up with expansion of the 
number of patients in each group. Additionally, our study included both hormone receptor positive and triple negative 
metastatic breast cancer patients, and the mechanism of chemoresistance could vary by subtype. Therefore, future studies 
should incorporate larger patient sample subsets, with matched tumor, and plasma samples. These future studies should 
correlate these plasma samples with intratumoral changes, as a means of investigating the role of metabolic changes in 
the plasma, as early biomarkers of chemotherapy resistance, and novel pharmacological targets. Ultimately, this work can 
help guide personalized treatment options, upon emergence of chemotherapy resistance.
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