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Abstract
Checkpoint inhibitors (CPI) have significantly changed the therapeutic landscape of oncology. We adopted a non-invasive 
metabolomic approach to understand immunotherapy response and failure in 28 urological cancer patients. In total, 134 
metabolites were quantified in patient sera before the first, second, and third CPI doses. Modeling the association between 
metabolites and CPI response and patient characteristics revealed that one predictive metabolite class  (n = 9/10) were very 
long-chain fatty acid-containing lipids (VLCFA-containing lipids). The best predictive performance was achieved through 
a multivariate model, including age and a centroid of VLCFA-containing lipids prior to first immunotherapy (sensitivity: 
0.850, specificity: 0.825, ROC: 0.935). We hypothesize that the association of VLCFA-containing lipids with CPI response 
is based on enhanced peroxisome signaling in T cells, which results in a switch to fatty acid catabolism. Beyond use as a 
novel predictive non-invasive biomarker, we envision that nutritional supplementation with VLCFA-containing lipids might 
serve as an immuno sensitizer.
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Introduction

Metabolomics aims to characterize and quantify metabo-
lites in organic liquids or tissues. The metabolome is influ-
enced by genetics and environmental factors such as exer-
cise, smoking, or nutrition [1]. There is increasing interest 
in the use of comparative metabolomic profiling in cancer 
research. Most published genomic and transcriptomic land-
scapes do not adequately explain disease phenotypes or pre-
dict therapy responses. The emerging hallmarks of cancer 
metabolism include dysregulation of glucose and amino acid 
uptake, opportunistic uptake of metabolites from the micro-
environment, biosynthesis and NADPH production through 
glycolysis and the citrate acid cycle, an increased need for 
nitrogen, and gene dysregulation caused by metabolites and 
other interactions with the microenvironment [2]. In fact, the 
fluorodeoxyglucose positron emission tomography (FDG-
PET) technique uses this characteristic of altered glucose 
metabolism to routinely detect tumor tissues [3]. Metabo-
lomic signatures from serum or urine samples have been 
identified as prognostic markers for various tumor entities 
and as markers for early disease detection; however, they are 
still not part of routine clinical practice [4–7].

The most common technologies used to measure metab-
olites are mass spectroscopy (MS), enzyme-linked immu-
nosorbent assay (ELISA), and nuclear magnetic resonance 
(NMR) spectroscopy. Throughput, sensitivity, depth of 
coverage, and cost vary significantly depending on which 
method is used. Untargeted metabolomics describes the 
analysis of all measurable analytes in a given sample, while 
targeted metabolomics involves target-oriented identifica-
tion and absolute qualification of known metabolites. The 
metabolite portfolio encompasses the following: amino 
acids; vitamins; bile acids; short-chain, medium-chain, 
and long-chain fatty acids (FA); and lipids such as (acyl-) 
carnitines, glycerophospholipids (GPL), sphingolipids, or 
lipid precursors. Long-chain fatty acids (LCFA) consist of 
a carboxylic acid with an aliphatic chain of 14–21 carbons, 
while the tail of very long-chain fatty acids (VLCFA) has 
at least 22 carbons. It has been reported that VLCFA and 
LCFA induce necroptosis and inflammatory signals through 
a variety of mechanisms [8, 9]. VLCFA, unlike LCFA, are 
metabolized in peroxisomes, rather than in the mitochondria. 

In the peroxisomes, they activate peroxisome proliferation-
activated receptor α (PPARα) signaling, and thus control 
pivotal genes involved in lipid metabolism [10].

Despite tumor metabolism being a promising area of 
research, immunometabolism, which is the interaction 
between the immune system and metabolism, has received 
special research focus in the age of cancer immunotherapy 
[11]. Deviant metabolites of tumor cells affect their micro-
environment. For example, the activity and function of T 
cells are influenced by restriction of glucose availability or 
excessive lactate excretion by tumor cells [12, 13].

In recent years, checkpoint inhibitors (CPI) have been 
added to the treatment armamentarium for metastatic renal 
cell carcinoma (RCC) and urothelial cancer (UC). In UC, 
the use of CPI for first-line treatment is restricted to pro-
grammed cell death ligand 1 (PD-L1) positive tumors. The 
combination of nivolumab and ipilimumab as first-line treat-
ment for intermediate and high-risk RCC was FDA-approved 
in June 2018 and EMA-approved in February 2019 follow-
ing the results of the KEYNOTE-052 trial [14]. Anti-PD1 
(programmed cell death protein 1) and anti-PD-L1 antibod-
ies can be applied as second-line agents independent of RCC 
risk profile and UC PD-L1 status.

Positive PD-L1 expression [15], tumor mutational burden 
(TMB) [16], microsatellite status, and tumor infiltrating lym-
phocytes (TILs) [17] are candidates for response prediction 
to CPI treatment. The predictive power of these markers; 
however, varies greatly between studies and cancer types. 
Differing methodologies and reagents used for biomarker 
testing also add to the confusion.

There is emerging data that metabolomic profiles might 
predict the response to treatment with checkpoint inhibitors. 
In patients with melanoma and RCC treated with nivolumab, 
levels of kynurenine and adenosine differed significantly 
between responders to CPI and non-responders [18, 19]. We 
aimed to determine whether metabolites are predictive of 
treatment response in patients with UC or RCC undergoing 
CPI treatment.

Materials and methods

Study sample

Consent to biobank blood samples from patients with meta-
static RCC or UC who underwent CPI treatment at Hei-
delberg University Hospital was obtained starting from 
24.02.2016. Paired serum samples were collected prior to 
the first (28 patients), second (18 patients), and third doses 
(16 patients) of CPI treatment. These were then aliquoted 
and stored at − 80 °C until used. Medical records for all 
patients were accessed through electronic patient charts. 
Clinical data were prospectively collected from the date of 
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patient consent. Clinical parameters assessed included his-
topathologic diagnosis, tumor stage and grading, location 
of metastases, type and duration of and response to prior 
treatment, type and duration of CPI treatment, first and best 
response to CPI treatment, and side effects of CPI treatment. 
Overall survival (OS) was calculated from the date of the 
first CPI dose to the date of death or last follow up (last 
assessed on 13.02.2019). Duration of CPI treatment was 
included as a secondary endpoint. Responders to CPI treat-
ment were defined as those who achieved complete remis-
sion (CR), partial (PR) remission, or stable (SD) disease. 
Patients with progressive disease (PD) were defined as non-
responders to CPI. Response was evaluated using RECIST 
1.1 criteria.

Metabolomic analysis and data preprocessing

Mass spectrometric metabolite quantification was performed 
at BIOCRATES Life Sciences AG, Innsbruck, Austria. All 
serum samples were analyzed using the AbsoluteIDQ® p180 
kit (BIOCRATES Life Sciences AG, Innsbruck, Austria), 
which enables the absolute quantification of 188 metabo-
lites using internal standards. Sample analysis was per-
formed using MS technology (liquid chromatography MS 
for analysis of amino acids and biogenic amines, and flow 
injection analysis MS for analysis of lipids, acylcarnitines, 
and hexose) as previously described [20]. The limit of detec-
tion (LOD) was set to three times the median signal detected 
in the zero control samples as previously described [21]. 
Metabolites were excluded when measurements were below 
20% of the LOD. The total number of metabolites available 
following data cleaning was 134 (9 acylcarnitines, 21 amino 
acids, 10 biogenic amines, 1 hexose, 14 saturated GPLs, 
14 sphingolipids, 65 unsaturated GPLs). To calculate the 
fraction of lipid isomers containing VLCFAs, we used the 
annotation of potential isobaric and isomeric lipid species 
measured with the AbsoluteIDQ® p180 kit provided by 
BIOCRATES Life Science AG. Measurements were log2-
transformed prior to statistical analyses.

Transcriptome and survival analysis in TCGA data

Gene-level RNA-sequencing count data for the six acyl-CoA 
synthetases that metabolize VLCFAs (SLC27A1-6) were 
downloaded from The Cancer Genome Atlas (TCGA) for 
RCC (n = 587) and UC (n = 427) via the curatedTCGAData 
R package [22]. Updated clinical data were obtained from 
the Supplemental Table S1 of a recently published pan-can-
cer TCGA manuscript [23]. For Kaplan–Meier curves, loga-
rithmic count data were dichotomized into a high-expression 
and low-expression groups according to the count value cut-
off within the interquartile range with the lowest p value in 
a cox-proportional hazard model.

Statistical analyses

All statistical analyses were conducted using R software (R 
version 3.4.2; www.r-proje​ct.org). Data were stored within a 
‘SummarizedExperiment’ class object enabling coordinated 
representation of the metabolomic data and associated meta-
data. Heatmaps were produced using the ComplexHeatmap 
package, and boxplots and scatter plots were generated 
using the ggplot2 package. T-distributed stochastic neigh-
bor embedding (tSNE) was performed using the Rtsne R 
package. Multivariate linear mixed effects modeling was 
employed to determine metabolites associated with therapy 
response. Linear mixed effects models (LMMs) also include 
random effects (between patient variation), in addition to 
fixed effects (therapy response and patient age). The nlme 
package offers the functionality of LMMs within R [24]. 
We compared the predictive performance of patient age and 
median concentration (i.e., the centroids) of the VLCFA-
containing lipids belonging to cluster 1 and cluster 2 (com-
pare Fig. 3c) in univariate and multivariate models. We 
applied tenfold cross validation to each model, repeated ten 
times, to compensate for overfitting. In addition, we used a 
linear (logistic regression) and a non-linear (support vector 
machine [SVM]) approach. The predictive modeling was 
performed with the caret R package. All presented p val-
ues are not adjusted for multiplicity. A p value of < 0.05 
was considered statistically significant. Original data and 
material are available upon request from the corresponding 
author.

Results

Study design and patient cohort

Serum samples were collected from tumor patients before 
the first, second, and third doses of an immune checkpoint 
inhibitor (time points T1, T2, T3; Fig. 1a). A total of 134 
metabolites were quantified (Fig. 1b). The study cohort 
included 28 patients (Supplementary Table 1); 25 (89.3%) 
had RCC with predominant clear cell characteristics, two 
(7.1%) had UC, and one patient (3.6%) was diagnosed with 
both UC and clear cell RCC. All patients received treatment 
with nivolumab, except one RCC patient treated with ate-
zolizumab and bevacizumab. The median age of the cohort 
was 64 years (range 41–79 years); 23 patients were male 
(82.1%) and five were female (17.9%). Individual clinico-
pathological characteristics are summarized in Supplemen-
tary Table 2. The number of treatment lines was balanced 
between responders and non-responders. Five patients in the 
responders group received nivolumab as fourth-line or fifth-
line treatment.

http://www.r-project.org
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The best response to treatment was PR in four patients 
(14.3%), SD in eight patients (28.6%), and PD in 15 
patients (53.6%). No CR was observed. The overall 
survival from CPI initiation was significantly higher in 
CPI responders compared to non-responders (Fig. 1c, 
p = 0.014, HR = 0.11 [95% CI 0.01–0.88]). The duration 
of CPI treatment was also longer in CPI responders com-
pared to non-responders (Fig. 1d, p = 2 × 10−4, HR = 0.09 
[95% CI 0.02–0.42]).

Unsupervised analysis of serum metabolomes

We first visualized the metabolome-wide variance in the 
dataset by means of t-distributed stochastic neighbor embed-
ding (tSNE). The tSNE plot revealed greater variance in 
metabolomic measurements between patients than within 
the same patient over time (Fig. 2a). The 134 metabolites 
analyzed were assigned to one of seven metabolite classes 
(hexoses, amino acids, sphingolipids, unsaturated GPLs, 

a b

c d

Fig. 1   Graphical abstract of study design and survival analysis in 
study cohort. a Serum was collected from patients with tumors before 
the first, second, and third doses of immune checkpoint inhibitor 
therapy. b A total of 134 metabolites was quantified using the Abso-

luteIDQ® p180 kit (BIOCRATES Life Sciences AG, Innsbruck, Aus-
tria). c Kaplan–Meier curve of overall survival since CPI initiation 
stratified by the best response to CPI. d Kaplan–Meier curve of dura-
tion of CPI treatment stratified by the best response to CPI
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saturated GPLs, biogenic amines, and acylcarnitines). The 
average concentration calculated for these classes showed 
that the pool of metabolites remained constant over the three 
measured time points (Fig. 2b).

Metabolites associated with response 
to immunotherapy

Known prognostic factors were considered in our patient 
cohort before comparing the metabolomes of immunother-
apy responders and non-responders. In line with published 
studies [25], responders to immunotherapy were signifi-
cantly younger than non-responders in our study (Fig. 2c). 
Hence, we applied a multivariate modeling approach which 
revealed differentially abundant metabolites in the response 
groups independent of patient age. The heatmap in Fig. 2d 
illustrates the number of metabolites significantly associated 
with response and patient age stratified for the three different 
time points. The highest number of metabolites associated 

with response was identified before the first immunotherapy 
dose (time point T1).

Very long‑chain fatty acid‑containing lipids are 
predictive of immunotherapy response

The vast majority of metabolites (9/10) associated with 
response to immunotherapy at T1 were very long-chain fatty 
acid-containing lipids (VLCFA-containing lipids; Table 1). 
This observation was highlighted when plotting the frac-
tion of potential isomers containing VLCFAs for every lipid 
over the response p value (Fig. 3a). We also observed that 
their predictive performance continuously decreased from 
T1 to T3 (Fig. 3b). To corroborate the role of VLCFAs, we 
compared the fraction of potential VLCFA-containing lipids 
with the length of the two fatty acids of all unsaturated GPLs 
(uGPLs). This yielded a strong correlation (Supplementary 
Fig. 1, r = 0.90). uGPLs were used for this comparison, 
as they were the largest group of lipids in the dataset (65 
metabolites). uGPLs with VLCFAs showed more correlation 
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Fig. 2   Unsupervised and supervised comparative analyses of metabo-
lomes. a tSNE plot comparing the metabolome of all patients at the 
three different time points. b Distribution of measured concentra-
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c Boxplot of patient age stratified by immunotherapy response 
(p = 0.013). d Summary heatmaps illustrating the number of signifi-
cant metabolites associated with response and age stratified by metab-
olite class (p < 0.05)
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between each other than with uGPLs containing medium-
chain or short-chain fatty acids (Supplementary Fig. 2). 
The nine predictive VLCFA-containing lipids revealed two 
distinct anti-correlated clusters (Fig. 3c). The first cluster 
comprised three sphingomyelins (SM) and the second clus-
ter included six phosphatidylcholines (PC). 

Predictive modeling of therapy response

Due to the lack of an independent validation cohort, we per-
formed rigorous predictive modeling in our patient cohort to 
estimate the predictive performance of the VLFCA-contain-
ing lipids. We applied tenfold cross validation to each model, 
which was repeated ten times, to compensate for overfit-
ting. In addition, we used a linear (logistic regression) and 
a non-linear (support vector machine; svm) approach. The 
best performance was achieved by the multivariate logistic 
regression model which included age and centroid 2, cor-
responding to the median concentration of the six phos-
phatidylcholines presented in cluster 2 of Fig. 3c (sensitiv-
ity: 0.850, specificity: 0.825, ROC: 0.935; Fig. 3d, Suppl. 
Table 3).

Prognostic activation of very long‑chain acyl‑CoA 
synthetase SLC27A2 in urological tumor tissues

Based on the predictive performance of VLCFA in patient 
sera, we questioned their role in the metabolism of urologi-
cal tumor tissues. Due to the lack of metabolic measure-
ments in tissue samples, we investigated the expression of 
VLCFA metabolism-related genes in clear cell RCC and 
bladder UC of The Cancer Genome Atlas (TCGA). VLCFAs 
are metabolized in the peroxisomes, where they support fatty 
acid catabolism (Fig. 4a). Before VLCFAs can be degraded 

via the chain-shortening peroxisomal β-oxidation, they must 
be activated by acyl-CoA synthetases (ACS) (Fig. 4b). The 
human genome encodes six ACS family genes that metabo-
lize VLCFAs and are designated SLC27A1-6. Compara-
tive transcriptomics revealed a significant prognostic value 
for the expression of SLC27A2 in both the TCGA RCC 
(p < 0.0001, Fig. 4c) and UC cohort (p = 0.00021, Fig. 4d).

Discussion

The field of immunooncology offers a fascinating new per-
spective for the treatment of cancer. The immune system 
is, however, extremely complex and tightly regulated and 
predictive biomarkers for CPI response are currently one of 
the most investigated areas of research. The expression of 
PD-L1, the target of PD-L1/PD1-directed therapies, appears 
to be of limited predictive value especially in genitourinary 
tumors. While response rates are higher in PD-L1 posi-
tive tumors, PD-L1 negative tumors also respond to these 
therapies, albeit at lower rates. TMB has been proposed as 
another potential biomarker as it may be a surrogate for neo-
antigen expression-driven immunogenicity; however, data 
on this remain inconclusive. A correlation between response 
and tumors high in TMB has been described for urothelial 
cancer [14], but not renal cell cancer [26].

We adopted a longitudinal non-invasive metabolomic 
approach to reveal new insights regarding the mechanisms 
for immunotherapy response as well as to develop meaning-
ful predictive biomarkers. Interestingly, almost all predictive 
metabolites (n = 9/10) were VLCFA-containing lipids. While 
our study was purely observational, we hypothesize that the 
association between VLCFAs and successful immune check-
point inhibition is based on the impact of T cell metabolism. 

Table 1   Metabolites associated 
with immunotherapy response 
independent of patient age 
(p < 0.05)

∑ FA chain length = sum of fatty acid chain length; isomers ≥ 22C = fraction of potential isomeric lipids 
containing at least one fatty acid with a chain length greater than or equal to 22
sGPL saturated glycerophospholipid, uGPL unsaturated glycerophospholipid, PC phosphatidylcholine, SM 
sphingomyelin
a PC aa C38:0 has two potential isomers with unsaturated fatty acids

Metabolite Class log2 (fold-change) p value ∑ FA chain 
length

Isomers ≥ 22C

PC aa C38:0a sGPL 0.488128877 0.027 38 7/12
PC aa C42:0 sGPL 0.566755571 0.031 42 3/4
PC aa C42:2 uGPL 0.437668994 0.013 42 6/6
PC ae C40:6 uGPL 0.420863679 0.047 40 4/6
PC ae C42:3 uGPL 0.615033724 0.005 42 6/8
PC ae C44:6 uGPL 0.512514563 0.024 44 2/2
SM (OH) C22:1 Sphingolipid 0.444489484 0.047 22 4/4
SM C24:1 Sphingolipid 0.461333761 0.025 24 2/2
SM C26:1 Sphingolipid 0.517973234 0.029 26 1/1
SM C20:2 Sphingolipid 0.4872320 0.039 20 0/2
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Interestingly, this appears to be an early requirement for ini-
tiation of the immune response, as only baseline levels (prior 
to starting immunotherapy) were important in response 
prediction.

An alteration in lipid composition (e.g. long-chain and 
very long-chain FA levels) and saturation in tumor tissues 
compared to healthy tissue or serum has been described 
[27–29]. Some of these lipids may be biomarkers for cancer 
risk or development. Since many lipids play a significant 
role in cancer progression, they are also potential targets 
for therapeutic intervention. Whether the lipid profiles we 
measured in this study are directly related to a specific tumor 

microenvironment (i.e. immuno-permissive vs. immunosup-
pressive) requires further examination.

Metabolic challenges in the tumor microenvironment, 
including hypoglycemia and hypoxia, might lead to exhaus-
tion of tumor infiltrating T lymphocytes (TILs). It has been 
demonstrated that TILs can overcome these constraints by 
PPARα signaling, which reprograms the metabolic pheno-
type of TILs to fatty acid catabolism [30]. The authors fur-
ther demonstrated that PPARα agonists restore the antitumor 
effects of TILs in a melanoma model. We propose a similar 
mechanism for the protection of lymphocytes in the blood 
of tumor patients (Fig. 4a). Myeloid-derived suppressor 
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cells [31] and anti-inflammatory type II macrophages [32, 
33] within the tumor microenvironment are fueled by the 
ß-oxidation of lipids, rather than glycolysis. Hence, patients 
with lower serum VLCFA levels may harbor tumors with a 
high-VLCFA consumption rate, which reflects their highly 
immunosuppressive tumor microenvironment (TME). Fur-
ther studies should examine the metabolome within the 
tumor as well as the phenotypic characterization of immune 
cells invading the tumor and the expression of checkpoint 
inhibitors, e.g. PD-L1, within the TME.

We investigated the expression of the six acyl-CoA syn-
thetases that metabolize VLCFAs (SLC27A2), as a first 
attempt to understand the impact of a high abundance of 
VLCFA within the tumor microenvironment. Intriguingly, 
high expression of SLC27A2 synthetases was of high prog-
nostic value in both the TCGA RCC and UC cohorts. How-
ever, further validation is needed with regards to relating 
mRNA expression values of enzymes to metabolite pools.

The best predictive result in the present study was 
achieved by combining patient age and a centroid of 
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Fig. 4   Proposed mechanism of VLCFA-driven metabolic reprogram-
ming of tumor infiltrating lymphocytes and degradation through 
SLC27A2. a Model: tumor-infiltrating lymphocytes were shown to 
be metabolically reprogrammed by peroxisome-mediated metabo-
lism of VLCFAs inducing fatty acid oxidation (FAO). In contrast, T 
cells supplied with glucose (Glc) mainly perform glycolysis [30]. b. 
Activation and degradation of VLCFAs in the peroxisome. VLCFAs 

are activated by acyl-CoA synthetase SLC27A2 through thioesterifi-
cation. Degradation of VLCFAs occurs via the chain-shortening per-
oxisomal β-oxidation pathway. c Kaplan–Meier curve of overall sur-
vival in clear cell renal cell carcinomas (RCC) stratified by SLC27A2 
expression. d Kaplan–Meier curve of overall survival in bladder 
urothelial carcinoma (UC) stratified by SLC27A2 expression
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VLCFA-containing lipids prior to the first immunotherapy 
dose (sensitivity: 0.850, specificity: 0.825, ROC: 0.935). 
Despite a low number of patients, we employed statistical 
techniques (repeated tenfold cross validation) to avoid over-
fitting in our cohort.

Further prospective studies using a larger patient cohort 
are warranted to confirm these findings. In light of our 
results, we envision that nutritionally supplementing patients 
with low VLCFA serum levels with VLCFA-containing 
lipids before starting immunotherapy might help to meta-
bolically reprogram TILs. Prospective studies should inves-
tigate if this interesting approach can help to convert immu-
notherapy non-responders into responders.
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