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MepiAnyn
2NMavTIKOG OTOXOG TnG ouyxpovng ToflIkoAoyiag e€ival n  ekTiunon NG
ATTOTEAEOUATIKOTNTOG KAl TWV TTOPEVEPYEIWV (OTTWG N TOLIKOTNTA) TwV
QAPUOAKEUTIKWY EVWOEWYV, TTPIV TTO TO OTASIO TwV KAIVIKWY dOoKIJwV. lMNa autd
€0TIACEI OTNV AVATITUEN YPNYOPWYV, TTOAUPOPPWYV Kal ¢Bnvwy pebddwyv, TTou Ba
EMTPETTOUV TNV TTPORAEWN TNG TOEIKOTNTAG KATA TNV OIAPKEIR TWV in-vivo
dokiyaoiwy. Or vEeG aVOAUTIKEG TEXVIKEG KAl TO avAOUOUEVA UTTOAOYIOTIKA
epyaAeia dieukoAUvVouV TNV TTapaTTdvw TTPocTTadela. Or HETABOAOUIKEG HEAETEG
TToU Paoiovial 0 QOOPATOMETPIO PALAG UWNANG JIAKPITIKAG IKAVOTNTAG
(HRMS) Trapoucidlouv 181aiTEpO vOIOPEPOV VIO TIG EQAPUOYES TNG OUYXPOVNG
TogIKoAoyiag. O1 PETABOAITEG gival EVWOEIS TTOU €XOUV KOABOAIKEC OOMEG Kal
EMTPETTOUV TNV PETAPPACN TNG PBIOAOYIKAG ATTOKPIONG OTTd TO ETTITTEDO TOU
TTEIPAPOTOlWOU OTO €TTTTEdO TOU QvOPWTTIVOU opyaviopou. ETriong, T10
METABOAwUO TTEQIYPAQPEI PE aKpiBela €vav @aAIVOTUTIO €VOIOQEPOVTOG Kal
ETTOUEVWG N METOBOAOMIKY) MEAETN €ITPETTEI TNV PabuTtepn Katavonon Tng
Bioxnueiag Twv eKPPACEWV  TOLIKOTNTAG, KOBWG Kal Tnv  dnuioupyia
TTPORBAETITIKWY POVTEAWV TOEIKOTNTOG. Bdoel Twv mapatmdvw, n Trapouca
O16akTopIKN dIaTpIBr) €0TIAlel oTnNV avATITUEN HEBOBOAOYIWY HETABOAOMIKAG
avaAuong yia Tnv eupeon PIOBEIKTWY TTou OXeTiICoOvIal PE TNV £KQPOON

TOEIKOTNTAG.

To TTpwTo PEPOG TNG TTapoucag diaTpIBAS (KepdAaia 4 kai 5) TTapoucidlel Tnv
Olgpelvnon TNG VePPOTOLIKOTNTAG TIOU ETTAYETAl ATTd TNV XOprynon Tou
QAVTIKOPKIVIKOU TTapdyovTta Kap@IAlopiutng (Cfz). Katd 1o in-vivo Treipaua, o€ 6
TTovTiKia xopnynlnkav 8 mg/kg/uépa Cfz (Cfz-group) kai o€ 6 TrovTiKia
xopnynonke @uaioAoyikdg opds (Control-group). To TTAGoa, o1 VEQPOI Kal Ta
oupa Twv TTOVTIKWYV avaAubnkav pye UPLC-HRMS-DIA pebodoloyia. MNa tnv
Tagivounon Twv opddwv Kal TNV €AoY METABANTWY XPNOIUOTTOINONKE
OUVOUAOHOG TTOAUTTAPAUETPIKWY KAl JOVOTTAPAMETPIKWY PJeBodoAoyiwy. INa tnv
TautoTroinon  Twv  METABOANTWYV  Xpnolyotroinénkav  pebBodoloyieg [N
OTOXEUMEVNG OApwoNnNg Kal  odpwong UTTOTITWV  eVWOoewyv.  ETTiong,
avaTrTuxdnkav post-hoc peBodoloyieg yia Tnv dlEPelvnOn CUOXETIOEWV Kal
AAANAETTIOPACEWY AVANETA OTOUG UETAPBOAITEG KAl TOUG DIOPOPETIKOUG TUTTOUG

Brodeyudtwy. H peAéTn atmédeige Tnv coapr) €TTTITWON TOU QAPPAKOU OTOUG



VEQPOUG, PMEow TNG dIatdpagng Tou VEPPIKOU WETABOAIOUOU TTOU 0dnyei o€
VEQPIKN duoAsiToupyia. ETTiTTAéov, TauToTTOINBNKAV HETABOAITEG TTOU OXETICOVTAI

ME TNV OUpPENia, TO OEEIBWTIKO OTPEG, TNV GAEYHOVH KaI TRV VEQPPIKA AVETTAPKEIQ.

To Ocutepo PEPOG TNG MEAETNG (Ke@dAalo 6) eoTiaoe oTov TTPOCOIOPIoHO
TTPWIKMWY aAAaywVv o010 PETAROAIKO TTPO@IA TTaIdIWY PE KAPKiVO, OI OTToiEG Ba
MTTOpoUcav  va  ggnyouv/  TTpoBAéTouv Tov  KivOuvo  eu@Aviong
KapdIoTOEIKOTNTAG, OTaV Ol aoBeveig UTTOBANBOUV o€ Bepartreia. & ouvepyaaia
pe TNV OykoAoyiky — Alpatoloyikry KAivikiy Tou Noookopegiou lMaidwv «Ayia
2oia» TTpayudaToTToInenkav delypdaToAnWies aipatog atrd aoBeveic, TTpiv Tnv
utToBOAN Toug Ot xnueloBepatreia. O1 aoBeveic akoAoubnoav 1o KATAAAnAo
BePATTEUTIKO TTPWTOKOAAO Kal KATTOI01 (26) ep@davicav  KapdIOTOLIKOTNTA.
Aciypata TAdopatog avaAudnkav pe UPLC-HRMS-DIA petaBoAopiki avaAuon
Kal, N yvwon eueaviong TogIKOTNTAG XPNOIMOTTOINONKE yia TV TAgIVOUNoN Twv
aoBevwyv oe Oudda Piokou (CT-Risk) kail opdda eAéyxou (No-Risk). H peAérn
eoTiaoe otnv  dladikacia  emAoyng  peTaBAnTwy  ouvdudloviag 4
OUPTTANpwaTIKEG oTATIOTIKEG doKIpaoieg (KODAMA, OPLS-DA, BORUTA, t-
test). H Baoikn 10€a ATav Twg HETABANTEG JE KAAA ATTODOON O€ TTAPATTIAVW ATTO
3 dokiyaaieg Exouv augnuévn TTIBavOTNTA Va OXETICOVTAI PE TO PIOKO EPPAVIONG
KapdIoTOgIKOTNTAG, CUN@WVA PE TNV Bewpeia Tou Bayes. EmimmAéov, n peAETN
€0e0€ OUYKEKPIPEVA KPITAPIA EUTTIOTOCUVNG VIO TV TAUTOTTOINCN METAROAITWY
TToU TTPOKUTITOUV aTTO DIA peBodoloyieg AYng @aoudtwy. H eAETN avETTTUEE
povTéAa TauToTroinong Twv CT-Risk aoBevwy, pe emBeBaiwpévn TTPORAETITIKA
IKavoTnTa. ETmTAéov, ol TauToTToinuévol HETABOAITEG £€B€IEav TTpwWIKN PETABOAR
0€ UETABOAIKA YOVOTTATIO TTOU GUVOEOVTAI JE TO YEVIKO JOVOTTATI TOU KApPOIOKOU
METABOAIOUOU yIa TTapaywYr EVEPYEIAS. AUTEG Ol TTAPATNPACEIS UTTOOEIKVUOUV
TTWG N XNMeloBepatreia emOEIVWVEI BN UTTAPXOUOES avWwPaAIES TNG KapdIaKAS

Aerroupyiag kai odnyei atnv €kdNAwon KapdIoTOLIKOTNTAG.

TeAeuTaio p€POG TNG TTAPoUcag dIaTpIRNS (Ke@dAaio 7) attoTéAeoe n digpelvnon
NG Xopnynong avBpwtrivng 66ong KOAIOTivG O€ TTOVTiKIa. ZTOX0G ATAV N
KaTavonon Twv BIOXNMIKWY QITIOV TToOU odnyouv o€ To&IKOTNTa AOYyO TOu
OUYKEKPIMEVOU @appdkou. H koAioTivh (CMS) civar avtifioTikd TeAeuTaiag
EMAOYNAG, Kal oUVOEETAI e oOPBapr veUpPo- Kal VEQPOTOEIKOTNTA. @EAovTag va

OoUuE TNV ETTTITWON TOU QAPPAKOU OTOV Opyavioud Ot OUVORKeC TTou Oev
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UTTAPXOUV KAIVIKEG €VOEIGeEIG TOEIKOTNTOG, TTPAYMATOTIONONKE £va  in-vivo
TTEipapa: o€ pia opada TTovTIKwy Xopnynenke 1 mg/kg/ nuépa (LD-Group), o€
Mia opdda trovTikwyv Xopnynénkav 1.5 mg/kg/ nuépa (HD-Group), kai o€ pia
oudda TTOVTIKWY Xopnynenke @ualioloyikdg opdg (Control). To tmAdopa, ol
VEQPOI Kal TO ATTAP, XPNOIMOoTToINONnKav yia HeTaBOAOUIKA avdAuon Ye Th Xpnon
UPLC-HRMS-DIA peBodoloyiag. Ta atmmoteAéopara TQUTOTTOINCAV PETABOAITEG
TTOU  QVTOTTOKpPivovTal OTnv  au¢non Tng ©&o6ong. ETriong evrotmioTnke
ATTOPPUBUIoN TOU WETABOAICUOU TNG VTOTTAMIVAG KOl TOU WETAROAICHOU TwV
TTOUPIVWV OTOUG VEQPPOUG. I1d1aiTepn onuacia gixe n avgnon tng ¢aveivng oTo
EMTEdO  Twv  VEQPWY, TOU  emayel T Opdon  Tou  evCUUOU
OKETUAOXOAIVEOTEPAON, OONYWVTOG O€  TaxXeia  amrolkodounon  TNG
QaKETUAOXOAIVNG, dladikaaia TTou Ba YTTopoUoe va ATTOTEAECEI CUVOETIKO KPIiKO
AVAPECT OTNV VEUPOTOLIKOTNTA KAl TNV VEPPOTOEIKOTNTA AOYW TNG Xoprnynong

KOAIOTIVNG.
OEMATIKH MNMEPIOXH: Xnuikr) AvaAuon

AEZEIX KAEIAIA: petaBolopikr), @acpaTtopeTpia padag uywnAng SIAKpPITIKAG
ikavotntag  (HRMS), Biodeikteg, TOEIKOAOYia,  XnUEIOPETPIa,  €TTIAOYA
METABANTWYV, KOAIOTIVN, KAPPIACOMINTTN, TTAIBIG UE VEOTTAATIES, VEQPOTOEIKOTNTA,

KapOIOTOEIKOTNTA, NEAETN pioKOU EP@AvIoNG TOEIKOTNTA






Abstract

The maijor goal of 215t century toxicology is to assess the efficiency/ toxicity of
drugs before the step of clinical trials, and therefore focuses on the
development of quick, versatile, and cheap methods that will enable the toxicity
prediction during the in-vivo testing. The novel analytical methodologies and the
emerging computational resources facilitate this effort. HRMS-based
metabolomics present a particular interest in the terms of modern toxicology.
The metabolites have universal structures and therefore, they facilitate the
animal-to-human translation. Also, the metabolome is a consistent descriptor of
the phenotype, so the metabolomics studies permit the deep comprehension of
the biochemistry causes of toxicity and allow the creation of prediction models
as well. Under this notion the current doctoral thesis focuses on the
development of thorough metabolomics methodologies in the terms of the

detection of toxicity related biomarkers.

The first part of this study (Chapters 4&5) presents the investigation of the
nephrotoxicity caused by the administration of the antineoplastic drug
Carfilzomib (Cfz). An in-vivo experiment was performed, using six mice that
were treated with 8mg/kg Cfz (Cfz-group) and six mice that received normal
saline (Control-group). The plasma, the kidneys and the urine were used for
UPLC-HRMS-DIA-based metabolomics analysis. Multivariate and univariate
chemometrics were implemented for the classification and the variable
selection. In addition, library-free and library-based methods were used for
metabolites identification. The study developed post-hoc analysis methods to
investigate potential correlations between the metabolites and to highlight
interaction between the Cfz-toxicity (phenotype) and the circulatory/ urinary
system (biosample). The study showed that the Cfz has severe impact on the
kidneys and disrupts the renal metabolism, inducing kidney injury. Several of
the identified metabolites were related to uremic condition, oxidative stress,

inflammation, and kidney impairment.

The second part of this study (Chapter 6) focused on the detection of early
alterations of the metabolomic profiles of oncology children’s patients, that

could explain/ predict the future expression of cardiotoxicity (CT), when they



would undergo chemotherapy. In collaboration with the Department of
Oncology and Hematology of the Children’s Hospital “Agia Sofia”, bloods
samples of patients were collected before their submission to chemotherapy.
The children followed the appropriate therapeutic protocol and some expressed
acute cardiotoxicity. AUPLC-HRMS-DIA metabolomics analysis was performed
in the blood samples, and the a posteriori knowledge of the CT expression was
used to group the children in CT-Risk and No-Risk. The investigation focused
on the variable selection procedure, combining 4 complementary statistical
methods (KODAMA, OPLS-DA, BORUTA, t-test). The motivating idea was that
if a variable exhibits good performance in more than three of these tests, then
it has increased probability to be CT-related (Bayesian Probabilistic Theory).
Moreover, the study set specific criteria for the confidence of DIA-identification.
Finally, the study achieved the classification of CT-risk patients with models that
showed acceptable figures of merit. Moreover, identified metabolites showed
early alterations in the metabolic pathways that participate in the cardiac energy
metabolism and suggested that the chemotherapy triggers preexisting cardiac

function abnormalities, leading to acute CT events.

The last part of the study (Chapter 7) investigated the impact of the human
doses of colistin (CMS) in mice, aiming to shed light on the biochemical reasons
of CMS toxicity. CMS is a last resort antibiotic related with severe neuro and
nephrotoxicity. Aiming to shed light on the impact of CMS in non-toxic
conditions, in the current study, two doses of CMS, Low (1 mg/kg) and High (1.5
mg/kg) versus a control (normal saline), were administered to mice. Samples
of plasma, kidney, and liver were analyzed with a UPLC-HRMS-DIA-based
metabolomics workflow. The data were submitted to PLS-DA, PLS-R and ROC
analysis. The results pointed out six dose-responding metabolites, renal
dopamine dysregulation, and extended perturbations in renal purine
metabolism. An intriguing finding was the increased formation of renal xanthine,
which is an AChE activator, leading to rapid degradation of achetylcholine,

suggesting an association of nephrotoxicity and neurotoxicity.

SUBJECT AREA: Chemical Analysis

10



KEYWORDS: metabolomics, High resolution mass spectrometry (HRMS),
biomarkers, toxicology, chemometrics, variable selection, colistin, carfilzomib,
children with malignancies, nephrotoxicity, cardiotoxicity, toxicity risk

assessment

11



12



ACKNOWLEDGMENTS

| am deeply indebted to my supervisor, Prof. Evagelos Gikas, for all his support,
mentoring, and friendship throughout my PhD studies and for the opportunity to

work with him and extend my scientific knowledge.

| would like to acknowledge the other members of the consultative committee,
Prof. loannis Dotsikas and Prof. Nikolaos Thomaidis, for their guidance and
insightful comments throughout this thesis. Furthermore, | would like to express
my gratitude to Prof. Nikolaos Thomaidis for his trust, his support, and his

mentoring all these years and for the opportunity to be a member of the TrAMS

group.

| would like to thank the seven-member examination committee for their
acceptance to participate in my PhD defense and the feedback they provided

to improve the quality of my study.

| would like to express my deepest gratitude to Prof. loanna Andreadou and Dr.

Sofia Polychronopoulou for their collaboration and their trust.

Of course, | would like to thank all my associates, my scientific friends, and the
members of the TrAMS group for their collaboration, their encouragement, and

their friendship.

| express my deepest gratitude to FLOGA, the Parents’ Association of Children

with Cancer, for the financial support.

Last but not least, | would like to thank my family and my friends for believing

in me and for their support and encouragement all these years.

13



14

To my beloved people...



15



Table of Contents

I 0 o T- T o =1 e RSSO 27
Drug safety and toxicology: State-of-the-art and modern approaches........................ 27
1.4, INtrodUCHION ... 27
1.2. Toxicology in drug safety: Limitations & Prospectives..............ccceceeuennn. 29
1.3. Animal based toxicology models.................ccoovrieiiiieiiniccecesee 29
1.4. New trends on tOXiCOIOgY ..........cccceveiiiiiniiineeee e 30
1.4.1. In Silico tOXICOIOGY .........coeviiriiiiiiicit e 31
1.4.2. 3D-cell CUITUIES ...........coiiii s 32
1.4.3. Systems biology & OMICS ...........cccocveieiiieeeeeee e 34
1.4.4. Points Of tOXICItY ........c.oooviriiiicc e 38

2. Chapter 2 ...ttt ettt et e reenaens 41
Metabolomics as a powerful tool in drug safety/efficacy studies..........c.cccceeeveirnnnenne. 41
2.1. Metabolomics in TOXICOIOQY ........cccccovviiiiiieecec e 41
2.2. Metabolomics Pros and CONS .............ccccoocieiiiieiiiiccceee e 41
2.3. Metabolomics views and strategies...............cccoceiininiiiininnneecee 42
2.3.1. PharmacometabolomicCs..............cccoorinininininiceee e 42
2.4. Challenges on metabolomics design..............ccccooeeiiiiiiiiecce e, 43
2.5. Metabolomics and mass spectrometry: Applications & Trends ................ 44
2.5 1. HRIMS ... bbbt 45
2.5.2. UPLC-ESI-QTOF .......c.cooiiiiiiiiiinrrs e 45
2.5.3 DDA, DIA and SWATH acquisition strategies..............c.cccccoevvnvrvvrivncennn. 49
2.6. Metabolomics identification...................cocooiiiiinii 51

2.6.1. Dark metabolome and new trends on metabolomics identification .. 52

2.7. Metabolomics interpretation and biomarkers determination...................... 52
2.7.1. Biomarkers validation .................c.cccooninininininie 54
2.7.2. Biomarkers selection.............c..cocooiiiiiiiininin e 54

2.7. KODAMA ...ttt bbbt b ettt sttt 58

2.8.BOKULA ... e 61

2.9. MUVR ...ttt 63

2.00. VIAVC ...ttt 64

2.11. 2-way ANOVA, ASCA and MEBA ..............ccccoooinneeeeeeeeee e 65

B TR 0 4 T- T o1 (= e TSRS 67
THE SCOPE.. ettt s sttt e e et s et e e teeae et et et e e neene e 67
3.1. Scope and Research Objectives..............ccccoovvieiiiceiiceee e, 67

16



R 0 £ -1 o {1 SRR 69

An Untargeted Metabolomics Approach on Carfilzomib-Induced Nephrotoxicity ....... 69
g I 1= - o TSP 69
4.2 INtrodUCHION ...t e 69
4.3, RESUILS ...ttt 71

4.3.1. Data Pre-ProcCessSing..........cccooioieiiiiiiieeeseeeese et 71
4.3.2. Statistical Analysis...........cccoooviiiiiiii e 73
4.3.3 Peaks Identification................ccooiriiiiii e 75
L B 1Y o U =T T o S 85
4.4.1 Asymetric Dimethylarginine ...............ccocoooniiiecce e 85
4.4.2 N1-Methyl-2-pyridone-5-carboxamide...............ccccccevvrnvnnviiiincceeeenen, 86
4.4.3 N4-Acetyleytidine............ccooiriiini e 87
4.4.4 PhenylacetiC ACId............ccooiviiiiiiiicee e 87
4.4.5 2-Aminoisobutyric ACId ............ccooiiiiiiiie e 87
4.4.6 Exploration of Metabolites Alterations between Different Bio-Samples
......................................................................................................................................... 89
4.4.7. Discovery of New Potential Biomarkers of Cfz-Related Nephrotoxicity
......................................................................................................................................... 92
4.5 Materials and Methods ... 92
4.5.1 Sample Collection and Storage ............ccccceeeveviveeciniecercee e 92
4.5.2 Reagents and SoOlULtIONS...............cccooiviriiiieccncccee e 93
4.5.3. Sample Preparation ..............cccoooiiiiiiiiiiieceeeee e 94
4.5.4 UPLC-ESI-QTOFMS ANalySis........ccccooeiirinininieieeeeeeesese e 95
4.5.5 Data ACQUISIHION...........ccoooiiiicc e 96
4.5.6 Data Pre-ProcCessing...........cccoovieiiiiiiniiicese ettt 96
4.5.7 Multivariate AnalysSis............ccccovieiiiiiieeceee e 98
4.5.8. Univariate Analysis ...........ccooiiiiiiiie e 99
4.5.9. Peaks Identification Procedure...............c.ccocovineeinininineneeeeee 99
4.5.10. Data-Driven Suspect Screening of Metabolites ..................cccccc..c.... 101
4.5.11. Exploration of Metabolites Alterations between Different Bio-
SAMPUES.......ooeeeee ettt re et ae e res 102
4.6 CONCIUSIONS ..ottt eae 102

B, Chapter 5. ettt neens 105

Metabolomics point out the effects of Carfilzomib on aromatic amino acids

biosynthesis and degradation. ............cccocoiiinnnc e 105
.. ADSTFaCt: ... ettt 105
5.2, INtrodUCHION ... e 105



B 3L RESUILS ...ttt ettt e e ettt e s e et e e s et e e s e sbeeesestaeesaanras 106

5.3.1. POSt-hoC @nalysSis ...........ccoccoeviiiiieiieccccee s 109
5.3.2. Identification ... 110

5.4. DISCUSSION ...ttt 122
5.4.1. Patterns of Cfz induced metabolic regulation. ..................................... 123
5.4.2. Biomarkers of Cfz nephrotoxXicity ...........cccccoeevinieciniecee, 125
5.4.3. Dysregulation of fatty acids oxidation.................c.ccocooininiiiinnnnnce. 126
5.4.4. Dysregulated metabolic pathways...............cccooiinnnnine, 126

5.5. Materials and Methods ...............ccoooiiiiinin e 132
5.6. CONCIUSIONS ..ottt 134
6. CRAPLEI B..........ooeeieeeee ettt 135

Metabolomics exceed the challenge of confounders presenting early biochemical
evidence for the cardiotoxicity risk assessment in a cohort of oncology underaged

2= U= 0L £ 7RSS 135
6.1, ADBSTIIACT. ... et 135
6.2, INtrOAUCHION ..ot st ne s 135

6.2.1. The analytical challenge................ccccocooiniiniiie 137
6.3. RESUIES ... e 137
6.3.1. Peak Picking & Signal correction.................ccccccooivieiinieceniceeee, 137
6.3.2 Statistical analysis results ..............ccoccooirriiecn 138
6.3.3. DIA identification and empirical levels of confidence ......................... 140
6.4. DISCUSSION ...t 144
6.4.1. 3-Hydroxy-9-hexadecenoylcarnitine..............c.cococeiininiininiiniee, 145
6.4.2. 4-Hydroxynonenal (4-HNE) ..............ccooooniiiieieeeeee e 145
6.4.3. Nicotinic acid mononucleotide...................cccocooiiniiniiniiniincce, 146
6.5. Materials and Methods .................ccccoiiiiiiniiee 146
6.5.1. Examined Cohort..............ccooiiiiiii s 146
6.5.2. Sample preparation and Data acquisition....................cccccoevnvininnennn. 147
6.5.3. Peak-picking & data pre-processing...........ccccecevririenineneneneeenene 148
6.5.4. Statistical methods & toOls..............cccciiiiiiniii 148
6.5.5. Identification ... 149
6.6. CONCIUSION........coiiiiiiic e 151

T. Chapler 7.ttt st sttt eneens 153

Metabolomics investigation for the impact of the human doses of colistin in the kidney

AN TIVET OF MICE ...t 153
TALADSEFACE ... 153

18



T2, INEFOAUCTION ..ottt e e et e s et e e s e sbe e e s e saaeesseanes 153

7.3. Statistical analysisS results ... 155
7.4. Variable selection and identification ...................cccooinin 161
7.5, DISCUSSION ...ttt 166
7.5.1. Alterations of dopamine pathway ...............ccccocoooinieiiiicvin, 168
7.5.2. Down-regulation of renal phenylacetic acid...................c..ccccovrnnn. 169
7.5.3. Up-regulation of renal 2,8-dihydroxyadenine ............c..c.cccccevrinnnnenne. 170
7.5.4. Down-regulation of liver suberyglycine ..............ccocoonninininniinee. 170
7.5.5. Down-regulation of liver spermine ..............ccccccoovinnnnincncceeee, 171
7.5.6. Altered purine metabolism and renal dysfunction. ........................... 171
7.6. Materials and methods ... 173
7.7, CONCIUSION........ooiiiiiiit ettt sttt 175
REFEIENCES ...ttt nae 177

19



List of Tables

Table 1 The three phases of clinical trials ................c.cccooveviiiii, 28
Table 2 Summary of the features which resulted from the peak-picking of Cfz
HILIC data. .........coooiiiiee ettt sttt ens 72
Table 3 Summary of results from the multivariate and univariate statistical
analysis of CfZHILIC data. ................coooooiiieee e 74
Table 4 List of identified metabolites, resulted from Cfz HILIC untargeted
ANAIYSIS ..ottt 79
Table 5 UPLC, ESI and MS conditions for Cfz HILIC analysis...............ccccccce...... 96
Table 6 algorithms and settings applied for the untargeted peak-picking of Cfz
HILIC data. ..........cooiiiee ettt sttt sb e seens 97
Table 7 Summary of OPLS-DA figures of merit for the Cfz RPLC data.............. 107
Table 8 Metabolites detected using the in-house RPLC-ESI positive metabolites
AAatabasEe. ...t ettt sttt 112
Table 9 List of identified metabolites, resulted from Cfz RPLC untargeted

= 10 = =] 1 A S 115
Table 10 summary of CT-risk definitive variables. .................ccocoonininininnnnee. 142
Table 11 List of identified metabolites, resulted from Colistin RPLC untargeted
ANAIYSIS. ..ottt ettt ens 163

20



List of Figures

Figure 1 Graphical description of in-silico toxicology procedure [6]................... 32
Figure 2 Graphical description of the complex cell environment [8].................... 34
Figure 3 Factors that impact the profile of the phenotype, Figure modification
of Steuer et. al.[15] ......cooeeee s 36
Figure 4 Top-down and bottom-up data reduction approaches in system
biology, Figure modified from Pinu et.al [18]. .........ocooiiiiiiiiee, 38

Figure 5 Graphical description of electrospray ionization
(https://len.wikipedia.org/wiki/Electrospray_ionization#/media/File:ESI_positive
_Mmode_(21589986840).JPG) -.....ccereruerririeieieieiee ettt ens 47
Figure 6 Graphical derscription of the QTOF system
(https://lwww.researchgate.net/figure/Schematic-of-the-impact-ll-mass-
spectrometer-not-to-scale_fig1_277085139)...........ccoviiieiiinieeeee e, 48
Figure 7 Graphical representation of data acquisition methodologies: A) Data
dependent acquisition; B) All ion fragmentation (type of data independent
acquisition); SWATH (type of data independent acquisition). Figure

modification from Wang et. al. [29].............coorreii e 50
Figure 8 Simplified pipeline of the statistical procedure that is commonly
applied in metabolomics studies [42] ...........ccccooviviiiiiic 55

Figure 9 Representation of the steps followed by KODAMA routine (A) Cross-
validation model (CV) generates predicted labels (PLs) that are used to
calculate the accuracy value (AC). (B) Generation of new labels to conduct the
process of accuracy maximization can be i) an unsupervised method,
randomly swapping some class labels of misleading samples with predicted
labels; ii) semi-supervised type-l, changing only predefined labels and
maintaining assigned class labels; or iii) semi-supervised type-ll, changing
groups of labels together forcing their belonging to the same

class. (C) Generation of new labels is an iterative process aimed to identify the
labels with the highest cross-validated accuracy. (D) Accuracy values increase
with the number of iterations. (E) KODAMA dissimilarity matrix generated as
output can be transformed with MDS, or t-SNE, in a low-dimensional space.
Figure is modification by Zinga et. al. [48]..........ccocoviriiiie, 60
Figure 10 Wrapper variable selection methodology. The figure is modified by
"Analytics Vidhya" (https://www.analyticsvidhya.com/blog/2020/10/a-
comprehensive-guide-to-feature-selection-using-wrapper-methods-in-python/)

................................................................................................................................................. 61
Figure 11 Graphical description of the Boruta algorithm main loop [46]............ 62
Figure 12 Description of the main steps followed in the MUVR variable

=11 [=Yer 1 To] ol U Yo o - 1= S S 64

Figure 13 PCA and PLS-DA score plots of Cfz RPLC data. The red and the blue
points of the score plots represent the Cfz group samples and the Control
group samples, respectively. (a) PCA of kidney (+) dataset; (b) PCA of urine (+)
dataset; (c) PCA of plasma (+) dataset; (d) PLS-DA of kidney (+) dataset; (e)
PLS-DA of urine (+) dataset; (f) PLS-DA of plasma (+) dataset.............................. 75
Figure 14 Sodium formate products as important plasma biomarkers in Cfz
HILIC data. The first segment of these EICs corresponds to signals obtained
from the infusion of calibrant solution. The chromatographic peaks at RT =7.16
correspond to the adducts of formate detected in Cfz plasma samples............. 77
Figure 15 D-Serine and 2-Aminoisobutyric Acid in Cfz HILIC data: Bar charts
representing D-serine (blue color) and 2-aminoisobutyric acid (orange color)

21



content in the Cfz (a) and Control (b) kidney samples. Aminoisobutyric acid is
decreased in Cfz samples and D-serine is increased, while the later was not
detected in Control samples. This suggested that in the Cfz case, the 2-
Aminoisobutyric acid is decreased and is not able to inhibit D-Serine from H.O-
production and, therefore, cannot protect the kidneys from oxidative stress. . 88
Figure 16 Description of metabolomics interorgan correlation in Cfz HILIC data:
Diagrams of metabolite content (expressed via mean and SD) in the plasma,
kidneys, and urine of both Cfz (red) and Control (blue) groups. Each diagram
represents a type of the revealed patterns of metabolite distribution among
bio-samples: (a) metabolites detected in all biosamples and statistically
differentiated in kidney; (b) metabolites detected and statistically differentiated
in kidney; (c) metabolites detected in all biosamples and statistically
differentiated in urine; (d) metabolites detected and statistically differentiated
in kidney (e) metabolites detected in all biosamples and statistically
differentiated in kidney and urine. ..............c..ccooiirininnin 91
Figure 17 ADMA content in Cfz HILIC data: ADMA had been detected as an
intact metabolite and also in two forms of its metabolism. Here, ADMA, per se,
is increased in Cfz kidneys; however, it is decreased in Cfz plasma and urine,
suggesting an increased rate of ADMA production or ADMA’s strong retention
at the kidney level. Furthermore, ADMA’s metabolites (ADMA + CsHsNs and
ADMA + SO3) have been highly detected in Cfz kidneys and urine...................... 92
Figure 18 Graphical description of data pre-processing workflow. The low and
high CE-MS before (a) and after (b) their separation; (c) set of noise levels for
the mass detection; (d) one peak which resulted from the chromatogram
building; (e) the chromatogram deconvolution; (f) the result of the alignment;
the PCAs before (g) and after (h) signal correction. ..., 98
Figure 19 Graphical description of the statistical workflow for kidney (+), as
follows: (a) the final peak list; (b) PCA; (c) PLS-DA; ( the number of PCs; the
scores-plot the loadings plot; the content plot of a discriminant variable; the
result of permutations test) ; (d) the ROC curve of a biomarker; (e) the fold
change plot; (f) FDR-TT representation; (g) volcano plot................ccccocevevrvennnne. 99
Figure 20 Graphical representation of identification workflow, employing the
example of variable 254.1014_3.15. (a) Extraction of ion chromatogram, m/z=
245.1014, tR= 3.14; (b) and (c) refer to MS and MS2 spectra, respectively,
corresponding to this peak area; (d) the area removed as background spectra;
(e) and (f) represent the MS2 spectra before and after background subtraction,
respectively; (g) MSMS match graph obtained from MCID, during the
identification procedure; (h) the structural representation of biotin.................. 101
Figure 21 PCA scores plot of plasma ESI + (a); kidney ESI + (c); urine ESI + (e);
and PLS-DA scores plot of plasma ESI + (b); kidney ESI + (d); urine ESI + (f). 108
Figure 22 (a) ASCA interactions plot shows that Cfz affects in a similar way the
circulation (plasma-kidney) but has opposite effect on urinary system (kidney-
urine) (b) Plot showing the variables exhibiting interaction due to their
phenotype (Cfz/Control) and the biosample type (plasma, kidney, urine)........ 110
Figure 23 Comparison of the experimental spectrum of the unknown feature
with the in silico spectrum of Creatine, using MSFINDER software................... 111
Figure 24 Plot of loadings of plasma ESI+ (a); kidney ESI+ (b); and urine
ESI+(c). The red marked points represent the metabolites detected from the
library-based approach..............ccooovoiiicec s 123

22


https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928
https://uoa2-my.sharepoint.com/personal/ioannamprl_o365_uoa_gr/Documents/Project_PhD/PhD_Finals/Ioanna_Barla_PhD_thesis_fin.docx#_Toc151564928

Figure 25 (a) Description of the regulation of polar metabolites (HILIC data) in the Cfz-

treated mice; (b) empirical major pattern of polar metabolites (HILIC data) .................... 125
Figure 26 Summary of the altered metabolic pathways resulted by the pathway
analysis using MetaboAnalys 5.0.............cccccooiiiiiininnecee e 127

Figure 27 Summary of Phe metabolism in kidney (a) and urine (b). The
metabolites included in red border were upregulated and those included in
green border were down regulated in Cfz-treated mice. The metabolites
described only by their name were not affected by their name were not affected
DY the Arug. ... s 129
Figure 28 Summary of the detected alterations occurring in Trp degradation
pathway in renal level. The metabolites included in red border were
upregulated and those included in green border were down regulated in Cfz-
treated mice. The metabolites described only by their name were not affected
DY the drug. ..o 130
Figure 29 Graphical representation of the signal correction results: (A) PCA
scores plot of raw data of QCs and samples (B) PCA scores plot of pre-
processed data of QCs and samples. ..o 138
Figure 30 Graphical representation of KODAMA and OPLS-DA classification
models: (A) KODAMA topology representation of RP-POSITIVE data; (B)
KODAMA topology representation of RP-NEGATIVE data; (C) KODAMA
topology representation of HILIC-POSITIVE data; (D) KODAMA topology
representation of HILIC-NEGATIVE data; (E) OPLS-DA scores plot of RP-
POSITIVE data; (F) OPLS-DA scores plot of RP-NEGATIVE data; (G) OPLS-DA
scores plot of HILIC-POSITIVE data; (H) OPLS-DA scores plot of HILIC-
NEGATIVE data .........ccooiiiieee ettt 139
Figure 31 Graphical representation of the identification pipeline: (A) The
variables that pass the cutoffs of three or more statistical tests (KODAMA,
OPLS-DA, BORUTA, FDR-t.test) are considered as definitive variables; (B) The
mz_rt of the definitive variables are extracted as XICs from the raw data and
evaluated (S/N and reproducibility); (C) The isotopic profile of the definitive
variables is compared with reference ones, during the molecular formula
determination; (D) The molecular formula is confirmed by the comparison of
the experimental high-CE MS with in-silico MS, and was attributed to specific
metabolite; (E) The three more abundant theoretical fragments of the
metabolites are extracted as XICs in the hight-CE MS data and their mass error
is evaluated; (F) The peak shape of the precursor and the fragments are
empirically COMPaAared. ..o e 150
Figure 32 Summary of the PCA and OPLS-DA results of the ESI+ datasets. PCA
scores’ plots of: (A) Kidney, C-LD; (B) Liver, C-LD; (C) Plasma, C-LD; (D)
Kidney, LD-HD; (E) Liver, LD-HD; (F) Plasma, LD-HD. OPLS-DA scores’ plots:
(G) Kidney, C-LD; (H) Liver, C-LD; (I) Plasma, C-LD; (J) Kidney, LD-HD; (K)
Liver, LD-HD; (L) Plasma, LD-HD..............ccccoioiiiieeeeeeeeeee e 156
Figure 33 Summary of PLS analysis. Observed vs predicted plots of ESI+
datasets: (A) Kidney; (B) Liver; (C) Plasma. The grey spots represent the C
samples ((CMS 0 mg/kg); the blue spots represent the LD-samples (CMS 1.0
mg/kg); and the red spots represent the HD. ...............c.ocooniiiiiiee 158
Figure 34 Graphical description of the SUS-plot basic information. (A) SUS-plot
developed by the OPLS-DA models of C-LD and LD-HD of kidney ESI+ dataset.
The green spotted area represents the variables of shared structure. The blue
and the red spotted areas represent the variables of unique structure. At the

23



edges of the black arrow of unique structures exist the statistically significant
dose-response variables (red: upregulated, blue: down regulated); (B) A box-
plot representing a variable of shared structure, which shows increased levels
in LD (blue) but decreased levels in C (gey) and HD (red); (C) Box-plot
representing an example of an up-regulated unique structure variable which is
increased in LD (blue) compared to C (grey) and in parallel is decreased in LD,
compared to HD (red). ..........cooiiiiiiiiiee s 160
Figure 35 Graphical description of the applied metabolomics workflow: Initially
the in-vivo experiment simulate the impact of 1 and 1.5 mg/kg CMS in mice.
The liver, kidney and plasma samples were used for metabolites extraction,
and the analysis was conducted with a Bruker maxisimpact QTOF MS, using
RPLC and ESI+/- ionization. The MS was acquired with DIA methodology. Then
the raw data were used for untargeted peak-picking and the feature list was
submitted to QC and IS based signal correction. RamclustR was used for the
generation of pseudo-MSMS. Then, the features were used for variable
selection performed with 2 ways: i) extraction of dose-response variables
using SUS-plot procedure and; ii) extraction of dose-correlated variables
combining multivariate (OPLS-DA) and univariate (ROC) models of LD-HD
comparison. The most discriminant variables were subjected to identification.
The identified metabolites were used for a naive pathway analysis. The results
showed alteration in renal purine metabolism and thus a targeted peak-picking
of specific metabolites was applied in the raw data of kidneys. The results were
used for a new semi-quantitive pathway analysis.................ccccoovvnvininvinineenn. 162
Figure 36 Box-plots of the most important CMS dose-responding metabolites: (A) N-
Methylsalsolinol, detected in kidney; (B) Dopamine-4-sulfate, detected in kidney; (C)
Phenylacetic acid, detected in kidney; (D) 2,8- Dihydroxyadenine, detected in kidney.... 168
Figure 37 Graphical description of the alteration occurred in renal purine
metabolism with the administration of 1.0 mg/kg CMS. The sub-pathways of
interest point out the locations that sequential alteration were observed. The
boxplots show the content of the perturbated metabolites in C (red) and LD
(GIrEEN) GrOUPS.......oeiiiieeiieiieiieeete sttt st et st e st e st et et e e seebeebesbestesse s enaeneeneeseanes 173

24



25



26



1. Chapter 1

Drug safety and toxicology: State-of-the-art and modern approaches

1.1. Introduction
The assessment of the benefits and risks of a new drug and the efficient

estimation of the adverse drug events, ADEs, currently represent a demanding
challenge for the drug safety surveillance. According to the European Medicines
Agency, EMA, the United States Food and Drug Administration, FDA, the China
Food and Drug Administration, CFDA, and the Drugs Controller General of

India, DCGI, the drug development process includes 5 main steps:
Step 1: Discovery and Development

Step 2: Preclinical Research

Step 3: Clinical Research

Step 4: FDA Review

Step 5: FDA Post-Market monitoring

The 15t step emphasizes in the discovery of new compounds that could be
appropriate for medical treatment and, conducting experiments to gather
information regarding compound’s properties as the pharmacokinetics, the
mechanism of action, the effectiveness, the optimal dosage regimen, the
potential toxicity, as well as interactions with other drugs. The 2" step includes
in vitro and in vivo testing of the drug. The results are reviewed in order to
decide if the new chemical entity can be further tested to humans. The 3™ step
has 3 phases, described in Table 1. In this step the drug is administered in
healthy volunteers, or patients of bearing a specific health condition, to assess
their efficacy, ensuring their fit of purpose, and also to investigate potential toxic
responses in humans. At the 4t Step, all the resulting data are reviewed by the
responsible agencies, i.e., FDA, EMA, etc., and the final decision of approval
or disapproval is made. After the release of a drug, the agencies continue to
review reports on issues with prescription and over-the-counter drugs and could
decide to add cautions concerning the dosage or use information, as well as

other measures concerning more serious issues, (5" Step).
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Table 1 The three phases of clinical trials

Cohort Duration Purpose Success rate
20-100 healthy
volunteers, or
. safety & the
Phase | people with the | Several months 70%
) dosage
disease/
condition
100-1000
hundreds of Efficacy &
Months — 2
Phase Il people with the adverse effects 33%
years
disease/ monitoring
condition
300-3000 of
people with the safety and
Phase llI i 1-4 years ) 25-30%
disease/ efficacy
condition

The timeline of a drug development procedure lasts 12-15 years

(https://phrma.org/policy-issues/Research-and-Development-Policy-

Framework ) until the final releasing approval. The cost to bring a new drug,
from the new molecular entity, NME, in the clinical use rates from $160 million
to $4.5 billion [1]. It is worth mentioning that less than 1% of the new chemical
entities i.e., the compounds with potential therapeutic action discovered in the
18t step, are finally released as drugs. However, the rejection of a chemical
compound in the first 2 steps of the drug development is not so resource-
damaging, as the most time-consuming and expensive step are the clinical
trials. Therefore, the major goal is to reject a compound as fast as possible in

order to save time and resources.

Nevertheless, ~70% of the drugs that have succeed in the preclinical testing do
not pass the clinical trials, showing unspecified toxicities or low efficacy
(https://lwww.fda.gov/patients/drug-development-process/step-1-discovery-
and-development). This is essential for both financial and ethical reasons, as
the unspecified toxicities pose a high risk to the volunteers’ health.

Even after the final approval, the drugs cannot be considered as safe, since the

total picture of their safety is shaped after several months or years of use, when
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they are tried to a large and random cohort of different phenotypes,

demographics lifestyle, that may receive other drugs also etc. [2].

1.2. Toxicology in drug safety: Limitations & Prospectives
The rejection of drugs in the late phase of the clinical trials and the high

uncertainty of their safety, create a major gap between the drug development
and the increasing needs of effective and safe drugs. Thus, the observed low
clinical trial success rates pose questions for the effectiveness of the so-far-
applied toxicological approaches and indicate the need to reappraise the
current mindset of toxicology and the claim to develop efficient, fast, and less

expensive methodologies that will facilitate the drug safety investigations.

1.3. Animal based toxicology models
The animal-based models are the method of choice in drug toxicity/ efficacy

investigations. The benefits of experimentation on animals are undoubted and
have facilitated the progress of the medicine so far. The in-vivo experiments is
a common requirement of all drug regulation agencies. However, the animal-
based toxicology studies are slow, expensive, and present significant
uncertainty [3]. The observed differences regarding the effectiveness/ toxicity
of a chemical in animals and in humans raise questions about the animals-to-
humans-translational success [4]. According to a recent review article, the
animals-to-humans-translational success rate was 0-100%, regarding the
toxicity studies, showing lack of model’s reproducibility [4]. The testing of >2000
drugs in animal models showed that the obtained results / responses were
inconsistent compared to those expressed in humans and, acclaimed that the
successful cases were rather random. Thus, the animal models cannot provide
consistent proof for the toxicity/ efficacy of a chemical at the human [3]. This
inconsistency in animal-to-human-translation is explained by the fact that they
are organisms, with significant physiological, genetic, epidemiological,
biological, and biochemical differences. Also, the animal-models cannot predict
late adverse effects, potentially occurring even years after the use of the drug.
The limitations of the animal-to-human translation leads to wrong decisions, i.e.,
consider toxic drugs as safe, or consider safe drugs as “toxic”, with serious

impact on the volunteers’ health [3].
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1.4. New trends on toxicology
From the beginning of the century, the scientific community posed the

constraints of the applied methods and focused on the development of novel,
animal free models that are more human-relevant. Toxicology testing in 21st

century, Tox21, is a unique collaboration between the federal agencies:

o National Institute of Environmental Health Sciences (NIEHS)/National
Toxicology Program (NTP), National Institutes of Health (NIH), U.S.

Department of Health and Human Services

o National Center for Advancing Translational Sciences (NCATS),
National Institutes of Health (NIH)

o Centre for Computational Toxicology and Exposure (CCTE), Office of

Research and Development, U.S. Environmental Protection Agency (EPA)

o U.S. Food and Drug Administration (FDA), U.S. Department of Health
and Human Services,

that aims to develop new, animal-free ways, to assess rapidly the
positive/negative impact of chemicals on the human health [5]. Tox21 proposes
the use of emerging scientific tools towards the toxicity prediction, as the
biochemical- and the cell-based assays employing robotics, the utilization of 3-
D models of human tissues and organs, the experimentation on simpler than
mice models (zebrafish), and the usage of advanced computational methods
for the analysis and the interpretation of the resulted experimental data,
focusing on the development of prediction models [5]. These tools are
considered as more consistent in toxicity prediction, in contrast to animal-based
models, as the results are measurable, reproducible, with defined uncertainty.
So far, these efforts have achieved to investigate 10 thousand chemical
compounds (drugs, food additives, industrial products, etc.), using tests that
cover 125 biological processes. Moreover, they have detected 2800 genes in
cells and tissues, that are useful in investigating the responses to toxic
chemicals. The major aim of Tox21 is the detection of specific biological

pathways, that their disturbance potentially leads to toxicity or ADEs [5].
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1.4.1. In silico toxicology

In silico toxicology is an emerging field in drug safety surveillance, that utilizes
computational resources (algorithms, databases, etc.) to predict the risk of
toxicity induced by chemicals, as drugs, food additives, etc. The computational
methods are deemed as complementary to the in vitro and in vivo experiments
and their use facilitates the risk and efficacy assessment, minimizing the
required cost and time. The in silico toxicity prediction models, developed by
either experts or automatically - employing machine learning techniques,
provide a major advantage: the ability to predict toxicity even before the
chemical compound is synthesized, with only requirement that of the compound
to exist virtually [6],[7]. The employed tools are data bases for storing data
regarding the toxicity and the properties of the chemicals, software for the
development of molecular descriptors, tools for the simulation of biology and
molecular dynamics, methods to model the toxicity mechanisms and models for
the toxicity prediction. In other words, in silico toxicology considers the
chemical/ structural properties of a compound, to predict possible interactions
with targets as proteins, genes, etc., in conjugation to recorded in-vitro and in-
vivo evidence, aiming to virtually simulate the mechanism of the toxic response
in cellular, tissue and even the organ level. These models interpret parameters
as the genetic variations and the speed of metabolism [7], and the developed
models can exhibit high consistency to the human organism. The workflow of a

prediction model includes:

o Recording of biological data that provide information for

associations between chemicals and toxicity end-points,

o Creation of molecular descriptors
o Development and evaluation of a prediction model
o Interpretation of the model [6], Figure 1.

Examples of the methodologies employed for toxicity modeling are [6]:

o Structural Alerts (SA) that are chemical structures that could
induce toxicity directly or indirectly. They are often used in rules (rule-
based models), defining that if a specific structure is presented, then a

specific type of ADE is certain.
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o Quantitive  Structure-Activity relationship (QSAR): use of
molecular descriptors to predict toxicity. These models are based on a
regression-based idea and attempt to link a set of predicting variables,
as the physicochemical properties with a biological response.
Compounds that are described by the same QSAR exhibit high
probability to express common mechanism.

o Dose- and time response models: describing relationships

between the dose or the time with a defined biological effect.

In silico
toxicology

Generate . . .
Databases molecular Simulation bl ife 33 i T Visualization
: methods software models
descriptors

Steps of prediction-model’s generation
- Molecular Model Model Model
Types of models

Dose- and .
Structural QSAR Read- PK & PD time- Uncertainty
alerts Across factors
response

Figure 1 Graphical description of in-silico toxicology procedure [6].

1.4.2. 3D-cell cultures

Two dimensional (2D)-cell cultures have been used in the field of toxicology for
many decades, allowing the investigation of chemicals’ impact at cell-level in
vitro. The method is based on the growth of cells on a flat surface, and so far,
represents a key step of the drug development pipeline, as it is used for
compounds screening before the in vivo testing. Despite the definitive
contribution of 2D-cell cultures in drug safety assessment, the method’s

efficiency is considered as constrained by the inadequacy to represent with the
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required accuracy of more complex cell environments, as the tissues. This gap
was bridged by the use of animal models, but these models are also exhibiting
limitations, as was discussed above. The recent years the implementation of
three dimensional (3D)- cell cultures is proposed as an emerging, and better
fitting to the purpose solution. The 3D-cell cultures are easy to use, versatile,
quicker, less expensive, and more reproducible that the animal models [8],
permitting more coherent observations. In contrast to the static environment of
their 2D counterparts, the 3D-cell cultures provide a more comparable to the in
vivo environment. l.e., the drug screening in 3D-cell cultures allows the
determination of the induced biochemical response, considering the alteration
provoked in the cell, and taking into account the interactions between the cells,
the interaction of the cell and the extracellular cell matrix and the interaction of
the cell with the whole organ as well [9]. The factors that impact the cell
phenotype are the extracellular matrix composition (EMC), the matrix stiffness,
the concentration gradients (oxygen, pH, nutrients, cellular metabolites, etc.)
and, the stromal cells [8]. The components of ECM, i.e., the matrix proteins, the
glycoproteins, the ECM sequestered, and the hepatocyte growth factors, etc.,
affect the cellular behavior in a tissue specific way, regulating the cell
proliferation, differentiation, migration, the cell signaling and the cell death [8].
The biochemical composition of the ECM offers characteristic physical and
mechanical properties, as the tissue stiffness which is essential for the
homeostasis [10]. Thus, the simulation of the tissue in 3D-cell culture-model
provides an accurate representation of cell’'s phenotype and, facilitates the
comprehension of the biochemical processes involved, leading to the specific

toxic end points.
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Paracrine Signaling
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Figure 2 Graphical description of the complex cell environment [8].

1.4.3. Systems biology & Omics

As described above, humans and animals are organisms of high complexity
regarding their level of biological organization. This complexity leads to limited
similarity between different species, i.e., humans and laboratory animals, and
also limited uniformity in the individuals of the same species. Although humans
share many common characteristics (biological, genetic, epidimiological, and
biochemical), even the organisms of the twin brothers present differences. This
dissimilarity leads to high uncertainty, even in human-to-human translation,
posing barriers in the drug safety assessment, as the deep understanding of
the pathways leading to specific toxic endpoint is challenging procedure. Drug
induced hepatoxicity is a characteristic example, as it is a clinical endpoint of
mitochondrial dysfunction; however, mitochondrial dysfunction results by many
biochemical trailheads, e.g., interaction with multiple protein targets, fatty acid
metabolism dysregulation, etc. Thus, the fact that two different organisms
expressed a common toxic endpoint, e.g., hepatotoxicity, after their exposure
to a specific chemical, cannot lead to the assumption that the chemical triggered
the same biochemical pathways in them. The raising question is: How can we
predict toxicity without knowing the occurring biochemical alterations?
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Considering the timeline of the toxicity event, the compound firstly affects the
cellular level in a direct or indirect manner, leading to e.g. stress response or
apoptosis induction; then the cellular distribution, if expanded, leads to tissue
or organ dysfunction, e.g. inflammation or necrosis; and finally is expressed as
a clinical symptom, e.g., fever, organ-failure, etc. [11]. This toxicity timeline is
probably affected by multiple molecular initiating events. Thus, it is important to
understand in a more comprehensive way, to isolate and to define the
biochemical background of the toxic responses in order to be able to predict

them.

This attempt is facilitated by the emerging field of systems biology
(https://irp.nih.gov/catalyst/19/6/systems-biology-as-defined-by-nih), that

efforts to the establishment of interactions occurring among the different levels
of biological organization, i.e., cell, tissue, organ, in order to provide more
comprehensive insights into the organism’s procedures. According to the
National Institutes of Health, NIH, system biology combines the advanced
computational models with the cell biology, the immunology, and the omics
techniques (genomics, metabolomics, proteomics) to conduct general
assumptions on the biology of complex species. According to Pius et. al., the

application of systems biology in the toxicology emphasizes in:

e Absorption and distribution of the xenobiotic within the biological system.

e Transformation of the xenobiotic resulting in the generation of toxic
and/or non-toxic intermediates.

¢ Interaction of the parent xenobiotic and/or its products with the cellular
targets of toxicity.

e Alterations in the cellular molecules including genes, proteins, and lipids.

e Structural manifestations of target organ toxicity, for example histological
changes.

e Functional manifestations of toxicity, for example impairment of critical
functions in target organ(s)/organ system(s), and

o Elimination of the xenobiotic and/or the transformation intermediates

from the biological system [12].
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According to the central dogma of biology, the DNA (studied by genomics) is
transcribed in RNA (studied by transcriptomics) which is translated into proteins
(studied by proteomics). Finally, the actions of proteins result in the production
of thousands of metabolites (studied by metabolomics) [13], Figure 3. The field
of systems biology that focuses on the drug safety assessment, also known as
systems pharmacology, so far, is based on toxicogenomics, a field that study
the transcriptomics and proteomics interactions for the determination of the
mechanisms that lead to ADEs [14].
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Figure 3 Factors that impact the profile of the phenotype, Figure modification of Steuer
et. al.[15]

Transcriptomics exhibits extended application in the field of systems biology.
From the 2002, 703 research articles that implement transcriptomics in the
investigation of the drug toxicity and the drug safety, have been published

(PubChem: transcriptomics drug toxicity & transcriptomics drug safety). This
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field encompasses the emerging analytical techniques to detect alterations in
genes’ expression regulation, when an organism is exposed to specific

xenobiotics, i.e., drugs, chemicals, environmental pollutant [12].

The investigation and development of protein-protein interaction (PPI) via
proteomics, is another popular approach in the field, and combined with the
transcriptomics form the field of toxicogenomics, which attempts to relate the

gene and the proteins expression provoked by external stimuli.

Despite the pronounced benefits of toxicogenomics, there are limitations that
should be addressed. Transcriptomics studies are topological limited, in other
words, specific tissues are submitted in transcriptomics analysis during a
toxicology study. However, so far, the scientific community has not set criteria
or rules for the tissue selection and the appropriate time of the sampling,
considering that they are slow or fast, and strong or weak responders.
Commonly, the interest is focused to the leucocytes and the examination of the
liver, as it is the organ that is mainly involved in drugs metabolism. Therefore,
the results obtained from liver’s investigation are permanent for the renal or the
cardiac function as well. A holistic picture would be formed if the transcriptomics
and proteomics analysis were used to screen all tissues, however this would
be very expensive. Moreover, in transcriptomics it is challenging to isolate the
relevant-to-the-toxicity response from the adaptive or the homeostatic response
that also occurs. The major constrains of toxicogenomics, in the effort to
understand and predict the toxic response of a patient to the drug, is that other
contextual factors, i.e., age, lifestyle, diet, health, stress, polypharmacy,
microbiota, etc., are not considered [16]. On the other hand, proteomics is more
informative regarding the contextual impact factors, although they are not
informative for the enzymatic activities related to drug toxic response. However,
several toxicities are related to alteration of enzymes function, and these

alterations are not always reflected to protein concentration per se [17].

Metabolomics deemed to be promising in systems biology, as metabolites
represent the final products of multiple interactions between genes, transcripts,
and proteins. The temporal metabolic profile is sensitive to all external and

internal stimuli of an organism, and provide information for the organism

37



responses, not in an isolated manner, but as results of actions exhibiting in
parallel in a complex system[18]. Metabolomics are fast and cost-effective,
widely applied in biofluids analysis and they can be repeated in an effort to
identify the fast and the slow responders [17]. The top-down and the bottom-up
data reduction approaches that are commonly used in system biology studies

are described in Figure 4.
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Figure 4 Top-down and bottom-up data reduction approaches in system biology,
Figure modified from Pinu et.al [18].
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1.4.4. Points of toxicity

Systems biology uses emerging post-analysis methodologies towards the
development of biological networks, combining the evidence resulting from
independent omics datasets. It is essential that the omics data are biochemical
evidence linked to alterations that precede the pathological phenotype. Thus,

due to this temporal disconnection between the omics and the clinical evidence,
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it is challenging to connect clinical signs with the initiating pathway. However,
the omics-based knowledge, merged with data-base clinical evidence, can
facilitate the discovery of subclinical biomarkers. Under this notion, the
Consortium on Metabonomic Toxicology, COMET, is a large project that started
in 2005, aiming to determine shared drug-induced metabolic responses. The
main idea is that drugs of different mechanism of action trigger specific
biochemical pathways that can be used as the basis of an in-vivo screening
process. If we could identify specific metabolic responses and pathways that
are shared in toxic responses, we then would be able to screen them and
predict the future toxicity even in-vivo. Thus, COMET conducted a large number
of drug innervational and physiological experiments to make a data-base of
metabolic responses data and combine them with conventional clinical data
[17].
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2. Chapter 2

Metabolomics as a powerful tool in drug safety/efficacy studies

2.1. Metabolomics in Toxicology
Metabolomics is the field of analytical chemistry that studies metabolome. The

term “metabolome” refers to the total amount of low-molecular weight
compounds (<1500 Da) existing within the biological systems, and to their
interactions. The composition of the metabolome is defined by the genome,
transcriptome, and the proteome, but also by other factors, i.e., environmental,
lifestyle, drugs, underlying diseases, etc. Human Metabolome Data Base,
HMDB, version 5.0 includes 220,945 metabolites entries (https://hmdb.ca/,

2023). However, the total number of human metabolites is not known so far,

due to the high complexity of the metabolome. The metabolites appear in the
human organism at concentration scales that range from nM to mM.
Metabolites can be categorized as (i) intracellular (endometabolome), including
the metabolites produced by cells, tissues or organisms; (ii) extracellular
(exometabolome), including metabolites secreted or consumed by cells; (iii)
microbial, produced by microbiota and; (iv) xenomatabolome, formed by

metabolites that are produced by xenobiotics, pollutants, and nutrition [13].

The majority of the community uses the terms metabolomics and
metabonomics as equal, however, they deem to have specific scientific aims:
metabolomics efforts towards the identification and qualification of all, both
endogenous and exogenous, metabolites existing in a specific biological
sample. On the other hand, metabonomics focuses on the alterations occurring
in the metabolic profile as a consequence of a specific stimuli, i.e., pathological

condition [13]. In the current text, these terms will be used interchangeably.

2.2. Metabolomics pros and cons
As metabolites’ composition is affected, in a high-sensitive-manner, by both the

steady physiological equilibrium of organism and, the changes in the
environmental stimuli, the metabolome is considered as an accurate predictor
for the phenotype, and the metabolomics deemed to be the most functional of
the omics approaches [19],[20]. An important benefit of metabolomics is that it

facilitates the animal-to-human-translation, or in general the translatability from
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experimental models to humans, as metabolites have universal chemical
structure, despite the organism they belong. Regarding the limitations of
metabolomics, the most severe is the existence of multiple confounders
inducing alterations in the metabolic profile, making it challenging to identify
latent consistent correlation of a metabolic change by a specific stimulus. Also,
the lack of direct association with the genome, which constrains the

interpretation of the metabolomics results possess another major issue.

2.3. Metabolomics views and strategies
From the analytical chemistry scope, there are three main approaches: (i) the

global, or untargeted metabolomics, (ii) the metabolic profiling and, (iii) targeted
metabolomics[13]. Global metabolomics investigates the total amount of
metabolites that could be detected by the instrumentation employed, i.e.,
QTOF. This approach is mainly selected in differential studies, i.e., studies
focusing on the metabolic differences of two groups, where there is no prior
knowledge concerning the metabolites that will be proved as informative.
Therefore, total screening of compounds is employed, resulting in a vast
amount of data, that should be subsequently interpreted using advanced
bioinformatics tools. The signals considered as discriminating are identified, in
a statistical driven identification procedure. On the other hand, metabolic
profiling is based on the quantitation of predefined metabolites that belong to
the same class, i.e., amino acids, or participate in a specific biochemical
pathway [13]. Finally, the targeted approach is based on a prior hypothesis and
investigates the regulation of specific metabolites, designing appropriately the

experiment, and the analysis conditions [21].

Moreover, regarding the differential studies, we can distinguish two
subcategories, the metabolic fingerprint, and the metabolomics footprint. The
first refers to the determination of the intracellular metabolome, and the second
focuses on the extracellular metabolites that are excreted or consumed by the
cells [13].

2.3.1. Pharmacometabolomics
Pharmacometabolomics (PMx) is the field of metabolomics that efforts the

assessment of drugs’ efficacy or toxicity. PMx studies attempt to detect specific

biomarkers or metabolic patterns that facilitate the comprehension of drugs
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action, metabolism, ADEs, etc., and their ultimate goal is the development of
models that can predict the individual’s response to the drug [16]. In the effort
to estimate the drug induced effects, there are two main design approaches
that are followed, based on the intended conclusions. The first idea is the
comparison of the baseline metabotype, corresponding to pre-treatment
samples, with the treatment-metabotype, corresponding to after- or during-
treatment samples. This comparison describes the metabolic alterations
induced by the drug. The second idea in the comparison of the baseline
metabotype, with the longitudinal drug exposure in order to estimate the dose-
response [16].

2.4, Challenges on metabolomics design

The ultimate goal of metabolomics applied in drug safety/ efficacy studies is the
identification of sensitive biomarkers that enable the early prediction of the
organism’s response to the studied drug. The effort to determine metabolic
biomarkers that could be used in the clinical routine is constrained by several
challenges that impact the metabolomics analysis procedure. A major issue is
the chemical diversity of the metabolites, and the existence of isobaric and
isomer compounds that hinder the identification. Also, the existing chemical
diversity of the metabolome requires the combination of different analytical
techniques to obtain the holistic view, such as gas and liquid chromatography,
different sources of ionization, different chromatographic columns, as it will be
further discussed below. Moreover, there is a small number of available
authenticated standards of metabolites, i.e., 600 reference standard of IROA
MSMLS, Biocrates, etc., and thus it is challenging to validate other potential
biomarkers that might be more informative than the known amino acids, fatty

acids, etc.

In addition, as metabolome is affected by multiple sources of variation, is
deemed essential to design proper protocols to reduce the preanalytical and
the batch-to-batch variation, as their existence will miss-lead the metabolomics

statistical interpretation.

Another key point in the metabolomics design is the estimation of the proper

sample size, especially in cases of clinical cohorts. It is suggested that the
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impact of non-relevant to the case variation has serious impact when studying
small cohorts, i.e., 20 persons, and the variation is decreased when the sample
size in large, i.e., hundreds of individuals, as it is more representative for the
total sample population [20]. The thorough design of the size and the quality of
the cohort is essential to obtain accurate and consistent results. However, this
design cannot overcome the impact of the demographic’s imposed variability,
that should be addressed separately, during the statistical interpretation of the
omics data. The Husermet project is an effort to analyze the metabolome of the
human serum. Part of this project is the determination of the manner that the
sample size and the demographics affect the phenotyping quality [22]. So far
there is well established knowledge on the impact of the sex, the age and the
BMI on the expression of clinical conditions as the kidney disease / failure, the

fatty acid oxidation disorders and others [20].

2.5. Metabolomics and mass spectrometry: Applications & Trends
As mentioned above, the metabolome is the sum small molecules (<1500 Da)

that exist in a biological system, that exist in a wide range of concentration
levels. Metabolome includes compounds with wide chemical diversity i.e.,
lipids, sugars, amino acids, small peptides, steroids, etc., and therefore it is
impossible to investigate the whole metabolome using only one analytical
technique. The most common approach is the combination of orthogonal
separation techniques coupled to detectors. The most commonly implemented
platforms for metabolomics analysis are the nuclear magnetic resonance
(NMR) and the liquid chromatography tandem to mass spectrometry (LC-MS)
methodologies, however, gas chromatography coupled to mass spectrometry

is also used.

NMR belongs to the spectroscopic techniques and the method investigates the
energetic transition of nuclear spins in the presence of a strong magnetic field.
NMR has been a useful tool in life sciences and especially in the field of
metabolomics. The stronger advantage of NMR is that facilitates the
identification and the structure elucidation of the organic compounds. As NMR
measurements are sensitive to the chemical environment, the technique
provides selective information about the compounds regarding their

physiological characteristics [23]. NMR is a versatile technique, as it is
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nondestructive, nonbiased, facilitates the qualification and requires minimum
sample preparation. Moreover, NMR is highly reproducible and enables the
facile determination of sugars, organic acids, alcohols, etc., that are challenging
for LC-MS platforms to detect [24]. The major limitation of NMR is its low
sensitivity, compared to other methodologies, as it provides detection limits that
range from low-micromolar to high-nanomolar values. This constrains the use
of NMR in biomarkers detection, as it cannot detect low abundance metabolites
that may be important as differentiating variables. It is worth noting that NMR
permits the reliable detection of a few hundred, while it is known that human

metabolome includes several thousands of metabolites [24].

2.5.1. HRMS
High resolution mass spectrometry (HRMS)-based platforms provide an

efficient alternative in omics and particularly in metabolomics. In contrast to
NMR, HRMS methodologies permit full-scan acquisition, offering a more
comprehensive view on the metabolome. They offer wide detection coverage,
and thus high-throughput metabolomics profiling, combined with high
sensitivity, precision, and accuracy. To the HRMS class belong mass
spectrometric analyzers that enable the detection of analytes to the nearest
0.001 atomic mass units, i.e., time of flight (TOF), orbitrap, and Fourier
transform ion cyclotron resonance (FTICR) analyzers. In general, the mass
spectrometer measures the mass-to-charge ratio (m/z) of one or more charged
compounds. In contrast to the mass spectrometers as the triple quadrupoles,
the HRMS instruments permit the acquisition of multiple scans and the ability
to record all the charged molecules that exist in the sample. This characteristic
is crucial in omics studies, therefore HRMS-based platforms are the most
commonly viewed in the literature. In contrast to TOF, FTICR and orbitraps
provide higher resolution and mass accuracy, however, their cost seems to
constrain their use. On the other hand, TOF gains place as a versatile

instrumentation of high consistency and especially high acquisition speed.

2.5.2. UPLC-ESI-QTOF
The liquid chromatography-mass spectrometry (LC-MS), and particularly ultra-

performance liquid chromatography (UPLC), has become one of the most

commonly used techniques for metabolomics studies, offering high sensitivity,
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selectivity, and throughput in data acquisition. As mentioned before, the
metabolome includes compounds exhibiting high chemical diversity which is
expressed in their physicochemical properties. Thus, the use of orthogonal
separation techniques is a common practice in metabolomics studies. The most
common approach is the conjugation of complementary types of LC, i.e.,
combination of hydrophilic interaction liquid chromatography (HILIC) with
reversed phase liquid chromatography (RPLC), or the combination of positive

and negative ionization modes.

HILIC columns have a highly hydrophilic stationary phase, e.g., amides,
providing the retention of polar metabolites, i.e., amino acids, nucleic acids, the
sugars, and small organic acids. HILIC is considered as complementary to
RPLC which is the most commonly applied. RPLC columns have a lipophilic
stationary phase for the retention of non-polar lipophilic molecules, as the lipids
and the fatty acids. The combination of these to LC approaches provides more
comprehensive metabolites coverage, as it facilities the better performance of

both polar and non-polar compounds [25].

LC and MS platforms are coupled together via an ion source, that transforms
the LC-eluted analytes into charged ions that can be further analysed by MS
based on their m/z ratio. The ion sources are usually described as soft or hard,
depending on the fragmentation occurring during analytes’ ionization. Soft
ionization methodologies are considered as more appropriate for metabolomics
workflows, as the metabolites can be charged in their intact form, and thus, it is
easier to identify them. The electrospray ionization source (ESI) belongs to the
family of soft ion sources and is the most famous technique in metabolomics.
ESI generates mainly single charged [M+H]+ or [M-H]- ions, and also a variety
of other adducts, e.g., [M+K]+, [M+Na]+, [M+NH4]+, [M-H20]- [M+ClI]-, etc.
During the ionization procedure, the eluent exits from the column and passes
through a steel needle under the impact of a high voltage, ranging from 2-6 kV,
resulting in the generation of charged droplets. These droplets, containing ions
of analytes and solvent, insert the cone, Figure 5, where they are heated and
evaporated under a strong electric field that leads to the formation of droplets
with increased Coulombic interactions on their surface. These droplets

sequentially decompose into smaller ones until the analyte is released from the
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solvent, passing in the gas phase. The analytes are transferred into MS

analyzers usually using with dry N2[26].
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Figure 5 Graphical description of electrospray ionization
(https://en.wikipedia.org/wiki/Electrospray_ionization#/media/File:ESI_positive_mode_(
21589986840).jpg)

The QTOF mass analyzer is a promising ‘hybrid ’analytical platform that
combines the advantages of a quadrupole (Q) and a TOF analyzer.
Quadrupoles offer increased efficiency in compounds fragmentation, i.e., highly
selective fragmentation. TOF analyzers permit rapid acquisition speed and
high-resolution capability. This combination enables the full MS scan with the
ability to fragment specific compounds and increase the identification
confidence, and full scan of fragments as well. TOF mass analyzer provide the
separation of charged ions during their ‘journey’ into a flight tube under high
vacuum. The ion separation is based on m/z ratio. The charged ions are
gathered in the area of the orthogonal accelerator, and are subjected to a
homogeneous electric field pulse, providing them the with equal dynamic
energy. The ions are ‘pushed’ in the TOF tube, a region free of field- and drift
impact. The ions start their rout with equal kinetic energy, due to the

conservation of the energy, and they acquire velocity that is inversely
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proportional to their mass [27]. At the end of TOF tube the detector records the

signal of incident ions. A scheme of a 0-QTOF system is presented in Figure 6.
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Figure 6 Graphical derscription of the QTOF system
(https://lwww.researchgate.net/figure/Schematic-of-the-impact-ll-mass-spectrometer-
not-to-scale fig1 277085139)

The first part of the Bruker Impact or TIMS-TOFpro2 LC/o-QTOF platform is the
ionization source, that connects the LC system with the MS. The sample exits
the LC system, enters the source and charges are developed. Gradually the
mobile phase is dried and heated through a glass capillary in order to remove
the solvent. The charged ions are collected with high efficiency and focused via
the dual ion funnels and the hexapole and subsequently directed to the
analytical quadrupole (Q1). The Q1 is followed by the collision cell (Q2), and
the orthogonal accelerator. The orthogonal accelerator, also known as the
pusher-puller system provides the same kinetic energy to the ions and pushes
them through the time-of-flight tube. QTOF is mostly applied for 3 alternative

spectra acquisition modes:

i) full-scan MS: Q1 and Q2 are set to the broadband mode, giving free
access of all ions in the TOF tube;

i) full-scan MSMS, or full-scan of the fragments: Q1 is set to the
broadband mode and Q2 is on, conducting fragmentation using

accelerated flow of neutral gas, e.g., N2, and high voltage. The
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produced fragments are accelerated through the pusher puller and
enter the TOF;

iii) Full-scan MS and selective MSMS: the precursor ions enter the TOF
tube unhindered by the Q1 or the collision cell. Then in the following
scan-rounds, specific precursors are isolated by the Q1, applying the
appropriate RF conditions, and these precursors are submitted to
fragmentation and their produces fragments enter the TOF, providing

information of selective fragmentation [28].

2.5.3 DDA, DIA and SWATH acquisition strategies
LC-MS platforms as the UPLC-QTOF, permit the performance of both targeted

and untargeted (often called as non-targeted or non-target) metabolomics
studies. In targeted approaches the data acquisition focuses on a pre-selected
set of metabolites, based on a prior hypothesis, and therefore employ
techniques as the multiple reaction monitoring (MRM) and the parallel reaction
monitoring (PRM). On the other hand, untargeted metabolomics require

comprehensive detection of all measurable metabolites existing in the samples.

The most applied LC-MS-based techniques in metabolomics profiling is the
data dependent acquisition (DDA) and the data independent acquisition (DIA).
DDA and DIA use different strategies to conduct simultaneous acquisition of
MS1 (precursor ions) and MS2 (fragments) data of all the charged molecules
existing in a sample. In both cases, there is a data acquisition cycle that
contains the acquisition of a full MS1 scan, followed by the acquisition of one

or multiple MS scans.

In DDA, the precursors detected in the MS1 scan are ranked by their
abundance, and the top n of them are isolated for fragmentation, to receive their
corresponding MS2 one by one. The major advantage of DDA is that the
fragments are inherently assigned to one specific precursor, and this
information facilitates the identification and increases its confidence. The
constraints of DDA is that provides low coverage of MS2, as only the more
abundant precursors are subjected to fragmentation, and also the MS2 spectra
quality is undefined. This happens because the MS/MS spectra are not always

acquired at the apex of the chromatographic peak [29].
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In contrary for DIA, all precursor ions are fragmented providing multiplex MS2
data. In this way DIA permits the acquisition of MS2 for all precursors. In order
to perform the fragmentation, the precursors are sequentially isolated in a
predefined m/z window ranging from 5 Da to a full mass range, and then they
are fragmented in one or more repeated fragmentation cycles. The main
challenge of DIA is the lack of direct link between MS1 and MS2. The width of
the isolation window is the differentiating point of the several DIA methods, as
the all-ion fragmentation (AIF) and the SWATH. In AIF, also known as MSE, all
the co-eluted precursor ions of the whole mass range are transmitted for
fragmentation. In this case, the product ions are assigned to precursors by the
retention time, the mass defect, the peak shape similarity, or by combination of
them. Nevertheless, the complexity of the MS2 spectra is increased, and thus
new approaches that address this complexity seem to gain place. SWATH is a
DIA technique that enables the sequential fragmentation of all precursors in a
serial of quadrupole (Q1) isolation window, that typically ranges from 5-100 Da.
In this way, lower number of precursors is simultaneously fragmented, and thus
the complexity of MS2 is decreased [29]. DDA and DIA data acquisition are

graphically represented in Figure 7.
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Figure 7 Graphical representation of data acquisition methodologies: A) Data
dependent acquisition; B) All ion fragmentation (type of data independent acquisition);
SWATH (type of data independent acquisition). Figure modification from Wang et. al.
[29]
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2.6. Metabolomics identification
The identification, namely the attribution of a specific Accurate Mass Retention

Time (AMRT, mz_rt) feature to a known metabolite, is a challenging procedure.
In the case of DDA, the structure and the metabolite can be clarified by
comparing the similarity of m/z of precursor and its MS/MS spectra to the
metabolites standards existing in the spectral libraries MS1 and their fragments
can be directly searched in databases such as the HMDB [30], the METLIN
[31], the MassBank [32] and numerous others. In the case of DIA, the
identification requires one more important step: the creation of pseudo-MSMS

that are assigned to a specific precursor.

The generation of spectra clusters, either in MS1 or MS2 levels is facilitated by
several algorithms. The CAMERA algorithm generates MS1 clusters employing
peak tables, based on the retention time, the isotopes, the peak shape, and the
adducts[33]. The MSClust algorithm performs clustering of ion-fragments in the
dataset that originate from a single metabolite, i.e., it is suitable for DDA
datasets, based on two properties: (i) similarity of chromatography, especially
focusing on the retention time, and (ii) quantitative similarity of ion-fragment
patterns across a number of samples analyzed [34]. The RAMClust algorithm
uses high collision energy MS without precursor ion selection, acquired
simultaneously with the low collision energy MS. Thus, itis suitable for DIA data.
RAMClust is based on the assumption that two features, produced from the
same compound, present similarity in their retention time and also high
correlation in their abundance profiles between different samples of the same
dataset [35].

The identification strategies of metabolomics can be categorized as library-free
and library-based. This discrimination is not related to the treated data (DIA or
DDA) but to the existence of a prior hypothesis. Library-based approaches, also
known as screening of suspect compounds, focus on the detection of specific
metabolites, or metabolites belonging to a specific class, e.g., amino acids.
These efforts are typically biologically driven, as the metabolomics study aims
to investigate alterations occurring in a specific group of metabolites, or specific
metabolic pathway. On the other hand, library-free methods are also

hypothesis-free and are driven by the statistical interpretation. Namely, the all
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the detected features are employed for the statistical comparisons, e.g.,
classification models, student t-test, etc., and those exhibiting the higher
statistical importance are submitted to identification, using algorithms as

mentioned above.

2.6.1. Dark metabolome and new trends on metabolomics identification
Untargeted metabolomics studies, especially the high-throughput MS-based,

result in a vast number of mz_rt features. However, more than 98% of these
features remain unknown. The major issue is the lack of MS/MS metabolites
reference spectra. It is characteristic that PubChem includes more than 60
million compounds, but only 20 thousand of them are linked to MS/MS spectra
[36]. The unknown features, also considered as dark metabolome, may be
unregistered metabolites, or products of the metabolites’ metabolism, etc.
These features commonly bear increased statistical power in metabolomics
studies, however, they cannot be considered as potential biomarkers as they
cannot be characterized. Thus, the scientists of the field seek for alternative
identification ways. The prediction of MS/MS spectra of given structures seems
to be a powerful tool in spectral interpretation. The generation of predicted
MS/MS is actually the prediction of potential fragments and intensities, based
on the chemical bond breakage rules and the number of fragments. This effort
of MS/MS prediction is also called in-silico fragmentation. MyCompoundID.org
(MCID) is an online compound library that includes ~8 thousands metabolites,
existing in HMDB, and >375 thousand predicted human metabolites in a
developed Evidence-based Metabolome Library (EML). The EML is a library of
predicted products resulting from metabolites metabolism, with one metabolic
reaction. The in-silico fragmentation method employs heteroatom-initiated bond

breakage rules and is applied in all MCID metabolites [37].

2.7. Metabolomics interpretation and biomarkers determination
The biomarkers or the biological markers represent a subgroup of medical

signs. The medical signs differ from the medical symptoms, as they are
objective indications of medical state observed from outside the patient and can
be measured accurately and reproducibly [38]. According to WHO, biomarker
is “any substance, structure, or process that can be measured in the body or its

products and influence or predict the incident of outcome or disease”.
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According to their use, the biomarkers are categorized in groups:

The diagnostic biomarkers enable the detection or the confirmation of the

existence of a pathological state or condition of interest.

The monitoring biomarkers are measured serially and allow the assessment of
the status of a disease or medical condition as an evidence of organism’s

exposure to a drug, chemical or environmental agent.

The pharmacodynamic or response biomarkers are used as the alterations of
their levels describe the response to exposure to a medical product,
environmental agent, etc. These biomarkers are commonly used in clinical
practice and early therapeutic development and also are useful in the drug

dosing.

The predictive biomarkers are compounds that their existence or the alteration
of their levels can identify a person or group of persons as more vulnerable to
exhibit an effect (favorable of not), due to their exposure to a drug or an

environmental agent.

The prognostic biomarkers are employed to identify the probability of a clinical
incident, disease relapse, or disease progression in patients with a specific
condition of interest. The prognostic biomarkers are used as criteria to classify
the high-risk groups. The prognostic biomarkers are used for the risk
assessment, i.e., for ADEs occurrence invoked by a specific disease, e.g., heart
failure due to chronic kidney disease, while the predictive biomarkers describe

the response of an individual to an external stimulus, as the drug administration.

The safety biomarkers are medical sings that their levels before and after an
exposure to medication or to environmental agent suggest the probability of

toxicity as a side effect.

The risk biomarkers describe the likelihood to express a disease or medical
condition for a person who does not currently express clinical symptoms. The
difference of the risk and the prognostic biomarkers is that the second
investigates the vulnerability to express a pathological state, while a specific

disease is already occurring [39],[40].
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2.7.1. Biomarkers validation
According to PubChem, there have been published 25,959 original articles and

only 1,441 patents regarding “biomarkers detection” between 2010 and 2023,
suggesting that only a low percentage of the discovery studies end up in
biomarkers of clinical use. This gap results from the high false discovery rate of
biomarkers or by the true biomarkers with weak clinical performance, i.e., low
specificity and sensitivity, etc. In order to render the knowledge obtained from
the metabolomics actually applicable in the field of life science, the procedure
of biomarkers’ discovery should include additional steps that ensure the
consistency and the fit-of-purpose of the potential metabolite. Thus, according
to Koulman et. al.,, the phase of the differential study that highlights
differentiating metabolites, must be followed by two qualification phases and
one application phase. The qualification phase | focuses on the identification of
the metabolite, on the validation analysis, and on the evidence of biomarker’s
importance, provided by a new clinical study. The final goal of this step is to
decide if it is cost-effective to examine a differentiating metabolite as a potential
biomarker. The qualification phase Il is related to the validation process of
analytical methodologies, as they efforts to provide experimental evidence
regarding biomarker’ precision, reproducibility and, robustness and also record
the limitations of its use by testing its efficiency in a wide cohort. The second
step aims to answer weather the alterations of metabolite’s concentration level
clearly indicate a specific pathophysiology when other symptoms are

considered [41].

As the validation steps intermediate between the metabolite’s discovery and
biomarker’s development require plenty of time and resources, it is deemed
essential to develop thorough metabolomics studies that minimize the
probability of false discovery, concerning the resulted differentiating
metabolites. This attempt encompasses the identification of high confidence, as
it was discussed above, and thorough variable selection pipelines that will be

discusses below.

2.7.2. Biomarkers selection
The thorough variable selection process is deemed essential in naive studies

of biomarkers discovery, as it minimizes the probability of false discovery,
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before the step of biomarker validation, saving time and resources. In
differential metabolomics studies, i.e., comparison of control and case cohorts,
the variable selection is mostly based on the combination of univariate
methods, e.g., Student’s t-test and/or receiver operating characteristic (ROC)
analysis for features steming from multivariate statiststics as PLS, PLS-DA etc.,
Figure 8 [42]. The multivariate models are used for classification purposes and
then their most discriminating variables are considered as important, for
example variables with VIP scores > 1.5. However, the reliability of this strategy
is disputed by the high false discovery rate occurring in the validation level.
Thus, complementary variable selection methods should be included in
metabolomics pipelines and should be selected based on the scope of the study

and the characteristics of the cohort or of the experiment.
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Figure 8 Simplified pipeline of the statistical procedure that is commonly applied in
metabolomics studies [42]

2.7.2.1. Common strategies in metabolites selection
Multivariate analysis (MVA) is a powerful tool in the metabolomics field,

enabling the statistical interpretation of the data considering their interactions
as well. Biological systems show increased complexity as already discussed,
and thus, the phenotype-differences of two cohorts, i.e., diseased, and healthy,
cannot be easily represented by alterations in single variables. The study of
system-level changes provides a more accurate view of the investigated
phenotype, elucidates the multiplex impact of the condition, and facilitates the
investigation of characteristic biomarkers. MVA interprets all variables in
parallel, estimates putative correlations between them but also the provides
semi-quantitative insights of the detected correlations to the phenotype of

interest [42]. This is the main reason tat MVA methods find extended application
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in the metabolomics field, in contrast to univariate strategies that are usually

used as the final step of biomarkers statistical validation.

The MVA models are categorized as supervised and unsupervised.
Unsupervised models use an impute of variables (X) and effort to find relations
between objects, namely, to generate object clusters, or to find classification
trends based on data reduction. Supervised models use both variables (X) and
known information of the samples (Y), as the phenotype, aiming to generate
(x,y) functions able to predict group classification, or predict a continous
response. Principle component analysis (PCA) is the most popular
unsupervised method, that detects independent components in the data, based
on linear correlations of the correlated features. PCA is widely used in
metabolomics, to highlight potential trends, however, serves little purpose in
biomarkers discovery. PCA is mostly used for data evaluation, in order to
identify hidden confounders, detect outliers, or to check the reproducibility of

quality control (QC) samples.

On the contrary, unsupervised MVA exhibits critical role in biomarkers detection.
Partial least square discriminant analysis (PLS-DA) has numerous applications
in differential metabolomics studies, as it aims to identify the best predictor
variable (X) that explains the response variable (Y). In other words, PLS based
methods seek to reveal those features that impact the phenotype of interest.
Orthogonal PLS-DA (OPLS-DA) is a promising alternative to PLS-DA, that aims
to separate the existing variance into irrelevant (orthogonal variance) occurring
by noise or confounders and into relevant that is related to the phenotypic
response. The OPLS/OPLS-DA models provide a ranking of variable influence
of projection (VIP) measures, that express the association of the features with
the predictive components. Several studies set VIP>1 as a threshold to
consider a feature as potential biomarker. Support vector machines (SVM) is a
supervised machine learning algorithm appropriate for the interpretation of non-
linear data. In contrary to PCA and PLS models, SVM recognises non-linear
relationships and identifies vectors or samples in the margin between two

groups in order to detect the maximum margin hyperplane [42].
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The features of higher statistical impact provided by MVA models, are usually
further verified, regarding their statistical importance, with Receiver Operator
Curve (ROC) analysis. ROC analysis is used to evaluate the accuracy of a
diagnostic biomarker, i.e., to quantify how accurately a metabolite can
discriminate to phenotype states. The ROC analyses the trade-off between the
true positive rate (TPR) against the false positive rate (FTR) across varying
cutoffs of positivity. The area under the curve (AUC) is the interpreted result of
ROC curve analysis and represents the sensitivity and the specificity of the

diagnostic feature[43].

As the MVA models are utilized for group classification/ prediction and variable
selection, they must be thoroughly evaluated regarding their metrics of
performance. This is accomplished using the figures of merit, that represent
objective measures. l.e., R2 and Q2 are values that assess the fitting ability and

the prediction power of models as PLS-DA.

There are several tests commonly used for purposes of model validation i.e.,
test of permutations, CV-ANOVA and also there are parameters as Hoteling’s
T2, a multivariate generalized t-test, that are used to evaluate the dataset and

point out outliers.

The test of permutations estimates the risk of a PLS-DA (or PLS) models to be
overfitted, meaning that the model fits the training set well but, is not able to
predict the test set. In this method, the R2 and Q2 provided by the original
model are compared to those provided by new models that are generated by

random permutation of Y-observations while the X-matrix remains unchanged.

2.7.2.2. Innovative methods for variable selection
The measures resulted from multivariate/univariate models as PLS-DA (VIP),

PLS (regression coefficient, RC), t-statistics (p.value), ROC curve analysis
(AUC), etc., are commonly used to rank the metabolites (variables) by their
statistical importance and are subjected to further investigation, i.e.,
identification. Although, it is deemed essential to enrich the common-applied
biomarker selection strategies, taking into consideration the following issues. At
first, the selection of a set of variables based on an optimal performance, e.g.,
VIP>1.5, underestimated the existence of interactions between the variables.

57



VIP scores for example reflect the importance of a specific variable, when all
variables are included in the model. Thus, these classification models are
benefited by the inclusion of variables’ interactions during their development,
but the final distinction of some variables, may be biased, as it is not ensured
that they will show consistent performance for another variables set [44]. An
important type of interaction may be the synergetic or joint effect, which is the
cooperative performance of a subset of variables. The above-described manner
of variable selection efforts to determine a minimal set of the strongest
predictors that are linked to the phenotype of interest, also known as minimal-
optimal problem. The complementary approach is the detection of all the
variables that are relevant to the scope (all-relevant methodologies), including
even the weak and the redundant variables, but avoiding the noisy and
irrelevant information. All-relevant methods facilitate the comprehensive
understanding of the phenotype of interest, and are promising as they can
detect dysregulated metabolic pathways, showing the impact of the phenotype

in all participating metabolites [45].

It is referred that many machine learning algorithms show decreased accuracy
when the number of the input data is far higher than the optimal number.
Therefore, the introduction of variable selection steps before the classification
model, is a new trend in metabolomics, that minimizes the data, increase the

accuracy and also speeds the algorithms performance[46].

2.7. KODAMA
Knowledge discovery by accuracy maximization, KODAMA, is a machine

learning algorithm based on the principles of dimensional reduction. KODAMA
is considered as variable extraction, and not variable selection, methodology,
extracting information from noisy and highly dimensional data. The unique
characteristic of this algorithm is that ensures the reliability of the given results
by conducting a validation procedure of the classification models in the method
itself. The core and novel idea behind KOMADA is that a classification model,
i.e., a predictor based on clustering, can be refined with the rejection of samples
that are not correctly predicted in the cross validation. KODAMA generates an
initial clustering and then attempts to refine it through an iterative procedure to

increase the cross-validated accuracy. In order do so the algorithm changes the
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class labels of the non-correctly predicted samples with their predicted class
value. The initial clustering is generated by classification methods, e.g., PCA,
or considering that each sample belongs to a different class. KODAMA
considers the potential occurrence of more than one possible classifications
inside the dataset, that show high cross-validation accuracy. To address this
fact, the detection of the best classification is performed via a Monte Carlo (MC)
procedure, continuously remodeling the classification itself. The cross-validated
accuracy is estimated with KNN or PLS methods. The KODAMA pipeline results
in suboptimal solutions and is repeated to average the effects provided by
randomness [47],[48].

KODAMA is a powerful tool in the investigation of unknown classification trends;
however, it can be driven by external supervised information as well, operating
as a semi-supervised procedure. Semi-supervised KODAMA performs in two
ways. In the first case, the external information is provided partially for only
some samples, e.g., disease status, and is used to achieve the maximization of
the cross-validated accuracy, without changing the class of these samples. In
the second case, the algorithm faces the samples as organized groups, i.e.,
existence of replicates. So, it links the same samples in a manner that if one of
them changes during the cross-validation procedure, the linked ones must
change too. In other words, the same samples are forced to belong to the same
class [47],[48]. The steps of the KODAMA algorithm are summarized in Figure
9.
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Figure 9 Representation of the steps followed by KODAMA routine (A) Cross-validation
model (CV) generates predicted labels (PLs) that are used to calculate the accuracy
value (AC). (B) Generation of new labels to conduct the process of accuracy
maximization can be i) an unsupervised method, randomly swapping some class labels
of misleading samples with predicted labels; ii) semi-supervised type-l, changing only
predefined labels and maintaining assigned class labels; or iii) semi-supervised type-ll,
changing groups of labels together forcing their belonging to the same
class. (C) Generation of new labels is an iterative process aimed to identify the labels
with the highest cross-validated accuracy. (D) Accuracy values increase with the
number of iterations. (E) KODAMA dissimilarity matrix generated as output can be
transformed with MDS, or t-SNE, in a low-dimensional space. Figure is modification by
Zinga et. al. [48]
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2.8. Boruta
The Boruta algorithm belongs to the all-relevant variable selection family,

attempting to determine all the variables that are in some circumstances
relevant to the classification of interest. This approach is promising when the
scientific interest focuses on the comprehension of the occurring mechanisms
related to the phenotype of interest. The core idea of the all-relevant problem is
that a variable with weak correlation to the discriminant information does not
prove that this variable is not important in conjugation with other variables. The
optimal-minimal problem used the classification accuracy as the key criterion to
identify important variables. However, the same approach cannot be used for
the all-relevant problem, as the classification accuracy as criterion to reject a
variable is unimportant. Wrapper algorithms address the above-described
challenge. These are based on specific machine learning algorithms that are

trained to fit on a given dataset, Figure 10.
4 Wrapper methods

Selecting the best subset

Set of all Generate a Learning
—_— — . —— Performance
Features subset algorithm

T

Figure 10 Wrapper variable selection methodology. The figure is modified by
"Analytics Vidhya" (https://www.analyticsvidhya.com/blog/2020/10/a-comprehensive-
guide-to-feature-selection-using-wrapper-methods-in-python/)

The Boruta algorithm is a wrapper built around the random forest classification
algorithm. The key idea of Boruta is that the addition of randomness to the
system (input-variables) and collecting the results from the ensemble (total of
dummies and true variables) of the randomized samples reduces the impact of
random fluctuations and correlations [46],[49].

Boruta includes the following steps:
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1. Extend the information system by adding copies of all variables.

. Rearrange the added attributes to remove their correlations with the
response, generating shadow variables.

Run a random forest classifier on the extended information system and
gather the Z scores computed.

. Find the maximum Z score among shadow attributes (MZSA), and then
assign a hit to every attribute that scored better than MZSA.

. For each attribute with undetermined importance perform a two-sided
test of equality with the MZSA.

. Consider the attributes which have importance significantly lower than
MZSA as ‘unimportant’ and permanently remove them from the
information system.

. Consider the attributes which have importance significantly higher than
MZSA as ‘important’.

8. Remove all shadow attributes.

. Repeat the procedure until the importance is assigned for all the
attributes, or the algorithm has reached the previously set limit of the

random forest runs [46].

The main loop of the Boruta algorithm is illustrated in Figure 11.
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Figure 11 Graphical description of the Boruta algorithm main loop [46].
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2.9. MUVR
Multivariate modelling with minimally biased variables selection in R (MUVR) is

a variable selection-within-validation algorithm, which performs variable
selection within repeated cross validation (rdCV). The algorithm is suggested
for datasets that the number of variables exceeds the number of samples
(observations), and simultaneously identifies minimal-optimal and all-relevant
variables sets, used for regression, classification, or multilevel analysis. The
algorithm attempts to overcome the bias occurring when the variable selection
is conducted by using some or all of the samples which were before used for
the estimation of the prediction error in the CV process, a fact that is commonly

applied to optimize model parameters and to assess model’s performance.

The MUVR pipeline is illustrated in Figure 12. During a MUVR loop, the entire
data, OUTER segment (variables x samples) are randomly divided into the
TEST and the INNER segments. By the end of MUVR loops, all of the samples
will be used in the INNER and in the TEST segments. The INNER segment is
randomly separated into validation set (VAL) and training set (TRAIN) in order
to train the model and optimize its parameters. This step includes recursive
ranking and backward elimination of variables. The trained model is then used
to predict the outer segment (INNER and TEST), and the procedure is repeated

to improve the modelling performance[45].
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Figure 12 Description of the main steps followed in the MUVR variable selection
loop[45].

2.10. VIAVC
In general, random forest (RF) algorithms calculate the variable importance

according to the percent increase of misclassification error, when a variable is
randomly permuted, and the other variables remain the same. This approach is
constrained by the possibility that each variable be given a different probability
of sampling. Thus, variable importance analysis based on random variable
combination (VIAVC) is another promising methodology that introduced a new
variable sampling method, called Binary Matrix Resampling (BMR). BMR
ensures that all variables exhibit the same probability to be selected and
develops a population of different variable combinations. This method, as the
ones mentioned before, considers the synergetic effect among the variables. In
VIAVC the importance of each variable is estimated by the percent increase or
decrease of AUC (ROC) when the variable is excluded for the modeling. VIAVC
classifies the variables in four categories: strongly informative, weakly
informative, uninformative, and interfering variables. The loop of VIAVC
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identifies all informative variables, rejecting the uninformative and the

interfering ones. VIAVC pipeline is consisted by the following steps:

1. Conduction of BMR in the variable space, to create a population of
subsets.

2. Use the subsets for sub-models development and assessment of those
models performance.

3. Statistical assessment of each variable’s importance based on the
distribution of variable’s inclusion and the distribution of variable’s
exclusion as well.

4. Determination of the four types of variables (strongly informative, weakly
informative, uninformative, and interfering) based on the difference of the
two distributions.

5. Removal of the uninformative and interfering variables and retain the
informative ones.

6. Repetition of the 1-4 steps until no uninformative and interfering
variables exist.

7. Rank the final informative variables based on the P.value of the paired t
test on the two distributions.

8. Revealing of the best variable subset with the best prediction accuracy
[50].

2.11. 2-way ANOVA, ASCA and MEBA

As mentioned before, metabolomics investigate the composition of the
metabolome and the interactions of the metabolites. Except of pointing out
discriminating variables, another scientific question concerns the relationships
existing between the measured signals. Under this notion, new methods are
implemented in the common metabolomics pipelines, aiming to facilitate the

interpretation of the experimental observations.

Two-way ANOVA estimates the effect of two independent categorical variables
(e.g., time and drug) on a continuous dependent variable (metabolomics
signals). In this way, the method determines the main effect of each
independent variable and also points out the effect caused by their interaction

(if there is one). However, in the majority of the metabolomics investigations
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there are more than two known factors that impact the measured variables and

therefore a generalization of the above approach is needed.

ASCA (ANOVA simultaneous component analysis) is a generalization of
ANOVA aiming to express the metabolomics measurements as a function of
more than two effective factors. In other words, when a study investigates the
impact of 4 factors, e.g., time, drug, sex, age, in the metabolic profile, ASCA
splits up and assigns the observed variation in each individual factors and in

their synergetic impact as well.

MEBA (Bayesian time-series analysis) is a method applied for time-resolved
metabolomics studies. MEBA estimates the correlations between the
observations at different times in order to identify the metabolites that their

levels vary the most across each time point.
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3. Chapter 3

The Scope

3.1. Scope and Research Objectives
The ever-growing scientific knowledge, the development and exploitation of

new techniques and tools and the consolidation of the use of computing
resources in research practice, have created promising opportunities for new
and more effective strategies in the fields of toxicology and drug safety. This
motivating idea played a crucial role in the concept as well as in the progress
of the current thesis. The major scope of this research was to contribute to the
field of drug toxicity utilizing metabolomics, a novel analytical chemistry
methodology. The new trends in toxicology focus on holistic approaches such
as the systems biology, to identify the main biochemical causes of drug-toxicity
expression and exploit this knowledge in the creation of generalized early
prediction models. Under this notion, metabolomics are acknowledged as
efficient tools. Particularly HRMS-based metabolomics permit the analysis of
the total metabolome, providing the holistic view of the underlying pathology
and a comprehensive description of phenotypes of interest. This facilitates the
abovementioned pragmatistic approach, as the metabolome is sensitive
recipient of internal and external stimuli perturbations. Thus, metabolomics
facilitate the comprehension of the biochemistry in toxic and even pre-toxic
conditions, pointing out specific biochemical pathways. The determination of
specific routs of toxicity, combined with the novel tools of in silico toxicology is
deemed as a promising idea for the development of effective and safe drugs.
Moreover, metabolomics enable the animal-to-human translation providing
enabling the interpretation of the animal based in-vivo testing. Moreover, this
thesis focusing on the development and evaluation of thorough metabolomics
methodologies, from the peak-picking to the variable selection step,
implementing innovative chemometrics methodologies that address particular
challenges of metabolomics as the impact of confounders, the determination of

latent variables or the DIA identification.

The first objective of the current thesis was the study of metabolomics
alterations occurring in toxicity conditions induced by the administration of the
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antineoplastic drug Carfilzomib (Cfz). In this study, the in-vivo experiments
simulated the Cfz-toxicity state aiming to shed light to the biological causes of
toxicity expression. The metabolomics study focused on the determination of
toxicity biomarkers, in order to enable the comprehension of the background
biochemistry and, to point out the affected metabolic pathways. This knowledge
may offer an important contribution in the development of new therapeutic

strategies that counterbalance the Cfz adverse effect.

The second objective of the study was the investigation of the toxic impact of
the antibiotic colistin. In this case, the in-vivo experiment was planned
administered the human doses in laboratory mice aiming to simulate the drug-
induced alterations in the non-toxicity state. As colistin is a last resort factor,
this study was innovative under the notion that the drug was administered in
the real doses (pragmatistic approach), in contrast to other studies that use in-
vivo doses that will never be administered to human patients. Thus, in the
current case, the metabolic pathways that were altered by the drug, provide a
consistent animal-to-human-translation and are relevant to the biochemical

alteration occurring in real-time.

The last objective of this thesis was the investigation of the latent alterations
occurring in children with malignancies before chemotherapy intervention. This
effort aimed to shed light in the unknown personalized factors that combined to
the chemotherapy lead to acute cardiotoxicity in children diagnosed with
malignancies. This idea was based on the fact that only a percentage of
children patients express toxicity. Thus, the determination of metabolomics
routes of pre-toxic condition could facilitate the comprehension of the
biochemical pathways that, when triggered, lead to cardiotoxicity. This
knowledge is considered as crucial in the identification of high and low risk

patients and provide opportunities in personalized curation strategies.
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4. Chapter

An Untargeted Metabolomics Approach on Carfilzomib-Induced
Nephrotoxicity

4.1 Abstract
Background: Carfilzomib (Cfz) is an anti-cancer drug related to cardiorenal

adverse events, with cardiovascular and renal complications limiting its clinical
use. Despite the important progress concerning the discovery of the underlying
causes of Cfz-induced nephrotoxicity, the molecular/biochemical background is
still not well clarified. Furthermore, the number of metabo-lomics-based studies
concerning Cfz-induced nephrotoxicity is limited. Methods: A metabolomics
UPLC-HRMS-DIA methodology was applied to three bio-sample types i.e.,
plasma, kidney, and urine, obtained from two groups of mice, namely (i) Cfz (8
mg Cfz/ kg) and (ii) Control (0.9% NaCl) (n = 6 per group). Statistical analysis,
involving univariate and multivariate tools, was applied for biomarker detection.
Furthermore, a sub-study was developed, aiming to estimate metabolites’
correlation among bio-samples, and to enlighten potential mechanisms.
Results: Cfz mostly affects the kidneys and urine metabolome. Fifty-four
statistically important metabolites were discovered, and some of them have
already been related to renal diseases. Furthermore, the correlations be-tween
bio-samples revealed patterns of metabolome alterations due to Cfz.
Conclusions: Cfz causes metabolite retention in kidney and dysregulates (up
and down) several metabolites associated with the occurrence of inflammation

and oxidative stress.

4.2. Introduction
Carfilzomib (Cfz) is a second-generation proteasome inhibitor, licensed for the

curation of relapsed/refectory multiple myeloma. The Cfz drug is distributed to
all human tissues except the brain and is rapidly degraded by peptidase
cleavage and epoxide hydrolysis, providing non-active metabolites. The
metabolism of Cfz is extra-hepatic and independent of the liver function [1].
Despite Cfz’s therapeutic activity, the drug has been associated with cardiorenal
side effects. However, the interplay and patho-mechanism of Cfz’s adverse
effects are still elusive. Noteworthily, few preclinical studies have presented

potential prophylactic therapies against Cfz’'s induced cardiorenal
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complications, but none of them have been applied into the clinical practice.
Therefore, elucidation of the underlying mechanisms of Cfz’s cardiorenal
effects is an unmet clinical need. Moreover, clinical practice is derived from
biomarkers and diagnostic tools that can detect the early onset of Cfz-related
cardio-renal complications, and this is an additional need of the hematologic

research [1-4].

Concerning nephrotoxicity, several cases of renal failure have been reported,
although with no defined hematologic evidence [5]. According to Fotiou et al.,
the effects of Cfz in kidneys could be described by two potential mechanisms;
the first involves the Cfz-induced microvascular toxicity to the renal
endothelium, and the second involves the hyperactivation of the complement
membrane attack complex [5]. Therefore, an increase in plasma creatinine was

reported as an indicator of renal failure.

In an effort to elucidate the mediators of Cfz's nephrotoxicity, metabolomics is
a powerful weapon. The metabolome is a sensitive recipient of every (internal
and external) perturbation, and the study of its alterations is an efficient way to
detect and/or describe several pathological conditions, or even their progress.
There are two main approaches to metabolome’s investigation, as follows: (i) in
cases where there is a priori knowledge of a condition’s metabolic background,
targeted metabolomics can determine specific metabolites as potential
biomarkers, or (ii) in hypothesis-free cases, the exploratory analysis of the
whole metabolome (untargeted metabolomics) could provide significant
evidence, enlightening researchers as to the underlying biochemical causes [6—
8]. Thus, the untargeted metabolomics approach can reveal hidden aspects of
Cfz's related renal dysfunction, as the biochemical mechanism is still non
clarified. The existing metabolomics studies on both Cfz nephrotoxicity and
cardiotoxicity are still limited. Tantawy et al., have performed the only a multi-
omics study, including the plasma untargeted metabolomics as well as focusing

on Cfz-induced cardiotoxicity [9].

Our recent targeted metabolomics study was the first report that linked Cfz with
renal injury. The results showed extended dysregulation of renal metabolism
due to the administration of the drug [10]. Thus, in order to further investigate
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Cfz's impact on cardiorenal related metabolism, a complementary untargeted
metabolomics approach was employed. The in vivo experimentation was
performed by the administration of a translational dose, equivalent to the human
therapeutic one, which is previously established to mimic the clinically observed
cardiorenal adverse effects in mice [1]. An MS-based methodology was
selected to ensure the high sensitivity in metabolite detection. Furthermore, the
experimental set up was carefully optimized to the needs of the untargeted
metabolomics approach, in order to investigate the “holistic picture” of
metabolic alterations. The impact of Cfz was examined in plasma, kidneys, and
urine metabolome, aiming to determine how the drug affects the circulatory
system. For this reason, the kidneys have been considered as an input/output
system between blood and urine excretion. An intriguing aspect of the
developed statistical methodology was to reveal relations of the differentially
regulated biomarkers that were discovered in the three biomaterials, to uncover
inter-circulatory metabolic correlations. Furthermore, attempting to identify as
many metabolites as possible, the identification procedure considered potential
products of metabolites’ metabolism as well, under the notion of the “dark

metabolome” [11].

4.3. Results

4.3.1. Data Pre-Processing
Data independent acquisition (DIA) is commonly adopted for untargeted

metabolomics, offering both quantitative and structural information by
alternately recording low collision energy MS and high collision energy MS
(fragmentation spectra) [12]. Despite DIA's advantages, the facile and
consistent interpretation of the vast amount of generated data remains
challenging. Among a large number of peak picking software, MZmine version
2.51 [13] was selected, as its modular nature provides the ability to evaluate
every step of the process while offering the ability to select between a large

variety of advanced tools.

The separation of the low and high collision energy (CE) MS spectra was a
crucial step for the rest of the procedure, as these two types provide different
challenges. The low CE-MS spectra provide information about the intact

metabolite structure, while they are also reproducible enough for semi-
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quantitation. Low CE-MS information is intended for the biomarkers’
determination, so the removal of noise or of non-reproducible peaks is
important for the further chemometric analysis, whereas high CE-MS, which
are intended to facilitate the identification, are “fuzzier’, with lower signal
intensity and mass accuracy. Thus, a peak-picking protocol with common
settings for both low and high CE-MS would not be efficient. In the peak-picking
procedure, the removal of isotopes and adducts, the chromatograms’
normalization, the alignment according to retention time (tr), by employing “well
behaved” peaks as standards [14], and the final correction of the aligned list
removing the duplicates and gap-filling using the bellow referring algorithms
were performed. For the above steps, some parameters were universally set in
all datasets and others were adjusted according to the bio-sample type and the

ionization mode.

Signal-intensity correction was the penultimate step before conducting the
statistical analysis because this study, similar to all long-term metabolomics
studies, “suffered” from non-negligible drift of signal intensity attributed to
several factors, such as the non-reproducible ESI-LC-MS system, or detector
performance [15,16]. To overcome this issue, QC samples were periodically
analysed between samples in such a way that three samples were “blocked” by
two QC samples. Subsequently, after peak-picking, statTarget2 [17] (utilizing
QCs and the QC-RLSC algorithm which employs the LOWESS function), was
used to normalize the signal among samples [18]. The results of peak-picking

and QC-RLSC signal correction are summarized in Table 2.

Table 2 Summary of the features which resulted from the peak-picking of Cfz HILIC
data.

Number of Variables:

Dataset Detected After QC-RLCS Used for Multivariate Analysis
Plasma (+) 624 346 191
Plasma (-) 156 67 49
Kidney (+) 1079 964 964
Kidney (-) 239 195 195
Urine (+) 1769 1509 684
Urine (-) 533 458 328
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(Detected), those retained from QC-RLSC-based signal correction, performed
via statTarget2 (After QC-RLCS), and those included for multivariate analysis

that had values different from their median.

4.3.2. Statistical Analysis
A combination of multivariate and univariate analysis was performed for the

determination of the variables with the higher contribution to group
discrimination. Multivariate analysis was performed using SIMCA 14.1
(Umetrics, Sweden, Upsala). Variables with values which did not differ from the
median were excluded before the analysis. The number of features included in
multivariate analysis is described at Table 2. Then, PCA analysis was employed
to investigate any discrimination trends and possible outliers between the Cfz
and Control samples, while PLS-DA models were developed to determine the
most differentiative features. Permutation testing was employed to estimate
overfitting concerning the Q2 value. It should be noted that the prediction ability
is limited but that is justified due to ethical reasons for the use of lab animals.
The results of all datasets’ PLS-DA models are summarized in Table 3. The
observations that emerged from the multivariate statistical analysis revealed
Cfz's influence on all bio-sample types. Referring to kidney-PCA score plots
(Figure 13), the two groups are well defined and there is a clear separation
between the Cfz and Control samples. In urine, there is a separation tendency,
more apparent in the negative mode; however, there is a significant dispersion
among samples of the same group. In plasma, the discrimination is quite fuzzy.
The PCA score plots suggested that the main effect of Cfz's administration is
located in the renal tissue and is partially expressed in urine excretion as well,
whereas the impact on plasma is quite vague. The PCA plots from the positive
ionization datasets are presented in Figure 13 and the plots of the negative

ionization have been attached as Supplementary Figure 1.1.
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Table 3 Summary of results from the multivariate and univariate statistical analysis of
Cfz HILIC data.

Number of Biomarkers

PLS-DA PLS-DA ROC Fold-

PLS-DA Model Permutations Test Analysis Analysis FDR-t-Test Change
Pcs @2 Rz ggret VIPigy)  Rg)  wip>15 AYC “pvalue <0.05 log2(FC) > 2

plasma (+) 3 05 099 23 0.32 0.99 11 8 20 107

plasma (-) 4 0.14 092 253 0.27 0.94 13 0 0 24

kidney (+) 3 0.79 0.99 1.96 0.13 0.98 40 105 110 79

kidney (-) 3 0.93 099 1.73 0.38 0.97 21 45 30 29

urine (+) 4 0.86 1 2.35 0.58 0.99 23 68 82 926

urine() 3 0.77 0.99 249 0.20 0.99 19 41 40 158

The first six columns are referring to PLS-DA classification, namely the number
of principle components (PCs), measure of fit (R2), prediction ability (Q2), the
higher estimated VIP values (Higher VIP value), and the results of the
permutations test ((Q2) and (R2)). The last four columns show the number of
variables that exceed the set limit, i.e., 11 variables of the plasma (+) dataset
had a VIP value higher than 1.5.

The PLS-DA analysis succeeded in achieving classification between the Cfz
group and the Control group for all datasets except plasma (-) and, therefore,
the latter was not considered for the feature selection. The kidney showed the
highest number of differentiating variables (more VIP values > 1). In an effort to
render the analysis more rigorous, only the variables with VIP score higher than
1.5 were considered as potential biomarkers, as they were supposed to exert a
higher impact on a group’s classification and were submitted for further
investigation. A summary of the PLS-DA results, as well as those from the
models’ validation, are provided in Table 3. The PLS-DA score plots of positive
ionization are presented in Figure 13, while those from the negative are given

in the Supplementary Figure 1.2.

Additionally, univariate analysis was implemented, employing MetaboAnalyst
5.0 [19] for ROC curve analysis, an FDR-corrected t-test (it), fold change (FC)
analysis, and the creation of volcano plots. The results obtained suggested that
the most differentiating variables were detected in the kidneys, which is in
accordance with the multivariate analysis. Only the variables with AUC values

higher than 0.9 were selected for identification. Therefore, it has been
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postulated that the main differentiation due to Cfz's administration is expressed
in the kidney metabolome and is also expressed in the urine metabolites.
However, neither Cfz nor its administration effects on renal regulation seem to
be expressed in blood, as its metabolic composition is essentially not
influenced. This may lead to an early conclusion that the effect of the drug is

focused on the renal function.
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Figure 13 PCA and PLS-DA score plots of Cfz RPLC data. The red and the blue points
of the score plots represent the Cfz group samples and the Control group samples,
respectively. (a) PCA of kidney (+) dataset; (b) PCA of urine (+) dataset; (c) PCA of
plasma (+) dataset; (d) PLS-DA of kidney (+) dataset; (e) PLS-DA of urine (+) dataset; (f)
PLS-DA of plasma (+) dataset.

Regarding the steps of the data treatment methodology, the large number of
differentiated features resulted from both univariate and multivariate analysis
and was limited based on AUC (>0.9) and VIP (>1.5) values; only those were
submitted for identification.

4.3.3 Peaks ldentification

Concerning DIA, the attribution of peaks to metabolites is a laborious task. As
described above, the high CE-MS were used to assign structural features
assisting in the unequivocal peaks’ identification. However, although this

information exists in the high CE-MS, it cannot be accurately related to a
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specific precursor ion, since during the bbCID scan mode all precursors are
fragmented simultaneously. Thus, the most discriminant features of each
dataset (VIP > 1.5, AUC > 0.9) were individually extracted as ion
chromatograms (IC) using the DataAnalysis software (Bruker Daltonics,
Bremen, Germany) and the background spectra were removed. The cleaned
bbCID spectra of the IC were considered as a type of “pseudo-MSMS”, under
the notion that high CE-MS info was obtained in a firm retention time range,
strictly correlated to the retention time of a low CE-MS spectrum. As many of
the discriminant variables could not be identified as metabolites, the
experimental pseudo-MSMS was searched alongside the HMDB 5.0 database
[20], working towards its implementation in the MyCompoundID (MCID) online
library (University of Alberta),
http://www.mycompoundid.org/mycompoundid_IsoMS/ (accessed on
20/06/2022). In addition to the human endogenous metabolites, the MCID
includes their predicted metabolic products as well. The identification procedure
involved 76 features, of which 54 were finally identified. The results concerning
plasma (+) showed the lowest number of identified metabolites, and the most
differentiating features were considered as formate adducts. Applying the
identification workflow in the first four most differentiating features (i.e those
with the higher VIP values) of the plasma (+) dataset, it was observed that their
mass spectra were identical to those of the calibrant solution, as shown in
Figure 14. This is attributed to the endogenous formate which, under the
analysis conditions, showed the same MS as the calibrant solution, but was
chromatographed as well, showing a tr at 7.16 min. The total summary of the
most differentiating metabolites of the Cfz and Control groups are represented
on Table 4.

Atotal of 71% of the features were annotated, with 75% of them being detected

as products of metabolites’ metabolism.

The maijority of the identified metabolites are primary or secondary endogenous
metabolites, whereas only two of them, 76-perillyl alcohol and 3-hydroxy-n-
methylcarnitine, belong to nutrients. The last observation may also suggest

some differentiation in digestion due to Cfz administration.
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Sodium Formate adducts
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Figure 14 Sodium formate products as important plasma biomarkers in Cfz HILIC data.

The first segment of these EICs corresponds to signals obtained from the infusion of

calibrant solution. The chromatographic peaks at RT = 7.16 correspond to the adducts
of formate detected in Cfz plasma samples.

77



78



Table 4 List of identified metabolites, resulted from Cfz HILIC untargeted analysis
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. N1-Methyl-2-pyridone-5- NO _
153.0695 wurine + 314 1 164 1 C7HsN202 carboxamide HMDB0004193 1 0.87 REACTION M+ H 153.0659 -0.004
551.2665 urine + 451 1 162 1 UNKNOWN -
135.0948 urine + 6.1 T 147 1 C3H7N3O2 Guanidoacetic acid HMDBO0001528 1 0.52 [+NH3] M+ H 135.0877-0.007
286.1103 wurine + 578 1 144 A1 C11H15N30s N4-Acetylcytidine HMDBO0005923 1 0.72 NO M+H 286.1034 0.007
REACTION
183.1168 urine + 328 1t 140 1  CoH13NO2 p-Synephrine HMDB0004826 0.96 0.59 [+NH] M+H 183.1128-0.004
. - NO
2451014 urine + 311 1 140 1 C1oH1sN20sS Biotin HMDBO0000030 1 0.74 REACTION M+ H 245.0954 -0.006
181.1626 urine + 135 1 139 1 C1oH160 Perillyl alcohol HMDB0003634 0.99 0.68  [+C2Hd] M+H 181.1587 -0.004
214.1852 urine + 136 1 138 1 C13H23NO4 2-Hexenoylcarnitine HMDBO0013161 1 0.92 [-CO2] M+ H 214.1802-0.004
199.1739 wurine + 135 1t 135 1 C10H200 Decanal HMDB0011623 0.86 0.83 [+C2H20] M+ H 199.1693 -0.005
283.1111 urine + 513 1 1.32 0.96 CsH1sN4O2 Asymmetric dimethylarginine HMDBO0001539 0.96 0.55 [+S03] M+H 283.1037 -0.007
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112.1154 urine + 6 1 1.40 0.96 UNKNOWN -
392.2368 wurine + 54 1 1.34 09 UNKNOWN -
144.9639 urine - 1.03 1 148 1 CeH4Cl20 2,4-Dichlorophenol HMDB0004811 1 0.79 [-O] M-H 144.9606 —0.003
305.1473 wurine - 6.07 t 140 1 C14H1N204  Phenylalanyl-hydroxyproline HMDBO0011176 1  0.844 [+C2H4] M-H 305.1496 0.002
279.0149 urine - 114 1t 133 1 UNKNOWN -
258.9891 wurine - 422 1 CoHsO4 4-Hydroxyphenylpyruvic acid HMDB0000707 0.99 0.831 [+HPO3] M-H 259.0002 0.011
215.0002 urine - 117 1t 129 1 CsHsO2 Phenylacetic acid HMDB0000209 1 0.77 [+HPO3] M-H 215.0104 0.010
363.0135 urine - 155 1 128 1 C3HesO3S 3-Mercaptolactic acid HMDB0002127 0.81 0.78 [+CeH1108P] M-H 363.0145 0.001
123.0116 wurine - 527 1 1.23 0.9 UNKNOWN -
3249654 urine - 4.75 1 1.23 0.96 UNKNOWN -
365.0294 wurine - 112 1 1.21 0.9 C1oH1sN200P Imidazoleacetic acid-ribotide HMDB0006032 0.86 0.75 [+CO] M-H 365.0381 0.009
199.9947 wurine - 21 | 130 1 C3HsNOsP Phosphoserine HMDBO0000272 1 0.75 [+0] M-H 199.9955 0.001
230.9946 urine - 137 | 130 1 CsHeOs 4'Hydr°"y'?;£?§thy'benz°ic HMDB0004815 1 0.9  [+SOs] M-H 230.9958 0.001
144.0655 urine - 227 | 1.20 1 CeH11NO2 Pipecolic acid HMDBO0000070 1 0.76 [+0] M-H 144.0655 0.000
337.0345 wurine - 163 | 129 1 CsH110sP D-Arabinose 5-phosphate  HMDBO0011734 0.72 0.8 [+CsH4N20] M-H 337.0431 0.009
208.9736 kidney + 8.08 1t 1.38 1 UNKNOWN -
349.2322 kidney + 11.68 1 135 1 C15H29NO4 Octanoylcarnitine HMDBO0000791 1 0.71 [+CO2] M + NH4 349.2333 0.001
336.1931 kidney + 6.97 1 131 1 CsH18N4O2 Asymmetric dimethylarginine HMDB0001539 1 0.46 [+CsHsNs) M+ H 336.1891-0.004
133.0617 kidney + 8.06 1 1.31 1 C3sHsN202 2,3-Diaminopropionic acid HMDB0002006 0.9 0.52 [+CQO] M+H 133.0608-0.001
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NO

245.0777 kidney 582 1 130 1  CoHiN:Os Uridine HMDB0000206 1 0.4  Lond o M+ H 245.0768-0.001
160.5245 kidney 782 1 129 1  UNKNOWN -
384.2604 kidney 159 1 128 1  UNKNOWN -
2031507 Kkidney + 1158 1 128 1  CaHisNeOz  Asymmetric dimethylarginine HMDBO0O1539 1 076 o820 ' M+H 203.1503 0.000
207.7149 kidney 699 1 125 1 CioHaOs 3.Hydroxycapricacid ~ HMDB0002203 1  0.58 [+CsHiN2O] M +H 297.1809-0.534
258.4705 kidney 772 1 124 1 UNKNOWN -
166.0867 kidney 697 1 124 1  CoHiO: 4-Ethylbenzoic acid HMDB0002097 1 0.63  [+NH]  M+H 166.0863 0.000
12042  kidney 697 1 124 097  CsHuN 1-Phenylethylamine ~ HMDB0002017 0.96 0.71 [-H2] M+H 120.0808-0.339
331.1662 kidney 696 1 123 1  CisHaNOs (S)-3-Hydroxy-N- HMDB0006921 1 0.7 [+NH]  M+H 331.1652-0.001
methylcoclaurine
166.8851 kidney 695 1 123 1  UNKNOWN ]
171.0176 kidney 804 1 122 1 CaHeN2Os Ureidopropionicacid ~ HMDB0000026 0.77 061 o, 00 o M+K 171.0167-0.001
600.4706 kidney 153 | 125 1  CaHesNOGP CerP(d18:1/16:0) HMDB0010700 1 0.83  [H20]  M+H 600.4751 0.005
556.4439 kidney 152 | 125 1  UNKNOWN -
288.291 kidney 617 | 123 1  CisHaoNO2 Sphinganine HMDB0000269 1 074  [-CHJ  M+H 288.2897-0.001
166.4847 kidney 696 1 1.28 0.97 UNKNOWN ]
132.1027 kidney 7 1 127097 CeHrO2  L-alpha-Aminobutyric acid HMDBO000452 0.98 0.82  [+NH]  M+H 132.1019-0.001
609.2826 kidney 6.15 1 1.26 0.97 CzeHasNOsS2 Taurolithocholic acid 3-sulfate HMDB0002580 1 0.59  [+CO] M + NH4609.2874 0.005
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263.1976 kidney 694 1 126097 CizHzsNOs Valerylcarnitine HMDB0013128 1  0.63  [+NHsj  M+H 263.1965-0.001
86.3838 kidney 694 1t 126 097 UNKNOWN ]
160.9176 kidney 782 1 125097 UNKNOWN ]
179.0616 kidney 746 1 133 1 CoHoNuO: 1-Methylxanthine HMDB0010738 1  0.85  [+CHi] M-H 179.0564 -0.005
132.0344 kidney 783 1t 126 1 CsHiOu Fumaric acid HMDB0000134 1 074  [+NHi] M-H  132.0291-0.005
225.0678 kidney 79 1 121 1 CrHieNO2 4'T”methy'a;’i‘;"”"’b“tano'c HMDB0001161 1 073  [+SOq] M-H  225.0665-0.001
130.0914 kidney 686 1t 120 1 CsH1002 delta-Hexanolactone HMDBO0000453 1 1 [+NH3] M-H 130.0863 -0.005
267.0796 kidney 66 1 120 1  CioHizNsOs Deoxyinosine HMDB0000071 1  0.92 [+O] M-H 267.0724-0.007
124.0114 kidney 725 1 120 1 UNKNOWN ] M-H
180.0716 kidney 734 1 120 1 CoHsOs Phenylpyruvic acid HMDB0000205 1 0.82  [+NHi] M-H  180.0655-0.006
289.0737 kidney 603 1 119 1  CeHnOr Galactonic acid HMDBO0000565 0.92 0.74 [+CaHoN:0] M-H 289.0666 -0.007
. NO
203.0883 kidney 678 1t 119 1 CiHizN:02 L-Tryptophan HMDB0000929 1 085 Lo MO 0 M-H 203.0815-0.007
306.0639 kidney 603 1 118 1  CuHisNO; Indoxy! glucuronide HMDB0010319 1 078  [Ho] M-H 306.0608-0.003
296.8881 kidney 707 1t 118 1  UNKNOWN ; M-H
. NO
171.0116 kidney 782 1 118 097  CrHeOsS p-Cresol sulphate HMDBOO11635 1 079 o WO ' MH 171.0110-0.001
. . NO
145.0664 kidney 788 1 1.16 097 CsH1N:Os L-Glutamine HMDBOO00B41 1 0.6 e o ' M-H  145.0608-0.006
303.056 kidney 661 1t 115 1 CioHizN2Os Orotidine HMDBO0000788 1  0.93 [+O] M-H 303.0459-0.010
128.9636 kidney 707 t 114 1 UNKNOWN ; M-H
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164.0767 kidney - 6.83 1t 1.13 1 CoH13NOs3 Normetanephrine HMDBO0000819 0.87 0.83 [-H20] M-H 164.0706 -0.006
243.0685 kidney - 6.03 1t 1.10 1 C4HsOs Threonic acid HMDBO0000943 0.96 0.85 [+CsH4N20] M-H 243.0612-0.007
379.107 kidney - 6.07 1 1.11 1 C1sH1sNO4 L-Thyronine HMDBO0000667 0.96 0.66 [+C2HsNO2S] M-H 379.0958-0.011
302.1068 kidney - 7.68 1t 1.11 0.97 Ci1oH17N3Os N2-gamma-Glutamylglutamine HMDB0011738 0.72 [+CO] M-H 302.0983 -0.009
294.9404 plasma + 7.16 1t 145 1 Na(NaCOOH)4 Formate HMDB0303296 M+  294.9389 -0.001
362.9282 plasma + 7.16 1 1.45 0.97 Na(NaCOOH)s Formate HMDB0303297 M+  362.9263 -0.002
430.9158 plasma + 7.16 1 1.37 0.91 Na(NaCOOH)s Formate HMDBO0303298 M+  430.9138-0.002
226.9524 plasma + 7.16 1 1.09 0.91 Na(NaCOOH)s Formate HMDB0303299 M+  226.9515-0.001
332.3335 plasma + 336 | 1.13 1 UNKNOWN -
304.3021 plasma + 344 | 1.23 0.97 UNKNOWN -
326.3804 plasma + 3.17 | 1.35 0.94 UNKNOWN -
717.0657 plasma + 6.46 1 1.36 0.91 UNKNOWN -

The identification procedure was performed to those features with VIP and AUC values of > 1.5 and > 0.9, respectively. The MyCompoundID (MCID) online

library was used, and both no-metabolic reaction and one-metabolic reaction have been considered for the identification. Initial and fit score are related to

identification efficiency. Initial score evaluates the relativity between the theoretical formula and the experimental m/z, and the fit score evaluates the matching

between the reference and the experimental or in-silico MSMS spectra. * No reaction refers to metabolites which have not undergone any metabolic reaction,

while the entry to the column is attributed to the metabolic reaction i.e., the addition or loss of a corresponding group, ** The (1) arrow denotes increased levels

of the metabolites in Cfz-samples compared to the control and; (|) arrow denotes the decreased levels of the metabolites in Cfz-samples compared to the

control.
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4.4 Discussion
During the identification procedure, it was observed that a significant number of

features could not be attributed to already known metabolites. Nevertheless,
those features did represent real and well-behaved peaks with reproducible
signal, mass accuracy, and retention time. Furthermore, they belonged to the
most discriminative variables and, thus, their existence could not be ignored as
they may belong to the “dark metabolome” [11]. Aiming to annotate more of
those features to metabolites, the products of metabolites’ one reaction
metabolism were also searched as potential renderings through the respective
module of the MCID library. This attempt provided associations of the given m/z
(and their MS2 thereof) with metabolites that have been submitted to
endogenous enzymatic addition or loss reactions of chemical groups, known to

be involved in metabolism.

Several metabolites that are already correlated with cardiovascular diseases
and renal disorders were detected as differentially regulated compounds in the

kidney and urine samples of the Cfz group.

4.4.1 Asymetric Dimethylarginine
Asymmetric dimethylarginine (ADMA) has been detected in plasma, kidney,

and urine samples in three compound forms (ADMA, ADMA + SOs, ADMA +
CsH4N20). The ADMA is an endogenous metabolite, existing in plasma and
tissues, whereas it is appearing in urine as a metabolic product. The compound
is produced during protein methylation in the presence of arginine’s residues,
by protein arginine methyltransferases (PRMTs) [21]. Furthermore, ADMA acts
through the inhibition of nitric oxide (NO) production, competing with I-arginine
in binding to the active site of nitric oxide synthase (NOS) enzymes [22], and
resulting to reduction in NO bioavailability. The NO produced in endothelial cells
acts as vasodilator and as anti-atherogenic agent due to its anti-inflammatory
and anti-thrombotic activity. The interference of NO synthesis invokes
dysregulation of endothelium vascular homeostasis [23], whereas the resulting
reduction in NO levels elevates blood pressure and renal vascular resistance.
Thus, the increase in ADMA circulating plasma levels is associated with
cardiovascular and renal diseases [24]. Therefore, ADMA is considered as a

marker of chronic kidney disease or cardiovascular disease. Interestingly, in the

85



current study, the levels of ADMA in plasma were not statistically different
between the two groups but appeared differentiated in the kidney samples,
where ADMA was found to be almost two-fold increase in the Cfz group. The
increased kidney levels of ADMA imply the increased expression or action of
PRMTs or is a sign of elevation of renal metabolic rate. Those observations may
describe an instant and probably temporal effect of Cfz on renal tissue,
responsible for ADMA’s increase and subsequently for the reduction in NO
synthesis. This reduction may induce a kind of vascular damage or

inflammation and, consequently, acute kidney injury [25].

Mice with ischemia/reperfusion injury showed high renal levels of ADMA [26]
and, therefore, the compound may be a marker of this condition. The above
study also related ADMA's renal levels with oxidative stress, as the compound

was correlated with 8-hydroxy-2'-deoxyguanosine, a marker of oxidative stress.

4.4.2 N1-Methyl-2-pyridone-5-carboxamide
Here, N1-Methyl-2-pyridone-5-carboxamide (2PY) is an end-product of

nicotinamide metabolism. The compound has been already associated with
uremia and chronic kidney disease (CKD) and is registered as a uremic toxin.
The toxicity of 2PY is related with compound’s inhibiting activity against poly
(ADP-ribose) polymerase-1 (PARP-1) [27]. The PARP-1 participates in several
mechanisms, such as differentiation and proliferation, DNA damage repair
through chromatin’s reshaping, and in the regulation of inflammation, providing
cell death or inducing the migration of leukocytes under several conditions.
Moreover, PARP-1 is necessary for inducible nitric oxide synthase (iNOS),
which promotes NO production [28,29]. Analogously to the ADMA-case, the
detection of 2PY implies the reduction in NO production. However, in this case,
high levels of 2PY were detected only in the urine of Cfz mice, as the kidney
levels of Cfz mice presented a slight increase and their plasma levels were
statistically equal. A recent study revealed the correlation between normal renal
function and 2PY excretion in urine, namely that the levels of 2PY in patients
with kidney damage (renal transplant recipients) were elevated compared to
the respective levels of healthy donors. Additionally, the levels of the healthy

donors were increased after a kidney donation operation [30]. In the case of
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Cfz, the increased levels of 2PY in the urine of treated mice may imply the

induction of a locally estimated effect of renal function on the urinary system.

4.4.3 N4-Acetylcytidine
The elevation of N4-acetylcytidine (ac4C) levels in the urine of treated mice was

also observed. Here, ac4C is an endogenous nucleoside, a urinary product of
RNA catabolism, produced by the action of N-acetyltransferase 10 (NAT10).
The urine and blood ac4C levels have been associated with several diseases.
According to Jin G. et al., an increased level of ac4C in urine is a sign of
inflammatory response. This, combined with the elevation of other modified
nucleosides, is observed in patients with uremia. However, ac4C levels in
patients with chronic renal failure are decreased. Thus, it is assumed that
potential abnormalities of RNA degradation induce irregular accumulation of
ac4C in uremic patients. In addition, high levels of ac4C are reported in
hypertensive rats. Finally, ac4C increase is associated with oxidative stress in
eukaryotes but it is not yet clear if the ac4C increase in urine is the result of this
condition [31].

4.4.4 Phenylacetic Acid

Phenylacetic acid (PAA) is a registered uremic toxin, detected in high levels in
the urine of Cfz mice. The PAA is a product of phenylalanine’s catabolism,
increased in the blood of patients with chronic kidney disease and uremia.
Furthermore, PAA is an inhibitor of INOS expression, such as 2PY, and inhibits
plasma membrane calcium ATPase. Thus, PAA is suggested to participate in
artery reshaping [32]. Additionally, as a uremic toxin, PAA is involved in the
activation of polymorphonuclear leucocytes (PMNLs) inducing inflammation.
This observation has been verified by in vitro experiments that point out PAA’'s
contribution in the inflammation induction and in the decline of PMNL apoptosis
[33].

4.4.5 2-Aminoisobutyric Acid

The 2-Aminoisobutyric acid is an amino acid that has been found to be
decreased in the kidneys of treated mice. This compound is reported to prevent
kidney tubulopathy, as it inhibits the action of D-serine. The D-isomer of serine
is a nephrotoxic agent, causing selective necrosis of the S3 segments of

proximal tubules. The D-serine is reabsorbed through the proximal convoluted
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tubule of kidney and is degraded, at the same location by the enzyme D-amino
acid oxidase (d-AAO), into the corresponding a-keto acid and ammonia.
Moreover, the catabolism of D-serine induces the generation of H202 and is
assumed to lead to a decrease in renal cellular glutathione, resulting in high
production of ROS and oxidative stress. As the structure of 2-aminoisobutyric
acid corresponds to that of D-serine, it is possible that the presence 2-
aminoisobutyric acid in the kidney prevents the oxidative stress inhibiting D-
serine’s catabolism [34,35]. Considering that the decreased levels of 2-
aminoisobutiric acid may be involved in kidney injury, provoked by limited
inhibition of D-serine catabolism, the correlation between these two compounds
in the Cfz and Control kidney mice was studied. The outcome was the detection
of increased D-serine levels in Cfz mice, while the compound was not detected
in the Control samples, as is represented in Figure 15. The correlation of D-
serine and 2-aminoisobutyric acid is also represented in heatmap in the
Supplementary Materials. Therefore, the hypothesis that kidney injury caused
by oxidative stress conditions induced by the decreased levels of 2-

aminoisobutyric acid is verified.

L-serine vs 2-aminoisobutiric acid

b

= —] [ 13 K5 K& kel KC2  KC3  KCA  KC5  KCB
— - ~

- T — -

D-Serine 2-aminoisobutiric acid

Figure 15 D-Serine and 2-Aminoisobutyric Acid in Cfz HILIC data: Bar charts
representing D-serine (blue color) and 2-aminoisobutyric acid (orange color) content in
the Cfz (a) and Control (b) kidney samples. Aminoisobutyric acid is decreased in Cfz
samples and D-serine is increased, while the later was not detected in Control
samples. This suggested that in the Cfz case, the 2-Aminoisobutyric acid is decreased
and is not able to inhibit D-Serine from H,0; production and, therefore, cannot protect
the kidneys from oxidative stress.

As a general observation, the outcome of the untargeted metabolomics study
has revealed several other metabolites that have already been related to renal

dysfunction diseases, besides of those described above. These are as follows:
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galactonic acid has been detected as a biomarker of CKD [36], threonic acid
has been related to oxidative stress induction in patients with membranous
nephropathy [37], 2,3-diaminopropionic acid is associated with epithelial cell
necrosis of the proximal straight tubules, such as D-serine [38], and
octanoylcarnitine, 2-hexenoylcarnitine, and valerylcarnitine, as members of
acylcarnitines, are also correlated with AKI [39]. Deoxyinosine is also a
nephrotoxicity biomarker [40], whereas indoxyl glucuronide has already been
detected in the biofluids of uremic patients [41]. Moreover, some metabolites
show differentiation of nutrient’s metabolism between two groups which may

act on renal function, such as methylxanthine [42].

4.4.6 Exploration of Metabolites Alterations between Different Bio-
Samples
As mentioned above, the metabolic profile of kidney and urine datasets seem

to be more affected by Cfz administration, in contrast to plasma. In order to
explore the potential correlation of metabolites among the kidney as an
input/output system, the most discriminant metabolites and their metabolic
products were used as “targeted substances” and were semi-quantitated in all
the examined bio-samples. The estimated peak areas of the detected
metabolites were used to plot the mean metabolite content in every type of bio-
sample, along with the standard deviation of the group. According to the
observed patterns, the metabolites can be categorized in five potential patterns
depending on their variation among plasma, the kidneys, and urine, as follows:
(a) metabolites detected in all samples and differentiated only in the kidneys,
(b) metabolites detected in all systems and differentiated only in urine, (c)
metabolites detected in all systems and differentiated in both the kidneys and
urine, (d) metabolites detected and differentiated only in the kidneys, and |
metabolites detected and differentiated only in urine. Examples of the different
plot patterns are shown in Figure 16. The plasma differences of treated and
Control samples were not significant. In addition, the metabolites detected in all
samples, were, in the majority of cases, increased in the kidneys of Cfz group.
Furthermore, most metabolites are increased in the kidneys and urine of Cfz
mice. This observation fosters the idea that Cfz administration increases the
renal metabolism of mice. This demands higher consumption of oxygen, a fact

that causes hypoxia in parts of the kidney or affects blood pressure regulation
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and could be implicated with the manifestation of hypertension. Furthermore,
since many of the increased metabolites in the kidneys do not appear
proportionally elevated in urine, it is assumed that a significant retention of
metabolites occurs in kidneys, perhaps due to alteration of intra-renal
metabolite composition, dysfunction in their metabolism, or by water retention
in the kidneys [43].

The ADMA showed differences in two types of samples (kidney and urine) and
was identified as a feature corresponding to ADMA’'s mass, and it was also
attributed to two features corresponding to products of ADMA’'s metabolism.
Non-metabolized ADMA was detected in all samples and increased in kidneys
of the Cfz group, whereas the respective levels of ADMA in plasma and urine
Cfz are slightly lower than in the Control. This fact implied that, in addition to
ADMA's retention in kidneys, there is also increase in renal biosynthesis in mice
treated with Cfz. One metabolic product of ADMA is also increased in the
kidneys of treated mice. The compound was excreted as ADMA and ADMA +
SOs, with the latter being detected only in the urine of treated mice, suggesting
that the de novo metabolic pathways are triggered in the kidneys under the
impact of Cfz The distribution of ADMA in the bio-samples is shown in Figure
17. The total of all ADMA forms in plasma, the kidneys, and urine appears to be

2 .4-fold lower in Cfz-treated vs. the Control mice.

90
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Figure 16 Description of metabolomics interorgan correlation in Cfz HILIC data: Diagrams of metabolite
content (expressed via mean and SD) in the plasma, kidneys, and urine of both Cfz (red) and Control (blue)
groups. Each diagram represents a type of the revealed patterns of metabolite distribution among bio-
samples: (a) metabolites detected in all biosamples and statistically differentiated in kidney; (b) metabolites
detected and statistically differentiated in kidney; (c) metabolites detected in all biosamples and statistically
differentiated in urine; (d) metabolites detected and statistically differentiated in kidney (e) metabolites
detected in all biosamples and statistically differentiated in kidney and urine.
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Content of ADMA and ADMA's metabolites in the different bio-samples

Plasma samples Kidney samples Urine samples
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Figure 17 ADMA content in Cfz HILIC data: ADMA had been detected as an intact
metabolite and also in two forms of its metabolism. Here, ADMA, per se, is increased in
Cfz kidneys; however, it is decreased in Cfz plasma and urine, suggesting an increased

rate of ADMA production or ADMA'’s strong retention at the kidney level. Furthermore,
ADMA’s metabolites (ADMA + CsHsNs and ADMA + SO3) have been highly detected in
Cfz kidneys and urine.

4.4.7. Discovery of New Potential Biomarkers of Cfz-Related
Nephrotoxicity
The current study achieved the goal of determining and identifying more than

40 compounds (metabolites and products of metabolites’ metabolism) of proven
diagnostic ability (AUC value = 1), that could be potential biomarkers of Cfz-
related nephrotoxicity, as follows: kidney (25), urine (16), and plasma (1). So
far, only two blood biomarkers (creatinine and urea) are used for the clinical
diagnosis of Cfz cardiorenal toxicity [1,44]. Thus, the discovery of this number
of potential biomarkers may have a great impact in the prediction of Cfz’s renal
adverse effects and, therefore, those compounds should be verified in clinical

samples.

4.5 Materials and Methods

4.5.1 Sample Collection and Storage
This study employed plasma, kidney, and urine samples of 12 male C57BI/6J

(13—14 weeks of age) mice. The laboratory animals were bred and housed in
the Animal Facility of the Biomedical Research Foundation, Academy of Athens.
All in vivo experiments were carried out in accordance with the “Guide for the

care and use of Laboratory animals” and experiments were approved by the
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Ethics Committee (Approval No: 182464;14-05-2019). The mice were housed
and maintained according to the ARRIVE guidelines [45]. The animals were
randomized in two groups (n = 6 for each group) as follows: i) Control (NaCl
0.9%), ii) Cfz (8 mg/kg) for 6 days [1]. The NaCl and Cfz were injected
intraperitoneally on alternate days, and at the end of the experiments mice were
euthanized by a high dose of ketamine (100 mg/kg) and subsequent cervical
dislocation. Mice were placed in metabolic cages for 24 h for urine collection,
and they were provided with food and water ad libitum. Plasma samples were
collected by centrifugation of heparinized whole blood at 5000 RPM for 15 min.
The bio-samples (plasma, kidneys, urine) were collected at the end of the
experiments and stored at —80 °C. Carfilzomib regimens were based on our
previous study addressing its cardiotoxicity and are translationally equivalent to
human doses [3]. Briefly, in humans, Cfz initial dosing is selected to be 27 or 56
mg/m? and can be reduced to 15 mg/m? upon manifestation of life-threatening
cardiorenal adverse events, before discontinuation of the therapy. In a
translational scope, the dose regimen selected for the four-dose protocol is
equivalent to a HED of 29.65 mg/m2, which is within the range of the initiation

dose of Carfilzomib.

4.5.2 Reagents and Solutions
All the reagents used were of high purity. Methanol and acetonitrile (LC—MS

grade) were purchased from Merck (Darmstadt, Germany), ammonium formate
was from Fischer Scientific (Geel, Belgium), and formic acid was from Sigma-
Aldrich (Steinheim, Germany). Yohimbine hydrochloride and reserpine
pharmaceutical grade and primary standards were used as internal standards
and were purchased from Merck (Darmstadt, Germany). Distilled water was
produced by a Milli-Q purification apparatus (Millipore Direct-Q UV, Bedford,
MA, USA).

The preparation of the mobile phase was as follows. For the positive ionization

mode, the mobile phase A-pos was an aqueous solution of 5 mM ammonium
formate, acidified with 0.01% formic acid, while the mobile phase B-pos was a
buffer consisting of acetonitrile—water (95:5 v/v) containing 5 mM ammonium
formate and acidified with 0.01% formic acid. For the negative mode, the mobile

phase A-neg was an aqueous solution of 10 mM ammonium formate, and the
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mobile phase B-neg was a buffer consisting of acetonitrile—water (95:5 v/v)

containing 10 mM ammonium formate.

The preparation of the internal standard (I1S) mix solution was as follows. Two

stock solutions for yohimbine hydrochloride and reserpine were prepared using
ultra-pure water, with a final concentration of 10 mg/L. Both stock solutions were
used to prepare the final mixed IS standard solution, consisting of acetonitrile—

water (95:5 v/v) with 1 mg/L final concentration of yohimbine and reserpine.

For the instrument calibration, a calibrant solution of sodium formate dissolved

in 2-propanol water (1:1 v/v) was employed.

4.5.3. Sample Preparation
Samples from three bio-samples, i.e., plasma, kidney, and urine were

employed. Different experimental protocols were implemented for the extraction
of metabolites from each sample type. In order to avoid the discrimination of
some metabolite classes, the sample pre-treatment protocol involved only a

protein precipitation step.

The plasma extraction procedure was as follows: 600 uL of frozen methanol

was added to 200 L of sample and mixed by vortexing for 20 s, before being
centrifuged using a NEYA 16R centrifugation apparatus (REMI, Mumbai, India)
at 10,000x g rpm, 5 min, 4 °C. A 350 pL aliquot of the supernatant was
evaporated to dryness by a HyperVAC-LITE centrifugal vacuum concentration
(Hanil Scientific Inc, Gimpo, Korea). Samples were stored at —-80 °C, and

reconstituted before the analysis with 150 pL of IS mix solution [16,18,46,47].

The urine _extraction procedure was as follows: 500 pyL of the sample was

centrifuged (10,000x g rpm, 5 min, 4 °C) to precipitate particles. The
supernatant was diluted with 1000 uL of a methanol-water solution (1:1 v/v)
and an aliquot of 600 puL was evaporated to dryness, stored at -80 °C, and
reconstituted with 150 pL of IS mix solution [18,48-50]. The acquired data were

corrected using the total volume of excreted urine of each mouse.

The kidney extraction procedure was as follows. Kidneys were weighted and

mixed with an appropriate volume of a methanol-water solution (1:1 v/v),

adjusted to the sample’s weight; for every 100 mg of tissue 1000 pL of solution

94



were added. The sample was homogenized using the tissue homogenizing
CKMix lysing kit (Bertin Corp., Rockville, MD, USA) and the CRYOLYS
EVOLUTION tissue homogenizer (Bertin Instruments, Rockville, MD, USA).
Homogenization was accomplished in two rounds; initially the sample tissue
with the half of the aforementioned solution was submitted to the “hard” mode
(9600x g rpm, three 20 s cycles followed by 60 s pause) of the homogenizer,
and then the blend was centrifuged at 10,000x g rpm for 10 min and the
supernatant was placed in a 10 mL falcon. The rest of the solution was added
in the homogenizing tube with the tissue remainder and submitted to a second
cycle of a “soft” mode (6000x g rpm, one 60 s cycle) homogenization. After
centrifugation, the supernatant was mixed with the one obtained by the first
homogenization cycle and vortexed for 10 s. An aliquot of 500 uL of the total
extract was evaporated until dryness, stored at -80 °C, and reconstituted with

150 pL of IS mix solution before the LC—MS analysis.

4.5.4 UPLC-ESI-QTOFMS Analysis
The chromatographic separation was accomplished with an ACQUITY UPLC

BEH Amide column, 2.1 x 100 mm, 1.7 ym (Waters, Ireland, Dublin), equipped
with an ACQUITY UPLC BEH Amide VanGuard Pre-column, 1.7 um, 2.1 mm x
5 mm (Waters, Ireland, Dublin). The data were acquired by implementing the
Dionex UltiMate 3000 RSLC UHPLC system (Thermo Fischer Scientific,
Dreieich, Germany) coupled to a Maxis Impact QTOF mass spectrometer
(Bruker Daltonics, Bremen, Germany) through an electrospray ionization
source (ESI) capable of both positive and negative ionization. The column
temperature was maintained at 30 °C. The gradient elution program is the same
in both ionization modes. The conditions of liquid chromatography and the

settings of ESI-QTOF instrumentation are described in Table 5.
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Table 5 UPLC, ESI and MS conditions for Cfz HILIC analysis

UPLC Gradient Conditions

% B-(pos/neg) Time (min) Flow (mL/min)
100 0 0.2
100 2 0.2
5 10 0.2
5 15 0.2
100 15.1 0.2
100 22 0.2
ESI-QTOF Settings
Nebulizer gas N2
Nebulizer gas pressure 2 bar
Drying gas N2
Drying gas flow 10 L/min
Drying temperature 200 °C
Capillary voltage—positive 3.5 kV
Capillary voltage—positive 2.5 kV
End plate offset 0.5 kv
bbCID collision energy 24 V=36 V (ramp)
mlz scan range 100-1000 Da

4.5.5 Data Acquisition
Before the beginning of data acquisition, the QTOF system was calibrated by

direct infusion of sodium formate solution, for the m/z 100-900 Da range, using
the HPC algorithm. The m/z width was set at 1 mDa and the calibration was
acceptable when the score value was higher than 99% and the standard
deviation of m/z error (ppm) was lower than 0.5. For each ionization polarity, all
samples were analyzed in the same batch. Three types of QC samples were
used, one for each type of bio-sample, made as pooled samples consisting of
equal aliquots of all samples from the bio-sample. For each dataset, three QCs
were analyzed at the beginning and at the end of the acquisition, while during
the acquisition, three samples’ injections were followed by one QC injection.
The injection volume was 5 pL. The data were acquired by employing the
broadband collision-induced dissociation (bbCID) mode, which belongs to DIA
methodologies. In the bbCID mode, low/high CE-MS data are recorded in

alternating scans.

4.5.6 Data Pre-Processing
Six complete studies were performed i.e., three types of bio-samples in positive

and negative ionization, namely plasma (+), plasma (-), kidney (+), kidney (-),
urine (+), urine (-), thus, six datasets were submitted to further processing.
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Data collected from DIA were processed as shown in the Figure 6. Samples

and QCs were exported as mzXML files using DataAnalysis (Bruker Daltonics,

Bremen, Germany) and imported into MZmine 2.51 [13]. Initially, the information

corresponding to high collision energy were cropped and removed from the

processing file. The data treatment procedure was applied to the low collision

energy spectra, as this piece of information represents the biomarkers in their

intact form. The peaks corresponding to isotopes and adducts were excluded

from further statistical analysis but retained for the annotation. The MZmine

parameters are summarized in Table 6.

Table 6 algorithms and settings applied for the untargeted peak-picking of Cfz HILIC

data.

Step

Algorithm Parameters Comments

Mass Detection

Centroid Mass detector Noise level: 500—1500 adjusted to each dataset

Chromatogram building

Number of scans: 10

ADAP Chromatogram  Group Intensity threshold: 1000—2500 adjusted to each dataset

builder Minimum highest intensity: 1000—4000 adjusted to each dataset

m/z tolerance: 5 mDa

Chromatogram
deconvolution

Minimum peak height: 1100—4100 abs adjusted to each dataset

Noise amplitude/AUTO Peak duration range: 0.1—1 min

mz centre calculation

m/z tolerance: 5 mDa

Amplitude of noise: 100—1000 adjusted to each dataset

Isotopes Isotopic peaks grouper Retention time tolerance: 0.1
Maximum charge: 2
[M + Na], [M + K], [M + MeOH], [M +
HCOOH], [M + ACN], etc.
Adducts Adducts search RT tolerance: 0.1 min

m/z tolerance: 10 mDa

Max relative-adduct peak height: 100%

Normalization

m/z: tolerance 5 mDa

Retention time Retention time tolerance: 0.2 min
calibration Minimum standard intensity: 5000— adjusted to each dataset
10,000 abs

m/z tolerance: 10 mDa

Alignment Join aligner Retention time tolerance: 0.5 min
Remove duplicates Duplicate peak m/z tolerance: 20 mDa
finder/New Average RT tolerance: 0.8 min
Intensity tolerance: 20%
Gap filling Peak Finder m/z tolerance: 10 mDa

Retention time tolerance: 0.8 min

The obtained peak lists were submitted to QC-based signal correction using
statTarget2 [17]. The QC-RLSC algorithm, based on the locally weighted

scatterplot smoothing non-parametric regression (LOWESS), was employed
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[18]. Non-zero variables with values lower than 70% were removed from the
dataset, whereas the default parameters of QCspan and CV% cutoff were used.
The efficiency of signal correction was evaluated by PCA, with all QCs being

included to a tight cluster, as shown in Figure 18.
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Figure 18 Graphical description of data pre-processing workflow. The low and high
CE-MS before (a) and after (b) their separation; (c) set of noise levels for the mass
detection; (d) one peak which resulted from the chromatogram building; (e) the
chromatogram deconvolution; (f) the result of the alignment; the PCAs before (g) and
after (h) signal correction.

4.5.7 Multivariate Analysis
The SIMCA 14.1 software (Umetrics, Sweden) was used for the multivariate

analysis. Here, PCA modeling was applied to investigate whether the
administration of Cfz affects the metabolic profile of plasma, kidneys, and urine.
Subsequently, PLS-DA was employed to point out the discriminant variables
(corresponding to mz_tr features) between the Cfz and the Control groups. For
both PCA and PLS-DA, unit variance (UV) and Pareto data scaling, combined
with different types of data transformation, were tested. The tested

transformation algorithms did not provide any improvement in the normality of
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the data and, therefore, no transformation methodology was employed. The UV
scaling afforded better clustering; therefore, it was used in all cases.
Permutation testing (100 random permutations) was used to evaluate their

validity of the PLS-DA models and estimate the degree of overfitting.

4.5.8. Univariate Analysis
MetaboAnalyst 5.0 was used for the univariate analysis which included ROC

(receiver operating characteristic) curves, FDR-corrected t-tests, fold change
analysis, and volcano plots with fold change threshold [19]. The steps of both

multivariate and univariate analysis are shown in Figure 19.
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Figure 19 Graphical description of the statistical workflow for kidney (+), as follows: (a)
the final peak list; (b) PCA; (c) PLS-DA; ( the number of PCs; the scores-plot the
loadings plot; the content plot of a discriminant variable; the result of permutations
test) ; (d) the ROC curve of a biomarker; (e) the fold change plot; (f) FDR-TT
representation; (g) volcano plot.

4.5.9. Peaks ldentification Procedure
The most significant variables i.e., those with VIP values higher than 1.5 and

AUC values higher than 0.9, were selected for identification. DataAnalysis
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(Bruker Daltonics, Bremen, Germany) was employed to extract ion
chromatograms with a specific m/z (tolerance: 10 ppm) and RT (tolerance: 0.2
min) of the selected features and to “clean” their spectra from background
noise. The “cleaned” low and high CE spectra of each selected feature were
imported into the RamClustR [51] R-based package in order to assign a
pseudo-MSMS to their corresponding precursor ions. Each low CE ion
combined with its pseudo-MSMS was searched online and confirmed by the
comparison to the reference metabolite MS2 spectra, or its in-silico
fragmentation, available in MCID and in the HMDB 5.0 database [20].

The myCompoundID online library was used for peak identification, as the
library includes information of both human metabolites and of their metabolism-
products [52]. All types of precursor ion adducts and both no reaction and 1
reaction mode were investigated. For the experimental pseudo-MSMS spectra,
we used the predicted MS2 spectra as provided by the MyCompound ID library,
which uses the HMDB and the Evidence-based Metabolome Library (EML). In
the cases of the non-metabolized metabolites, the MS2 was confirmed by
comparison to the experimental spectra existing in HMDB. As universal
requirements, m/z tolerance was set to 5 mDa for the precursor ions and to 10
mDa for the fragments. The results were evaluated with their initial score
(>0.95) corresponding to formula prediction and with their fit score (>0.75),
corresponding to a similarity between experimental and reference MS2 spectra.
In the cases of tie between two potential metabolites, their biological disposition

was considered. The identification procedure is described in Figure 20.
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Figure 20 Graphical representation of identification workflow, employing the example
of variable 254.1014_3.15. (a) Extraction of ion chromatogram, m/z= 245.1014, tR= 3.14;
(b) and (c) refer to MS and MS2 spectra, respectively, corresponding to this peak area;

(d) the area removed as background spectra; (e) and (f) represent the MS2 spectra
before and after background subtraction, respectively; (g) MSMS match graph obtained
from MCID, during the identification procedure; (h) the structural representation of
biotin.

4.5.10. Data-Driven Suspect Screening of Metabolites

Inspired from the outcome of the above procedures and attempting to
investigate the correlations of metabolites among the plasma, kidneys, and
urinary system, a hypothesis driven metabolites determination was designed.
One list of “suspect-compounds” was created for each polarity and applied to
all samples, regardless the bio-sample. These “suspect-lists” included all the
identified metabolites and their possible metabolism products. The TASQ Client
2.1 software (Bruker Daltonics, Bremen, Germany) was used to perform the
target screening analysis and the semi-quantitation thereof by peak integration.
Each sample was subjected to software-based internal calibration, employing
a sodium formate spectrum for the calibration. For the compound detection,
mass tolerance was set to 5 mDa, RT tolerance to 0.5 min, and the signal to

noise (S/N) level was set at 10.
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4.5.11. Exploration of Metabolites Alterations between Different Bio-
Samples
The above results were used to plot diagrams with the mean and standard

deviation (SD) of the detected metabolites’ signal. The mean and the SD were
estimated for each group and bio-sample type, aiming to highlight correlations
and patterns among the blood, the renal, and the urinary system due to the Cfz

administration.

4.6 Conclusions
Carfilzomib is an authorized anti-cancer drug for the treatment of

relapsed/refractory multiple myeloma. The drug has been associated with
cardiorenal adverse events of unknown pathobiology. Thus, a high-throughput
untargeted metabolomics study was implemented to enlighten aspects of
nephrotoxicity effects due to Cfz administration. For the metabolomics study,
plasma, kidney, and urine samples obtained from treated and Control mice were
employed, creating six sets of data (two ionization polarities applied on three

bio-sample types).

The results show that kidney and urine were mostly affected, whereas plasma
maintained its homeostasis after the drug administration. This fact was
confirmed from the statistical analysis, whereas metabolites found up or down
regulated were in accordance with an acute renal dysfunction. This was also
verified from by the inter-organ correlation. As a general observation, kidney
and urine samples of Cfz treated mice show higher numbers of differentially
regulated metabolites, indicating a potential increase in the renal metabolism.
The inter-organ correlation study pointed out several metabolites, increased
only in kidney but not in urine and plasma samples. Furthermore, several
metabolites were detected only in the urine samples. Thus, it is assumed that
Cfz (i) elevates renal metabolic rate, which may induce high consumption of
oxygen, and (ii) provokes retention of metabolites, although this is not

expressed in the plasma levels of these compounds.

The identification procedure ended up with 67% of identified features. The
identified biomarkers revealed a potential explanation of both Cfz’s renal toxicity
and the cause of retention in kidneys, as several of them are already associated

with renal failure or kidney injury; however, in the literature, the majority of them
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referred to blood samples. Thus, it is assumed that Cfz influences renal
metabolome in several directions, dysregulating more than one biological
pathways, and causing locally estimated damage to renal function. Three main
mechanisms seem to co-operate for this local kidney injury, as follows: (a)
inhibition of NO production (via ADMA, 2PY, and PAA) resulting to kidney
resistance elevation, (b) increase in oxidative stress (through ac4C and 2-
aminoisobutyric acid), and (c) inflammation and kidney injury (due to acC4,
PAA, 2PY and 2-aminoisobutyric acid) under the influence of the NO decrease.

This local damage to kidneys may be the cause of the component’s retention.
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5. Chapter 5

Metabolomics point out the effects of Carfilzomib on aromatic
amino acids biosynthesis and degradation.

5.1. Abstract:
Background: Carfilzomib (Cfz) is an antineoplastic agent indicated for the

treatment of multiple myeloma. However, its beneficial action is attenuated by
the occurrence of cardiotoxicity and nephrotoxicity as the most common
adverse effects. So far, there is well-established knowledge on the
pathomechanisms related to these side-effects, but the research on the
metabolic alterations provoked by the drug is limited. (2) Methods: An in-vivo
simulation of Cfz induced toxicity was developed in i) Cfz-treated and ii) Control
mice. An RP-HRMS-based protocol and advanced statistical treatment were
used to investigate the impact of Cfz in the non-polar metabolome. (3) Results:
The differential analysis classified the Cfz and Control mice and resulted in a
significant number of identified biomarkers with AUC > 0.9. The drug impaired
the biosynthesis and the degradation of aromatic amino acids (AAA) and led to
alterations of uremic toxins in the renal and urine level. Furthermore, the renal
degradation of Tryptophan was affected, inducing its degradation via the
kynurenine pathway. (4) Conclusions: The renal levels of metabolites showed
impaired excretion and degradation of AAAs. Cfz was finally correlated with the
biosynthesis of renal dopamine, explaining the biochemical causes of water and

ion retention and the increase of the systolic pressure.

5.2. Introduction
Carfilzomib (Cfz) is an antineoplastic agent employed for the cure of the

relapse/refractory multiple myeloma, however its action is compromised by high
percentages of cardiovascular and renal side effects. Previous studies have
shown that Cfz nephrotoxicity is caused by the activation of the
mineralocorticoid receptor (MR) through the dysregulation of water/ion
transport and the urine electrolyte balance [51]. The existing metabolomics
study show that Cfz leads to metabolic dysregulations that are mainly located
in the kidneys and urinary system [51][52]. Besides, the found metabolites

prove the correlation between the drug administration with conditions of
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inflammation, kidney injury and oxidative stress [52]. However, the knowledge
regarding the influence of Cfz on the metabolic pathways of the circulatory and

the urinary system remain limited.

Metabolomics are considered as informative tools in drug induced toxicity field
of research. Thus, the conjugation of different metabolomics platforms, i.e.,
reversed phase (RP) and HILIC chromatography, or positive and negative
ionization, ensure complementarity regarding the obtained information. The
current study, aimed to enrich the existing knowledge employing RP-HRMS
conditions to emphasise on the impacts of Cfz in the non-polar metabolome (as
those compounds have better chromatographic performance in RP-columns).
The final results confirmed the already known conclusions but also showed that
the non-poral metabolites exhibit different regulation patters between
circulatory and urinary system, in contrary to the polar ones. The identified
metabolites showed pronounced impact of Cfz on the renal aromatic amino
acids, which are strictly linked to the kidney disfunction. Also, the regulation of
renal dopamine was altered providing new evidence on the background of Cfz

induced nephrotoxicity.

5.3. Results
The library-based peak-picking workflow (using the in-house DB of metabolites

internal standards, enriched with metabolites already linked to Cfz
nephrotoxicity) managed to detect 246 and 140 metabolites for ESI+ and ESI-
respectively, using lists of 270 and 219 suspect metabolites accordingly. These
metabolites were combined with the library-free resulted features (mz_rt) and

they were submitted to univariate and multivariate statistical analysis.

PCA analysis, Figure 21 (a,c,e,), described that in all plasma, kidney, and urine
datasets the separation trends are in accordance with Cfz administration.
However, the data from plasma and kidneys exhibited more pronounced
separation, with lower groups inner variance in contrast to urine datasets.
Additionally, PLS-DA, Figure 21(b, d, f) confirmed that the developed models
succeeded to classify the two groups efficiently. The test of permutations, the
misclassification test, and the ROC curve analysis of the models’

sensitivity/specificity were used to assess the validity the prediction ability as
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well as to check for overfitting. The results of these trials are summarized in

Table 7:

Table 7 Summary of OPLS-DA figures of merit for the Cfz RPLC data.

R2(Y) Q2  R2(Y) Q2 AUC MISS CLAS.
PLSD PLS PERMU . 0. ROC’  ERROR (CFZ)(%)/
A DA T. " PLSDA PLS-DA
Plasma (+) 1 0.93 1 0.89 1 0
Kidney (+) 099 0.88  0.98 -0.23 1 0
Urine (+) 099 0.94  0.93 0.063 1 0
Plasma(-) 098 062  0.97 0.32 1 0
Kidney () 0.99 0.77  0.93 0.01 1 0
Urine() 099 0.82  0.93 0.13 1 0

A high number of variables were found differentially regulated, (either up or

down), due to the administration of the drug. It is worth mentioning that in the

urine case, several features were only detected in Cfz samples, in a

reproducible way.
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Afterwards, univariate ROC analysis, applied in raw data, was used to detect
potential biomarkers capable to classify a sample as Cfz-induced
nephrotoxicity. The AUC values > 0.9 and VIPs >1.5, were used as criteria for
variable ranking. The urine dataset provided the higher number of differentiating
variables (565), followed by kidneys (191), and plasma (150). The 65% of these
important variables were found increased in plasma and kidney of Cfz treated

mice, whereas the 65% of them was decreased in the urine of the same mice.

5.3.1. Post-hoc analysis
The increase of metabolites in plasma and kidney of Cfz-treated mice and

decrease in the urine of the same mice. This was further investigated, as a
potential pattern of metabolites regulation, employing ASCA and MEBA. It is
important to note that in this step, the major goal was to investigate the holistic
impact of the drug in the circulatory (plasma, kidney) and urinary (kidney, urine)
systems, recognizing kidneys as a connection point. The ASCA was used to
investigate for important interactions between the drug influence and the
biosample. The major patterns resulted by ASCA procedure regarding the
differentiation of the variables in the Control and Cfz mice Figure 22a, show that
there are interactions between Phenotype i.e., Cfz/Control and biosample, as
their patterns intersect each other, in the renal-urinary level. This confirmed that
the drug triggered different types of metabolic alterations in each system:
corresponding impact in blood and kidneys and reverse impact in urine.
Particularly, the levels of metabolites were equivalent increased in plasma and
kidney and decreased in urine of Cfz-mice. The leverage and SPE score, Figure
22b, were considered to detect the variables who fit the ASCA-given major
patterns: 38 and 2 for the ESI+ and ESI- respectively. In case of MEBA analysis,
the flow of metabolites from blood to kidney and their concomitant excretion in
urine, was considered as a trajectory, connecting the circulatory and the urinary
system. Thus, plasma, kidney, and urine were considered as temporal profiles
and the Cfz and Control phenotypes as the different conditions. So, the MEBA
time-series was applied to investigate the existence of variables that were
significantly influenced by the administration of Cfz in one temporal profile, e.g.,
metabolite levels increased only in the kidney. Variables were evaluated using

the Hotelling-T2 test with values >30 being statistically significant. Only two of
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the MEBA proposed variables were also found as differentiating by the other
statistical tests i.e., 2712.8437_1.23 was a priority variable in both plasma (+)
and urine (+), and 631.2701_8.15 in plasma (+).

a ASCA interactions for non-polar
lipophilic compounds

Interaction b
o

10

Scores ( 64.24 % of variation explained)

T

plasma kidney urine
* Ciz Control

Figure 22 (a) ASCA interactions plot shows that Cfz affects in a similar way the
circulation (plasma-kidney) but has opposite effect on urinary system (kidney-urine) (b)
Plot showing the variables exhibiting interaction due to their phenotype (Cfz/Control)
and the biosample type (plasma, kidney, urine).

5.3.2. Identification
For the identification of the library free protocol, the experimental data, i.e., the

pseudoMSMS created by MSDIAL, employing DIA data, were compared with
reference MS/MS and in silico MS/MS data, provided by online libraries e.g.,
HMDB, Figure 23. Both peak-picking methods identified 152 statistically
important metabolites, the 57 resulted from the library based approached, Table
8, using the ‘suspect-screening list’. The rest resulted from the identification

procedure of the unknown features, Table 9.

110



Identification of creatine
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Figure 23 Comparison of the experimental spectrum of the unknown feature with the in
silico spectrum of Creatine, using MSFINDER software
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Table 8 Metabolites detected using the in-house RPLC-ESI positive metabolites

database

Dataset Metabolite Cfz AUC p.value VIP Comment
kidney(-) D-(+)-Galactose l 0.9 0.0306 2
kidney(-) D-(+)-Galacturonic acid l 0.9 0.0186 2
kidney(-) D-Glucuronic acid 1 09 0.078 2
kidney(-) L-Phenylalanine ) 0.8 0.8056 2
kidney(-) Maleic acid ) 0.8 0.0388 2
idney (4 methylooclaLrne NH] 11 oo 2
kidney(+) [166.4847_6.96] ) 09 00118 2 *
kidney(+) [166.8851_6.95] ) 1 0.0037 2 *
kidney(+) [4-Ethylbenzoic acid +NH] ) 0.8 0.027 2 *
kidney(+) [86.3838_6.94] ) 0.9 0.028 2 *
kidney(+) [L-Tyrosine -O] 1 0.8 0.027 2 *
kidney(+) 1-Phenylethylamine 1 0.9 0.0065 2
kidney(+) 2-Methylglutaric acid ! 0.9 0.0191 2
kidney(+) 3-Methylglutaric acid ! 0.9 0.0191 2
kidney(+) 4-Quinolinecarboxylic acid l 09 0.0144 2
kidney(+) Adipic acid ! 0.9 0.0191 2
kidney(+) Cortexolone ) 09 0.0143 2
kidney(+) DL-Normetanephrine T 0.8 0.027 2
kidney(+) Hippuric acid l 1 0.0062 2
kidney(+) L-Asparagine 1 0.9 0.0142 2
kidney(+) L-Phenylalanine T 0.8 0.027 2
kidney(+) NG,NG-Dimethylarginine ) 0.9 0.003 2
kidney(+) NG,NG'-Dimethyl-L-arginine 1 0.9 0.003 2
kidney(+) Perillyl alcohol l 09 0.0196 1
kidney(+) Pyridoxamine 1 0.9 0.0 1.8
kidney(+) Quinaldic acid l 0.9 0.0 1.6
plamsa(+) L-Homoserine l 0.8 0.2906 2
plamsa(+) L-Methionine l 0.8 0.1365 2
plamsa(+) L-Threonine l 0.8 0.2604 2
plamsa(+) N1-Methyl-2-pyridone-5-carboxamide 1 0.9 0.03 2
plasma(-) N-Acetyl-L-leucine l 0.9 0.0027 2

urine(-) D-(+)-Galactose 1 09 0.0156 1

urine(-) Methylmalonic acid 1 1 0.003 2

urine(-) Nonanoate ! 1 0.0019 2

urine(+) (R)-Salsolinol l 1.0 0.0 2.0 *

urine(+) [(R)-Salsolinol+C3H5NOS] ! 1.0 0.0 2.0 *

urine(+) [4-Ethylbenzoic acid +NH] l 09 0.0274 2 *

urine(+) [L-Tyrosine -O] l 09 0.0274 2 *

urine(+) [Pipecolic acid +C4H3N3] l 0.9 0.0077 2 *

urine(+) [p-Synephrine+NH] 1 0.9 0.0032 2 *

urine(+) 1-Methyladenosine 1 0.9 0.0221 2

urine(+) 3-Amino-4-hydroxybenzoic acid 1 0.8 0.0254 2
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urine(+) 4-COUMARATE ! 0.8 0.0285 2
urine(+) 4-Ethylbenzoic acid l 09 0.0108 2
urine(+) 5-Hydroxy-L-tryptophan l 09 0.0215 2
urine(+) Argininic acid 1 1 0.0245 2
urine(+) DL-Normetanephrine l 0.9 0.0274 2
urine(+) L-Citrulline 1 1 0.026 2
urine(+) L-Phenylalanine l 0.9 0.0274 2
urine(+) L-Tyrosine l 0.9 0.0074 2
urine(+) Lumazine l 09 0.0125 2
urine(+) L-Valine l 09 0.0174 2
urine(+) N(6)-Methyllysine ) 0.9 0.005 2
urine(+) N-Acetyl-5-hydroxytryptamine l 1 0.0012 2
urine(+) N-Methyltryptamine l 09 0.0192 2
urine(+) Salsolinol l 1.0 0.0 20
urine(+) Tyramine l 0.9 0.0 1.7

(*) reference in the “Comment-Column” describes those metabolites that were added in the

library-based list of peak-picking as Cfz-nephrotoxicity markers, emerged by previous study.
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Table 9 List of identified metabolites, resulted from Cfz RPLC untargeted analysis.

s = g ) 2 g o © o 5
E » L2 E S5 & N3 sz 8 & g
;] £ B f - 3EB3E: $83% &
= [ = Q o o
m w 14 (&)
Kidney 205.0991 3.61 C11H11NO2 -0.0025 1 1 3-Indolepropionic acid 0.93 [M+H]+  One-Reaction/ [ +NH]
MCID
Kidney 175.1204 1.29 C7H16NO2 -0.00065 1 1 Acetylcholine 0.77 [M+H]+  One-Reaction/ [+CO]
MCID
Urine 156.9912 1.72 C4H804 -1.4 4.1 1 (S)-3,4-Dihydroxybutyric acid 7.2 [M-H]- HMDB -
(MSFINDER)
Urine 308.1059 4.99 C12H21NO4S2 -7 3.7 1 (S)-Succinyldihydrolipoamide 6.1 [M+H]+ HMDB -
(MSFINDER)
Urine 267.236 13.65 C17H3202 -3 5.1 1 10Z-Heptadecenoic acid 7 [M-H]- HMDB -
(MSFINDER)
Kidney 144.0475 5.51 C9H7NO -2.3 4 ! 1H-Indole-3-carboxaldehyde 7.4 [M-H]- HMDB -
(MSFINDER)
Kidney 601.3402 3.31 C27H53012P -5.1 3.8 0 1- 6.3  [M+H]+ HMDB -
Stearoylglycerophosphoinositol (MSFINDER)
Kidney 142.0492 1.31 C6H7NO3 0.7 3.6 0 2-Aminomuconic acid 6 [M+H]+ HMDB -
semialdehyde (MSFINDER)
Kidney 129.0202 1.2 C5H604 -1.5 3.7 ! 2-Hydroxyglutaric acid lactone 6.3 [M-H]- HMDB -
(MSFINDER)
Kidney 170.0618 3.64 C8H11NO -3.97609 1 1 2-Hydroxyphenethylamine 0.77 [M+H]+  One-Reaction/ [+CO]
MCID
Urine  368.2815 10.81 C21H37NO4 -2.2 4 0 3, 5-Tetradecadiencarnitine 7.05 [M+H]+ HMDB -
(MSFINDER)
Urine  227.1292 4.64 C12H1804 -1.5 3.8 ! 3,4-Methylenesebacic acid 6.4 [M+H]+ HMDB -
(MSFINDER)
Kidney 245183 1.26 C12H2403 -0.00881 1 1 3-Hydroxydodecanoic acid 0.65 [M+H]+  One-Reaction/ [+CO]
MCID
Urine 219.1172 3.94 C10H1805 5 3.7 ! 3-Hydroxysebacic acid 6.2 [M+H]+ HMDB -
(MSFINDER)
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Urine 161.1088 4.89 C8H1603 -1.4 3.7 3-Hydroxyvalproic acid 6.69 [M+H]+ HMDB -
(MSFINDER)
Urine 130.0665 5.58 C9H7N -1.3 4.3 3-Methylene-indolenine 6.5 [M+H]+ HMDB -
(MSFINDER)
Urine  259.0945 2.81 C10H14N206 -4 4.1 3-Methyluridine 6.6 [M+H]+ HMDB -
(MSFINDER)
Plasma 129.0926 4.46 C7H1202 -1.5 4 4-Heptenoic acid 6.9 [M+H]+ HMDB -
(MSFINDER)
Kidney 409.1928 3.61 C11H21N305 0.000894 1 5-Acetamidovalerate 0.7 [M+H]+  One-Reaction/ [ +C5H3N5]
MCID
Urine 296.067 2.09 C8H14N30O7P -3 4 5-Aminoimidazole 6.9 [M+H]+ HMDB -
ribonucleotide (MSFINDER)
Kidney 296.0681 1.24 C8H14N30O7P -3.7 3.4 5-Aminoimidazole 54  [M+H]+ HMDB -
ribonucleotide (MSFINDER)
Urine 181.0987 2.51 C9H12N202 -1.5 4 5-Hydroxykynurenamine 6.5 [M+H]+ HMDB -
(MSFINDER)
Kidney 181.0879 2.26 C9H12N202 10 4.2 5-Hydroxykynurenamine 7.2 [M+H]+ HMDB -
(MSFINDER)
Plasma 181.0874 227 C9H12N202 9.75 3.2 5-Hydroxykynurenamine 5.2 [M+H]+ HMDB -
(MSFINDER)
Urine 321.045 5.61 C10H15N208P 4.3 4 5-Thymidylic acid 6.7 [M-H]- HMDB -
(MSFINDER)
Kidney 212.0781 1.52 C7HION503 -1.4 3.7 6-Carboxy-5,6,7,8- 6.2 [M+H]+ HMDB -
tetrahydropterin (MSFINDER)
Kidney 315.1123 5.19 C14H14N603 7.4 3.7 7,8-Dihydropteroic acid 6.3 [M+H]+ HMDB -
(MSFINDER)
Plasma 157.0848 3.62 C8H1203 1.1 4.3 8-Hydroxy-5,6-octadienoic acid 67 [M+H]+ HMDB -
(MSFINDER)
Urine 220.065 5.12 C11H9NO4 -4 3.5 8-Methoxykynurenate 55 [M+H]+ HMDB -
(MSFINDER)
Kidney 117.0587 3.62 C5H803 -4 3.7 Alpha-ketoisovaleric acid 7 [M+H]+ HMDB -
(MSFINDER)
Urine 221.0701 549 C7H12N206 6 3.5 Aspartyl-Serine 6.02 [M+H]+ HMDB -
(MSFINDER)
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Urine 130.062 1.55 C4H9N302 04 4.7 Beta-Guanidinopropionic acid 7.7 [M-H]- HMDB -
(MSFINDER)

Kidney 149.0612 3.06 C9HB802 -1.6 3.7 Cinnamic acid 6.5 [M+H]+ HMDB -
(MSFINDER)

Kidney 132.083 3.62 C4HON302 -5.3 3.9 Creatine 8.2 [M+H]+ HMDB -
(MSFINDER)

Urine 112.0516 24 C4H5N30 -0.8 3.5 Cytosine 6.2 [M+H]+ HMDB -
(MSFINDER)

Plasma 227.0721 9.32 C9H12N205 -4.6 0.1 Deoxyuridine 7.9 [M-H]- HMDB -
(MSFINDER)

Urine  199.0076 4.81 C4H9O7P -6.3 3.9 D-Erythrose 4-phosphate 6.7 [M-H]- HMDB -
(MSFINDER)

Kidney 240.1038 2.63 C9H13N503 5 4.1 Dihydrobiopterin 7.6  [M+H]+ HMDB -
(MSFINDER)

Urine 433.1156 4.13 C21H20010 -2.9 3.9 Dihydrodaidzein 7-O- 6.9 [M+H]+ HMDB -
glucuronide (MSFINDER)

Kidney 160.1348 1.61 C8H17NO2 -1.6 4 DL-2-Aminooctanoic acid 6.9 [M+H]+ HMDB -
(MSFINDER)

Plasma 160.1339 1.36 C8H17NO2 0.79 4 DL-2-Aminooctanoic acid 7.23 [M+H]+ HMDB -
(MSFINDER)

Urine 229.0189 4.78 C5H1108P -6.2 4.6 D-Ribose 5-phosphate 8.3 [M-H]- HMDB -
(MSFINDER)

Urine 419.1381 4.96 C21H2209 -4.4 3.6 Equol 7-O-glucuronide 6.41 [M+H]+ HMDB -
(MSFINDER)

Kidney 276.1033 1.77 C12H13N503 5.5 3.5 Ethenodeoxyadenosine 6.2 [M+H]+ HMDB -
(MSFINDER)

Kidney 457.1166 4.26 C17H21N40O9P -3.9 4.1 Flavin Mononucleotide 7.1 [M+H]+ HMDB -
(MSFINDER)

Kidney 261.148 3.72 C11H20N205 -3.4 4 gamma-Glutamylisoleucine 6.8 [M+H]+ HMDB -
(MSFINDER)

Urine 223.1097 3.24 C11H14N203 -2 3.9 Glycyl-Phenylalanine 6.26 [M+H]+ HMDB -
(MSFINDER)

Kidney 146.062 3.62 C3H7N302 -0.00653 1 Guanidoacetic acid 0.23 [M+H]+  One-Reaction/ [+CO]

MCID
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Kidney 118.0666 3.62 C3H7N302 -5 3.8 Guanidoacetic acid 6.5 [M+H]+ HMDB -
(MSFINDER)
Urine 140.072 4.36 C6HON30 -1.3 3.5 Histidinal 5.8  [M+H]+ HMDB -
(MSFINDER)
Urine  213.0928 7.97 C8H12N403 5 4.1 Histidinyl-Glycine 6.6 [M+H]+ HMDB -
(MSFINDER)
Urine  183.0672 1.81 C9H1004 -1.8 3.9 Homovanillic acid 7.3  [M+H]+ HMDB -
(MSFINDER)
Kidney 351.1743 4.96 C10H19NO5 3.002896 1 Hydroxypropionylcarnitine 0.97 [M+H]+  One-Reaction/ [+ (C5H5N5
MCID - H20)]
Kidney 137.4083 2.41 C5H4N40 -1 4.2 Hypoxanthine 8.4  [M+H]+ HMDB -
(MSFINDER)
Urine 157.0668 6.78 C6H8N203 -6 3.4 Imidazolelactic acid 6.2  [M+H]+ HMDB -
(MSFINDER)
Kidney 116.0519 3.54 C8H7N -2.9 4.1 Indole 8.07  [M-HJ- HMDB -
(MSFINDER)
Kidney 331.1674 3.06 C11H9NO2 -0.00272 0.93 Indoleacrylic acid 0.7 [M+H]+  One-Reaction/ [
MCID +C7H13NO2]
Urine 206.0818 5.16 C11H11NO3 -0.5 4 Indolelactic acid 6.5 [M+H]+ HMDB -
(MSFINDER)
Kidney 222.072 444 C11H11NO3 0.003536 1 Indolelactic acid 0.8 [M+H]+  One-Reaction/ [ +0]
MCID
Urine 245.0966 6.21 C13H12N203 -4.8 3.8 Indolylacryloylglycine 5.8 [M+H]+ HMDB -
(MSFINDER)
Urine  310.0945 3.19 C14H15NO7 -25 4.2 Inodxyl glucuronide 7 [M+H]+ HMDB -
(MSFINDER)
Plasma 229.0608 2.76 C11H20N203 -0.9 3.6 Isoleucylproline 6.8 [M+Na]+ HMDB -
(MSFINDER)
Kidney 173.1061 1.69 C6H14N402 -1.6 5.2 L-Arginine 8.8 [M-H]- HMDB -
(MSFINDER)
Kidney 869.4803 5.67 C40H72N2018 -0.5 3.5 Lc3Cer 6 [M+H]+ HMDB -
(MSFINDER)
Kidney 162.114 1.59 C7H15NO3 -1.4 4.1 L-Carnitine 74  [M+H]+ HMDB -
(MSFINDER)
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Urine 198.0775 4.36 C9H11NO4 -1.4 4.1 L-Dopa 4.34 [M+H]+ HMDB -
(MSFINDER)
Kidney 260.9009 1.18 C11H21N304 8 3.8 Leucyl-Glutamine 6.3 [M+H]+ HMDB -
(MSFINDER)
Urine  229.1557 1.96 C11H20N203 -0.63 4 Leucylproline 7.2 [M+H]+ HMDB -
(MSFINDER)
Urine 322.1084 7.24 C11H19N306S -0.46 4 L-L-Homoglutathione 6.34 [M+H]+ HMDB -
(MSFINDER)
Kidney 203.0821 3.54 C11H12N202 -0.7 4.3 L-Tryptophan 8.2 [M-H]- HMDB -
(MSFINDER)
Urine  247.1092 4.95 C10H18N203S 1.3 3.7 Methionyl-Proline 6.1 [M+H]+ HMDB -
(MSFINDER)
Kidney 264.1019 3.15 C11H15N504 0.007764 1 N6-Methyladenosine 0.73 [M+H]+  One-Reaction/ [-H20]
MCID
Kidney 365.154 4.52 C14H24N209 2.5 4.4 N-Acetylmuramoyl-Ala 7.4 [M+H]+ HMDB -
(MSFINDER)
Kidney 265.0966 3.15 C5H9NO4 0.007765 1 N-Acetylserine 0.67 [M+H]+  One-Reaction/ [+ (C5H5N5
MCID - H20)]
Urine 175.1494 7.06 C8H18N202 -5 3.9 Ne,Ne dimethyllysine 6.41 [M+H]+ HMDB -
(MSFINDER)
Kidney 279.0938 4.01 C11H12N204 0.003199 0.9 N'-Formylkynurenine 0.6 [M+H]+  One-Reaction/ [+C2H20]
MCID
Kidney 131.0508 3.06 C4H6N202 -0.00623 1 N-Methylhydantoin 0.6 [M+H]+  One-Reaction/ [+0]
MCID
Kidney 613.1562 3.08 C20H32N6012S2 3 3.8 Oxidized glutathione 6.9 [M+H]+ HMDB -
(MSFINDER)
Urine  255.5898 13.86 C16H3202 0.15 4.3 Palmitic acid 8.5 [M-H]- HMDB -
(MSFINDER)
Urine 181.0662 6.79 C7H8N402 5 3.8 Paraxanthine 6.72 [M+H]+ HMDB -
(MSFINDER)
Urine 121.0658 7.97 C8H80 -0.8 4 Phenylacetaldehyde 6.7 [M+H]+ HMDB -
(MSFINDER)
Urine 165.0564 1.85 C9HB803 -1.4 3.7 Phenylpyruvic acid 6.5 [M+H]+ HMDB -
(MSFINDER)
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Kidney 165.0561 1.88 C9H803 -1.9 3.7 Phenylpyruvic acid 6.4 [M+H]+ HMDB
(MSFINDER)

Urine 304.1777 1.74 C14H25N0O6 -2.2 3.9 Pimelylcarnitine 6.74 [M+H]+ HMDB
(MSFINDER)

Urine  230.1195 7.66 C9H15N304 -1.5 3.7 Prolyl-Asparagine 585 [M+H]+ HMDB
(MSFINDER)

Urine  131.1043 5.15 C7H1402 2.8 3.4 Propyl butyrate 58 [M+H]+ HMDB
(MSFINDER)

Urine  169.0985 2.99 C8H12N202 -1.2 3.8 Pyridoxamine 6.9 [M+H]+ HMDB
(MSFINDER)

Kidney 201.1159 3.53 C10H1804 -2.7 5.1 R-2-Hydroxy-3-methylbutanoic 8.5 [M-H]- HMDB
acid 3-Methylbutanoyl (MSFINDER)

Urine  455.0823 3.44 C13H19N4012P -0.8 3.8 SAICAR 6.7 [M+H]+ HMDB
(MSFINDER)

Plasma 380.258 13.19 C18H38NO5P -3 4 Sphingosine 1-phosphate 6.8 [M+H]+ HMDB
(MSFINDER)

Plasma 190.0878 6.55 C8H15N0O2S 1.4 4 S-Prenyl-L-cysteine 6.2 [M+H]+ HMDB
(MSFINDER)

Kidney 99.0089 1.56 C4H403 -0.14 3.9 Succinic anhydride 6.29 [M-HJ- HMDB
(MSFINDER)

Urine 391.176  7.67 C22H22N403 04 3.9 Tryptophyl-Tryptophan 6 [M+H]+ HMDB
(MSFINDER)

Urine 113.0353 2.61 C4H4N202 -0.8 3.6 Uracil 6.3 [M+H]+ HMDB
(MSFINDER)

Kidney 113.0361 1.93 C4H4N202 -1 4.2 Uracil 712  [M+H]+ HMDB
(MSFINDER)

Kidney 147.1143 1.3 C5H10N204 -1.5 3.8 Ureidoisobutyric acid 7 [M+H]+ HMDB
(MSFINDER)

Urine  139.0407 7.18 C6H6N202 -2 3.4 Urocanic acid 6.5 [M+H]+ HMDB
(MSFINDER)
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5.4. Discussion
This study aimed to enrich the existing knowledge on Cfz induced

nephrotoxicity, by the metabolomics prospective, performing RP
chromatographic analysis, as a complementary step to Barla et. al., published
workflow’. Metabolomics deals with thousands of compounds, therefore, the
combination of different separation methodologies offers higher opportunities
for ‘good performance’ for a larger number of metabolites. In other words,
compounds that co-eluted in RP, can be separated using HILIC. The current
RP-based study confirmed the HILIC-based observations regarding the strong
impact of Cfz in the circulatory and urinary systems and furthermore provided
new evidence. The first important notice is that the non-polar metabolome (RP
data) provided more clear classification trends, concerning PCA, between Cfz
and Control mice in all datasets. This indicated that Cfz affects the non-polar
metabolome in a more intense way. Also, the RP dataset led to the identification
of more than 90 significantly differentiating metabolites, while HILIC protocol

identified 53. Thus, RP is considered as a more informative approach.

In the current project, library-free and library-based methodologies were
combined for metabolites detection. It is worth mentioning that the metabolites
provided by the library-based search, red-marked loadings at Figure 24,
showed limited discriminating ability compared to the corresponding of the
library-free protocol. The library-based approach showed limitations regarding
the interpretation of Cfz impact, as more than 700 statistically significant
features remained unknown. Specifically, 17% of the overall important features
were finally identified, with 6% being identified by the library-based protocol.
The library-free methods are more informative, as they are not limited on
already known compounds, i.e., usually amino acids, carnitines, and other
naturally occurring compounds. In addition, they focus on the differentiating
statistically important metabolic evidence, either known or not, giving the
chance to record features of higher specificity for the examined condition. In the
current case thirteen of the identified metabolites were detected as products of
metabolites’ metabolism, e.g., as acyl-derivatives, generated by enzymatic
actions on metabolites.
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Figure 24 Plot of loadings of plasma ESI+ (a); kidney ESI+ (b); and urine ESI+(c). The
red marked points represent the metabolites detected from the library-based approach.

5.4.1. Patterns of Cfz induced metabolic regulation.
It was observed that for the Cfz-treated mice, 65% of the metabolites increased

their levels in plasma and kidneys and the 65% decreased their levels in urine
excretes. The later suggested two opposite phenomena: i) increase of
metabolites in the blood circulation and ii) decrease of them in excretes.

However, this observation is in accordance with what we have previously
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shown. Cfz leads to water and salt retention via mineralocorticoid receptor (MR)
in vivo activation to the kidneys, and in patients with Cfz-related renal adverse
events as well. This patho-mechanism was further supported, as Eplerenone
administration, a clinically applicable MR blocker, reversed Cfz’'s nephrotoxicity
in vivo by Efentakis et. al.[51]. The current data support these findings and the
increase in renal and circulatory metabolites can be attributed to impairment of
renal reuptake mechanisms. Aiming to find patterns that are the representative
ones, for the majority of the metabolites, and in contrast to the previous applied
univariate approach, the current study developed two multivariate approaches,
i.e., ASCA and MEBA. So, ASCA enable the detection of interactions between
the drug and the circulatory/urinary system as well, besides estimating the
significance of the main effects. Additionally, the MEBA step of the proposed
workflow, aimed to distinguish variables that exhibit significant dysregulation
only in a single point, by assigning this “behaviour” to their temporal profile.
However, MEBA did not afford significant number of single point dysregulated
metabolites, in contrary to the univariate approach that was applied in the HILIC
data, Figure 25. A significant number of statistical important polar metabolites
(from the HILIC-data) were found accumulated only in the kidneys, while the
majority of non-polar lipophilic substances (from RP-data) did not show a single

dysregulation peak in the temporal profiles, confirming the ASCA findings.

Kidneys perform filtration, reabsorption, secretion and, metabolism; thus renal
dysfunction affects the circulating metabolites in different, even controversial
ways[54]. The abnormal accumulation of specific metabolites could either result
by the kidneys inability to catabolize substances, by extensive renal
biosynthesis, or by abnormalities in reabsorption/excretion. Increased
metabolite levels in blood could be caused by their limited renal clearance as
well. Though, it is interesting that the polar metabolites (HILIC data), were
mainly accumulated in kidneys, while their lipophilic counterparts were
increased in both blood and the kidneys. This betrays perturbation to the
metabolic transportation pathways. The existing data are in accordance with
these two facts: i) Cfz affects renal osmolarity leading to alterations of the of
ions’ exchange routes in kidneys, ii) Cfz activates the MR, leading to the

expression of proteins that regulate the ion/water transportation. Potentially, the
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later inhibits the renal transformation of lipophilic molecules into polar
derivatives, that are easily excreted by the glomerular filtration barrier. This
obstructs the normal renal clearance, explaining the corresponding elevated

levels of non-polar metabolites in blood.

Empirical major pattern of polar compounds

b

Cfz treated mice @

Control @

Bt Cfz-kidneys
1 Cfz-urine
| Cfz-kidneys
| Cfz-urine

plasma kidney urine

Figure 25 (a) Description of the regulation of polar metabolites (HILIC data) in the Cfz-
treated mice; (b) empirical major pattern of polar metabolites (HILIC data)

5.4.2. Biomarkers of Cfz nephrotoxicity
The identified metabolites were searched in the database of the European

Uremic Toxin Group (https://database.uremic-toxins.org/soluteList.php) and

creatine (1 Cfz-kidneys), hypoxanthine (1 Cfz-kidneys), N6-methyladenosine (|
Cfz-kidney), argininic acid (1 Cfz-urine) and, 1-methyladenosine (1 Cfz-urine),
were identified as uremic biomarkers, and except of n6-methyladenosine, the
levels of the rest were found increased as in uremic conditions. Regarding the

rest of the metabolites:

Eleven metabolites participate in tryptophan (Trp) degradation pathway, i.e.,
tryptophan,  3-indole-propionic  acid, 1H-indole-3-carboxaldehyde, 2-
aminomuconic acid semialdehyde, 5-hydroxykynurenamine, indole,

indoleacrylic acid, indolelactic acid, N'-formylkynurenine.

Four metabolites are hydroxy fatty acids (HFAs) i.e., (S)-3,4-dihydroxybutyric
acid, 3-hydroxydodecanoic acid, 4-8-hydroxy-5,6-octadienoic acid, were up-

regulated whereas 3-hydroxyvalproic acid, was downregulated.

Three metabolites are FA-derivatives, i.e., 3,5-tetradecadiencarnitine,
hydroxypropionylcarnitine and 3-hydroxyglutaric acid lactone.
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Three metabolites are medium and long chain fatty acids, i.e., 10Z-
heptadecenoic acid and palmitic acid found with increased levels and two, i.e.,
heptenoic acid, 7,8-dihydropteroic acid and 3,4-methylenesebacic acid were

found decreased.

5.4.3. Dysregulation of fatty acids oxidation.
Cfz treated mice showed increased levels of HFAs and derivatives, showing the

Cfz induced dysregulation of FA metabolism. It is known that the defective FA
metabolism, i.e., uptake, formation and degradation provoke severe
dysregulation in renal function (25,26). Kidneys’ filtration-reabsorption
operation requires high demand of energy, provided mainly by fatty acids
oxidation (FAO) [55],[56]. FAO is accomplished by the mitochondrial (-
oxidation, by the peroxisome [(-oxidation or by the microsomal w- oxidation.
Short and medium FA are preferably metabolized by mitochondria, whereas the
long chain FA by peroxisomes. Peroxisomes break-down the FA chain, and their
shorter products are moved into mitochondria to complete the FAO procedure
[55][57]. The 3-HFAs are substrates for the peroxisomal 3-oxidation, and their
increased levels may enhance this procedure, leading to augmented formation
of reactive oxygen species byproducts. The inhibition of PPARa expression also
limits the production of short acyl-CoA, that are metabolized in the mitochondria
to generate ATP. The latter case indicates mitochondrial dysfunction. These two
scenarios could be described by the observed increase of HFAs in kidneys.
The peroxisomal [B-oxidation is regulated by PPARa receptor, which is
expressed in kidneys and its dysregulations has been related to acute kidney
injury (AKI) [55],[57]. Previous results of molecular analysis had proven that Cfz
prohibits the phosphorylation of adenosine monophosphate-activated protein
kinase (AMPK) [53], making this connection the most prevailing scenario.
AMPK regulates the levels of the circulating free FAs, by i) activating the FAO
procedure, as AMPK elevates the activity of carnitine palmitoyltransferase-1
(CPT-1); ii) inhibiting lipolysis and lipogenesis [58]. Hence, in the current case,

the increase of HFAs levels betray limitations in CPT-1 activity.

5.4.4. Dysregulated metabolic pathways.
The identified metabolites were subjected to pathway analysis, revealing

significant alterations in the pathways of aromatic amino acids’ (AAAs)
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regulation. Specifically, the affected pathways were: i) the AAAs’ biosynthesis;
ii) the phenylalanine (Phe) metabolism; and iii) the tryptophan (Trp) metabolism,
Figure 26. It is important to note that the pathways of AAAs' biosynthesis, and
Phe metabolism were dysregulated in both kidneys and urine of Cfz treated
mice, but in opposite directions, i.e., upregulated in kidneys and downregulated
in urine, Figure 7. Trp metabolism was only altered in the renal level, showing

increase for the Cfz treated mice.
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Figure 26 Summary of the altered metabolic pathways resulted by the pathway analysis
using MetaboAnalys 5.0.

5.4.4.1. Dysregulation of biosynthesis and metabolism of phenylalanine
The regulation of AAAs (Phe, Tyr, Trp) is crucial for the normal kidney function

[59] . The levels of the circulatory AAAs, except of Trp, seem to be negatively
correlated to the glomerular filtration rate (GFR) as their levels are increased in
limited GFR patients, showing limited kidney uptake [59]. However, in the
current case the opposite condition is observed. The levels of Phe, Tyr and Trp
unchanged in the blood of the Cfz treated mice, whereas they are found

increased in the kidneys and decreased in the urine. Despite their elevated
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renal levels, their catabolic products (phenylethylamine, 2

hydroxyphenylactate, etc.) were not altered in the kidneys of Cfz treated mice,
indicating inhibition of AAAs degradation. On the other hand, AAAs and their
catabolic products were both decreased in urine, confirming that the AAAs are

retained by the kidney, Figure 27.

In addition, AAAs are precursors of uremic toxins e.g., indoxyl-sulphate[60].
Thus, their elevation combined with the increased uremic toxins, e.g.,
hypoxanthine (1 Cfz-kidneys), argininic acid (1 Cfz-urine) and, 1-
methyladenosine (1 Cfz-urine), strengthens the suggestion the establishment

of early uremic conditions due to the administration of the drug.

The decrease of L-Dopa and tyramine in urine is an interesting finding, as they
are precursors of dopamine. The decarboxylation of circulatory L-dopa is the
main source of dopamine in the kidneys, and the renal dopamine represents
the main source of the urine dopamine. It was hypothesised that the decrease
of urine excreted L-dopa, reflects the corresponding decrease of renal L-Dopa
and consequently impairment of the renal dopamine biosynthesis. As the
compound is a regulator of water and electrolyte balance, facilitating their
excretion[61], the renal dopamine was further investigated. Despite that the
compound had not passed the statistical thresholds (AUC>0.9, VIP>1.5, FDR
p.value<0.05), and therefore was not considered as a potential biomarker, its
levels were found decreased in kidney of Cfz treated mice (p.value=0.046), but
not altered in urine (p.value=0.34). This result could indicate the biochemical
background of the increased systolic blood pressure that occurs as an adverse
effect of Cfz [51], due to decreased vasodilation in the kidneys as well as

impairment of the hormonal regulation.
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Figure 27 Summary of Phe metabolism in kidney (a) and urine (b). The metabolites
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down regulated in Cfz-treated mice. The metabolites described only by their name were

not affected by their name were not affected by the drug.

5.4.4.2 Dysregulation of tryptophan metabolism.
There are three pathways of Trp catabolism: the serotonin pathway, the

kynurenine pathway, and the indole pyruvate pathway, which involves microbial
metabolism [62]. These pathways lead to either products that maintain their
indole ring, e.g., serotonin, indoxyl sulphate, and indolelactate, or products that
break the indole ring, producing kynurenine derivatives [63]. In the current
study, the levels of Trp increased in kidney of Cfz treated mice whereas the
kynurenine-derivative, i.e., 5-hydroxykynurenamine, was increased in plasma
and kidneys, whereas the 5-Hydroxy-L-Tryptophan was found significantly
increased in kidneys of Cfz treated mice. Regarding the identified indole-
derivatives, no specific regulation pattern can be shown between Cfz and
Control groups, as 3-indolepropionic acid, indole and indoleacrylic acid are
elevated, whereas the 1H-indole-3-carboxaldehyde, 3-methylene-indolenine,
and indole lactic acid are decreased. Indole lactic acid was detected in both
kidney and urine of Cfz treated mice appears as downregulated. Trp
downregulation suggests increase of its degradation rate via the kynurenine
pathway, condition linked to developed stages of renal disease [64]. The final

product of this route is NAD, however, neuroactive compounds also appear as
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intermediate products, responsible for the formation of free radicals [64]. The
indole-products of Trp, are mainly formatted by microbiota and contribute either
positively or negatively, as anti-inflammation factors, or worsen the kidney-
dysfunction conditions, as happens with the indoxyl-sulfate, the final product of
indole pathway[62]. Most of the metabolites involved in Trp metabolism were
detected in kidneys. The significant dysregulation of Trp catabolism was
statistically confirmed by pathway analysis, showing an impact value of 0.41
(pathway topology analysis) and an FDR p.value lower than 0.002 (enrichment

analysis), Figure 28.
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Figure 28 Summary of the detected alterations occurring in Trp degradation pathway in
renal level. The metabolites included in red border were upregulated and those
included in green border were down regulated in Cfz-treated mice. The metabolites
described only by their name were not affected by the drug.

5.4.4.3. Kynurenine sub-pathway of Trp catabolism
The kynurenine pathway has been shown to play an important role in the

progression of kidney related disease [65]. The renal dysregulation as a path of

the cardiovascular disease development is also closely related to the Trp
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metabolism through the kynurenine pathway [66]. A rather neglected metabolite
of the pathway that seems to play a significant role to inflammatory response is
5-Hydroxykynurenamine (5-HKA). The molecule has recently emerged as the
third Trp metabolism biogenic amine not involving IDO-1"7. In the current study
5-HKA was increased in plasma and kidney, and slightly decreased in urine of
Cfz treated mice, as shown in Figure 13. Its AUC values were 0.83, 0.96, 0.86
for plasma, kidney, and urine, indicating a strong correlation with the
development of nephrotoxicity. There is limited literature regarding this
compound: 5-HKA is a product of 5-hydroxy-tryptophan (5-HTrp), formed under
the influence of the indoleamine 2,3-dioxygenase [67]. 5-HKA has been
reported as serotonin receptor agonist in soft tissues, inducing analogous but
not so intense contractile response [68]. Thus, the increased levels of 5-HKA,
increase the renal perfusion pressure as the serotonin does, prohibiting the
normal procedure of renal autoregulation [69]. On the other hand, 5-HKA has
been found to ameliorate kidney inflammation through reducing the levels of
inflammatory cytokines[70] whereas treatment with this substance has shown
improvement of proteinuria and nitrogen balance. Under this notion, the
increase of 5-HKA in the current case could indicate the existence of
inflammatory condition. Taking under consideration that renal perfusion in the
microvasculature of the glomeruli is a key determinant of blood pressure and
since we have previously shown that Cfz induces increased systolic blood
pressure via MR activation and subsequent water/salt retention both in vivo and
in patients, the increase in 5-HKA might be correlated with these phenomena
[51].

5.4.4.4 Indole-pyruvate sub-pathway of Trp catabolism

Indole, indoleacrylic acid (lAcr), indole propionic acid (IPA) and indole-3-lactic
acid (ILA) are microbial metabolites of Trp, participating in the indole-pyruvate
pathway. It is claimed that Trp’s indole-derivatives are beneficial for the
intestinal and the systematic homeostasis [71]. Kidney dysfunction
dysregulates the microbial metabolism leading to further homeostasis issues.
Particularly the abovementioned indole-compounds interact with the aryl
hydrocarbon receptor (AhR) and pregnane X receptor (PXR), prohibiting the

inflammation [62]. Interestingly, in the current study the indole-compounds were
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found increased in kidneys of Cfz treated mice, except of ILA that was found
downregulated in the kidneys and urine of the same mice. ILA, is produced by
gut microbiota and specifically from the species of Bifidobacteria [71]. ILA
exhibits anti-inflammatory action, by inhibiting the production and the migration
of pro-inflammatory cytokines [72]. In previous studies, the compound has
been found increased in urine samples of patients suffering from septic acute
kidney damage [73] and liver injury [74]. It is worth mentioning that according
to Madella et. al., ILA, in contrast to IPA, indole and IAcr, presents the higher
degree of interaction with AhR, whereas none of them interact strong with PRX
[62]. This suggests that the decreased levels of ILA, therefore its reduced anti-
inflammatory activity, cannot be counterbalanced by the increased levels of the

other indole-derivatives that could inhibit nephrotoxicity occurrence.

5.5. Materials and Methods
The sample preparation is included in the Supplementary Material, §2.1 [52].

The reversed phase (RP) chromatographic separation was performed using an
Acclaim RSL C18 Column, (2.1 x 100 mm, 2.2 ym, Thermo Fischer Scientific,
Dreieich, Germany). The temperature has been kept at 30 °C, throughout all
experiments, with the aid of a software-controlled oven. The mobile phases
were (A) aq. Methanol, (95-5, v/v) and; (B) Methanol, both containing 5 mM
Ammonium Formate. For the positive ionization the mobile phases were
acidified with 0.01% Formic Acid (v/v). The gradient was set as ramp escalation
of B, from 0% to 100% in 14 min. The flow was set to 0.2 mL/min and the
injection volume to 5uL. A Dionex UltiMate 3000 RSLC (Thermo Fischer
Scientific, Dreieich, Germany) UPLC chromatographic system of coupled to a
Maxis Impact QTOF mass spectrometer (Bruker Daltonics, Bremen, Germany)
with an Apollo ESI source, was used for the analysis. The ESI temperature was
set at 200 °C and the capillary voltage was 2.5 kV for both ionization modes.
Data independent acquisition (DIA) was employed obtaining both low-collision
energy (CE), 5V, and high-CE, 24-36V (ramp), MS data.

Library-free and library-based methodologies were used for metabolites
detection. The library-based approach used a list of known metabolites
obtained from two sources: i) an in-house database (DB), (ESI+ and ESI-)

developed using the MSMLS Mass Spectrometry Metabolite Library of
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Standards, IROA Technologies LLC (Sigma Aldrich, Steinheim, Germany); and
ii) a list of metabolites already linked to Cfz nephrotoxicity known by previous
study [52]. Regarding the DB metabolites, the information of the retention time
and the fragmentation was known, whereas regarding the Cfz-nephrotoxicity
metabolites, only the m/z of the precursor ion and the adduct ions were known,
and thus, the identification was based on this and on their isotopic profile as
well. The software TASQ Client 2.1 (Bruker Daltonics, Bremen, Germany). The
untargeted peak-picking workflow employed MSDIAL 4.9.2 software, which was
used for the generation of pseudo-MSMS[75] files from the DIA data as well..
The peak-lists of the library-free and library-based protocols  were
concatenated forming a unique table; the duplicates were removed; and QC-
based signal correction was performed, using the QCRFSC algorithm of the

StatTarget [76] GUI, in the R statistical language environment.

Regarding the statistical analysis, the univariate tests were performed with
MetaboAnalyst 5.0 online software, using the modules: i) “Biomarker Analysis”
for univariate ROC curve analysis [77] and ii) “Statistical Analysis (one factor)”
for FDR corrected t-testing. In both cases the data were log-transformed and
auto-scaled. MetaboAnalyst 5.0 was also used for pathway analysis, using the
module “Pathway Analysis (targeted)’. Furthermore, SIMCA 14.1 (MKS
Umetrics, Uppsala, Sweden) software was used for the development of PCA
and PLS-DA classification models. The raw data were scaled by Unit Variance,
UV. The resulting PLS-DA models were evaluated by test of permutation

testing, miss-classification test, and models’ ROC curve analysis.

Post-hoc analysis employed the MetaboAnalyst 5.0 module “Statistical Analysis
(metadata table)” to perform ANOVA-simultaneous component analysis
(ASCA) [78] and multivariate empirical Bayes statistics (MEBA) [79]. For doing
this, the plasma, kidney, and urine datasets, of each ESI mode, were
concatenated in one matrix, log-transformed and auto-scaled. The phenotype
(Cfz vs Control) and the biosample type (plasma, kidney, urine), were specified
as the metadata factors.

Finally, for the identification of the unknown features, the (mz_rt) were
prioritized by their VIP scores (>1.5), their AUC value (>0.7), and their FDR t-
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test p value (< 0.05). MS-FINDER 3.52 [80] and the online databases HMDB
(Human), Urine (Human), Serum (Human) and LipidMAPS were used to identify
the compounds. The m/z range was set at 100-1000 Da; the m/z tolerance of
MS1 at 5 mDa; m/z tolerance of MS2 at 10mDa; fragments relative abundance
cutoff was 20%, and the isotopic tolerance was 50%. For compounds
annotation both the Formula Finder and Structure Finder algorithms were
employed. The MyCompoundID [81],[37]

(http://www.mycompoundid.org/mycompoundid_IsoMS/) online library was also

used to annotate unknown variables of kidney(+) dataset, using the MSMS

search of 1 reaction.

5.6. Conclusions
This study aimed to provide further evidence on the biochemical background of

Cfz induced nephrotoxicity, emphasizing in the non-polar metabolites. The
metabolomics analysis identified 93 metabolites, 5 of which belong to the class
of the uremic toxins. The post-hoc analysis revealed interactions between the
Cfz and the circulatory/urinary system, i.e., the levels of metabolites were
increased in plasma and kidneys but decreased in urine of Cfz group. This
finding was controversial to previous results based on polar metabolites, that
shown local increase of the polar metabolites in kidneys, and non-significant
alteration detected in plasma level. In the current case, the non-polar
metabolites were similarly increased in plasma and kidneys, indicating their
limited renal clearance. We found increased levels of HFAs in kidneys of Cfz-
treated mice, indicating dysregulation of FAO and mitochondrial dysfunction.
The novel founding was that Cfz imposed alterations in AAAs biosynthesis and
degradation. Phe metabolism was impacted in kidney and urine level but in
opposite ways (increased in kidney, decreased in urine), showing limited
excretion of those metabolites in urine. Also, the decreased levels of dopamine
in kidney of Cfz-treated mice, implies its limited renal biosynthesis, fact that
could explain the decreased vasodilation in the kidneys, leading to increased

systolic blood pressure.
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6. Chapter 6

Metabolomics exceed the challenge of confounders presenting
early biochemical evidence for the cardiotoxicity risk assessment in
a cohort of oncology underaged patients.

6.1. Abstract.
Cardiotoxicity (CT) is an adverse effect of chemotherapy that occurs in adults

and children. So far, genomics has linked the possibility of CT with specific gene
polymorphism. This study used metabolomics as a complementary approach,
aiming to find association between the metabolic profile of patients before they
undergo chemotherapy and, the risk to display CT during their treatment.: A
UPLC-ESI-QTOF protocol was developed for the samples’ analysis. The
plasma samples were obtained from 89 underaged patients, before they start
chemotherapy, and the metabolomics data were combined with the a posteriori
knowledge of CT expression in a post-hoc analysis. KODAMA, OPLS-DA,
BORUTA, and FDR t-test were used as complement classification and variables
selection methodologies to point out metabolites with an increased probability
of being CT-related. An empirical scale of confidence for DIA identification was
also developed. All classification models succeeded in separating the patients
of CT-risk. The identified metabolites suggested metabolic differentiations in the
pathways of fatty acids and amino acids regulations, that are involved to the
general pathway of cardiac energy metabolism. The metabolites hydroxy-9-
hexadecenoylcarnitine, glutamylalanine and 2-hydroxy-3-methylpentanoic acid
showed AUC scores > 0.85. The final results provided novel evidence
demonstrating the existence of early detectable metabolic markers related to
the risk of CT occurrence, suggesting that chemotherapy is not the sole reason
for CT expression. Probably, chemotherapy triggers preexisting cardiac
function abnormalities, accelerating the establishment of cardiac dysfunction

incidents.

6.2. Introduction
Cardiotoxicity (CT) is a common adverse effect related to the majority of the

antineoplastic drugs. According to the European Society of Cardiology the term
cardiac dysfunction or cardiotoxicity, is attributed to any heart injury related to

cancer treatment or cancer itself. The events may be acute, subacute, or
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delayed depending on the time of appearance and can be categorized as
irreversible or reversible as well [82],[83]. As it is generally suggested, CT onset
may depend on the class of the antineoplastic drug, dose, route, duration of
treatment, and other individual risk factors [82] and occurs in both adults and
children[84]. It is worth noticing that only a percentage of chemotherapy treated
patients express a CT event. The CT percentage of adult patients treated with
anthracyclines fluctuates from 2 to 48%, depending on the dose[82], whereas
18% of children oncology patients express acute or early episodes[85]. These
rates imply that CT is caused not only by the administrated antineoplastic drugs,
but other personalized factors also contribute to the condition. So far, these
personalized factors have been examined by genomics, in both adults and
children cohorts, showing specific gene polymorphisms related to CT risk[86].
As metabolomics is a complementary approach, it could significantly contribute
to the investigation of the pre-existing CT trends and support the attempt for the
CT risk assessment. Until now, metabolomics have provided important
knowledge on the metabolic alterations occurring in CT conditions, improving
our comprehension on the disease’s biochemical mechanisms [87]. Though,
the metabolomics investigation of oncology patients before their submission to
any therapeutic intervention, will point out the latent triggering causes of CT

expression and could potentially support the early risk assessment.

This study represents a pioneering effort in utilizing metabolomics to examine
the association between the metabolic profile of patients before they undergo
chemotherapy and the risk to display CT during their treatment. Therefore, a
metabolomics protocol was applied in plasma samples of oncology pediatric
patients before their submission to antineoplastic treatment, day=0. Afterwards
the children followed the proper therapeutic protocol and some of them
expressed CT. This a posteriori knowledge was combined with the
metabolomics data in a post-hoc analysis. The ultimate aim was to anticipate
the underlying metabolic background of CT and facilitate the identification of

prognostic metabolites thereof.
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6.2.1. The analytical challenge
The current study involved 89 children pediatric patients, male and female, in

the age range of 0-16 years. These children were diagnosed with several types
of hematologic malignancies and solid tumors i.e., acute lymphoblastic
leukemia, ALL, acute myeloid leukemia, AML, lymphoma, soft tissue sarcoma,
bone tumors, brain tumors, etc. Thus, the study design encompasses the
influences of several confounding factors, such as genotype, sex, age, and
cancer type, on the children’s metabolome. To address the high uncertainty and
enhance the reliability of the obtained results, a novel approach was
implemented, which involved the combination of four diverse chemometric

philosophies for variable extraction:

e Assembly and evaluation of random classification models (knowledge
discovery by accuracy maximization, KODAMA) [47];
e Supervised classification based on data reduction (ortho-partial least
square discriminant analysis, OPLS-DA);
e Classification using subsets of all variables (BORUTA) [46];
e Classical univariate approach (t-test).
A Bayesian logic underlies this notion. The posterior probability is refined by

any of the priors if the variables are identified by two or more statistical tests.

6.3. Results

6.3.1. Peak Picking & Signal correction
QC-based and Internal-Standard-based techniques were combined to correct

the signal drift, as shown in Figure 29. PCA models were used to assess the
efficiency of the signal-correction step by checking QCs reproducibility, and to

discover any outliers that had to be excluded.
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Figure 29 Graphical representation of the signal correction results: (A) PCA scores plot
of raw data of QCs and samples (B) PCA scores plot of pre-processed data of QCs and
samples.

6.3.2 Statistical analysis results

6.3.2.1. KODAMA
KODAMA is a learning algorithm that creates random classification clusters

driven by a Monte Carlo procedure that maximizes the prediction ability. The
semisupervised module of KODAMA was employed, forcing the CT-risk
patients to belong to the same class during the algorithm’s remodelling
subroutine. The topological representation of KODAMA semi-supervised
classification is shown in Figure 30. The procedure is semi-supervised as the
No-risk patients were not forced to belong in the same group, (decreased
dissimilarity), neither to be separated from the CT-risk patients (increased

dissimilarity between groups).

The results of KODAMA showed, for the first time, early metabolic evidence of
CT risk, as the algorithm managed to group the patients based on the risk to
express CT. KODAMA employs the Kruskal-Wallis t-test to highlight the

discriminating variables (those with log(P value)> 3 were considered important).
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Figure 30 Graphical representation of KODAMA and OPLS-DA classification models:
(A) KODAMA topology representation of RP-POSITIVE data; (B) KODAMA topology
representation of RP-NEGATIVE data; (C) KODAMA topology representation of HILIC-
POSITIVE data; (D) KODAMA topology representation of HILIC-NEGATIVE data; (E)
OPLS-DA scores plot of RP-POSITIVE data; (F) OPLS-DA scores plot of RP-NEGATIVE
data; (G) OPLS-DA scores plot of HILIC-POSITIVE data; (H) OPLS-DA scores plot of
HILIC-NEGATIVE data
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3.2.2. Supervised classification
OPLS-DA was chosen to enhance the correlation of specific variables with CT

risk, disregarding the orthogonal variation imposed by non-relevant to CT
confounders (sex, cancer, age, etc.). The OPLS-DA confirmed the KODAMA
observations and provided efficient classification models and many variables
with VIP values> 1.5. Both ionization modes of RP analysis, showed better
results i.e., decreased intra-group variance and increased inter-groups
variance, in contrary to HILIC. Specifically, the scores-plot of RP-POS data,
Figure 30, offered the higher degree of separation. These observations
suggested that the CT-trends are mainly reflected on non-polar metabolites.
The OPLS-DA models were evaluated regarding the predictive accuracy,
Supplementary Materials §3.5.

6.3.2.3. BORUTA & FDR t-test

BORUTA algorithm belongs to the family of the “all relevant” variable selection
methodologies, and estimates the prediction accuracy of all variables by
comparing their performance to the performance of variables with dummy
values or the so-called shadow variables, resulting in confirmed, tentative, and
rejected variables. The BORUTA algorithm provided 46, 7, 6, 5 confirmed and
tentative variables for RP-POS, RP-NEG, HILIC-POS, and HILIC-NEG
respectively. In addition, the FDR t-test 124, 46, 224, 24 variables with p-value<
0.05 for RP-pos, RP-neg, HILIC-pos and HILIC-neg respectively.

6.3.3. DIA identification and empirical levels of confidence

The definitive variables (45) were submitted to the identification procedure. In
the study, the samples were analyzed using the DIA methodology, which is
more information rich concerning the fragmentation data, but lacks in the
selectivity of MS2 spectra as implemented in DDA. Therefore, we established

an empirical levels of confidence for the DIA MS identification:

Level 5: Definitive features (mz_rt)

Level 4: Molecular formula (using adducts and, isotopes)

Level 3: Metabolite (comparing the experimental MSn with in-silico MS/MS)
Level 2: Comparison of precursor-fragment chromatography

Level 1: Validation using reference standards.
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This effort was based on confidence scale regarding the untargeted
metabolomics identification, applied to DDA, that was proposed by Schrimpe’s
et al.[88]. The identified metabolites, along with their statistical scores and their
level of confidence are provided in Table 10. More information regarding the

identification data are provided in the Supplementary Materials §3.6.
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Table 10 summary of CT-risk definitive variables.

mz_rt KODAMA OPLS- t-test BORUTA  Metabolite name Level of ROC  CT-risk
(Kruskal DA (P.value) Identification (AUC regulation
Wallis (VIP) value)
lop(P.value)
178.0942_2.57 3.56 1.26 0.007 Rejected 5-Hydroxytryptophol LEVEL 3 0.70 1
222.113_14.32 5.66 1.34 0.001 Rejected unknown feature LEVEL 5 0.73 1
276.2607_6.04 5.66 2.00 0.003 Tentative = C10H29N9 LEVEL 4 0.50 !
292.2426_1.43 4.95 1.33 0.000 Rejected unknown feature LEVEL 5 0.74 1
442.0711_6.31 4.68 1.65 0.001 Tentative  Propinol adenylate LEVEL 3 0.72 1
500.8881_1.1 3.88 1.35 0.002 Rejected unknown feature LEVEL 5 0.71 !
527.4024 519 4.77 1.57 0.001 Confirmed unknown feature LEVEL 5 0.72 !
540.3621_5.82 4.16 1.34 0.009 Rejected LysoPC(0:0/18:0) LEVEL 2 0.72 !
555.3613_3.49 3.22 1.05 0.041 Rejected MG(0:0/16:0/0:0) LEVEL 3 0.56 !
639.1813_3.14 2.62 1.77 0.002 Tentative = C43H50N40 LEVEL 4 0.68 1
112.0449 0.99 3.42 1.60 0.004 Rejected unknown feature LEVEL 5 0.70 1
117.0492_2.35 3.24 1.33 0.016 Rejected unknown feature LEVEL 5 0.64 1
118.0414_0.83 0.68 1.80 0.001 Confirmed L-Threonine LEVEL 3 0.71 1
144.9543_8.25 3.17 1.63 0.004 Rejected unknown feature LEVEL 5 0.67 1
146.9578_8.45 3.38 1.32 0.023 Tentative  unknown feature LEVEL 5 0.64 )
148.953_8.36 1.77 1.39 0.013 Rejected unknown feature LEVEL 5 0.65 1
190.9389_8.24 1.82 1.60 0.007 Tentative  unknown feature LEVEL 5 0.67 1
291.0676_0.69  3.46 1.21 0.033 Confirmed 5- LEVEL 2 0.66 )
Hydroxyindoleacetylglycine
336.0335_1.33  3.17 1.50 0.011 Rejected Nicotinic acid LEVEL 2 0.77 !
mononucleotide
400.8732_8.23 2.03 1.69 0.004 Tentative  unknown feature LEVEL 5 0.70 1
404.8688_8.23 3.19 1.45 0.012 Tentative  unknown feature LEVEL 5 0.66 1
416.8501_8.37 1.55 1.34 0.038 Confirmed unknown feature LEVEL 5 0.62 1
117.0721_0.85 1.32 1.20 0.043731 Confirmed Dihydrouracil LEVEL 2 0.61 1
132.0746_0.85 4.57 1.37 0.005991 Rejected Creatine LEVEL 3 0.71 !
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133.0722_0.89 3.53 1.70 2.08E-07 Tentative 2-Hydroxy-3- LEVEL 2 0.86 !
methylpentanoic acid
138.9059 0.77 3.10 1.52 0.027 Rejected unknown feature LEVEL 5 0.65 1
147.0746_0.81 3.01 1.56 0.087 Tentative  unknown feature LEVEL 5 0.46 1
163.1302_9.58 3.53 1.58 0.014 Tentative  Hydroxyoctanoic acid LEVEL 2 0.66 1
166.0813_2.78 3.00 1.70 1.12E-04 Rejected unknown feature LEVEL 5 0.83 1
170.055_1.6 218 1.54 0.030 Tentative  L-Isoleucine LEVEL 3 0.64 1
172.1305_6.22 4.44 1.43 0.004 Confirmed 4-Hydroxynonenal LEVEL 2 0.68 1
182.0628_5.87 3.30 1.51 0.032 Rejected 2-Hydroxyphenethylamine  LEVEL 3 0.66 1
188.068_3.98 3.09 1.51 5.59E-08 Confirmed unknown feature LEVEL 5 0.85 !
203.0505_0.92 3.77 1.32 0.040 Rejected Formiminoglutamic acid LEVEL 2 0.60 1
211.0934_10.16 4.75 1.52 0.012 Tentative  Nonate LEVEL 2 0.69 1
236.1107_7.9 3.57 1.52 213E-10 Rejected Glutamylalanine LEVEL 2 0.88 1
256.941_0.71 3.30 1.08 0.031 Rejected unknown feature LEVEL 5 0.64 1
261.0087_9.21  3.57 1.17 0.038 Confirmed 5-Methylthioribose 1- LEVEL 2 0.70 !
phosphate
263.0848_13.5 4.35 1.60 0.002 Rejected unknown feature LEVEL 5 0.71 !
283.7151_9.63 0.78 1.32 0.036 Tentative  unknown feature LEVEL 5 0.61 )
297.6866_8.3 2.80 1.01 0.002 Tentative  unknown feature LEVEL 5 0.70 1
374.2361_5.7 2.30 1.42 0.015 Confirmed Dodecanedioylcarnitine LEVEL 2 0.70 1
384.2934_12.94 212 1.55 0.032 Rejected (R)-3-Hydroxy- LEVEL 2 0.65 !
hexadecanoic acid
576.3583_10.92 3.00 1.10 4.60E-16 Confirmed 3-Hydroxy-9- LEVEL 2 0.97 1

hexadecenoylcarnitine
K.Wallis log(P value) is the value of Kruskal Wallis t-test, resulting from the KODAMA analysis; The VIP values were obtained by the Ortho Partial Least Square

-Discriminant Analysis (OPLS-DA); the t-test (P value) resulted from the univariate t-test and; the AUC value was provided by receiver operating characteristic
(ROC) analysis; BORUTA shows the confirmed/ tentative/ rejected variables, resulting by the respective algorithm; ; the last column includes information
regarding the level of identification confidence, i.e., Level 5 (definitive variable); Level 4 (Formula Prediction); Level 3 (Metabolite Prediction); Level 2

(Metabolites’ confirmation using high-collision energy mass spectrometry (MS) data. The values in bold are those passed the statistical cutoffs.
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6.4. Discussion
The major goal of this study was to provide reliable metabolomics evidence

regarding the early assessment of the CT risk. The statistical methodology
focused on the naive hypothesis for the existence of a CT-risk metabolic
fingerprint using. Therefore, the metabolic profiles of the patients (before the
chemotherapy, day=0), were grouped solely with the a posteriori knowledge of
CT expression. Considering the fuzziness introduced by cofactors (sex, age,
and cancer) on children’s metabolic profiles, it was deemed essential to develop
a strategy able to increase the confidence of the discriminating variables.
Therefore, in contrast to the common metabolomics approaches (routinely
using OPLS-DA and/or ROC analysis for biomarker detection), here we
combined four chemometric variable-selection approaches whose main
theoretical foundations can be regarded as complementary: i) KODAMA is
based on the creation and the cross validation of random classification models;
i) OPLS-DA belongs to the class of data-reduction methodologies; iii) BORUTA
is an “all-relevant” variable selection method, that assesses the statistical
significance of all the variables, by comparing them with dummy values, and at
last; iv) FDR-t.test is the most commonly used univariate tool. Based on the
Bayesian probabilistic theory, the variables provided as discriminative by more
than one methods, termed definitive variables, exhibited an increased
probability of being CT-risk-related. Moreover, aiming to increase the
identification reliability of the resulted DIA data, we established an empirical
scale of identification confidence, modifying the respective scale of Schrimpe

et al.[88], applied on untargeted DDA identification.

Summarizing the results, the research confirmed the existence of early
metabolomics evidence, detectable before the start of the chemotherapy,
betraying the risk of future CT expression. The majority of the identified
metabolites are hydroxy derivatives of amino acids, fatty acids and lipids. The
altered levels of hydroxy fatty acids (HFAs) and hydroxy carnitines suggest
beta-oxidation dysregulation, perhaps leading to oxidative products, and
mitochondrial dysfunction[89][90]. Furthermore, the elevated levels of long-
chain HFAs indicate dysregulation of FA mitochondrial beta-oxidation and;

increase of peroxisomal oxidation resulting in formation of oxidative products,
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as H202[91]. The increase of small-chain HO-FAs in CT-Risk patients, i.e., the
hydroxyoctanoic acid, could indicate a parallel occurring dysregulation of FA
metabolisms, i.e., elevation of peroxisomal B-oxidation of long-chain FA,
resulting in smaller-chain in FA34. The alterations of medium-chain 3-hydroxy-
FA is also associated to Fatty Acids oxidation disorders (FAOD), inborn errors
of metabolism resulted by dysregulation of mitochondrial 3-oxidation[92]. The
alterations of 4-HNE combined with the dysregulated lipids content indicate
alterations on lipids peroxidation’®-2!, which is also linked to FA-metabolism
dysregulation as well®®. Beuchel et.al., recently highlighted associations of
mitochondrial and peroxisome FA oxidation along with acylcarnitines
dysregulation with the decline of cardiovascular health[93]. Moreover, the
differentiations of 2-hydroxy-3-methylpentanoic acid[94], formiminoglutamic
acid[95], and glutamylalanine (AUC=0.88) are implying also amino acids
metabolism dysregulation. In parallel the amino acids pathways may be
indirecltly disturb by the decline of 5-methylthioribose 1-phosphate that impairs

the biosynthesis of methionine [96].

6.4.1. 3-Hydroxy-9-hexadecenoylcarnitine
3-hydroxy-9-hexadecanoylcarnitine, belongs to the class of long-chain

acylcarnitines and can be considered as potential prognostic biomarkers, as
showed AUC= 0.97 and reached the 2" level of identification confidence. The
compound was increased in CT-risk patients. Acylcarnitines are involved in the
transportation of organic and fatty acids from the cytoplasm to mitochondria,
thus, their perturbed levels imply dysregulation of fatty-acids metabolism.
Corresponding observations of this metabolite’s upregulation in blood have
been reported in systolic and diastolic heart failure and also in chronic heart
failure [97][89][98].

6.4.2. 4-Hydroxynonenal (4-HNE)

4-Hydroxynonenal, 4-HNE, was found increased in CT-risk group, with AUC =
0.68. Despite its moderate prediction ability, the altered levels of this metabolite
constitute an interesting observation. Previous studies have showed connection
between 4-HNE and CT-occurrence, as it was increased in events of
doxorubicin (DOX) induced CT. In DOX-induced-CD, 4-HNE and HNE-adducts

seem to participate in the mechanisms of cell-apoptosis and mitochondrial
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dysfunction[99][100]. 4-HNE is a normal endogenous metabolite, formed as a
secondary product of lipids peroxidation. It is increased in tissues at redox
conditions and thus, it is considered as biomarkers of oxidative stress as well.
Due to its chemical structure is highly reactive molecule and forms several
protein adducts leading to cell-signaling-alterations, negatively affecting the life
and the death of cells. Also, its upregulation has been linked to cardiovascular,

neurodegenerative and metabolic diseases [101][102][103].

6.4.3. Nicotinic acid mononucleotide
The observed decrease of nicotinic acid mononucleotide (NMN, AUC=0.77)

levels is also remarkable, as it participates in cofactor biosynthesis and in
metabolic pathways for the synthesis of nicotinate and nicotinamide. NMN is a
substrate for nicotinamide riboside kinase in the biosynthesis of NAD[104]. The
dysregulation of NMN also confirms the dysregulation of tryptophan
metabolism. NAD+ participates in organism’s redox mechanisms, and its
decline has been associated to normal aging [105]. In the current case, the low-
levels of NMN could indicate inhibition of redox procedures in the CT-risk

patients.

Summarising the above, the evidence of the investigation suggest that CT-risk
patients express early abnormalities in the metabolic pathways that are
directly/indirectly linked to amino-acids, fatty acids, and lipids regulation. These
pathways are involved in the general pathway of cardiac energy metabolism
[93]. It is worth mentioning that the examined cohort showed no clinical
evidence of cardiac dysfunction before the start of the chemotherapy. The
above indicates that the early, subclinical, alterations of the CT-risk patient’s
metabolism, were further triggered by the anti-neoplastic agents, leading to

clinical evidence of CT expression.

6.5. Materials and Methods

6.5.1. Examined Cohort
The study has been approved by the Scientific Council of the Children's

Hospital "AGIA SOFIA", Athens, Greece (Protocol No.: 27148/23.12.2019); and
the Scientific Council of the Hippocrate Hospital, Athens, Greece (Protocol No.:
20162/11/12/2018); and has also received the informed consent of the

children’s parents or legal guardians. Blood samples of 89 oncology pediatric
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patients were obtained by the medical personnel of the Department of Pediatric
Hematology-Oncology (T.A.O.) of the "AGIA SOFIA" Children’s Hospital. The
sampling preceded any administration of antineoplastic drugs. The blood
samples were instantly centrifuged, and plasma was collected and stored at -
80°C until the start of the metabolomics analysis. After blood sampling all
children were submitted to the proper chemotherapy protocol and 26 of them
expressed an early or an acute CT event, in the course of their treatment. These
events were diagnosed by clinical evidence, i.e., imaging techniques and
laboratory findings. The a posteriori knowledge of CT was used to group the

examined cohort into CT-risk (26) and No-risk groups.

6.5.2. Sample preparation and Data acquisition
600 pL of frozen methanol were added mixed with 200 yL of plasma and

vortexed for 20 s. The diluted samples were centrifuged using a NEYA 16R
centrifuge (REMI, Mumbai, India) at 10000 rpm, 5 min, 4°C. Aliquots of 200 uL
supernatant were evaporated until dryness by a HyperVAC-LITE centrifugal
vacuum concentration (Hanil Scientific Inc, Gimpo, Korea), the dried samples
were stored at -80°C and reconstituted before the analysis with 50 yL of IS
standard solution[106][107][108], as it is described in the Supplementary
Materials. Pooled samples were analyzed together with the samples as Quality
Control (QC) samples. For the chromatographic analysis both HILIC and RP
were employed, as complementary methodologies for the separation of polar
and non-polar metabolites respectively. A Thermo Fisher Scientific Acclaim
RLSC C18 column (2.1x100 mm, 2.2 ym) and an ACQUITY Waters UPLC BEH
Amide column (2.1x100 mm, 1.7 pym) were used respectively for the RP and
HILIC separation. The Bruker Maxis Impact QTOFMS (Bruker Daltonics,
Bremen, German) coupled to a Thermo Dionex Ultimate 3000 LC system
(Thermo Fischer Scientific, Dreieich, Germany) was employed for data
acquisition, using ESI ion-source. The broad-band Collision Induced
Dissociation (bbCID) mode was applied to obtain low-collision energy (CE) and
high-CE MS data. More information are provided in the Supplementary
Materials §3.3.
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6.5.3. Peak-picking & data pre-processing
MZmine 2.51 [109] was employed, and peak-picking procedure was based on

our previous protocol for DIA pre-processing[52]. The low-CE data were
submitted to the peak-picking procedure, aiming towards the biomarkers’
determination. The high-CE information was used during the final step, to
facilitate the metabolites identification. The feature-lists were submitted to
retention-time-drift correction, employing the “well-behaved” peaks. The
RANSAC algorithm was used for the alignment. The QCRFSC [76] algorithm
was employed for QC based signal-correction. The NA filter was set at 0.8 in
order to include only the variables with non-zero values for the 80% of the
samples. The %CV cutoff was set at 40 to exclude the variables with relative
standard deviation (RSD) higher than 40%. Afterwards, yohimbine and
reserpine compounds (ISs) were used for IS-based signal correction,
employing the Normalization using optimal selection of multiple internal
standards (NOMIS) algorithm[110] playing in NOREVAZ2.0 platform [111]. Then,
the data were transformed (LogTranformation), and scaled (Unite Variance
scaling) in order to ensure their normality. PCA was used to investigate and
exclude the outliers. As outliers were considered the samples that were out of
the Hotteling’s T2 (95%) ellipse.

6.5.4. Statistical methods & tools
For the statistical interpretation of the data the study used the Knowledge

discovery by accuracy maximization, KODAMA, algorithm [47] and the
BORUTA [46] algorithm, as they implemented in the R statistical language
environment; and also, the OPLS-DA supervised classification methodology,
conducted using SIMCA 14.1 (MKS Umetrics, Sweden). Also, the false
discovery rate (FDR) t.test and the receiver operating curve (ROC) analysis
were conducted using the MetaboAnalyst 5.0 online platform.

6.5.4.1. Definitive variables

In order to reduce the amount of the variables, based on their statistical
importance, specific thresholds were set for each statistical methodology. Thus,
the threshold for KODAMA, OPLS-DA and FDR-t.test were Kruskal Wallis
p.value >3, VIP value >1.5 and p.value <0.05 respectively. Regarding BORUTA,

the confirmed and the tentative variables were considered as important. As
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definitive variables were considered those who passed the thresholds of three

or more statistical trials.

6.5.5. Identification
The ion chromatograms of the definitive variables were extracted and manually

evaluated (S/N, reproducibility) using Data Analysis software (Bruker Daltonics,
Bremen, Germany). Both low and high collision energy (CE) data were used for
the identification. The low-CE MS were used for the molecular formula
prediction using the isotopic profile, and the high-CE MS were compared to in-
silico data to identify specific metabolite. MyCompoundID online library was
used for the identification procedure, using the MS-fragmentation data provided
by the HMDB. Specifically, the XIC (mz_rt) of the definitive variables were ion-
extracted in the raw spectra with mass and retention time tolerance of 5 mDa
and 0.05 min, respectively. Low-CE MS were used for the molecular formula
determination using the SmartFormula algorithm of DataAnalysis software
(Bruker Daltonics, Bremen, Germany). The mSigma threshold was set to 20. In
cases that SmartFormula provided no potential formula of acceptable score,
the MS-search module of myCompoundID (MCID) [37] online library was
employed. In the latter case, the experimental isotopic ratio was manually
calculated and compared to the reference isotopic ratio, as provided by
Compass IsotopePattern software (Bruker Daltonics, Germany). Then, the
high-CE MS data were assigned to the corresponding precursors via retention
time (after removing the background signal). The cleaned high-CE-MS clusters
were considered as pseudo-MSMS, as DIA selected no precursor ion, and were
employed for the verification of compounds structure. The pseudo-MSMS
(mz_rt and %l) were uploaded on MS/MS-Search module of MCID and
compared to the in-silico predicted MSMS provided by the online library. The
metabolites that were identified using the in-silico fragmentation were submitted
to further verification, to validate that those fragments belong to the precursor
of interest, as DIA does not assign the fragments to a specific precursors. Thus,
the XICs of the 3 most abundant theoretical fragments as provided by HMDB
(Predicted/Experimental MS/MS spectra), were extracted in the raw data,

setting 10 mDa as the mass accuracy threshold; and their chromatographic
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shape was empirically compared to the XIC of the parent ion, as described in

Figure 31.
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Figure 31 Graphical representation of the identification pipeline: (A) The variables that
pass the cutoffs of three or more statistical tests (KODAMA, OPLS-DA, BORUTA, FDR-
t.test) are considered as definitive variables; (B) The mz_rt of the definitive variables are
extracted as XICs from the raw data and evaluated (S/N and reproducibility); (C) The
isotopic profile of the definitive variables is compared with reference ones, during the
molecular formula determination; (D) The molecular formula is confirmed by the
comparison of the experimental high-CE MS with in-silico MS, and was attributed to
specific metabolite; (E) The three more abundant theoretical fragments of the
metabolites are extracted as XICs in the hight-CE MS data and their mass error is
evaluated; (F) The peak shape of the precursor and the fragments are empirically
compared.
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6.6. Conclusion
Cardiotoxicity is a common side effect of anti-neoplastic treatment protocols

and is expressed in both adults and children patients, leading to increased
morbidity and mortality. However, the ratio of the chemotherapy induced CT
expression indicates that the condition is related to the individual’s phenotype
and biochemical background. Thus, the investigation for early, subclinical
evidence related to future CT-expression could simplify the risk assessment
and the early prevention of this condition. Moreover, it would facilitate the
application of tailored therapeutic schemes. Herein, the current study examined
a cohort of children diagnosed with malignancies and solid tumors, aiming to
estimate the risk to display CT when they undergo chemotherapy. A
metabolomics analysis protocol was applied to plasma samples that were
obtained before the start of chemotherapy, and the experimental observations
were combined with the a posteriori knowledge of CT expression in a post-hoc
analysis. The final results provided novel evidence demonstrating the existence
of early detectable metabolic markers related to the risk of CT occurrence. All
multivariate models classified the CT-risk children with increased reliability. The
CT-risk children exhibited alterations in pathways linked to cardiac energy
metabolism, suggesting that chemotherapy is not the sole reason for CT
expression. Probably, chemotherapy triggers preexisting cardiac function

abnormalities, accelerating the establishment of cardiac dysfunction incidents.
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7. Chapter 7

Metabolomics investigation for the impact of the human doses of colistin in the
kidney and liver of mice

7.1. Abstract
Colistin (CMS) is used for the curation of infections caused by multidrug-

resistant bacteria. Its use is constrained by toxicity, particularly in kidney and
neuronal cells. The recommended human doses of CMS are 2.5-5 mg/kg/day,
and the toxicity is linked to higher doses or long-term administration. So far, the
in vivo toxicity studies have used doses even 10-fold higher than human doses.
It is deemed essential to investigate the impact and the metabolic response for
the CMS-human doses, where there is no clinical evidence of toxicity.
Therefore, in the current study, two doses of CMS, Low (1 mg/kg) and High (1.5
mg/kg) versus a control (normal saline), were administered to mice, and
samples of plasma, kidney, and liver were analyzed. A thorough metabolomics
workflow combined with univariate and multivariate statistical interpretation was
performed. The results pointed out six dose-responding metabolites (PAA,
DA4S, 2,8-DHA, etc.), renal dopamine dysregulation, and extended
perturbations in renal purine metabolism. Also, the study determined altered
levels of liver suberyglycine, a metabolite linked to hepatic steatosis. An
intriguing finding was the increased formation of renal xanthine, which is an
AChE activator, leading to rapid degradation of achetylcholine, suggesting an

association of nephrotoxicity and neurotoxicity.

7.2. Introduction
Colistin is typically used as a last resort antibiotic to treat infections caused by

multidrug-resistant bacteria as it has a narrow therapeutic index and can cause
significant toxicity, particularly to the kidneys and nervous system [112]-[114].
It belongs to the class of antibiotics known as polymyxins, which have a unique
mechanism of action that disrupts the bacterial cell membrane. This mechanism
of action makes polymyxins effective against many Gram-negative bacteria that
are resistant to other antibiotics bacteria such as Pseudomonas aeruginosa,
Acinetobacter baumannii, and Klebsiella pneumoniae [115]. However,
polymyxins are also toxic to human cells, particularly kidney cells and neuronal
cells. The drug is usually given as colistimethate sodium (CMS), prodrug of
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colistin[116]. The dosage regimen of CMS can vary depending on the patient's
age, weight, the severity of the infection, and the method of administration
(injection or inhalation). For the treatment of infections caused by Gram-
negative bacteria, the usual adult dose is 3 million units (MU) daily,
administered intravenously in divided doses every 8 hours[117]. An average
steady-state plasma colistin concentration of 2 mg/L seems to be a reasonable
target value [118]. A loading dose CMS is often recommended to achieve a
therapeutic concentration quickly. The loading dose can vary depending on the
patient's condition, but it is usually higher than the subsequent maintenance
dose [119], [120]. The duration of treatment can also vary depending on the
severity of the infection and the patient's response to therapy. According to the
prescribing information for CMS injection, the maximum daily dose should not
exceed 5 mg/kg of body weight
(https://www.accessdata.fda.gov/drugsatfda docs/label/2009/050108s026Ibl.p

df, accessed on 26 April 2023). It is important to note that the dosage regimen

for CMS should be adjusted in patients with renal impairment, as the drug is
primarily eliminated by the kidneys [121]. The use of CMS should always be

monitored by a healthcare professional.

CMS, like other antibiotics, can cause side effects and toxicities, i.e., brain
dysfunction and neurotoxicity. The mechanism of CMS-induced neurotoxicity is
not fully understood, but it is thought to involve the drug's ability to penetrate
the blood-brain barrier and interact with neuronal cells [122]-[124].
Furthermore, CMS can cause damage to the kidneys, especially if it is used for
a long time or at high doses. This can lead to symptoms such as decreased
urine output, swelling in the legs or feet, and shortness of breath[125]-[127].
Although CMS is primarily associated with kidney toxicity, there is some
evidence to suggest that it may also have an effect on the liver[128]. It is
important to note that the risk of toxicities may vary depending on the dose,
duration of treatment, and individual patient factors. Therefore, the levels of

CMS should be carefully monitored.

The aim of this study is to shed light on the mechanisms underlying the
metabolic alterations induced by the modest dosed of CMS administration. For

this reason, an in-vivo stimulation of CSM metabolic changes was performed,
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administrating low doses of CSM (1 and 1.5 mg/kg) in mice, aiming to identify
and metabolites related to CSM and to understand how their levels change in
response to CSM-dose. Until now, one metabolomics study has been
conducted for the characterization of urinary metabolites as biomarkers of
colistin-induced nephrotoxicity in rats[129]. Furthermore, Long et al.[128] have
studied the alteration of kidney and liver metabolome after administration of
high CMS dose. Herein, a metabolomic analysis has been performed in kidney,

liver, and plasma after administration of human-doses of CMS in mice.

7.3. Statistical analysis results
The Control (C), the Low-dose (LD), and the High-dose (HD) treated mice were

compared in pairs to detect classification trends correlated i) to the drug
administration (C vs LD) and, ii) to the drug dose (LD vs HD). Initially PCA
exhibited clear separation of the C and LD mice only in the kidneys, Figure 32A.
The OPLS-DA resulted in effective classification models for all abovementioned
comparisons, for all biosample types (plasma, kidney, liver), Figure 32(G-L).
The confidence and the performance of the developed models were estimated
through miss-classification and permutations testing and model ROC analysis,

and the results.
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Figure 32 Summary of the PCA and OPLS-DA results of the ESI+ datasets. PCA scores’
plots of: (A) Kidney, C-LD; (B) Liver, C-LD; (C) Plasma, C-LD; (D) Kidney, LD-HD; (E)
Liver, LD-HD; (F) Plasma, LD-HD. OPLS-DA scores’ plots: (G) Kidney, C-LD; (H) Liver,
C-LD; (I) Plasma, C-LD; (J) Kidney, LD-HD; (K) Liver, LD-HD; (L) Plasma, LD-HD.
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The study focused on the alterations provoked by the increase of the dose,
thus, the differentiated variables from LD-HD comparisons with VIP> 1.2 were
employed for univariate ROC curve analysis in order to detect the variables that
response to the dose increase. The number of variables with AUC value > 0.8
were, 251 variables for kidneys (49 up-regulated in the HD), liver 345 variables
for liver (136 up-regulated in the HD), and 47 variables for plasma (28 up-
regulated in the HD).

Moreover, PLS models were employed to investigate the linear correlation
between the three levels of administered CMS (0, 1 and 1.5 mg/kg) and the
alteration occurring to the mice’s metabolomic profiles. The excellent linearity
(R?> 0.99) and the low root means square error of estimation (RMSEE) of the
PLS models, Figure 33, prove that there is a linear correlation between the

administered dose and the resulting metabolomics alterations.
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Figure 33 Summary of PLS analysis. Observed vs predicted plots of ESI+ datasets: (A)

Kidney; (B) Liver; (C) Plasma. The grey spots represent the C samples ((CMS 0 mg/kg);

the blue spots represent the LD-samples (CMS 1.0 mg/kg); and the red spots represent
the HD.

To elaborate on this observation, the OPLS-DA models of C-LD and LD-HD
comparisons were used to build shared and unique structure plots, known as
SUS-plots, aiming to highlight the most highly dose-correlated variables. The
SUS-plot describes the correlation of the predictive variables afforded from the
two OPLS-DA models, by plotting the loadings of both against each other. In
this case, the 2 OPLS-DA models share a common group, the LD group. The
SUS-plot in Figure 34A represents the loadings of C-LD and LD-HD for the
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dataset of kidney, ESI+. The features at the edges of y-axis are discriminant for
the model C-LD and those at the edges of x-axis are discriminant for the model
LD-HD. The features existing in the diagonal from the lower left to the higher
right, (Figure 34A, green arrow), are the those that present shared structures,
whereas the existing in the diagonal from higher left to lower right (Figure 34A,
black arrow) are presenting unique structures. As the LD is the common group
in the two OPLS-DAs, the variables of shared structure show the same
regulation in the LD group, in both C-LD and LD-HD comparison. For example,
the variable in Figure 34B shows increased levels in LD samples and decreased
levels in C and HD samples, so, as it is always increased in LD group is
considered as variable of shared structure. On the other hand, the variable in
Figure 34C shows increased levels in LD group, comparing to C-group levels,
and in parallel shows decreased levels in LD group when it is compared to HD.
Thus, it is considered as a variable of unique structure. The features of unique
structure seem to express dose-response, while those of shared structure do

not provide meaningful information.

Aiming to determine variables showing linear correlation to the dose, a pipeline
of three steps was followed: i) at first, the variables existing at the edges of the
shared-structure-diagonal (of the SUS-plot) were selected; ii) then, they were
submitted to pairwise (C-LD and LD-HD) univariate ROC curve analysis and
those having AUC > 0.8 in both comparisons were kept and; iii) they were used
to develop regression curves, as shown in Supplementary Figures 4.1 & 4.2.
This procedure resulted in 16 dose-response variables, with R2 > 0.7, the 9 of

them were upregulated in correlation to the dose, Table 11.
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Figure 34 Graphical description of the SUS-plot basic information. (A) SUS-plot developed by the
OPLS-DA models of C-LD and LD-HD of kidney ESI+ dataset. The green spotted area represents
the variables of shared structure. The blue and the red spotted areas represent the variables of

unique structure. At the edges of the black arrow of unique structures exist the statistically
significant dose-response variables (red: upregulated, blue: down regulated); (B) A box-plot
representing a variable of shared structure, which shows increased levels in LD (blue) but
decreased levels in C (gey) and HD (red); (C) Box-plot representing an example of an up-
regulated unique structure variable which is increased in LD (blue) compared to C (grey) and in
parallel is decreased in LD, compared to HD (red).
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7.4. Variable selection and identification
The identification was statistically driven by the results of the pairwise

comparison of LD-HD and also, by the results of the SUS-plot procedure. The
pipeline followed for the current metabolomics study is described in Figure 35.
Thirty-four statistically important features were attributed to known metabolites,
as shown in Table 2. The identified metabolites were submitted to pathway
analysis, showing extended alteration of purine metabolism in kidneys. Thus,
an additional hypothesis driven peak-picking, focusing on the metabolites
involved in the purine metabolism pathway, was performed. The screening list
of the investigated metabolites is provided in the Supplementary Material, Table
S3. For this step the C, LD and HD group of kidney samples were used, and 27
metabolites were finally identified. These metabolites were further submitted to
pathway analysis, also employing their peak-area signals (AUC) as additional

information to estimate the alterations in purines pathway.
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Figure 35 Graphical description of the applied metabolomics workflow: Initially the in-vivo experiment simulate the impact of 1 and 1.5 mg/kg CMS

in mice. The liver, kidney and plasma samples were used for metabolites extraction, and the analysis was conducted with a Bruker maxisimpact
QTOF MS, using RPLC and ESI+/- ionization. The MS was acquired with DIA methodology. Then the raw data were used for untargeted peak-
picking and the feature list was submitted to QC and IS based signal correction. RamclustR was used for the generation of pseudo-MSMS. Then,

the features were used for variable selection performed with 2 ways: i) extraction of dose-response variables using SUS-plot procedure and; ii)

extraction of dose-correlated variables combining multivariate (OPLS-DA) and univariate (ROC) models of LD-HD comparison. The most
discriminant variables were subjected to identification. The identified metabolites were used for a naive pathway analysis. The results showed
alteration in renal purine metabolism and thus a targeted peak-picking of specific metabolites was applied in the raw data of kidneys. The results
were used for a new semi-quantitive pathway analysis.
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Table 11 List of identified metabolites, resulted from Colistin RPLC untargeted analysis.

mz_rt Precursor Common Name Theoretical Formula Mass Initial Fit Dataset 1reaction | AUC | Regulation
Mass (Da) Error Score | Score (LD-
(Da) HD)
192.0526_4.06 [M-H]- Glycolic acid 76.016045 C2H403 - 1 0.675 | KIDNEY(-) [+ 1 1
0.000099 (C5H5NS -
H20)]
211.9876_3.93 [M-H]- L-Aspartyl-4-phosphate | 213.003842 C4H8NO7P - 1 0.383 | KIDNEY(-) - 1 !
0.008966
125.0185_3.57 [M+H]+ (R)-N-Methylsalsolinol 193.110279 | C11H15NO2 - 1 0.931 | KIDNEY(+) [+CO2] 0.85 1 dose-
0.001585 dependent
136.0652_1.76 [M+H]+ Adenine 135.054495 C5H5N5 0.003429 1 0.458 | KIDNEY(+) - 1 !
169.0317_1.5 [M+Na]+ Hypoxanthine 136.038511 C5H4N40 0.003965 1 0.494 | KIDNEY(+) - 1 1
175.006_1.51 [M+K]+ Phenylacetic acid 136.05243 C8H802 - 1 0.302 | KIDNEY(+) - 0.9 | dose-
0.009592 dependent
194.0826_5.37 [M+H]+ 2-Methylhippuric acid 193.073894 | C10H11NO3 0.00143 1 0.707 | KIDNEY(+) - 1 !
232.0382_5.38 [M+K]+ 2-Methylhippuric acid 193.073894 | C10H11NO3 | 0.001144 1 0.627 | KIDNEY(+) - 1 !
256.122 5.57 [M+Na]+ | Hydroxypropionylcarnitine | 233.126324 | C10H19NO5 | 0.006452 1 0.321 | KIDNEY(+) - 1 !
262.062_4.45 [M+H]+ 2,8-Dihydroxyadenine 167.044325 C5H5N502 - 1 0.508 | KIDNEY(+) [ 1 1 dose-
0.006314 +C4H2N20] dependent
269.0943 2.25 [M+H]+ Inosine 268.080771 | C10H12N405 | 0.006253 | 0.998 | 0.822 | KIDNEY(+) - 1 !
272.0946_5.57 [M+H]+ Deoxycytidine 227.090607 | C9H13N304 | 0.006887 1 0.858 | KIDNEY(+) [+CO2] 1 !
273.0901_1.5 [M+Na]+ 5-Methoxytryptophan 265.112308 | C12H17N40OS | 0.000718 1 0.758 | KIDNEY(+) [+0] 0.95 !
278.0404_3.57 [M+H]+ Dopamine 4-sulfate 233.035796 | C8H11NO5S | 0.007498 1 0.641 | KIDNEY(+) [+CO2] 0.95 1 dose-
dependent
307.0513 2.24 | [M+Na]+ | D-Glucurono-6,3-lactone @ 176.03209 C6H806 - 1 0.698 | KIDNEY(+) [ 0.95 1
0.002377 +C5H4N20]
348.0774_1.6 [M+H]+ 2'-Deoxyguanosine 5'- 347.063088 | C10H14N507P | 0.007036 1 0.713 | KIDNEY(+) - 1 !

monophosphate
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MK+
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[M+K]+
[M+Na]+

MK+
[M+HJ+
[M+HJ+
[M+H]+
[M-H]-
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[M-H]-
[M+H]
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L-DOPA sulphate
Neopterin
L-isoleucyl-L-proline
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S-Adenosylhomocysteine

N-acetyl-S-(3-
oxo-3-carboxynpropyl)
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C8H11NO2
C9H1604
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7.5. Discussion
This study was designed to enrich the existing knowledge of the metabolic

alterations related to the CMS. So far, most of the in vivo studies have used
significantly high CMS doses to invoke the drug’s toxicity. For instance, the
most recent experiment of Nguyen et. al., induced in vivo CMS toxicity by
administering 25 and 50 mg/kg [128] as low and high dose respectively, which
is 10 folds higher than the recommended human dose (2.5-5 mg/kg/day). The
high dosing approaches provide ample information on biochemical alterations
occurring in extremely toxic conditions offering clear evidence of the triggered
pathways leading to the observed clinical symptoms. On the other hand, such
dosing regimens are never met in the clinical setting, where the administered
drug levels are strictly regulated and immediately taken care of, either by
lowering or even by stopping the administration. However, CMS remains the
last resort antibiotic for patients infected by multi-drug-resistant bacteria and
thus, the metabolic dysregulations caused even by the normal dosing schemes
should be investigated. Anticipating the early and frequently latent biochemical
alterations provoked by the drug, will provide the ability to adjust the curation
protocol by reducing/ stopping the administration. Under this notion, the current
study attempted to simulate in vivo, the metabolic alterations exhibiting by lower
doses of CMS, that are comparable to those administered to humans. Thus, 15
mice were separated in three equal groups and received 0 mg/kg (C - the
control group), 1 mg/kg (LD) and 1.5 mg/kg (HD) of CMS. The study involved
the plasma, the kidneys, and the livers, to investigate the latent background of
colistin nephrotoxicity, and to examine the impact of the drug in the circulatory

system and in the liver as well, as the knowledge on the latter is limited.

An RP-HRMS-based metabolomics protocol was employed to analyse the
samples, whereas an array of univariate and multivariate methodologies were
combined for the statistical process. The PCA and OPLS-DA focused on the
pairwise comparisons of C-LD and LD-HD groups. PCA showed that the most
pronounced metabolic perturbation occurred by the LD to the renal tissue. This
implies that the drug triggers important metabolic alterations in kidneys, even
at the lower doses, when there are no clinical data that could indicate toxicity.
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The OPLS-DA models classified efficiently the C-LD and LD-HD groups,

providing satisfactory figures of merit.

Interestingly, the liver dataset offered the highest number of important features
in both OPLS-DA and ROC curve analysis and the most of them were
downregulated with the increase of the drug. However, only 9 of the liver’s
differentiated variables were finally identified, speculating that the drug impairs
the liver metabolism, dysregulating metabolites derivatives that remain
unknown. In addition, the PLS models proved the existence of linear
correlations between the dose level and the alterations expressed in mice
metabolomic profiles. The PLS models were only used to verify the linear
correlation of metabolomics profile and CMS dose. The PLS results were not
exploited for the variable selection, as PLS is a more complex model
encompasses 3 groups, whereas the pairwise OPLS-DA model afford more

interpretable results.

Concomitantly, the SUS-plot was used to investigate the existence of
metabolites that are linearly correlated to the dose and highlighted 16. Six of
the dose-correlated variables were identified: suberyglycine (liver, |, R>= 0.75),
spermine (liver, |, R?>= 0.87), (R)-N-methylsalsolinol (kidney, 1, R?= 0.79),
phenylacetic acid (kidney, |, R?= 0.85), 2,8-dihydroxyadenine (kidney, 1, R?=
0.82), dopamine 4-sulfate (kidney, 1, R?>= 0.78), and examples of their box-plots

are shown in Figure 35.
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(R)-N-Methylsalsolinol Dopamine 4-sulfate
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Figure 36 Box-plots of the most important CMS dose-responding metabolites: (A) N-
Methylsalsolinol, detected in kidney; (B) Dopamine-4-sulfate, detected in kidney; (C) Phenylacetic
acid, detected in kidney; (D) 2,8- Dihydroxyadenine, detected in kidney.

7.5.1. Alterations of dopamine pathway
The administration of CMS provoked changes in 4 metabolites that belong to

the dopamine biochemical pathways, i.e., the dopamine (DA, liver, 1), the
domapine-4-sulfate (DA-4-S, kidney, dose-increased), the L-DOPA sulfate (L-
DOPA-S, plasma 1) and the N-methyl-R-salsolinol (MNRSal, kidney, dose-
increased). The MNRSal that showed elevated response to the drug dose, is
an endogenous neurotoxin, related to cell apoptosis. MNRSal is the enzymatic
product of R-salsolinon (R-Sal) which in turn is formed by DA under the action
of R-Sal synthases. MNRSal has been detected in urine of patients with
Parkinson disease and is considered more toxic than R-Sal [130]. MNRSal
presents apoptotic action, and it is suggested that the toxin impairs the
mitochondrial permeability transition (PT) by reducing the mitochondrial
membrane potential, resulting in increased release of apoptotic factors, as
cytochrome c, into the cytoplasm. Also, the toxin activates the caspase-3 which
also induces cell death [131]. Furthermore, MNRSal degradation products
inhibit the mitochondrial complex-I causing apoptosis and increase the ROS as

well[130]. The increased trend of the toxin in kidney, following the increase of
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CMS, indicated early apoptosis in renal cells that could lead to severe kidney

injury.

DA-4-S showed increased levels, in response to the drug dose in the kidney
whereas L-DOPA-S was increased in plasma as well. The sulfonation locus of
the endogenous/ exogenous phenols and catechols, i.e., DA and L-DOPA,
probably happens in the upper gastrointestinal track, where the responsible
enzymes are mainly expressed [132]. It should be noted that the sulfated forms
of DA are predominant in human blood and represent the 90% of the total DA
[132]. Furthermore, the sulfonation of DA is pivotal for metabolites binding with
its receptors [132]. The increased levels of DA-4-S and L-DOPA-S in plasma
and kidneys suggest elevated biosynthesis of DA. DA is a natriuretic hormone
and regulates the sodium levels, inducing sodium excretion and constraining
its reabsorption at the proximal tubule [133]. Thus excessive action of DA leads
to limited levels of circulatory sodium, condition which is linked with the
occurrence of hypotension [134]. Besides, it has been speculated that
impairment of the estimated glomerular filtration rate (eGRF) is associated with
neurological adverse effects, i.e., the limited eGRF leads to increased
circulation levels of uremic toxins and kidney hormones that end up in the
dopaminergic system of the brain [135]. Furthermore, DA is associated with the
liver fatty acid (FA) metabolism occurring in the mitochondria of hepatocytes.
The regulation of FA metabolism depends on the expression of carnitine
palmitoyl transferase (CPT) | and CPT Il. The catecholamines as DA induce the
CPT gene expression in the hepatocytes, inducing ketogenesis. Thus, the
increase of DA in CMS mice indicates dysregulation in liver FA
metabolism[136]. The increased ketogenesis is linked to hypoglycemia. The
acute increase of ketones leads to nausea, vomiting, pain, lethargy and even
come, whereas chronic ketosis can cause hepatic transaminase elevation
[137].

7.5.2. Down-regulation of renal phenylacetic acid

Phenylacetic acid (PAA) exhibited the opposite response to the drug dose, in
the renal tissue i.e., metabolite decreasing levels in response to CMS increase.
PAA is produced by phenylalanine degradation and is considered as a uremic

toxin. The circulatory levels of PAA have been increased in patients with chronic
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kidney disease (CKD) [138]. Besides, the metabolite inhibits the expression of
the inducible nitric oxide synthase (iNOS) in mononuclear leukocytes in end-
stage renal failure patient [139]. INOS is expressed when the cells are triggered
by proinflammatory cytokines and produce nitric oxide (NO) as a critical
response of the immune system. In the current case, the PAA was found
decreased by the CSM, speculating failure to balance the expression of INOS
leading to elevated levels of NO in kidney. The overexpression of iNOS, is
linked to a variety of human diseases as the septic shock and pain [140].
Furthermore, the decreased renal PAA-levels suggest kidney impairment
resulting in the limitation of renal filtration ability. Thus, the circulatory

substances do not pass from blood to kidneys but accumulate in the circulation.

7.5.3. Up-regulation of renal 2,8-dihydroxyadenine
The accumulation of 2,8-dihydroxyadenine (2,8-DHA) renal levels by CMS

dosing, is a worth mentioning finding. 2,8-DHA is an adenine metabolite,
accumulated in cases of adenine phosphoribosyl-transferase (APRT)
deficiency, which is a rare autosomal metabolic disorder, associated to uric
acid’s metabolism. 2,8-DHA exhibits low solubility, thus, its overexpression
leads to formation and precipitation of urinary crystals and kidney stones,

leading to urolithiasis or nephropathy [141].

7.5.4. Down-regulation of liver suberyglycine
Suberylglycine decreased by CMS administration in the liver tissue. There is

limited literature concerning this substance. The metabolite is normally
occurring as a product of fatty acid metabolism and is formed through the
oxidation of suberyl-CoA, an intermediate of the fatty acid metabolism.
Suberylglycine is primarily associated with a group of inherited metabolic
disorders known as organic acidemias, leading to the accumulation of various
organic acids, including suberylglycine, in the body. The measurement of
suberylglycine levels in biological samples, such as urine or blood, are used as
a diagnostic marker for certain organic acidemias [142],[143]. The elevated
urinary levels of suberyglycine have been associated with hereditary medium-
chain acyl-CoA hydrogenase (MCAD) failing [142], however, in the current
case, metabolite’s levels were detected decreased in the liver. MCAD is

suggested to be the most usual cause of nonalcoholic fatty liver disease
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(NAFLD . Paula et. al., have reported a rare hepatic steatosis secondary to
chronic case, expressed in an infant, where the levels of circulatory
suberyglycine were elevate[144]. This early observation of potential CSM-

induced MCAD deficiency is key evidence and should be further investigated.

7.5.5. Down-regulation of liver spermine
Spermine was also found to be downregulated in liver, by the increase of CMS.

The compound is a polyamine, naturally present in cells and tissues of living
organisms, including humans. It is derived from the amino acid ornithine
through a series of enzymatic reactions. Spermine plays important roles in
various biological processes, including cell growth, proliferation, and DNA
stabilization [145]. It has been found that, in plasma of patients with chronic
renal failure, the circulatory levels of spermine are decreased [146]. In our
study, the hepatic levels of spermine were decreased with the increased CMS
dose. The polyamines as spermine are proved to counterbalance drug adverse
effects, as the hepatotoxicity, and thus are administrated as protective agents
[145], inhibiting cell apoptosis [147].
7.5.6. Altered purine metabolism and renal dysfunction.

As mentioned above, all the identified metabolites were submitted to a naive
pathway analysis, showing extended dysregulation in the renal purine
metabolism. Therefore, the metabolites participating in purine metabolism were
targeted determined in the raw MS data of kidney samples (C, LD, and HD).
The results were used for additional pathway analysis, based on semi-
quantitative data. This step showed extensive alterations to the purine
metabolism (17/65 altered metabolites, P value (FDR) = 0.04) between the C
and LD groups, whereas the increase of the dose (LD-HD) did not affect the
observed dysregulation. The results of the semi-quantitative pathway analysis

of C-LD groups are described in Figure 36.

The 17 altered metabolites were found to be increased by the administration of
CMS, with the main perturbations occurring in the sub-pathways that result in
the formation of xanthine-uric acid (UA) and guanine, Figure 6. The
dysregulation of nine sequential metabolites, in the sub-pathway of UA
formation, provides strong proof that CMS causes severe effects on renal

purines metabolism.
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Purines are enzymatically transformed into hypoxanthine and then into
xanthine, which is the precursor of UA. The formation of UA is followed by the
generation of superoxide anions and reactive oxygen species (ROS), as
degradation byproducts. The extended production of UA, as observed in the
current case, leads to high levels of intracellular oxidative-stress-inducing-
factors causing cell damage [148]. The dysregulation of purine metabolism,
and particularly the hyperuricemia (elevation of UA) is associated with kidney
injury and is a marker for the progression of CKD [149]. There are several
proposed associations between UA and kidney impairment: i) formation of
monosodium urate crystals that precipitate in the tubules of the extra-renal
system; ii) oxidative stress due to the intracellular pro-oxidative properties of
UA that cause endothelial dysfunction, renal fibrosis, inflammation and
glomerulosclerosis; iii) UA prevents the nitric oxide (NO) synthesis and thus
hinder the endothelial cell proliferation [148],[149]. The increased levels of
xanthine and UA are also associated with the aging-induced renal impairment
[149].

Besides, the alterations of purine metabolism could be the key-point regarding
the connection of neuro- and nephro-toxicity occurring due to CMS
administration. It is proposed that the decreased eGRF leads to increase of
circulatory-levels of metabolic waste (uremic toxins and kidney hormones)
provoking all types neurological complications by i.e., triggering the nervus
system (dopaminergic system) causing brain dysfunction [135],[150]. In
addition, there are several reports of cognitive impairment (Cl) in patients with
CKD [150]. A recent computational docking study tested the binding affinity of
xanthine, hypoxanthine and 2,8-DHA with acetylcholinesterase (AChE) and, the
UA showed the higher binding affinity whereas xanthine and hypoxanthine
presented high docking scores as well [150]. AChE hydrolyses acetylcholine
that is important for the learning and the memory, and so, its rapid degradation
by the AChE leads to dementia and CI [151]. /n-vitro testing showed that
hypoxanthine enhanced the action of AChE [151].
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Purine pathway
Box-plots of the metabolites that were dysregulated:
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with the administration of 1.0 mg/kg CMS. The sub-pathways of interest point out the

locations that sequential alteration were observed. The boxplots show the content of
the perturbated metabolites in C (red) and LD (green) groups.

7.6. Materials and methods
The study employed plasma, kidney, and liver samples of 15 C57BI/6 (weight:

20-25 g; age: 8-10 weeks) mice. All in vivo experiments were carried out in
accordance with the “Guide for the care and use of Laboratory animals” and
experiments were approved by the Ethics Committee (Approval No: 574234/20-
07-2020). The mice were housed and maintained according to the ARRIVE
guidelines. The number of animals needed to achieve statistical power > 80 %
has been calculated using GPower 3.1. The animals were randomized in three
groups (n = 5 for each group) as follows: (i) Control (NaCl 0.9%), (ii) LD (CSM
1 mg/kg/day), (iii) HD (CSM 1.5 mg/kg/day). The drug and the normal saline
respectively, were injected intra muscularly (i.m.) to the thigh of each laboratory
animal. The administration has been repeated for 5 sequential days and the
sixth day the laboratory animals were sacrificed.
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For the plasma extraction, 200 yL of the sample were mixed with 600 uL of
frozen MeOH, centrifuged using a NEYA 16R centrifugation apparatus (REMI,
Mumbai, India) at 10,000x g rpm, 5 min, 4 °C and the supernatant was stored
at -80 oC. For the extraction of liver and kidney samples, 100 mg of the tissue
were homogenized with 1 mL of MeOH-H20 (1:1, v/v) solution. A CRYOLYS
EVOLUTION tissue homogenizer (Bertin Instruments, Rockville, MD, USA) and
the homogenizing CKMix lysing kit (Bertin Corp., Rockville, MD, USA) were
employed for a 2-step procedure. At first 500 uL of the solution were added in
the falcon with the tissue and the “hard” mode (9600% g rpm, three 20 s cycles
followed by 60 s pause) of the homogenizer was applied. Then the blend was
centrifuged, and the supernatant was obtained. The rest of the solution was
added in the homogenizing tube with the tissue remained and submitted to a
second cycle of a “soft” mode (5000x g rpm, one 60 s cycle) homogenization.
400 pL and 500 pL of plasma and tissues extract respectively were evaporated
to dryness by a HyperVAC-LITE centrifugal vacuum concentrator (Hanil
Scientific Inc., Gimpo, Korea), and the remaining solid was reconstituted with
150 L of IS mix solution, containing 1 ppm of yohimbine and reserpine in
MeOH-H20 (1:1, v/v). The samples were analyzed using a Dionex UltiMate
3000 RSLC (Thermo Fischer Scientific, Dreieich, Germany) UPLC system,
coupled to a Maxis Impact QTOF mass spectrometer (Bruker Daltonics,
Bremen, Germany) that was equipped with an Electrospray lonization source.
The chromatographic column used was Acclaim RSL C18 column (2.1 x 100
mm, 2.2 um, Thermo Fischer Scientific) and the elution of the analytes was
performed with gradient conditions, by the ramp increase of the organic mobile
phase. The DIA methodology (bbCID mode, in Bruker terminology) was
selected of MS acquisition. A detailed description of the UPLC conditions and
the parameters of ESI and MS are included in the Supplementary Materials,
§4.1 & 4.2.
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7.7. Conclusion
CMS is a last resort antibiotic factor administered for the treatment of infections

caused by multidrug-resistant bacteria. However, the use of the drug is
attenuated by the occurrence of neurological and renal complications resulting
by its administration. Several studies have focused on CMS-induced neuro- and
nephrotoxicity by administrating high doses of the drug to simulate the toxic
condition. The current study aimed to shed light in the biochemical alterations
triggered by the recommended human-doses, 1-1.5 mg/kg/day. Besides, the
study investigated the impact of the drug on the circulatory system, and in the
renal and liver function as well. So far, despite the existence of indications
regarding the CMS-induce hepatotoxicity, there are no evidence for the
displaying mechanisms. The study showed that even the lower human-dose (1
mg/kg) had severe impact on kidneys and also pointed out linear response
between the drug-dose and the metabolic alterations for plasma, kidney, and
liver. Sixteen variables showed significant correlation to the dose and 6 of them
were identified: suberyglycine (liver, |), spermine (liver, |), (R)-N-
methylsalsolinol (kidney, 1), phenylacetic acid (kidney, |), 2,8-dihydroxyadenine
(kidney, 1), dopamine 4-sulfate (kidney, 1). Summarizing, the results of the

current study showed that CMS:

¢ Induces the renal dopamine pathway.

e Increases the renal levels of 2,8-DHA, and probably leads to the
formation and precipitation of urinary crystals and kidney stones.

e Perturbates the renal purine metabolism, increasing the formation of
xanthine, hypoxanthine, and UA. Xanthine is considered as AChE
activator, leading to rapid degradation of achetylcholine. This is strong
evidence for the share metabolic background of CMS induced
nephrotoxicity and neurotoxicity.

e Perturbation of hepatic MCAD, probably leading to hepatic steatosis.

e Decrease of hepatic levels of spermine, which counterbalances

hepatotoxicity by inhibiting the cell death.
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