creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

Studies of molecular mechanism of
chemoresistance and epithelial to
mesenchymal transition in tumor

microenvironment

Yeseong Hwang

Department of Medical Science

The Graduate School, Yonsei University



Studies of molecular mechanism of
chemoresistance and epithelial to
mesenchymal transition in tumor

microenvironment

Directed by Professor Sungsoon Fang

The Doctoral Dissertation
submitted to the Department of Medical Science,
the Graduate School of Yonsei University
in partial fulfillment of the requirements for the degree of
Doctor of Philosophy in Medical Science

Yeseong Hwang

December 2023



This certifies that the Doctoral Dissertation of

Yeseong Hw%liri\fd.

p
Thesis Supervisor : Sungsoon Fang

Thesis Committee Member#1 : Yong-ho Lee
2 4%
Thesis Committee Member#2 : Cheol Ryong Ku

Z

Thesis Committee Member#3: Chang-Myung Oh

Thesis Committee Member#4: Se Kyu Oh

The Graduate School
Yonsei University

December 2023



ACKNOWLEDGEMENTS

I would like to sincerely thank God for his graces and powerful strength during Ph.D.
course. | would like to express my gratitude to my supervisor Prof. Sungsoon Fang. He
gave me the opportunity to experience bioinformatics analysis and carry out my Ph.D.
research project. His support and continuous guidance helped me to establish logical
reasoning for story outline and finish this research without incidence. I am also grateful to
my Ph.D. dissertation committee professor Yong-ho Lee, Cheol Ryong Ku, Chang-Myung
Oh, and doctor Se Kyu Oh for their meaningful comments and suggestions.

I also would like to appreciate my lab members. Doctor Hae-Kyung Lee, doctor Hyeonhui
Kim, Minki Kim and Sugyeong Jo helped me to keep my research direction correctly with
discussion. Jae Woong Jeong and Seyeon Joo helped me to perform bioinformatics analysis
skillfully. Chae Min Lee and Ye-Chan Park gave me a valuable responsibility to lead
research project.

I really want to thank my family. My mother, my father, my sister, my brother, sister-in-

law for their infinite love and support.

Best regards,

Yeseong Hwang



<TABLE OF CONTENTS>
N =T = viii

PART1. Combined inhibition of glutaminolysis and one carbon metabolism
enhances chemotherapeutic efficacy by accumulating ROS in anaplastic thyroid

L0 07 07=) S 1
I INTRODWUGCTION -reveeeeunmmmunmeminntinntiaanscannscinsrannsasnnsasnnssannseannnns 1
[1. MATERIALS AND METHODS ----xssresssremmmemanseeeee e 4

1. Antibodies and REAGENES =« -=xxxxrermermermmamennireiinn e 4
2. Cell culture and treatiMEnt = ««««===««ssssmmsressammmmrmsannnrreisnnnsraasannnrsaaannnnens 4
3. Sample preparation for LC-MS metabolomic analysis «-=-==-====sssreremreramrannane 5
4. Liquid Chromatography ======«sesseesesmrmreimrarrerecaraeeninarnesereieeaes. 5
5. Mass Spectrometry »s=-eseremrresreseecouenimaniereereetiiraiirseseeseraeeeans 6
6. Cell proliferation and viability assay «===-=«====rsesserarmsmmmmmrnnnnnnneen 6
7. ColoNY FOrMAtiON @SSAY «++++xxrrrrrrrrrrrrrrrrrrrrrrrarararaaaeaaaeaaaaaaaeaaaaeeeas 6
8. Analysis of nuclear fragmentation by Hoechst 33342 staining ---------------- 7
9. LDH @SSAY == r=rernererm s re e 7
10. Real-time RT-PCR ----vsumururerererreeeee s 7
11, IMMUNODIOL ASSAY === === =ssrenrmnmmnnma e 7
12. Cell CYCIQ ASSAY -+++++++==rrrrrrrrrrrrrrrrrrraraaaraaaaaraaaaaaaaaa e e e e e e aaaaaa e 8
13. Measurement of ROS and GSH CONLENTS -+« = rexrsreremrarmsenrarenrarmsenrans 8
14. RNA SEOUENCING === -rsrrrssrrssrmammasmnaenaenee e 9
15. ATAC SEQUENCING ==cmmsereererereramaraiaieieiierreretiiiieieitireranaanaes 9
16. Acquisition of SCRNA-Seq data - ----=====ssrererereremerenneeeeaaee 9
17. Processing of the SCRNA-seq data ----=====-=rsrererememamemmnnnnnnneaan. 10
18. Trajectory inference and pseudotime analysis based on TDS score -------- 10



I, RESULTS -erreenerennnemanmsmmnnsmmannsaannseaanssaanssaanssaanssaannsaaanssannnsannns 14
1. ATC displays enhanced serine and one carbon metabolism dependency

COMPArEd 10 PTC -xrenrrmsmme e 14
2. One carbon metabolism may seem to be intensified according to evolutionary
Path from PTC t0 ATC «nrumumremmrme e 18
3. Glutaminolysis was upregulated in patients with ATC «----xemrermmraranranns. 24
4. Inhibition of glutaminolysis compromises ATC cell proliferation ----------- 27
5. Glutaminolysis inhibition is not enough to trigger cell death in ATC ------- 30
6. Glutamine deprivation enhances one carbon metabolism in ATC ------------ 33

7. Glutamine deprivation stress promotes ATF4-mediated one carbon metabolism

8. Co-inhibition of glutaminolysis and one carbon metabolism compromises
redox balance by reducing GSH CONtENLS == -xrumrmrmrmrmmmermrn e 39
9. Co-inhibition of glutaminolysis and one carbon metabolism reduces cell
proliferation the most in ROS dependent manner «-«--««««-xsemrrmmrrnmnnnnan. 42
10. Glutaminolysis inhibtion only enhances chemotherapy efficacy in ATC --45
11. Co-inhibition of glutaminolysis and one carbon metabolism synergistically

increases chemotherapy efficacy in ATC «-xererermmmmmmerneeeeeee 48
IV. DISCUSSION #==nrrreunnmeermmmnnmmnsmasnmessaaannnsssssannnssaaaansrssaannnsssannns 51
V. CONCLUSION =reeeeemmmmmsnssseeee e 54

PART2. One carbon metabolism promotes immunosuppressive molecular
signatures of inflammatory cancer-associated fibroblasts to drive Epithelial-
Mesenchymal transition in colorectal cancer -------sxssreremmmimmmimininees 56
I. INTRODUGCTION :ererenmmsars s 56



I1. MATERIALS AND METHODS ---cxereererucearacsrammarammaramraranearaneananans 59

1. Acquisition Of SCRNA-SEQ[ data «------=======sssrrrrrerrmmmmmmmuaaaaaaaaaaaaaanns 59
2. Processing of the SCRNA-Seq data «---«-=-=srereremmmmmmerrreeeee 59
3. Measuring DEGs between OHF and OLF «---evereremmmmrereinineeenes 59
4, SSGSEA analysis »++«««eesssseerersnneesmmuucssinniiiiimieesmmneeeesininisiinnissnas 60
5. Cellchat analysis -« -========sssssrarrammammummmnren e 60
6. Trajectory inference and pseudotime analysis - ««-«---=sxererermmmmrmrenarenennn. 60
7. Visium spatial transCriptOmiCs ===« xxxerummrmrerernn e 60
8. Data sources of microarray and CCLE metabolomics =««===«=xsssremmrmmmnnennas 61
9. Overall SUrVival @nalysis ----«=-xsseerrrmmmmmmmmaaaaareeeeeiir e 61
10. Cell CUtUre aNd trEALMENT -« -« = xnxnrmrmrmrammmrarararaeanamamrararaeananamrnrnnnsn 61
11. Cell proliferation assay «««-«-=====rereremmmmmmrerrrn e 62
[1]. RESULTS - -cnrnrerneneamsmrmrnraeamammmsnrsaeananansnsnssananansnsasaeanananensnrns 64
1. One carbon metabolism is significantly upregulated in patients with CRC -------- 64
2. Single cell analysis of patients With CRC «-«=ssxssrasrarmarmmmmmmaneinieeaeaaans 68
3. Fibroblast clusters divide into two subpopulations according to gene expression of one
carbon metabolism -«=--c-vremermrrrrrr e 71
4. iCAFs preferentially reside in OHF «-«seseererammammmmieiiiiee e 74

5. OHF might be pivotal role of EMT enhancement in iCAFs dependent manner ---79

6. CXCL12 secreted from iCAFs in OHF induces immunosuppression and subsequent

EMT promotion in patients wWith CRC == -===rererermmmmmerennneeaeennneeee 86
V. DISCUSSION  seseuenmnmnmemeei e 90
V. CONGCLUSION  -srsreresemrmenrarmearnerarnenrnarasnsasnenrasnsarnsensasens 93
REFERENCES  -eseererernme e 95

iii



ABSTRACT(IN KOREAN) --ssssssssrrrereeemmmmmmsae e s e

PUBLICATION LIST -eessersresermesssrameasesmaasssmases s s



LIST OF FIGURES

PART1. Combined inhibition of glutaminolysis and one carbon
metabolism enhances chemotherapeutic efficacy by accumulating
ROS in anaplastic thyroid cancer.

Figure 1. One carbon metabolism in ATC is more active than PTC --17

Figure 2. One carbon metabolism might be strengthened following
evolution routes from PTC t0 ATC «-xerererermrammmmnnnnieeee 23

Figure 3. ATC patients exhibit glutaminolysis enhancement ---------- 26

Figure 4. Inhibition of glutaminolysis impedes ATC cell proliferation

Figure 7. Glutamine deprivation enhances ATF4-mediated one carbon
metabolism in 8505C ATC CEIIS +-xrernrerrnrmrearnrmmearareaearmmeaennens 38
Figure 8. Co-inhibition of glutaminolysis and one carbon metabolism
compromises redox balance by reducing GSH contents -------------- 40
Figure 9. Co-inhibition of glutaminolysis and one carbon metabolism
reduces cell proliferation the most in ROS dependent manner ------ 44
Figure 10. Glutaminolysis inhibtion only enhances chemotherapy
efficacy IN ATC «rerermmmm e 47
Figure 11. Co-inhibition of glutaminolysis and one carbon metabolism
synergistically increases chemotherapy efficacy in ATC ------------ 50



PART2. One carbon metabolism promotes immunosuppressive
molecular signatures of inflammatory cancer-associated
fibroblasts to drive Epithelial-Mesenchymal transition in
colorectal cancer.

Figure 1. One carbon metabolism is significantly upregulated in patients

WIth CRC «« e rerermrmrmeenerrrasmamanee s s raamanan s e s sarmannnnnans 66
Figure 2. Single cell analysis of patients with CRC ----x-svererararenen. 70
Figure 3. Fibroblast divide into two subpopulations according to gene

expression of one carbon Metabolism «««««x-xxeerrreeeesnssnnnnnnneeann 73
Figure 4. iICAFs preferentially reside in OHF «---xureeevererenennnnnne. 77

Figure 5. OHF might be pivotal role of EMT enhancement in iCAFs
dependent MAaNNEr «----xsererererere 84
Figure 6. CXCL12 secreted from iCAFs in OHF contributes to EMT in
CRC PALIBNTS -+ x s rere s m e 89

Vi



LIST OF TABLES

Table 1. Sequences of primers used in real-time RT-PCR ----------- 12
Table 2. Quality control and percent of doublet for single cell analysis

Table 2. Clinical information of CRC patients in single cell analysis 63

Vil



ABSTRACT

Studies of molecular mechanism of chemoresistance and epithelial to
mesenchymal transition in tumor microenvironment

Yeseong Hwang

Department of Medical Science
The Graduate School, Yonsei University

(Directed by Professor Sungsoon Fang)

Many types of cancers use serine-dependent one carbon metabolism to sustain
tumorigenic environment. Serine is directly into tumor cells through serine uptake
transporters or synthesized from glycolysis or gluconeogenesis-derived 3P, which are next
involved in diverse physiological processes including ROS balance, purine, and DNA
synthesis. Here, we observed the tumorigenic role of one carbon metabolism in two
refractory anaplastic thyroid cancer (ATC) and colorectal cancer (CRC).

ATC is one of the most aggressive tumors with an extremely poor prognosis. Based on
papillary thyroid cancer (PTC) exhibits enhanced level of one carbon metabolism protein
and is dedifferentiated into ATC, we compared one carbon metabolism between ATC and
PTC. Single cell RNA sequencing analysis revealed that one carbon metabolism was
strengthened through evolutionary process from PTC to ATC. Also, we thought
glutaminolysis inhibition induces cell death based on the several biological features related
to glutamine metabolism upregulation such as HER-2 overexpression and frequent p-
catenin nuclear localization in ATC. Nonetheless, ATC cells regulate ROS homeostasis via
ATF4-mediated one carbon metabolism and subsequent inhibit cell proliferation arrest
against glutamine metabolism inhibition. We next observed that co-inhibition of glutamine
and one carbon metabolism could synergistically enhance the anticancer effect of drugs
used in patients with ATC.

CRC is the third most common cancer type with the second poor prognosis. Patients with

viii



CRC are commonly accompanied by epithelial-mesenchymal transition (EMT) leading to
liver and lung metastasis. Here, our single cell analysis reported that fibroblast clusters
were divided into two groups according to one carbon metabolism activation and
inflammatory cancer-associated fibroblasts (iCAFs) associated with EMT dominantly
resided in one carbon metabolism high fibroblast. Serine synthesis high groups in CRC
patients with liver metastasis exhibited high level of iCAF and EMT genes. Serine synthesis
and iCAFs genes high group especially showed inferior outcome in CRC patients with
stage 3 and 4, indicating that one carbon metabolism has positive correlation with iCAFs
and contributes to metastasis through EMT. Moreover, one carbon high fibroblast showed
CXCLI2 outgoing signaling to CXCR4 in immune cells such as T cell and macrophage,
which might elicit infiltration of Treg and TAMs. CXCL 12 represented positive correlation
with EMT genes including SNAI2 and VIM. Collectively, our data demonstrate one carbon
metabolism has a potential role of modulation of cell fate in metabolic stress or EMT
promotion via tumor microenvironment components, iCAFs. Thus, one carbon metabolism
can be therapeutic target for improving survival by enhancing antitumor effects in

refractory cancer.

Key words : one carbon metabolism, refractory cancer, RNA sequencing



PART1. Combined inhibition of glutaminolysis and one carbon metabolism
enhances chemotherapeutic efficacy by accumulating ROS in anaplastic
thyroid cancer.

Yeseong Hwang

Department of Medical Science
The Graduate School, Yonsei University

(Directed by Professor Sungsoon Fang)

I. INTRODUCTION

Anaplastic thyroid cancer (ATC) is an uncommon, but highly lethal type of
dedifferentiated thyroid cancer. ATC patients with surgical resection are necessary
chemotherapy to prolong survival. Conventional chemotherapy using doxorubicin or
taxanes showed minimal survival benefit and therapies to target tyrosine kinase affecting
oncogenic signaling pathway have been developed, including lenvatinib and sorafenib,
multi-tyrosine kinase inhibitor. Nonetheless, combinational approach to overcome minimal
effect of monotherapy is still needed in ATC (1-4).

Several studies showed important roles of glutamine metabolism on ATC tumor
environment. It was reported that HER-2 overexpression and frequent B-catenin nuclear
localization in ATC, which are associated with increased glutamine metabolism. Patients
with ATC also showed the highest level of glutaminase 1 (GLS1) and glutamate
dehydrogenase (GDH) compared to other thyroid cancer types (5-9). Glutamine is the most
abundant amino acid and acts as a precursor of amino acids, proteins, lipids, and
nucleotides in human. Exogenous glutamine is converted to glutamate by GLS, which is
again synthesized into a-ketoglutarate by GDH to participate in tricarboxylic acid cycle

(10, 11). This ‘Glutaminolysis’ process is important for tumor growth as it sustains



mitochondrial function and reactive oxygen species (ROS) balance. Glutamate is also
involved in glutathione (GSH) synthesis, which is a predominant antioxidant enzyme that
protects cancer cells from various oxidative stresses such as chemotherapy and radiation
(12-15). Based on essential roles of glutamine in cancer cell homeostasis, it has been
reported that many cancer cells including lung adenocarcinoma; acute myeloid leukemia;
breast; liver; and brain cancer are vulnerable to glutamine deprivation stress, suggesting
the crucial role of glutamine in modulating cancer cell survival (16-19).

In contrast, many investigations were also reported that cancer cells exert alternative
strategy to survive under glutamine metabolism inhibition. For example, some cancer cells
promote glutamine synthesis through glutamine synthetase upregulation or autophagy-
mediated glutamine recycling (20, 21). Another process is to activate one carbon
metabolism pathway. During glutamine deprivation, some cancer cells particularly uptake
serine, which is a major donor of one carbon metabolism. One carbon metabolism including
folate and methionine cycle is important physiological process to overcome nutrition
deficiency through diverse outputs such as amino acids, lipids and ROS imbalance through
GSH synthesis (22-26).

Given that one carbon metabolism is crucial for maintaining tumorigenesis upon
glutamine metabolism inhibition-induced nutrient reprogramming, we first investigated
one carbon metabolism between ATC and PTC. Our bioinformatic data showed one carbon
metabolism is more active in ATC and might be intensified following evolutionary route
from PTC to ATC. Based on strong relationship between glutamine metabolism and
biological features of ATC, we hypothesized ATC are vulnerable to glutaminolysis
impairment. Unexpectedly, we found that ATC cells are resistant to cell death owing to the
induction of one carbon metabolism by controlling redox balance during glutamine
metabolism inhibition. We also confirmed that combined inhibition of glutamine and one
carbon metabolism is sufficient to reduce cell proliferation more than treated alone and
increase the efficacy of lenvatinib and sorafenib, a multitarget tyrosine kinase inhibitor for

patients with ATC. Our data suggest possibility that ATC employs one carbon metabolism



to rapidly adapt to diverse stresses such as metabolic stress and chemotherapy and provide

therapeutic target for ATC by inhibiting one carbon metabolism.



II. MATERIALS AND METHODS
1. Antibodies and Reagents

The following antibodies and reagents were commercially acquired. BPTES (HY-12683,
MedChemExpress, = Monmouth,  Oregon, USA), CBR-5884 (HY-100012,
MedChemExpress, Monmouth, Oregon, USA), SHINI1 (HY-112066, MedChemExpress,
Monmouth, Oregon, USA), DS18561882 (HY-130251, MedChemExpress, Monmouth,
Oregon, USA), and sorafenib (HY-10201, MedChemExpress, Monmouth, Oregon, USA),
Trolox (S3665, Selleckchem, Houston, Texas, USA), lenvatinib (S1164, Selleckchem,
Houston, Texas, USA), Crystal violet (V5265, Thermo Fisher Scientific, Waltham, MA,
USA), monobromobimane (mBBr) (M1378, Thermo Fisher Scientific, Waltham, MA,
USA), H,DCFDA (D399, Thermo Fisher Scientific, Waltham, MA, USA), MitoSOX™
Red (M36008, Thermo Fisher Scientific, Waltham, MA, USA), RNase A (10109169001,
Thermo Fisher Scientific, Waltham, MA, USA), Propidium Iodide (P3566, Thermo Fisher
Scientific, Waltham, MA, USA), (3-(4,5-Dimethylthiazol-2-yl)-2,5-Diphenyltetrazolium
Bromide) (MTT) (M6494, Thermo Fisher Scientific, Waltham, MA, USA), Hoechst 33342
(H3570, Thermo Fisher Scientific, Waltham, MA, USA), Lipofectamine™ RNAIMAX
Transfection Reagent (13778150, Thermo Fisher Scientific, Waltham, MA, USA), DMSO
(34943, Sigma-Aldrich, St. Louis, MO, USA), H,O, (216763, Sigma-Aldrich, St. Louis,
MO, USA), Triton X-100 (0694, AMRESCO, Solon, Ohio, USA), PHGDH (sc-100317,
Santa Cruz Biotechnology, Dallas, TX, USA), SHMT2 (sc-390641, Santa Cruz
Biotechnology, Dallas, TX, USA), and B-actin (sc-47778, Santa Cruz Biotechnology,
Dallas, TX, USA), MTHFD2 (981168, Cell Signaling Technology, Danvers, MA, USA),
mouse secondary antibody (7076S, Cell Signaling Technology, Danvers, MA, USA), rabbit
secondary antibody (ab6721, Abcam, Cambridge, UK), small interfering RNA siCTRL (sc-
37007, Santa Cruz Biotechnology, Dallas, TX, USA), siATF4 (sc-35112, Santa Cruz
Biotechnology, Dallas, TX, USA).

2. Cell culture and treatment

8505C cells were purchased from European Collection of Authenticated Cell Cultures



(ECACC, Salisbury, UK). TPC-1 cells were purchased from Elabscience (TX, USA). The
8505C cells were grown in DMEM medium (10-013-CV, Corning, NY, USA)-1%
penicillin-streptomycin (15140122, Gibco, Waltham, MA, USA) supplemented with 10%
fetal bovine serum (35-015-CV, Corning, NY, USA). TPC-1 cells were grown in RPMI-
1640 medium (10-041-CV, Corning, NY, USA)-1% penicillin-streptomycin (15140122,
Gibco, Waltham, MA, USA) supplemented with 10% fetal bovine serum (35-015-CV,
Corning, NY, USA). Two cells were tested for mycoplasma elimination using a Plasmocin
solution (ant-mpt, Invivogen, San Diego, CA, USA). Following concentrations were
employed for in vitro experiments: Glutamine-full medium consists of medium (8505C;
LM-001-05, Welgene, Daegu, Korea, TPC-1; 10-041-CV, Corning, NY, USA)-1%
penicillin-streptomycin (15140122, Gibco, Waltham, MA, USA) supplemented with 10%
fetal bovine serum (35-015-CV, Corning, NY, USA); Glutamine-free medium consists of
DMEM medium (LM-001-08, Welgene, Daegu, Korea)-1% penicillin-streptomycin
(15140122, Gibco, Waltham, MA, USA) supplemented with 10% dialyzed fetal bovine
serum (26400044, Gibco, Waltham, MA, USA); MTT, 0.2 mg/ml; Crystal violet solution,
0.1%; Hoechst 33342, 2 ug/ml; mBBr, 10 uM; H,.DCFDA, 10 uM; MitoSOX™ Red, 5 uM,;
BPTES, 10 uM; CBR-5884, 60 uM; H»O,, 10uM; Trolox, 25 uM; lenvatinib, 50 uM;
sorafenib, 10 uM.
3. Sample preparation for LC-MS metabolomic analysis

8505C cells (8x10° cells/well) were seeded in 100 mm cell culture dish and treated with
glutamine-free medium or BPTES for 72 h. After aspirating cell medium, cells were
washed with 10 ml pre-cool PBS twice on ice. After removing pre-cool PBS, 1 ml pre-
chilled 80% methanol was added immediately. After scraping cells with cell scraper on ice,
mixture of cell lysate and methanol was transferred to 1.5 ml tubes and stored at -80°C
deep freezer for overnight.

4. Liquid Chromatography

UPLC separation was performed on a Thermo Scientific™ UltiMate 3000 RSLC system

using Acquity UPLC BEH C18, 1.7 um, 2.1 x 100 mm. The flow rate and operating



temperature are 300 pl/min and 50°C respectively. The LC solvent of phase A is 0.1%
formic acid in distilled water and phase B is 0.1% formic acid in acetonitrile. Linear
gradient was implemented from 5% B for 2 min, followed by increasing to 100% at 8 min,
hold 100% B for 4 min, then decrease to 5% at 0.5 min, then equilibrate for another 2.5
min. The sample injection volume is 5 ul.
5. Mass Spectrometry
The Thermo Scientific™ Q Exactive Orbitrap Plus™ mass spectrometer was operated
under electrospray ionization (ESI) positive mode. Full scan type (80-1000 m/z) used
resolution 70,000. Data-dependent MS/MS were acquired on a “Top5” data-dependent
mode using the following parameters: resolution 17,500; 2 amu isolation window;
normalized collision energy 30; dynamic exclusion 6 s. Source ionization parameters were:
spray voltage, 3.5 kV; capillary temperature, 370°C; and S-Lens level, 55.
6. Cell proliferation and viability assay
For cell proliferation and viability assay, cells (5x103and 1x10* cells/well respectively)
were treated with glutamine-free medium or reagents for the indicated times in 96-well
plates. After incubating cells with 10 ul MTT solution in 37°C incubator for 2 h, formazan
was dissolved in 50 ul DMSO. The absorbance was measured at 570 nm using a Multiskan
GO spectrophotometer (51119300, Thermo Fisher Scientific, Waltham, MA, USA).
Synergy effect of multiple-drugs treatment was calculated with the following equation

provided at Synergy Finder (https://synergyfinder.fimm.fi/synergy/synfin_docs/).

1) Susa = E4, B,c — max(Ea, Eg, Ec)
2) Sgiiss = E4, 8, c— 100(1-(1-EA/100)(1- EA/100) )(1- Ec/100))
Ex means the percentage of viability inhibition by chemical X in indicated

concentration.

7. Colony formation assay
8505C cells (5%10° cells/well) were seeded in 6-well plates and treated with glutamine-
free medium, BPTES for 10 days. After washing with PBS twice, cells were fixed with



cold methanol at room temperature for 5 min and stained with crystal violet for 15 min.
After crystal violet was slowly washed with distilled water 5 times, the plates were air-
dried overnight. Then, each sample was added to 1 ml methanol and rotated for 20 min.
The optical density of each well was measured at 570 nm using a Multiskan GO
spectrophotometer (51119300, Thermo Fisher Scientific, Waltham, MA, USA).
8. Analysis of nuclear fragmentation by Hoechst 33342 staining
8505C cells (1x10° cells/well) grown on a chambered coverglass (154526, Thermo
Fisher Scientific, Waltham, MA, USA) were treated with glutamine free medium, BPTES,
and H»O, for 24 h. After staining with Hoechst 33342 solution for 10 min in a 37°C
incubator, cells were washed with PBS and fixed with 4% paraformaldehyde at room
temperature for 10 min. Fragmented cells were measured using fluorescence microscopy
(BX53F, OLYMPUS, Tokyo, Japan).
9. LDH assay
8505C (5x10° cells/well) seeded in a 96-well plate were treated with glutamine-free
medium or BPTES for the indicated times. Cell death was assessed based on the release of
LDH into the extracellular medium, which was measured using a Cytotoxicity Detection
Kit according to the manufacturer’s protocol (C20301, Thermo Fisher Scientific, Waltham,
MA, USA).
10. Real-time RT-PCR
RNA of 8505C cells was isolated using TRIzol reagent (15596018, Invitrogen, Waltham,
MA, USA). cDNA was synthesized using 1 ug total RNA and ImProm-II™ Reverse
Transcriptase (A3803, Promega, Madison, WI, USA). Real-time RT-PCR was performed
using TOP Real ™ gPCR 2X Pre-MIX (RT501S, Enzynomics, Daejeon, Korea) and
specific primers in a CFX Connect Real-Time PCR instrument (1855201, Bio-Rad,
Hercules, CA, USA). Gene expression was normalized to the 36B4 mRNA expression
levels.
The primer sequences for real-time RT-PCR are represented in Table. 1.

11. Immunoblot assays



Protein lysates were lysed in mammalian lysis buffer (25 mM Tris-HCI, pH 7.8, 150 mM
NaCl, 0.1% NP-40, 1 mM EDTA, 10% glycerol) supplemented with Xpert Protease
Inhibitor Cocktail Solution (P3100-001, GenDEPOT, Katy, TX, USA). Protein
concentrations were quantified using the Bio-Rad Protein Assay Kit (#5000006, Bio-Rad,
Hercules, CA, USA). Samples were separated by SDS-PAGE (8-10%) and transferred onto
nitrocellulose membrane (10600001, Amersham, Buckinghamshire, UK). Membranes were
blocked with 5% skim milk-Tris-0.1% Tween 20 for 30 min and incubated diluted
antibodies at 4°C overnight. After incubation with HRP-conjugated secondary antibodies
for 1 h at room temperature, immunoblot signals were detected using Clarity Western ECL
Substrate (BR1705061 and 1705062, Bio-Rad, Hercules, CA, USA). For gene silencing
with siCTRL or siATF4, the cells were transfected for 48 h with Lipofectamine™
RNAiIMAX Transfection Reagent according to the manufacturer’s protocol.

12. Cell cycle assay

8505C cells (1x10° cells/well) seeded in 12-well plates were treated with glutamine free
medium and BPTES for 24 h. Then, the cells were harvested and fixed with 70% ethanol
at 4°C for overnight. After washing with PBS, cells were incubated with PBS containing
0.1% Triton X-100, 20 ug/ml of Propidium lodide, 0.2 mg/ml of RNase A for 15 min at
37°C incubator. Analysis of cell cycle progression was performed using flow cytometry
(FACSVerse, BD Biosciences, Franklin Lakes, NJ, USA). Data analysis was conducted by
FlowlJo software (version 10.4.2).

13. Measurement of ROS and GSH contents

To measure intracellular ROS, 8505C cells (2x10° cells/well) were seeded in a 12-well
plate. After 24 h, the cells were treated with the indicated drugs; vehicle (DMSO), BPTES,
CBR-5884, lenvatinib and sorafenib for the indicated times. Then, the cells were stained
with H,DCFDA in 37°C incubator for 30 min. For mitochondrial ROS measurement,
8505C cells were stained with MitoSOX™ Red for 30 min at 37°C incubator. To determine
the total GSH content, 8505C cells were stained with mBBr for 10 min in a 37°C incubator.

Fluorescence intensity was quantified by flow cytometry (FACSVerse, BD Biosciences,



Franklin Lakes, NJ, USA) within 30 min, and the data were analyzed using FlowJo
software (version 10.4.2).
14. RNA sequencing
Total RNA samples of 8505C cells were duplicated, and processing was performed by
Macrogen Inc. (Seoul, Korea; www.macrogen.com). Library was constructed using the
TruSeq Stranded mRNA LT Sample Prep Kit (Illumina, San Diego, CA, USA) according
to the TruSeq Stranded mRNA Sample Preparation Guide (part #15031047 Rev. E). Next,
sequencing was performed following the NovaSeq 6000 System User Guide (Document
#1000000019358 v02). The sequence was qualified by FastQC (version 0.11.7), trimmed
by Trimmomatic (0.38), and mapped using the HISAT2 (version 2.1.0) program. We
assembled gene and transcript expression levels to read counts or fragments per kilobase
of transcript per million mapped reads (FPKM) using StringTie (version 2.1.3b). Trimmed
mean of M-value (TMM) normalization was performed to reduce systematic bias using
read count by the edgeR package library. Finally, the DEGs were estimated using edgeR.
15. ATAC sequencing
Total RNA samples of 8505C cells were duplicated, and processing was performed by
Macrogen Inc. (Seoul, Korea; www.macrogen.com). The sequence was qualified using
FastQC (version 0.11.7), trimmed using Trim Galore (version 0.5.0), and aligned using the
Bowtie2 (version 2.3.5.1) tool. Peak calling from alignment bam files was performed using
MACS?2 (version 2.1.1.20160309). Raw BAM files were normalized using the Galaxy tool
based on the hg38.blacklist.bed file. The total peak signals from the raw bed files are
depicted by ShinyCircos. Transcription start site or Functional elements peak signals were
analyzed from computeMatrix in Galaxy tool. These two open sources were acquired from
UCSC Genome Browser. The peak signals for each gene were visualized using GBiB tool.
16. Acquisition of scRNA-seq data
We obtained all the findings of single cell analysis from the GEO database. The SCRNA-
seq data consisting of thyrocytes from ATC (n=5) and PTC patients (n=7) were acquired
from GSE148673 and GSE184362 datasets respectively. ‘Seurat (version 4.3.0) and



‘DoubletFinder (version 2.0.3)’ packages in R software (version 4.1.3) were used for
SscRNA-seq data preprocessing. First, ScRNA-seq expression matrices were inserted into R
using ‘Read10X’. Quality control of each data was performed to filter out poor-quality cells
based on numbers of genes per cell (nFeature), whole number of read counts (nCount) and
the read counts percentage of mitochondrial genes per cell (percent_ MT). After eliminating
doublets using ‘doubletFinder v3’, the scRNA-seq data were normalized by the
‘LogNormalize’, and the top 2000 highly variable genes were identified using
‘FindVariableFeatures’. Integration of each data was performed using ‘IntegrateData’.
Information about quality control and percent of doublet are represented in Supplementary

Table. 2 in more detail.

17. Processing of the ScRNA-seq data

Cell cycle score of each single cell was calculated using ‘CellCycleScoring’ and
integrated data were regressed out to mitigate cell cycle heterogeneity on cell clustering.
PCA was utilized with the top fifteen PCA values for dividing clusters using ‘RunPCA’.
Total seven major cell types were annotated to each cluster according to marker gene
expression through ‘FindAllMarkers’. Cluster visualization was performed using UMAP
algorithm (resolution=0.15). ‘DotPlot’ was used to plot marker genes to identify each cell
cluster identity. ‘RunALRA’ were performed to recover missing values in cluster of
thyrocytes. ‘FeaturePlot” was used to compare several genes related to cancer type-specific

marker and one carbon metabolism between ATC and PTC.

18. Trajectory inference and pseudotime analysis based on TDS score

To distinguish ATC and PTC in Thyrocyte Cluster, we first calculated TDS score using
‘AddModuleScore’ and further investigated expression level of several genes. Next, we

assigned starting point of the pseudotime analysis based on TDS score using Monocle3
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(version 1.3.1) package. Scatter plot of one carbon metabolism genes was created using
‘FeatureScatter’ along TDS score and pseudotime from PTC to ATC.

11



Tablel. Sequences of primers used in real-time RT-PCR

Gene Direction (5’ to 3°) Sequences
F CTG CGG AAA GTG CTC ATC AGT
PHGDH
R TGG CAG AGC GAA CAA TAA GGC
F ATG TCT ATG CCC TAT AAG CTC AAC CC
SHMT2
R GCC GGAAAA GTC GAG CAGT
F AGG ACGAAT GTGTTT GGATCAG
MTHFD?2
R GGAATG CCAGTT CGCTTGATT A
F CTG CCTTCAAGC CGGTTCTT
MTHFDIL
R TTT CCT GCATCA AGT TGT CGT
F ACA GGA GCT TGG TCA GCT AAG
PSATI
R CAT GCA CCG TCT CAT TTG CG
F AGG AAA GGA GTG AAA AGT GTG GAT
SHMTI
R GAC ACC AGT GTC GCT CTG GAT CTG
F AGG ATG TGG ATG GAT TGA CTA GC
MTHFDI
R CCC TTA GGC GTA CAA GGA ATG
F CGT CCT CGT TGG AGT GAC A
m368B4 =

CGG TGC GTCAGG GAT TG

12



Table2. Quality control and percent of doublet for single cell analysis

Percent

Sample  GSM MT nFeature RNA nFeature RNA nCount RNA  Doublet

© *) ) *) (%)
ATC1 4476491 10 500 6000 1000 1.0
ATC2 4476492 10 300 4500 1000 2.5
ATC3 4476493 15 300 6000 1000 1.3
ATC4 4476494 10 500 6000 1000 1.0
ATCS5 4476495 10 500 6500 1000 2.5
PTC1 5585102 10 200 3500 1000 2.5
PTC2 5585104 10 200 1700 500 2.5
PTC3 5585107 10 200 2000 500 3.5
PTC4 5585112 10 200 3000 500 2.0
PTCS5 5585117 10 200 4000 500 4.5
PTC6 5585119 10 500 4000 500 4.5
PTC 7 5585121 10 200 2000 500 8.0
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III. RESULTS
1. ATC displays enhanced serine and one carbon metabolism dependency compared
to PTC
It is well known that PTC histologically progresses to ATC by dedifferentiation (27, 28).
To observe divergent characteristics associated with one carbon metabolism between ATC
and PTC, we compared levels of total eleven one carbon metabolism genes in human and
mouse datasets. mRNA levels of diverse one carbon metabolism-related genes such as
SHMT2, MTHFD2, PSATI and MTHFD! in ATC were higher than those in patients with
PTC. Tamoxifen-inducible TPO-creER;Braf¥¢®t/p537 transgenic mice showing ATC
features such as shortened survival and histologic morphology, also revealed high level of
one carbon metabolism genes including PHGDH, SHMT2, MTHFD2 compared to PTC
mice despite different tendency with human (Fig. 1A). In two GEO datasets, we identified
distinct pattern of one carbon metabolic process genes between ATC and PTC using
principal component analysis (Fig. 1B). We also confirmed several pathways including
amino acid activation, serine family amino acid biosynthetic and metabolic process of ATC
were enriched compared with PTC in human and mouse, suggesting ATC might increase
serine and one carbon metabolism dependency more than PTC (Fig. 1C). We next analyzed
correlation between one carbon metabolism genes and the average of total sixteen thyroid
differentiation score genes (hereafter TDS score), which represents thyroid function of PTC
and significantly declines in ATC (29). We identified average of total eleven one carbon
metabolism genes exhibited negative correlation with TDS score in human and mouse,
again supporting strong correlation between ATC and one carbon metabolism (Fig. 1D). To
further compare the vulnerability to serine synthesis reduction between ATC and PTC, we
observed ATC and PTC cell proliferation in condition that the same cell number and
concentration of CBR-5884 for 72 h. We confirmed that the ATC cell proliferation through
CBR-5884 was more decreased than PTC cell (Fig. 1E). Our data represent ATC might
intensify serine and one carbon metabolism availability during differentiation from PTC,

which is likely to contribute to defense mechanism against antitumor stress.
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Figure 1. One carbon metabolism in ATC is more active than PTC. A Bar graphs show
mRNA levels of one carbon metabolism-related genes in human and mouse GSE datasets
(GSE29265; ATC patients (n=9)/PTC patients (n=10), GSE55933; TPO-
creER;Braf¥®®/p53-- ATC mice (n=5)/TPO-creER;Braf'***® PTC mice (n=5)). B Principal
component analysis represents separation of one carbon metabolic process genes between
ATC and PTC. C GSEA plots show gene enrichment pattern of amino acid activation,
serine family amino acid biosynthetic and metabolic process were increased in human and
mouse ATC compared with PTC. D The average and several one carbon metabolism genes
(y-axis) show negative correlation with TDS score (x-axis) in human and mouse ATC. The
black lines indicate simple linear regression. E Two thyroid cancer cells were treated with
CBR-5884 (60 uM) for 72 h. Cell proliferation was measured by MTT. Data are expressed
as the mean S.D. Statistical comparisons were performed using two-tailed Student’s 7 test.

(*P <0.05; **P <0.01; ***P <0.001)
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2. One carbon metabolism may seem to be intensified according to evolutionary path
from PTC to ATC
To investigate possible transition of one carbon metabolism between ATC and PTC in
detail, we conducted single cell RNA sequencing (scRNA-seq) analysis to compare
expression level of one carbon metabolism genes in ATC and PTC patients GEO datasets.
After integrating other datasets including ATC and PTC patients respectively, we first
performed cluster annotation in total 75,356 cells including Thyrocyte with marker genes
TG, KRTI8; T cell with marker genes CD3E, CD3G; Fibroblast with marker genes ACTA2,
COLG6AI; Macrophage with marker genes LYZ, IL1B; Dendritic cell with marker genes
IRF4, IRFS; B cell with marker genes CD794, CD19; Endothelial cell with marker genes
CD93, CD34 (Fig. 2A-C). We next re-clustered total 24,728 thyrocyte cells and identified
previously reported CREB3LI, IGF2BPl, EMT-related markers SNAI2, TWISTI
upregulation and epithelial marker CDH1 downregulation in ATC cluster (Fig. 2D, E) (27,
30). Interestingly, expression level of total 11 one carbon metabolism-related genes was
significantly higher than those in PTC patients (Fig. 7F). These findings led us to
investigate evolutionary transition of one carbon metabolism from PTC to ATC progression
using trajectory inference and pseudotime analysis. Beforehand, we observed PTC-related
genes LGALS3, NPC2 and S100A413 were expressed along ATC cluster, suggesting that
origin of ATC may be partially derived from PTC (Fig. 2G) (27). We next performed
trajectory inference and pseudotime analysis, appointing the top of ATC and PTC cluster
area as root cells based on TDS score (Fig. 2H). Notably, our monocle3 analysis showed
expression level of the average and several one carbon metabolism-related genes increased
along pseudotime from PTC to ATC (Fig.2I-K). Based on intensified one carbon
metabolism in ATC, we explored fate determination role of one carbon metabolism in ATC
and PDTC patients with dedifferentiated and poorly differentiated aggressive thyroid
cancer. We identified enrichment of poor prognosis-related genes in one carbon metabolism
high groups (Fig. 2L). High group of one carbon metabolism genes exhibited inferior
outcome in thirty-five ATC and PDTC patients (Fig. 2M), implying that one carbon

18



metabolism might be associated with poor prognosis in aggressive thyroid cancer.
Collectively, our data suggest ATC might be evolved to employ one carbon metabolism
from PTC and this process is plays a pivotal role for tumorigenicity in aggressive thyroid

cancer.
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Figure 2. One carbon metabolism might be strengthened following evolution routes
from PTC to ATC. A Workflow diagram shows integration of patients with ATC (n=5)
and PTC (n=7) in sc-RNA seq analysis. B UMAP shows total clusters in integrated ATC
and PTC patients. C Dot plot shows dot size meaning the marker expression percentage of
cells and the color scale represents the average marker expression total clusters. D UMAP
of integrated thyrocytes show division of ATC and PTC clusters. E UMAP of integrated
thyrocytes represent markers for dividing ATC and PTC clusters (left). Heatmap shows the
expression level of left panel 5 genes. Color scale means expression level of each gene
(right). These five genes are statistically significant. (***P < 0.001) F UMAP of integrated
thyrocytes represent the comparison of total eleven one carbon metabolism-related genes
between ATC and PTC clusters (left). Heatmap shows the expression level of left panel 11
genes. Color scale indicates expression level of each gene (right). These 11 genes are
statistically significant. (***P < 0.001) G UMAP show expression level of PTC-related
genes. The orange color scale represents expression level of each gene. H UMAP of
integrated thyrocytes shows decreased TDS score. Blue scale indicates expression level in
TDS score genes. I Colored scale and gray line in UMAP of monocle3 analysis represent
the pseudotime and inferred trajectory respectively from PTC to ATC differentiation. J
Scatterplot of patients with ATC and PTC represents positive correlation between average
expression level of total eleven one carbon metabolism genes (y-axis) and pseudotime (x-
axis) in single cell level. K Average and several one carbon metabolism genes (y-axis) of
ATC and PTC patients show positive correlation with pseudotime (x-axis) in each patient
level. Black lines indicate simple linear regression. L. Heatmap exhibits one carbon
metabolism high groups had enrichment pattern of poor prognosis genes associated with
thyroid cancer. Color scale represents expression level of each gene. M Kaplan-Meier
survival curve shows the overall survival in aggressive thyroid cancer patients separated
by one carbon metabolism-related genes high (n=15) and low (n=15) groups. The dataset
of ATC and PTC patients is from GSE76039 (ATC (n=18)/PDTC patients (n=17)).

Statistical comparisons were performed using ‘FindMarkers’ in R software (E, F).
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3. Glutaminolysis was upregulated in patients with ATC
We identified glutamine concentration in total 9 thyroid cancer cell lines through Cancer
Cell Line Encyclopedia (CCLE) (31). We observed glutamine level in ATC cell lines was
higher than non-ATC groups, indicating that glutamine may be an important energy source
for ATC cell metabolism (Fig. 1A) (32). Using Gene Expression Omnibus (GEO) data, we
next compared gene expression levels associated with glutamine metabolism between
patients with ATC and normal subjects or poorly differentiated thyroid cancer (PDTC)
patients, who have an intermediate spectrum of differentiation leading to a longer survival
compared to ATC patients (33). Principal component analysis exhibited that patients with
ATC had distinct glutamine family amino acid metabolic process-related genes from
normal or patients with PDTC (Fig. 1B). Additionally, the expression of glutaminolysis-
related genes including GLS, GPT2, SLC1A45 was highly upregulated in patients with ATC
(Fig. 1C). Our data demonstrate patients with ATC have a high rate of glutaminolysis,

which may indicate a high dependency of ATC on glutamine.
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Figure 3. ATC patients exhibit glutaminolysis enhancement. A The bar graph shows
comparison of glutamine concentration between ATC and non-ATC cell lines as revealed
by CCLE metabolomic data. B Principal component analysis represents separation of
glutamine family amino acid metabolic process genes in GSE datasets (left : GSE29265;
ATC patients (n=9)/ normal subjects (n=20), middle : GSE65144; ATC patients (n=12)/
normal subjects (n=13), right : GSE76039; PDTC patients (n=16)/ATC patients (n=21)). C
Heatmap shows comparison of glutaminolysis-related genes. The groups are indicated in
(B). Color scale means each gene expression level. Statistical comparisons were performed

using two-tailed unpaired Student’s 7 test. (*P < 0.05)
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4. Inhibition of glutaminolysis compromises ATC cell proliferation

Based on positive correlation of ATC with glutaminolysis, we hypothesized aberrant
glutamine metabolism through glutamine deprivation or GLS1 inhibition through BPTES
could inhibit glutaminolysis in 8505C. When we first observed glutamine and glutamate
level using LC-MS metabolite analysis, glutamine deprivation significantly decreased
intracellular glutamine and BPTES had opposite effect. However, two approaches
consistently reduced glutamate level (Fig. 4A), suggesting that glutamine deprivation and
BPTES treatment are interchangeable in the case of glutaminolysis impairment (34, 35).
Glutamine metabolism inhibition with glutamine deprivation or BPTES markedly reduced
cell growth and the number of colonies stained with crystal violet (Fig. 4B, C). To
determine why inhibition of glutaminolysis reduces cell proliferation, we investigated cell
cycle progression (10, 36). While glutamine deprivation triggered cell cycle arrest by
reducing S-phase and enhancing Gl-phase fraction, BPTES arrested cell cycle by
increasing S-phase and G2/M-phase fraction (Fig. 4D). Our data represents compromised

glutaminolysis suppresses cell proliferation through cell cycle arrest in ATC.
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Figure 4. Inhibition of glutaminolysis impedes ATC cell proliferation. A Workflow
depicts sample processing and LC-MS analysis treated with glutamine deprivation medium
or BPTES (10 uM) for 72 h in 8505C. Heatmap shows peak area of intracellular glutamate
and glutamine in indicated groups. The scale means fold change of peak area of metabolite.
The images of workflow are acquired from MOTIFOLIO site. B Cells were treated with
glutamine deprivation or BPTES (10 uM) for 72 h. Cell proliferation was measured by
MTT. C Cells were treated with glutamine deprivation or BPTES (10 uM) for 10 days.
Colony formation was stained with crystal violet solution and dissolved in methanol for
quantification. D Cells were treated with glutamine deprivation or BPTES (10 uM) for 24
h. Cell cycle analysis was performed by Propidium lodide staining in flow cytometry (top).
Bar graph shows percentage of cells in each cell cycle fraction (bottom). Data are expressed
as the mean S.D. of three independent experiments (n=3). Statistical comparisons were
performed using two-tailed Student’s ¢ test. (*P < 0.05; **P < 0.01; ***P < 0.001; ns, not

significant)
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5. Glutaminolysis inhibition is not enough to trigger cell death in ATC

Considering that aberrant glutaminolysis impedes cell proliferation, we next identified
whether this cellular stress is accompanied by cell death. When we observed apoptosis
marker PARP-1 and caspase-3, cleaved form was not detected. LDH release also did not
show significant difference, suggesting that glutamine deprivation and BPTES do not elicit
death features in ATC (Fig. 5A, B). When we finally observed DNA fragmentation stained
with Hoechst 33342 under glutamine deprivation or BPTES treatment, cell nuclei were
intact (Fig. 5C). Altogether, our data represent that inhibition of glutaminolysis fails to
induce cell death and elicit significant DNA damage in ATC.
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Figure 5. Glutaminolysis inhibition is not enough to trigger cell death in ATC. A
Western blots show PARP-1, Caspase-3, B-actin treated with glutamine deprivation or
BPTES for 72 h in 8505C. The number left to the immunoblot images indicates the protein
size of the immunoband measured for this analysis. B Cells were treated with glutamine-
free medium or BPTES (10 uM) for 72 h. Cytotoxicity was measured by LDH assay. C
Cells were treated with glutamine deprivation or BPTES (10 uM) for 24 h respectively.
H>05 (10 uM) was used as a positive control. Randomly pictured numbers for quantifying
percentage of fragmented nuclei are 10. Scale bar = 20 um. Data are expressed as the mean
S.D. of three independent experiments (n=3). Statistical comparisons were performed using
using two-tailed Student’s t-test in B and ANOVA followed by Tukey’s multiple

comparison test in C. (***P < (.001; ns, not significant)
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6. Glutamine deprivation enhances one carbon metabolism in ATC

To identify this signaling pathway, we used differentially expressed genes (DEGs) from
cells cultured in glutamine-full and glutamine-free medium. We confirmed glutamine
deprivation induced distinct differences in one carbon metabolism-related pathways
contributing to tumorigenic effects in cancer cells (Fig. 6A) (24-26). Also, several
pathways-related to serine metabolism were enriched in glutamine-deprived cells based on
gene set enrichment analysis (GSEA) (Fig. 6B). To further identify gene expression level
associated with one carbon metabolism, we performed DEGs analysis and real-time RT-
PCR. Glutamine deprivation increased mitochondrial genes such as SHMT2, MTHFD?2,
MTHFDIL and de novo serine synthesis genes such as PHGDH, PSAT1, PSPH in cytosol.
In contrast, cytosolic genes such as SHMTI and MTHFD1 were downregulated (Fig. 6C).
Our mRNA and protein level of one carbon metabolism were consistent with DEGs (Fig.
6D, E). In conclusion, 8505C ATC cells upregulate one carbon metabolism under glutamine

deprivation-induced nutrient stress.
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Figure 6. Glutamine deprivation enhances one carbon metabolism in ATC. A KEGG
analysis of DEGs shows one carbon metabolism-related pathways were increased for 24 h
glutamine deprivation. B GSEA plots show gene enrichment pattern of glycine serine and
threonine metabolism, serine family amino acid biosynthetic and metabolic process were
increased for 24 h glutamine deprivation. C Volcano plot represents up and down of one

carbon metabolism-related genes for 24 h glutamine deprivation (|log2 FC|20.5 *P<0.05).
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D Cells were treated with glutamine deprivation for 24 h. SHMT2, MTHFD2, MTHFDIL,
PHGDH, PSATI, SHMTI, MTHFDI mRNA expressions were assessed by real-time RT-
PCR. E Western blots show PHGDH, SHMT2, MTHFD?2, B-actin expressions for 24 h
glutamine deprivation. The number left to the immunoblot images indicates the protein size
of the immunoband measured for this analysis. Data are expressed as the mean S.D. of
three independent experiments (n=3). Statistical comparisons were performed using two-

tailed Student’s ¢ test. (**P < 0.01; ***P <0.001)
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7. Glutamine deprivation stress promotes ATF4-mediated one carbon metabolism in
ATC
Next, we determined whether gene expression changes via glutamine deprivation are
associated with chromatin accessibility, as chromatin modification is a rapid, reversible
event that allows cells to adapt to environmental stress such as nutrient deprivation (37).
Based on Assays for Transposase Accessible Chromatin with high-throughput sequencing
(ATAC-Seq) data, we observed overall peak signals of chromosomes and confirmed no
significant change in differential peaks (Fig. 7A). However, glutamine deprivation
increased chromatin accessibility at the transcription start site and RefSeq functional
elements (Figure. 7B, C). When we next identified regions with modified chromatin
accessibility through gene ontology analysis, enrichment of biological processes associated
with one carbon metabolism were increased under glutamine deprivation stress (Fig. 7D).
ATF4 upregulates one carbon metabolism gene due to transcriptional dysregulation (38-
40). As we predicted ATF4 activity would increase in mRNA-seq analysis under glutamine
deprivation (Fig. 7E), we confirmed ATF4 activity under glutamine deprivation-induced
metabolic reprogramming in ATAC-Seq data. Consistent with Integrated Motif Activity
Response Analysis ISMARA), ATF4 was considered significant in 386 variables, and the
developmental score was increased in glutamine deprivation (Fig. 7F). We also observed
ATAC-Seq peaks for ATF4 and downstream factors such as PHGDH, SHMT?2, and
MTHFD2 were high in the absence of glutamine through Genome Browser in a Box (GBiB)
(Fig. 7G). Our in vitro experiment directly showed that enhanced one carbon metabolism-
related protein through glutamine deprivation was abrogated by genetic inhibition of ATF4
(Fig. 7H), indicating that ATF4 is a critical transcriptional regulator of one carbon
metabolism under glutamine deprivation in ATC cells. Our data demonstrate glutamine
deprivation upregulates one carbon metabolism pathway, which could be alternative

strategy to endure glutamine deprivation-induced metabolic changes in ATC cells.
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Figure 7. Glutamine deprivation enhances ATF4-mediated one carbon metabolism in
8505C ATC cells. A ShinyCircos graph depicts the genome-wide chromatin accessibility
on chromosomes in glutamine-full and glutamine-free medium cultured cells for 24 h. B
The Heatmap shows ATAC-Seq peaks on transcription start site aligned to their
centre £2 kb. Color intensity shows extent of chromatin accessibility. C Heatmap of
ATAC-Seq peaks based on RefSeq functional elements aligned to their centre + 2 kb. Cells
were treated with glutamine deprivation for 24 h. D Gene ontology analysis shows
enrichment of biological processes related to one carbon metabolism in glutamine
deprivation cells. p-value is based on the binomial test (*P < 0.05). E ISMARA motif
analysis shows significant activity change of 4A7F4 under glutamine-free medium cultured
cells for 24 h. Z-score means motif activity of ATF4. F ATF4 motif activity during
glutamine deprivation for 24 h was significantly upregulated as revealed by chromVAR. G
GBiB shows comparison of ATAC-Seq peak signals from indicated genes in glutamine-full
and glutamine-free medium cultured cells for 24 h. H Immunoblot assay of ATF4, PHGDH,
SHMT2, MTHFD2, B-actin in siCTRL and siATF4-transfected cells under glutamine
deprivation for 24 h. The number left to the immunoblot images indicates the protein size

of the immunoband measured for this analysis.
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8. Co-inhibition of glutaminolysis and one carbon metabolism compromises redox
balance by reducing GSH contents
Given that one carbon metabolism controls redox balance, which protects cancer cells
from growth arrest during diverse stresses (23, 41-43), we next studied one carbon
metabolism and its causal relationship with resistance to glutamine metabolism inhibition.
We first identified decreased levels of antioxidant-related DEGs such as CAT, TXNRD3,
and GPX4 (Fig. 8A). Total GSH levels stained with monobromobimane (mBBr) were
reduced in the inhibition of glutaminolysis, indicating that glutamine metabolism inhibition
only triggers oxidative stress (Fig. 8A, B). We next treated with PHGDH inhibitor CBR-
5884 to initiate one carbon metabolism and identified whether inhibition of one carbon
metabolism exerts additive effects on GSH decrease (44). CBR-5884 promoted total GSH
reduction with inhibition of glutamine metabolism (Fig. 8B). As reduced GSH level
triggers cellular ROS increase (45, 46), we compared intracellular ROS levels as revealed
by H.DCFDA staining. Inhibition of glutamine metabolism increased cellular ROS, which
was strongly accumulated by CBR-5884, suggesting the critical role of one carbon
metabolism in the regulation of redox balance (Fig. 8C). Since mitochondrial one carbon
metabolism including SHMT2, MTHFD2 and MTHFDIL were increased during glutamine
deprivation, we also observed mitochondrial ROS level (Fig. 6C, D). While inhibition of
glutaminolysis did not increase mitochondrial ROS, one carbon metabolism inhibition
increased mitochondrial ROS, which was aggravated upon glutamine and one carbon
metabolism inhibition (Fig. 8D). Altogether, our data demonstrate that combined inhibition
of glutaminolysis and one carbon metabolism induces ROS overload by decreasing

antioxidant level and GSH contents in ATC.
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Figure 8. Co-inhibition of glutaminolysis and one carbon metabolism compromises
redox balance by reducing GSH contents. A Heatmap shows decreased level of
antioxidant related genes during glutamine deprivation for 24 h in 8505C ATC cells
([FC[=1.4, *P < 0.05). Row Z-score represents transformed FPKM values. B Cells were
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treated with indicated groups (glutamine-free medium, BPTES, 10 uM; CBR-5884, 60 uM)
for 24 h. The bar graph shows detection of total GSH levels in indicated groups by mBBr
staining (10 uM) in flow cytometry. C Cells were treated with indicated groups (glutamine-
free medium; BPTES, 10 uM; CBR-5884, 60 uM) for 24 h. Bar graph shows intracellular
ROS level in indicated groups by H,DCFDA staining (10 uM) in flow cytometry.
Representative histograms are shown (left panel). D Cells were treated with indicated
groups (glutamine-free medium; BPTES, 10 uM; CBR-5884, 60 uM) for 24 h. Bar graph
shows mitochondrial ROS accumulation in indicated groups by MitoSOX™ Red staining

(5 uM) in flow cytometry. Representative plots are shown (upper panel).
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9. Co-inhibition of glutaminolysis and one carbon metabolism reduces cell
proliferation the most in ROS dependent manner
We identified co-inhibition of glutaminolysis and one carbon metabolism accumulates
ROS the most in ATC. To observe the relationship between ROS accumulation and cell
proliferation, we first conducted cell proliferation assay. Co-inhibition of glutamine and
one carbon metabolism blocked cell growth more than treated alone (Fig. 9A). This implies
that ATC cells employ one carbon metabolism pathway to endure metabolic stress from
glutamine metabolism inhibition. This compromised cell proliferation was consistently
represented in the one carbon metabolism inhibitors SHMT1/2 and MTHFD2 (Fig. 9B, C).
To confirm possible impairment of proliferation due to ROS overload, we treated cells with
antioxidant Trolox (47, 48). When Trolox reduced ROS levels, cell proliferation was
rescued in combination (BPTES + CBR-5884) treatment (Fig. 9D, E). Our data
demonstrate one carbon metabolism is a compensatory pathway to avoid glutamine
metabolism inhibition, and excessive ROS via glutamine and one carbon metabolism

inhibition is a key factor for blocking tumorigenesis.
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Figure 9. Co-inhibition of glutaminolysis and one carbon metabolism reduces cell
proliferation the most in ROS dependent manner. A Cells were treated with indicated
groups (glutamine-free medium; BPTES, 10 uM; CBR-5884, 60 uM) for 72 h. Cell
proliferation was measured by MTT. B Cells were treated with SHIN1 (20 uM) under
glutamine metabolism inhibition for 72 h. Cell proliferation was measured by MTT. C Cells
were treated with DS18561882 (60 uM) under glutamine metabolism inhibition for 72 h.
Cell proliferation was measured by MTT. D Cells were treated with indicated groups for
24 h (BPTES, 10 uM; CBR-5884, 60 uM; Trolox, 25 uM). The bar graph shows
intracellular ROS level in indicated groups by H,DCFDA staining (10 uM) in flow
cytometry. Representative histograms are shown (left panel). E Cells were treated with
indicated groups for 72 h (BPTES, 10 uM; CBR-5884, 60 uM; Trolox, 25 uM). Cell
proliferation was measured by MTT. Data are expressed as the mean S.D. of three
independent experiments (n=3). Statistical comparisons were performed using ANOVA
followed by Tukey’s multiple comparison test. (*P < 0.05; **P < 0.01; ***P < 0.001; ns,

not significant)

44



10. Glutaminolysis inhibtion only enhances chemotherapy efficacy in ATC

Based on our results that ROS overload disrupts cell tumorigenicity, we studied clinical
synergy of co-inhibitory pathways with lenvatinib and sorafenib, which block multi-
tyrosine kinases such as Vascular Endothelial Growth Factor Receptor (VEGFR) and
Platelet Derived Growth Factor Receptor (PDGFR) in patients with ATC (2, 3). First, ICs
values of two drugs were calculated (Fig. 10A, C) and confirmed the inhibition of
glutaminolysis only increases drug efficacy (Fig. 10B, D). Additionally, glutamine
metabolism inhibition contributed to additive effect of drug-induced ROS accumulation
(Fig. 10E, F). Our data show that glutaminolysis impairment only enhances drug efficacy

in terms of cell viability inhibition and ROS overburden.
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Figure 10. Glutaminolysis inhibtion only enhances chemotherapy efficacy in ATC. A,
C Cells were treated with lenvatinib or sorafenib in a dose-range 1-100 uM for 48 h. ICs
value of lenvatinib was calculated using GraphPad Prism 9 software. B Cells were treated
with indicated groups (glutamine-free medium; lenvatinib, 50 uM; sorafenib, 10 uM;
BPTES, 10 uM) for 48 h. Cell viability was measured by MTT. D Cells were treated with
indicated groups (glutamine-free medium; sorafenib, 10 uM; BPTES, 10 uM) for 48 h. Cell
viability was measured by MTT. E Cells were treated with indicated groups (glutamine-
free medium; lenvatinib, 50 uM; BPTES, 10 uM) for 9 h. Bar graph shows intracellular
ROS level in indicated groups by H,DCFDA staining (10 uM) in flow cytometry.
Representative histograms are shown (left panel). F Cells were treated with indicated
groups (glutamine-free medium; sorafenib, 10 uM, BPTES; 10 uM) for 9 h. Bar graph
shows intracellular ROS level in indicated groups by H.DCFDA staining (10 uM) in flow
cytometry. Representative histograms are represented (left panel). Data are expressed as
the mean S.D. of three independent experiments (n=3). Statistical comparisons were
performed using ANOVA followed by Tukey’s multiple comparison test. (¥*P <0.01; ***P
<0.001)
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11. Co-inhibition of glutaminolysis and one carbon metabolism synergistically
increases chemotherapy efficacy in ATC
To identify whether co-inhibition of glutaminolysis and one carbon metabolism enhances
chemotherapy efficacy more than glutaminolysis inhibition only, we treated with
combination with lenvatinib and sorafenib in 8505C ATC cells. We observed co-inhibition
of glutamine and one carbon metabolism most strongly suppressed cell viability and
enhanced ROS levels after treatment with chemotherapeutic agents (Fig. 11A-D). To
demonstrate that this concept of triple inhibition indeed exerts synergistic effect on cell
death, we employed Highest single agent (HSA) and Bliss reference model. We showed
that multi-drug combinations elicited synergy effect in lenvatinib and sorafenib-treated
ATC cells (Fig. 11E). In conclusion, our data imply combined targeting of glutaminolysis
and one carbon metabolism could be efficient in enhancing chemotherapy efficacy by

accumulating ROS for ATC.
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Figure 11. Co-inhibition of glutaminolysis and one carbon metabolism synergistically
increases chemotherapy efficacy in ATC. A Cells were treated with indicated groups
(glutamine-free medium; Lenvatinib, 50 uM; BPTES, 10 uM; CBR-5884, 60 uM) for 48 h.
Cell viability was measured by MTT. B Cells were treated with indicated groups
(glutamine-free medium, Lenvatinib, 50 uM; BPTES, 10 uM; CBR-5884, 60 uM) for 9 h.
Bar graph shows intracellular ROS level in indicated groups by HDCFDA staining (10
uM) in flow cytometry. Representative histograms are shown (left panel). C Cells were
treated with indicated groups (glutamine-free medium; sorafenib, 10 uM; BPTES, 10 uM;
CBR-5884, 60 uM) for 48 h. Cell viability was measured by MTT. D Cells were treated
with indicated groups (glutamine-free medium; sorafenib, 10 uM; BPTES, 10 uM; CBR-
5884, 60 uM) for 9 h. Bar graph shows intracellular ROS level in indicated groups by
H>DCFDA staining (10 uM) in flow cytometry. Representative histograms are shown (left
panel). E Cells were treated with indicated single drug (lenvatinib, 50 uM; sorafenib; 10
uM; BPTES, 10 uM; CBR-5884, 60 uM) for 48 h. The synergistic effects of multiple drugs
were confirmed using HSA and Bliss model. Data are expressed as the mean S.D. of three
independent experiments (n=3). Statistical comparisons were performed using ANOVA
followed by Tukey’s multiple comparison test. (*P < 0.05; **P < 0.01; ***P < 0.001; ns,

not significant)
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IV. DISCUSSION

Despite many candidate drugs continuously show chemotherapeutic possibilities,
establishing proper targeted therapy remain unclarified on account of molecular drivers for
tumorigenesis and high rate of metastasis in ATC patients (2, 49, 50). Inmunotherapy has
recently arisen in the treatment of ATC such as spartalizaumab and pembrolizumab targeting
PD-1 and PD-L1 interaction. Nonetheless, limitations to immunotherapy showing
discouraging results with chemotherapy and expensive cost lead to other strategy for
overcoming ATC pathogenesis (51-53). Therefore, scrutinizing molecular details to
improve in prognosis of ATC patients is indispensable.

It was reported that PTC patients had a high expression of glycine and serine
metabolism-related proteins such as PHGDH, PSAT1, PSPH and SHMT1 (54, 55). In our
analysis to study one carbon metabolism process between ATC and PTC, we observed one
carbon metabolism-related genes and serine family amino acid process in ATC were higher
compared with PTC, which led us to hypothesize that evolutionary transition might
provoke enhancement of one carbon metabolism in ATC. Indeed, single cell analysis
showed expression level of one carbon metabolism-related genes in ATC cluster was higher
more than PTC. Furthermore, pseudotime inference analysis based on TDS score exhibited
the increase of average and several one carbon metabolism genes along the pseudotime
from PTC to ATC. In ATC and PDTC groups with inferior prognosis compared with well-
differentiated PTC, we confirmed one carbon metabolism contributes to poor outcome in
aggressive thyroid cancer patients.

ATC shows higher metabolic activity compared with other thyroid cancers. Additionally,
level of GLS1 and GDH is the highest in ATC among patients with thyroid cancer, we
thought glutaminolysis impairment might trigger significant damage, leading to cell death
(7, 56). In publicly available CCLE and GEO datasets, we identified level of glutamine was
significantly high among other cancer types and ATC was especially higher compared to
non-ATC thyroid cell types (31). Patients with ATC also had a higher expression of

glutaminolysis-related genes than normal subjects or patients with PDTC.
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However, we observed one carbon metabolism serves as an endurable strategy to
compensate for rapid turnover of 8505C under glutamine metabolism inhibition. There are
several mechanisms by which cancer cells synthesize serine, a major donor of one carbon
metabolism under diverse environmental stresses. They tend to acquire serine via uptake
through transporters, glycolysis, autophagy activation, and others (23, 26, 57, 58).
Therefore, it is necessary to investigate the main pathway driving serine synthesis under
our experimental conditions. We also observed decrease in the mRNA levels of SHMTI
and MTHFDI, similar with previous papers. These proteins consume formate to entail
several tumorigenic pathways in the cytosol. Therefore, direct role of formate, a byproduct

of one carbon metabolism, on cell fate needs to be studied (57, 59, 60).

Since cancer cells undergo metabolic reprogramming to adapt to nutrient changes, many
investigations targeting cancer cell metabolism have been reported (16, 61, 62). Metabolic
adaptation is usually achieved through changes in gene expression. This event occurs
through epigenetic modification, which represents a rapid and reversible response and
involves diverse enzymes including histone (de)methylases, (de)acetylases, and DNA.
Indeed, genes on- and off-systems are rapidly controlled by dynamically changing
chromatin architecture in response to nutrient stress (63, 64). Our bioinformatic data
analysis showed glutamine deprivation increased the transcription start site and RefSeq
functional element peak, which suggests an elevation of transcription factor activity via
chromatin opening. We confirmed ATF4 levels were notably increased, and one carbon

metabolism was positively controlled through ATF4 in the genetic inhibition experiment.

GSH is a predominant enzyme protecting cancer cells from oxidative stress (45, 46). We
observed inhibition of glutamine metabolism decreased total GSH contents. Many
signaling pathways involving NADPH production such as pentose phosphate pathway
(PPP), and one carbon metabolism synthesize GSH in cancer cells (43, 65). Previous
studies showed effect of glutamine deprivation on PPP deactivation in cancer and ROS

increase during PPP inhibition in thyroid cancer (10, 66, 67). We accordingly consider the
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possibility that PPP is deactivated and thereby GSH contents are decreased upon glutamine
deprivation despite our observation that one carbon metabolism is responsible for GSH loss.
Based on predominant antioxidant function of GSH, we hypothesized GSH content loss is
responsible for significant ROS accumulation in glutamine and one carbon metabolism. We
also demonstrated ROS is directly involved in cell proliferation following Trolox treatment.
Our results were consistent with those of previously reported other cancer types such as
glioblastoma or leukemia (22, 23).

Lenvatinib and sorafenib are chemotherapeutic reagents targeting multi-tyrosine kinases
for ATC. Several clinical studies have reported monotherapy with a multi-tyrosine kinase
inhibitor is not recommended for mild effects in patients with ATC (68, 69). Recently, many
investigations have shown combination treatment with these drugs is more effective than
drug monotherapy for ATC (70-73). We also showed co-inhibition of glutamine and one
carbon metabolism increased the efficacy of lenvatinib and sorafenib. In addition,
combinational inhibition of glutamine and one carbon metabolism synergistically induced
ROS accumulation, which might contribute to tumor suppression with chemotherapy
reagents. Despite the lack of reported cases in patients with ATC, glutamine levels in most
cancers gradually decrease with increasing distance from a blood vessel, indicating
possible occurrence of one carbon metabolism activation in the central tumor
microenvironment (23, 74). Thus, our concept of co-inhibition of glutamine and one carbon
metabolism may contribute to the development of a therapeutic strategy for ATC.

It was reported that PTC patients had a high expression of glycine and serine
metabolism-related proteins such as PHGDH, PSAT1, PSPH and SHMT1. In conclusion,
our study represent ATC might increase availability of one carbon metabolism leading to

escape from diverse stresses such as metabolic stress and anticancer drug.
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V. CONCLUSION

In this study, data show that one carbon metabolism was gradually more active during
progression from PTC to ATC and acts as alternative strategy against glutamine deprivation
stress. A In glutamine rich status, cells use glutamine as a metabolite for cell growth.
glutamine is recruited to tricarboxylic acid cycle, which controls antioxidant genes
including GSH and supply diverse nutrients to cells. B In glutamine metabolism inhibition
via glutamine deprivation or BPTES treatment, antioxidant-related genes including GSH
decrease leading to redox imbalance. Nonetheless, ATF4-dependent one carbon
metabolism makes redox imbalance mild and acts as an alternative strategy to tolerate to
glutamine metabolism inhibition stress. C In co-inhibition of two pathways, excessive ROS
aggravates the severity of anti-proliferation. it can increase lenvatinib and sorafenib-
induced cell death through oxidative stress in 8505 ATC cells. The image of thyroid gland
is acquired from MOTIFOLIO site.
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PART2. One carbon metabolism promotes immunosuppressive molecular
signatures of inflammatory cancer-associated fibroblasts to drive epithelial-
mesenchymal transition in colorectal cancer.

Yeseong Hwang

Department of Medical Science
The Graduate School, Yonsei University

(Directed by Professor Sungsoon Fang)

I. INTRODUCTION

Colorectal cancer (CRC) is the third most common cancer type with second leading
causes of cancer-associated inferior prognosis worldwide. Although numerous treatments
including surgical resection, chemotherapy, radiation strategies are currently applied to
CRC patients, new treatment options are still needed to enhance efficiency of therapy and
safety (75, 76). Patients with CRC commonly develop liver or lung metastasis accompanied
by epithelial-mesenchymal transition (EMT). EMT plays an important role in tumor
development during which epithelial cells are switched into mesenchymal cells leading to
migration and invasion. During EMT, diverse types of cells around the tumor including
fibroblast, endothelial cells, and immune cells secrete several growth factors and cytokines,
so that they contribute to tumor metastasis (77-80). Therefore, scrutinizing the mutual
communication in tumor microenvironment (TME) components is very important for
metastasis suppression in CRC patients.

Cancer-associated fibroblasts (CAFs) is the most abundant component in TME. They
usually form extracellular matrix (ECM) and grow rapidly than normal fibroblasts. They
are involved in oncogenic signaling such as immunosuppression, metabolic

reprogramming, and promotion of metastatic cascades (81-83). CAFs are principally
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divided into two types: inflammatory CAFs (iCAFs) and myofibroblastic CAFs (myCAFs).
iCAFs are histologically distal to TGF-B producing tumor and mainly activated by IL-1a
(81). They have high expression of cytokines and growth factors such as IL-6, CXCLs,
VEGFs, and FGFs and secrete them around the TME components. These cytokines trigger
diverse signals including immune cell recruitment, EMT, and IL-6/JAK/STAT signaling
(81, 84-86). MyCAFs exhibit direct contact with tumor and are mainly activated by TGF-
B/SMAD2/SMAD?3. They upregulate myogenesis, collagen formation, ECM organization,
and focal adhesion (81, 84, 87). All two types of CAFs elicit tumor-promoting and
suppressing effects respectively depending on cancer types and cellular conditions. While
iCAFs expressing high level of osteoglycin reduces EMT and subsequent favorable
outcome in pancreatic adenocarcinoma, iCAFs enhances cytokines secretion such as
CXCL1, 2 leading to radiotherapy resistance (88-91). In the case of myCAFs, type 1
collagen expressing myCAFs restrain tumor progression by mechanically suppressing
tumor spread in pancreatic ductal adenocarcinoma and CRC. However, myCAFs
expressing ACTA2 accelerate aggressive phenotype of tumors by reducing chemotherapy
response in pancreatic ductal adenocarcinoma (86, 92). Thus, investigating CAFs
pathophysiology in accordance with TME is very important for improving therapy response
and survival rate in cancer.

Recently, single cell analysis technique reveal that CAFs are dramatically heterogeneous
and have plastic systems. For example, many types of CAFs such as antigen presenting
CAFs, adipogenic CAFs, tumor-associated macrophage CAFs, and endothelial CAFs were
annotated by specific gene markers. Pseudotime trajectory inference also showed CAFs
origin can be diverse TME components and switched each other depending on cancer types
and cellular contexts: iCAFs to myCAFs or vice versa. Likewise, single cell analysis
provided clues to understand CAFs heterogeneity including their origin and biological
features (93-96).

One carbon metabolism is important physiological process for tumorigenicity in many

types of cancers. Serine, a major donor of one carbon metabolism, is directly into tumor
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cells by serine uptake transporters or synthesized from glycolysis or gluconeogenesis-
derived 3P (26). Serine is involved in GSH synthesis to reduce oxidative stress through
SHMT2, MTHFD2, and MTHFD1L in mitochondria. It also contributes to purine and DNA
synthesis through MTHFDI, TYMS etc in cytosol, which provide energies for tumor
progression (24, 25). CRC patients with one carbon metabolism high genes such as
PHGDH, ATIC and SUCLG? also exhibit inferior prognosis (97, 98). In addition, dietary
methionine restriction for one carbon metabolism inhibition, which compromise nucleotide
synthesis and redox balance, also sensitizes CRC to 5-fluorouracil chemotherapy in PDX
mouse models (99). Nonetheless, the role of one carbon metabolism in TME is sparsely
deciphered compared to many studies about modulation of one carbon metabolism in tumor
cells. Here, we found that iCAFs phenotype is predominant in one carbon metabolism high
fibroblast (OHF) compared to one carbon metabolism low fibroblast (OLF) cluster, which
mainly secrete CXCLI2 leading to EMT promotion in patients with CRC. Also,
CXCL12/CXCR4 signaling was strongly appeared in T cell and macrophage, which might
induce immunosuppressive effects leading to enhanced EMT process. Our findings
demonstrate inhibiting one carbon metabolic process by targeting iCAFs could exert anti-

tumorigenic potential in patients with CRC.
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II. MATERIALS AND METHODS
1. Acquisition of scRNA-seq data

We acquired all the single cell RNA-seq data of CRC patients from the Gene Expression
Omnibus (GEO) database. The GEO accession number is GSE144735. ‘Seurat (version
4.3.0)’ package in R software (version 4.1.3) was used for scRNA-seq data preprocessing.
First, we imported ‘preprocessed scRNA-seq expression matrix tsv file’ into R. The
SCRNA-seq data were normalized by the ‘NormalizeData’, and the top 2000 highly variable
genes were confirmed using ‘FindVariableFeatures’. Integration of each data was

conducted using ‘IntegrateData’.

2. Processing of the scRNA-seq data

Principal Component Assay was performed for discriminating clusters for using
‘RunPCA’. Next, annotation was conducted based on marker gene expression through
‘FindAllMarkers’ in total 14 major cell types. The annotated clusters were visualized using
UMAP algorithm (resolution=0.4). Expression of marker genes in each cell cluster identity
was represented in ‘DotPlot’. ‘FeaturePlot’ was used to compare several genes associated

with one carbon metabolism in fibroblast clusters.

3. Measuring DEGs between OHF and OLF group

We performed subclustering analysis after dividing fibroblast clusters into OHF and
OLF using ‘Renameldents’. ‘FindMarkers’ were used to extract DEGs with logFC value
higher than 0.25. We used EnrichR web-based tool to confirm top ten transcription factor
associated with upregulated DEGs in OHF group. To perform protein-protein interaction
network analysis using upregulated DEGs in OHF group, we used STRING web-based tool
and Cytoscape. After adjusting the cutoff value for combined score being 0.9 in STRING,
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image was edited in Cytoscape. We employed ‘DoROtheEA (version 1.6.0)’ to compare
the activity of TF-related to EMT.

4. ssGSEA analysis

R package ‘escape (version 1.4.0)’ analysis was employed to compare pathway
enrichment between OHF and OLF group according to the developer’s vignette. The
molecular signature database of hallmark, keg, and gobp was from ‘MSigDB’.

‘stat_compare_means’ was used to identify p-values and significance level.

5. CellChat analysis

R package CellChat (version 1.6.1) was used to explore cell-cell communication
between fibroblast and other cell types according to the developer’s vignette. Incoming and
outcoming signal of CXCL were visualized in Chord diagram using ‘netVisual chord_cell’.
Infering the outgoing signal of CXCL from fibroblast to other cells were confirmed using
“netVisual bubble”.

6. Trajectory inference and pseudotime analysis

Based on CREB3L1 expression, we assigned ‘C9’ as starting point and further investigated
correlation between pseudotime and expression level of iICAF/myCAF-related genes
through ‘FeatureScatter’ in Monocle3 (version 1.3.1). The iCAFs signature and EMT score

values were calculated using ‘AddModuleScore’.

7. Visium spatial transcriptomics
We used publicly available gene-spot matrices of 3 CRC patients which were processed ST
data from ST and Visium samples. The GEO accession number is GSE226997. The data
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were analyzed with the ‘Seurat (version 4.3.0)’ package in R. First, we imported ‘tissue
image png file’ into R using ‘Read10X Image’. We also imported ‘preprocessed ST data
matrix h5 file’ into R using ‘Loadl10X_Spatial’. The ST data were normalized by the
‘NormalizeData’, and the top 2000 highly variable genes were identified using
‘Find VariableFeatures’. Next, PCA was performed for dividing clusters for using ‘RunPCA’
and made nearest neighbors for graph clustering using ‘FindNeighbors’. We acquired cell
subtypes using ‘FindClusters’ (resolution = 0.5) and confirmed expression matrix using
‘RunUMAP’. Signature scoring of iCAFs signature, EMT score was acquired with the
‘AddModuleScore’.  Spatial feature expression plots were acquired using
‘SpatialFeaturePlot’. Based on SPARC expression level, we identified fibroblast cluster and
confirmed correlation between iCAFs signature and EMT score using ‘FeatureScatter’.

8. Data sources of expression data and CCLE metabolomics
Total two gene expression datasets for comparing one carbon metabolic process between
tumor and normal subjects were retrieved from GSE20916 and GSE81558. The dataset for
observing expression level of iCAFs and EMT genes in patients with liver metastasis was
acquired from GSE41258. CPTAC protein database was acquired from
https://linkedomics.org/data_download/CPTAC-COAD/. CCLE metabolomics data for
identifying serine concentrations in diverse cancer types were obtained from
https://sites.broadinstitute.org/ccle.

9. Overall survival analysis
All the survival data represented here except for CRC patients with stage 3 and 4 were
acquired from cSurvival platform. After selecting TCGA-COAD, we used ‘mode of
analysis’ function to identify survival rate according to average expression of multiple
genes. Also, we performed survival analysis through REACTOME or GOBP pathway using
‘select database’ function. Survival data of CRC patients with stage 3 and 4 were retrieved
from Kaplan-Meier Plotter. All the survival graphs were edited from Prism9.

10. Cell culture and treatment
DLD1, HCT-15, HCT-116, HT29, LOVO, and SW480 were obtained from KLCB (Korean
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Cell Line Bank, Seoul, Korea). The cells were grown in RPMI-1640 medium (10-013-CV,
Corning, NY, USA)-1% penicillin-streptomycin (15140122, Gibco, Waltham, MA, USA)
supplemented with 10% fetal bovine serum (35-015-CV, Corning, NY, USA). Cells were
tested for mycoplasma elimination using a Plasmocin solution (ant-mpt, Invivogen, San
Diego, CA, USA). For in vitro treatment, following concentration was employed: CBR-
5884 (HY-100012, MedChemExpress, Monmouth, Oregon, USA), 60 uM.
11. Cell proliferation assay

All the cells (3x10° cells/well) were seeded in 96-well plates for proliferation. Cells were
treated with DMSO or CBR-5884 for 72 h. Cells were incubated for 1 h in a 37°C incubator
after addition of 10 pl of CCK-8 solution (Dojindo Laboratories, Kumamoto, Japan) and
the absorbance was measured at 450 nm using a Multiskan GO spectrophotometer

(51119300, Thermo Fisher Scientific, Waltham, MA, USA).
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Tablel. Clinical information of CRC patients in single cell analysis

Sample  GSM Stage Region Pathologic
CRC1 4476491 1IB Caecum Global moderately differentiated adenocarcinoma

Moderately differentiated adenocarcinoma non-
CRC2 4476492 1IIB  Rectosigmoid

neoplastic adjacent tissues

CRC3 4476493 1IVA Sigmoid Moderately differentiated adenocarcinoma
CRC4 4476494 1IA Sigmoid Moderately differentiated adenocarcinoma
CRCS5 4476495 1IA Ascending Moderately differentiated adenocarcinoma
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III. RESULTS
1. One carbon metabolism is significantly upregulated in patients with CRC
We first confirmed serine concentration, a major donor of one carbon metabolism, in

diverse cancer types using the Cancer Cell Line Encyclopedia (CCLE). Intestinal cell lines
showed high level of intracellular serine (Fig. 1A). In two Gene Expression Omnibus (GEO)
datasets, CRC patients and normal subjects exhibited distinct difference of one carbon
metabolic process (Fig. 1B). Principal component analysis also showed separated pattern
of one carbon metabolic genes (Fig. 1C). Patients with CRC also had high level of serine
de novo biosynthesis genes including PHGDH, PSATI, PSPH (Fig. 1D, E), indicating the
possibility that patients with CRC might have activation of one carbon metabolism
compared to normal subjects. PHGDH had positive correlation with PSAT1 and PSPH in
the gene and protein level (Fig. 1F, G). Considering that CRC might be dependent on one
carbon metabolism for tumor progression, we confirmed that one carbon metabolism
inhibition indeed suppresses proliferation in CRC cell lines. When we treated with CBR-
5884 to inhibit PHGDH, the initiating enzyme for one carbon metabolism, cell proliferation
was significantly reduced in diverse CRC cell lines (Fig. 1H). cSurvival also showed serine
biosynthesis and PHGDH/PSATI high group patients exhibit poor prognosis in CRC (Fig.
11). Altogether, our data demonstrate that possible involvement of one carbon metabolism

in patients with CRC tumorigenesis.

64



A B
—_ 7_
2 ?f‘ %5 One carbon metabolic process
5 =
—_ g S,
=] ) g
g : Setl
< =
= -
Bl
&
4 T T T T T T T T T T T T T T T T T Selz
T 3L EgE Y 35382 8 5%
g = 5 & £ 8 =2 43 B £ E E F 8 E =&
E B2 = £ < = = o= 2 = £ 2 g 0 1 B 3
<‘5 = 2 @ u% R £ ﬁ -logiop-value
-
2
5
=1
g
=
E
5
==}
C D
One carbon metabolic process 204 Setl 15 Set2
Setl Set2 7 TOPEEE
® Tumor @ Normal ® Tumor @ Normal 2 P
2.0 T 5 - 2 1.54 P
. . N % 1.0 1 l
ES =2
) 5 23 . Z 101 .
o So0f &= 2
= o th Z 0.5 1
g 3] .. E 051 *
R & =25 * . = B Tumor B Tumor
. ., mm Normal mm Normal
40 h—t—— 0.0 - 0.0 —
5.0 -25 0.0 25 5.0 5.0-2500 235 B F T £ F
PC1 (43.5%) PCI1 (34.7%) 8 3 & g = &
&, 2 & [
= =
Y Co
E F
mm Tumor mm Normal
~ PHGDH PSATI PSPH
+ g4 F ¥ ] —_ ) — e .
- =+ 6 - - ~ p=dell |
z v j ! Z R=03% . ;.
£ 6 T m 31 £ “ :
] ; = 41 g
= 4 4 VT 3 ' T E/ < 4
= 1 -
220 11 [ TR |2 T | E° "
4 - [l 1 ol o . ~
£0- 04 - 0+ —————— :
& 12345678 12345678

(]

PSAT! (log2TMT ratio)
PSPH (log2TMT ratio)

-3
PHGDH (logTMT ratio)

PHGDH (log:TMT ratio)

65

PHGDH (log:TPM)

PHGDH (log:TPM)



— DMS0O = CBR-5884

g 1.0y pLD1 £ L0y HOT-15 g 087 HCT-116
£ g8 £ g08 £ Zos
S 06 Z 06 _£504
T R04 Z 504 e 230 e
= S02 i Tt 80 - e .
S * 3 00 3700
0 24 48 T 2448 M2 0 24 48 T2
Time (h) Time (h) Time (h)
g 15 E _%Sicovo 5
5 E 5 E04 5
5§ 1.0 5 Soaa 5
Sz =203 o =
50N * % =R 0.2 w0k )
i) B0 g
=8% ' =20 * =
) o 2
“ 00 00 “ooo
0 24 48 72 0 24 48 72 0 24 48 72
Time (h) Time (h) Time (h)
I
- 100 —High (n=202) 100 —High (n=121)
E 20 — Low (n=202) E 20 — Low (n=283)
5 <0 p=0.0371 5 p=0.0091
z =
3 40 B 40
£ 59 REACTOME £ 20
Serine biosynthesis PHGDH/PSAT]
(U 0+
0 100020003000 4000 5000 0 100020003000 4000 5000
Days) (Days)

Figure. 1 One carbon metabolism is significantly upregulated in patients with CRC.
A Dot graph shows serine concentration of diverse cancer types using CCLE metabolomic
data. B The bar graph shows significant difference of one carbon metabolic process
between patients with CRC and normal subjects in two GSE datasets (GSE20916; normal
subjects (n=24)/CRC patients (n=36), GSE81558; normal subjects (n=9)/CRC patients
(n=23)). Setl and 2 are GSE 20916 and 81558 respectively. GSEA analysis was performed
with DAVID. C Principal component analysis shows separation of one carbon metabolic
process genes in GSE datasets. D Bar graphs show mRNA levels of serine de novo
biosynthesis genes including PHGDH, PSATI, and PSPH in GSE datasets. E Gene
expression analysis associated with serine de novo biosynthesis genes was performed with
GEPIA2 in CRC (n=275) and normal subjects tissues (n=349) from TCGA and GTEx.

(|log2 FC|20.5 P <0.05). F Expression correlation analysis of serine de novo biosynthesis

genes was performed with GEPIA2 in CRC tissues from TCGA. Pearson correlation
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coefficient was used. G Correlation analysis showed positive correlation of PSAT1/PSPH
protein level with that of PHGDH in TCGA-COAD using CPTAC database. The number
of patients in PHGDH/PSAT1 and PHGDH/PSPH are 97 and 82 respectively. H CRC cells
were treated with CBR5884 (60 uM) for PHGDH inhibition for 72 h. Cell proliferation was
measured by CCK-8. I Kaplan-Meier survival curves of the serine biosynthesis and
PHGDH/PSATI high group showed inferior outcomes compared to low group in TCGA-
COAD from cSurvival platform. Data are expressed as the mean S.D. of three independent
experiments (n=3). Statistical comparisons were performed using two-tailed

Student’s ¢ test. (*P < 0.05; **P < 0.01; ***P <0.001)
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2. Single cell analysis of patients with CRC

To observe the role of one carbon metabolic process in the level of tumor
microenvironment, we performed single cell RNA sequencing (scRNA-seq) analysis of
patients with CRC using GEO datasets (Fig. 2A). During analysis total of 8,179 cells, we
identified total of 7 cell types including T cell (21.3%) with marker genes CD3D, CD3E;
B cell (10.2%) with marker genes MS4A41, CD79B; Fibroblast (22.1%) with marker genes
ACTA2, COL1A1; Epithelial cell (29.6%) with marker genes EPCAM, KRT18; Endothelial
cell (7.9%) with marker genes VWF, PECAMI; Macrophage (6.5%) with marker genes
CD68, LYZ; Plasma cell (2.4%) with marker genes MZB1, JCHAIN (Fig. 2B-D). Patients
with CRC also showed different percentage of cell types respectively, indicating that cell
heterogeneity is dominant feature of patients with CRC (Fig. 2D). We next identified the
enrichment score of one carbon metabolic process in total cluster using single sample gene
set enrichment analysis (ssGSEA). Enrichment score of one carbon metabolic process in
fibroblast was third among all clusters (Fig. 2E). Additionally, we observed total 20 one
carbon metabolism-related genes were mainly expressed in epithelial cell and fibroblast
clusters as represented in Venn diagram (Fig. 2F). Based on cancer-associated fibroblasts
(CAFs) are the most abundant in TME components and important player for tumorigenicity
in CRC (100-102), we next extracted subsets of fibroblast and observed gene expression

pattern of total 15 one carbon metabolism in fibroblast cluster more detail (Fig. 2G).
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Figure 2. Single cell analysis of patients with CRC. A Workflow diagram shows single
cell RNA sequencing of 5 CRC and subsequent analytical methods. B The dimensional
reduction is conducted with UMAP. Each dot means a cell and colored by major cell types.
C Dot plot represents canonical marker genes (rows) across major cell types (columns). D
Pie graph shows the proportion of major cell types in total 5 CRC patients and and the
heterogeneity of cell distribution in each patient. E Venn diagram shows the enrichment of
diverse one carbon metabolism genes in epithelial cell and fibroblast clusters. F The
dimensional reduction is performed with UMAP of fibroblast. Each dot represents a cell

and colored by total 4 fibroblast clusters.
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3. Fibroblast clusters divide into two subpopulations according to gene expression of
one carbon metabolism
Interestingly, most of cytosolic and mitochondrial one carbon metabolism gene
expression levels were upregulated in cluster ‘C2, C11° and downregulated in ‘C9, C12’
(Fig. 3A, B). So, we considered cluster ‘C2, C11° one carbon high fibroblast (OHF) and
cluster ‘C9, C12’ one carbon low fibroblast (OLF) (Fig. 3C). Single sample gene set
enrichment analysis (ssGSEA) indeed showed OHF group was enriched in one carbon
metabolism-related pathway such as ‘One carbon metabolic process’, ‘Serine family amino
acid metabolic process’, ‘Glutathione metabolism’, and ‘Purine metabolism’, meaning that
our standard of dividing into OHF and OLF was well established (Fig. 3D). Collectively,
our findings showed that discretization of fibroblast cluster according to one carbon

metabolism in patients with CRC.
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Figure 3. Fibroblast divide into two subpopulations according to gene expression of
one carbon metabolism. A, B UMAP plots shows normalized expression levels of genes
associated with one carbon metabolism in cytosol and mitochondrial respectively. C
UMAP plots exhibits fibroblast clusters are named as one carbon metabolism high and low
fibroblast. D Violin plots indicate enrichment score of diverse pathways related to one

carbon metabolism is higher in ‘C2 + C11’ group compared to ‘C9 + C12’ using ssGSEA.
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4. iCAFs preferentially reside in OHF

Given that CAFs are heterogenous population and abundant in patients with CRC (103,
104), we confirmed whether dominant CAFs subtypes exist according to one carbon
metabolism activation. We first investigated the evolutionary transition using trajectory
inference and pseudotime analysis to confirm whether CAFs switching occurs from
myofibroblastic CAFs (myCAFs) to inflammatory CAFs (iCAFs) or vice versa. To point
out root cells, we observed high level of de-differentiated related gene CREB3LI.
Expression level of CREB3L1 was higher in OHF to low group, which is consistent with
our previous studies in anaplastic thyroid cancer (Fig. 4A). Intriguingly, our monocle3 tool
analysis showed expression level of several iCAFs-related genes such as C3, DCN, IGF1
was increased along pseudotime from OLF to OHF. In contrast, expression level of
myCAFs-related genes such as MCAM, MEF2C, RGS5 was decreased along pseudotime
from OLF to OHF, suggesting that myCAFs have a possibility to change into iCAFs
according to evolutionary path in CRC (Fig. 4B, C). When we scored iCAFs signature with
total 31 iCAFs-related genes (105), the score was higher in OHF (Fig. 4D). We next
analyzed differential expressed genes (DEGs) between OHF and OLF. DEGs analysis
showed myCAFs genes such as TAGLN, MYLK, ACTA2, RGS5 were upregulated in OLF,
iCAFs genes including CXCLI, C3, IL-6, PDGFRA were upregulated in OHF (Fig. 4E).
We also confirmed diverse iCAFs-related pathways such as IL-6/JAK/STAT signaling,
protein secretion, and inflammatory response, and complement and coagulation cascades
were enriched in OHF compared to low group using ssGSEA (Fig. 4F, G). In our protein-
protein interaction network analysis, several upregulated DEGs in OHF showed spreading
patterns involved in iCAFs-related pathways including pro-inflammatory, ECM, and
collagen signaling, suggesting that OHF exhibits iCAFs features dominantly (Fig. 4H). It
is well established that iCAFs secrete many pro-inflammatory cytokines and growth factors
to other types of cells leading to diverse biological events including EMT,
immunosuppression, extracellular matrix organization, and metastasis (84, 106, 107). So,

we next compared expression level of various cytokines and growth factors secreted from
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iCAFs and observed that many cytokines and growth factors were dramatically higher in
OHF such as CXCL1, CXCLI12, IL-6, HGF and IGFI (Fig. 4I). cSurvival also showed
inferior outcome in iCAF high-related groups such as iCAFs signature, inflammatory
response (Fig. 4]). Altogether, our data show that iCAFs are mainly reside in OHF and have

a possible contribution to poor prognosis in patients with CRC.
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factors between one carbon metabolism high and low fibroblast. J Kaplan-Meier survival
curves of iCAFs signature and regulation of inflammatory response high group exhibits

poor prognosis compared to low group in TCGA-COAD from cSurvival platform.
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5. OHF might be pivotal role of EMT enhancement in iCAFs-dependent manner

Given that EMT-related genes were enriched in iCAFs cluster (93), we identified causal
relationship between iCAFs and promotion of EMT. We confirmed enrichment score and
expression level associated with EMT were higher in OHF (Fig. 4F, 5A). When we
observed EMT score with total 200 EMT genes (93), the score was higher in OHF (Fig.
5B). We next identified transcription factor (TF) activity associated with EMT using
DoROtheEA tool between OHF and OLF group. OHF exhibited higher EMT TF activity
such as CREB3LI, TWISTI, and ZEB?2 (Fig. 5C). The top 10 TFs modulating upregulated
DEGs in OHF group were also associated with EMT including FBNI, TWISTI, and
CREB3LI (Fig. 5D), suggesting that iCAFs in OHF showed the possibility to enhance EMT
signaling. cSurvival showed poor prognosis in top 10 TFs associated with EMT and
regulation of EMT high groups in CRC patients (Fig. SE). Also, we identified the most
largest epithelial cell cluster receives cell signaling from OHF, which might imply that
OHF-driven EMT signal is transmitted to epithelial cell (Fig. 5F). We next analyzed spatial
transcriptomic profile and observed status of iCAFs and EMT around the fibroblast from
three CRC patient tissues. Our findings showed that expression level of iCAFs signature
and EMT score were mainly expressed in fibroblast abundant parts of the tissue with
marker gene SPARC in 3 CRC patients Also, we observed de novo serine synthesis
including PHGDH, PSATI, and PSPH were partially upregulated in fibroblast clusters
despite different tendency respectively (Fig. 5G, J, M). To further investigate correlation
between iCAFs signature and EMT score in this part, we discriminated each cluster into
fibroblast dominant and non-dominant cluster (F and NF respectively) based on SPARC
(Fig. 5H, K, N). iCAFs signature achieved positive correlation with EMT score in most of
F cluster (Fig. 51, L, O), suggesting that the iCAFs are enough to execute EMT promotion
in patients with CRC. It was reported the most common metastatic site in patients with
CRC s liver (108). So, we observed the expression level of iCAFs and EMT genes between
de novo serine synthesis gene (PHGDH/PSAT1/PSPH) high and low group in patients with
this group. Diverse iCAFs and EMT genes were higher in de novo serine synthesis high
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group (Fig. 5P, Q). In survival plot in CRC patients with stage 3 and 4, high level of de
novo serine synthesis and iCAFs genes have inferior outcome (Fig. SR). Altogether, our
data demonstrate iCAFs in OHF show positive relation with EMT-related signature and

metastasis, which might lead to poor outcome in patients with CRC.
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Figure 5. OHF plays an important role of EMT enhancement in iCAFs-dependent
manner. A Violin plots represent enhancement of expression level associated with EMT
genes in one carbon metabolism high group compared to low group. B UMAP of integrated
fibroblasts indicate that EMT score is enriched in OHF group compared to OLF. C Heatmap
shows TF activity of EMT between OHF and OLF using DoROtheEA. UMAP of fibroblast
exhibits EMT signature are higher along the one carbon metabolism low to high group. D
Volcano plot represents the top 10 transcription factor modulating upregulated DEGs in
one carbon metabolism high fibroblast from Enrichr platform. (|log, FC|[>0.5 P <0.05) E
Kaplan-Meier survival curves of top 10 TFs associated with EMT and regulation of EMT
high group shows inferior outcome compared to low group in patients with CRC TCGA-
COAD from cSurvival platform. F Circle plot displays communication of OHF with other
cell types. Circle size and edge width indicate the number of cells in each cell cluster and
communication score between OHF and other cell clusters respectively. G, J, M Spatial
transcriptomic spot of CRC patient tissues illustrates enrichment of iCAF's signature, EMT
score and serine de novo biosynthesis genes in fibroblast dominant part of the tissue. H, K,
N DimPlot shows the position number of each cluster in tissue (left). Violin plot represents

F and NF cluster based on expression level of SPARC. I, L, O Dot plots represent the
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correlation between iCAFs signature and EMT score in each F cluster in CRC patients. P
Heatmap shows grouping of CRC patients with liver metastasis according to average of de
novo serine synthesis high and low. The dataset is GSE41258. Q Bar graphs represent the
relative mRNA level of iCAFs and EMT genes between indicated groups in P. R Kaplan-
Meier survival curves of CRC patients with stage 3 and 4 show serine synthesis and iCAFs
gene high group shows poor prognosis compared to low group in TCGA-COAD from
Kaplan-Meier Plotter.
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6. CXCLI12 secreted from iCAFs in OHF induces immunosuppression and
subsequent EMT promotion in patients with CRC
iCAFs secrete CXCL cytokine leading to EMT and immunosuppressive effect in TME
(109). So, we used CellChat to observe communication network of CXCL signaling
between fibroblasts and other TME components. While OLF has no signal to other cell,
OHF showed outgoing signal to diverse cell types (Fig. 6A). OHF especially showed strong
CXCLI12/CXCR4 axis with T cell and macrophage and high expression level of CXCL12
compared to low group (Fig. 41, 6B). Survival plot of high level of CXCL8/CXCL12 and
PHGDH/CXCL12 had inferior outcome in patients with CRC (Fig. 6C). We next identified
association between CXCLI2 and EMT-related genes previously mentioned. To further
identify CXCL 12 secretion from iCAFs and causal relationship with EMT progression, we
observed whether positive correlation appears between CXCL/2 and diverse EMT-related
genes in patients with CRC. As expected, CXCL 2 showed positive correlation with EMT
genes including SLIT2, SNAI2, and TWISTI in GEPIA2 (Fig. 6D). We next confirmed
whether CXCL12 is involved in immunosuppression in patients with CRC (85). Infiltration
of Treg and exhausted T cell signature were positive correlation with CXCL12 in TCGA-
COAD (Fig. 6E, F). We also identified CXCL 2 had negative correlation with CD8+ T cell
and positive correlation with Effector Treg T cell signature (Fig. 6G, H). CXCR4 showed
high co-expression Combined feature plot showed high co-expression of CXCR4 with
TIGIT and FOXP3 in T cell cluster, suggesting that CXCL12 secreted from OHF might
have a possibility to provoke immunosurveillance escape in T cell. Furthermore, we
thought tumor-associated macrophage (TAM) accumulation based on CXCLI12/CXCR4
axis was observed in macrophage cluster (Fig. 6B) (84). We confirmed TAM marker
CD163 was co-expressed with CXCL 12 in macrophage cluster and positive correlation with
CXCL12 (Fig. 61, L). Finally, exhausted T cell signature and CDI63 showed positive
correlation with diverse EMT genes (Fig. 6M, N). Consequently, our data demonstrate that
iCAFs in OHF might trigger immunosuppressive effect through CXCL12 secretion leading
to EMT progression in patients with CRC.

86



1. Endothelial 2. B cell 3. Macrophage

20
4. Plasma 5, T cell 6. OHF

AR C@ CXCLS/CXCLI2
CXCL signaling pathway network C*S;G@OQ;O#C{“ 100 — High (n=121)
VYA = g0 — Low (n=283)
R £ P 0021
[fegegede E 60
L->2 . z
1->1 PY g 40
1->3 2 20
I->4 0
1-=5 : 0 1000200030004000
6 ->2 ® (Days)
6->1|@ P Imax PHGDH/CXCLI2
6 =3 -l 100 — High (n=121)
6 >4 ® E 80 — Low (n=283)
6->5 O™ E 60 p=0.0068
3 >1 ® 0 |@p<in % 40
2
o
a

0 1000200030004000
(Days)

D

= 7 7 77 7

£6 6 6 6 6

& 5 5 5 51,

=4 4 4 41; 41 .

23 3 3 3 31

~ 2 24 2 2 4d 24

%1 - | ) 14 ) {8 18
1234567 345678 123 45 01 2 3 12345
LOX (log:TPM) LRPI (lopTPM)  NOTCH2 (log:TPM)  SLIT2 (loeTPM) SNAI2 (log:TPM)

= 7 77 g 752 g 7

Es 6 6 61h 03 6

&5 59 51. 51 E 5

= 41 44 4 4 4

L3 3 3 3 3

= 21 2 2

21 y 175 1 ERrCh {5

5 .
678 91011 012345 567891011 12345
TIMPI (log:TPM) TWISTI (log:TPM) ~ TWIST? (log:TPM) VIM (logsTPM) ZEBI (logsTPM)

E F G H 1

TIMER20
TOGA-COAD(n=458)

=) =7 s z7 z7

£7s Eo = =K 5,6

@ 2s E} e g's

= 5.0 = 4 = =4 4

3 o 23 2 23 533

=25 SR =0.469 N2 ~ =2 02

“ “ _ 1) o Py A e S}

5 ARSIECSU ISR R 5[ poameens] X0 . SRR KN
0.000.020.040.06 0.0051.01.52.0 0.000.020.040.06 0.0 0.5 1.0 1.5 2.0 2 4 6 8
Infiltration of Treg Exhausted T cell Infiltration of Effector Treg T cell CD163 (log:TPM)

CD8+ T cell
T cell cluster
J CXCR4 TIGIT Color threshold: 0.5
. .
o 2 ; :
1 -}

< < i =

0 z° & =

- 5 - 5 |

5 e . R
<200 <100 0 10 220 <10 0 10 2 4 6 810
UMAP_1 UMAP_1 CXCR4

87



T cell cluster

CXCRY FOXP3 CXCRi_FOXP3 Color threshold: 0.5
.
5 o 5 s
N‘ N‘ .
Z o0 S0
: S B
-5 t } , -5 \
=20 -10 0 10 =20 -10 0 10 20 -10 0 10 2 4 6 8 10
UMAP_I UMAP_1 UMAP_1 CXCR4
L
Macrophage cluster
CXCR4 CDI63 CXCRY_CDI63 Color threshold: 0.5
15 i 15 15
o 10 o 10 o 10
I - | - l
Z s %5 ) Z s
x4 oia,
= ﬁf_gﬁ"% g o g, g 0
-5 %29 -5 -5
S50 5 10 15 50 5 10 15
UMAP_1 UMAP_1
M
8 8
7 7 3 5
§ 6 4 4
1 51+ 3 3
21. 4 2 2
R 3 N [ I 1
1.01.52.02.5 0510152025 051.01.52.02.
TWISTI TWIST2 VIM ZEBI
=y = 1 35 .
E i p=32e-10 33
& 25
&) i 3 20
= | s 2 1.3
o 1.0
£ 7 1 0,51
B : 0 0.0 LT
= 0.51.01.52.02.5 051.01.52.025 051.01.52.025
3] »
L
Exhausted T cell (log.TPM)
N
NOTCH2 SLIT2 SNAI2
8 8 v o
7 7 5
§ 61! 4
4 5 31
3
2 4 21
11, 3 : : H
2 4 6 8
A
TWISTI
= | 1 3 3.5
= 30
=R I 4 25
éﬂ 9 3 %2
= 8 -
o 2 1.0
£l 7 1. 05 {
ol B R 0 0.0
S 2 4 6 8 8
[£3)

CD163 (log:TPM)

88



Figure 6. CXCL 12 secreted from iCAFs in OHF contributes to EMT in CRC patients.
A Chord diagram shows network of CXCL signaling pathways between cell clusters. B Dot
plot represents relative significance of diverse CXCL cytokines and receptors in each cell
type. C Kaplan-Meier survival curves represent high level of CXCL8/CXCLI2 and
PHGDH/CXCL12 groups showed poor prognosis compared to low group in patients with
CRC TCGA-COAD from cSurvival platform. D Expression correlation analysis between
CXCL12 and EMT-related genes was conducted with GEPIA2 in CRC tissues from TCGA.
Pearson correlation coefficient was used. E Correlation analysis represents CXCL/2 has
positive correlation with infiltration of Treg from TIMER2.0. F Expression correlation
analysis between CXCLI2 and exhausted T cell signature was conducted with GEPIA2 in
CRC tissues from TCGA. Pearson correlation coefficient was used. G Correlation analysis
represents CXCLI2 has negative correlation with infiltration of CD8+ T cell from
TIMER2.0. H Expression correlation analysis between CXCLI2 and effector Treg T cell
signature was conducted with GEPIA2 in CRC tissues from TCGA. Pearson correlation
coefficient was used. I Expression correlation analysis between CXCL 2 and TAM marker
gene CD163 with GEPIA2 in CRC tissues from TCGA. Pearson correlation coefficient was
used. J Combined feature plot shows high co-expression of CXCR4 and exhausted T cell
marker gene TIGIT in T cell cluster. K Combined feature plot represents high co-expression
of CXCR4 and Treg marker gene FOXP3 in T cell cluster. L Combined feature plot exhibits
high co-expression of CXCR4 and TAM marker gene CDI163 in macrophage cluster. M
Expression correlation analysis between exhausted T cell signature and EMT-related genes
was conducted with GEPIA2 in CRC tissues from TCGA. Pearson correlation coefficient
was employed. N Expression correlation analysis between CD163 and EMT-related genes
was conducted with GEPIA2 in CRC tissues from TCGA. Pearson correlation coefficient

was used.
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IV. DISCUSSION

Diverse TME components surrounding the CRC tumor lead to oncogenic signaling such
as high rate of metastasis and immune dysfunction including T cell inhibition and tumor-
associated macrophage infiltration (110, 111). FDA approval of immunotherapy for
metastatic CRC has been achieved such as nivolumab and pembrolizumab antagonizing
PD-L1 receptor. However, heterogeneity in the TME components and their tumorigenic
communication network induce immunotherapy resistance leading to positive effect in a
limited number of patients (112, 113). Therefore, investigating molecular details of TME
components to enhance curative effects in patients with CRC is essential.

One carbon metabolism plays an essential role in CRC tumorigenesis. PHGDH is highly
upregulated in CRC tumor tissues compared to normal intestinal mucosa. High level of
PHGDH contributes poor outcome in patients with CRC (114, 115). Also, 5-Fluorouracil
resistant CRC cells, which is a primary drug for metastatic and advanced CRC patients,
exhibit enhanced state of serine metabolism leading to maintenance of 5-Fluorouracil
resistance (57). In publicly available CCLE and GEO datasets, we identified that the
concentration of serine in CRC was significantly high among other types of cancer cells
and mRNA level of one carbon metabolism-related genes was higher compared to normal
subjects. Our single cell analysis in 5 patients with CRC to compare expression of one
carbon metabolism-related genes showed that total 21 one carbon metabolism genes were
mainly expressed in epithelial cell and fibroblast clusters. Based on CAFs are common
inhabitant of TME and function as potential initiator for tumor progression (100, 116), we
further investigated one carbon metabolism focusing on fibroblast clusters. Intriguingly,
fibroblast clusters divided into two parts according to one carbon metabolism activation
and iCAFs mainly were found in OHF cluster.

However, how iCAFs exhibit high level of one carbon metabolism needs to be studied.
We assumed why iCAFs cluster represents active one carbon metabolism. First, we found
iCAFs cluster has high level of glycolysis pathway, which is consistent with previous.

Glycolysis is the most readily available metabolic process in diverse types of cancer.
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During glycolysis, glucose is converted into intermediate 3-phosphoglycerate (26, 117).
Considering that 3-phosphoglycerate is catalyzed into serine by serine de novo biosynthesis
genes PHGDH, PSATI, and PSPH, we thought iCAFs might increase the possibility to
employ one carbon metabolism. Second, previous study in pancreatic cancer showed that
hypoxia induces iCAFs feature in TME (118). Hypoxia also triggers mitochondrial ROS
accumulation leading to activation of HIF transcription factor families and their
tumorigenic target genes. Nonetheless, cancer cells adjust steady state of ROS level to
avoid excessive ROS-induced cell death or senescence (119-121). Given that one carbon
metabolism has a crucial role in mitochondrial redox maintenance, iCAFs have a possible
occurrence of increased one carbon metabolism in patients with CRC.

Recent investigations showed that characteristics of EMT were prominently observed in
iCAFs cluster compared to myCAFs (88, 93). Our single cell analysis data showed that
iCAFs in OHF represented enrichment of EMT-associated genes such as SNAI2, TWISTI,
and VIM. EMT score and TF activity associated with EMT were also higher than OLF
group. Additionally, spatially resolved transcriptomics data of CRC patient tissues revealed
positive correlation between EMT score and iCAFs signature in fibroblast dominant area,
indicating that iCAFs/EMT axis might contribute to metastasis in patients with CRC.

We suggested that promotion of EMT is likely due to CXCLI2, which is mainly known
to be secreted from iCAFs (84). Our CellChat analysis represented that iCAFs in OHF
imposed CXCLI2 outgoing patterns to immune cells including T cell, B cell, and
macrophage. Although downstream effectors of CXCL12/CXCR4 axis are different
according to cell type or conditions, it was reported that CXCL12/CXCR4 axis triggers
EMT in diverse cancer types including gastric cancer, glioblastoma, hepatocellular
carcinoma, and sacral chondrosarcoma (122, 123).

CXCL12/CXCR4 interaction led to immunosuppression with T cell exhaustion,
activation of regulatory T cells or macrophage, and impairment of B cell proliferation. (85,
124, 125). Based on enhancement of EMT through T cell dysfunction or TAM activation
(126, 127), we considered CXCL12-induced EMT is likely due to compromised immune
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system. Our data in TCGA-COAD also showed CXCLI2 has positive correlation with
exhausted T cell and infiltration of regulatory T cell (Treg) signature. Additionally, TAM
accumulation marker gene CDI163 was strongly expressed in macrophage cluster and
positive correlation with CXCL12 in TCGA-COAD. Finally, diverse EMT-related genes
represented positive correlation with T cell exhaustion signature and CD/63, suggesting
that possible occurrence of EMT due to immunosuppression in CXCL 2 dependent manner.
Although our data focus on immunosuppression through CXCL2 secreted from iCAFs
with activation of one carbon metabolism, myCAFs also contribute to immunosuppression
in diverse cancers. In pancreatic ductal adenocarcinoma, TGF-f driven LRRC15+ myCAFs
suppressed the response to anti-PDL1. TGF- neutralization diminished myCAFs leading
to enhancement of CD8+ T-cell infiltration and anti-PD1 response in subcutaneous 47T1
implantation model of breast cancer. In nonresponder groups during immunotherapy trial
for non-small cell lung cancer and melanoma, myCAFs are enriched but not iCAFs
signatures, implicating myCAFs-mediated immune evasion (94, 128, 129). Therefore, the
influence of myCAFs on immune evasion also needs to be studied in our analysis.
Conclusively, our studies reported close relationship between one carbon metabolism
and iCAFs in patients with CRC TME. Activation of one carbon metabolism fibroblasts
exhibit iCAFs features rather than myCAFs. One carbon metabolism high iCAFs secrete
diverse cytokines and growth factors and especially CXCLI2 cytokine exerts EMT
promotion with immune cells in CRC patients. Our findings provide that iCAFs with active
one carbon metabolism might be used as a powerful prognostic biomarker for estimating
EMT and potential targets for improvement of survival by inhibiting iCAFs-induced

CXCL12 and subsequent immune evasion in CRC patients.
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V. CONCLUSION

One carbon metabolism was increased in patients with CRC compared to normal subjects.
Our single cell analysis showed that enrichment score of one carbon metabolic process in
fibroblast cluster was higher more than other TME components including immune cells
and endothelial cells. Fibroblast clusters were also discretized into two types according to
one carbon metabolism activation and iCAFs associated with EMT were preferentially
reside in OHF. iCAFs in OHF mainly secreted CXCL 2 cytokine to immune cells such as
T cell and macrophage, which induced immunosuppressive effects including infiltration of
Treg, T cell exhaustion, and TAM accumulation. These signatures also represented positive
correlation with diverse EMT-related genes such as SNAI2, TWIST1, and VIM. Altogether,
our data suggest that activated one carbon metabolism of iCAFs has crucial role in
enhancing EMT through immune escape and can be therapeutic target for improving

survival by inhibiting metastasis and immune exhaustion in patients with CRC.
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