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Abstract
Summary

The tumor microenvironment is a determinant of cancer progression and therapeutic
efficacy, with nutrient availability playing an important role. Although it is established that
the local abundance of specific nutrients defines the metabolic parameters for tumor growth,
the factors guiding nutrient availability in tumor compared to normal tissue and blood
remain poorly understood. To define these factors in renal cell carcinoma (RCC), we
performed quantitative metabolomic and comprehensive lipidomic analyses of tumor
interstitial fluid (TIF), adjacent normal kidney interstitial fluid (KIF), and plasma samples
collected from patients. TIF nutrient composition closely resembles KIF, suggesting that
tissue-specific factors unrelated to the presence of cancer exert a stronger influence on
nutrient levels than tumor-driven alterations. Notably, select metabolite changes consistent
with known features of RCC metabolism are found in RCC TIF, while glucose levels in TIF are
not depleted to levels that are lower than those found in KIF. These findings inform tissue
nutrient dynamics in RCC, highlighting a dominant role of non-cancer driven tissue factors in
shaping nutrient availability in these tumors.
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eLife assessment

This study provides an important finding that the local abundance of metabolites
impacts the biology of the tumor microenvironment by utilizing kidney tumors from
patients and adjacent normal tissues. The evidence supporting the claims of the
authors is convincing although certain caveats need to be taken into consideration
as the authors acknowledged in the paper. The work will be of interest to the
research community working on metabolism and on kidney cancer especially.

Introduction

Nutrient availability within the tumor microenvironment (TME) can influence cancer progression,
therapeutic response, and metastasis1     –12     . How metabolite availability is regulated in the TME
has been a topic of extensive research13     –17     ; however, a comprehensive analysis of what
nutrients are found in cancer tissue interstitial fluid, and how this deviates from nutrients
available in the corresponding normal tissue, has not been conducted. Thus, whether global tumor
nutrient availability is actively modified by tumor cells, the accompanying immune, endothelial,
and stromal cells, or predominantly influenced by the conditions of the originating resident tissue,
is not known. Better understanding the determinants of nutrient availability in the TME will
inform efforts to understand preferences for specific cancers to develop in specific
tissues11     ,18     ,19     , and could enable better matching of patients with cancer therapies whose
efficacy is influenced by what nutrients are present in tumor tissue1     –5     ,12     .

Surgical management of human renal cell carcinoma (RCC) allows for the simultaneous sampling
of tumor interstitial fluid, adjacent healthy kidney tissue interstitial fluid, and plasma collected
from patients undergoing nephrectomy. This afforded the opportunity to assess metabolites across
these different samples and assess how nutrients found in tumor tissue relate to those found in
corresponding normal tissue and blood. Notably, a number of distinct types of primary renal
cancers, driven by a diverse set of genetic programs, arise from the kidney20     ,21     . This study
was unselected with regard to tumor histology, although the diversity of tumors offered a further
opportunity to examine the range of nutrient variation across kidney tumors versus normal tissue,
as well as among tumors with a variety of histologies. Supported by mass spectrometry-based
quantification of polar metabolites and lipids in normal and cancerous tissue interstitial fluid and
plasma, we find that nutrient availability in tumor interstitial fluid (TIF) closely mirrors that of
interstitial fluid in adjacent normal kidney tissue (kidney interstitial fluid, KIF), but that nutrients
found in both interstitial fluid compartments differ from those found in plasma. This analysis
suggests that the nutrients in kidney tissue differs from those found in blood, and that nutrients
found in kidney tumors are largely dictated by factors shared with normal kidney tissue. We
additionally present metabolites measured in these conditions as a resource to support further
study and modeling of the local environment of RCC and normal kidney physiology.

Results and discussion

We isolated interstitial fluid from RCC tumors (TIF) and from adjacent non-tumor bearing kidney
tissue (KIF), then performed quantitative polar metabolomics (n = 104 metabolites) and lipidomics
(n = 210 metabolites) of these fluids alongside plasma collected from patients with kidney cancer
at the time of nephrectomy (Figure 1A     ; Table S1). Principle component analysis (PCA) of polar
and lipid metabolite levels measured in these samples revealed some differences between TIF and
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KIF, but these tissue analytes principally clustered distinctly from plasma (Figure 1B-C     ),
highlighting that the nutrients found in circulation differ extensively from those found in tissue
interstitial fluid. In particular, lipid features were tightly concordant between KIF and TIF, in
contrast to plasma where lipid components have widespread variation.

We also performed PCA of polar and lipid metabolite levels measured in material derived from the
subset of patients with clear cell RCC (ccRCC), as this is the most common subtype of RCC21     ,22     

and represented the largest fraction of the patient samples available for analysis. We found
similar clustering patterns for ccRCC metabolite levels (Figure 1-Supplement 1A-B) as those
found when we analyzed the data collected from all patient-derived material. Further analysis by
t– and chi-squared tests revealed that levels of most polar metabolites do not significantly differ
between TIF and KIF (Figure 1D     , Figure 1-Supplement 1C). These same analyses revealed a
difference in the number of statistically-different metabolites when comparing TIF and KIF lipid
composition, but these differences were fewer than when comparing the lipid composition of
either TIF or KIF compartments to plasma (Figure 1E     , Figure 1-Supplement 1D). Taken
together, these data suggest that metabolites found in TIF and KIF are largely similar based on
these measurable analytes, although there are individual polar and lipid metabolites that differ
between TIF and KIF (Figure 2A-B     ). These data support the notion that the human RCC tumor
nutrient environment is primarily driven by factors shared with kidney tissue, rather than being
extensively modified by cancer cells or other factors unique to the tumor.

Focusing on differences between TIF and KIF using data derived from the entire patient dataset,
we found several metabolites to be elevated in TIF compared to KIF that agree with known
metabolic characteristics of RCC. These include increased levels of 2-hydroxyglutarate23     ,24     ,
kynurenine25     –27     , and glutathione25     ,28      (Figure 2C     ), all consistent with prior reports and
known biology of RCC. Of note, we observed depletion of glucose and elevation of lactate in TIF
compared to plasma, again consistent with known increases in glucose fermentation to lactate in
this tumor type29     –33      (Figure 2D     ). However, the levels of glucose and lactate measured in
TIF were similar to those measured in KIF, arguing that glucose was not further depleted in TIF
compared to KIF (Figure 2D     ). These data challenge the notion that cells in the TME are
necessarily glucose-starved34     –38     , as the average glucose concentration is near or above the
threshold identified as limiting for proliferation in a range of cancer cell lines39     . It is important
to note that the levels of glucose measured in bulk TIF may not reflect local depletion in
subregions of the tumor. Regardless, these findings fit with other data from RCC, as well as from
other tumor types, demonstrating that while glucose availability is reduced in the TME relative to
blood, it is not completely depleted14     ,17     ,40     . This finding is somewhat unexpected, given that
VHL loss in ccRCC leads to increased HIF1□-driven expression of glucose transporters and
glycolytic enzymes20     ,25     ,28     ,41     –43     , but exchange of glucose between blood and interstitial
fluid may be sufficient to prevent glucose depletion to levels that are less than those found in
normal kidney tissue. Of note, these data do not necessarily argue glucose metabolism in tumors,
or in malignant cancer cells within the tumor, is similar to that of normal tissue, only that
availability of glucose across the regions of tissue sampled is similar. Indeed, evidence for
increased glucose metabolism in some forms of human RCC is evident from FDG-PET
scans17     ,44     –46     ; however, FDG-glucose uptake is variable in the more common ccRCC and can
display regional variation47     . In vivo tracing studies of isotope-labeled glucose have
demonstrated distinct metabolic fluxes in ccRCC tumors compared to matched adjacent kidney
tissue at the time of surgery32     . Lastly, these data are notable with respect to the finding that
ccRCC silences the key gluconeogenic enzyme fructose-1,6-bisphosphatase 148, as it suggests that
loss of gluconeogenesis in cancer cells has minimal effect on local glucose availability.

Recent studies have found that arginine is depleted to very low levels in murine pancreatic cancer
TIF14     ,49     ,50     , a phenomenon facilitated by myeloid-derived arginase activity49     . Of note,
arginine is not significantly depleted in KIF or TIF from RCC patients compared to plasma,
although levels of related urea cycle metabolites are reduced in TIF and KIF compared to plasma
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Figure 1.

Levels of metabolites in RCC tumor interstitial fluid are
similar to those found in normal kidney interstitial fluid.

(A) Schematic depicting study design whereby samples collected from patients with renal cell carcinoma (RCC) undergoing
nephrectomy were used to derive tumor interstitial fluid (TIF), kidney IF (KIF), and plasma. Samples were then subjected to
polar metabolomics and lipidomics analyses. See Table S1 for patient information, and Table S2 for metabolite
concentrations. (B) Principal component analysis of polar metabolites measured from the indicated RCC patient samples (n =
55 patients). For each sample, absolute levels of 98 polar metabolites were quantified by LC/MS. Data represent 55 TIF, 46 KIF,
and 27 plasma samples. The 95% confidence interval is displayed. (C) Principal component analysis of lipid species measured
from the indicated RCC patient samples (n = 38 patients). For each sample, relative levels of 195 lipids were assessed by
LC/MS. Data represent 34 TIF, 25 KIF, and 18 plasma samples. The 95% confidence interval is displayed. (D) T-test analysis of
polar metabolites (n = 98) that do or do not significantly differ in concentration between each site from all RCC patient
samples (n = 55 patients). Cutoffs of | log2 fold change | > 1 and adjusted p-value (FDR-corrected) < 0.05 were used to
determine significant metabolites. p-values in the plot are derived from chi-squared statistical analysis. (E) T-test analysis of
lipids (n = 195) that do or do not significantly differ in concentration between each site from all RCC patient samples (n = 38
patients). Cutoffs of | log2 fold change | > 1 and adjusted p-value (FDR-corrected) < 0.05 were used to determine significant
metabolites. p-values in the plot are derived from chi-squared statistical analysis.
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Figure 2.

Assessment of metabolites that differ between RCC
interstitial fluid and normal kidney interstitial fluid.

(A-B) Volcano plots depicting the log2 fold change in polar metabolite concentration. (A) or relative lipid levels (B) between
TIF and KIF from RCC patients (n = 55 patients in [A], n = 38 patients in [B]). Cutoffs of | log2 fold change | > 1 and adjusted p-
value (FDR-corrected) < 0.05 were used to select significantly altered metabolites. Metabolites or lipids highlighted in red and
blue are significantly higher and lower in TIF compared to KIF, respectively. Full names of selected lipids: PC(O-34:2), PC(P-
34:1)/PC(O-34:2); PC(O-40:7), PC(P-40:6)/PC(O-40:7); LPC(O-18:1), LPC(P-18:0)/LPC(O-18:1); PC(O-34:1), PC(P-34:0)/PC(O-34:1);
PC(O-34:4), PC(P-34:3)/PC(O-34:4); PC(O-36:1), PC(P-36:0)/PC(O-36:1). (C-E) Levels of selected metabolites measured by
LC/MS in plasma, TIF, and KIF from matched RCC patients (n = 10 patients). Each point represents a value measured from one
patient, and the red line represents the mean across all patients considered. p-values were derived from either mixed-effects
analysis (kynurenine, glutathione, glucose) or repeated measures one-way ANOVA (2-hydroxyglutarate, lactate, arginine,
citrulline, ornithine), depending on whether missing values were present, and were Tukey multiple comparisons corrected
(ns, not significant; * p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001). (F) Normalized peak area values of cholesterol
measured by LC/MS in plasma, TIF, and KIF from matched RCC patients (n = 6 patients). Each point represents a sample, and
the red line represents the mean across all patients considered. p-values were derived from repeated measures one-way
ANOVA with Tukey multiple comparisons correction (ns, not significant; ****p < 0.0001). (G-H) Relative abundance of
cholesterol (G) or cholesteryl esters (H) in TIF compared to KIF from matched RCC patients (n = 20 patients). The mean is
presented ± SEM, and the black dotted line indicates a ratio of 1, representing no difference in lipid levels between TIF and
KIF. p-values were derived from a one sample t-test compared to 1 (*p < 0.05).
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(Figure 2E     ). These findings suggest that myeloid cell infiltrates in RCC are not sufficient to lower
arginine levels, and this observation may reflect the responsiveness of RCC to T-cell immune
checkpoint blockade therapy51     . These data are also notable with respect to the observation that
primary RCC tumors commonly downregulate ASS1 expression and urea cycle activity52     –55     ,
implying that the amount of arginine in KIF or TIF is sufficient to support cancer cell proliferation
without the requirement for de novo arginine synthesis involving ASS1 upregulation. To this
point, a recent study found that metastatic kidney cells in the lung upregulated ASS1 expression
due to the lower availability of arginine in the lung compared to the kidney56     .

Given that distinctive lipid metabolism alterations are known to be associated with RCC57     –61     ,
we probed our lipidomics dataset to investigate changes in lipid composition within RCC TIF
compared to KIF and plasma. We found cholesterol levels in both TIF and KIF were notably lower
when compared to plasma (Figure 2F     ), aligning with prior studies observing a roughly 5-fold
depletion of VLDL, LDL, and HDL cholesterol in tissue interstitial fluid versus plasma62     –64     .
Although cholesterol levels were dramatically lower compared to plasma, we did detect a roughly
3-fold elevation in cholesterol and cholesteryl esters in TIF compared to KIF (Figure 2G-H     ),
which is intriguing given work showing ccRCC suppresses de novo cholesterol biosynthesis leading
to a dependence on exogenous cholesterol import to meet metabolic demands60     . These findings
may argue that alterations in local lipid metabolism may be a feature of RCC to supply cancer cells
with elevated cholesterol in the TME and raises questions about the dynamic regulation of
cholesterol metabolism involving non-cancer cells in these tumors.

Lastly, we examined the composition of plasma from the RCC patients undergoing nephrectomy,
and compared the polar metabolite levels to polar metabolite levels in plasma collected from
healthy adult donors, and to polar metabolites levels in plasma from non-small cell lung cancer
(NSCLC) patients (Figure 2-Supplement 1A-B). Among the metabolites analyzed, intermediates in
nucleotide metabolism stood out as being different between samples. Cystine concentration was
also noted to be approximately two-fold higher in plasma from patients with RCC compared to
levels in plasma from healthy individuals based on the measurements here and available data
from the Human Metabolome Database (HMDB) (Figure 2-Supplement 1C). This finding
demonstrates that there are influences from the tumor on the composition of nutrients in the
circulating plasma. Although the RCC patients were thought to have localized disease, whether this
influence is due to metabolic demands or contributions within the tumor microenvironment from
circulating tumor cells, or as a consequence of undiagnosed metastasis, cannot be determined. The
cystine finding was specifically notable because cystine levels have been demonstrated to
influence sensitivity to glutaminase inhibitors2     , and RCC was a tumor type that showed early
responses in glutaminase inhibitor clinical trials65     . The concentration of cystine in RCC plasma
was comparable to that of NSCLC plasma, which suggests this may be a more common feature of
tumor physiology than previously appreciated.

Since the plasma samples collected from both the RCC and NSCLC patients were collected
following an overnight fast prior to surgery, whereas the healthy donor samples were collected
from nonfasted donors, we considered the possibility that the fasting status of patients during the
collection process may impact the concentration of circulating cystine. To explore this further, we
collected fed and fasted plasma from a healthy donor, and found a 1.6-fold increase in circulating
cystine in the fasted state compared to the fed state (Figure 2-Supplement 1D). This observation
offers a plausible explanation for at least a component of the higher cystine concentration in RCC
or NSCLC plasma, but a larger trial, including plasma from non-fasted cancer patients, would be
needed to verify whether cystine levels are affected by fasting status. Moreover, the observed rise
in cystine concentration due to fasting raises an intriguing possibility that therapies influenced by
nutrient levels, such as glutaminase inhibitors2     , may also be influenced in part by a patient’s
diet or fed/fasted states throughout the day66     ,67     , which could have effects on therapeutic
efficacy. Nevertheless, while considering the influence of fasting status on metabolite availability
is important, other differences in plasma metabolite levels were unique to either RCC or NSCLC
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that cannot be explained by blood being collected in a fed or fasted state, such as the buildup of
glutathione or uric acid in RCC compared to NSCLC plasma. Whether these other metabolite
changes in blood have any biological or clinical significance will require further study.

Assessment of nutrient availability in other tumor types and tissues is needed to determine
whether the similarity between nutrient availability in RCC and normal kidney tissue is a general
feature of cancers, and examination of metastatic tumors compared to local tissue is also needed.
Nevertheless, it is provocative to consider that general tissue homeostatic nutrient maintenance
mechanisms are preserved in tumors, and that cancer cells may retain some dependence on
nutrients defined by the adjacent origin tissue. To this end, it is notable that the metabolites found
in RCC TIF differ from those reported in mouse pancreatic ductal adenocarcinoma (PDAC)
TIF14     ,49     , and from those found in interstitial fluid derived from mouse brain and mammary
fat pad tissue8     . Findings from analysis of PDAC TIF from tumors implanted in different tissue
sites also noted differences in metabolite levels14     , supporting the notion that cancer must adapt
to a specific tissue nutrient environment rather than determine the majority of nutrients present.
These findings may suggest that each tissue represents a unique nutrient environment driven my
interactions between resident non-cancer cell types, with potential implications for cancer
metastasis. That is, this model raises the possibility that accessing a tissue nutrient environment
that shares features with the primary cancer site is needed to support proliferation of metastatic
cancer cells, and may contribute to the stereotyped pattern of metastases associated with cancers
arising in specific tissues68     . These findings may also present a challenge for therapies targeting
nutrient dependencies in patients with metastatic tumors given that available metabolites could
differ in each organ of metastasis.

We acknowledge some caveats with how to interpret these findings. Quantification of steady-state
nutrient levels does not directly reflect nutrient use, as nutrient consumption and release rates
cannot be derived from these steady-state measurements. An increase in levels of a metabolite in
tissue relative to blood must represent some local production in the tissue, while a decrease in the
levels of a metabolite relative to blood must represent some local consumption, however a lack of
change does not mean a metabolite is not involved in metabolism in that tissue. Exchange of
metabolites between blood and tissues may be faster than the rate of consumption or production,
and we also did not consider differences between arterial and venous blood metabolites.
Moreover, that KIF was collected from non-tumor renal tissue in specimens that were resected
from a patient with RCC raises the possibility that the levels of at least some of the metabolites
measured in normal kidney were affected by the nearby tumor, or the fact that the patient had a
cancer. Additionally, we also note that analysis of interstitial fluid will not take into account local
variation in nutrient levels across different tissue regions69     –73     . Microenvironmental
differences will be averaged in the pooled collection method employed in this study. Known tumor
heterogeneity, including the presence of both cancer and non-cancer cell types, are likely to drive
gradients in nutrient availability within tumors74     ,15     . Despite the limitations, this dataset
provides a resource for future studies of RCC and normal kidney metabolism. The findings also
emphasize that metabolites levels measured in one cancer type cannot necessarily be extrapolated
to reflect which nutrients are found in the TME of other tumors. Ongoing efforts to understand
how nutrient availability varies across different cancers may inform therapeutic strategies that
take into account both tumor genetics and unique nutrient environments in tissues3     .
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Methods resource availability

Lead contact
Further information and requests for resources and reagents should be directed to and will be
fulfilled by the Lead Contacts, Jeffrey C. Rathmell (jeff.rathmell@vumc.org) and Matthew G.
Vander Heiden (mvh@mit.edu).

Materials availability
This study did not generate new unique reagents.

Data and code availability

Datasets can be found in Tables S1-S3.
This paper does not report any original code.
Any additional information required to reanalyze the data reported in this paper is
available from the lead contacts upon request.

Experimental model and study participant details

Patient samples
Fresh histology-confirmed RCC tumors and matched healthy tissue were surgically removed from
55 patients. Table S1 contains relevant patient and tumor information. All metabolite samples
were collected in accordance with the Declaration of Helsinki principles under a protocol
approved by the Vanderbilt University Medical Center (VUMC) Institutional Review Board
(protocol no. 151549). Informed consent was received from all patients before inclusion in the
study.

Collection of tumor interstitial fluid, kidney
interstitial fluid, and plasma from RCC patients
Tissue interstitial fluid was collected from freshly resected RCC tumors and matched healthy
kidney tissue. Specimens were centrifuged against a 0.22 µm nylon filter (Corning CLS8169) at 4 °C
for 5 min at 300 x g. Plasma samples were collected as part of peri-operative care into EDTA-coated
tubes, then centrifuged at 800 x g for 5 min at 4°C; supernatants were further centrifuged at 3,000
x g for 20 min at 4°C to remove platelets. All samples were snap-frozen and stored at –80°C prior to
analysis by LC/MS.

Collection of plasma from healthy adults
Non-fasting blood samples from ten healthy adult volunteers (four female and six male, ages
ranging from 22-40 years) were collected and processed as described previously3     . Briefly,
plasma was collected using 21G needles into 4 ml EDTA Vacutainer tubes (BD, 367839), then
centrifuged at 800 x g for 5 min at 4°C to remove cells. Supernatants were then further centrifuged
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at 3,000 x g for 20 min at 4°C to remove platelets. Samples were snap-frozen and stored at –80°C
prior to analysis by LC/MS. The time between collection and processing of each sample was <10
min. Ethical approval for the collection of plasma was granted by the University of Cambridge
Human Biology Research Ethics Committee (ref. HBREC.17.20).

Collection of plasma from NSCLC patients
At time of oncologic resection, blood samples from 20 non-small cell lung cancer (NSCLC) patients
were partitioned into 1 mL aliquots in EDTA-coated cryovials before being centrifuged at 800 x g
for 10 min at 4°C. Supernatant was transferred into Eppendorf tubes, snap-frozen, and stored at –
80°C prior to analysis by LC/MS. Ethical approval for the collection and analysis of human fluids
was granted by the University of Chicago Medical Center (IRB: UCMC 20-1696).

Collection of fed and fasted plasma
Following an overnight fast of >9.5 hr by a volunteer (male, 50 years old), at 9:00 am 5 mL of fasted
blood from the antecubital vein was collected into an EDTA Vacutainer tube (BD, 366643), then
centrifuged at 800 x g for 10 min at 4°C. Supernatant was transferred into Eppendorf tubes, snap-
frozen, and stored at – 80°C prior to analysis by LC/MS. Fed blood was collected on the same day at
5 pm, following a meal at 12:30 pm. Fed blood was processed in the same manner as the fasted
blood.

Method details

Metabolite analyses

Quantification of metabolite levels in biological fluids

Metabolite quantification in human fluid samples was performed as described previously14     . 5
μL of sample or external chemical standard pool (ranging from ∼5 mM to ∼1 μM) was mixed with
45 μL of acetonitrile:methanol:formic acid (75:25:0.1) extraction mix including isotopically labeled
internal standards (see materials section). All solvents used in the extraction mix were HPLC
grade. Samples were vortexed for 15 min at 4°C and insoluble material was sedimented by
centrifugation at 16,000 x g for 10 min at 4°C. 20 µL of the soluble polar metabolite extract was
taken for LC/MS analysis. After LC/MS analysis, metabolite identification was performed with
XCalibur 2.2 software (Thermo Fisher Scientific, Waltham, MA) using a 5 ppm mass accuracy and a
0.5 min retention time window. For metabolite identification, external standard pools were used
for assignment of metabolites to peaks at given m/z and retention time, and to determine the limit
of detection for each metabolite, which ranged from 100 nM to 3 µM (see Table S2 for the m/z and
retention time for each metabolite analyzed). After metabolite identification, quantification was
performed by two separate methods for either quantification by stable isotope dilution or external
standard. For quantification by stable isotope dilution, where internal standards were available,
we first compared the peak areas of the stable isotope labeled internal standards with the external
standard pools diluted at known concentrations. This allowed for quantification of the
concentration of labeled internal standards in the extraction mix. Subsequently, we compared the
peak area of a given unlabeled metabolite in each sample with the peak area of the now
quantified internal standard to determine the concentration of that metabolite in the sample. 51
metabolites were quantitated using this internal standard method (see Table S2 for the
metabolites quantitated with internal standards). For metabolites without internal standards,
quantification by external calibration was performed as described below. First, the peak area of
each externally calibrated analyte was normalized to the peak area of a labeled amino acid
internal standard that eluted at roughly the same retention time to account for differences in
recovery between samples (see Table S2 for the labeled amino acid paired to each metabolite
analyzed without an internal standard). This normalization was performed in both biological
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samples and external standard pool dilutions. From the normalized peak areas of metabolites in
the external standard pool dilutions, we generated a standard curve describing the relationship
between metabolite concentration and normalized peak area. The standard curves were linear
with fits typically at or above r2      = 0.95. Metabolites which did not meet these criteria were
excluded from further analysis. These equations were then used to convert normalized peak areas
of analytes in each sample into analyte concentration in the samples. 53 metabolites were
quantitated using this method.

LC/MS analysis

Metabolite profiling was conducted on a QExactive bench top orbitrap mass spectrometer
equipped with an Ion Max source and a HESI II probe, which was coupled to a Dionex UltiMate
3000 HPLC system (Thermo Fisher Scientific, San Jose, CA). External mass calibration was
performed using the standard calibration mixture every 7 days. An additional custom mass
calibration was performed weekly alongside standard mass calibrations to calibrate the lower end
of the spectrum (m/z 70-1050 positive mode and m/z 60-900 negative mode) using the standard
calibration mixtures spiked with glycine (positive mode) and aspartate (negative mode). 2 μL of
each sample was injected onto a SeQuant® ZIC®-pHILIC 150 x 2.1 mm analytical column equipped
with a 2.1 x 20 mm guard column (both 5 mm particle size; EMD Millipore). Buffer A was 20 mM
ammonium carbonate, 0.1% ammonium hydroxide; Buffer B was acetonitrile. The column oven
and autosampler tray were held at 25°C and 4°C, respectively. The chromatographic gradient was
run at a flow rate of 0.150 mL min-1      as follows: 0-20 min: linear gradient from 80-20% B; 20-20.5
min: linear gradient form 20-80% B; 20.5-28 min: hold at 80% B. The mass spectrometer was
operated in full-scan, polarity-switching mode, with the spray voltage set to 3.0 kV, the heated
capillary held at 275°C, and the HESI probe held at 350°C. The sheath gas flow was set to 40 units,
the auxiliary gas flow was set to 15 units, and the sweep gas flow was set to 1 unit. MS data
acquisition was performed in a range of m/z = 70– 1000, with the resolution set at 70,000, the AGC
target at 1×106, and the maximum injection time at 20 msec.

Liquid chromatography-mass spectrometry lipidomics

Positive ion mode analyses of polar and nonpolar lipids were conducted using a liquid
chromatography– mass spectrometry (LC–MS) system composed of a Shimadzu Nexera X2 U-HPLC
(Shimadzu) coupled to an Exactive Plus orbitrap mass spectrometer (ThermoFisher Scientific). 10
μL of human fluid sample was precipitated with 190 μL of isopropanol containing 1,2-
didodecanoyl-sn-glycero-3-phosphocholine (Avanti Polar Lipids) as an internal standard. After
centrifugation, 2 μL of supernatant was injected directly onto a 100 × 2.1 mm, 1.7-μm ACQUITY
BEH C8 column (Waters). The column was eluted isocratically with 80% mobile phase A (95:5:0.1
v/v/v 10 mM ammonium acetate/methanol/formic acid) for 1 min followed by a linear gradient to
80% mobile phase B (99.9:0.1 v/v methanol/ formic acid) over 2 min, a linear gradient to 100%
mobile phase B over 7 min, then 3 min at 100% mobile phase B. Mass spectrometry analyses were
performed using electrospray ionization in the positive ion mode using full scan analysis over 220
to 1,100 m/z at 70,000 resolution and 3 Hz data acquisition rate. Other mass spectrometry settings
were as follows: sheath gas 50, in source collision-induced dissociation 5 eV, sweep gas 5, spray
voltage 3 kV, capillary temperature 300°C, S-lens RF 60, heater temperature 300°C, microscans 1,
automatic gain control target 1×106, and maximum ion time 100 ms. Lipid identities were
determined on the basis of comparison to reference standards and reference plasma extracts and
were denoted by the total number of carbons in the lipid acyl chain(s) and total number of double
bonds in the lipid acyl chain(s). Ion counts normalized to an internal standard were reported, and
are presented in Table S3.
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Quantification and statistical analysis
After determining the concentration of each metabolite in each plasma or interstitial fluid sample,
all multivariate statistical analysis on the data was performed using R (R Core Team 2013). For
clustering, we used factoextra package for the analysis75     . Metabolite concentrations were scaled
by sum and metabolites that contained greater than 50% missing values were removed prior to
analysis. For the remainder of the metabolites, missing values were replaced using 1/5th of the
lowest positive value. Univariate analysis was performed comparing metabolite levels between
groups (t test) where significantly altered metabolites were defined by | log2 fold change | > 1 and
adjusted p-value (Benjamini-Hochberg FDR-corrected) < 0.05 and assuming unequal group
variance. Using the log2 fold change and adjusted p value cutoffs, the number of differentially
expressed metabolites were determined. To determine the variability between the comparisons,
Chi-square test was performed using chisq.test function from stats package in R. All further
statistical information is described in the figure legends. Owing to challenges in the sampling
process, not all patients provided matched plasma, TIF, and KIF samples. Consequently, Figure 2C-
F      exclusively features data from patients where all three sites were sampled. For Figure 2G-
H     , matched TIF and KIF values were utilized. In all other plots throughout the study, patient
samples were unpaired.

Supplementary tables

Table S1. Patient sample information.

Table S2. Polar metabolite concentrations and related information.

Table S3. Lipid concentrations and related information.
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Figure 1-Supplement 1.

Levels of metabolites in clear cell RCC interstitial fluid are
similar to those found in normal kidney interstitial fluid.

(A) Principal component analysis of polar metabolites measured from the indicated clear cell RCC patient samples (n = 41
patients). For each sample, absolute levels of 98 polar metabolites were quantified by LC/MS. Data represent 36 TIF, 28 KIF,
and 20 plasma samples. The 95% confidence interval is displayed. (B) Principal component analysis of lipid species measured
from the indicated clear cell RCC patient samples (n = 28 patients). For each sample, relative levels of 195 lipids were assessed
by LC/MS. Data represent 25 TIF, 18 KIF, and 15 plasma samples. The 95% confidence interval is displayed. (C) T-test analysis
of polar metabolites (n = 98) that do or do not significantly differ in concentration between each site from clear cell RCC
patient samples (n = 41 patients). Cutoffs of | log2 fold change | > 1 and adjusted p-value (FDR-corrected) < 0.05 were used to
determine significant metabolites. p-values in the plot are derived from chi-squared statistical analysis. (D) T-test analysis of
lipids (n = 195) that do or do not significantly differ in concentration between each site from all clear cell RCC patient samples
(n = 28 patients). Cutoffs of | log2 fold change | > 1 and adjusted p-value (FDR-corrected) < 0.05 were used to determine
significant metabolites. p-values in the plot are derived from chi-squared statistical analysis.
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Figure 2-Supplement 1.

Assessment of metabolites that differ between plasma in patients with
RCC with plasma from normal individuals and from patients with NSCLC.

(A-B) Volcano plots depicting the log2 fold change in polar metabolite concentration measured in plasma from patients with
RCC (n = 27) compared to that measured in plasma from healthy adults (n = 10) (A), or measured in plasma from patients with
RCC compared to that measured in patients with non-small cell lung cancer (NSCLC) (n = 20). Cutoffs of | log2 fold change | >
1 and adjusted p-value (FDR-corrected) < 0.05 were used to select significantly altered metabolites. Metabolites highlighted in
red and blue are significantly higher and lower in RCC plasma, respectively. (C) Concentration of cystine as reported in the
Human Metabolome Database (HMDB) (n = 5) or measured in plasma from healthy adults (normal, n = 10), from RCC patients
(n = 27), or NSCLC patients (n = 20). Each point represents a sample from patient, and the red line represents mean across all
samples considered. p-values were derived from Brown-Forsythe and Welch ANOVA test with Dunnett’s T3 multiple
comparisons correction (ns, not significant; ***p < 0.001; ****p < 0.0001). (D) Concentration of cystine measured by LC/MS
in plasma from an overnight (>9.5 hr) fasted healthy adult and plasma from the same adult ∼4 hours after eating (fed).
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Reviewer #1 (Public Review):

Summary:
The present study addresses how the local abundance of metabolites impacts the biology of
the tumor microenvironment. The authors enroll patients harboring kidney tumors and use
freshly resected tumor material for metabolic studies. Specifically, the authors separate the
adjacent normal kidney tissue from the tumor material and then harvest the interstitial fluid
from the normal kidney (KIF) or the tumor (TIF) for quantitative metabolomics. The plasma
samples from the patient are used for comparison. Additionally, the authors also compare
metabolite levels in the plasma of patients with kidney versus lung cancer (or healthy
donors) to address how specific tumor types might contribute to circulating levels of
metabolites. Altogether, the authors find that the metabolite levels in the KIF and TIF,
although vastly different than plasma, are largely overlapping. These findings indicate that
tissue of origin appears to have a stronger role in determining the local metabolic
environment of tumors than the genetics or biochemistry of the tumor itself.

Strengths:
The biggest strength of the current study is the use of human patient-derived samples. The
cohort size (~50 patients) is relatively large, which adds to the rigor of the work. The work
also relies on a small pool of metabolites that can be quantitatively measured using methods
developed by the authors. Focusing on a smaller metabolic pool also likely increases the
signal-to-noise ratio and enables the more rigorous determination of any underlying
differences. The manuscript is well-written and highlights both the significance of the
findings and also acknowledges many of the caveats. The recognition of the metabolic
contributions of surrounding normal tissue as the primary driver of local nutrient
abundance is a novel finding in the work, which can be leveraged in future studies.

Weaknesses:
The work has certain caveats, some of which have been already recognized by the authors.
These include the use of steady-state metabolites and the possibility of cross-contamination of
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some TIF into the adjacent KIF. This study is also unable to distinguish the mechanisms
driving the metabolic changes in KIF/TIF relative to circulating levels in plasma.

The relative similarity of KIF and TIF is quite surprising. However, this interpretation is
presently based on a sampling of only ~100 polar metabolites and ~200 lipid molecules. It is,
perhaps, possible that future technological developments that enable more comprehensive
quantitative metabolic profiling might distinguish between KIF and TIF composition.

In vitro, tissue culture is recognized to suffer from 'non-physiological' nutrient dependencies,
which are impacted by the composition of culture media. Thus, in vivo studies remain our
current gold-standard in mechanistic studies of tumor metabolism. It is presently unclear
whether the findings of this work will be recapitulated in any of the kidney cancer in vivo
models and thus be functionally testable.

https://doi.org/10.7554/eLife.95652.1.sa2

Reviewer #2 (Public Review):

The study employs quantitative metabolomic and lipidomic analyses to scrutinize tumor
interstitial fluid (TIF), adjacent normal kidney interstitial fluid (KIF), and plasma samples
from renal cell carcinoma (RCC) patients. The authors delve into the intricate world of renal
cell carcinoma and its tumor microenvironment, shedding light on the factors that shape
nutrient availability in both cancerous and adjacent normal tissues. The authors prove that
non-cancer-driven tissue factors play a dominant role in shaping nutrient availability in RCC.
This finding opens up new avenues for research, suggesting that the tumor
microenvironment is profoundly influenced by factors beyond the presence of cancer cells.
This study not only contributes valuable insights into RCC metabolism but also prompts a
reevaluation of the factors governing nutrient availability in tumor microenvironments more
broadly. Overall, it represents a significant step forward in our understanding of the intricate
interplay between cancer and its surrounding milieu.

The study is overall well-constructed, including appropriate analysis. Likewise, the
manuscript is written clearly and supported by high-quality figures. Since the authors
exclusively employed samples from RCC patients and did not include kidney interstitial fluid
and plasma samples from healthy individuals, we cannot accurately assess the true
significance and applicability of the results until the role of cancer cells in reshaping KIF is
understood. In essence, some metabolite levels in the tumor interstitial fluid did not show an
increase or decrease compared to the adjacent normal kidney interstitial fluid. However, the
levels of these metabolites in both TIF and KIF might be higher or lower than those in kidney
interstitial fluid from healthy individuals, and the roles of these metabolites should not be
overlooked. Similar concerns extend to plasma levels, emphasizing the importance of
metabolites that synchronously change in RCC TIF, KIF, and plasma-whether elevated or
reduced.

https://doi.org/10.7554/eLife.95652.1.sa1

Reviewer #3 (Public Review):

In this study, the authors utilized mass spectrometry-based quantification of polar
metabolites and lipids in normal and cancerous tissue interstitial fluid and plasma. This
showed that nutrient availability in tumor interstitial fluid was similar to that of interstitial
fluid in adjacent normal kidney tissue, but that nutrients found in both interstitial fluid
compartments were different from those found in plasma. This suggests that the nutrients in
kidney tissue differ from those found in blood and that nutrients found in kidney tumors are
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largely dictated by factors shared with normal kidney tissue. Those data could be useful as a
resource to support further study and modeling of the local environment of RCC and normal
kidney physiology.

In Figures 1D and 1E, there were about 30% of polar metabolites and 25% of lipids
significantly different between TIF and KIF, which could be key factors for RCC tumors. This
reviewer considers that the authors should make comments on this.

https://doi.org/10.7554/eLife.95652.1.sa0

https://doi.org/10.7554/eLife.95652.1
https://doi.org/10.7554/eLife.95652.1.sa0

	Metabolite profiling of human renal cell carcinoma reveals tissue-origin dominance in nutrient availability
	Reviewed Preprint

	Abstract
	Summary
	Introduction
	Results and discussion
	Figure 1.
	Figure 2.

	Acknowledgements
	Methods resource availability
	Lead contact
	Materials availability
	Data and code availability

	Experimental model and study participant details
	Patient samples
	Collection of tumor interstitial fluid, kidney interstitial fluid, and plasma from RCC patients
	Collection of plasma from healthy adults
	Collection of plasma from NSCLC patients
	Collection of fed and fasted plasma

	Method details
	Metabolite analyses
	Quantification of metabolite levels in biological fluids
	LC/MS analysis
	Liquid chromatography-mass spectrometry lipidomics

	Quantification and statistical analysis

	Supplementary tables
	Author contributions
	Declaration of interests
	Figure legends
	Figure 1-Supplement 1.
	Figure 2-Supplement 1.

	References
	Article and author information
	Copyright
	Editors


