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Zusammenfassung

Die Infektion mit SARS-CoV-2 weist ein hochvariables Krankheitsbild auf, von asympto-
matischen Verlaufen Uber Symptome eines grippalen Infekts bis hin zu respiratorischem
Versagen und Tod. HOheres Alter und bestimmte Vorerkrankungen sind Risikofaktoren
fur schwere Krankheitsverlaufe, dennoch stellte die (frihe) klinische Risikostratifizierung
angesichts des variablen Krankheitsbildes eine besondere Herausforderung dar. Daher
galt es, schnellstmdglich die Pathophysiologie von COVID-19 zu entschlisseln und eine
akkurate Kilassifikation der Krankheitsschwere sowie Outcome-Prognose zu

ermoglichen.

Die Tandem-Massenspektrometrie (MS/MS) -basierte Plasma-Proteomik ermoglicht die
umfassende Charakterisierung der Wirtsantwort auf einen Erreger und erlaubt Rick-
schllsse auf die zugrundeliegende Pathophysiologie. Im Rahmen der Pa-COVID-19-Stu-
die analysierten wir insgesamt 881 Plasma-Proteome von 280 Patient:innen, erganzt um
umfangreiche Daten 2zu Demografie, Krankheitsschwere sowie 85 Routine-

laborparameter.

Wir erfassten von 139 Patient:innen zu 687 longitudinalen Messzeitpunkten die ungerich-
teten Plasma-Proteome und quantifizierten 321 Proteingruppen, davon 189 in >99 % der
Proben. Wir identifizierten vielfaltige Korrelationen von proteomischen Akutphaseprotei-
nen mit klinischen Laborparametern von Inflammation und Endorganschadigung (bspw.
Kreatinin oder NT-proBNP). 113 Proteine und 55 Routinelaborparameter korrelierten mit
der Krankheitsschwere. 20 Proteine, Uberwiegend Marker von Inflammation und Blutge-
rinnung, waren altersabhangig dysreguliert und bieten Einblick in die altersspezifischen
Pathogenese von COVID-19.

Als nachstes untersuchten wir das prognostische Potenzial der Plasma-Proteomik mittels
verschiedener Machine Learning-Modelle. Basierend auf proteomischen und klinischen
Messungen, konnten wir akkurat die aktuelle Krankheitsschwere pradizieren. Bei kritisch
kranken Patient:innen gelang es uns, anhand eines einzelnen frihen Messzeitpunktes
deren Uberleben bzw. Versterben zu prognostizieren, im Median 39 Tage vor dem Out-
come (AUROC = 0,81); die Validierung des Modells an einer komplett unabhangigen Ko-
horte ergab eine fast perfekte Klassifikation (AUROC = 1,0).
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Um einen klinischen Nutzen aus diesen Ergebnissen zu ziehen, identifizierten wir 50 re-
levante Peptide und entwickelten einen Multiple Reaction Monitoring (MRM) -basierten
Peptid-Panelassay, den wir an zwei weiteren Kohorten, mit 30 (Citrat-Plasma) bzw.
164 (EDTA-Plasma) Patient:innen, validierten und der zur Anwendung in Routinelaboren

geeignet ist.

Es gelang uns somit, mittels MS-basierter Proteomik relevante pathophysiologische
Grundlagen von COVID-19 zu identifizieren und eine akkurate Klassifikation und Prog-
nose von Patient:innen vorzunehmen. Die Ergebnisse der Studie sollten nun an groReren
Kohorten untersucht werden, parallel erweitern wir das Peptid-Panelassay zur Anwen-

dung auf andere Infektionserkrankungen wie Mpox, bakterielle Pneumonie und Malaria.
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Abstract

Infection with SARS-CoV-2 presents with a highly variable clinical picture, ranging from
asymptomatic cases over flu-like symptoms to severe organ damage, respiratory failure,
and death. Higher age and different preexisting medical conditions are risk factors for
severe disease, but early clinical risk stratification posed a special challenge due to the
high variability in clinical presentation. Thus, it was crucial to quickly identify the patho-
physiology of COVID-19 and enable accurate classification of disease severity and out-

come prognosis.

Tandem mass spectrometry (MS/MS)-based plasma proteomics allows for a comprehen-
sive characterization of the host response to a pathogen, enabling inference about the
underlying pathophysiology. Within the Pa-COVID-19 study, we analyzed a total of 881
plasma proteomes from 280 patients, complemented by extensive data on demographics,

disease severity, and 85 routine laboratory parameters.

We collected unbiased plasma proteomes from 139 patients at 687 longitudinal sampling
timepoints and quantified a total of 321 protein groups, 189 of which were present
in >99% of samples. We identified various correlations between acute-phase proteins and
clinical laboratory markers of inflammation and organ damage (e.g., creatinine or NT-
proBNP). 113 proteins and 55 routine laboratory markers correlated with disease severity.
Several proteins, mainly indicating inflammation and coagulation, were differentially ex-
pressed depending on age, offering insight into the age-dependent pathogenesis of se-
vere COVID-19.

Next, we examined the prognostic potential of plasma proteomics using different machine
learning models. Based on proteomic and clinical measurements, we accurately pre-
dicted current disease severity. For critically ill patients, we were able to predict their sur-
vival or death based on a single measurement at an early timepoint, with a median of
39 days before the outcome (AUROC = 0.81). Validation of the model on a completely
independent cohort yielded almost perfect classification (AUROC = 1.0).

To translate these results to the clinical routine, we identified 50 relevant peptides and

developed a multiple reaction monitoring (MRM)-based peptide panel assay, which we
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validated in two additional cohorts of 30 (citrate plasma) and 164 (EDTA plasma) patients,

and which can be applied in routine laboratories.

In summary, applying MS-based proteomics we successfully identified relevant patho-
physiological mechanisms of COVID-19, allowing for accurate disease severity classifi-
cation and outcome prognosis. These results should now be validated in larger cohorts,
simultaneously we are expanding the peptide panel assay for use in other infectious dis-

eases including mpox, bacterial pneumonia, and malaria.
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1 Einleitung

1.1 COVID-19

1.1.1 Hintergrund und Klinik

Im Dezember 2019 gelangten die ersten Berichte Uber Falle einer neuartigen Pneumonie,
verursacht durch einen unbekannten Erreger, aus Wuhan, Provinz Hubei, China, in die
Welt [1]. Die folgende Pandemie fuhrte global zu einer beispiellosen gesellschaftlichen,
O0konomischen und politischen Herausforderung [2—4]. Nur wenige Wochen nach den ini-
tialen Berichten war der Ausldser der sich inzwischen rasch ausbreitenden Krankheit
identifiziert, ein Betacoronavirus und naher Verwandter des Severe Acute Respiratory
Syndrome Coronavirus (SARS-CoV), der dementsprechend von der Weltgesundheitsor-
ganisation (WHO) als SARS-CoV-2 bezeichnet wurde [5]; die Krankheit erhielt den Na-
men COVID-19 (Coronavirus Disease 2019)[6]. Innerhalb weniger Wochen verbreitete
sich das neuartige Coronavirus auch aulerhalb Chinas und infizierte bald Millionen von
Menschen. Am 30.01.2020 erklarte die WHO den Ausbruch zur Gesundheitlichen Not-
lage Internationaler Tragweite (Public Health Emergency of International Concern,
PHEIC) und sah sich nur wenige Wochen spater gezwungen, am 11.03.2020 eine Pan-
demie auszurufen [7,8]. Schatzungen gehen davon aus, dass sich bis zum 5. Mai 2023,
als die WHO die pandemische Notlage offiziell fur beendet erklarte [9], Uber 675 Millionen

Menschen infiziert hatten, von denen Uber 6,8 Millionen verstarben [10].

Wahrend initial die Tropfcheninfektion als Hauptlbertragungsweg erachtet wurde, konnte
bald bestatigt werden, dass eine Ubertragung auch tiber Aerosole erfolgt und diese ins-
besondere in geschlossenen, schlecht bellfteten Raumen teils Stunden infektids
sind [11]. Die Infektion mit SARS-CoV-2 weist ein hochvariables Krankheitsspektrum auf,
von asymptomatischen Ubertragern tiber milde Verlaufe mit Symptomen eines grippalen
Infekts bis hin zu respiratorischem Versagen und Tod [12,13]. Frihe Schatzungen gingen
von einem Manifestationsindex, also dem Anteil symptomatischer an allen Infizierten, von
55-85 % aus, wobei die mittlere Inkubationszeit auf ca. 6 Tage, die 95 %-Perzentile auf
12 Tage geschatzt wurde [13]. Mit dem Auftreten neuer SARS-CoV-2-Varianten ab An-

fang 2021 wurden tendenziell etwas kurzere Inkubationszeiten beobachtet.
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Zu Beginn der Erkrankung dominieren Symptome des oberen Respirationstrakts, u.a.
Husten und Atemnot, Schnupfen sowie Geruchs- und Geschmacksverlust, ggf. in Kom-
bination mit Allgemeinsymptomen wie Abgeschlagenheit, Kopf- und Gliederschmerzen
und Fieber [13]. Bei den meisten Erkrankten kommt es innerhalb der ersten Woche zur
Symptomresolution, wobei verschiedenartige Spatfolgen, zusammengefasst als Long-
COVID oder Post-COVID-19-Syndrom bezeichnet, auftreten kdnnen [14].

Bei einem Teil der Erkrankten kann es im weiteren Krankheitsverlauf zu einer ausgeprag-
ten Beteiligung der unteren Atemwege und weiterer Organsysteme, darunter Herz, Nie-
ren und Gehirn, kommen, mit potenziell tédlichem Verlauf [13]. Als besondere Herausfor-
derung fur das klinische Management zeigte sich, dass Erkrankte in dieser Krankheits-
phase bei arztlicher Vorstellung oftmals trotz subjektiv nur leichter Symptomatik bereits
eine schwere Hypoxamie aufwiesen und innerhalb weniger Stunden eine invasive Beat-
mung bendtigten, ein Phanomen, das auch gelegentlich als ,happy hypoxaemia“ (frohli-

che Hypoxamie) bezeichnet wurde [15].

Bis Mai 2021, also vor einem maf3geblich durch Immunitat und moglicherweise milderen
SARS-CoV-2-Varianten veranderten Infektionsgeschehen, bedurften in Deutschland
ca. 10 % der Falle einer stationaren Krankenhausbehandlung, 33 % davon auf einer In-
tensivstation. Insgesamt verstarben 3,1 % der gemeldeten Falle, darunter 26 % der sta-
tionar behandelten Patient:innen [16]. Die gro3e Anzahl von Erkrankten, die einer statio-
naren Behandlung bedurften, fiihrte weltweit wiederholt zu Uberlastungen von Gesund-
heitssystemen, mit Aufnahmestopps in Krankenhausern, tUberlasteten Rettungsdiensten

und unzureichenden Kapazitaten zum Umgang mit Verstorbenen [17,18].

Wahrend sich insbesondere hdheres Alter, aber auch Vorerkrankungen wie Diabetes
mellitus, Adipositas und Arteriosklerose als relevante Risikofaktoren flr einen schweren
Krankheitsverlauf abzeichneten [19-21], blieb die frihe klinische Risikostratifizierung
nicht zuletzt aufgrund des so variablen Krankheitsbildes herausfordernd [22]. Altbewahrte
klinische Risiko-Scores boten bei dieser Erkrankung nur einen begrenzten prognosti-
schen Nutzen [23], gleichzeitig bestand vor dem Hintergrund einer drohenden Uberlas-
tung des Gesundheitssystems, mit ausgeschopften normal- und intensivstationaren Be-
handlungskapazitaten, wie sie u.a. aus Bergamo (ltalien) [17] und New York

City (NY, USA) [18] berichtet wurden, ein dringender Bedarf, die klinische Prognose von
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Patient:innen mit COVID-19 frihzeitig moglichst prazise im Sinne einer bedarfsorientier-

ten, optimalen Ressourcenallokation zu bestimmen.

1.1.2 Bedeutung fur die Wissenschaft

Wohl keine andere Krankheit ist jemals zuvor Gegenstand so rascher und umfangreicher
Forschung geworden wie COVID-19 [24,25]. Mit den ersten Berichten aus Wuhan galt
es, schnellstméglich die Ubertragungswege und Pathophysiologie der Erkrankung zu ent-
schlisseln, um zielgerichtete Infektionspraventionsmaflinahmen durchzufihren und wirk-
same Therapien sowie sichere und effektive Impfstoffe zu entwickeln. Die Welt sah eine
aulRergewohnliche nationale und internationale Kooperationsbereitschaft zwischen For-
schenden, ermdoglicht durch eine umfangreiche Bereitstellung von Forschungsmitteln
durch Regierungen und Nichtregierungsorganisationen [25,26]. Binnen weniger Wochen
wurde das gesamte SARS-CoV-2-Genom entschllsselt und verdéffentlicht [27], sodass
bereits im ersten Quartal 2020 mit der Entwicklung von Impfstoffen gegen COVID-19 be-
gonnen und nach wirksamen Virostatika und unterstutzenden Therapien gesucht werden
konnte [28].

Frahe Fallberichte und Beobachtungsstudien bestatigten in der klinischen Routine etab-
lierten Biomarkern wie C-reaktives Protein (CRP), D-Dimeren und Leukozytenzahlen ei-
nen prognostischen Wert, und einzeln oder in Kombination u.a. mit Vitalparametern wur-
den erste Risikoscores postuliert [29—32]. Charakteristische Milchglasinfiltrate in der
Computertomographie boten bei limitierten PCR-Testkapazitaten eine initiale diagnosti-
sche Einschatzungsmaoglichkeit [33], Ausmal’ und Kombination mit Konsolidierungen kor-
relierten mit Krankheitsschwere und Outcome [34]. Insgesamt hatten jedoch sowohl etab-
lierte Risikoscores wie SOFA (Sequential Organ Failure Assessment [35]) oder
APACHE Il (Acute Physiology And Chronic Health Evaluation Il [36]), als auch spater
spezifisch fur COVID-19 entwickelte Scores wie ABCS (Age, Biomarkers, Clinical History,
Sex [37]) oder 4C-Mortality Score [38], nur eine eingeschrankte Aussage-
kraft [23,32,37,38].

Um diesem dringenden klinischen Bedarf zu begegnen, galt es daher, schnellstmoglich
die Grundlagen der Pathophysiologie von COVID-19, insbesondere der schweren Ver-

laufsformen, zu entschllsseln, um einerseits die prazise Klassifikation und Prognose der
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Erkrankung zu ermdglichen und andererseits neue Therapieansatze zu entwickeln und
in die klinische Praxis zu translatieren [28,39]. Eine in den letzten Jahren zunehmend
weiterentwickelte Technologie war und ist hier besonders geeignet, umfangreiche physi-
ologische und pathophysiologische Prozesse abzubilden und eine umfassende Daten-

grundlage fur systemische biologische Prozesse zu liefern: die Plasma-Proteomik.
1.2 Das Plasma-Proteom

1.2.1 Hintergrund

Das Proteom bezeichnet die Gesamtheit aller Proteine bzw. einer definierten Untereinheit
eines Organismus, die zu einem definierten Zeitpunkt vorhanden sind. Das Ziel der Pro-
teomik ist die ,umfassende, quantitative Beschreibung der Proteinexpression und ihrer
Verédnderungen unter dem Einfluss biologischer Stérungen wie Krankheit oder medika-
mentéser Behandlung® (Ubersetzung durch den Autor') [40]. Wahrend sich die Genomik
und Transkriptomik mit der Gesamtheit der kodierten bzw. transkribierten Gene befassen,
untersucht die Proteomik deren biologisch funktionelle Produkte, die Proteine, und er-
laubt somit direkte Ruckschlisse auf die tatsachlich zu einem gegebenen Zeitpunkt ab-

laufenden biologischen Prozesse [41] (Abbildung 1).

Frihe Untersuchungen des Proteoms erfolgten mittels sogenannter 2-dimensionaler Ge-
lelektrophorese (2-DE). Dabei werden Proteine zunachst anhand ihres spezifischen iso-
elektrischen Punktes sortiert und im Anschluss mittels ,klassischer® Elektrophorese ent-
sprechend ihres Molekulargewichts aufgetrennt. Auf diese Weise liel3en sich zwei Proben
direkt miteinander vergleichen und einzelne hoch- oder herunterregulierte Proteine iden-
tifizieren. Dieses Verfahren ist jedoch aufwendig und ermdglicht nur eine geringe Tiefen-
aufldsung, also dynamischen Konzentrationsbereich von Zielproteinen. Bei komplexen
Proben wie bspw. humanem Plasma, in dem zwischen den am niedrigsten und den am
hdchsten abundanten Proteinen 7-12 GrélRenordnungen liegen [42], wird daher nur eine
geringe Zahl verschiedener Proteine erfasst. Bereits um die Jahrtausendwende setzten
sich daher Massenspektrometrie (MS) -basierte Verfahren durch und erfuhren eine ra-

sche Weiterentwicklung [43].

"Original: “[...] comprehensive, quantitative description of protein expression and its changes under the
influence of biological perturbations such as disease or drug treatment.” Anderson & Anderson 1998 [40]
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Abbildung 1: Einordnung der Proteomik in die -omics Wissenschaften. Die Genomik befasst sich

mit der Gesamtheit der Gene (DNA-Ebene), die Transkriptomik mit der Gesamtheit der transkri-
bierten Gene (RNA-Ebene) und die Proteomik mit den biologisch funktionellen Produkten, Prote-
inen, und erlaubt somit direkte Rickschlisse auf die tatsachlich zu einem gegebenen Zeitpunkt
ablaufenden biologischen Prozesse. Die Metabolomik schlieRlich befasst sich mit den Stoffwech-

selprodukten und -prozessen eines Organismus. Eigene Darstellung.

1.2.2 Flussigkeitschromatographie — Massenspektrometrie (LC-MS) Proteomik

Zur Analyse komplexer Proben wie komplette Zellen oder Blutplasma, die eine breite dy-
namische Konzentrationsspanne von Proteinen sowie potenziell Uberlappende MS-Sig-
nale aufweisen, wird heutzutage in der Regel Flussigkeitschromatographie (liquid chro-
matography, LC) mit Tandem-Massenspektrometrie (tandem mass spectrometry,
MS/MS) kombiniert (Abbildung 2). Aufgrund der hohen Anzahl verschiedener Proteine
erfolgt die Messung entsprechend dem sogenannten ,bottom-up“ Ansatz [43]. Fort-
schritte in der Genomik haben ermdglicht, basierend auf genetischen Informationen Pep-
tide und Proteine zu pradizieren; daher erfolgt zunachst die Messung einzelner Peptide,
die nachfolgend mit theoretischen oder empirischen Proteindatenbanken abgeglichen
werden. Theoretisch ist ein proteotypisches Peptid ausreichend, um das Vorhandensein
eines bestimmten Proteins sicher nachzuweisen, wobei die Quantifizierung in der Praxis
meist Uber mindestens zwei Peptide erfolgt. Die Messung mittels LC-MS/MS umfasst fol-

gende Schritte:
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1.2.2.1 Probenvorbereitung

Zunachst werden die Proteine einer Probe mittels spezifischer Proteasen verdaut, d.h. in
Peptide aufgespalten. Meist wird dazu Trypsin genutzt: Aufgrund der spezifischen Spal-
tung an Carboxylenden von Lysin- und Argininresten (auf3er wenn Prolin folgt), kdnnen
pradizierte Peptide definiert und entsprechende theoretische Datenbanken erstellt wer-
den [43,44].

1.2.2.2 Flussigkeitschromatographie

Die durch enzymatische Verdauung entstandenen Peptide werden nun mittels FlUssig-
keitschromatographie entsprechend ihrer Molekulleigenschaften aufgetrennt (Abbil-
dung 2, oberes Panel). In der Proteomik wird meist eine sog. ,reverse phase“ Chromato-
graphie (RPC) mit einer hydrophoben stationaren Phase angewandt [43,44]. Die zu un-
tersuchenden Peptide werden in einem Puffer geldst und dieser in die Flussigkeitssaule
gegeben. Dabei binden hydrophobe Peptide starker an die stationare Phase und werden
entsprechend stark retardiert, wahrend hydrophile Peptide weniger Interaktionen mit dem
Saulenmaterial haben. Im Anschluss wird die Sdule mit einem Gradienten aus Losemittel
und Puffer eluiert und dadurch die Peptide allmahlich von der stationaren Phase geldst.
Somit verlassen verschiedene Peptide mit ahnlicher Molekularmasse, jedoch unter-
schiedlichen hydrophobischen und isoelektrischen Eigenschaften, die Saule des Chro-
matographen zu verschiedenen Zeitpunkten (Retentionszeit) [43,44]. Mittels Verbin-
dungsstuck (Interface) wird die nun zeitlich aufgetrennte flissige Phase dem Massen-

spektrometer zugefuhrt.

1.2.2.3 Massenspektrometrie

Grundsatzlich umfasst ein Massenspektrometer eine lonenquelle, einen Massenanalysa-
tor, der das Masse-zu-Ladung-Verhaltnis (m/z) misst, und einen Detektor, der die Anzahl
von lonen bei jedem m/z Wert erfasst [44,45] (Abbildung 2, mittleres Panel). Die mittels
LC aufgetrennte Probe wird im MS zunachst vernebelt und die Peptide mittels Elektro-
spray-lonisation (ESI) ionisiert. Auf dem Weg durch den Massenspektrometer werden die
nun geladenen Peptide, abhangig von dem verwendeten Gerat, entsprechend ihres m/z-

Verhaltnisses aufgetrennt und detektiert.
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Bei der Tandem-Massenspektrometrie (MS/MS) werden in einem ersten Massenfilter
(MS+) spezifisch erfasste Vorlaufer-lonen in einer Kollisionszelle durch Zufihrung von
Kollisionsgas (z.B. Stickstoff) fragmentiert; die daraus entstehenden Produkt-lonen pas-
sieren einen zweiten Massenfilter oder -analysator (MS2) und werden von einem Detektor
erfasst (Abbildung 2, unteres Panel). Haufig werden Quadrupole als Massenfilter und
Fragmentierungszellen eingesetzt. Als MS2 kdnnen, anstatt eines dritten Quadrupols
(QqQ-MS), hochauflésende exakte Massenanalysatoren (HRAM, high-resolution accu-
rate mass analyzers) wie Time-of-Flight (TOF-MS) oder lonenfallen (z.B. Orbitrap) ge-
nutzt werden und so die datenunabhangige Detektion einer groReren Anzahl verschiede-
ner Produkt-lonen erfolgen. Durch die kombinierte Erfassung von Vorlaufer- und Produkt-
lonen kann eine hohere lonen-Spezifitat erreicht und ein groRerer dynamischer Konzent-

rationsbereich abgedeckt werden [44].

Im Anschluss an die LC-MS/MS erfolgt die primare Analyse der Messungen, fur die es

grundsatzlich die folgenden zwei Ansatze gibt:

1.2.3 Ungerichtete (untargeted) Proteomik

Erfolgt die Messung einer Probe ohne die vorherige Festlegung zu untersuchender Ziel-
peptide, spricht man von sogenannter Shotgun- (Schrotschuss-), ungerichteter (untar-
geted) oder auch Such- (Discovery-) Proteomik; so kann eine unvoreingenommene Ana-
lyse bspw. des Plasma-Proteoms erfolgen und neue potenzielle Proteinbiomarker identi-
fiziert werden. Dies kann durch die kontinuierliche Aufzeichnung einer grol3en Anzahl von
MS+1 und MS, Spektren mittels TOF- oder Orbitrap-MS erfolgen, bspw. im Rahmen von
sog. DIA-SWATH-MS (Data Independent Acquisition - Sequential Windowed Acquisition
of All Theoretical Fragment lon - Mass Spectra) [46]. Die so entstandenen Massenspek-
tren werden mit Datenbanken abgeglichen und entsprechenden Peptiden zugeordnet,
aus denen wiederum spezifische Proteine abgeleitet werden. Mittels bioinformatischer
Methoden kdnnen Ruickschlisse auf die Abundanz verschiedener Proteine geschlossen

und diese so ins Verhaltnis zueinander gesetzt werden.

1.2.4 Gerichtete (targeted) Proteomik

Im Gegensatz dazu erfolgt bei der gerichteten (targeted) Proteomik die Messung definier-

ter Ziel-Peptide, die bspw. im Rahmen von Discovery-Proteomik identifiziert wurden.
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Beim Selected-Reaction-Monitoring (SRM, auch: Multiple Reaction Monitoring, MRM)
wird bei MS+ lediglich ein vorher definiertes Vorlaufer-lon (i.d.R. zwischen 10-20 Amino-
sauren lang) zur weiteren Fragmentierung zugelassen; die resultierenden Produkt-lonen
konnen im MS: sehr sensitiv und spezifisch erfasst und mittels Isotopen-markierter Pep-
tidstandards exakt quantifiziert werden [47]. Im Vergleich zur ungerichteten Proteomik ist
die MRM-Proteomik also flr die definierten Proteine sensitiver und spezifischer, daflr in

der Anzahl verschiedener Proteine limitiert.

1.2.5 Bioinformatische Analysetechniken

Um aus den umfangreichen massenspektrometrischen Rohdaten einen statistisch aus-
wertbaren Datensatz zu generieren, sind verschiedene Schritte nétig (Abbildung 2, unte-
res Panel). Prinzipiell missen die gemessenen Chromatogramme und Massenspektren
spezifischen Peptiden zugeordnet und im nachsten Schritt die ihnen entsprechenden
Proteine abgeleitet werden, um schlussendlich deren relative oder absolute Abundanz

funktionell analysieren zu kénnen [46,48,49].

Die Zuordnung von Massenspektren zu Peptiden kann grundsatzlich Spektren-zentriert
oder Peptid-zentriert erfolgen. Bei Spektren-zentrierten Ansatzen werden zunachst ahn-
liche Spektren einer analysierten Probe gruppiert und dann mit einer entsprechenden
Datenbank abgeglichen und Peptiden zugeordnet. Bei Peptid-zentrierten Ansatzen hin-
gegen werden zunachst die in einer spezifischen Probe erwarteten Peptide und deren
zugehorigen MS-Daten (Peptide Query Parameters (PQP): Retentionszeit, Vorlaufer-
und Produkt-lon Massen und Signal-Intensitaten [Peaks]) definiert und dann mit den tat-
sachlich gemessenen Daten abgeglichen [46]. Neue Software-Tools kombinieren die
Vorteile beider Ansatze — datenunabhangige Analyse bzw. grofRere Spezifitat — bspw. un-
ter Anwendung selbstlernender Algorithmen und tiefer neuronaler Netze (vgl. Demichev
et al., 2020 [48]).

Aus den identifizierten Peptiden werden mittels Datenbankabgleichs die zugehorigen
Proteine abgeleitet und, bspw. durch die teils gewichtete Aufsummierung der integrierten
Peak-Flachen mehrerer Produkt- bzw. Vorlaufer-lonen, quantifiziert. Bevor die funktio-

nelle Analyse erfolgen kann, mussen Normalisierungsschritte durchgefuhrt und ggf. feh-
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lende Peptiddaten imputiert werden, ohne tatsachliche biologische Informationen zu ver-
lieren. Sowohl bei der Praprozessierung als auch der funktionellen Auswertung des ferti-
gen Datensatzes kommen zunehmend auch Machine Learning-Techniken zum Ein-
satz [48,50].

Aufspaltung Fliissigkeits- zeitliche Auftrennung Massen-

Probe in Peptide chromatograph  (hydrophil vs. hydrophob) spektrometer

»

—_———————
012 3 4 5min
__________________________________ Retentionszeit

MS,
Quadrupol 3

MS;, Fragmentierung

lonisierung Quadrupol 1 Quadrupol 2

m . zgia s )
K@—’z Wy — §<‘A(
i Il

Vorldufer-lonen Kollisionsgas

Detektor

Abbildung 2: Schematischer Aufbau eines LC-MS/MS Systems. Die Proteine werden zunachst
mittels Trypsin in Peptide aufgespalten. Im Anschluss erfolgt die Auftrennung der Peptide mittels
(reverser) Flussigkeitschromatographie (LC) entsprechend ihrer hydrophoben und isoelektri-

schen Eigenschaften. Die so zeitlich aufgetrennte Probe gelangt via Verbindungsstlick (Interface)
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in den Massenspektrometer, wird vernebelt und die Peptide mittels Elektrospray-lonisation (ESI)
ionisiert. Bei der Tandem-Massenspektrometrie werden im ersten Massenfilter (MS4, Quadru-
pol 1) Vorlaufer-lonen selektiert, in einer Kollisionszelle durch Zufiihrung von Kollisionsgas spe-
zifisch fragmentiert (Quadrupol 2) und die Produkt-lonen im Anschluss detektiert, wobei als zwei-
ter Massenfilter (MS.) entweder ein dritter Quadrupol oder ein hochauflésender exakter Massen-
analysator (Orbitrap oder Time-of-Flight [TOF]) eingesetzt werden kann. Es folgt die bioinforma-
tische Aufbereitung, Zuordnung von Spektren zu Peptiden und Generierung eines Datensatzes
zur  statistischen  Auswertung. Abbildung angelehnt an https ://healthcare-in-eu-

rope.com/de/news/massenspektrometrie-analytik-trifft-diagnostik.html.
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1.3 Fragestellung

Die COVID-19-Pandemie hat Gesundheitssysteme weltweit vor besondere Herausforde-
rungen gestellt. Insbesondere vor dem Hintergrund des hohen Patient:innenaufkommens
wahrend der verschiedenen Infektionswellen, mit der Gefahr einer Uberlastung von Ver-
sorgungskapazitaten, war und ist eine rasche Identifikation von prognostischen Parame-
tern von hoher Relevanz, um Ressourcen zielgerichtet einzusetzen und Patient:innen ei-
ner adaquate medizinische Versorgung zuzufuhren. Mittels Plasma-Proteomik Iasst sich
innerhalb kurzer Zeit ein umfassendes Abbild des (patho-) physiologischen Ist-Zustandes
von Patient:innen erfassen, auf dessen Basis neue Biomarker identifiziert und potenziell

prognostische Modelle generiert werden kdnnen.

Im Rahmen der vorliegenden Arbeit soll untersucht werden, inwiefern das Plasma-Pro-
teom zur Klassifikation von Krankheitsschwere und Prognose des Outcomes bei Pati-

ent:innen mit COVID-19 geeignet ist. Dazu werden folgende Teilaspekte analysiert:

1. Kénnen mittels Plasma-Proteomik Ruickschlisse auf die pathophysiologischen
Prozesse bei Patient:innen mit COVID-19 gezogen werden?

2. Ermdglicht das Plasma-Proteom eine Klassifikation der Krankheitsschwere bei
COVID-19 und ist es hierbei etablierten klinischen und Routine-Laborparametern
uberlegen?

3. Kann das Plasma-Proteom zur Prognose individueller Krankheitsverlaufe genutzt

werden?
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2 Methodik

21 Klinische Kohorten

2.1.1 Charité-Kohorte

Patient:innen wurden im Rahmen der Pa-COVID-19-Studie rekrutiert, einer prospektiven
Beobachtungsstudie zur Pathophysiologie von Patient:innen mit COVID-19 an der Cha-
rité — Universitatsmedizin Berlin [51]. Die Studie wurde durch die Ethikkommission der
Charité — Universitatsmedizin Berlin bewilligt (EA2/066/20) und entsprechend der Dekla-
ration von Helsinki sowie den Richtlinien fur Gute Klinische Praxis (ICH 1996) durchge-
fuhrt. Sie ist im Deutschen Register fur Klinische Studien registriert (DRKS00021688).
Grundsatzlich konnten alle Patient:innen mit PCR-bestatigter SARS-CoV-2-Infektion in
die Studie eingeschlossen werden. Ausschlusskriterien waren a) die Nichteinwilligung
durch den:die Patient:in oder dessen gesetzliche:n Vertreter:in oder b) das Vorliegen von
Grlinden, die gegen die Enthahme von zusatzlichem Studienblut sprachen. Im Rahmen
der vorliegenden Arbeit wurden ausschliel3lich stationar aufgenommene Patient:innen

untersucht.

Bei Einschluss wurden umfangreiche demografische, soziale und klinische Parameter
erhoben. Wahrend des stationaren Aufenthalts erfolgten i.d.R. dreimal wochentlich (Mon-
tag, Mittwoch, Freitag) die Erhebung klinischer Daten und Scores im Rahmen von Studi-
envisiten sowie eine Blutentnahme. Ethylendiamintetraessigsaure- (EDTA-) und Citrat-
Blut wurde far 15 Minuten mit 2000 G bei 18°C zentrifugiert, das Plasma aliquotiert und
bis zur weiteren Verwendung bei -80°C eingefroren. Die Erfassung der Krankheits-
schwere erfolgte tagesgenau entsprechend der WHO Ordinal Scale for Clinical Improve-
ment [52], von 3, stationare Behandlung ohne zusatzlichen Sauerstoffbedarf, bis 8, Tod
(Tabelle 1). Klinische Scores fur Vorerkrankungen (CCIl [Charlson Comorbidity In-
dex] [53]), Mortalitatsrisiko (SOFA [Sequential Organ Failure Assessment] [54],
APACHE Il [Acute Physiology And Chronic Health Evaluation ] [36]) und COVID-19
(ABCS [Age, Biomarkers, Clinical history, Sex] [37]) wurden entweder aus dem klinischen
Informationssystem (COPRA Version 6.0, COPRA System, Berlin, Deutschland) extra-

hiert oder manuell berechnet.
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Die medizinische Behandlung erfolgte unabhangig von der Studienteilnahme entspre-

chend den lokalen und nationalen Leitlinien.

2.1.2 Innsbruck-Kohorte

Die Validierung der an der Pa-COVID-19-Kohorte trainierten pradiktiven Modelle erfolgte
an einer zweiten, vollstandig unabhangigen Kohorte. Patient:innen mit schwerer COVID-
19 wurden im Rahmen einer Studie der Universitatsklinik fir Innere Medizin |l Innsbruck,
Osterreich, rekrutiert (EK-Nr. 1107/2020). Patient:innen mit PCR-bestéatigter SARS-CoV-
2-Infektion konnten eingeschlossen werden, wenn a) der erste positive PCR-Test maxi-
mal 7 Tage zurlcklag, b) respiratorisches Versagen vorlag (SaO2 <60mmHg oder
SpO2 <90 %) und c) typische Infiltrate in der Computertomographie nachgewiesen wur-
den. Eine schriftliche Einwilligung wurde bei Einschluss oder, bei intubierten Patient:in-
nen, retrospektiv nach Extubation eingeholt. Die medizinische Behandlung erfolgte ent-
sprechend den nationalen Leitlinien. Im Rahmen dieser Studie wurde ausschlief3lich die
erste entnommene Probe bei maximaler Krankheitsschwere entsprechend WHO-Skala

verwendet.

2.1.3 Generation Scotland-Kohorte

Als Vergleichskohorte der Normalbevdlkerung wurden 199 zufallig ausgewahlte Proben
der prospektiven epidemiologischen Generation Scotland-Studie (GS) verwendet [55].
Die GS-Kohorte umfasst ca. 24.000 Menschen aus ca. 7000 Familien in Schottland.

Tabelle 1: WHO Ordinal Scale for Clinical Improvement

WHO-Grad Definition

WHO-1 keine Einschrankungen im Alltag

WHO-2 Einschrankungen im Alltag, ambulante Behandlung

WHO-3 Stationare Behandlung ohne Sauerstofftherapie

WHO-4 ... mit low-flow Sauerstofftherapie

WHO-5 ... mit high-flow Sauerstofftherapie

WHO-6 ... mit invasiver maschineller Beatmung (IMV)

WHO-7 ... mit IMV und zusatzlich Katecholaminen, Hamodialyse oder ECMO
WHO-8 Tod

Die Klassifikation der Krankheitsschwere erfolgt entsprechend dem Bedarf von Sauerstofftherapie so-
wie ggf. zusatzlichen Organersatzverfahren. Modifiziert nach WHO [52].
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2.2 Klinische Labormessungen

Klinische Routinelaborparameter der Charité-Kohorte wurden auf validierten Point-of-
Care Blutgasanalyse-Geraten bzw. bei der Labor Berlin — Charité Vivantes GmbH (Sylter
Stralde 2, 13353 Berlin, Deutschland) durchgefiihrt. Messparameter umfassten u.a. Dif-
ferentialblutbild, klinische Chemie, Enzymaktivitaten und Blutgasanalysen [56]. Lagen
mehrere Messungen an einem Tag vor, so wurde diejenige ausgewahlt, die zeitlich am
nachsten an der Studienvisite lag (6:00 Uhr morgens auf Intensivstationen, 8:00 Uhr mor-
gens auf Normalstationen; Abweichungen waren aufgrund von Stationsablaufen oder am

Aufnahmetag maoglich).

In der vorliegenden Arbeit werden die Namen klinischer Laborparameter ausgeschrieben
und proteomische Parameter mit inrem jeweiligen UniProtkKB (www.uniprot.org) Gen-Na-
men (ausschlieBlich Majuskeln, ggf. in Kombination mit Ziffern) benannt. Eine Zuordnung
von im Rahmen dieser Arbeit erwahnten Gen-Namen zu den Proteinen findet sich in
Tabelle 2.

2.3 Discovery-Proteomik

Die Probenvorbereitung erfolgte semi-automatisiert. Nach dem Auftauen wurden
5ul EDTA- bzw. Citrat-Plasma (nur Kohorte 2, Abschnitt 3.3.1) auf vorbereitete 96-Well
Platten mit 55ul Denaturierungs-/Reduktionsmedium (8M Urea, 100mM Ammonium-Bi-
carbonat (ABC), 50mM Dithiothretiol) gegeben und fur 60 Minuten (min) bei 30°C inku-
biert. Im Anschluss wurden 5ul lodoacetamid als Alkylans hinzugegeben und die Mi-
schung weitere 30 min bei 23°C inkubiert, bevor die Losung mit 340ul Ammonium-Bicar-
bonat- (ABC) Puffer verdinnt wurde. Die enzymatische Verdauung erfolgte mittels
Trypsin (220ul Proben-Gemisch auf 12,5ul [1ug/pl] Trypsin, anschliel3end Inkubation fur
17 Std. bei 37°C) und wurde mit 25ul 10 %-iger Methansaure unterbrochen. Es folgte die
Aufreinigung und Resuspension der Proben in 60ul 0,1 %-iger Methansaure; unlosliche
Partikel wurden mittels Zentrifugation entfernt und die Probenuberstande auf eine neue
96-Well Plate Ubertragen. Jede 96-Well Plate umfasste u.a. 8 Plasma- und 4 Serumkon-

trollen zur Normalisierung zwischen Plates.

LC-MS/MS wurde auf dem Agilent 1290 Infinity 1l System (Agilent Technologies, Inc.,
Santa Clara, USA), gekoppelt an einen TripleTOF 6600 (SCIEX, Danaher Corporation,
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Washington, D.C., USA) durchgefuhrt. MS4 wurde auf m/z 100-1500 eingestellt, gefolgt

von 25-mal MS2 (mit variablen Vorlaufer-lonen von m/z 450-800).

24 Peptid-Panelassay

FUr die selektierten Zielpeptide wurden native (Reinheit 295 %) und Isotopen-markierte
(SIL, stable isotope labeled) Peptide synthetisiert und analog zu den klinischen Plasma-

Proben weiterverarbeitet [57], wie unter Abschnitt 2.3 beschrieben.

LC-MRM wurde auf zwei verschiedenen Systemen durchgefuhrt: Agilent 1290 Infinity I
System gekoppelt an einen Agilent 6495C Massenspektrometer (beide Agilent Techno-
logies, Inc., Santa Clara, USA) sowie (fur eine Auswahl von Proben) zusatzlich auf einem
ExionLD AD UHPLC System gekoppelt an einen TripleQuad 7500 Massenspektrometer
(beide SCIEX, Danaher Corporation, Washington, D.C., USA).



Methodik

Tabelle 2: Zuordnung von Gen- zu Protein-Namen entsprechend UniProtKB

Genname Proteinname

A2M Alpha-2-macroglobulin

ACTA1 Actin, alpha skeletal muscle

ACTB Actin Beta

ACTBL2 Beta-actin-like protein 2

ACTGH1 Actin, cytoplasmic 1

AFM Afamin

AGT Angiotensinogen, Serpin A8

AHSG Alpha-2-HS-glycoprotein, Alpha-2-Z-globulin, Fetuin-A
APOA1 Apolipoprotein A1

APOB Apolipoprotein B

APOC3 Apolipoprotein C3

B2M Beta-2-microglobulin

C1QA Complement C1q subcomponent subunit A

C1QB Complement C1q subcomponent subunit B

c1QC Complement C1q subcomponent subunit C

C1R Complement C1r subcomponent

C3 Complement component C3

C8A Complement component C8 alpha chain

C9 Complement component C9

CD14 Cluster of Differentiation 14

CFD Complement factor D

CRP C reactive protein

CST3 Cystatin-C

ECM1 Extracellular matrix protein 1

EFEMP1 EGF-containing fibulin-like extracellular matrix protein 1
F12 Coagulation factor Xl

F2 Prothrombin

FCGR3A Low affinity immunoglobulin gamma Fc region receptor IlI-A, CD16a
FGA Fibrinogen Alpha Chain

GPLD1 Phosphatidylinositol-glycan-specific phospholipase D
GSN Gelsolin

HP Haptoglobin

HPX Hemopexin

HRG Histidine-rich glycoprotein

IGFALS Insulin-like growth factor binding protein, acid labile subunit

IGHV Immunoglobulin heavy chain variable region
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Genname Proteinname
ITIH1 Inter-alpha-trypsin inhibitor heavy chain H1
ITIH2 Inter-alpha-trypsin inhibitor heavy chain H2
ITIH3 Inter-alpha-trypsin inhibitor heavy chain H3
KLKB1 Plasma kallikrein
LBP Lipopolysaccharide Binding Protein
LRG1 Leucin-rich Alpha-2-Glykoprotein
LYZ Lysozyme
ORM2 Alpha-1-acid glycoprotein 2
PGLYRP2 Peptidoglycan recognition protein 2
PIGR Polymeric immunoglobulin receptor
PLG Plasminogen
PRG4 Proteoglycan 4
SAA1 Serum amyloid A-1 protein
SAA2 Serum amyloid A-2 protein
SERPINA1 Alpha-1 antitrypsin
SERPINA3 Alpha-1-antichymotrypsin
SERPINA4 Kallistatin
SERPINC1 Antithrombin 111
SERPIND1 Heparin cofactor 2
SERPING1 Plasma protease C1 inhibitor
TF Transferrin
TFRC Transferrin receptor protein 1
TTR Transthyretin
VWF Von-Willebrand-Factor

Zuordnung der im Rahmen dieser Arbeit benannten Gen- zu den jeweiligen Proteinnamen, ent-
sprechend der englischsprachigen Originalbezeichnung. Eigene Darstellung. Quelle:

www.uniprot.org.
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2.5 Datenverarbeitung und statistische Analyse

2.5.1 Aufbereitung von MS-Daten

Massenspektrometrische Daten wurden mittels DIA-NN aufbereitet, einem Programmpa-
ket das, mittels tiefen neuronalen Netzen (deep neural networks, DNN), automatisiert DIA
Proteom-Datensatze prozessiert (Abgrenzung von Signal zu Hintergrundrauschen, Kor-
rektur Uberlappender Signale sowie Quantifizierung) [48]. Eine Korrektur zwischen Plat-
ten erfolgte anhand der Kontrollproben (vgl. Abschnitt 2.3); die Korrektur zwischen ver-
schiedenen Messchargen (Batches) erfolgte mittels linearer Regression. Korrekturen er-
folgten auf Basis von Vorlaufer-lon-Daten. Es wurden keine Vorlaufer-lonen oder Prote-

ine aufgrund fehlender Messdaten ausgeschlossen.

2.5.2 Statistische Analyse

Die statistische Analyse erfolgte mit JMP Pro Version 15 (SAS Institute Inc, Cary, NC,
USA), R Version 3.6.0 (R Core Team, www.R-project.org) und Python Version 3.8.1 bzw.
3.8.5 (Python Software Foundation, Wilmington, DE, USA). Klinische Labor- und proteo-
mische Daten wurden log. transformiert (mit Ausnahme von Basenuberschuss, Oxyha-
moglobin und sO32). Es wurden keine Daten imputiert (auBer fir Machine Learning-Mo-
delle, vgl. Abschnitte 2.5.2.8 und 2.5.2.9) oder aufgrund von Unvollstandigkeit ausge-

schlossen.

Die Signifikanztestung gegen einen Nullmedian (Verlaufe) oder bindres Outcome erfolgte
mittels Wilcoxon-W- bzw. Mann-Whitney-U-Test. Der Zusammenhang stetiger Variablen
(bspw. Protein-Protein Korrelationen) wurde mittels Kendall-Tau-Test untersucht. Bei
Einbeziehung von Co-Variablen wurde ein moderierter T-Test entsprechend dem ,limma*“
Paket fur R [58] angewandt. Mehrfachtestung wurde mittels der Benjamini-Hochberg-Fal-
scherkennungsrate (false discovery rate, FDR) -Methode korrigiert. P-Werte <0,05 bzw.

FDR <5 % flur Korrelations-Heatmaps wurden als signifikant gewertet.
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2.5.2.1 Marker fur Erkrankungsschwere

Es wurde der jeweils erste Messpunkt bei maximaler Erkrankungsschwere entsprechend
WHO-Skala (auRer Tod) ausgewahlt und auf Korrelation mit WHO-Schweregrad unter-
sucht (Wilcoxon-W-Test).

2.5.2.2 Altersabhangige Marker

Um altersabhangige Veranderungen im Proteom zu identifizieren und bei den weiteren
Analysen entsprechend zu korrigieren, wurde der jeweils erste Messzeitpunkt eines bzw.
einer Patient:in verwendet (Kendall-Tau-Test; Korrektur fur WHO-Schweregrad mittels

Llimma®“).

2.5.2.3 Marker von Hamodialyse und extrakorporaler Membranoxygenierung

Es erfolgte der Vergleich aller Messzeitpunkte bei WHO-Grad 7 von Patient:innen ohne
Hamodialyse bzw. extrakorporaler Membranoxygenierung (ECMO) mit Messzeitpunkten

nach Initilerung der jeweiligen Therapie mittels Mann-Whitney-U-Test.

2.5.2.4 Marker-Veranderungen im zeitlichen Verlauf

Es wurden Proben wahrend des Zeitraums der starksten Krankheitsschwere, d.h. WHO-
Grad 6 oder 7 fur invasiv beatmete Patient:innen, WHO-Grad 5, 4 oder 3 fur alle weiteren
Patient:innen, verwendet, um die Veranderungen des Plasma-Proteoms im zeitlichen
Verlauf zu untersuchen. So konnten die Einflisse moglicher ,Schweregradwechsel” so-
wie spezifischer Therapien minimiert werden. Es wurden ausschliel3lich Patient:innen
mit 22 Messzeitpunkten und einem Abstand zwischen dem ersten und letzten Messzeit-

punkt von 22 Tagen analysiert.

Mittels linearer Regression wurde fur jeden Messwert versus [Tagzahl seit Krankenhaus-
aufnahme] die Steigung (nicht-parametrische Theil-Sen-Methode) und die Mengenstei-
gung ([Regressionssteigung] x [Anzahl der Tage zwischen erster und letzter Messung])
berechnet. Mittels Wilcoxon-W-Test wurde die Abweichung der medianen Mengenstei-

gung vom Nullmedian getestet.
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2.5.2.5 Korrelations-Heatmaps

Allgemeine Korrelationen wurden auf Basis des ersten Messzeitpunkts bei der jeweils
maximalen Krankheitsschwere (WHO-Grad) eines:r individuellen Patient:in errechnet.
Analog erfolgte die Berechnung von Korrelationen im zeitlichen Verlauf auf Basis der
oben berechneten Mengensteigung. Als COVID-19-spezifische Proteinkorrelationen wur-
den all jene gewertet, die in der Generation Scotland Kohorte [55] (vgl. Abschnitt 2.1.3)

nicht signifikant waren (P = 0,05) oder einen entgegengesetzten Trend aufwiesen.

2.5.2.6 Marker fir Zunahme der Krankheitsschwere

Es wurde der jeweils erste Messzeitpunkt verwendet. Eine Zunahme der Krankheits-
schwere wurde definiert als Zunahme um mindestens einen WHO-Grad bzw. Tod bei
Patient:innen mit WHO-Grad 7. Proteome von Patient:innen mit und ohne Zunahme der
Krankheitsschwere wurden verglichen, unter Berlcksichtigung von Alter und aktuellem

WHO-Schweregrad mittels linearem Modell.

2.5.2.7 Pradiktion von invasiver mechanischer Beatmung

Die Pradiktion, ob ein:e Patient:in zum ersten Messzeitpunkt bei maximaler Krankheits-
schwere invasiv mechanisch beatmet wurde, erfolgte mittels Gradient Boosted Trees (in
Python 3.8.1). Proteine mit 23 quantifizierten Peptiden wurden bertcksichtigt, es wurden
keine fehlenden Werte imputiert. Eine Kreuzvalidierung wurde durchgefuhrt, indem beim
Trainieren jeweils eine Probe zurtickgehalten, das Modell auf Basis der verbliebenen Pro-
ben trainiert und dieser Schritt fur jede individuelle Probe wiederholt wurde (leave-1-out).
Das so an der Charité-Kohorte trainierte Modell wurde direkt auf die Innsbruck-Kohorte

angewendet.

2.5.2.8 Pradiktion von maximaler Krankheitsschwere

Die Pradiktion des WHO-Schweregrads zum ersten Messzeitpunkt bei maximaler Krank-
heitsschwere erfolgte mittels Elastic Nets in Python 3.8.1. Proteine mit 23 quantifizierten
Peptiden wurden berlcksichtigt. Fehlende Werte wurden mittels k-Nearest Neighbor
(KkNN) -Imputation ersetzt. Analog zur Pradiktion von invasiver mechanischer Beatmung
erfolgte die Kreuzvalidierung mittels leave-1-out-Methode und das so trainierte Modell

wurde direkt auf die Innsbruck-Kohorte angewendet.
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2.5.2.9 Pradiktion von Uberleben bei kritisch kranken Patient:innen

Es wurde der erste Messzeitpunkt bei maximaler Krankheitsschwere (WHO-Grad 7) aus-
gewahlt, um das Outcome zu pradizieren, d.h. Uberleben (Entlassung oder Verlegung an
ein peripheres Krankenhaus zur Beatmungsentwdhnung) oder Versterben. Das Machine
Learning (ML) -Modell wurde auf Basis von 57 Proteinen trainiert, fir die es FDA-zuge-
lassene MRM-Assays gibt und die mit mindestens 3 Peptiden quantifiziert wurden. Feh-

lende Werte wurden mittels Minimal Value Imputation imputiert.

Machine Learning wurde mittels Parenclitic Networks [59,60] durchgefihrt. Parenclitic
Networks sind ein Graphen-basierter Ansatz, bei dem Netzwerke, die die Abweichung
eines Individuums von der Gesamtpopulation reprasentieren, abgeleitet werden. Dazu
wird jedes Protein-Paar zueinander ins Verhaltnis gesetzt (mittels radialem Support Vec-
tor Machine (SVM) Classifier) und ein Kantengewicht berechnet, das die Wahrscheinlich-
keit fur ein definiertes Outcome (hier: versterben) widerspiegelt. Es werden funf Merk-
male (features) generiert: Maximum, Mittelwert und Standardabweichung der Kantenge-
wichte sowie Anzahl von Kantengewichten > 0,5 (d.h. pradiziertes Versterben) und An-
zahl der Nodi (d.h. Proteine) mit mindestens einer Kante mit einem Gewicht > 0,5. Basie-
rend auf topographischen Unterschieden individueller Netzwerke wird im Anschluss ein
LASSO- (Least Absolute Shrinkage And Selection Operator) Klassifikationsmodell zur

Pradiktion generiert.

Eine Kreuzvalidierung erfolgte, indem jeweils eine Probe (zusammen mit zwei weiteren,
zuféllig selektierten Proben, insgesamt 2 Uberlebende und 1 Verstorbene:r) beim Trai-
nieren des Modells zurlickgehalten und das generierte Modell auf die eine zuriickgehal-
tene Probe angewendet wurde (leave-3-out). Insgesamt wurde dieser Schritt 49-mal, d.h.
einmal fur jede Probe, wiederholt und am Ende ein Mittelwert der Pradiktion fur jede
Probe errechnet. Das so generierte Modell wurde direkt auf die ,Innsbruck-Kohorte* an-

gewendet.

Um die Robustheit des Parenclitic Network-Modells zu verifizieren, wurde ein SVM-Mo-
dell in Python 3.8.5 auf Basis der gleichen Daten und selektierten Proteine wie fur das

Parenclitic Modell generiert.
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2.5.3 Abbildungen

Abbildungen wurden in Microsoft PowerPoint Version 16.73 (Microsoft Corporation,
Redmond, WA, USA), GraphPad Prism Version 9.4 (GraphPad Software, Inc, San Diego,
CA, USA) und mit Hilfe von BioRender.com erstellt.
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3 Ergebnisse

Im Zeitraum 1. Marz bis 19. November 2020 wurden 280 stationar behandelte Patient:in-
nen mit PCR-bestatigter SARS-CoV-2-Infektion in die Pa-COVID-19 Studie eingeschlos-
sen, von denen insgesamt 881 Plasma-Proteome vermessen und im Rahmen der folgen-
den drei Publikationen analysiert wurden: In Demichev, Tober-Lau et al. 2021 [56] wurden
Korrelationen zwischen Proteom- und Routinelaborparametern untersucht sowie poten-
zielle neue Biomarker fur Krankheitsschwere und Prognose bei COVID-19 beschrieben.
Demichev, Tober-Lau et al. 2022 [61] befasst sich mit dem prognostischen Potenzial des
Plasma-Proteoms bei kritisch kranken Patient:innen mit COVID-19 und untersucht, inwie-
fern sich das Uberleben dieser speziellen Patient:innenpopulation vorhersagen lasst un-
ter Zuhilfenahme von Machine Learning-Modellen. Wang, Cryar et al. 2022 [57] be-
schreibt die methodischen Anpassungen und erweiterten Messungen in zusatzlichen Pa-
tient:innengruppen als Basis fur die Translation der Ergebnisse der beiden vorher be-

schriebenen Publikationen in die klinische Routineanwendung.

3.1 Discovery-Proteomik bei Patient:innen mit COVID-19

Der erste Teil der Ergebnisse der vorliegenden Arbeit geht auf die Identifikation potenzi-
eller Biomarker von Erkrankungsschwere und Prognose bei COVID-19 ein. Die Ergeb-

nisse wurden im peer-reviewed Fachjournal Cell Systems publiziert [56].

3.1.1 Studienpopulation

Vom 1. Marz bis 30. Juni 2020 wurden 139 stationar behandelte Patient:innen mit PCR-
bestatigter SARS-CoV-2-Infektion an der Charité — Universitatsmedizin Berlin in die Stu-
die eingeschlossen. Die Patient:innen wiesen variable Krankheitsverlaufe mit Schwere-
graden von 3 bis 8 auf der WHO-Skala auf (vgl. Tabelle 1): 23 (16,5 %) blieben durchge-
hend ohne Sauerstoffbedarf (WHO-Grad 3); 47 (33,8 %) bendtigten nicht-invasive Sauer-
stofftherapie (WHO-Grad 4 oder 5); 69 (49,6 %) bendtigten im Verlauf ihrer Hospitalisie-
rung eine invasive mechanische Beatmung (WHO-Grad 6 oder 7). Insgesamt erhielten
46 (33 %) Patient:innen Hamodialyse und 22 (16 %) bendtigten ECMO. Zwanzig (14 %)
Patient:innen verstarben; davon hatten drei Patient:innen eine Intubation bzw. Reanima-

tion abgelehnt (DNI/DNR) und ein Patient verstarb an einem COVID-19-unabhangigen
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Leiden (Ablehnung von Therapie bei Karzinom). In vier Fallen wurden im Verlauf der sta-
tionaren Behandlung bei infauster Prognose entsprechend dem mutmalilichen Patient:in-

nenwillen die lebenserhaltenden MalRhahmen beendet.

Von den 139 Patient:innen waren 95 (68 %) mannlich, der mediane Body-Mass-Index
(BMI) betrug 27,8 kg/m? (IQR: 24,7 — 31,9 kg/m?). Innerhalb der Kohorte gab es keine
Korrelation zwischen Geschlecht bzw. Gewicht mit der Krankheitsschwere (P=0,06 bzw.
P=0,11). Hoheres Alter als Risikofaktor flir schwere Krankheitsverlaufe spiegelte sich wi-
der: Patient:innen mit WHO-Grad 3 waren signifikant junger als jene mit WHO-Grad 7
(49 [IQR: 35-70] vs. 62 [IQR: 53-72] Jahre, P=0,02); Patient:innen mit einem Alter 265
Jahre hatten ein signifikant erhdhtes Risiko im Krankenhaus zu versterben (OR 4,1 [95%-
Cl: 1,5-11,5]). Im Median dauerte die stationare Behandlung 20 Tage (IQR: 9-48) und
korrelierte mit der Krankheitsschwere (7 Tage bei WHO-Grad 3 vs. 46 Tage bei WHO-
Grad 7). Die mediane Dauer zwischen Krankenhausaufnahme und Versterben trotz Ma-
ximaltherapie (d.h. ausgenommen Patient:innen mit DNI/DNR oder nicht-COVID-19-To-
desursache) betrug 28 Tage (IQR: 16-46). Basischarakteristika der Kohorte sind in Ta-
belle 3 dargestellt.

Von den 139 Patienten wurden insgesamt 687 longitudinale Plasma-Proteome gemes-
sen. Es konnten 321 verschiedene Proteingruppen in mindestens 75 % der Proben nach-
gewiesen werden, davon 200 Proteine in 98 % und 189 Proteine in 99 % der Proben. Zur
besseren Veranschaulichung wurden verschiedene Immunglobulinketten zusammen-
gruppiert, sodass insgesamt 177 Plasma-Proteingruppen fur die Auswertung zur Verfu-

gung standen.
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Tabelle 3: Basischarakteristika der Discovery-Proteomik-Kohorte
keine invasive Beatmung invasive Beatmung
alle max. WHO- max. WHO- max. WHO- max. WHO- max. WHO- verstorben**
Patient:innen Grad 3 Grad 4 Grad 5 Grad 6 Grad 7

Anzahl 139 100 % | 23 17%| 33 24%| 14 10%| 6 4%| 63 45 %[ 17 12 %

Geschlecht
weiblich 44 32%|( 13 57%| 8 24%| 3 21%| 1 17%| 19 30%| 3 18 %
mannlich 95 68 %[ 10 43%| 25 76 % | 11 79%| 5 83%| 44 70%| 14 82 %

f‘l\:lt:(;;;na']gm 61| 50-71| 49| 35-70| 63| 48-71| 62| 49-85| 64| 59-71| 62| s53-72| 69| 55-77
265 57 41%| 6 26%| 16 48%| 6 43%| 3 50%| 26 41 %[ 11 65 %

BMI, kg/m?

(Median, IGR) 27,8 | 24,7 -31,9(25,4 23,0 - 30,6 (27,2 [23,3 - 30,3 |27,1 23,3 - 34,9 |26,6 |24,6 - 28,1 29,4 [25,7 - 34,1(129,0 | 24,8 - 31,0
< 25 kg/m? 40 29%( 10 43%| 13 39%| 3 21%| 2 33%| 12 20%| 4 24 %
> 25 kg/m? 97 71 %[ 13 57 %| 20 61%| 11 79%| 4 66 % | 49 80%| 13 76 %

Vorerkrankungen
ccl
(Median, IQR) 3 1-4] 1 0-3| 4 1-5| 3 1-6| 25 2-5| 3 1-4 3 3-6
<3 65 47 %| 16 70%| 13 39%| 7 50%| 3 50%| 26 1% 2 12 %
>3 74 53%| 7 30%| 20 61%| 7 50%| 3 50%| 37 59 %| 15 88 %

Dauer stationarer

Aufenthalt*, Tage | 20 9-48| 7 4-10| 14 9-17| 20| 13-28| 38| 24-71| 46| 32-75| 28| 16-46

(Median, IQR)

Bauchlagerung** 51 38 % - - - - - - 2 33%| 49 78 %) 13 76 %
g‘;’zfrz’jng** 69 50%| - - 1 - -l 6| 100%| 63| 100%| 17| 100%
Hamodialyse 46 33%[ 0 0%| 1 3%| 0 0% 1 17%| 44 70%| 15 88 %
ECMO** 22 16%| - -l - - -1 - -l 22 3% 8 47 %

Outcome
E’izzt‘;t”\ﬁ;‘DNR) 20 14%[ 0 0% 1 3%| 2 14%| 0 0%| 17 27%| - -
DNI/DNR 3 2%| o0 0%| 1 3%| 2 14%| o 0%| o 0% - -
Eeh'l‘:;g‘,’fée 4 3%| o0 0%| 0 0%| o 0%| o 0%| 4 6%| 4 24 %

Die Daten stellen Anzahl (n) und Prozent (%) dar, sofern nicht anders angegeben. IQR: Interquartilspanne;

CCI: Charlson's Comorbidity Index; ECMO: extrakorporale Membranoxygenierung; DNI/DNR: nicht intu-

bieren/nicht reanimieren; sekundare DNI/DNR: Therapielimitation bei infauster Prognose entsprechend

dem mutmalRlichen Patient:innenwillen. Modifiziert nach Demichev, Tober-Lau, et al., 2021 [56].

* exklusive verstorbene Patient:innen

** exklusive Patient:innen mit DNI/DNR

*k%k

inkl. einem Patienten mit COVID-19 unabhangiger Todesursache
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3.1.2 Kovariation von Routine-Laborparametern und Proteommessungen

Im ersten Schritt untersuchten wir Korrelationen zwischen Routinelabor- und proteomi-
schen Messungen (vgl. Tabelle 2 zur Zuordnung von UniProtKB Gen-Namen). Wir beo-
bachteten robuste positive Korrelationen zwischen den etablierten klinischen Entzun-
dungsmarkern Interleukin-6, C-reaktivem Protein und Procalcitonin mit proteomisch ge-
messenen Akutphaseproteinen (APPs) wie SAA1, SAA2, CRP, SERPINA1, SERPINAS,
sowie (invers) GSN und AHSG. Auch fanden wir Korrelationen mit Proteinen der Blutge-
rinnung (u.a. FGA, F2, F12, KLKB1, PLG) und des Komplement-Systems (u.a. C1R, C8A,
C9, CFD) sowie diverse Korrelationen zwischen proteomischen APPs und klinischen La-
borparametern von Organschadigung (z.B. NT-proBNP, Kreatinin, Alanin-Aminotrans-

ferase) und Dyserythropoiese (u.a. Erythrozytenzahl und -verteilungsbreite).

Wir identifizierten dartuber hinaus einige spezifische Korrelationen zwischen klinischen
Laborwerten und proteomischen Markern. So korrelierten SERPINA1 (Alpha-1-Anti-
trypsin) und SERPINA3 (Alpha-1-Antichymotrypsin), zwei Neutrophilen-Serinproteasen-
inhibitoren, stark (Spearman R=0,72 bzw. R=0,79) mit der Neutrophilen-zu-Lymphozy-
ten-Ratio, einem prognostischen Marker von COVID-19 [62]. Auch gab es eine starke
Korrelation zwischen alkalischer Phosphatase bzw. Gamma-Glutamyltransferase, beides
klinischen Markern u.a. fur Erkrankungen der Gallenwege, und PIGR (polymerischer Im-
munglobulin-Rezeptor), der infolge viraler Infektion von Cholangiozyten vermehrt von die-

sen exprimiert wird [63].

Insgesamt analysierten wir die Zusammenhange zwischen 85 klinischen Routineparame-
tern und 177 proteomischen Plasma-Proteinen und stellten somit einen Gesamtdatensatz
zur Verfugung, der zum Zeitpunkt seiner Veroffentlichung in Art und Umfang einzigartig

war.

3.1.3 Korrelation mit Krankheitsschwere

Als nachstes untersuchten wir, welche Proteine und Laborparameter abhangig von der
Krankheitsschwere (WHO-Grad) exprimiert waren. Wir identifizierten 113 Proteine, die
entsprechend der Krankheitsschwere hoch- bzw. herunterreguliert waren, von denen un-
seres Wissens nach 30 im Rahmen dieser Arbeit erstmalig beschrieben wurden. Diese

umfassten u.a. Mediatoren der Entziindungsreaktion und Immunantwort sowie Proteine
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des Komplementsystems und Apolipoproteine. Ebenfalls identifizierten wir 55 klinische
Routineparameter, die mit dem Schweregrad korrelierten, darunter diverse Marker flr
Organschadigungen (bspw. Herz: NT-proBNP und Troponin T; Niere: Kreatinin und Harn-
stoff; Leber: Aspartat- und Alanin-Aminotransferasen, Gamma-Glutamyltransferase und
Bilirubin) sowie, invers korreliert, Hamoglobin, Erythrozytenzahl und Hamatokrit. Spezifi-
sche Veranderungen bei Patient:innen mit Organersatzverfahren waren u.a. erniedrigtes
HP (Haptoglobin) und HPX (Hamopexin) unter Hamodialyse und ECMO, mdglicherweise
aufgrund von Hamolyse im extrakorporalen Kreislauf, sowie erhdhtes SERPINC1 (Anti-
thrombin-IIl) als Zeichen der Substitution unter ECMO-Therapie (zusammengefasst in
Tabelle 8).

Da sich hoheres Alter schon fruh als einer der wichtigsten Risikofaktoren fur schwere
Krankheitsverlaufe bei COVID-19 darstellte [21], untersuchten wir den Datensatz mit Hin-
blick auf altersspezifische Veranderungen im Plasma. Tatsachlich beobachteten wir eine
deutliche Uberlappung zwischen Markern, die mit Krankheitsschwere, und solchen, die
mit dem Alter korrelierten. Nach Korrektur fur WHO-Schweregrad [56] verblieben 20 Pro-
teine, die bei Patient:innen mit COVID-19, nicht jedoch in der Allgemeinbevdlkerung
(vgl. Abschnitt 2.1.3) mit dem Alter korrelierten. Diese liel3en sich vornehmlich Inflamma-
tion, Lipidstoffwechsel und Blutgerinnung zuordnen und konnten auf die besondere Rolle

dieser Kompartimente in der altersspezifischen Pathogenese von COVID-19 hinweisen.

3.1.4 Korrelation im zeitlichen Verlauf

Auch im longitudinalen Verlauf beobachteten wir Korrelationen zwischen Routinelabor-
und proteomischen Markern von Entzindung, Akutphasereaktion sowie Blutgerinnung.
Unabhangig vom maximalen WHO-Grad beobachteten wir bei fast allen Parametern eine
allgemeine ,Verbesserung“ des Proteoms wahrend der maximalen Erkrankungsschwere
(vgl. Abschnitt 2.5.2.4): initial mit zunehmender Krankheitsschwere hochregulierte Prote-
ine nahmen mit der Zeit ab, initial herunterregulierte stiegen umgekehrt im zeitlichen Ver-
lauf an. Dies betraf u.a. Proteine der Entzindungs- und Akutphasereaktion, Blutgerin-

nung, aber auch Immunregulation, des Lipidstoffwechsels und der extrazellularen Matrix.
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Insgesamt stellten wir fest, dass sich der Phanotyp von einer initial ausgepragten syste-
mischen Entzindungsreaktion im zeitlichen Verlauf hin zu Immunomodulation, metaboli-
scher Rekonstitution und Gewebereparatur wandelte — insbesondere die friihe Phase

konnte daher entscheidend flr den weiteren Krankheitsverlauf bei COVID-19 sein.

3.1.5 Machine Learning-Modelle zu Klassifikation von Krankheitsschwere

Der umfangreiche Datensatz ermdglichte es, verschiedene pradiktive Machine ML-Mo-
delle zu generieren. Basierend auf Gradient Boosted Trees liel3 sich mit hoher Genauig-
keit ausschlieRlich auf Basis von klinischen Labor- bzw. proteomischen Messungen be-
stimmen, ob ein:e Patient:in zum Messzeitpunkt maschinell beatmet wurde (WHO-Grad 6
oder 7; nur klinisch: AUROC = 0,97, nur proteomisch: AUROC = 0,98; klinisch und pro-
teomisch kombiniert: AUROC = 0,99). Dieses Modell ermdglichte eine deutlich hdhere
Prazision als etablierte Risikofaktoren bzw. -scores wie Alter, BMI, Vorerkrankungen
(CCI) oder C-reaktives Protein. Die Anwendung des anhand der Charité-Kohorte trainier-
ten Modells auf eine komplett unabhangige Kohorte von 99 Patient:innen (Innsbruck-Ko-
horte) lieferte vergleichbare Ergebnisse (AUROC = 0,97). Auch der WHO-Grad zum
Messzeitpunkt liel3 sich mittels ML-Modell zuverlassig bestimmen, wobei die Kombination
aus klinischen Labor- und proteomischen Messungen die beste Korrelation aufwies, so-

wohl fir die Charité- als auch die Innsbruck-Kohorte.

3.1.6 Prognose von Krankheitsverlaufen

Aufgrund der Beobachtung von Veranderungen im zeitlichen Verlauf untersuchten wir,
inwieweit das Proteom geeignet ist, um eine Verschlechterung der Krankheitsschwere
(Zunahme des WHO-Grades) und, im Fall von kritisch kranken Patienten, Versterben
vorherzusagen. Unter Berucksichtigung von aktuellem WHO-Grad und Alter identifizier-
ten wir 11 Proteine und 9 klinische Laborparameter, die auf eine zukunftig klinische Ver-
schlechterung hinwiesen. Diese umfassten u.a. Marker fur Entzindung (CRP, ITIH2,
SERPINA3, AHSG und B2M), Blutgerinnung (HRG und PLG) und Komplementaktivie-
rung (C1R und CFD) sowie AGT und CST3 (Infokasten 1).
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hohere Konzentration bei zukiinftiger Zunahme der Krankheitsschwere

AGT: Angiotensinogen wird durch Renin sowie die Angiotensin-konvertierenden Enzyme ACE
oder alternativ ACE2 aktiviert. ACE aktiviert Angiotensin | (Ang1) zu Angiotensin Il (Ang2), mit
pro-inflammatorischem, vasokonstriktivem und pro-fibrotischem Effekt [64]. ACE2 hingegen
wandelt Ang1 und Ang2 zu Angiotensin 1-9 (Ang1-9) und 1-7 (Ang1-7) um (anti-inflammatorisch,
vasodilatativ, anti-fibrotisch, anti-oxidativ) [65]. SARS-CoV-2 dringt iber ACE2 in die Wirtszelle
ein und fuhrt zu dessen Internalisierung [64]. Folglich wird Ang1 Giberwiegend tUber ACE zu Ang2
aktiviert und der Abbau durch ACE2 verringert, sodass die pro-inflammatorischen Peptide akku-
mulieren [66,67]. Die Konzentration von Ang2 korreliert linear mit der Viruslast und Lungenscha-
digung bei COVID-19 [68].

B2M: Beta-2-Mikroglobulin bildet den extrazellularen Teil von MHC | (Haupthistokompatibilitats-
komplex ) und ist somit auf allen kernhaltigen Zellen exprimiert. B2M wird auch von aktivierten
Thrombozyten sezerniert und induziert in Makrophagen eine pro-inflammatorische M1-Polarisie-
rung [69]. Bei Patient:innen mit chronischer Niereninsuffizienz ist erhéhtes B2M ein Marker fiir
Versterben [70].

C1R: Die Serinprotease C1r bildet im Komplex mit C1q und C1s den Komplementfaktor C1, den
Aktivator des klassischen Wegs der Komplementkaskade [71].

CFD: Komplementfaktor D aktiviert den alternativen Weg der Komplementkaskade durch Spal-
tung von Faktor B (CFB), der somit den Komplex C3bBb bilden kann (,C3-Konvertase des alter-
nativen Weges*) [71].

CRP: C-reaktives Protein ist ein Akutphaseprotein, das bei Entziindungsreaktionen und Infektio-
nen stark hochreguliert ist [72].

CST3: Cystatin C ist ein Proteaseinhibitor und etablierter Nierenfunktionsparameter [73].

SERPINA3: Alpha-1-Antichymotrypsin ist ein Proteaseinhibitor, der vor Cathepsin G vermittelter
Gewebeschadigung durch neutrophile Granulozyten schiitzt [74]. Die Spaltprodukte sind we-
sentlich stabiler gegentber enzymatischem Abbau [75] und wirken stark chemotaktisch auf
neutrophile Granulozyten [76]; sie konnten eine Rolle bei der dysregulierten Neurophilenaktivie-
rung bei schwerer COVID-19 spielen [77].

niedrigere Konzentration bei zukiinftiger Zunahme der Krankheitsschwere

AHSG: Alpha-2-HS-Glykoprotein, auch Fetuin-A, ist ein negatives Akutphaseprotein, das die Mak-
rophagenaktivierung und Neutrophilendegranulation attenuiert [78].

HRG: Histidin-reiches Glykoprotein ist ein negatives Akutphaseprotein mit vielfaltigen Funktio-
nen, u.a. Regulation von Entzindungsreaktion, Immunantwort, Elimination von Erregern und
Zelldetritus sowie Blutgerinnung und Fibrinolyse [79,80].

ITIH2: Inter-Alpha-Trypsin-Inhibitor, schwere Kette 2, liegt kovalent an Bikunin (AMBP) gebun-
den vor und bildet mit Hyaluronan das sogenannte ,SHAP* (serum-derived hyaluronan-associ-
ated protein) mit Matrix-stabilisierenden und immunmodulatorischen Effekten [81,82].

PLG: Plasminogen bzw. Plasmin ist das Schliisselenzym der Fibrinolyse, besitzt jedoch auch
vielfaltige immunologische Funktionen, u.a. Dampfung der Neutrophilenaktivitat, Induktion von
Efferozytose durch Makrophagen sowie deren Polarisierung von M1- (pro-inflammatorisch) hin
zu M2-Phanotyp (Gewebe-reparierend) [83].

Infokasten 1: Prognostische Proteine fur zuklnftige Zunahme der Krankheitsschwere. Modifiziert
nach Demichev, Tober-Lau, et al. 2021 [56].
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Ebenfalls untersuchten wir, ob sich Korrelationen zwischen proteomischen bzw. klini-
schen Messungen und der verbleibenden Dauer der stationaren Behandlung identifizie-
ren lielBen. In der Tat fanden wir 26 Proteine und 14 klinische Parameter, die bei Pati-
ent:innen mit WHO-Grad 3, also ohne Sauerstoffbedarf, mit der verbleibenden Zeit im
Krankenhaus korrelierten. Da es sich bei diesen grofdtenteils auch um Schweregrad-Mar-
ker handelte, stellten wir die Hypothese auf, dass die Korrelation mit der Zeit bis zur Ent-
lassung Unterschiede in der Krankheitsschwere innerhalb der Patient:innen mit WHO-
Grad 3 widerspiegelt. Analog zur den Modellen zur Pradiktion des aktuellen WHO-Grads
trainierten wir daher ein ML-Modell am ersten Messzeitpunkt; der pradizierte WHO-Grad
korrelierte tatsachlich mit der pradizierten verbleibenden Zeit im Krankenhaus — ein mog-
licher Hinweis daflir, dass mittels proteomischer Messungen und ML eine graduiertere
Einteilung der Krankheitsschwere vorgenommen werden kann als ausschliellich auf Ba-

sis klinischer Parameter.
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3.2 Outcome-Pradiktion bei kritisch kranken Patient:innen

Der zweite Teil der vorliegenden Arbeit befasst sich mit der Pradiktion des Outcomes im
Sinne von Uberleben vs. Versterben von kritisch kranken Patient:innen mit COVID-19,
d.h. WHO-Grad 7 (invasive Beatmung mit zusatzlichem Organersatzverfahren: Kate-
cholamintherapie, Hamodialyse, ECMO). Die Ergebnisse dieser Arbeit wurden in der

Erstausgabe des peer-reviewed Fachjournals ,PLOS Digital Health“ publiziert [61].

3.2.1 Studienpopulation

Fir die folgenden Analysen wurden die Subgruppe der 50 kritisch kranken Patient:innen
der oben beschriebenen Kohorte ausgewahlt. Von diesen Patient:innen lagen insgesamt
349 longitudinale Plasma-Proteome vor. Wahrend des Beobachtungszeitraums gab es
keine klinischen Versorgungsengpasse, sodass alle Patient:innen entsprechend medizi-
nischer Indikation Maximaltherapie erhielten. Patient:innen mit DNI/DNR wurden von der

Analyse ausgeschlossen.

Insgesamt erhielten 36 (72 %) Hamodialyse und 19 (38 %) ECMO-Therapie; 16 (32 %)
erhielten sowohl Hamodialyse als auch ECMO. Funfzehn (30 %) Patient:innen verstar-
ben. Die mediane Zeitspanne zwischen erstem Messzeitpunkt und Outcome betrug
39 Tage (IQR: 16-64): fir Uberlebende 63 Tage (IQR: 44-89), firr Verstorbene 28 Tage
(IQR: 15-43). Basischarakteristika der Kohorte sind in Tabelle 4 aufgefuhrt.

3.2.2 Longitudinale Veranderungen des Plasma-Proteoms

Wir identifizierten 78 Proteine, deren Konzentrationen sich im zeitlichen Verlauf wahrend
der Hospitalisierung veranderten. Bei 14 dieser Proteine unterschied sich die longitudi-
nale Veranderung zwischen Patient:innen, die Uberlebten, und solchen, die verstarben.
Letztere wiesen eine Zunahme pro-inflammatorischer Proteine auf (u.a. SAA1, SAA2,
CRP, SERPINA1, LBP), wahrend diese bei den Uberlebenden abnahmen. Umgekehrt
nahm die Konzentration anti-inflammatorischer Proteine (SERPINA4 und A2M) bei den
spater verstorbenen Patient:innen im zeitlichen Verlauf ab, ein Hinweis auf andauernde
Entzindungssignatur. Analog dazu nahm auch die Konzentration von zwei Schllsselpro-
teinen der Blutgerinnung, KLKB1 (Kallikrein) und F2 (Thrombin) bei verstorbenen Pati-

ent:innen weiter ab, bei Uberlebenden zu.
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Tabelle 4: Basischarakteristika der Kohorte kritisch kranker Patient:innen
alle Patient:innen tiberlebt verstorben
Anzahl 50 100 % 35 70 % 15 30 %
Geschlecht
weiblich 15 30 % 12 34 % 3 20 %
mannlich 35 70 % 23 66 % 12 80 %
Alter, Jahre (Median, IQR) 62 54 -73 61 54 - 69 69 56 - 76
265 22 44 % 12 34 % 10 67 %
BMI, kg/m? (Median, IQR) 294 274-34,7| 310| 27,4-35,1 29,0 25,7-31,2
< 25 kg/m? 9 18 % 6 18 % 3 20 %
= 25 kg/m? 40 82 % 28 82 % 12 80 %
Vorerkrankungen
CCI (Median, IQR) 3 1-4 3 1-4 3 3-5
<3 18 36 % 16 46 % 2 13 %
23 32 64 % 19 54 % 13 87 %
Dauer stationédrer Aufenthalt, Tage (Median, 50 33-79 63 44 - 89 28 16 - 43
IQR)
Bauchlagerung 42 84 % 30 86 % 12 80 %
invasive Beatmung 50 100 % 35 100 % 15 100 %
Hamodialyse 36 72 % 23 66 % 13 87 %
ECMO 19 38 % 12 34 % 7 47 %
Outcome
verstorben (incl. sekundare DNI/DNR) 15 30 % - - 15 100 %
sekundare DNI/DNR 3 6 % - - 3 6 %

Die Daten stellen Anzahl (n) und Prozent (%) dar, sofern nicht anders angegeben. IQR: Interquar-

tilspanne; CCI: Charlson's Comorbidity Index; ECMO: extrakorporale Membranoxygenierung;

DNI/DNR: nicht intubieren/nicht reanimieren; sekundare DNI/DNR: Therapielimitation bei infauster

Prognose entsprechend dem mutmalRlichen Patient:innenwillen. Modifiziert nach Demichev, Tober-

Lau, et al., 2022 [61].

3.2.3 Pradiktion von Uberleben vs. Versterben mittels Machine Learning

In der klinischen Praxis sind Einzelmessungen einfacher durchfuhrbar als longitudinale

Datenerhebungen und kdnnen frihzeitig, bspw. noch in der Rettungsstelle, bei der me-

dizinischen Entscheidungsfindung unterstitzen. Daher versuchten wir auf Basis eines

einzelnen Messpunktes mittels Parenclitic Networks (vgl. Abschnitt 2.5.2.9) vorherzusa-

gen, ob ein:e schwerstkranke:r Patient:in Uberleben oder versterben wird. Ein Patient mit

prolongiertem Krankenhausverlauf und unklarem Outcome wurde fur die Generierung
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des Modells ausgeschlossen. Als mdgliche Merkmale (features) fur das Modell wahlten
wir aus unserem Datensatz die 57 Proteine aus, fur die zu dem Zeitpunkt bereits FDA-
zugelassene und validierte MRM-Assays offentlich verfugbar waren (vgl. MRMAssayDB
[84]). Unter Anwendung einer Leave-3-Out Kreuzvalidierung berechneten wir die Wahr-
scheinlichkeit fir Uberleben bzw. Versterben und klassifizierten 28 von 34 (82 %) Uber-
lebende und 10 von 15 (67 %) Verstorbene richtig (AUROC = 0,81 [95%-ClI: 0,68-0,94],
P = 0,00038). Von den 25 wichtigsten Proteinen des Modells lassen sich 15 der Blutge-
rinnung zuordnen und acht gehdren zum Komplementsystem. Um die Robustheit unserer
Pradiktion zu Uberprufen, wiederholten wir die Analyse mit einer SVM. Auch mittels SVM
lie® sich das Outcome pradizieren, wenngleich etwas schlechter (AUROC = 0,66 [95%-
Cl: 0,49-0,84)).

Um das Modell zu validieren, wendeten wir das an der Charité-Kohorte trainierte Paren-
clitic Networks-Modell auf eine komplett unabhéngige Kohorte aus Innsbruck, Osterreich,
an. Von 24 Patient:innen mit kritischer COVID-19 tberlebten 19 (79,2 %) und 5 (20,8 %)
verstarben. Die Zeit zwischen Messzeitpunkt und Outcome (Entlassung oder Versterben)
betrug im Median 22 Tage (IQR: 15-42). Das an der Charité-Kohorte trainierte Modell
konnte auch in dieser unabhangigen Kohorte das Outcome sehr prazise Pradizieren (AU-
ROC =1,0; P =0,000047) und klassifizierte 18 der 19 Uberlebenden und alle 5 verstor-
benen Patient:innen korrekt (Abbildung 3). Die Pradiktion mittels SVM gelang ebenfalls,
wenngleich wieder etwas weniger genau (AUROC = 0,88 [95%-ClI: 0,67-1,0]).
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Abbildung 3: Prognose des Outcomes bei kritisch kranken Patient:innen. A: Prognostische Aus-

sagekraft von Alter, Vorerkrankungen (CCl) und etablierten klinischen Risiko-Scores (SOFA und
APACHE II). CCI und APACHE Il wurden zum Zeitpunkt der Aufnahme, SOFA zum ersten Zeit-

punkt bei Krankheitsschwere WHO-Grad 7 erhoben. B: Prognose von Uberleben bzw. Versterben
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mittels Parenclitic Networks-Modell, basierend auf dem Plasma-Proteom des ersten Messzeit-
punktes bei WHO-Grad 7. Oben: Prognostizierte Wahrscheinlichkeit fir Uberleben bzw. Verster-
ben. Ein Score von 0,0 entspricht sicherem Uberleben, ein Score von 1,0 sicherem Versterben.
Mitte: Receiver Operating Characteristic (ROC) -Kurve des Parenclitic Network-Modells. Unten:
Kaplan-Meier-Uberlebenskurven fiir Patient:innen mit prognostiziertem Uberleben (blau) bzw.
Versterben (orange); der Schwellenwert wurde entsprechend der Maximierung des Youden-In-
dex auf 0,678 gesetzt. Die Gruppen wurden mittels Log-Rank-Test verglichen. C: Anwendung
des an der Charité-Kohorte trainierte Modells auf eine vollstadndig unabhéangige Kohorte kritisch
kranker Patient:innen in einem anderen Land; Darstellung entsprechend B. D: Beispielhafte Ab-
bildung zweier Parenclitic Networks, wobei ausschliel3lich Kanten mit einem Gewicht >0,5 abge-
bildet sind. Links dargestellt ist ein geringeres Sterberisiko bei einem Uberlebenden, rechts das
hohe Sterberisiko bei einem verstorbenen Patienten. Abbildung modifiziert nach Demichev, To-
ber-Lau, et al. 2022 [61].
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3.3 Translation in die klinische Routine: der Peptid-Panelassay

Die in den Abschnitten 3.1 und 3.2 gewonnenen Erkenntnisse zur Bedeutung des
Plasma-Proteoms fur die Klassifikation und Prognose von Patient:innen mit COVID-19
stellten die Grundlage fur die Entwicklung eines Peptid-basierten Panelassays dar, der
fur die Translation in klinische Routinelabore geeignet ist und aktuell bei der Labor Ber-
lin — Charité Vivantes GmbH validiert wird. Die Entwicklung dieses Assays wurde im peer-

reviewed Fachjournal EClinicalMedicine publiziert [57].

3.3.1 Klinische Kohorten

Die Selektion der Peptide basierte auf der in Abschnitt 3.1 der Ergebnisse beschriebenen
Kohorte von 139 Patient:innen der Pa-COVID-19 Studie (Tabelle 4). Die Validierung des
Assays erfolgte an zwei weiteren im Rahmen der Pa-COVID-19 Studie rekrutierten Ko-
horten: MRM-Validierungskohorte 1 mit 15 gesunden Kontrollen und 30 sehr fruhen CO-
VID-19-Patient:innen (Marz 2020, Citrat-Plasma, Tabelle 5) sowie MRM-Validierungsko-
horte 2 mit 164 spateren Patient:innen (bis November 2020, EDTA-Plasma, Tabelle 6).

Tabelle 5: Basischarakteristika MRM-Validierungskohorte 1 (Marz 2020)

Patient:innen gesunde Kontrollen

Anzahl 30 67 % 15 33 %
Geschlecht

weiblich 10 33 % 11 73 %

mannlich 30 67 % 4 27 %
Alter, Jahre (Median, IQR) 62 50-73 30 27-34
BMI, kg/m? (Median, IQR) 25,7 23,7-28,5 n/a n/a
Erkrankungsschwere

mild: WHO-Grad 3 10 33 %

moderat: WHO-Grad 4 oder 5 7 23 %

schwer: WHO-Grad 6 oder 7 13 43 %
Dauer stationédrer Aufenthalt,
Tage (Median, IQR) 17 9-38

Dexamethasontherapie 0 0%

invasive Beatmung 13 43 %

Hamodialyse 8 73 %

ECMO 6 20 %

Wenn nicht anders angegeben, stellen die Daten als Anzahl (n) und Prozent (%) dar. IQR: Inter-
quartilsspanne; BMI: Body Mass Index; ECMO: extrakorporale Membranoxygenierung. Eigene Dar-

stellung.
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Tabelle 6: Basischarakteristika MRM-Validierungskohorte 2 (bis November 2020)

keine invasive Beatmung invasive
Beatmung
alle max. WHO- max. WHO- max. WHO- max. WHO- verstorben™
Patient:innen Grad 3 Grad 4 Grad 5 Grad 6 oder 7

Anzahl 164 100%| 23 14%| 42 26%| 38 23%| 61 37%| 29 18 %

Geschlecht
weiblich 39 24%| 7 30%| 10 24%| 10 26%| 12 20%| 5 17 %
mannlich 125 76% | 16 70%| 32 76%| 28 74%| 49 80 % 24 83 %

Alter, Jahre (Median, IQR) | 60 5169 | 52| 4161| 57| s5166| 63| 5776 62| sa70| 64| 56-71
65 57 35%| 3 13%| 12 29%| 18 47%| 24 39%[ 13 45 %

Elv:'égkg/ m? (Median, 1QR). | 5o 4 | 247305 256 | 23,4-30.7 | 28,8 | 24.9-33,0 | 29,6 | 24.8-33.2 | 29,4 | 25,8326 || 29.4 | 25,6-30,9
< 25 kg/m? 38 27% | 9 45%| 9 25 % 31%| 12 21%| 6 22 %
2 25 kg/m? 101 73% | 11 55% | 27 75%| 18 69%| 45 79% 21 78 %

Vorerkrankungen
CCI (Median, IQR) 2 14| 2 04| 2 13| 3 24| 3 1-3 2-5
<3 83 53% | 13 59%| 28 70%| 16 43%| 26 45 % 30 %
>3 74 4a7%| 9 a1%| 12 30%| 21 57%| 32 64 % 19 70 %

Dauer stationdrer Aufent-

S 12 829 7 510 9 6-12| 15 1120| 48| 3079 34| 2353
Dexamethasontherapie 117 71 % 3 13 % 36 86 % 32 84 % 46 75 % 23 79 %
invasive Beatmung™** 61 37 % - - - - - - 61 100 % 29 100 %
Hamodialyse 33 20%| 0 0%| o 0%| 1 3%| 32 52% 22 76 %
ECMO** 24 5% - A1 - - - | o2a 39%[ 19 66 %

Outcome
verstorben (incl. DNI/DNR) 34 21 % 0% 0% 11 % 30 49 % 29 100 %
DNI/DNR 3% 0% 0% 1% 1 2% - -
sekundare DNI/DNR 4% 0% 0%| o 0%| 7 1M1%| 2 24 %

klinische Risikoscores
APACHE Il (Median, IQR) | 21 1428 - - 12 10-15| 26 1831 28| 2133
SOFA (Median, IQR) 6 211 - A1 - - 03| o 6-12] 12 8-13
Qiﬁ;fﬁgﬁa)hme; 0,09| 00202[002| 00,09 002]|0,02009009]| 00202| 02]009043( 03| 00906
fﬂigiirffv:gs:)ze'tp””kt; 0,09| 0,02:025[0,02| 0-0,02| 002002009 0,09]0,020,14| 02]0,09-058] 03| 0206

Die Daten stellen Anzahl (n) und Prozent (%) dar, sofern nicht anders angegeben. APACHE |l wurde

bei Aufnahme erhoben, SOFA zum Messzeitpunkt , ABCS zu beiden Zeitpunkten. IQR: Interquar-

tilspanne; CCI: Charlson's Comorbidity Index; ECMO: extrakorporale Membranoxygenierung;

DNI/DNR: nicht intubieren/nicht reanimieren; sekundare DNI/DNR: Therapielimitation bei infauster

Prognose entsprechend dem mutmaglichen Patient:innenwillen; SOFA: Sequential Organ Failure As-
sessment; APACHE II: Acute Physiology And Chronic Health Evaluation; ABCS: Age, Biomarkers,

Clinical history, Sex score. Eigene Darstellung.

* exklusive verstorbene Patient:innen
** exklusive Patient:innen mit DNI/DNR
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3.3.2 Peptidselektion und Panel-Aufbau

Insgesamt wurden 50 Peptide selektiert, die 30 Proteinen entsprechen. Die Selektion er-
folgte aus dem Pool der mittels Discovery-Proteomik (vgl. Abschnitt 3.1) identifizierten
Peptide bzw. Proteine, unter Berlcksichtigung verschiedener Faktoren. Peptide galten

als prinzipiell geeignet, wenn sie

1. prognostisch fur die verbleibende Zeit im Krankenhaus,
2. signifikant unterschiedlich exprimiert zwischen verschiedenen WHO-Schwergra-
den oder

3. prognostisch fur eine zukunftige Verschlechterung des WHO-Schweregrades

waren. Bei einem Teil der ausgewahlten Peptide bzw. deren korrespondierenden Protei-
nen handelte es sich um bereits in der klinischen Routine etablierte Marker (z.B. CRP —
C-reaktives Protein, SERPINC1 — Antithrombin-IIl) bzw. bei MRMAssayDB [84] hinter-
legte Peptide. Zusatzlich zur medizinisch-statistischen Auswahl der Marker-Peptide wur-
den deren physikochemischen Eigenschaften bertcksichtigt, um die Eignung zur chemi-
schen Synthese (evaluiert mit dem Peptide Synthesis and Proteotypic Peptide Analyzing
Tool, Thermo Fisher Scientific Inc., Waltham, MA, USA [85]) und eine breite chromato-
graphische Verteilung der Peptide sicherzustellen. Von den 30 final selektierten Protei-
nen waren 18 (60 %) prognostisch fur die verbleibende Zeit bis zur Entlassung aus dem
Krankenhaus, 22 (73 %) korrelierten mit der Krankheitsschwere und 6 (20 %) waren
prognostisch flr eine zukunftige Zunahme der Krankheitsschwere, d.h. Anstieg des
WHO-Grades (Tabelle 7). Von den 50 selektierten Peptiden sind 45 (90 %) proteotypisch
fur ein Protein; 5 Peptide kdnnen mehreren ahnlichen Protein-lsoformen zugeordnet

werden.

Fir jedes selektierte Peptid wurde zur Optimierung der Datenerhebung sowie der Erstel-
lung einer Standardkurve ein nativer Peptidstandard (Reinheit 295 %) synthetisiert.
Benchmarks ergaben eine geringe Varianz innerhalb und zwischen Batches (2,6 % in-
nerhalb, 10,9 % zwischen). Des Weiteren wurden als interner Standard zur absoluten
Quantifizierung Isotopen-markierte Peptide (SIL, stable isotope labeled) synthetisiert.
Das untere Detektionslimit (LLOQ, lower limit of quantification) betrug im Median

143,6 ng/ml, eine lineare Quantifizierung gelang meist Uber 3-4 Gréllenordnungen.
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Tabelle 7: Peptide im MRM-Panelassay 3 § § >
3] =] w

Peptid-Sequenz Gen-Name ® No

EITALAPSTMK ACTA1

HFQNLGK, TINPAVDHCCK AFM

TVVQPSVGAAAGPVVPPCPGR, CNLLAEK AHSG

AHVDALR, ATEHLSTLSEK APOA1

IAELSATAQEIIK, EQHLFLPFSYK APOB

FNAVLTNPQGDYDTSTGK, TNQVNSGGVLLR c1QC

VEGTAFVIFGIQDGEQR, VHQYFNVELIQPGAVK | C3

VLDLSCNR CD14

ESDTSYVSLK, GYSIFSYATK CRP

ALDFAVGEYNK, LVGGPMDASVEEEGVRR CST3

ADQVCINLR EFEMP1

DSGSYFCR FCGR3A

GGEGTGYFVDFSVR, IADAHLDR HRG

DFALQNPSAVPR, LAELPADALGPLQR IGFALS

ASDTAMYYCAR IGHV5-10-1; IGHV5-51

GHMLENHVER ITIH1

DSVTGTLPK, IAYGTQGSSGYSLR KLKB1

STDYGIFQINSR, YWCNDGK LYZ

SDVMYTDWK ORM2

GCPDVQASLPDAK, TFTLLDPK PGLYRP2

EAQLPVIENK, CQSWSSMTPHR PLG

GLPNVVTSAISLPNIR PRG4

WEMPFDPQDTHQSR, EQLSLLDR SERPINA3

ANRPFLVFIR SERPINC1

TSCLLFMGR SERPIND1

LLDSLPSDTR, LVLLNAIYLSAK SERPING1

GDVAFVK, WCALSHHER TF

ILNIFGVIK, VSASPLLYTLIEK TFRC

GSPAINVAVHVFR, AADDTWEPFASGK TTR

ILTSDVFQDCNK, YAGSQVASTSEVLK VWF

Tabelle modifiziert nach Wang, Cryar, et al., 2022 [57]. Die Auswahl der Peptide erfolgte auf Grund-

lage ihres Potenzials zur Klassifikation der aktuellen oder Prognose zukiinftiger Zunahme der

Krankheitsschwere bzw. verbleibender Zeit im Krankenhaus bei Patient:innen mit WHO-Grad 3.

Rot bzw. blau zeigt die Hoch- bzw. Herunterregulation eines Proteins bei COVID-19 an.

* signifikante Assoziation auf Peptidebene
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Die absolute Quantifizierung von Peptiden in Plasma-Pools von COVID-19-Patient:innen
mit verschiedener Krankheitsschwere zeigte, dass das gesamte Spektrum madglicher
Peptidkonzentrationen im linearen Bereich der Standardkurve abgedeckt war, der Pa-
nelassay somit grundsatzlich zur absoluten Quantifizierung von Patient:innenproben ge-

eignet ist.

3.3.3 Korrelation mit Krankheitsschwere

Zunachst analysierten wir MRM-Validierungskohorte 1 (30 Patient:innen mit variabler
Krankheitsschwere, 15 gesunde Kontrollen, Tabelle 5) mit dem Panelassay. Wir quanti-
fizierten 40 (80 %) der 50 Peptide zuverlassig in allen Proben; 32 Peptide wiesen in Ab-
hangigkeit vom WHO-Grad verschiedene Konzentrationen auf. Der Grof3teil dieser Pro-
teine ermdglichte eine zuverlassige Differenzierung zwischen gesunden Kontrollen und
mild Erkrankten, wobei die Konzentration bei Zunahme der Krankheitsschwere den Trend
fortsetzte und entsprechend weiter anstieg (z.B. CRP) bzw. abfiel (z.B. AHSG). Die Mes-
sung von MRM-Validierungskohorte 2 (164 Patient:innen, Tabelle 6) bestatigte diese Er-
gebnisse und erlaubte die Klassifikation von Patient:innen mit verschiedener Krankheits-

schwere.

3.3.4 Machine Learning-Pradiktionsmodelle

Um dem Ziel eines prognostischen Panels naherzukommen, versuchten wir mittels SVM-
Modell bei einem gegebenen Sample die aktuelle Krankheitsschwere (mild: WHO-
Grad 3; moderat: WHO-Grad 4 und 5; schwer: WHO-Grad 6 und 7) zu pradizieren. Von
den 164 Patient:innen der MRM-Validierungskohorte 2 wurden 109 (66,5 %) korrekt klas-
sifiziert; 3 (1,8 %) Patient:innen mit milder Erkrankung wurden falschlicherweise als kri-
tisch erkrankt klassifiziert und 2 (1,2 %) mit kritischer Erkrankung als mild. Bei den ver-
bleibenden 50 (30,5 %) Patient:innen wich die pradizierte um eine Stufe von der tatsach-

lichen Krankheitsschwere ab (Abbildung 4).
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Abbildung 4: Pradiktion von Krankheitsschwere und Uberleben bzw. Versterben mittels Peptid-

Panelassay. A: Von den 164 Patient:innen der Kohorte 3 wurden 109 (66,5 %) korrekt klassifi-
ziert; 3 (1,8 %) Patient:innen mit milder Erkrankung (WHO-Grad 3) wurden falschlicherweise als
kritisch erkrankt (WHO-Grad 6/7) klassifiziert und 2 (1,2 %) mit kritischer Erkrankung als mild. Bei

den verbleibenden 50 (30,5 %) Patient:innen wich die pradizierte Krankheitsschwere um eine

Stufe von der tatsachlichen ab. Blaue Punkte: Uberlebende Patient:innen; orange Punkte: ver-

storbene Patient:innen. B: ROC-Kurve fiir die Pradiktion von Uberleben vs. Versterben mittels

SVM-Classifier. Der Peptid-Panelassay bot eine bessere prognostische Aussagekraft als etab-

lierte klinische Risiko-Scores. C: Boxplot der Entscheidungsfunktion des SVM-Modells fur Gber-

lebende bzw. verstorbene Patient:innen. Werte <0 prognostizieren Uberleben, Werte >0 prog-

nostizieren Versterben. D: Kaplan-Meier-Uberlebenskurve fiir pradiziertes Uberleben (blau) bzw.

Versterben (orange). Abbildung modifiziert nach Wang, Cryar, et al. 2022 [57].
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AbschlieRend versuchten wir, wieder unter Anwendung einer SVM, ein Modell zur Prog-
nose des Outcomes, d.h. Uberleben oder Versterben, von der friilhesten Probe nach
Krankenhausaufnahme zu generieren. Dieser Zeitpunkt bietet in der klinischen Routine
den potenziell groRten Nutzen, bspw. bei Vorstellung in der Rettungsstelle. Unter Anwen-
dung einer Leave-3-Out Kreuzvalidierung pradizierten wir 26 von 34 (76,5 %) verstorbene
und 108 von 130 (83,1 %) uberlebende Patient:innen korrekt (AUROC = 0,86 [95%-
Cl: 0,78 — 0,92]). Auch zwei weitere Methoden (logistische Regression, extra-trees) zeig-
ten vergleichbare Ergebnisse (AUROC = 0,85 [95%-CI: 0,78-0,92] bzw. AUROC = 0,84
[95%-CI: 0,76 — 0,91]). Etablierte klinische Scores boten allesamt eine geringere diag-
nostische Aussagekraft als der Peptid-Panelassay (APACHE Il: AUROC = 0,76 [95%-
Cl: 0,64 - 0,89]; ABCS: AUROC =0,77 [95%-Cl: 0,66 — 0,87]; SOFA: AU-
ROC = 0,79 [95%-CI: 0,68 - 0,90]; Abbildung 4).

Zusammenfassend konnten wir zeigen, dass die Klassifikation der Krankheitsschwere
von COVID-19 sowie die frithzeitige Prognose von Uberleben bzw. Versterben keines-
wegs der Erfassung des gesamten Plasma-Proteoms bedarf, sondern auch mit einer Se-
lektion zuverlassig quantifizierbarer Peptide auf bereits in klinischen Routinelaboren ge-

nutzten Geraten gelingen kann.
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Tabelle 8: Zusammenfassung der Ergebnisse (Auswahl)
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Gen-Name Protein-Name SRR EELHSE S &

CST3 Cystatin-C B ||

B2M Beta-2-microglobulin |

CFD Complement factor D H B

SERPINA3 Alpha-1-antichymotrypsin

CRP C reactive protein

CD14 CD14 B

SAA1 Serum amyloid A-1 protein

LRG1 Leucin-rich Alpha-2-Glykoprotein

ITIH3 Inter-alpha-trypsin inhibitor heavy chain H3

LYZ Lysozyme C Bl

AGT Angiotensinogen, Serpin A8 H B

C1R Complement C1r subcomponent ||

VWF Von-Willebrand-Factor

PIGR Polymeric immunoglobulin receptor

Cc1QC Complement C1q subcomponent subunit C

C1QB Complement C1q subcomponent subunit B

ACTA1 Actin alpha 1

C1QA Complement C1q subcomponent subunit A |

ACTB;ACTG1 |Actin beta; Actin gamma 1 |

ACTBL2 Beta-actin-like protein 2

SERPING1 Plasma protease C1 inhibitor ||

SERPINA1 Alpha-1 antitrypsin |

SAA2 Serum amyloid A-2 protein |

LBP Lipopolysaccharide Binding Protein |

C9 Complement component C9 L

APOC3 Apolipoprotein C3

APOB Apolipoprotein B100 ||

SERPINA4 Kallistatin | |

AFM Afamin

TFRC Transferrin receptor protein 1, CD71

ORM1;0RM2  |Alpha-1-acid glycoprotein 1;2

PRG4 Proteoglycan 4

C8A Complement component C8 alpha chain

PGLYRP2 N-acetylmuramoyl-L-alanine amidase

TF Transferrin

SERPIND1 Heparin cofactor 2

A2M Alpha-2-macroglobulin

ITIH1 Inter-alpha-trypsin inhibitor heavy chain H1

GSN Gelsolin

F12 Coagulation factor XII

ECM1 Extracellular matrix protein 1

HRG Histidine-rich glycoprotein

ITIH2 Inter-alpha-trypsin inhibitor heavy chain H2

SERPINC1 Antithrombin-III

IGFALS IGF-binding protein complex acid labile subunit

F2 Prothrombin ||

APOA1 Apolipoprotein A1

TTR Transthyretin

GPLD1 Phosphatidylinositol-glycan-specific phospholipase D

KLKB1 Plasma kallikrein

AHSG Alpha-2-HS-glycoprotein, Alpha-2-Z-globulin, Fetuin-A

PLG Plasminogen

Darstellung modifiziert nach Demichev, Tober-Lau, et al., 2021 [56]. Zusammenfassung der Ergeb-

nisse sowie funktionelle Zuordnung der im Rahmen dieser Arbeit beschriebenen Proteine. Rote Kast-

chen: positive Korrelation; blaue Kastchen: negative Korrelation mit dem jeweiligen Endpunkt. Assozi-

ation mit Beatmung bezieht sich auf das in Abschnitt 3.1.5 beschriebene Machine Learning-Modell.

X bekannte Assoziationen mit Krankheitsschwere

* exklusive ausschliefl3lich auf Peptidebene signifikanter Proteine
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4 Diskussion

41 Zusammenfassung der Ergebnisse

Moderne LC-MS/MS-basierte Proteomik ermdglicht die prazise Quantifizierung von uber
300 Plasma-Proteinen und somit die umfassende Charakterisierung der Wirtsantwort auf
einen Erreger. Indem wir longitudinal 687 Plasma-Proteome von 139 COVID-19-Pati-
ent:innen mit verschiedenster Krankheitsschwere erfassten und mit umfangreichen klini-
schen und Routinelaborparametern erganzten, identifizierten wir robuste Kovariationen
von klinischen Entzindungsmarkern mit Plasma-Proteinen der Immunantwort, Entzin-
dungsreaktion und Blutgerinnung. Auch konnten wir spezifische Signaturen von Thera-
pien wie Hamodialyse und ECMO nachweisen. Insgesamt naherten sich bei den meisten
Patient:innen die Plasma-Proteomprofile im zeitlichen Verlauf der Baseline an, d.h. initial
erhohte Proteinkonzentrationen nahmen ab, erniedrigte stiegen an, und zwar unabhangig
von der Krankheitsschwere. Dies galt nicht fur Patient:innen, die verstarben: hier konnten
wir die charakteristische Linderung des Proteoms nicht beobachten, im Gegenteil, die

pro-inflammatorische Signatur nahm im zeitlichen Verlauf sogar zu.

Diese umfangreichen Informationen zur Wirtsantwort auf SARS-CoV-2 veranlasste uns
zu untersuchen, ob auch einzelne, frihe Messzeitpunkte prognostisch aussagekraftig
sind. Tatsachlich lie3 sich bei mild Erkrankten die Zeit bis zur Entlassung aus dem Kran-
kenhaus vorhersagen; bei kritisch kranken Patient:innen war es mdglich, teils Wochen im

Voraus deren Uberleben bzw. Versterben pradizieren.

Um die Ergebnisse der Discovery-Proteomik in klinische Routinelabore zu translatieren
und somit einen direkten klinischen Nutzen zu erméglichen, identifizierten wir 50 klassifi-
zierende bzw. prognostische, zuverlassig quantifizierbaren Peptide, entsprechend
30 Proteinen, und entwickelten bzw. validierten an zwei weiteren klinischen Kohorten mit
30 bzw. 164 Patient:innen mit COVID-19 einen MRM-basierten Peptid-Panelassay. Der
Panelassay ermdglichte bereits zum frihesten Messzeitpunkt nach Aufnahme die prazise
Klassifikation der Krankheitsschwere und erlaubte die Prognose von Uberleben bzw. Ver-
sterben, wobei er etablierten klinischen Mortalitdts-Risikoscores wie SOFA oder
APACHE Il uberlegen war.
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4.2 Interpretation und Einbettung in den bisherigen Forschungsstand

Das Auftreten und die rasche Ausbreitung der COVID-19-Pandemie hat uns ins Bewusst-
sein gerufen, dass selbst als robust geltende Gesundheitssysteme im Angesicht eines
neuartigen Infektionserregers rasch an ihre Grenzen stof3en kdnnen. Insbesondere bei
sehr variablen Krankheitsverlaufen, wie denen von COVID-19, und in Situationen von
Ressourcenknappheit ist daher eine fundierte und akkurate Einschatzung von Krank-
heitsschwere und -prognose entscheidend fur die adaquate und effektive Versorgung von
Patient:innen. So konnte bspw. gezeigt werden, dass eine frihzeitige Verlegung auf die
Intensivstation das Outcome von Patient:innen mit schwerer COVID-19 verbessert [86];

jedoch flihrte deren Uberlastung wahrend der Pandemie zu einer erhdhten Mortalitat [87].

Anders als bspw. bei schwerer bakterieller Pneumonie, spiegelt der klinische Phanotyp
insbesondere in der fruhen Phase von COVID-19 oftmals nicht das tatsachliche Ausmal}
der Erkrankung wider. So kdnnen sich klinisch lediglich mit Abgeschlagenheit prasentie-
rende Patient:innen zwar noch selbstandig in arztliche Versorgung begeben, eine Puls-
oxymetrie offenbart jedoch eine deutlich reduzierte Sauerstoffsattigung als Zeichen einer
fortgeschrittenen respiratorischen Insuffizienz im Sinne einer ,happy hypoxaemia“ [15].
Schon frih wurden verschiedene klinische Charakteristika und Routine-Laborparameter
fur die Klassifikation von Krankheitsschwere sowie Pradiktion klinischer Outcomes wie
Hospitalisierung, Intubationspflichtigkeit oder Versterben identifiziert. Diese basierten zu-
meist auf einzelnen oder Kombinationen weniger Parameter, bspw. Vitalzeichen, Ergeb-
nisse bildgebender Verfahren oder Entzindungsmarker wie Blutzellzahlen, Interleukin-6
oder Ferritin [31,32,88]. Bereits etablierte Risikoscores wie APACHE Il zur Prognose von
Mortalitat bei Intensivpatient:innen, aber auch neu entwickelte Modelle und Risikoscores
wie der ABCS oder 4C-Mortality Score blieben bei dieser neuartigen Erkrankung in ihrer
Aussagekraft eingeschrankt [23,32,37,38,89].

Im Gegensatz dazu ermoglicht das Plasma-Proteom mit mehreren hundert Parametern
eine umfassende Charakterisierung des klinisch mdglicherweise noch inapparenten mo-
lekularen Phanotyps und erlaubt somit direkte Riuckschllsse auf die zugrundeliegenden

pathophysiologischen Prozesse bei Patient:innen mit COVID-19.
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So beobachteten wir, dass sich sowohl bei den Korrelationen als auch den Machine Lear-
ning-Modellen viele der relevantesten Marker, die zur Klassifikation der Krankheits-
schwere sowie zur Prognose des weiteren Krankheitsverlaufs geeignet waren, frihen
Schritten der Entzindungsaktivierung zuordnen lieRen. Diese umfassen u.a. die Komple-
mentaktivatoren C1QA-C, C1R und CFD sowie Schllsselproteine der Blutgerinnung wie
PLG (Plasminogen), F2 (Prothrombin) und KLKB1 (Kallikrein), einem entscheidenden
Bindeglied zwischen den Systemen [90]. Die Bedeutung der Dysregulation von Komple-
ment- und Gerinnungssystem fur die Pathophysiologie von COVID-19 wurde inzwischen
vielfach bestatigt und nimmt mit Dexamethason und therapeutischer Antikoagulation eine

zentrale Rolle bei der Therapie stationar behandelter Patient:.innen ein [91-93].

Im Gegensatz dazu lassen sich viele Proteine, die ausschlieBlich zur Klassifikation der
Krankheitsschwere, nicht jedoch zur Pradiktion des weiteren Krankheitsverlaufs geeignet
sind, Downstream-Effektoren sowie Gewebeschadigung zuordnen, darunter GSN
(Gelsolin), zirkulierende Actine (ACTB, ACTBL2, ACTG1) und ECM1. Sie scheinen also
die pathophysiologischen Auswirkungen der dysregulierten Entziindungsreaktion wider-

zuspiegeln.

Bei der Pradiktion von Uberleben bzw. Versterben kritisch kranker Patient:innen mittels
Machine Learning-Modellen stellte sich AHSG (Fetuin-A, Alpha-Heremann-Schmidt-Gly-
koprotein) als Protein mit der hochsten Relevanz im Modell dar; es ist bei schwerer CO-
VID-19 herunterreguliert [56,94]. Bei SARS-CoV-1 wurde beobachtet, dass Polymorphis-
men, die zu einer erhdhten Konzentration von AHSG flhren, protektiv wirken [95]. Eine
Schlusselfunktion von AHSG ist die Dampfung der Makrophagenaktivitat [78]; deren Dys-
regulation spielt eine entscheidende Rolle bei der Lungendysfunktion von COVID-19
[77,96,97]. Niedrige AHSG-Spiegel konnten somit friihzeitig auf eine relevante Lungen-

beteiligung hinweisen.

Insgesamt lassen sich viele der differentiell exprimierten Proteine der Akutphasereaktion
zuordnen und sind auch bei anderen Entzindungszustanden wie bspw. Sepsis dysregu-
liert [98]. LRG1 und LBP sowie erniedrigtes A2M weisen auf eine andauernde Immunan-
twort hin und exazerbieren den pro-inflammatorischen Zustand [98,99]. Die Dysregulation
verschiedener Proteine des Lipidmetabolismus, u.a. APOC3 und GPLD1, ist auch bei

Patient:innen mit bakterieller Pneumonie bekannt und prognostisch ungunstig [100]. Es
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scheint sich hier also nicht um eine COVID-19-spezifische, sondern eine allgemeine pro-
inflammatorische Signatur zu handeln. Beim Vergleich mit einer gesunden Vergleichsko-
horte aus der pra-COVID-19-Zeit (Generation Scotland Kohorte [55]) beobachteten wir
zudem eine altersspezifische Zunahme der basalen Inflammation, ein mdglicher Faktor

fur das erhohte Risiko von schwerer COVID-19 bei alteren Menschen [101].

Im Rahmen dieser Arbeit konnten wir demonstrieren, wie mittels Hochdurchsatz-Proteo-
mik bei einer neuartigen Erkrankung rasch umfassende Ruckschlisse auf die zugrunde-
liegende Pathophysiologie gezogen werden. Besonders vielversprechend ist, dass eine
Arbeitsgruppe in den Niederlanden ebenfalls einen Grol3teil der bei uns signifikanten Pro-

teine als prognostisch relevant fur das Outcome bei COVID-19 identifizierte [102].

Daruber hinaus erlauben longitudinale Messungen dieser klassifizierenden und prognos-
tischen Marker ein effizientes und umfassendes Therapiemonitoring. Insbesondere bei
der Uberwachung experimenteller Interventionen im Rahmen klinischer Studien kénnen
so im ldealfall bereits frihzeitig Interventionen auf der molekularen Ebene als Abwei-
chung vom pradizierten Verlauf erkennbar gemacht und so individuelle Ruckschlisse auf

deren Effektivitat gezogen werden.

Besonders wertvoll fur die Anwendung in der klinischen Routine sind jedoch einzelne
Messungen zur Unterstiutzung von Schlisselentscheidungen im Krankheitsverlauf: in der
Rettungsstelle um Patient:innen mit stationarem Behandlungsbedarf zu identifizieren; auf
der Normalstation, um die Notwendigkeit der Therapieeskalation im Sinne einer invasiven
Sauerstofftherapie und intensivmedizinischen Uberwachung zu bestimmen; und auf der
Intensivstation, um den Bedarf zusatzlicher Organersatzverfahren zu eruieren sowie, bei

Ressourcenknappheit, deren effektivsten Einsatz zu prognostizieren.

Mittels Machine Learning-Modell lie3 sich, basierend auf klinischen bzw. proteomischen
Markern sowie einer Kombination aus beiden, eine graduierte Klassifikation der zum
Messzeitpunkt vorliegenden Krankheitsschwere treffen. Die Prognostizierung des weite-
ren Krankheitsverlaufs stellt eine groRere Herausforderung dar, insbesondere bei der re-
lativ homogenen Gruppe der schwerstkranken Patient:innen mit COVID-19, die invasiv
mechanisch beatmet werden und zusatzliche Organersatztherapien bendti-

gen [19,103,104]. Diese Gruppe bendtigt jedoch die meisten Ressourcen, sodass die
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Entscheidung fur oder gegen eine entsprechende Therapie auf Basis bestmaoglicher In-
formationen erfolgen sollte und nicht ausschliel3lich auf Faktoren wie Alter, Vorerkran-
kungen oder Einzelmesswerten bzw. klinischen Scores wie SOFA mit eingeschrankter
Ubertragbarkeit auf COVID-19 [105,106]. Dies gilt umso mehr in Situationen, in denen
Ressourcenknappheit droht oder bereits herrscht. Ebenfalls mittels verschiedener Ma-
chine Learning-Modelle konnten wir bei dieser Patient:innengruppe eine akkurate Pradik-
tion hinsichtlich Uberleben treffen, im Median 39 Tage vor dem jeweiligen Outcome. Die
gute Performance der Machine Learning-Modelle auch bei einer komplett unabhangigen
Kohorte von einem anderen Krankenhaus in einem anderen Land weist auf das robuste

translationale Potenzial dieser Technologie hin.

Die Translation der Discovery-Proteomik in die klinische Routine stellte daher den fir uns
nachsten logischen Schritt dar. Flr die Etablierung in der Routinediagnostik bedarf es
standardisierter Assays, die eine hohe Vergleichbarkeit und Reproduzierbarkeit aufwei-
sen und idealerweise die absolute Quantifizierung von Proteinen erlauben. Methoden wie
(Multiplex-) ELISA sind zeit- und materialaufwendig sowie, aufgrund hersteller- und char-
genabhangiger Unterschiede der Affinitatsreagenzien, nur eingeschrankt vergleichbar.
Auch deswegen sind sie in der Anzahl verschiedener Zielmolekule eingeschrankt und
daher wenig geeignet, die Breite der mittels Discovery-Proteomik identifizierten Marker
nachzuweisen [107]. Moderne MS-basierte Assays hingegen bieten eine hohe Sensitivi-
tat und Spezifitat, auch kann durch Hinzuflgen interner Standards eine hohe Reprodu-
zierbarkeit und absolute Quantifizierung Uber eine breite Konzentrationsspanne von 3-4
Grolkenordnungen [47,108,109] und aus verschiedenen Materialien (EDTA-, Heparin-,
Citratplasma, Serum) [110,111] erreicht werden. Schon heute werden QqQ-Massenspek-
trometer in klinischen Routinelaboren, bspw. zum Nachweis kleiner Molekule im Rahmen
des Neugeborenenscreenings, angewendet. Auf diesen lie3en sich Peptid-Panelassays
verhaltnismaRig einfach in bestehende Arbeitsablaufe integrieren [107,112,113] und Un-
terschiede bei Affinitatsreagenzien, wie sie bspw. bei der Bestimmung von Tumormar-

kern vorkommen, vermeiden.

Basierend auf einer Auswahl von 50 der bei der Discovery-Proteomik identifizierten Pep-
tide ermdglichte unser Panelassay die zuverlassige Klassifikation und Prognose von Pa-
tient:innen mit COVID-19 verschiedener Krankheitsschwere und in verschiedenen Ko-

horten vor und nach Einfuhrung von Dexamethason, aus verschiedenen Plasmen (EDTA,
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Citrat) sowie auf zwei verschiedenen LC/MRM-MS-Systemen, und war dabei allen unter-

suchten klinischen Risikoscores Uberlegen.

4.3 Starken und Schwachen der Studie

Mit insgesamt 280 Patient:innen und 881 Messzeitpunkten umfasst die vorliegende Arbeit
eine der bis dahin grofdten proteomisch charakterisierten COVID-19-Kohorten. Entspre-
chend dem Protokoll der Pa-COVID-19 Studie [51], wurden umfangreiche klinische Daten
zu Demographie, Risikofaktoren und medizinischer Vorgeschichte erhoben sowie tages-
aktuell die Krankheitsschwere standardisiert erfasst und um Routinelaborparameter er-
ganzt. Jedoch gab es, trotz der umfangreichen Kohorte, verhaltnismaRig wenige Pati-
ent:innen, die sich von einem niedrigen WHO-Grad 3 oder 4 bis hin zur beatmungspflich-
tigkeit verschlechterten. Ebenfalls wurden hier ausschlieB3lich stationar behandelte Pati-
ent:innen untersucht; die Ubertragbarkeit auf mild erkrankte, ambulant behandelte Pati-

ent:innen sollte in weiteren Studien untersucht werden.

Die Charité — Universitatsmedizin Berlin ist im Rahmen des ,Save Berlin@COVID-19%
Konzepts der Senatsverwaltung fur Gesundheit, Pflege und Gleichstellung Berlin als Ber-
lins einziges Level-1 Zentrum, d.h. ARDS/ECMO-Zentrum, designiert worden [114]; folg-
lich wurden viele Patient:innen bereits intubiert ans Zentrum verlegt, sodass friihe Pro-
ben, vor Erreichen der kritischen Erkrankung, haufig nicht verfugbar waren. Auch wurden
einige Patient:innen zur Beatmungsentwdhnung an periphere Hauser und Rehakliniken
verlegt, sodass ein nach Verlegung eintretender Tod theoretisch unbekannt bleiben
konnte. Im Zuge dieser Arbeit wurde die Verlaufsdokumentation erneut auf Hinweise zum
Outcome durchsucht (z.B. Notiz Uber Versterben des Patienten nach Verlegung). Da die
Verlegung stets in einer spaten Erkrankungsphase erfolgte und dezidiert zur Beatmungs-
entwohnung, kann jedoch davon ausgegangen werden, dass diese Patient:innen Uber-

lebten.

Obwohl die Gruppe der kritisch kranken Patient:innen mit n=50 und auch die fur die Ent-
wicklung des Peptid-Panelassays verwendete Kohorte mit n=164 aus klinischer Perspek-
tive verhaltnismafig grof® sind, werden zur Validierung der Machine Learning-Modelle
selbstverstandlich deutlich groRere Kohorten bendtigt. Vielversprechend ist die Beobach-

tung, dass der an der Charité-Kohorte trainierte Pradiktor bei der komplett unabhangigen
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Innsbruck-Kohorte ebenfalls akkurat zwischen Uberleben und Versterben unterscheiden
konnte. Des Weiteren sei hier hervorzuheben, dass eine andere Studie mit eigener Ko-
horte, eigenen Messverfahren und eigenen Algorithmen ahnliche Schllsselproteine zur

Pradiktion von Uberleben identifizierte wie wir [102].

Die vorliegende Arbeit bezieht sich auf die frihe Phase der Pandemie, vor dem Auftreten
von SARS-CoV-2-Varianten, der Anwendung COVID-19-spezifischer antiviraler Thera-
pien oder Impfungen. Der Peptid-Panelassay wurde mit MRM-Validierungskohorte 2 be-
reits nach der EinflUhrung von Dexamethason als Therapiestandard validiert, es bleibt
jedoch abzuwarten, inwieweit sich die friheren Ergebnisse auch auf die heutige Situation
ubertragen lassen. Diese frihen Messungen erlauben jedoch einen ,ungefilterten® Ein-
blick in das Plasma-Proteom bei einer neuartigen Infektionskrankheit und stehen als Ver-
gleichskohorten fur zukunftige Untersuchungen zur Verfugung: zum Einfluss neuer Vari-
anten, Impfimmunitat, und zu den Effekten von monoklonalen Antikorpern oder spezifi-

scher antiviraler Therapien.

Die zugrundeliegende bottom-up Proteomik erlaubt nur eingeschrankte Ruckschlisse auf
exakte Protein-Isoformen sowie -vorstufen bzw. aktive Produkte. So Iasst sich auf Basis
der gemessenen Peptide bspw. nicht sicher unterscheiden, ob es sich bei AGT um den
Vorlaufer Angiotensinogen handelt oder um die aktiven Formen Ang1, Ang2, Ang1-9,
Ang1-7. Insofern kann die Proteomik zunachst als Screening-Instrument gesehen wer-
den — fur die klinische Applikation und fur die sichere Unterscheidung verschiedener Iso-
formen und Produkte bedarf es gerichteter Verfahren wie MRM. Um die klinische Trans-
lation zu ermdglichen, entwickelten wir einen Peptid-Panelassay mit zunachst 50 Pepti-
den. Durch eine Ausweitung auf 100 oder 200 Peptide lieRe sich die Prazision des Pa-
nelassays noch erhdhen; dies ist Gegenstand unserer aktuellen und zukunftigen For-

schung.

Letztlich bleibt festzuhalten, dass Machine Learning-Modelle noch keine Zulassung zur
medizinischen Entscheidungsfindung haben. Jedoch mehren sich mogliche Anwen-
dungsfelder von Machine Learning und wir konnten mit der vorliegenden Arbeit eine wei-

tere klinische Applikation aufweisen.
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5 Fazit und Ausblick

Die Identifikation neuer Biomarker und deren Translation in die klinische Routine dauert
haufig viele Jahre oder gar Jahrzehnte. Die COVID-19-Pandemie hat gezeigt, dass diese
Zeit durch enge Kooperationen zwischen Grundlagenwissenschaftler:innen und Kilini-
ker:iinnen sowie der adaquaten Finanzierung deutlich verkirzt werden kann. Mittels
Hochdurchsatz-Proteomik gelang es uns, innerhalb von weniger als zwei Jahren nach
Auftreten einer neuen Erkrankung eine Reihe relevanter Marker der Wirtsantwort auf ei-
nen neuartigen Erreger zu identifizieren, prognostische Modelle zu entwickeln und daraus
einen in klinischen Routinelaboren anwendbaren Peptid-Panelassay zu etablieren. Die
vorliegende Arbeit kann als Proof-of-Concept betrachtet werden, dass eine prazise
Krankheitsprognose auf Basis einzelner Messpunkte mdglich ist. Nachdem der Peptid-
Panelassay auch nach der EinfiGhrung von Dexamethason in die Standardtherapie von
Patient:innen mit respiratorischer Insuffizienz durch COVID-19 noch robuste Ergebnisse
produzierte, erfolgt aktuell die Validierung mit Proben der klinischen Routine bei der La-
bor Berlin — Charité Vivantes GmbH.

Da viele der identifizierten Marker nicht COVID-19 spezifisch sind, sondern vielmehr die
allgemeine Immunantwort widerspiegeln, untersuchen wir dartiber hinaus, inwieweit un-
sere Technik auch zur Klassifikation und Prognose anderer Infektionskrankheiten geeig-
net ist. Als im Mai 2022 vermehrt Falle des Mpox-Virus auRerhalb der Endemiegebiete in
Afrika auftraten, konnten wir rasch den von uns entwickelten Peptid-Panelassay auf
Mpox-Falle, die stationar an der Charité — Universitatsmedizin Berlin behandelt wurden,
anwenden und wichtige Gemeinsamkeiten, aber auch Unterschiede im Plasma-Proteom

bei dieser grundverschiedenen Infektionskrankheit identifizieren [115].

Derzeit flUhren wir Discovery-Proteomik-Analysen mit Plasma-Proben von weiteren Infek-
tionskrankheiten, u.a. bakterieller Pneumonie, aber auch Tropenkrankheiten wie Malaria
und Loiasis durch und planen den Peptid-Panelassay auf bis zu 200 Peptide zu erweitern.
So nahern wir uns Schritt fur Schritt dem Ubergeordneten Ziel: Der Entwicklung eines
Pan-Infektion Peptid-Panelassays zur Klassifikation und friihzeitigen Prognose verschie-

denster Infektionskrankheiten.
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8 Anteilserklarung an den erfolgten Publikationen

Die dieser Arbeit zugrundeliegenden Publikationen mit geteilter Erstautorenschaft ent-
standen im Rahmen eines Kooperationsprojektes zwischen der Medizinischen Klinik m.S.
Infektiologie und Pneumologie und dem Institut fur Biochemie, beide Charité — Universi-
tatsmedizin Berlin. Herr Pinkus Tober-Lau war federfihrend seitens der Infektiologie fur
das Projekt verantwortlich, d.h. die Selektion von Patient:innen fur die Analysen, Erhe-
bung und Bereitstellung von klinischen Proben und Daten sowie die Interpretation der
Analysen aus biomedizinischer und klinischer Sicht, Herr Dr. Vadim Demichev Ubernahm
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Modellierung. Die Studienleitung lag bei Herrn PD Dr. med. Florian Kurth, Herrn Prof. Dr.
Markus Ralser, und Herrn Prof. Dr. med. Leif Erik Sander. Es bestand stets die Moglich-

keit zur Rucksprache mit der Studienleitung.

Die Reihenfolge der Erstautoren wurde entsprechend der Senioritat festgelegt.

Pinkus Tober-Lau hatte folgenden Anteil an den folgenden Publikationen:

Publikation 1: Demichev V*, Tober-Lau P*, Lemke O, Nazarenko T, Thibeault C, Whit-
well H, Réhl A, Freiwald A, Szyrwiel L, Ludwig D, Correia-Melo C, Aulakh SK, Helbig ET,
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Zickler D, Enghard P, Zelezniak A, Campbell A, Hayward C, Porteous DJ, Marioni RE,
Uhrig A, Muller-Redetzky H, Zoller H, Loffler-Ragg J, Keller MA, Tancevski |, Timms JF,
Zaikin A, Hippenstiel S, Ramharter M, Witzenrath M, Suttorp N, Lilley K, Mulleder M,
Sander LE, PA-COVID-19 Study group, Ralser M, Kurth F. A time-resolved proteomic
and prognostic map of COVID-19. Cell Syst. 2021;12(8):780-794.e7.

Beitrag im Einzelnen:

Im Detail war Herr Tober-Lau von Beginn an maf3geblich am konzeptionellen und struk-
turellen Aufbau der Pa-COVID-19 Studie beteiligt und erstellte und pflegte u.a. auch die
bis heute genutzte Datenbank (MS Access, JMP). Er selektierte geeignete Proben und
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unterstitzte bei deren Verarbeitung. Er erhob die klinischen Daten aus SecuTrial® bzw.
den Klinikinformationssystemen SAP und COPRA 6, fihrte eigenstandig Plausibilitats-
kontrollen und Datenbereinigung durch, errechnete klinische Scores und bereitete die
Daten zur statistischen Analyse durch den Bioinformatiker, Herrn Demichev, auf. Eben-
falls fuhrte er die deskriptive Datenanalyse durch und erstellte Supplementary Tables 2

und 9 (Patientencharakteristika und klinische Metadaten).

Herr Demichev ubernahm die bioinformatische Aufarbeitung der Proteomdaten sowie die
Durchfuhrung statistischen Analysen der von Herrn Tober-Lau entwickelten Fragestellun-
gen. Ebenfalls entwickelte er die eingesetzten Machine Learning-Modelle. Herr Demichev
erstellte die Figure 5 und setzte die von Herrn Tober-Lau inhaltlich und konzeptionell
erarbeiteten Figures 1-4 graphisch um. Herr Demichev erstellte die Supplementary Tab-
les 3-8 und 10.

Herr Tober-Lau analysierte die durch Herrn Demichev berechneten Korrelationen, Ver-
laufsdaten und Modelle aus klinischer und biologischer Sicht, und untersuchte diese
selbststandig mit Hinblick auf relevante Zusammenhange. Er fihrte die umfassende Li-
teraturrecherche durch, interpretierte eigenstandig funktionelle Zusammenhange und
entwickelte weiterfUhrende Fragestellungen, bspw. zum Einfluss von Alter, ECMO, Dia-
lyse auf das Proteom (Supplementary Notes 1-3). Auch fuhrte Herr Tober-Lau die funkti-
onelle Annotation der Proteine durch (Figure 5, Box 1, Supplementary Table 3). Herr
Tober-Lau erstellte federfihrend Einleitung, klinischen Methodenteil, Ergebnisse und Dis-
kussion des Manuskripts, wobei er stets Riucksprache Herrn Demichev sowie den Stu-
dienleitern hielt. Er fihrte die Ersteinreichung des Manuskripts durch und arbeitete ge-

meinsam mit Herrn Demichev die Anmerkungen der Reviewer ein.

Publikation 2: Demichev V*, Tober-Lau P* Nazarenko T, Lemke O, Kaur Aulakh S,
Whitwell HJ, Rohl A, Freiwald A, Mittermaier M, Szyrwiel L, Ludwig D, Correia-Melo C,
Lippert LJ, Helbig ET, Stubbemann P, Olk N, Thibeault C, Grining NM, Blyuss O, Ver-
nardis S, White M, Messner CB, Joannidis M, Sonnweber T, Klein SJ, Pizzini A, Wohl-
farter Y, Sahanic S, Hilbe R, Schaefer B, Wagner S, Machleidt F, Garcia C, Ruwwe-
Glésenkamp C, Lingscheid T, Bosquillon de Jarcy L, Stegemann MS, Pfeiffer M, Jurgens
L, Denker S, Zickler D, Spies C, Edel A, Muller NB, Enghard P, Zelezniak A, Bellmann-
Weiler R, Weiss G, Campbell A, Hayward C, Porteous DJ, Marioni RE, Uhrig A, Zoller H,
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Loffler-Ragg J, Keller MA, Tancevski |, Timms JF, Zaikin A, Hippenstiel S, Ramharter M,
Muller-Redetzky H, Witzenrath M, Suttorp N, Lilley K, Milleder M, Sander LE, Kurth F,
Ralser M, PA-COVID-19 Study group. A proteomic survival predictor for COVID-19 pa-
tients in intensive care. PLOS Digit Health. 2022;1(1):e0000007.

Beitrag im Einzelnen:

Diese Publikation ging aus der oben genannten hervor und erfolgte wieder in enger Zu-
sammenarbeit zwischen der Infektiologie und Pneumologie — Pinkus Tober-Lau,
Prof. Dr. med. Leif Erik Sander, PD Dr. med. Florian Kurth — und dem Institut flr Bioche-

mie — Dr. Vadim Demichev und Prof. Dr. Markus Ralser.

Auch bei dieser Publikation war Herr Tober-Lau verantwortlich fur die Erhebung und Be-
reitstellung der klinischen Daten sowie deren klinische und biologische Auswertung. Er
selektierte geeignete Proben und unterstutzte bei deren Verarbeitung. Er erhob die klini-
schen Daten aus SecuTrial® bzw. den Klinikinformationssystemen SAP und COPRA 6,
fuhrte eigenstandig Plausibilitdtskontrollen und Datenbereinigung durch, errechnete kli-
nische Scores und bereitete die Daten zur statistischen Analyse durch den Bioinformati-
ker, Herrn Demichev, auf. Ebenfalls fuhrte er die deskriptive Datenanalyse durch und
erstellte Supplementary Table 1 (Patientencharakteristika), die funktionelle Annotation
von Supplementary Table 2 sowie die Supplementary Tables ,Charite — metadata.tsv*
und ,Charlson_ APACHE_SOFA.txt“.

Herr Demichev Ubernahm wieder die bioinformatische Aufbereitung der Proteomdaten
und fuhrte die statistische Analyse der von Herrn Tober-Lau entwickelten Fragestellun-
gen durch. Er erstellte die Machine Learning-Modelle. Herr Tober-Lau erstellte den Gra-
phical Abstract und erarbeitete auch hier Inhalt und Layout der Figures, die graphische

Umsetzung erfolgte durch Herrn Demichev.

Herr Tober-Lau analysierte die von Herrn Demichev generierten Korrelationen und Mo-
delle aus biomedizinischer Sicht, und fuhrte eine umfassende Literaturrecherche sowie
die klinische und biologische Interpretation der Daten und Ergebnisse durch, in Ruck-
sprache mit der Studienleitung. Er verfasste im Austausch mit Herrn Demichev sowie der

Studienleitung Einleitung, klinische Methoden, Ergebnisse und Diskussion des Manu-
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skripts und flhrte selbststandig die Einreichung durch. Gemeinsam mit den Kollegen ar-
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Demichev V, Mulleder M, Kurth F, Sirka E, Hartl J, Ralser M. A multiplex protein panel
assay for severity prediction and outcome prognosis in patients with COVID-19: An ob-
servational multi-cohort study. EClinicalMedicine. 2022;49(101495):101495.

Beitrag im Einzelnen:
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SUMMARY

COVID-19 is highly variable in its clinical presentation, ranging from asymptomatic infection to severe organ
damage and death. We characterized the time-dependent progression of the disease in 139 COVID-19 inpa-
tients by measuring 86 accredited diagnostic parameters, such as blood cell counts and enzyme activities, as
well as untargeted plasma proteomes at 687 sampling points. We report an initial spike in a systemic inflam-
matory response, which is gradually alleviated and followed by a protein signature indicative of tissue repair,
metabolic reconstitution, and immunomodulation. We identify prognostic marker signatures for devising
risk-adapted treatment strategies and use machine learning to classify therapeutic needs. We show that
the machine learning models based on the proteome are transferable to an independent cohort. Our study
presents a map linking routinely used clinical diagnostic parameters to plasma proteomes and their dy-
namics in an infectious disease.

INTRODUCTION from asymptomatic infection with severe acute respiratory syn-
drome coronavirus-2 (SARS-CoV-2) to death, despite maximum

The coronavirus disease 2019 (COVID-19) has created unprece-  intensive care. Biomarkers and molecular signatures enabling

dented societal challenges, particularly for public health and the
global economy (Alwan et al., 2020; Blumenthal et al., 2020;
Rosenbaum, 2020). Efficient management of these challenges
is hampered by the variability of clinical manifestations, ranging

accurate prognosis of future disease courses are needed to opti-
mize resource allocation and personalize treatment strategies.
Patients likely to progress to severe disease and organ failure
and those likely to remain stable could be identified early, which

L)
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is particularly valuable in scenarios where health care systems
reach capacity limits. Prognostic panels would also optimize
the monitoring of novel treatments, thereby accelerating clinical
trials (Phua et al., 2020; Saxena, 2020; Wu et al., 2020). Knowl-
edge of factors that differentiate recovery from deterioration
throughout the disease will further enhance our understanding
of the inflammatory host response as well as the underlying path-
ophysiology and provide new therapeutic targets.

A number of biomarkers that classify COVID-19 severity have
recently been described. These are based on clinical chemistry,
enzyme activities, immune profiling, single-cell sequencing, pro-
teomics, and metabolomics (D’Alessandro et al., 2020; Laing
et al., 2020; Liu et al., 2020b; Messner et al., 2020; Overmyer
et al., 2020; Schulte-Schrepping et al., 2020; Shen et al., 2020;
Shu et al., 2020; Wynants et al., 2020). As severity classifiers,
the molecular signatures recorded in blood, serum, plasma, or
immune cells characterize the COVID-19 pathology and host re-
sponses. Furthermore, markers of dysregulated coagulation,
inflammation, and other organ dysfunction have been estab-
lished as risk factors for severe illness, including low platelet
count, elevated levels of D-dimer, C-reactive protein (CRP),
interleukin 6 (IL-6), ferritin, troponin, and markers of kidney injury
(Danwang et al., 2020; Henry et al., 2020). Proteomic investiga-
tions that characterize the comprehensive host response have
revealed the activation of the complement cascade and acute
phase response, both of which center around IL-6-driven path-
ways. In turn, these systematic studies have revealed that other
common antiviral pathways, such as type | interferons (IFN), do
not dominate the early response to COVID-19, probably reflect-
ing evasion of the IFN system by SARS-CoV-2 and the subse-
quent activation of inflammatory cascades (Hadjadj et al.,
2020; Yang et al., 2020). Furthermore, proteomic data and diag-
nostic parameters have pointed to underlying pathological
mechanisms and possible therapeutic targets. For instance, us-
ing high-throughput proteomics, we reported a decline in plasma
levels of gelsolin (GSN) in patients with severe COVID-19 in a
previous study (Messner et al., 2020), and recombinant human

GSN is currently undergoing clinical testing for COVID-19 pneu-
monia in a phase Il trial (ClinicalTrials.gov identifier:
NCT04358406).

The severity of the disease, and the biomarker signatures that
indicate severity, correlate with the outcome, but the highest
diagnostic need is to stratify within therapeutically homoge-
neous patients. For instance, to identify those among the mildly
affected individuals with the highest risk for deterioration, or
among the most severely affected, those with the highest chance
to respond positively to an augmentation of therapy. Predicting
future trajectories on an individualized basis would also help
accelerate therapeutic developments to judge the impact of
the treatment on an individual disease course. To obtain a
comprehensive picture of how the molecular COVID-19 pheno-
type develops over time, we deeply phenotyped a group of
139 COVID-19 inpatients at 687 sampling points. On the one
hand, we measured a compendium of 86 clinical parameters,
routine diagnostic markers, and clinically established risk scores
using gold standard accredited clinical tests. On the other hand,
we captured the patient’s molecular phenotype by measuring
plasma proteomes in an untargeted fashion. For this, we made
use of liquid chromatography coupled with tandem mass spec-
trometry, using a recently developed platform technology that
utilizes analytical flow rate chromatography, data-independent
acquisition mass spectrometry (SWATH-MS), and deep-neural
network-based data processing (Demichev et al., 2020; Messner
etal., 2020) (Figure S1). By combining the compendium of diag-
nostic parameters with the proteomes in a time- and patient-
resolved fashion, we obtained a comprehensive molecular pic-
ture that captures changes in the patient’s molecular phenotype
as they depend on the severity, age, and disease progression.
We identify prognostic biomarkers and depict their distinct tra-
jectories. We exemplify the power of our resource by showing
that the biomarker profiles and diagnostic parameters classify
treatment requirements, in particular, the need for mechanical
ventilation. Furthermore, we report the future prediction of re-
covery time in mildly ill patients as well as the individual risk of
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clinical deterioration. Our study demonstrates the predictability
of COVID-19 disease trajectories based on the molecular pheno-
type of the early disease stage.

RESULTS

Covariation of clinical diagnostic parameters and the
plasma proteome characterizes the host response to
CovID-19

We longitudinally phenotyped 139 patients admitted to Charité
University Hospital, Berlin, Germany, between March 01, 2020,
and June 30, 2020, due to PCR-confirmed SARS-CoV-2 infec-
tion (Figure S2). The patients exhibited highly variable disease
courses, graded according to the World Health Organization
(WHO) ordinal scale for clinical improvement (Table S1), which
reflects the treatment that the patient is receiving as a measure
of disease severity. The patients included in our study range
from WHO grade 3, which includes patients who require inpa-
tient care without supplemental oxygen therapy, to WHO grade
7, which includes patients with severe COVID-19 who require
invasive mechanical ventilation and additional organ support
therapies such as renal replacement therapy (RRT) and extracor-
poreal membrane oxygenation (ECMO) (WHO, 2020). In total, 23
out of 139 (17%) patients in the WHO grade 3 category were sta-
ble, without requiring supplemental oxygen therapy and could
be discharged after a median of 7 days of inpatient care (Table
S2 and Figure S2); 47 (34%) patients required either low-flow
or high-flow supplemental oxygen therapy; 69 (50%) patients
either presented with severe COVID-19 (WHO grade 6 or 7,
i.e., requiring invasive mechanical ventilation) or deteriorated
and required invasive mechanical ventilation during their hospi-
talization; 46 patients (33%) required RRT; and 22 (16%) were
treated with ECMO. A total of 20 (13%) patients died, including
three patients with do not intubate/do not resuscitate (DNI/
DNR) orders in place and one patient who died due to a non-
COVID-19-related cause. Common risk factors for severe
COVID-19 were reflected in the outcomes: patients with a severe
course of disease were older than those with mild disease (49
years [IQR 35-70] for WHO grade 3 versus 62 years [IQR 53—
72] for WHO grade 7, p = 0.02), and an age of 65 years or older
was associated with a higher risk of death -(OR 4.1 [95% ClI 1.5-
11.5]). Our cohort further reflected that men and individuals with
a high BMI have an increased likelihood to be hospitalized upon
a COVID-19 infection; 68% of the patients were men, and the
median BMI was 27.8 (IQR 24.7-31.9). However, we noted that
within the group of patients hospitalized with COVID-19, sex
and BMI were not further associated with disease severity or
an increased risk of death. The median duration of hospitaliza-
tion was 20 days (IQR 9-48) and correlated with severity
(7 days for WHO grade 3 versus 46 days for WHO grade 7).
The median time from admission to death despite receiving
maximum treatment was 28 days (IQR 16-46).

To capture the diverse disease trajectories on a molecular and
biochemical level, we systematically collected 86 clinical and ac-
credited diagnostic parameters as measured with certified tests.
Moreover, we monitored the development of risk scores such as
the “sequential organ failure assessment” (SOFA) score, blood
gas analyses, blood cell counts, enzyme activities, and inflam-
mation biomarkers (Table S3). To complement these parameters

782 Cell Systems 12, 780-794, August 18, 2021
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with an untargeted analysis, we employed a recently developed
high-throughput proteomics platform (Messner et al., 2020). This
platform makes use of the data-independent acquisition tech-
nique SWATH-MS (Gillet et al., 2012), a sample preparation pipe-
line designed to 1ISO13485 reporting standards, which is opti-
mized for reducing batch effects, high-flow rate
chromatography to provide highly consistent peptide separation
in large sample series, and uses DIA-NN (Data-Independent
Acquisition by Neural Networks) to analyze proteomics data re-
corded with 5-min chromatography (Messner et al., 2020; Demi-
chev et al., 2020) (Figure S1 for a detailed overview of the prote-
omic workflow). In total, we measured 1,169 plasma proteome
samples to determine 687 human proteomes, in which we quan-
tified 321 plasma protein groups. Owing to the nature of the high-
flow proteomics platform, data completeness was high; thus, we
decided against the use of imputation strategies in the analysis
of differential protein abundance. Total data completeness was
75%, with 200 proteins consistently quantified with 98%
completeness, and 189 proteins with 99% completeness
(Figure S1).

To identify interdependencies of the diagnostic parameters
that are routinely used in clinical decision making and the plasma
proteomes, we characterized their covariation and present a
direct correlation map (Figures 1B and S3-S4; Tables S4, S5,
and S6). We report a robust positive or negative correlation of
IL-6 levels and other inflammatory markers (CRP, procalcitonin)
with acute phase proteins (APPs) (APOA2, APOE, CD14, CRP,
GSN, ITIH3, ITIH4, LYZ, SAA1, SAA2, SERPINA1, SERPINAS3,
and AHSG; the protein names corresponding to the gene identi-
fiers are provided in Table S3), coagulation factors and related
proteins (FGA, FGB, FGG, F2, F12, KLKB1, PLG, and SER-
PINC1), and the complement system (C1R, C1S, C8A, C9,
CFB, CFD, and CFHRS). Our data, therefore, link the prominent
role of the IL-6 response in COVID-19 (D’Alessandro et al.,
2020) to coagulation and the complement cascade. Consis-
tently, in our data, markers of cardiac (troponin T, NT-proBNP)
and renal (creatinine, urea) function, as well as anemia and dys-
erythropoiesis (hemoglobin, hematocrit, erythrocytes, and red
blood cell distribution width) correlate with various APPs
(APOA2, APOE, CD14, GSN, LYZ, SAA1, SAA2, and SERPINAS3;
Figure 1B and Table S4) supporting the role of inflammation in
COVID-19-related organ damage and its impact on
erythropoiesis.

Increased levels of neutrophils and the occurrence of imma-
ture granulocyte precursors as markers of emergency myelopoi-
esis have been linked to severe COVID-19 (Schulte-Schrepping
et al., 2020). Our data reveal covariation between neutrophil
counts and the levels of two inhibitors of neutrophil serine prote-
ases, SERPINA1 and SERPINAS3 (Figure 1C). These two proteins
show the highest correlation (0.72 and 0.79 Spearman R,
respectively) with the neutrophil-to-lymphocyte ratio (NLR), a
prognostic marker for COVID-19 (Lian et al., 2020; Liu et al.,
2020a). We further report a strong correlation (Figure 1C) of alka-
line phosphatase and gamma-glutamyl transferase activities,
both characteristic of biliary disorders (Poynard and Imbert-Bis-
mut, 2012), with plasma levels of the polymeric immunoglobulin
receptor (PIGR). We notice that cholangiocytes (bile duct epithe-
lium cells) express ACE-2 and can be directly infected with
SARS-CoV-2 (Zhao et al., 2020), potentially leading to host viral
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A map of pl proteins and diag tic parameters
that depend on age and disease severity

113 proteins and 55 accredited diagnostic parameters re-
sponded in accordance to an increase in the WHO score as
a measure of progressing COVID-19 severity (Figures 2, S5,
and S6; STAR methods). To the best of our knowledge, more
than 30 of these proteins have not been associated with
COVID-19 severity previously (Table S3). The proteins that
change dependent on disease severity include mediators of
inflammation and immune response (CD44, B2M, PIGR, and
A2M), components of the complement cascade (CFD, and
CFHRs), and apolipoproteins (APOA2, APOC3, APOD, APOE,
and APOL1). Furthermore, numerous markers of organ
dysfunction (cardiac: NT-proBNP, troponin T; renal: creatinine,
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Figure 1. Interdependence of clinical, diag-
nostic, physiological and proteomic param-
eters during the clinical progression of
COVID-19

(A) Study design. Schematic of the cohort of 139
patients with PCR-confirmed SARS-CoV-2 infec-
tion treated at Charité University Hospital Berlin.
Plasma proteomics and accredited diagnostic
tests were applied at 687 sampling points to
generate high-resolution time series data for 86
routine diagnostic parameters and 321 protein
quantities (see also Figures S1 and S2).

(B) Covariation map for plasma proteins and
routine diagnostic and physiological parameters.
Statistically significant correlations (Spearman;
p < 0.05) are colored. Dots indicate statistical
significance  after row-wise multiple-testing
correction (false discovery rate [FDR] < 0.05),
black rectangles —column-wise. The panel on the
right of the heatmap provides manual functional
annotation for the proteins (see also Figures S3
and S4, and Tables S4, S5, and S6).

(C) Covariation of key diagnostic parameters and
plasma protein markers (logp-transformed) in
COVID-19 (see also Tables S4, S5, and S6). Dots
colors correspond to the WHO grade of the pa-
tient, see Figure 2B.

urea; liver: aspartate aminotransferase,
alanine aminotransferase, gamma-glu-
tamyl transferase, and total bilirubin)
and, inversely, markers of anemia (he-
moglobin, erythrocytes, and hematocrit)
were correlated with the WHO grade of
the patient. In order to further dissect
the proteomic signatures of the most
severely ill patients requiring maximum
treatment (WHO grade 7), we specif-
ically characterized the impact of organ
support treatments (RRT and ECMO)
on the patients’ molecular phenotype
(Figures S7 and S8). We showed, for
instance, that HP and HPX are reduced
in patients on RRT and ECMO as a sign of hemolysis in the
extracorporeal circuit, whereas elevated SERPINC1 levels
mirror substitution of antithrombin during ECMO. We discuss
these findings in Note S1.

Atotal of 61 proteins and 18 diagnostic parameters varied with
patients’ age (Figure S9). Out of these, 37 proteins do not change
with age in a pre-COVID-19 general population baseline (Gener-
ation Scotland cohort [Smith et al., 2006]), for which proteomes
have been measured with the same proteomic technology
(Messner et al., 2020) (Figure S10). We observed that a number
of markers that increase with age in COVID-19 patients also
correlated with a high WHO grade (Figures S6 and S9). To iden-
tify markers that are upregulated or downregulated in older pa-
tients in comparison with younger patients with a comparable
therapy need, i.e. WHO grade, we tested the relationship be-
tween omics feature levels and age by accounting for
WHO severity grade as a covariate using linear modeling
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Druckexemplare der Publikationen

76

¢ CellP’ress

OPEN ACCESS

N-terminal pro b-type
Natriuretic Peptide
(NTZRroBNPY N9

clinical parameters

Cell Systems

(o]

AHSG
Pag=97e-15

20
105
i S

80
PR S

T T—=yi=—y——y.
20 40 6 8 0 50 60 T &

R =-037,P.ad) = 000041

G_SN ITIH4

78 9
AR

Log2 intensity

]
-
.
s
f

2=
2
2 e T
& 2 4« e 8 W s & 70
b TiH4
& Reosupagsoos Re00upe0z
gm IR A
= 2]
e L] e
® et C e
% % % % @ 7
SERPINA3

35

R=03,P.ag=00017 R=-00020.P =096
. g g

Pk
b

H s T

128
i ol e 1T

1"s

WHO grade

Figure 2. The molecular phenotype of patients with COVID-19 and its dependency on severity and age

(A) Plasma proteome and clinical diagnostic parameters in dependency of COVID-19 severity irrespective of age. The patients are grouped according to the
maximum clinical treatment received (WHO ordinal scale), used as an indicator of disease severity (Table S1). 113 proteins and 55 routine diagnostic parameters
vary significantly (FDR < 0.05) between patients of the different WHO groups upon accounting for age as a covariate using linear modeling (Ritchie et al., 2015). A
fully annotated heatmap is provided in Figure S5 (see also Figure S6 and Table S3).

(B) Selected protein markers and routine diagnostic parameters (log,-transformed) plotted against the WHO ordinal scale.

(C) Selected proteins differentially abundant depending on age (FDR < 0.05). Left, colored: this data set (log,-transformed levels; statistical testing was performed
by accounting for the WHO grade as a covariate Ritchie et al., 2015 and STAR methods; for visualization only, the data were corrected for the WHO grade); right,

black: general population (log,-transformed levels; Generation Scotland cohort).

(Ritchie et al., 2015) (STAR methods). This analysis identified 36
proteins and 12 clinical laboratory markers that are up- or are
downregulated with age in COVID-19 patients within the same
level of care, i.e., one WHO grade (Figures 2C and S11, summa-
rized in Figure 5). Out of these, 20 proteins do not change with
age in the pre-COVID-19 population baseline (Generation Scot-
land cohort proteome data, Messner et al., 2020; Figure S10), or
show the opposite correlation with age in the general population
(e.g., APOC2, Figure 2C). These proteins that only show an age-
dependency in COVID-19 patients but not in the general popula-
tion point toward age-dependent differences in host response
patterns to SARS-CoV-2, and include markers involved in inflam-
mation (SERPINA3, ITIH4, SAA1, SAA1, SAA2, ITIH3, CFB, C7,
and AHSG), lipid metabolism (APOC1, APOC2, APOC3, APOB,
and APOD), and coagulation (KLKB1, and FBLN1). We consider
the implications of these findings in Note S2.

Time-dependent alleviation of severity indicators
highlights the role of the early host response in COVID-
19 progression

The time-resolved nature of our study facilitated a covariation
analysis of protein levels and accredited diagnostic parameters
along the patient trajectory over time (Figure S12; Table S7).
Correlating the dynamics of omics features during the peak

784 Cell Systems 12, 780-794, August 18, 2021

period of the disease (STAR methods), we noted covariation of
inflammatory markers, APPs, fibrinogen precursor proteins,
and the NLR. The correlation between APPs and the markers
of cardiac and renal impairment observed across different pa-
tients at the earliest time points (Figure 1B; Table S4) was not re-
flected as a trend over time (Figure S13).

To further dissect the dynamics of the patients’ molecular
phenotype during the course of COVID-19, we determined the lon-
gitudinal trend for all protein and diagnostic parameters during the
peak period of the disease (i.e., while receiving maximum treat-
ment; STAR methods). In total, 89 proteins and 37 clinical param-
eters significantly changed over time (Figure 3B, trends across all
time points at the maximum WHO grade are provided in Fig-
ure S14; STAR methods). In general, we found that most proteins
and diagnostic parameters that correlate with disease severity re-
turn toward baseline during the peak period of the disease. Many
of these were most prominently changed in the early samples (Fig-
ure S6) but alleviated with time, irrespective of the outcome (Fig-
ure S14; summarized in Figure 5). For example, components of
the coagulation cascade with known acute phase activity, such
as fibrinogen, and many complement factors, significantly
decreased over time. Proteins indicative of inflammatory response
(e.g., ORM1, SERPINA1 and SERPINA3, SAA1, SAA2 [Luo et al.,
2015; Sack, 2018; Wu et al., 2015]) and markers of inflammation,
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Figure 3. The progression of the COVID-19 I lar patient ph type over time

(A) Schematic: each patient is followed during inpatient care by repetitive sampling, and the “trajectory” of each of the proteins and the routine diagnostic features
is analyzed (points of different colors at each time point) (see also Figure S2).

(B) Protein levels and routine diagnostic parameters that change significantly (FDR < 0.05) over time during the peak of the disease, shown for individual patients
stratified by their maximum treatment received (WHO grade): 89 proteins, 37 clinical diagnostic markers show time dependency during the disease course
(illustrated as log,-fold changes or absolute value changes, as indicated). The panel to the right of the heatmap provides manual functional annotation for the
proteins. Known associations with COVID-19 severity are indicated (blue - downregulated in severe COVID-19, and red - upregulated) (D’Alessandro et al., 2020;
Laing et al., 2020; Messner et al., 2020; Shen et al., 2020). Below the heatmap, the time span between the first and the last sampling time point at the peak of the
disease is indicated as well as the remaining time until the discharge (see also Figures S14 and S15, and Table S3).

(C) Trajectories (change of log,-transformed levels with time) for selected proteins. Sampling points during the peak period of the disease (STAR methods) are
considered. x axis: 0 - first time point measured at the peak of the disease, 1 -last. The y axis reflects the change relative to the first valid measurement during the peak
of the disease. Loess approximations are shown for patients, which did (blue), and did not (orange), require invasive mechanical ventilation. See also Figure S16.
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such as CRP or IL-6, also declined over time. Conversely, extracel-
lular matrix (ECM) proteins, such as ECM1, LUM, and immunoreg-
ulatory factors (e.g. AHSG, A2M Rehman et al., 2013, and HRG
Wakabayashi, 2013) and proteins involved in lipid metabolism
(e.g., APOC1, APOD, APOM, GPLD1, and PON1), and negative
APPs (e.g., ITIH1, Figure 3C), which are downregulated in severe
COVID-19 (Figure S6, summarized in Figure 5), increased over
time, approaching the baseline. This general alleviation of the initial
molecular phenotype of COVID-19 was consistently detected in
both mildly and severely ill patients (outlier trajectories discussed
in Note S3). Indeed, only 13 proteins showed differences in trend
depending on the WHO score (Figure S15). We provide visualiza-
tion of individual trajectories for all omics features measured be-
tween the first and the last time points sampled at the peak of
the disease (Figures 3C and S16).

Overall, the molecular patient phenotype reflected an initial
spike in the systemic inflammatory response, which alleviated
gradually, followed by a protein signature indicative of tissue
repair, metabolic reconstitution, and immunomodulation. This
was observed in both mildly and severely ill patients, highlighting
the early disease phase as a major molecular determinant of the
COVID-19 phenotype.

Proteomes and diagnostic clinical markers allow for
prediction of disease severity by machine learning

Using a machine learning algorithm based on gradient boosted
trees (STAR methods), we first evaluated the extent to which
diagnostic parameters and proteomes characterize treatment
requirements, as reflected by the WHO grade. Both proteomes
and clinical diagnostic parameters were highly discriminative of
the patient receiving invasive mechanical ventilation (WHO
grade 6 or 7, clinical laboratory values AUROC = 0.97, proteo-
mic data AUROC = 0.98, combined data AUROC = 0.99; Fig-
ure 4C). The machine learning models significantly outper-
formed the predictive scores derived from established
COVID-19 risk factors such as age, BMI, Charlson comorbidity
index (CClI), or molecular predictors such as CRP or IL-6 levels
(Figure 4C). In order to assess the transferability of the proteo-
mic predictors, we tested our model in an independent cohort
of 99 hospitalized patients with COVID-19 from another hospi-
tal in a different healthcare system (Innsbruck cohort, STAR
methods). The proteomic model trained on the main Charité
cohort demonstrated a comparably high patient stratification
performance when applied to this validation cohort (Figure 4D;
AUROC = 0.97). Scores reflecting the contribution of individual
proteins and clinical parameters to the machine learning model
are provided in Table S3. Of note, we were able to establish
machine learning models that not merely classified patients
based on severity but were able to predict the current WHO
severity grade from the proteome, from clinical measurements,
and both (Figure 4E). Again, combined proteomic and clinical
laboratory data performed best.

Having observed clear time trajectories for many proteins and
diagnostic parameters, we hypothesized that the molecular signa-
ture of the initial host response can be exploited for the prediction
of the future disease course. We started by investigating the po-
tential of using the levels of proteins and diagnostic parameters
for prediction of future clinical worsening, defined as progression
to a higher severity grade on the WHO scale, i.e., a requirement for
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supplemental low-flow oxygen therapy, high-flow oxygen ther-
apy, or invasive mechanical ventilation. Upon using a linear model
to account for current therapy (WHO grade) and age as covari-
ates, 11 proteins and 9 clinical laboratory markers were identified
as predictors of future worsening of the clinical condition, across
all treatment groups (STAR methods) (Figures 4Aand S17; Box 1).
Increased or decreased plasma levels of these proteins func-
tioning in inflammation (CRP, ITIH2, SERPINA3, AHSG, and
B2M), coagulation (HRG, and PLG), and complement activation
(C1R, and CFD), as well as levels of AGT and CST3, were predic-
tive of future clinical deterioration.

Next, we investigated the predictability of the remaining time
needed in the hospital for mildly ill patients with maximum WHO
grade 3. We identified 26 protein biomarkers and 14 routine diag-
nostic markers (Figures 4B and S18) that correlate with the time be-
tween the first sampling point and discharge from inpatient care.
The proteomic signature associated with a longer need for inpa-
tient treatment is characterized by proteins of the complement sys-
tem (C1QA, C1QB, and C1QC) and reflects altered coagulation
(KLKB1, PLG, and SERPIND1) and inflammation (CD14, B2M,
SERPINA3, CRP, GPLD1, PGLYRP2, and AHSG). As most of these
proteins are also predictors of the required treatment (Figure S6;
Table S3), we hypothesized that the time of inpatient care for
mild (WHO grade 3) cases correlates with the severity of the dis-
ease in these patients. To test this hypothesis, we generated ma-
chine learming models for WHO grade prediction, similar to those
shown in Figure 4E, but trained the model only on the first time
point data measured for each patient (to avoid using any future in-
formation with respect to that time point). We observed that the
predictions derived from the first time point data correlated with
the remaining time in the hospital (Figure 4F). We conclude that ma-
chine learning allows us to finely distinguish between more and less
severe patients within a single treatment group, i.e. WHO grade.

DISCUSSION

Upfront clinical decision making is essential for optimum treat-
ment allocation to patients as well as for efficient resource man-
agement within the hospital. For instance, early referral to inten-
sive care treatment units has been shown to improve prognosis
and outcome for patients with severe COVID-19 (Sun et al.,
2020). One of the peculiarities of COVID-19 is that the examin-
able clinical conditions of patients often do not reflect the true
severity of the disease, e.g., with respect to respiratory insuffi-
ciency. In contrast to patients with severe bacterial pneumonia,
patients with COVID-19 often clinically appear to be only slightly
affected, despite being in severe respiratory failure, a phenome-
non termed “happy hypoxemia” (Stawicki et al., 2020). Clinical
decisions therefore need to be supported by objective, molecu-
lar diagnostics. These diagnostic analyses help further in the
monitoring of therapies and clinical trials as they allow for deter-
mining the extent to which a given patient has deviated from the
disease trajectory that would be achieved without therapy.
Several recent investigations have identified protein bio-
markers and clinical parameters that classify patients with
COVID-19 according to disease severity and/or received treat-
ment (D’Alessandro et al., 2020; Laing et al., 2020; Liu et al.,
2020b; Messner et al., 2020; Overmyer et al., 2020; Schulte-
Schrepping et al., 2020; Shen et al., 2020; Shu et al., 2020;
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Figure 4. Predicting COVID-19 treatment requirement and future disease progression from the early molecular phenotype by using machine
learning.

(A) Selected proteins that are predictive (FDR < 0.05) of the future clinical deterioration of the disease (that is progression to a higher WHO grade in the future;
STAR methods). lllustrated are the log,-transformed levels of the proteins at the first sampling point upon correction (for visualization only) for the impact of the
WHO grade and age as covariates (Ritchie et al., 2015) (see also Figure S17).

(B) Selected proteins and routine diagnostic parameters predictive (FDR < 0.05) of the remaining time in hospital for patients receiving mild treatment (WHO grade
3). Statistical testing was performed by including patient’s age as a covariate (STAR methods). lllustrated are the log,-transformed levels of the proteins (upon
correction for age as a covariate, for visualization only) at the first sampling point, plotted against the remaining time in hospital (days) (see also Figure S18).
(C) Left: performance of a machine learning model characterizing the need for invasive mechanical ventilation, based on either the proteomic data, accredited
diagnostic parameters, or both. Right: comparison of the performance of a machine learning model characterising the need for invasive mechanical ventilation
based on proteomic data to established prognostic parameters.

(D) Prediction performance, based on the proteome, visualized as boxplots. Cross-validation predictions on the Charité cohort are shown in black, predictions of
a model trained on the Charité data and then applied to an independent cohort from another hospital (Innsbruck cohort) are shown in red.

(E) Prediction of the WHO grade itself using machine learning (cross-validated, first time point at the maximum treatment level for each patient is used, STAR
methods), based on either the proteome, clinical diagnostic parameters, or both. The performance of the proteomic model trained on the Charité cohort and
applied to the Innsbruck cohort is also shown.

(F) A machine learning model was trained to predict the level of necessary treatment (WHO grade) using the data (proteomics, clinical, or both) from the first time
point measured for each patient. Derived predictions for patients who did not receive supplemental oxygen at this time point (WHO = 3) were plotted against the
remaining time (days) in hospital for these patients.

Wynants et al., 2020). In other studies, the potential prognostic
value of several established and newly discovered markers for
predicting the future course of the disease was investigated,
e.g., for IL-6, ferritin, or resistin (Grifoni et al., 2020; Meizlish
etal., 2020). Yet, it remained challenging so far, to put their prog-
nostic value in relation to patient age and current level of care,
the two most important apparent characteristics for prognosis
in COVID-19. For instance, a patient at WHO grade 5 who re-
quires high-flow oxygen therapy is significantly more likely to
progress to mechanical ventilation and subsequently die than
an inpatient at WHO grade 3 that does not require oxygen sup-
port. Likewise, a 90-year-old patient at WHO grade 3 is signifi-
cantly more likely to progress to more severe disease and to
stay in the hospital for a longer period of time than a 20-year-
old patient at the same WHO grade.

To identify (1) which proteomic markers and laboratory param-
eters correlate with each other by being attributed to a common
biological or physiological response, and (2) which markers
reflect disease trajectories, we longitudinally phenotyped 139 in-
dividuals admitted at Charité University Hospital, Berlin, Ger-
many, between March 01, 2020, and June 30, 2020, due to
PCR-confirmed SARS-CoV-2 infection (Figure S2). We recorded
a large panel of 86 parameters with accredited diagnostic tests.
These tests capture the compendium of analytical parameters
that are available for the clinical routine. In parallel, we record
plasma proteomes using a recently developed mass spectrom-
etry platform. This platform introduced the use of analytical
(high-flow rate) chromatography to routine proteomics in order
to increase throughput and measurement precision to the scale
of clinical trials (Messner et al., 2020). The platform reaches a
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Box 1. Proteins predictive of future worsening, i.e., disease progression to higher WHO grade

HIGH LEVELS INDICATIVE OF POOR PROGNOSIS

AGT: Angiotensinogen: Conversion via angiotensin-converting enzymes ACE and ACE2 produces Angl/Angl| (pro-inflammatory,
vasoconstrictive, pro-fibrotic) and Ang1-7/Ang1-9 (anti-inflammatory, vasodilative, anti-fibrotic), respectively (Turner, 2015; Zhang
et al., 2020). Increased AGT likely reflects increased Angl/Angll due to SARS-CoV-2 mediated inactivation of ACE2 (Tay et al.,
2020) and subsequently predominant conversion of AGT to Angll. Angll correlates with viral load (Liu et al., 2020c) and has tissue
damaging effects (Zhang et al., 2020).

B2M: Beta-2-microglobulin: Component of major histocompatibility complex (MHC I) on all nucleated cells and platelets.
Released abundantly by activated platelets leading to pro-inflammatory M1-like macrophage polarization (Hilt et al., 2019). In-
crease of B2M has been associated with death in patients with chronic kidney disease (Makridakis et al., 2020).

C1R: Complement C1r: Initiator of the classical complement pathway (Hajishengallis et al., 2017).

CFD: Complement Factor D: Initiator of the alternative complement pathway by cleaving Factor B (CFB) to form the C3bBb alter-
native pathway convertase (Volanakis and Narayana, 1996).

CRP: C-reactive protein: Acute phase protein, strongly upregulated in inflammation and infection, including COVID-19.

CST3: Cystatin C: Biomarker of kidney function (Peralta et al., 2011).

SERPINAS: Alpha-1-antichymotrypsin: Protease inhibitor of neutrophil cathepsin G (Benarafa, 2015). When cleaved at reactive
site loop, it becomes stable to degradation and becomes a strong neutrophil chemoattractant (Banda et al., 1988; Potempa
et al., 1991)

LOW LEVELS INDICATIVE OF POOR PROGNOSIS

AHSG: Alpha-2-HS glycoprotein (Fetuin-A): Negative acute phase protein attenuating macrophage activation and neutrophil
degranulation (Ombrellino et al., 2001).

HRG: Histidine-rich glycoprotein: Negative acute phase protein, regulator of inflammation and immune response, clearance of
pathogens and cell detritus as well as coagulation and fibrinolysis through a variety of interactions (Poon et al., 2011; Wakabaya-
shi, 2013).

ITIH2: Inter-alpha-trypsin inhibitor heavy chain H2: Covalently linked to bikunin (AMBP), the complex binds to hyalarunan (HA)
to form serum-derived hyaluronan-associated protein (SHAP) which has matrix-stabilizing and immunomodulatory effects (Fries
and Blom, 2000; Zhuo et al., 2004).

PLG: Plasminogen, Plasmin: Mediator of fibrinolysis (Chapin and Hajjar, 2015). More recently, immunological functions including
neutrophil attenuation as well as macrophage efferocytosis and polarization from pro-inflammatory M1 to tissue-repairing M2

phenotype have been identified (Heissig et al., 2020).

similar proteomic depth as other contemporary mass spectrom-
etry technologies that address undepleted human plasma that is
constrained by its huge dynamic range (Anderson and Anderson,
2002) (Box 2 for the resources generated).

The comprehensive and time-resolved molecular phenotyping
of this patient cohort is complemented by a comparison with a
healthy population baseline (Generation Scotland [Smith et al.,
2006]) measured with the same proteomic platform (Messner
et al., 2020), and the characterization of an independent cohort
from an unrelated health care system (Innsbruck cohort, Austria)
for validating the created predictors. The measurements were
performed on samples collected during the early period of
COVID-19, i.e., before immunomodulatory treatments such as
dexamethasone became standard of care for severe COVID-
19 (RECOVERY Collaborative Group, 2020). Our data thus reflect
treatment-naive trajectories, which are of major value as base-
line data for future studies.

We report an initial spike in the early inflammatory host
response as a determinant for the future course of the disease.
As our results indicate, the patients in our cohort showed molec-
ular marker signatures of higher basal inflammation with
increasing age, which might be partially responsible for the
higher risk of severe COVID-19 in older individuals. While several

788 Cell Systems 12, 780-794, August 18, 2021

approaches of targeted anti-inflammatory treatment have not
been successful in preventing clinical deterioration in COVID-
19 so far (Stone et al., 2020), our study indicates that this special
population of older patients might benefit particularly from treat-
ments that mitigate the inflammatory host response. We report
numerous interdependencies between clinical laboratory
markers and alterations in proteomes, linking, for example, clin-
ical inflammatory markers to components of the complement
cascade and the coagulation system. Using machine learning,
we show that both plasma proteomes and the compendium of
established diagnostic parameters can be used for accurate
characterization of disease severity, significantly outperforming
established individual risk markers, such as CRP or IL-6 levels.
Of note, the combination of proteomic features and clinical lab-
oratory markers repeatedly showed the best performance in the
machine learning models. Furthermore, the models generated
could be transferred for prediction in an independent cohort
from another hospital and healthcare system, highlighting the
robustness of this approach and its translational potential.

We observed a considerable overlap between prognostic
markers and those that classify treatment according to COVID-
19 severity (Figure 5). Out of 49 prognostic markers, 41 corre-
lated with the WHO severity score. As an example, SERPINA3
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Box 2. Overview of resources generated

We provide deep and time-resolved resources that characterize COVID-19 at the level of plasma proteomes and established diag-
nostic parameters. We demonstrate the extent to which proteomes and diagnostic parameters interdepend, in initial response to the
disease and in dynamics during the disease course. We show how they change with age, differ depending on the disease severity,
reflect the therapy received and evolve over time. Our data have been acquired for COVID-19 patients’ samples and analyzed in the
context of general population proteomics (Generation Scotland) for which samples have been measured with the same proteomic
technology (Messner et al., 2020), but we also expect it to be of high value as a reference for studies of other types of viral pneumonia
as well as any investigations involving both routine clinical phenotyping and plasma proteomics.
Summary of the resource data generated in the study.
1. Covariation maps. We provide a covariation map between plasma proteins measured with at least 3 peptides and clinical lab-
oratory measurements (Figure 1B; Table S4). In addition, we provide a full covariation map between all features measured in
the study (Figure S3; Table S5) as well as a COVID-19 specific protein-protein covariation map (Figure S4; Table S6). Finally,

2. A map of plasma protein levels and clinical
(Figures S5 and S6; Table S3).

(Figures 3B, S14, and S15; Table S3).

S$17, and S18; Table S3).

Table S3).

we also provide a correlation map for the changes of different omics features with time (Figure S12; Table S7).
laboratory measurements depending on disease severity

3. Characterization of age-dependency of plasma protein levels and clinical laboratory measurements in COVID-19, and in
comparison with the general population (Figures 2C and S9-S11; Table S3).
4. Characterization of the dynamics of plasma protein levels and clinical laboratory measurements during the course of COVID-19

5. Characterization of the predictive power of plasma protein levels and clinical laboratory measurements in COVID-19 (Figures 4,

6. Proteomic and clinical signatures observed in severe COVID-19 patients undergoing RRT and ECMO (Figures S7 and S8;

(Alpha-1 antichymotrypsin) can be used for both the classifica-
tion of severity and prediction of future disease course. Both
SERPINA3 and SERPINA1, another classifier of severity,
possess anti-inflammatory properties and are involved in the
protection of tissues from neutrophil elastase- and cathepsin
G-mediated tissue damage (Benarafa, 2015). Our data show a
strong correlation of both serpins with levels of neutrophils and
NLR in peripheral blood. SERPINA1 is mainly produced by the
liver but it is also produced in epithelial cells, pulmonary alveolar
cells, tissue macrophages, blood monocytes, and granulocytes.
Hence, this finding presumably reflects a systemic response to
the increased NLR. After binding to effector enzymes, SERPIN-
proteinase complexes are normally rapidly cleared from the
blood but become resistant to degradation when cleaved
at the reactive site loop (Gettins and Olson, 2016). Cleaved
SERPINA1 and SERPINA3 have been shown to act as strong
neutrophil chemoattractants (Banda et al., 1988; Potempa
et al., 1991). The observed increase in levels of SERPINA1 and
SERPINA3 might therefore partly reflect the more stable, chemo-
attractant, pro-inflammatory cleaved forms, rather than the
short-lived tissue-protective proteins in severe COVID-19. Given
the prominent role of neutrophil activation in severe COVID-19
(Schulte-Schrepping et al., 2020), this finding merits further
investigation.

Our data also highlight angiotensinogen (AGT) as a marker for
future worsening. Activation of angiotensinogen occurs via the
protease renin and the endogenous angiotensin-converting en-
zymes ACE or ACE2. ACE converts angiotensin | (Angl) to pro-in-
flammatory, vasoconstrictive, and pro-fibrotic angiotensin Il (An-
gll) (Zhang et al., 2020). ACE2, in contrast, mediates conversion
of angiotensins | and Il to anti-inflammatory, vasodilative, anti-
fibrotic, and anti-oxidant angiotensins 1-9 (Ang1-9) and 1-7
(Ang1-7) (Turner, 2015). SARS-CoV-2 invades host cells of the

lung, heart, kidneys, and other organs via ACE2, resulting in
the internalization and downregulation of ACE2 (Hoffmann
et al., 2020; Tay et al., 2020; Zhang et al., 2020). Subsequently,
angiotensinogen is converted predominantly via ACE to Angll
and is less degraded by ACEZ2, resulting in Angll accumulation
(Batlle et al., 2012; Silhol et al., 2020). We can thus assume
that the higher plasma levels of AGT gene products in severely
ill patients, as measured in our study, mainly reflect the higher
levels of Angll. Importantly, we observed a strong correlation
of AGT with markers of acute kidney injury (AKI; creatinine,
urea; Figures S3 and S13; Table S5), a frequent complication
of COVID-19 and a risk factor for poor prognosis and fatal
outcome (Fu et al., 2020). Aggravated by the absence of tis-
sue-protective Ang1-7, elevated levels of Angll lead to activation
of the renin-angiotensin-system (RAS) and contribute to hypoxic
kidney injury (Kasal et al., 2020). Of note, apart from tissue
damaging effects, Angll has been shown to linearly correlate
with viral load and lung injury in SARS-CoV-2 infection (Liu
et al., 2020c).

Overall, many of the markers that are both classifiers and pre-
dictors of the future disease course are initiators of the inflamma-
tory response. This group includes some of the key initiators of
the complement cascade: C1QA, C1QB, C1QC, C1R, and
CFD. In contrast, severity markers without prognostic value
largely include downstream effectors of inflammation-associ-
ated damage, such as GSN and the circulating actins ACTBL2
and ACTB, ACTG1, and ECM1. Thus, this high-precision, high-
throughput approach can help us understand mechanisms of
immune-mediated organ damage on a molecular basis.

Despite the high resolution and high throughput of the mass
spectrometry platform deployed in our study, the direct transla-
tion of our results into clinical practice will require the develop-
ment of a clinical assay according to FDA or EMA standards.
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iation of individual plasma proteins, routine diagnostic and physiological parameters with severity, necessary

For each statistical test considered (association with WHO grade, prediction of the remaining time in hospital for patients at WHO grade 3, prediction of
worsening, i.e., progression to a higher WHO grade in the future, the trend during the peak period of the disease, association with RRT, association with ECMO
and association with higher patient age), measurements, which show significant differences are highlighted, with the color indicating the trend, e.g., red for CST3
in the “Association with COVID-19 severity” test indicates higher levels of CST3 in severely ill patients. Proteins for which MRMAssayDB (Bhowmick et al., 2018)
lists that a targeted proteomic assay has been developed are indicated with a black bar at the top. Proteins which change significantly with age in the Charité
COVID-19 cohort (FDR < 0.05) but do not change significantly (p < 0.05) with age in the general population (Generation Scotland cohort), are highlighted with a
white circle in the 7th row (“Association with age”). See also Figures S6-S8, $10, S11, S14, S17, and S$18, and Table S3.

We further note that the use of machine learning is currently not a
certified method to inform clinical decisions. However, in addi-
tion to multiple works that have successfully used machine
learning for clinical prognosis previously (see recent reviews
[Kelly et al., 2019; Lee and Lee, 2020; Nagendran et al., 2020;
Shah et al., 2019; Vollmer et al., 2020]), our results bear a strong
implication of the future potential of machine learning for clinical
applications, including personalized medicine. This calls for a
worldwide effort aimed at developing procedures, which would
allow reliable clinical validation of machine learning predictors,
their approval, and their routine deployment in the clinic.

In summary, by following a deeply phenotyped COVID-19 pa-
tient cohort over time at the level of the proteome and estab-

790 Cell Systems 712, 780-794, August 18, 2021

lished diagnostic biomarkers and physiological parameters, we
have created a rich data resource for understanding the extent
and progression of COVID-19. We have shown that an early
spike in the inflammatory response is a key determinant of
COVID-19, and that future disease progression is predictable
by using panels of accredited diagnostic parameters as well as
proteomic measurements from early time point samples. By us-
ing machine learning, we demonstrated that the proteome allows
to precisely characterize the patients’ phenotype and that the re-
sulting machine learning models are robust and perform accu-
rately when applied to samples from a different hospital and
healthcare system. Our study provides comprehensive informa-
tion about the key determinants of the varying COVID-19



Druckexemplare der Publikationen

83

Cell Systems

trajectories as well as marker panels for early prognosis that can
be exploited for clinical decision making, to devise personalized
therapies, as well as for monitoring the development of much
needed COVID-19 treatments.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Biological samples

Human Serum Sigma-Aldrich Cat# S7023-50MB
Human Plasma (EDTA, Pooled Donor) Genetex Cat# GTX73265
Chemicals, peptides, and recombinant proteins

Water for chromatography (LC-MS Grade) Merck Cat# 115333
LiChrosolv®

Acetonitrile (Acetonitrile, Optima™ LC/MS Fisher Scientific Cat# A955-212
Grade, Fisher Chemical™ )

Methanol (Optima LC-MS Grade, Fisher Fisher Scientific Cat# A456-212
Chemical)

DL-Dithiothreitol (BioUltra) Sigma-Aldrich Cat# 43815
lodoacetamide (BioUltra) Sigma-Aldrich Cat# 11149
Ammonium Bicarbonate (Eluent additive for Sigma-Aldrich Cat# 40867
LC-MS)

Urea (puriss. P.a., reag. Ph. Eur.) Honeywell Research Chemicals Cat# 33247H
Formic Acid, LC-MS Grade (Eluent additive Thermo Scientific™ Cat# 85178

for LC-MS) Pierce™

Trypsin (Sequence grade) Promega Cat# V511X
Mass Spec-Compatible Human Extract Promega Cat# V6951
Retention time peptides Biognosys iRT kit Biognosys Cat# Ki-30002-b
MS synthetic peptide calibration kit SCIEX Cat# 5045759
Deposited Data

Raw mass spectrometry proteomics data This study PXD025752

(commercial plasma and serum control
samples)

Software and algorithms

Proteomics data analysis via Deep Neural
Networks, DIA-NN

DIA-NN R package
ComplexHeatmap R package

EnvStats R package

Limma R package
eBayes R package

XGBoost 1.2.0 Python package
scikit-learn 0.23.2 Python package
scipy 1.5.2 Python package

Demichev et al., 2020
Demichev et al., 2020
(Guetal., 2016)
(Millard, 2014)

(Ritchie et al., 2015)
(Smyth, 2004)

(Chen and Guestrin, 2016)
(Pedregosa et al., 2011)
(Virtanen et al., 2020)

https://github.com/vdemichev/DiaNN

https://github.com/vdemichev/
diann-rpackage
https://github.com/jokergoo/
ComplexHeatmap
https://CRAN.R-project.org/
package=EnvStats
https://bioconductor.org/packages/limma/

https://github.com/cran/limma/blob/
master/R/ebayes.R

https://pypi.org/project/xgboost/1.2.0/
https://scikit-learn.org/0.23/
https://pypi.org/project/scipy/1.5.2/

Other

Zorbax RRHD Eclipse Plus 95A C18, 2.1 x
50mm, 1.8 um, 1200 bar

Infinitylab Poroshell 120 EC-C18,
2.1x50mm 1.9um

BioPureSPE Macro 96-Well,

100mg PROTO 300 C18

Agilent

Agilent

The Nest Group, Inc.

Cat# 959757-902

Cat# 699675-902

HNS S18V-L
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Markus
Ralser (markus.ralser@charite.de).

Materials availability
This study did not generate new unique reagents.

Data and code availability

® The processed proteomic and clinical source data is available in this paper’s supplemental information.

® The raw mass spectrometry proteomics source data for the quality control plasma and serum acquisitions has been deposited
to the ProteomeXchange Consortium via the PRIDE partner repository (Perez-Riverol et al., 2019) with the dataset identifier
PXD025752.

@ This paper does not report original code.

@ The machine learning scripts used to generate the figures reported in this paper are available in this paper’s supplemental in-
formation.

® Any additional information required to reproduce this work is available from the Lead Contact.

Experimental model and subject details

Charite patient cohort and clinical data

Patients were recruited within the Pa-COVID-19 study conducted at Charité - Universitatsmedizin Berlin, a prospective observational
cohort study on the pathophysiology of COVID-19. The study protocol has been described in detail before (Kurth et al., 2020). All
patients with PCR-confirmed SARS-CoV-2 infection were eligible for inclusion. Refusal to provide informed consent by the patient
or a legal representative and any condition prohibiting supplemental blood collection for serial biosampling were exclusion criteria.
Patients were treated according to current national and international guidelines. Three patients had Do Not Intubate and Do Not
Resuscitate (DNI/DNR) orders in place, declining mechanical ventilation and other organ support or cardiopulmonary resuscitation.
In 4 further cases, limitation of therapy was decided at a later time point according to the patient’s presumed wish (“secondary DNR”)
and predictably unfavorable outcome. All other patients received maximum intensive care treatment including organ replacement
therapies at the discretion of the responsible physicians.

Biosampling for proteome measurement was performed 3 times per week after inclusion. The WHO ordinal scale for clinical
improvement (Table S1) was used to assess disease severity. ARDS was defined according to the Berlin ARDS criteria (ARDS Defi-
nition Task Force et al., 2012). Sepsis was defined according to sepsis-3 criteria (Singer et al., 2016). The study was approved by the
ethics committee of Charité - Universitatsmedizin Berlin (EA2/066/20) and conducted in accordance with the Declaration of Helsinki
and guidelines of Good Clinical Practice (ICH 1996). The study is registered in the German and the WHO international registry for
clinical studies (DRKS00021688). Clinical data was captured in a purpose built electronic case report form data using the capture
system SecuTrial®. All routine laboratory parameters were analyzed in accredited laboratories at Charité - Universitatsmedizin Ber-
lin. Pseudonymized data exported from SecuTrial® were processed using JMP Pro 14 (SAS Institute Inc., Cary, NC, USA). If a lab-
oratory value was missing for a given day, values from up to two preceding days were used for the analysis.

Innsbruck Patient cohort and clinical data

Serum samples from 99 patients admitted to the intensive care unit at the Department of Medicine, University Hospital of Innsbruck
for the treatment of respiratory failure due to severe COVID-19 were collected within the first days (median 7.5, IQR 5-12) after admis-
sion. Written informed consent was either obtained before sampling or retrospectively after recovery, if patients were mechanically
ventilated at the time of sampling. COVID-19 was diagnosed on the basis of a (i) positive SARS-CoV2 PCR within the last 7 days prior
to study inclusion, (i) respiratory failure defined as a partial pressure of oxygen < 60 mmHg on arterial blood gas analysis or a pe-
ripheral oxygen saturation of < 90% and (jii) typical infiltrates on computed tomography scanning of the chest. Patients were treated
according to national guidelines. The study was approved by the local ethics research committee EK-Nr. 1107/2020, and EK-Nr.
1103/2020 for follow-up.

METHOD DETAILS

Materials

Water for chromatography (LC-MS Grade, LiChrosolv®, Merck; 115333), Acetonitrile (LC-MS Grade Optima; A955-212) and Meth-
anol (LC-MS Grade, Optima; A456-212) were purchased from Fisher Chemicals. DL-Dithiothreitol (BioUltra, 43815), lodoacetamide
(BioUltra, 11149) and Ammonium Bicarbonate (Eluent additive for LC-MS, 40867) were purchased from Sigma Aldrich. Urea (puriss.
P.a., reag. Ph. Eur., 33247H) and Formic Acid (Eluent additive for LC-MS, 85178) were purchased from Thermo Scientific. Trypsin
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(Sequence grade, V511X) was purchased from Promega. Control samples were prepared from Human Serum (Sigma Aldrich, S7023-
50MB) and Human Plasma (EDTA, Pooled Donor, Genetex GTX73265).

Mass spectrometry

Mass spectrometry-based proteomics analysis was performed as described previously (Messner et al., 2020) with minor adjust-
ments to the workflow (Figure S1). Semi-automated sample preparation was performed in 96-well format, using in advance prepared
stock solution plates stored at -80°C. Briefly, 5ul of thawed plasma samples were transferred to the pre-made denaturation/reduction
stock solution plates (55u1 8M Urea, 100mM ammonium bicarbonate (ABC), 50mM dithiothreitol) resuspended and incubated at 30°C
for 60 minutes. 5ul was then transferred from the iodoacetamide stock solution plate (100mM) to the sample plate and incubated in
the dark at 23°C for 30 minutes before dilution with 100mM ABC buffer (340pl). 220ul of this solution was transferred to the pre-made
trypsin stock solution plate (12.5pul, 0.1pg/ul) and incubated at 37°C for 17 h (Benchmark Scientific Incu-Mixer MP4). The digestion
was quenched by addition of formic acid (10% v/v, 25ul). The digestion mixture was cleaned-up using C18 96-well plates (Bio-
PureSPE Macro 96-Well, 100mg PROTO C18, The Nest Group) and redissolved in 60l 0.1% formic acid with shaking. Insoluble par-
ticles were removed by centrifugation and the samples transferred to a new plate.

Each 96-well plate contained 8 plasma and 4 serum sample preparation controls, and the acquisition workflow included a pooled
quality control sample every ~10 injections. Liquid chromatography was performed using the Agilent 1290 Infinity Il system coupled
to a TripleTOF 6600 mass spectrometer (SCIEX) equipped with lonDrive Turbo V Source (Sciex). A total of 5ul was injected, and the
peptides were separated in reversed phase mode using a C18 ZORBAX Rapid Resolution High Definition (RRHD) column 2.1mm x
50mm, 1.8um particles or Infinitylab Poroshell 120 EC-C18, 2.1 x 50mm 1.9 um particles. A linear gradient was applied which ramps
from 1% B to 40% B in 5 minutes (Buffer A: 0.1% FA; Buffer B: ACN/0.1% FA) with a flow rate of 800pul/min. For washing the column,
the organic solvent was increased to 80% B in 0.5 minutes and was kept for 0.2 minutes at this composition before going back to 1%
Bin 0.1 min. The mass spectrometer was operated in the high sensitivity mode. The DIA/SWATH method consisted of an MS1 scan
from m/z 100 to m/z 1500 (20 ms accumulation time) and 25 MS2 scans (25ms accumulation time) with variable precursor isolation
width covering the mass range from m/z 450 to m/z 850 (Messner et al., 2020). An lonDrive Turbo V Source (Sciex) was used with ion
source gas 1 (nebulizer gas), ion source gas 2 (heater gas) and curtain gas set to 50, 40 and 25, respectively. The source temperature
was set to 450 and the ion spray voltage to 5500V. System suitability was evaluated using synthetic peptides (Sciex 5045759, Bio-
gnosys Ki-30002-b) and human protein extracts (Promega V6951).

QUANTIFICATION AND STATISTICAL ANALYSIS

Data analysis

The data were processed with DIA-NN (Demichev et al., 2020), an open-source software suite for DIA / SWATH data processing
(https://github.com/vdemichev/DiaNN, commit 4498bd7) using a two-step spectral library refinement procedure as described pre-
viously (Messner et al., 2020), with filtering at precursor level g-value (1%), library g-value (0.5%) and gene group g-value (1%). Highly
hydrophobic peptides (reference retention time > 110 on the iRT scale) were discarded. Batch correction was performed at the pre-
cursor level as described previously (Messner et al., 2020), using linear regression for intra-batch correction (for each MS batch) and
control samples for inter-plate correction. Protein quantification was subsequently carried out using the MaxLFQ algorithm (Cox
et al., 2014; Pham et al., 2020) as implemented in the DIA-NN R package (https://github.com/vdemichev/diann-rpackage). One of
the 96-well plates (#12) featured technical replicates of a number of samples that were also analysed on other plates: in an extra batch
correction step, the median log,-protein levels across these replicates on plate 12 were matched to the respective median log,-levels
(across the same biological samples) throughout other plates, to correct protein levels on plate 12. Further batch correction was per-
formed for Innsbruck data, to match the mean log,-transformed protein levels in the respective control samples to log,-transformed
protein levels in control samples acquired for the Charité cohort. The Generation Scotland cohort proteomics raw data, which we
described previously (Messner et al., 2020), have been reanalyzed using the updated software pipeline, to ensure comparability.
Exclusion of precursors or proteins based on the data completeness was not performed.

Statistical testing was performed in the R environment for statistical computing, version 3.6.0 (R core team, www.R-project.org). All
protein and clinical laboratory measurements (except for standard and actual base excess, oxyhemoglobin and sO2) were first log,-
transformed, to ensure optimal performance of linear models assuming Gaussian errors, as well as to reduce the impact of outliers.
Imputation of the data was not performed, as all the statistical tests applied can accommodate missing values. Likewise, no data
filtering based on missing value rates was applied. For differential abundance testing, only protein groups matched to at least three
different unmodified peptide sequences were considered. Significance testing for a zero median (for analysing trajectories) or against
binary variables (worsening, death) was performed using the Wilcoxon W test or Mann-Whitney U test, respectively, as implemented
in the “wilcox.test” function of the “stats” R package. Testing against a continuous variable (e.g. when determining significance of
pairwise correlations) was performed using the Kendall Tau test, with the slope estimated using the Theil-Sen method, as imple-
mented in the “kendallTrendTest” function of the “EnvStats” (Millard, 2014) package. When covariates had to be taken into account,
we used linear modelling with the “limma” (Ritchie et al., 2015) R package, with P-values obtained using “eBayes” (Smyth, 2004).
Modelling with “limma” was likewise used to correct for these covariates for visualisation purposes. WHO grade was considered
as a “factor-type” covariate (resulting in a “limma” design matrix with one-hot encoding for different WHO grades). Multiple-testing
correction was performed using the Benjamini-Hochberg false discovery rate controlling procedure (Benjamini and Hochberg, 1995)
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as implemented in the “p.adjust” function of the “stats” R package. The adjusted p-values below 0.05 were considered significant.
Multiple-testing correction for differential abundance analysis was performed separately for proteins, for which MRMAssayDB lists a
targeted assay (Bhowmick et al., 2018), the rest of proteins measured, the clinical laboratory measurements and the clinical factors
(age, Charlson score, BMI, Horowitz index and FiO,, SOFA score), to ensure that the false discovery rate stayed below 0.05 for each
of these categories of features. Likewise, when determining the significance of correlations in correlation matrices, correction was
performed for each row or each column separately, to ensure less than 5% false discoveries in each row or column, respectively.
For correlation map visualisations, black points were used to indicate row-wise significant correlations, and black rectangles at
the border of the respective cell - column-wise significant correlations.

Quantities of gene products corresponding to open reading frames named IGxx (i.e. different types of immunoglobulin chains) were
summed together to generate quantities representative of the overall levels of immunoglobulin classes (IGHVs, IGLVs, etc). This does
not affect any conclusions of this work and was done purely to improve visualization and simplify the interpretation of the heatmaps
and correlation maps. Full protein level tables, including levels of individual immunoglobulin gene products, are provided in supple-
mentary materials. For visualisation, different WHO grades were color-coded throughout the manuscript (see Figure S2).

Markers of the disease severity

The first time point measured at the maximum WHO grade was chosen for each patient. For each omics feature, its values (log,-trans-
formed when necessary, as described above) were tested for a trend depending on the WHO grade. Age was included as a covariate
in the linear model as described above.

Markers varying with age in COVID-19

The first sampling time point measured was chosen per patient. For each omics feature, its values (log,-transformed when necessary,
as described above) were tested for a trend depending on age. The test was performed either using the Kendall Tau test (as described
above; Figures S9 and S10), or by accounting for WHO grade as a covariate in the linear model (as described above; Figures S11
and 5).

Markers of RRT and ECMO

For each omics feature, the P-value was calculated using the Mann-Whitney test, comparing between the median levels (log,-trans-
formed when necessary, as described above) across all sampling time points at WHO grade 7 in patients who did not receive the
therapy and the median levels (log,-transformed when necessary, as described above) across all sampling time points at WHO grade
7 after initiation of the respective therapy in patients who did.

Markers predictive of time in hospital

Patients, for which the first sampling time point before the outcome corresponded to the WHO = 3 severity grade (that is the patient
did not require supplemental oxygen on that day), were considered. Thus, no correction for disease severity was necessary. Testing
of levels (log,-transformed when necessary, as described above) of each omics feature (measured for the first sampling time point) vs
the remaining time in hospital (days) was performed by including age as a covariate in the linear model as described above.

Markers predictive of disease worsening

The first sampling time point measured was chosen per patient. Future disease worsening was defined as a future increase in the
WHO grade (for patients at WHO grade < 7) or death (for patients at WHO grade 7). For each omics feature, its levels (log,-trans-
formed when necessary, as described above) were compared between patients who did not worsen and patients who did, with
age and current WHO grade (as factor) included as covariates in the linear model as described above.

Peak period of the disease definition

When studying the dynamic changes in omics values during the disease course, we focused on the time points sampled when the
disease was the most severe for a particular patient. This allowed us to look at molecular changes over time without the need to take
into account the potential impact of changes in disease severity and the level of treatment. For each patient, we thus defined the
“peak period of the disease” as the time when the patient was receiving the most intensive treatment during their stay in hospital,
that is the time when the patient was at WHO grade 6 or 7, for patients who received invasive mechanical ventilation at some point,
or otherwise at their maximum WHO grade (3, 4 or 5).

Markers changing during the peak of disease

Only patients with at least two days between the first and last sampling time points at the peak of the disease (as defined above) were
considered. For each omics feature, a linear regression model was fitted for its levels (log,-transformed when necessary, as
described above) vs the day number (with the slope estimated using the nonparametric Theil-Sen method, as implemented in the
“kendallTrendTest” function of the “EnvStats” (Millard, 2014) R package), and the quantity slope,q; = (regression slope) * (number
of days between first and last time points) was calculated. A non-parametric approach was chosen because of its superior robust-
ness to outliers. A Wilcoxon W test was then applied to compare the median of slope,q; to zero. The values of slope,g; for each feature
are visualised in Figure S14. The non-parametric approach was chosen here due to its robustness with respect to outliers.
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Correlation maps

General correlation maps were generated using the values (log,-transformed when necessary, as described above) of features at the
first time point measured at the maximum WHO grade for each patient. The correlation map between feature changes during the peak
of the disease (as defined above) was generated by correlating the slope,q; values (as defined above). The map of significant protein
correlations not detected in the general population was generated by excluding all correlations which were either significant (P <=
0.05, without multiple-testing correction) with the same trend in the Generation Scotland cohort, or could not be calculated reliably
therein (less than 20 valid points).

Prediction of current mechanical ventilation

To reflect the power of omics measurements in characterising the phenotype, a classifier was constructed to predict mechanical
ventilation (WHO grade > 5) at the present time point using the proteomic and/or accredited diagnostic data. For the proteomic
data only proteins characterized by at least 3 peptides were taken into account. The first time point measured at the maximum
WHO grade was selected per patient. We used a gradient boosted tree algorithm implemented in the XGBoost 1.2.0 (Chen and
Guestrin, 2016) under Python 3.8.1. The classifier was constructed using leave-one-out cross-validation. To circumvent overfitting
a subsampling of 0.5 of the training data per boosting step and an L2 regularization term “lambda” of 20 were applied.

For the assessment of classifier performance, the leave-one-out method was applied in the following way: the prediction was made
for each sample separately, by excluding (withholding) this sample from the dataset, training the classifier on the remaining (indepen-
dent) samples and then predicting the withheld sample using the trained model. The source code is provided in supplementary ma-
terials. For the determination of the feature importances, one classifier was trained on all data points using the same setup as
described above. The feature importances were then extracted directly from the trained classifier.

For the validation of the trained models, samples from an independent cohort (Innsbruck) were used. A model was trained on the
data collected at the Charité using the same setup and parameters as described above and the proteins that were characterized in
both cohorts. The evaluation was performed on the Innsbruck cohort that was not used for training. ROC-curves and AUC were
calculated using scikit-learn 0.23.2 (Pedregosa et al., 2011). The machine learning scripts are provided in Data S1.

WHO grade prediction

For the prediction of the WHO grade an elastic net was applied as implemented in scikit-learn 0.23.2. The WHO grade was predicted
for the first time point at maximum WHO grade per patient using a leave-one-out cross-validation procedure. A training/prediction
based on proteomic (proteins with at least 3 peptides) and/or accredited diagnostic data from the Charité cohort was performed.
Additionally, the proteomic model was validated using proteomic data set from the Innsbruck cohort that was not included in the
training. Features with more than 10% missing values were removed. All data were log,-transformed when necessary (as described
above), standardized and kNN-imputed (5 neighbors). The latter two steps were fitted on the training data only. For the elastic net an
“I1_ratio” of 0.05 was used coupled to a 5-fold cross-validated recursive feature-elimination algorithm (“step” = 10, “min_features” =
20). Calculations of metrics were performed using scikit-learn 0.23.2 and scipy 1.5.2 (Virtanen et al., 2020). The machine learning
scripts are provided in Data S1.

Prediction of the remaining time in hospital

For the prediction of the remaining time in hospital a WHO grade predictor as described above was trained on the first data points for
every patient. The predicted WHO grades for every patient at WHO grade 3 who stayed in hospital for at least 1 day after sample time
were correlated to the remaining time in hospital. The Spearman correlation was calculated using scipy 1.5.2. The machine learning
scripts are provided in Data S1.

Supplementary Note 1. Diagnostic parameters and Proteome signatures that indicate therapeutic interventions
We investigated to what extent specific organ replacement therapies in severely ill patients, (renal replacement therapy (RRT) and
extracorporeal membrane oxygenation (ECMO)) were reflected in the proteome and at the level of accredited diagnostic parameters.
HP and HPX were reduced in patients on RRT and ECMO, reflecting hemolysis in the extracorporeal circuits (Figures S7 and S8).
Elevated SERPINC1 (Antithrombin Ill) levels mirror substitution of antithrombin during ECMO. The reason for elevated levels of
APOE in patients with ECMO is unclear, but is in line with reports on increased levels of APOE in pediatric patients after cardiopul-
monary bypass (Agirbasli et al., 2015). The proteins increased in patients receiving RRT mainly reflect impaired kidney function and
have been associated with RRT before (AMBP, B2M, CST3, LYZ, RBP4, Figure S7) (Shao et al., 2015). Of note, increased levels of
AMBP, B2M and LYZ have been associated with death in chronic kidney disease (Makridakis et al., 2020). Levels of CFD and APOH,
both involved in the complement system, were also increased (McDonnell et al., 2020; Volanakis and Narayana, 1996). CFD is elim-
inated renally and accumulates in end stage renal disease, possibly leading to enhanced complement activation via the alternative
pathway (Pascual et al., 1988). In contrast, levels of APOH have even been reported to be slightly lower following high-flux hemodi-
alysis (Han et al., 2018).

We note that the analysis of the effect of treatments on the proteome has two limitations. First, some of the markers identified might
be prognostic for the treatment rather than reflect its effect. Age and the Charlson comorbidity index belong to this category: patients
receiving ECMO were significantly younger and had a lower number of pre-existing chronic conditions than those who did not.
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Second, the results might be partially confounded by the time elapsed from the onset of the disease, as we have shown (Figure 3) that
omics signature changes with time in COVID-19 patients while on invasive mechanical ventilation.

Supplementary Note 2. Age-specific response to COVID-19 in the context of severity markers

Older age is one of the most significant risk factors for severe disease and adverse outcome in COVID-19. Enhanced understanding
of underlying mechanisms for the age-specific response to SARS-CoV-2 infection is therefore important and needed for the devel-
opment of effective age-specific strategies for prevention and treatment. Furthermore, dissecting the age-specific components of
the host response will improve our knowledge of the pathogenicity of similar viruses, making the world better prepared for future
pandemics. Current theories characterizing the link between the higher age and risk for severe disease include immunosenescence,
elevated baseline inflammation, or altered protein glycosylation landscape leading to impaired antiviral response or reduced immune
tolerance (Franceschi et al., 2018; Goronzy and Weyand, 2013; Rea et al., 2018; Tay et al., 2020). However, a detailed and mecha-
nistic understanding of the relation between COVID-19 and aging is lacking. In this work, we leverage the large size and high precision
of the proteomic data acquired to map the age-related response to COVID-19, to provide a reference dataset (Figures 2C, 5, and S11)
for future studies addressing this problem.

We report elevation of several inflammatory and acute phase proteins such as SERPINA3, ITIH4, SAA1, and ITIH3 in older patients
with COVID-19. SAA1 has been shown to induce macrophage polarization to the M2-type which promotes tissue repair but also pos-
sesses pro-fibrotic properties involved in the pathogenesis of pulmonary fibrosis (Liu et al., 2014; Page et al., 2012; Wermuth and
Jimenez, 2015). Moreover, SAA1 mediates displacement of APOA1 from HDL leading to loss of the cardio- and vasoprotective prop-
erties of high density lipoprotein (HDL) (Gordon, 2014). SERPINAS, as discussed above, has an ambivalent role as a neutrophil pro-
teinase inhibitor but also a powerful neutrophil chemoattractant. Upregulation of SERPINA3 with age in COVID-19, along with the
higher neutrophil-to-lymphocyte ratio, suggests that excessive neutrophil response is one of the aggravating factors in older
COVID-19 patients. Taken together, our findings point toward a disproportionately dysregulated inflammatory response to SARS-
CoV-2 with age, which may be explained by an increased baseline inflammation and immunosenescence in older patients (Chung
et al., 2019; Ferrucci et al., 2005; Soysal et al., 2016). Age-dependent increase of FBLN1 and decrease of KLKB1 reflect alterations
in blood coagulation which may aggravate this effect by predisposing older patients to thromboembolic events, one of the key clinical
characteristics of severe COVID-19.

Interestingly, a number of apolipoproteins displayed a strong age-specific signature in COVID-19. For instance, APOC2, a compo-
nent of chylomicrons, very low density lipoprotein (VLDL) and high density lipoprotein (HDL), and activator of lipoprotein lipase
involved in triglyceride metabolism (Ramasamy, 2014), was downregulated with age in COVID-19, but upregulated with age in the
general population (Harris et al., 2017; Peters et al., 2015) (Figure 2C). Dysregulation of apolipoproteins has been observed in com-
munity acquired pneumonia and associated with unfavourable outcome (Sharma et al., 2017). Remarkably, contrary to the general
trend, APOD, APOC3 and APOE show opposite trends in older COVID-19 patients and in severe disease (Figure 5). APOD is ex-
pressed by many tissues, including the brain (Dassati et al., 2014). An increase in APOD has been previously observed in ischemic
stroke and CNS inflammation and may reflect (subclinical) involvement of the central nervous system especially in older patients with
more severe inflammation and more comorbidities (Muffat and Walker, 2010). Conversely, high levels of APOD have been shown to
temper coronavirus-mediated encephalitis in mice, indicating its role as a marker of CNS damage as well as tissue protection and
repair (Carmo et al., 2008). APOE, involved in inflammation, immune response and lipid metabolism, is upregulated in severe
COVID-19 but downregulated with age in this cohort. APOE typically mediates anti-inflammatory effects by downregulation of
NFkB and inhibition of macrophage response to IFNy and TLR3, both mediators of viral immune response. Moreover, it neutralizes
bacterial LPS and enhances the adaptive immune response by facilitating antigen presentation (Figueroa et al., 2019). Downregula-
tion with age may reflect a compromised immune response leading to over-activation of NFkB and insufficient pathogen clearance in
older patients. Finally, APOE has been described to reduce proliferation of myeloid progenitor cells (Murphy et al., 2011) and to
reduce myeloid derived suppressor cell (MDSC) survival in mice (Tavazoie et al., 2018). Thus, lower levels of APOE in the elderly
may favor expansion of immature and dysfunctional neutrophils that have been described as a hallmark in severe COVID-19
(Schulte-Schrepping et al., 2020). This broad involvement of APOE merits further investigation in future studies.

Supplementary Note 3. Diverging trends at the proteome level during the disease peak in individual patients

Some patients (59, 90, 96, 123) who died exhibited protein concentration trajectories distinctly similar to “typical” survivors (Fig-
ure 3B). Two of them (59, 90) had a prolonged ICU stay with repeated septic episodes and finally defined limitations of therapy ac-
cording to presumed patients’ wishes (“secondary DNR”). Their protein signatures probably reflect the phenomenon of immune pa-
ralysis that can follow bacterial sepsis associated with a prolonged ICU treatment (Patricio et al., 2019). One patient (96) was receiving
ongoing immunosuppressive therapy for an autoimmune disorder, and a fourth patient (123) had a history of kidney transplantation,
both died of septic shock. Whether the particular group of solid organ recipients shows a distinct protein signature associated with
the outcome requires further investigation.
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We also note that some surviving patients do not show a trajectory characteristic of the typical ‘alleviation’ of the proteomic pheno-
type (WHO = 4: 58, 106, 153; WHO = 6 or 7: 43, 80). Specifically, the proteomic response in patients 106, 153 and 141 was indicative
of overall ‘worsening’ of the proteome (Figure 3B). In contrast, patients 43 and 80 exhibited the overall ‘alleviation’ of the proteome,
except for the spike in the levels of CRP and serum amyloid (Figure 3B). Shorter time spans between sampling days may explain
these observations in four of these patients (43, 58, 80, 106), indicating that the host inflammatory response requires a certain
time to resolve, especially in more severely ill patients, and some of the markers of systemic inflammation might linger, whereas a
typical alleviation of the proteomic signature can be observed even within a few days in moderate disease courses. The unusual
pattern of patient 153 was likely confounded by a skin infection that subsequently required antibiotic treatment.
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Abstract

Global healthcare systems are challenged by the COVID-19 pandemic. There is a need to opti-
mize allocation of treatment and resources in intensive care, as clinically established risk
assessments such as SOFA and APACHE Il scores show only limited performance for predict-
ing the survival of severely ill COVID-19 patients. Additional tools are also needed to monitor
treatment, including experimental therapies in clinical trials. Comprehensively capturing

human physiology, we speculated that proteomics in combination with new data-driven analy-
sis strategies could produce a new generation of prognostic discriminators. We studied two
independent cohorts of patients with severe COVID-19 who required intensive care and inva-
sive mechanical ventilation. SOFA score, Charlson comorbidity index, and APACHE Il score
showed limited performance in predicting the COVID-19 outcome. Instead, the quantification
of 321 plasma protein groups at 349 timepoints in 50 critically ill patients receiving invasive
mechanical ventilation revealed 14 proteins that showed trajectories different between survi-
vors and non-survivors. A predictor trained on proteomic measurements obtained at the first
time point at maximum treatment level (i.e. WHO grade 7), which was weeks before the out-
come, achieved accurate classification of survivors (AUROC 0.81). We tested the established
predictor on an independent validation cohort (AUROC 1.0). The majority of proteins with high
relevance in the prediction model belong to the coagulation system and complement cascade.
Our study demonstrates that plasma proteomics can give rise to prognostic predictors substan-
tially outperforming current prognostic markers in intensive care.

Author summary

Healthcare systems around the world are struggling to accommodate high numbers of the
most severely ill patients with COVID-19. Moreover, the pandemic creates a pressing need
to accelerate clinical trials investigating potential new therapeutics. While various biomarkers
can discriminate and predict the future course of disease for patients of different disease
severity, prognosis remains difficult for patient groups with similar disease severity, e.g.
patients requiring intensive care. Established risk assessments in intensive care medicine
such as the SOFA or APACHE II show only limited reliability in predicting future disease
outcomes for COVID-19. In this study we hypothesized that the plasma proteome, which
reflects the complete set of proteins that are expressed by an organism and are present in the
blood, and which is known to comprehensively capture the host response to COVID-19, can
be leveraged to allow for prediction of survival in the most critically ill patients with COVID-
19. Here, we found 14 proteins, which over time changed in opposite directions for patients
who survive compared to patients who do not survive on intensive care. Using a machine
learning model which combines the measurements of multiple proteins, we were able to
accurately predict survival in critically ill patients with COVID-19 from single blood samples,
weeks before the outcome, substantially outperforming established risk predictors.
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Introduction

The COVID-19 pandemic has brought health systems around the globe to the brink of col-
lapse. Capacities for intensive care treatment of patients with organ failure have reached their
limits in many regions with intense SARS-CoV-2 transmission and were often central to politi-
cal decisions regarding restrictions on public life, e.g. through contact restrictions or lock-
downs. The global impact of the pandemic increases the pressures to devise new clinical
approval strategies so that potential therapeutics can be identified and tested faster, at higher
accuracy, and in clinical trials with smaller sample sizes [1]. Various models for classification
of disease severity and for prediction of clinical trajectories and outcome have been developed
for COVID-19, based on laboratory measurements, clinical scores, imaging, and omics tech-
nologies [2-5]. These pointed to the importance of specific immune cells, inflammatory and
antiviral cytokines and chemokines, as well as the coagulation cascade in COVID-19 disease
progression [5-13]. They predict the risk of the future need for mechanical ventilation in the
heterogeneous group of patients at early time points, e.g. at admission to the hospital, when
clinical parameters and biomarkers differ substantially between mildly affected and severely ill
patients [2-5,14].

Treatment decisions within the most severely ill patients, for instance whether a patient
should be treated with extracorporeal membrane oxygenation (ECMO), have a major
impact on resources. Currently, such decisions are often based primarily on the patient’s
age, comorbidities, and established intensive care prognosis models, such as the Sequential
Organ Failure Assessment (SOFA) or Acute Physiology and Chronic Health Evaluation
(APACHE II), which assess the patient on the basis of a combination of established clinical
and laboratory risk parameters [15,16]. However, the predictive values of both SOFA and
APACHE II for the most critical forms of COVID-19 are limited [17-19], creating a diag-
nostic gap and imminent need for reliable predictors, specifically validated in severely ill
COVID-19 patients, to guide and tailor efforts in treating these critically ill patients. More-
over, the lack of reliable predictors increases the challenge of interpreting the results of
early phase clinical trials, which typically enroll low numbers of patients. Indeed, testing
for the success of a clinical intervention requires classification of divergent clinical trajecto-
ries within more homogeneous groups, such as WHO grade 7 patients. At least in COVID-
19, this is hampered by the fact that molecular signatures within a group of patients with
comparable disease severity are considerably more similar when compared to the differ-
ences between mild and severe patients [6,7,14].

Plasma proteomics holds the promise of integrating the genetic background of an individ-
ual with their life history, physiological, nutritional, and demographic parameters, and hence,
have the potential to form the foundation of a new generation of predictors [20-24]. Among
the spectrum of proteomic technologies available, mass spectrometry has the appeal that once
markers are identified, they allow for the direct generation of targeted panel assays measurable
by selective reaction monitoring (SRM), simplifying their implementation into clinical rou-
tine. Recently, new mass spectrometry based proteomic technologies have been developed to
increase throughput and measurement precision, so that the path from discovery to applica-
tion is simplified [6,25-28].

We studied proteomes of two well characterized cohorts of the most severely ill patients
with COVID-19 in two independent health care centers (Charité-Universitdtsmedizin Ber-
lin, Germany, and Medical University of Innsbruck, Austria) who gave informed consent
to deep clinical and molecular phenotyping [14,19,29]. Using a recently published dataset
from our group [14], we specifically assessed whether proteomic measurements can be
used to predict the outcome (death vs. survival) of severe COVID-19 from time series data,
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as well as from samples taken at key clinical decision points. We found 14 protein concen-
tration trajectories that, over the timeline of disease progression, distinguish survivors
from non-survivors. Moreover, a machine learning (ML) model, based on parenclitic net-
works, generated accurate prognosis on single time point samples that were collected once
the patient reached the maximum treatment level. Emphasizing the prognostic potential of
the proteome, this sample was, in median, taken 39 days before outcome. The ML predictor
trained on these samples substantially outperformed established clinical risk scores and
predicted the outcome among a group of severely ill patients with similar clinical presenta-
tion with high accuracy.

Results

The exploratory cohort used for marker identification and model generation consisted of the
50 most severely ill COVID-19 patients out of a cohort of 168 patients with varying disease
severity, treated between 15 March and 16 September 2020 at Charité University Hospital, Ber-
lin, Germany, a tertiary care referral centre for the treatment of ARDS with associated weaning
centre (Fig 1A) [14,19,29]. There were no treatment restrictions due to shortages of intensive
care capacity at the time of this patient cohort. The 50 patients selected for the study were
treated in intensive care with invasive mechanical ventilation plus additional organ support
such as renal replacement therapy (RRT), ECMO, or vasopressors, corresponding to grade 7
on the WHO Ordinal Scale for Clinical Improvement. Patients with limitations of therapy
according to their wish were excluded. Thirty-six (72%) patients required RRT, 19 (38%)
patients were treated with ECMO, and 16 (32%) patients were treated with both RRT and
ECMO. Fifteen (30%) patients died. Median time of hospitalization in survivors was 63 days
(n = 35, IQR 44-89). Median time from admission to death was 28 days (n = 15, IQR 16-43).
Patient characteristics are shown in S1 Table. The details on the proteomic workflow, protein
detection rates, as well as patient trajectories are provided in S1 and S2 Figs of our previous
work [14].

Within this treatment group of critically ill COVID19 patients, the Charlson Comor-
bidity Index [30,31] performed poorly in classifying survivors from non-survivors by
AUROC values of 0.63 (P = 0.16, Fig 2A). From a time-resolved data resource for the
PA-COVID-19 study, spanning over a compendium of clinical parameters, plasma prote-
omes, cell counts, enzyme activities, and outcomes [14], we further determined the SOFA
and APACHE II scores. These scores, too, could not confidently distinguish survivors
from non-survivors (Fig 2A, AUROC = 0.68, P = 0.05 for APACHE II score at ICU admis-
sion, and AUROC = 0.65, P = 0.11 for SOFA score at the time of first sampling at WHO
grade 7).

Studying the plasma proteomes [14] we found 78 proteins for which the concentration
changed significantly during the patients’ disease course. Out of these proteins, 14 were
found to change differently over time for survivors and non-survivors (Fig 1B, Fig 1C).
Patients with fatal outcomes were characterized by a significant increase in inflammatory
proteins over time (SAA1, SAA2, CRP, ITIH3, LRG1, SERPINA1, SERPINA10 and LBP).
Conversely, the levels of these proteins in plasma decreased over time in survivors. More-
over, anti-inflammatory proteins (SERPINA4, A2M) decreased over time in non-survivors,
indicating a persistent pro-inflammatory signature. Similarly, two key proteins of the coag-
ulation system, thrombin (F2) and plasma kallikrein (KLKB1), known to be decreased in
severe COVID-19 [12,14], further decreased over time in non-survivors, while increasing
in survivors.
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Fig 1. Protein concentration trajectories that differentiate survivors of critical COVID-19 from non-survivors. a) Fifty
Patients with PCR-confirmed COVID-19 treated at Charité University Hospital Berlin, Germany, were sampled
longitudinally, to generate high-resolution time series for 321 protein quantities. In parallel, precise clinical phenotyping was
performed, including recording of intensive care and disease severity scores, treatment parameters, and outcome
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(PA-COVID-19 data resource [14]). b) Protein level trajectories over time (FDR < 0.05), for which time-dependent
concentration changes (y-axis: log2 fold change) during the peak of the disease differentiate survivors from non-survivors in
critically ill patients (Methods). c) as b) but expressed as boxplots (log2 fold change last vs first day). Figure created with
BioRender.com.

https://doi.org/10.1371/journal.pdig.0000007.g001

For diagnostic purposes and treatment decisions time series data is however impractical to
obtain. We therefore explored the potential of using single time point samples to predict out-
come. We chose the earliest sample obtained after the critical decision regarding escalation of
treatment, i.e. the earliest sample obtained at the maximum treatment level (WHO grade 7), to
generate an outcome predictor. The median time from sampling until the outcome was 39
(IQR 16-64) days in our cohort. Using 57 proteins for which targeted mass spectrometric
assays (MRM assays) as listed in the MRMAssayDB [32] are available, indicating that they
have been selected for a clinical or biomedical indication also in other context, we established
a machine learning model based on parenclitic networks, a graph-based approach in which
networks representing the deviation of an individual from the population are derived [33,34].
The networks are generated by considering every pair of analytes (proteins) individually and
calculating the respective edge weight as the estimated probability of fatal outcome based on
this pair of proteins. Predictive models are then generated by considering the topological dif-
ferences between networks from individual cases (non-survivors vs. survivors) (Methods). We
achieved high prediction accuracy on the test subjects, who were excluded when training the
machine learning model (in a cross-validation fashion, see Methods), with AUC = 0.81 (95%
CI 0.68-0.94) for the receiver-operating characteristic (ROC) curve (Fig 2B). Out of the 25
proteins with the highest relevance in the parenclitic model, 15 are components of the coagula-
tion system and 8 proteins belong to the complement cascade (52 Table). To further demon-
strate that the proteomic data contains sufficient physiological information to allow outcome
prediction, i.e. that the results are not restricted to a specific algorithm, we also tested a model
based on a support vector machine (SVM). The SVM proved to be capable of survival predic-
tion as well, albeit with inferior performance compared to the parenclitic network (S1 Fig).

To independently validate the potential of the plasma proteome to predict outcomes in crit-
ically ill COVID19 patients, we examined the performance of the parenclitic network trained
on our prime cohort (Charité) on an independent cohort of 24 patients with critical COVID-
19 from Austria (survival n = 19, death n = 5, median time between sampling and outcome 22
days, interquartile range 15-42 days) (‘Innsbruck’ cohort, Methods). Despite the validation
cohort originating from a different hospital and health care system, the machine learning
model demonstrated high predictive power on this independent cohort (AUROC = 1.0,

P =0.000047, Fig 2C). Using the cutoff value for survival prediction derived from the Charité
cohort, the model correctly predicted the outcome for 18 out of 19 patients who survived and
for 5 out of 5 patients who died in this independent ‘Innsbruck’ cohort.

Discussion

The prognostic value of several biomarkers (e.g. CRP, IL-6, ferritin) and clinical scores for pre-
dicting disease progression in COVID-19 at early disease stages, e.g. at hospital admission, is
now well established [35,36]. For the comparatively homogeneous subgroup of severely ill
patients already requiring mechanical ventilation and additional organ support, prediction of
future disease trajectories and outcome (survival or death) is by far more challenging, and only
limited data exist [17,37,38]. Moreover, clinical severity scores are often not validated for
unconscious patients, and laboratory measurements are frequently confounded by intensive
care treatment. Outcome of ICU patients may further be critically determined by resource
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Fig 2. Prediction of survival or death in critically ill patients, from the first sampling time point at intensive care treatment
level (WHO grade 7). a) Performance of established ICU risk assessment indices (APACHE II, SOFA and Charlson comorbidity
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index) calculated at the time of ICU admission (APACHE II, Charlson comorbidity index) or at the first time point at WHO grade
7 (SOFA score) in predicting the outcome in critically ill patients. b) Prediction of survival or death in critically ill patients using
proteomics. A machine learning model based on parenclitic networks (Methods) was trained on the samples of the Charité cohort
closest to the time point of treatment escalation during intensive care (start of ECMO, RRT or vasopressors, i.e. WHO grade 7).
The performance was assessed on the test samples, which were held out during training. Upper panel: The ROC curve indicates
correct classification of survival vs non-survival with an AUROC of 0.81 (95% CI 0.68-0.94). Middle panel: The proteomic
classifier was used to predict the probability of survival and non-survival, which is significantly different between the groups.
Lower panel: Kaplan-Meier survival curves using a threshold of predicted probability (0.678) chosen to maximize Youden’s ]
index (J = sensitivity + specificity—1). Log-rank test was used to compare survival rates between patients with predicted death
risk < 0.678 (black) and > 0.678 (orange). ¢) (upper, middle, and lower panels): The model trained on the Charité cohort, was
tested on an independent cohort (Innsbruck). d) Exemplary parenclitic networks from two patients in the independent Innsbruck
cohort. Edges with weights > 0.5 are shown. Left panel: a network predicting low probability of death in a surviving patient. Right
panel: a network predicting high probability of death in a non-survivor.

https://doi.org/10.1371/journal.pdig.0000007.9002

constraints, the varying level of experience with organ replacement therapies or the rates of
superinfection, rendering prediction complex [38]. On the other hand, patients in intensive
care units, and particularly those in need of special organ replacement therapies such as
ECMO, require a disproportionately large share of resources compared to other patients, so
decisions to initiate such therapies should be based on the best information and assessment
possible. Prognostic tools in critically ill patients are hence of crucial importance to guide and
tailor the treatment efforts. This is particularly true in a situation when health care systems are
overstrained. Another key potential for the use of outcome predictors is clinical trial monitor-
ing, where measurements of prognostic molecular signatures over time can be used to evaluate
experimental therapies on an individual, time-resolved basis. Moreover, an accurate outcome
predictor would allow us to test whether a given treatment changes the predicted trajectory of
an individual patient.

Previously, we and others investigated plasma proteome alterations in COVID-19 [6-
8,10,12,14], which show a remarkable ability to classify the severity of disease. For instance, our
investigations showed that the host response in the early inflammatory phase creates a strong
signature in the plasma proteome, and is critical as well as predictive about the future disease
progression in severe COVID-19 [14]. New proteomic platform technologies have significantly
gained precision and throughput compared to their predecessors, rendering the application of
multivariate regression models more effective and bringing them increasingly close to routine
clinical use [6]. Importantly, even without platform technologies, biomarkers identified in
proteomic profiles can be translated into clinical use, e.g. by using standard techniques such as
selective reaction monitoring (SRM) for the quantification of protein panels, or enzyme linked
immunosorbent assays (ELISA) for the sensitive quantification of individual biomarkers.

Here, we show that an increase in specific inflammatory and acute phase proteins over time
(e.g., SAAL;SAA2, CRP, ITIH3, LRG1, SERPINA1, and LBP) is associated with the risk of
death from COVID-19, while an increase of kallikrein (KLKB1), kallistatin (SERPINA4),
thrombin (F2), apolipoprotein C3 (APOC3), GPLD1, and the protease inhibitor A2M, is asso-
ciated with survival. Interestingly, we and others have found all of these proteins to also be dif-
ferentially expressed depending on disease severity in COVID-19 [6,7,10,12,14]. Moreover,
there is substantial overlap with a panel of proteins predictive of mortality in COVID-19 iden-
tified by Vollmy et al. [39]. Hence, despite only a subset of proteins that are differentially con-
centrated depending on disease severity predict outcome, and the fact that typical single-
centre ICU studies are conducted on small numbers of patients, this result indicates a high
congruence and reproducibility of plasma proteome signatures across studies.

SAAL;SAA2, CRP, ITIH3, SERPINA1 are acute phase proteins that are also dysregu-
lated in other inflammatory states including sepsis [40]. Increased LRG1 and LBP as well
as decreased A2M [40,41] are indicators of an ongoing immune response, complementing
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the general pro-inflammatory signature of these predictive proteins. APOC3 and GPLD1
are involved in lipid metabolism, which has been shown to be dysregulated in bacterial
pneumonia, thereby associated with unfavorable outcomes [42]. Kallikrein is involved in
the blood coagulation system, fibrinolysis, and the complement cascade, three systems
known to be dysregulated in COVID-19 [43-45]. It mediates the cleavage of kininogen to
bradykinin and des-Arg®-bradykinin, a potent vasoactive peptide which is counter-regu-
lated by ACE2, the cell entry receptor for SARS-CoV-2. Since the loss of ACE2 in COVID-
19 supposedly leads to an imbalance of bradykinins, inhibition of the kallikrein-kinin sys-
tem has been discussed as a treatment strategy in COVID-19 [46-48]. This hypothesis is
not supported by our data, which indicate improved prognosis with increasing kallikrein
levels. Kallikrein is counterbalanced by kallistatin, which equally increased over time in
survivors in our study population, thereby potentially equilibrating the increase in the
kinin-kallikrein system. Kallistatin is known for pleiotropic effects in vascular repair,
endothelial function, and inflammation [49] and possesses protective properties in acute
lung injury. According to our data kallistatin should be considered as a potential candidate
for clinical testing in critical COVID-19 [50].

While prognostic assessments based on repeated measurements over time allow for treat-
ment monitoring, including evaluation of experimental therapies in clinical trials, prognostic
measurements from single time points are particularly valuable for timely patient management
and resource allocation. We therefore employed a machine learning model to integrate proteo-
mic measurements from the first time point at WHO grade 7, i.e. invasive mechanical ventila-
tion and additional organ support therapy, in order to derive prognosis of outcome. We
achieve high prognostic values, both in the exploratory cohort, as well as in a fully independent
cohort.

The results are currently based on a comparatively small number of patients with adverse
outcome. Given the naturally small sample sizes of ICU cohorts and the exploratory character
of our study, findings will have to be validated in larger cohorts, before further steps can be
undertaken to translate our findings into clinical practice in the future. The panel of proteins
identified in our study should also be assessed for other conditions such as non-COVID-19
ARDS.

The majority of proteins with the highest relevance for the machine learning predictor were
components of the coagulation system and the complement cascade (S2 Table). Both systems
are known to be crucial for treatment and disease courses for severely ill COVID-19 patients
[9,10]. This is particularly well illustrated by recent data from a multi-platform clinical trial
indicating that a substantial proportion of patients with severe COVID-19 develop thrombo-
embolic events despite therapeutic anticoagulation [51,52]. The protein with the highest rele-
vance in our model is Fetuin-A (AHSG), which is known to be strongly downregulated in
severe COVID-19 [10,14]. Of note, genetic polymorphisms associated with higher AHSG
plasma concentrations were found to be protective in SARS-CoV-1 infection [53]. One impor-
tant function of AHSG is regulation of inflammation through deactivation of macrophages
[54], and there is emerging evidence that macrophages play a key role in pulmonary inflamma-
tion and dysfunction in COVID-19 [11,55-57]. A number of proteins identified as outcome
predictors have also been shown to be differentially expressed in sepsis, including SAA1, CRP,
SERPINAL, KLKB1, and A2M [40], indicating a general inflammatory signature rather than
specific markers of COVID-19.

In summary, we have leveraged the power of the proteome to address a problematic diag-
nostic gap in the prognosis of the most critical form of COVID-19, that is not covered by
established clinical assessments, such as the SOFA or APACHE II scores. We show that the
proteome accurately predicts survival in critically ill patients with COVID-19, from samples
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that were collected 39 days in median before the outcome. The findings warrant further pro-
spective assessment of proteomic predictors and the described models in larger cohorts. The
majority of proteins with high relevance in the model are components of the coagulation sys-
tem and complement cascade, highlighting their critical role in progression and outcome of

most severe COVID-19.

Methods
Charité patient cohort and clinical data

Patients included in this analysis are a sub-cohort of the PA-COVID-19 study conducted at
Charité—Universititsmedizin Berlin, a prospective observational cohort study on the patho-
physiology of COVID-19 as described previously [14,19,29]. All patients with PCR-confirmed
SARS-CoV-2 infection that progressed to critical disease (WHO grade 7, i.e. invasive mechani-
cal ventilation and additional organ support), were eligible for inclusion. Exclusion criteria
included refusal to provide informed consent by the patient or a legal representative, and any
condition prohibiting serial biosampling. Patients were treated according to current clinical
guidelines. Patients for whom limitation of therapy was decided according to the patient’s
wish were excluded from analysis. This includes three cases, for whom limitation of therapy
was decided at a later time point according to the patient’s presumed wish and predictably
unfavorable outcome. All other patients received maximum intensive care treatment including
organ replacement therapies at the discretion of the responsible physicians. One patient (ID
135), who was still hospitalized and clinically improving 5 months after admission, was classi-
fied as a survivor. One patient still in critical condition 5 months after admission was excluded
due to uncertain outcome.

Biosampling of EDTA plasma for proteome measurement was performed up to 3 times per
week after inclusion. Disease severity was assessed according to the WHO ordinal scale for
clinical improvement (World Health Organisation 2020). Clinical data were captured in secu-
Trial (interActive Systems GmbH, Berlin, Germany). Pseudonymized data exported from
secuTrial were processed using JMP Pro 15 (SAS Institute Inc., Cary, NC, USA).

Innsbruck Patient cohort and clinical data

Serum samples from patients admitted to the intensive care unit at the Department of Medicine,
University Hospital of Innsbruck with PCR-confirmed severe COVID-19 were collected within
the first days (median 7.5, IQR 5-12) after admission, and written informed consent was
obtained. Patients were treated according to national guidelines. The study was approved by the
local ethics research committee EK-Nr. 1107/2020, and EK-Nr. 1103/2020 for follow-up.

Statistical analysis and multiple-testing correction

Statistical testing on proteomic and diagnostic data was performed in the R environment
for statistical computing, version 3.6.0 [58], as described previously [14]. Briefly, all protein
measurements were first log2-transformed and only protein groups matched to at least
three different peptides were considered. Quantities of gene products corresponding to
open reading frames IGxx (i.e. different types of immunoglobulin chains) were summed
together to generate quantities representative of the overall levels of immunoglobulin clas-
ses (IGHVs, IGLVs, etc). Imputation of missing data was not performed. Significance test-
ing for equal medians was performed using the Mann-Whitney U test, as implemented in
the “wilcox.test” function of the “stats” R package. A non-parametric test was chosen here
to minimise the influence of outliers on the calculated p-values. Multiple-testing correction
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was performed using the Benjamini-Hochberg false discovery rate controlling procedure
[59], implemented in the “p.adjust” function of the “stats” R package. Adjusted p-values
below 0.05 were considered significant.

Identifying omics trajectories that are predictive of survival at the peak
period of the disease

For each omics feature, the difference between its log2-levels at the last and the first sampling
timepoints during the peak period of the disease was considered. This period was defined as
the time when the patient was receiving the most intensive treatment during their stay in hos-
pital, that is the time when the patient was at WHO grade 6 or 7. The distribution of this differ-
ence between survivors and non-survivors was compared using the Mann-Whitney U test.
Only non-DNI patients with known outcome were included.

Prediction of survival

The first time point measured at the WHO grade 7 was selected per patient, to train the sur-
vival predictor. This ensured that ‘future’ information, encoded in the later time points, was
not used for predictor training. To reduce the feature space used as input for the machine
learning model, we limited it to the quantities of 57 proteins which are FDA-approved bio-
markers with MRM assays available [32] and which were quantified with at least three different
peptides in this study. Missing values were imputed using minimal value imputation, and the
data were standardized.

Machine learning was carried out using the parenclitic networks approach [33,34]. Briefly,
during training, for each pair of features, a radial SVM classifier is trained (using the svm()
function from the “e1071” R package with default settings). For each sample, a network is then
built, wherein vertices correspond to features and the edge weight is the death probability as
predicted by the SVM classifier. Maximum, mean and standard deviation of the edge weights,
as well as the numbers of edges with weights greater than 0.5 (i.e. fatal outcome is predicted)
and nodes with at least one such edge are calculated. A LASSO classification model
(alpha = 0.01) is then constructed on these 5 features using the glmnet() function of the
“glmnet” [60] R package with default settings.

For the assessment of the classifier performance (Charité cohort), a cross-validation method
was applied in the following way: the prediction was made for each sample by excluding (with-
holding) it from the dataset along with two other samples (chosen randomly with the con-
straint that out of 3 samples one corresponds to a non-survivor and two to survivors), training
the classifier on the remaining (independent) samples and then generating predictions for the
withheld samples using the trained model. Such a leave-3-out partition was generated ran-
domly 50 times and the predictions for each sample were averaged. The partitioning strategy
ensured that the evaluation of the predictive performance would not be affected by any poten-
tial overfitting, no matter how significant. For the assessment of the performance on an inde-
pendent dataset (Innsbruck cohort), the classifier was trained on all the Charité samples and
used to estimate the probabilities of fatal outcome on the Innsbruck cohort. The source code is
provided in supplementary materials.

The ‘relevance’ scores for proteins in the parenclitic model were calculated as Kleinberg’s
authority centrality scores for the respective vertices in the “generalizing network”. This net-
work was generated by (i) replacing edge weights greater than 0.5 with 1.0 and weights less
than 0.5 with 0.0 in the networks corresponding to non-survivors and (ii) averaging the result-
ing networks.
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For survival prediction using support vector machines (SVM), the same data and the same
selection of proteins as for the parenclitic network model was applied. The SVM was built in
Python 3.8.5 using the SVC() function with an rbf-kernel and a gamma value of 0.005 as
implemented in scikit-learn 0.23.2 [61]. To circumvent class-imbalances, balanced class-
weights were assumed. For benchmarking the model a stratified 10-fold cross-validation was
performed. The data were scaled to zero mean and unit variance based on the training data.
The reported results for the Charité-cohort are based on the data that were withheld when con-
structing the model in each cross-validation step. For validating the model, a model was
trained on all samples of the Charité-cohort and validated using the independent Innsbruck-
cohort. p-Values were calculated using the Mann-Whitney U test as implemented in SciPy
1.5.2 [62]. AUC values and confidence intervals were obtained using the roc() function of the
pROC R package.

We followed the guidelines for transparent reporting of multivariable prediction models for
individual prognosis or diagnosis (TRIPOD) as proposed by the EQUATOR network [63].

Study approval

The study was approved by the ethics committee of Charité—Universititsmedizin Berlin
(EA2/066/20) and conducted in accordance with the Declaration of Helsinki and guidelines of
Good Clinical Practice (ICH 1996). Written informed consent was obtained from all patients
or legal representatives according to regulations set by the ethics committee of Charité—Uni-
versititsmedizin Berlin. The study is registered in the German and the WHO international
registry for clinical studies (DRKS00021688).
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A multiplex protein panel assay for severity prediction
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An observational multi-cohort study
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Summary

Background Global healthcare systems continue to be challenged by the COVID-19 pandemic, and there is a need
for clinical assays that can help optimise resource allocation, support treatment decisions, and accelerate the develop-
ment and evaluation of new therapies.

eClinicalMedicine
2022;49: 101495
Published online 9 June

2022
Methods We developed a multiplexed proteomics assay for determining disease severity and prognosis in COVID- httpsy/doi.org/10.1016/j.

19. The assay quantifies up to 50 peptides, derived from 30 known and newly introduced COVID-19-related protein ./ 2022101495
markers, in a single measurement using routine-lab compatible analytical flow rate liquid chromatography and mul-

tiple reaction monitoring (LC-MRM). We conducted two observational studies in patients with COVID-19 hospital-

ised at Charité — Universititsmedizin Berlin, Germany before (from March 1 to 26, 2020, n=30) and after (from

April 4 to November 19, 2020, n=164) dexamethasone became standard of care. The study is registered in the Ger-

man and the WHO International Clinical Trials Registry (DRKS00021688).

Findings The assay produces reproducible (median inter-batch CV of 10.9%) absolute quantification of 47 peptides
with high sensitivity (median LLOQ of 143 ng/ml) and accuracy (median 96.8%). In both studies, the assay repro-
ducibly captured hallmarks of COVID-19 infection and severity, as it distinguished healthy individuals, mild, moder-
ate, and severe COVID-19. In the post-dexamethasone cohort, the assay predicted survival with an accuracy of 0.83
(108/130), and death with an accuracy of 0.76 (26/34) in the median 2.5 weeks before the outcome, thereby outper-
forming compound clinical risk assessments such as SOFA, APACHE II, and ABCS scores.

Interpretation Disease severity and clinical outcomes of patients with COVID-19 can be stratified and predicted by
the routine-applicable panel assay that combines known and novel COVID-19 biomarkers. The prognostic value of
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this assay should be prospectively assessed in larger patient cohorts for future support of clinical decisions, including
evaluation of sample flow in routine setting. The possibility to objectively classify COVID-19 severity can be helpful
for monitoring of novel therapies, especially in early clinical trials.
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Research in context

Evidence before this study

We searched PubMed for articles published up to May
12, 2022. We used the search terms COVID-19 or SARS-
CoV-2, and severity or outcome, and prognosis or predic-
tion, and proteomics or protein panel or peptide panel,
and plasma or serum, and mass spectrometry. The search
returned 10 research articles, which mostly used explor-
ative proteomics to identify putative protein markers
associated with COVID-19 disease severity or outcome.
However, no study translated identified biomarkers into
a panel assay providing absolute quantification which
can be deployed as targeted mass spectrometry plat-
forms available to routine diagnostic laboratories.

Added value of this study

Proteomic panel assays hold the promise to outperform
established intensive care unit outcome predictors such
as APACHE Il or SOFA in COVID-19, but so far their appli-
cation in clinical routine is challenging for technical rea-
sons. We select a panel of 50 peptides, derived from 30
proteins, whose functions have been associated with
COVID-19 using discovery proteomics, and develop and
analytically validate a scalable proteomic panel assay that
is performed on instrumentation common in clinical labo-
ratories. Applying the assay to two independent cohorts,
we demonstrate accurate disease classification, and show
that the marker panel is prognostic about outcome.

Implications of all the available evidence

The potential value of using the human plasma prote-
ome in severity classification, risk assessment, and out-
come prediction in COVID-19 has recently been
uncovered in several studies. What was missing so far
was translation of this research into a routine applicable
assay. We present a protein marker panel which

predicts survival in COVID-19 with high accuracy that
can be implemented for routine laboratory testing. The
described assay has the potential to improve clinical
risk assessment for patients with COVID-19 by translat-
ing discovery proteomics findings to patient care.

Introduction
COVID-19 challenges healthcare systems worldwide,
which is particularly apparent in areas with limited vac-
cine uptake. The outlook remains uncertain even in
countries with high vaccination rates as the immunity
conferred by the vaccines appears to diminish over
time.' > Moreover, SARS-COV-2 variants with capacity
to evade immunity continue to emerge,"® * and may
affect global medical care rapidly and unpredictably.
Biomarker tests that classify disease severity and are
prognostic could help mitigate the impact of critical
treatment choice by allowing to optimise resource allo-
cation.”” " Indeed, clinical manifestation of COVID-19
is highly variable. For instance, ‘happy hypoxia’
describes situations where patients with COVID-19
present in a relatively well compensated clinical status,
while molecular indicators indicate they are, in fact,
severely ill.”* Furthermore, in situations when health-
care systems reach maximum capacity, prognostic tests
could support difficult clinical decisions, for instance to
identify individuals that require maximum available
support, irrespective of age and comorbidities.” Prog-
nostic and severity-classifying tests could further help
increase the likelihood of success and accelerate clinical
trials by improving treatment efficacy assessments of
COVID-19 therapies or stratifying patient populations
for inclusion into the trials. They might also help detect
clinically yet inapparent side effects and contribute to
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patient safety. Moreover, during a pandemic, there is a
need to conduct trials in a timely manner, and often in
cohorts of limited size. When underpowered, clinical trials
can lead to false positive and false negative assessments of
a drug’s efficacy.*" Disease-severity and prognostic tests
could hence help extrapolate more and patient-specific
information. Unfortunately, the reliability of several risk-
assessment scores conventionally used in ICU settings
such as the Acute Physiology And Chronic Health Evalua-
tion (APACHE II), Charlson Comorbidity Index (CCI),
and Sequential Organ Failure Assessment (SOFA) scores
appears to be limited in COVID-19."® Combinations of
generic clinical readouts, e.g. blood oxygen saturation and
interleukin-6 concentration, have been considered for out-
come prediction at various disease-severity stages.” How-
ever, several predictive models that were reported early in
the pandemic are now considered to be vulnerable to bias,
can be obsolete due to therapeutic measures such as CRP-
based models after anti-IL-6 treatment, and might not be
suitable for the clinic."*'® Therefore, additional COVID-19-
specific compound scores have been proposed recently
(e.g. ABCS™), showing improved performance. A remain-
ing limitation of compound scores is their reliance on vari-
ous measurements of different nature, which makes them
statistically challenging.

Proteomic datasets have repeatedly been successful at
classifying and predicting COVID-19 severity and
outcome,”'*'®*""*3 and can quantify many proteins in
parallel, from one sample and one measurement.
Indeed, specifically in severe COVID-19 cases, proteomic
predictors have outperformed APACHE II, CCI, and
SOFA scores."""**#*> Proteomics also accelerated the
characterisation of the antiviral host response, which
improved our understanding of the COVID-19 disease by
attributing the complement cascade, coagulation system,
and apoprotein function to differences in COVID-19
pathology.?'®®*"=*25 The application of discovery pro-
teomics as a test for the clinical routine is, however, lim-
ited for technical, economic, and regulatory reasons.

The objective of this study was to develop a COVID-19
biomarker panel assay which runs on broadly available
analytical instruments that could be deployed for clinical
use within existing regulatory frameworks. Triple quad-
rupole mass spectrometers coupled to high-flow liquid
chromatography are used in the clinic in other
areas® *% and are widely available in large hospital labo-
ratories, diagnostic laboratories, regulated (e.g. CLIA) lab-
oratories, and contract research organisations. Biomarker
tests developed on this platform can be accredited to
existing regulatory standards in GCP, ISO:ryo2s,
1SO:15189, and CLIA environments, standardised and
transferred across different instruments and laboratories,
and thus deployed at scale rapidly. Triple-quadrupole-
mass-spectrometry-based tests are cost effective to run at
scale as sample preparation can be automated, consum-
ables costs for the MS runs are typically <£10 per test,
and the instrument uptime is typically >95%.

www.thelancet.com Vol 49 Month July, 2022

In order to establish a proteomic panel assay using
analytical flow rate chromatography and multiple reac-
tion monitoring on triple quadrupole instruments, we
have mined discovery proteomics data from patients with
COVID-19 and selected biomarkers that are informative
about COVID-19 disease progression. The biomarkers
were chosen for i) being prognostic of remaining dura-
tion of hospitalisation, disease aggravation, or being dif-
ferentially concentrated in plasma depending on the
treatment escalation level, used as a measure of disease
severity, and ii) participating in biological processes that
contribute to COVID-19 pathology, and iii) being techni-
cally and analytically suitable for the assay. Employing
calibration curves with synthetic reference and stable-iso-
tope-labelled (SIL) internal standards, the assay aims for
the absolute quantification of up to 50 surrogate tryptic
peptides corresponding to 30 plasma proteins. These
function in inflammation (e.g. C-reactive protein), coagu-
lation and vascular dysfunction (e.g. von Willebrand fac-
tor), complement cascade (e.g. Complement Ciq
subcomponent subunit C), and other biological processes
altered by COVID-19 (e.g. Cystatin C).

We analytically validated the assay and implemented it
in two analytical laboratories employing two different tri-
ple quadrupole LC-MS/MS platforms. The assay was
then applied to two observational cohorts. We demon-
strate that the assay captures host response to SARS-CoV-
2 and thereby classifies and predicts COVID-19 disease
severity. In one cohort, we tested the prognostic value of
the panel. We found that the biomarker panel is predic-
tive about survival weeks before outcome, and outper-
forms several commonly used risk-assessment scores.

Methods

Study design and participants

Patient samples were collected as part of an observa-
tional cohort.”***> The study protocol, patient charac-
teristics, treatment and outcomes were described
previously.”®** Briefly, all in-patients with PCR-con-
firmed SARS-CoV-2 infection treated at Charité — Uni-
versititsmedizin Berlin, a tertiary care centre, were
eligible for inclusion, regardless of age, gender, or dis-
ease severity, after written informed consent was
obtained. We also included severely ill patients on inva-
sive ventilation based on a deferred consent procedure
in order to avoid bias towards mildly ill patients. The
study size is based on availability of patients and feasi-
bility, and all study patients were included in the analy-
ses. An overview of the study design, cohorts, sampling,
methodology and data analysis is provided in Supple-
mentary Figure 1. Study date cutoffs were 1st to 26th of
March 2020 (Cohort 2), and 4th April to 19th Novem-
ber 2020 (Cohort 3). The study is registered in the Ger-
man and the WHO international registry for clinical
studies (DRKS00021688). The study was approved by
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N 164
Sex
female, n (%) 39(238)
male, n (%) 125(76.2)
age, median [IQR] 60 [51-69]
body mass index, median [IQR] 29.4[24.7-32.5)
maximum severity
WHO3, n (%) 23(14.0)
WHO4, n (%) 42 (25.6)
WHOS, n (%) 34(20.7)
WHOS, n (%) 3018
WHO7, n (%) 28(17.1)
WHOB8 (deceased), n (%) 34(207)
treatment
Dexamethasone, n (%) 112(68.3)
Remdesivir 15(9.1)
IMV, n (%) 61(37.2)
ECMO, n (%) 33(20.1)
RRT, n (%) 24 (14.6)
days hospitalized 16[10-34]
days until discharge (w/o deceased) 12(8-29]
days until death 32[19-47]
sampling
days since symptom onset, median [IQR] 13(817)
days to outcome, median [IQR] 10 [5-24]
Table 1: Description of study cohort 3.

the ethics committee of Charite”- Universitatsmedizin
Berlin (EA2/066/20). The cohorts are summarised in
Table 1 and Supplementary Table 1.

Reagents and peptide standards

Reference peptide standards were custom synthesised
where native peptides were obtained at >95% purity and
stable isotope-labelled (SIL) internal standard peptides
(ISTDs) - at >70% purity. Internal standards contained 4-6
amino acid tryptic tags mimicking the sequence in a corre-
sponding human plasma protein and were labelled on
C-terminal lysine (K) or arginine (R) with stable isotopes (K
(U-8Cg,"N,) or R(U-Cq,"N,)). All peptide stock solutions
were prepared at 1 mg/ml in 50:50 v/v ddH,O: acetonitrile
mix, except for STDYGIFQINSR and VEGTAFVIFGIQDG-
EQR where 200 Jil of DMSO were added to solubilise the
peptides at 5 mg/ml which were then aliquoted and diluted
to 1 mg/ml with 50:50 v/v ddH,O: acetonitrile mix. Internal
standard mix was prepared by pooling 20 pl of each SIL
peptide, evaporating 200 il of this mix to dryness and
reconstituting in a denaturation buffer to the final concen-
tration of 1.4 pg/ml for each peptide. Cassetted calibration
curves were prepared by serial dilution of pooled native ref-
erence peptide standards as described below. After serial
dilution, these samples were treated identically to respective
clinical samples. Additional reagents employed are listed in
the Supplementary Methods.

Sample preparation

Samples were prepared with minor modifications as
described previously.”* Briefly, samples were stored at
-80°C for 11-12 months prior to preparation, and clinical
samples and calibration lines were prepared as follows:
5 Hl of citrate plasma were added to 55 jil of denaturation
buffer, composed of 50 pl 8 M Urea, 100 mM ammonium
bicarbonate, 5 pil 50 mM dithiothreitol (DTT) and internal
standard mix. The samples were incubated for 1 h at room
temperature (RT) before addition of 5 il of 100 mM iodoa-
cetamide (IAA). After a 30 min incubation at RT the sam-
ples were diluted with 340 pl of 100 mM ammonium
bicarbonate and digested overnight with 22.5 pil of o.1 pg/
i trypsin at 37 °C. The digestion was quenched by adding
50 1l of 10% v/v formic acid. The resulting tryptic peptides
were purified on a 96-well C18-based solid phase extrac-
tion (SPE) plate (BioPureSPE Macro 9G-well, 1oomg
PROTO Ci8, The Nest Group). The purified samples
were resuspended in 120 Jl of 0.1% formic acid and 20 pl
or 0.2 pl were injected into two LC-MS/MS platforms
(Agilent 6495C and SCIEX 7500 respectively).

Samples in Cohort 3 were prepared as described
above, with the following modifications. Samples were
stored at -80°C for s-11 months prior to preparation
EDTA plasma was used instead of citrate plasma, and
internal standards were digested separately and added to
pre-digested clinical and calibration samples before their
injection into the LC-MS/MS system. Quality control
(QC) samples consisted of pooled commercial control
and COVID-19 human plasma (as described in a previ-
ous publication®¥), and were prepared alongside clinical
and calibration curve samples in each cohort.

The COVID-19 sample pools used for the analytical vali-
dation were generated by pooling 5 pl of patient plasma
from Cohort 3 according to their WHO treatment severity
score. Only samples of patients that had not received dexa-
methasone at time of sampling were used.

Liquid chromatography - tandem mass spectrometry
Tryptic peptides were quantified on two LC-MRM plat-
forms. All samples were analysed on the Agilent 6495C
mass spectrometer, coupled to an Agilent 1290 Infinity II
UHPLC system. Samples from Cohort 2 were additionally
analysed on a SCIEX 7500 mass spectrometer coupled to
an ExionLC AD UHPLC system (SCIEX, UK). Details on
chromatography and mass spectrometry settings are
described in the Supplementary Methods. MRM parame-
ters are provided in the Supplementary Table 2 (Agilent
6495C) and Supplementary Table 3 (SCIEX 7500).

Establishment of the MRM based assay

The assay was first set up on the 6495C (Agilent) sys-
tem. Preliminary transitions for the 50 selected peptides
(consisting of several precursor ion charge states and
respective product ions) were predicted by Skyline
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v21.1.0.146.” The native peptide standard solution was
then infused into LC-MS/MS system and 1 precursor
ion per peptide with the highest relative intensity and 5
most abundant product ions were selected for collision
energy optimisation using Skyline. From these 5 prod-
uct ions, 2-5 experimentally optimised ion transitions
per native peptide were ultimately selected for the panel
based on the following criteria: i) highest relative signal
intensity, ii) optimal chromatographic peak shape and
iii) absence of interfering signals. Product ions of
<300 m/z were excluded where possible to ensure spec-
ificity. Precursor and product ion-matched ISTD transi-
tions were also included. Lastly, all selected transitions
were combined into one scheduled MRM method,
where the most abundant transition for each peptide
was used for quantification, and 1-4 remaining transi-
tions - for qualification. (Supplementary Table 2). For
analytical cross-platform and cross-laboratory validation,
the assay was set up on the 7500 (SCIEX) system in par-
allel following this approach (Supplementary Table 3).

Mass spectrometry data processing and calibration
LC-MRM data was processed using MassHunter Quan-
titative Analysis, vio.1 (Agilent platform) or SCIEX OS
v2.0.1 (2020, Sciex platform). Peptide absolute concen-
tration (expressed in ng/ml) was determined from cali-
bration curves, constructed with native and SIL peptide
standards, and manually validated. Linear regression
analysis of each calibration curve was performed using
custom R code or SCIEX OS (with 1/x weighting). The
transitions used for quantification are shown in Supple-
mentary Tables 2 and 3 respectively. Matching of native
peptides and internal standards is detailed in the Sup-
plementary Methods.

Analytical method validation
Method analytical validation was performed based on FDA
Bioanalytical Method Validation criteria** where sensitivity,
specificity, intra- and inter-batch precision, accuracy and
matrix effects have been assessed. Five (5) independent cal-
ibration curves were prepared by serial dilution of native
peptide standards in assay buffer (1), surrogate matrix (3)
and pooled human plasma (1) across the final peptide con-
centration range of o - 146.7 Hg/ml. Surrogate matrix
(40 mg/ml bovine serum albumin (BSA)) calibration
curves were prepared and analysed across 3 separate
batches and all calibration curve samples were analysed in
quintuplets. Linear 1/x weighted regression was used to
test the linearity of the response of all calibration lines. To
determine the intra- and inter-batch precision, the CV was
calculated from the response ratios (native peptide peak
area divided by ISTD area).

Lower limit of quantification (LLOQ) was defined as
the lowest concentration point on the linear calibration
curve where the inter-batch CV was < 20%. Since
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analytical validation requirements for clinical assays are
purpose and context dependent, and are influenced by
the magnitude of change of target analyte levels in con-
trol versus disease samples, LLOQ CV cutoff was subse-
quently expanded to <40% for the remaining peptides.
Upper limit of quantification (ULOQ) was defined as
the highest calibration sample on the linear curve with
aCV <20%.

Accuracy was assessed by treating 1 of the 5 repli-
cates in each calibration curve in the surrogate matrix
as pseudo-unknown samples, quantifying with the
curve generated from the remaining 4 replicates, and
then calculating a median accuracy of all replicates.
Matrix effects were measured by comparing the slopes
of calibration curve samples prepared in a BSA matrix
and pooled human plasma. Here an Extra Sum of
Square F test was used for statistical comparison with a
p-value < o0.05 indicating potential matrix effects.

Statistical analysis

Details of statistical tests performed in this study are avail-
able in the Supplementary Methods; test results are pro-
vided in Supplementary Tables 4-6. (Adjusted) P values
were considered significant when P < 0.05. In brief, signif-
icance testing of the trend between absolute peptide con-
centrations and the ordinal classification as provided by the
WHO treatment escalation scale was performed using
Kendall’s tau (KT) statistics and where indicated, with mul-
tiple testing correction. Cross-laboratory/cross-instrument
performance was evaluated by Pearson correlation coeffi-
cients. Statistical tests on shotgun plasma proteomics data
were performed as described.”

Prediction of WHO grade and disease outcome

Clinical scores were extracted from the clinical informa-
tion system or, where missing, manually calculated.
CCI and APACHE II were determined at time of admis-
sion, SOFA (ICU patients only) at time of sampling,
and ABCS at both admission and sampling. Note that
due to imputation of the ABCS score memory leakage
between training and test data for the ABCS score mod-
els can not be excluded for this particular comparison.

For the WHO grade and the outcome prediction a
Support Vector Machine with rbf-kernel was con-
structed on the first sample measured for every patient
(n=164). The model was trained and validated using a
shuffled stratified 10-fold cross-validation to avoid data
leakage between training and validation data. For mod-
els trained on established risk assessments scores, only
samples for which the respective score was determined
were included in model construction and testing.

In addition, predictors based on logistic regression
and the extra-trees algorithm were evaluated as well.
Feature importances were extracted from a model
trained on all data (n=164) without splitting the data
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set. Detailed information on model construction, evalu-
ation and metric calculations are reported in Supple-
mentary methods.

Recommendations and guidelines

Mischak et al.” have described a set of practical recom-
mendations for biomarker discovery in clinical proteo-
mics. We have provided an assessment of this study
with respect to therein stated reporting recommenda-
tions in Supplementary Table 7. This study further fol-
lows the Strengthening the Reporting of Observational
Studies in Epidemiology (STROBE) reporting guideline
for observational studies.*®

Role of the funding source

The funding sources had no involvement in study
design, data collection, or the manuscript. All authors
reviewed the manuscript and had access to the data gen-
erated in the study. FK, ES, JH, and MR were responsi-
ble for the decision to submit the paper for publication.

Results

Peptide selection

5o peptides that corresponded to 30 plasma proteins
(Supplementary Table 8) were selected from shotgun
plasma proteomics data recorded on a deeply phenotyped
cohort of patients with COVID-19 (Figure 1, PA-COVID-
19 study cohort, N=139 inpatients, for which 687 plasma
proteomes were measured in time series)."”*“ Target bio-
markers were identified in a ranking exercise that
focused on plasma proteins that are (i) prognostic for the
remaining time in hospital for inpatients as a treatment-
insensitive proxy for COVID-19 severity; ii) differ
between treatment escalation levels, expressed on the
WHO ordinal scale’”; or (iii) are prognostic of future
worsening, i.e. the progression to a higher WHO severity
grade” of inpatients who were admitted with a milder
disease which then deteriorated.”'“*"*#3* Part of the
selected proteins are already monitored clinically in this
or other indications, including SERPINCi = Antithrom-
bin-II1,”*° C3 = Complement C3,"* APOB = Apolipopro-
tein B,” SERPING1 = Cr-inhibitor,** CST3=cystatin-
C,” VWF =von Willebrand factor,”'*** CRP = C-reactive
protein,®'#*43% PLG = plasminogen,”"* KLKB1 = plasma
kallikrein,”"* LYZ =lysozyme,” and APOAI = Apolipo-
protein A"** (Figure 2a). For new markers, a selection
criterion was that they were deposited in MRMAssayDB,
as an indicator of being chosen as markers also in other
settings.*® Further, we evaluated technical parameters
such as suitability for synthesis (as evaluated by the
Thermo Peptide Analysing Tool), a mass range applica-
ble for a MRM assay, and distribution over the chro-
matographic gradient (Figure 2b).

From the final selected panel, 18/30 proteins are
associated with remaining time in hospital, 22/30 with
disease severity, and 6/30 are prognostic of future wors-
ening (Figure 2¢). Six additional peptides included were
prognostic for remaining time in hospital (PRG4, C3,
EFEMP1, ORM2, FCGR3A, AFM, IGHVs). For data and
statistics, see Supplementary Figures 2—4.

Lastly, we tested whether the selected surrogate pepti-
des were unique in a Uniprot BLAST and manual human
proteome FASTA text file search. This was true for 45/50
peptides. The remaining 5 peptides (CQSWSSMTPHR,
EITALAPSTMK, WEMPFDPQDTHQSR, DSGSYFCR,
ASDTAMYYCAR) were shared across closely related pro-
tein isoforms (Supplementary Table 8) but were
retained in the panel composition as they fulfilled
the selection criteria.

Establishment and analytical validation of a MRM-
based, targeted COVID-19 biomarker assay

For each selected peptide, 2 standards were synthesised:
1) with a natural isotope distribution (‘native’), and 2)
with a C-terminal SIL amino acid to act as an ISTD,
which contained a short tryptic tag to account for the
digestion efficiency (Supplementary Table 8). In order
to establish the assay for routine settings, we chose ana-
lytical flow rate reversed-phase chromatography. The
native peptides were employed to optimise LC-MS/MS
data acquisition method and quality of the Qr/Q3
(MRM) transitions (257 overall) on a 6495C (Agilent)
system. The eluted peptides were well distributed along
a 8.6-minute linear gradient and were quantified using
a scheduled MRM method (Figure 2b).

We then tested intra- and inter-batch precision, lin-
earity, LOQ, accuracy, and potential matrix effects. We
calculated the coefficient of variation (CV) for the tripli-
cate of independently prepared calibration curves. These
were constructed from serial dilutions of native peptide
standards in BSA (40 mg/ml), measured in technical
pentuplicates (i.e. total of N=15) on the LC-MS/MS sys-
tem. We used BSA as a surrogate matrix to test the ana-
lytical performance in the absence of the endogenous
plasma peptides*’ and achieved a median intra-batch
CV of 2.6% and median inter-batch CV of 10.9% across
low (LLOQ), medium ((LLOQ+ULOQ)/2), and high
(ULOQ) concentration points (Supplementary Table 9).

Additionally, we determined the limits of quantifica-
tion (LOQ). 37 peptides exceeded the inter-batch CV cri-
teria at LLOQ of < 20%, and 10 additional peptides
could be quantified with an expanded LLOQ CV cutoff
of <40%. Calibration curves for 47 peptides revealed a
median LLOQ of 143.26 ng/ml, and typically allowed
quantification over 3—4 orders of magnitude on a linear
dynamic range (R* > 0.99, Supplementary Table 9).

As analytical technologies are sensitive to matrix
effects,*” we evaluated parallelism in the surrogate BSA
matrix compared to human plasma. We compared the
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Figure 1. Schematic overview from peptide selection, to development and application of a COVID-19 biomarker panel. Top
panel: Selection of 50 peptides derived from 30 plasma proteins as measured by discovery proteomics in a research setting'** in the PA-
COVID19 study cohort. Included proteins/peptides were selected accounting for their performance in the exploratory cohort, clinical, and
analytical parameters. Middle panel: To generate an assay suitable for routine clinical laboratories, we established a targeted LC-MRM assay
for conventional triple-quadrupole mass spectrometers, running reversed phase chromatography, at a high flow-rate. The assay was opti-
mised using synthetic peptides, and allows for absolute quantification using stable isotope labelled internal standards (‘AQUA peptides™*)
with a short tryptic tag, to account for the sample preparation (tryptic digest) efficiency. Bottom panel: The assay was applied to two obser-

vational cohorts: a well balanced second (‘1st wave’) COVID-19 cohort,

7> with samples being measured in two laboratories, and a larger lon-

gitudinal cohort (2nd wave’), with patients treated at the Charité Hospital, a national medical reference centre.

slopes obtained from calibration samples measured in a
commercial human plasma sample with those mea-
sured in the surrogate matrix. 39/47 quantified peptide
biomarkers showed no statistically significant matrix
effect (P > 0.05). For the 8 peptides that differed signifi-
cantly a matrix factor (slope plasma/slope BSA x 100%)
was calculated and reported (Supplementary Table 9).

To test if peptide quantities from actual patient sam-
ples would be covered within the linear range of the cali-
bration curves, we performed absolute quantification in
plasma samples obtained from patients with COVID-19
(pooled COVID-19-patient samples of different WHO
treatment escalation grades; see Methods). Peptide con-
centrations were covered within the determined linear
range of the assay of pooled samples from WHO sever-
ity grade 3-7 (Supplementary Table 10).

The assay reports disease severity in an early pandemic
cohort

Next, we assessed how the absolute concentration of the
quantified biomarkers changed as a function of the

www.thelancet.com Vol 49 Month July, 2022

COVID-19 treatment escalation level, a proxy for disease
severity.”” We applied the panel assay on plasma sam-
ples obtained from a deeply characterised, early-pan-
demic COVID-19 cohort, hospitalised between March 1
and 26, 2020 (‘Cohort 2’, n=45, Supplementary Table
1).”° This cohort was suited for this validation step, as it
was balanced, with patients with mild to severe COVID-
19, and included healthy controls.”*° Furthermore, the
cohort was sampled as citrate plasma, in difference to
the exploratory cohorts in our previous studies to iden-
tify the biomarkers which were sampled as EDTA
plasma. This test was hence also indicative if the bio-
markers would allow stable conclusions across alterna-
tive sample matrices.

Samples were prepared using a semi-automated plat-
form designed for precision.”* 40/50 peptides were reli-
ably quantified in the patient citrate plasma
(Supplementary Figure 5, Supplementary Data 1). 32
peptides changed with disease severity, i.e. from unin-
fected (WHO o) to mildly (WHO 3), moderately (WHO
4, 5) and severely (WHO 6, 7) affected patients
(Figure 3a, Supplementary Figure 5, P < 0.05). Most of
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Figure 2. Selected peptides/p i lysed by liquid chromatography, multiple reaction monitoring. a) Analysed proteins

and their associated COVID-19-pathology-related processes as curated from literature. b) Extracted ion chromatograms (EIC)
highlighting the chromatographic spread of the applied MRM transitions selected as quantifiers for the indicated marker peptides.
Each EIC was normalised to the maximum intensity of the respective peptide. Note that the majority of proteins are captured by
two peptides (arbitrarily coloured as blue, black). ¢) Proteins selected for the panel assay are associated with COVID-19 disease
parameters, including severity and progression, and link to COVID-19 related processes. Coloured tiles indicate significant associa-
tions, with red/blue highlighting that the respective protein is up- or down-regulated in COVID-19 infected individuals in discovery
proteomic data of cohort 1."* For data on individual peptides, see Supplementary Figures 2-4.
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the chosen markers change in abundance between
healthy and COVID-19-infected individuals, and further
follow their respective trend with increasing treatment
escalation level, such as peptides derived from the
acute-phase proteins CRP and AHSG, or the innate-
immune-response protein PGLYRP2 (Figure 3a,
Figure 3b). Some of the peptides give a signal during
specific disease state transitions, i.e. they differ between
an infected and uninfected individual (such as peptides
from the complement-related protein SERPING1 or the
iron-binding protein TF (Figure 3a, Figure 3b)), or
change the most during the most severe treatment esca-
lations of COVID-19 (such as the kidney and inflamma-
tion marker CST3 (Figure 3a, Figure 3b)). As a profile,
the protein marker quantities did classify the patients
according to the treatment escalation score (Figure 3c).

Analytical cross-platform and cross-laboratory
validation

The application of different instruments and sample
matrices can lead to differences in the quantification of
peptides. To evaluate the assay transferability, samples
from Cohort 2 were measured on both the 6495C (Agi-
lent) and the 7500 (SCIEX) LC-MS/MS platforms, in dif-
ferent laboratories. For 33/40 selected peptides, we
obtained a clear cross-laboratory/cross-instrument corre-
lation between the concentration measured in respective
COVID-19-patient samples (Figure 3d, Supplementary
Figure 6). One peptide (ESDTSYVSLK) suffered from
one outlier, but otherwise had a good correlation on both
platforms (Supplementary Figure 6). The remaining
(six) peptides were close to the detection limit in the cit-
rate plasma sample matrix, which caused limited correla-
tion (R* < 0.6) between both platforms. Further, on a
subset of peptides we observed correlation but different
absolute values, pointing to differences in calibration.

Severity stratification and outcome prognosis in a
longitudinal COVID-19 cohort

We next studied a larger, longitudinal cohort of the sec-
ond wave of the pandemic, hospitalised between April 4
and November 19, 2020, (“Cohort 3”)). Of 164 inpa-
tients, 23 (14.0%) remained stable without the need for
supplemental oxygen throughout their hospital stay, 8o
(48.8%) required supplemental low- or high-flow oxy-
gen, and 61 (37.2%) required invasive mechanical venti-
lation and, in all but 3 cases, additional organ support.
Thirty-four (20.7%) patients died, including 5 with do
not intubate/do not resuscitate orders in place (Table 1).
This cohort was selected because the large number of
samples (n=548 samples from 164 patients, Supple-
mentary Data 2, Supplementary Table 11,) i) adds infor-
mation about the technical stability of the assay and
increases the statistical power to evaluate the results, ii)
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allowed us to assess a potential prognostic value of the
assay and iii) to evaluate its applicability after dexameth-
asone became standard of care for patients requiring
supplemental oxygen.

Reassuringly, despite the large number of samples
acquired, split over three batches and measured over
10 days, and despite the different matrix (EDTA
plasma), technical variation was low (Figure 4a). Pepti-
des which were characteristic for disease severity in
Cohort 2 (Figure 2b) also differentiated WHO grades in
Cohort 3. (Figure 4b). Because they are of the highest
practical value and because they are the furthest apart
from outcome, we continued with the earliest sample of
each patient. Of the 48 peptides quantified in the EDTA
matrix, 34 had a significantly different trend between
treatment escalation level (WHO3 to WHOy), with 12
peptides significantly increasing and 22 decreasing in
concentration (Figure 4¢, Supplementary Figure 7). As
in Cohort 2, some markers indicated specific disease
transitions, while others gradually changed with sever-
ity. For instance, CRP, CST3, or CD14 were increased in
very severe forms of the disease (WHO7) (Figure 4c¢).

Next, we tested if the necessary treatment level could
be predicted from the first available sample. We con-
structed a support vector machine (SVM) trained to dif-
ferentiate between three different treatment groups on
the basis of the severity markers: WHO3 (mild COVID-
19, hospitalised, but no supplemental oxygen necessary),
WHO4/5 (moderate COVID-19, hospitalised, supple-
mental low- or high-flow oxygen necessary), and WHOG/
7 (severe COVID-19, hospitalised, intensive care and
invasive mechanical ventilation necessary). The data was
split in a training and a validation set in a cross-validated
manner. The model predicted the WHO grades in the
validation set from the peptide biomarker data. For most
patients, the predicted WHO grade was in agreement
with the actual treatment escalation (Figure 4d).

An important clinical need for a COVID-19 assay is to
be prognostic of outcomes.*” An SVM was trained on
data obtained from the earliest sample, in a cross-vali-
dated manner, to differentiate patients who later survived
COVID-19 from patients with a fatal outcome (n=164, of
which 130 survived (controls) and 34 died (cases))
(Figure s5). The trained outcome predictor correctly classi-
fied 81.7% of the patients (sensitivity=0.765, (26/34)
specificity = 0.831 (108/130), AUROC =0.855) that were
withheld while training the model (Figure sa, b). Addi-
tionally, a decision curve analysis (Supplementary Figure
8) shows a higher net benefit over a long range of thresh-
old probabilities for the trained SVM classifier compared
to the reference strategies. To exclude that the predicting
capabilities are limited to the method, two other predic-
tors (logistic regression and extra-trees) using the same
setup were evaluated (Supplementary Figures ¢ and 10).
Reassuringly, these predictors (logistic regression:
sensitivity = 0.735, specificity=0.854, AUROC =0.848;
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Figure 3. The p in bi ker assay reproducibly reports di ity in a COVID-19 cohort. a) The established assay
was applied to citrate plasma samples, collected for a balanced COVID-19 cohort studied during the first wave of the
pandemic”*?**° (‘Cohort 2') consisting of healthy volunteers (n=15, WHO 0), COVID-19 affected individuals requiring hospitalisation

but no oxygen therapy (n=10 (WHO3), COVID-19 affected individuals requiring hospitalisation and non-invasive oxygen therapy
(n=4, WHO4; n=3 WHOS5), and severely affected hospitalised individuals requiring mechanical ventilation (n=3 (WHO6), n=10
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extra-trees:  sensitivity=0.706,  specificity = 0.815,
AUROC =0.836) show a comparable performance. To
evaluate how well the SVM predictor performs compared
to the clinical scores, we determined SOFA, APACHE II,
and CCI scores as well as the COVID-19-specific ABCS
score. SOFA, APACHE II, and ABCS, which are directly
linked to the patient’s disease severity, performed best
among the four scores tested. Nonetheless, the MRM bio-
marker assay outperformed all other scores, as indicated
by ROC analysis (Figure sa, Supplementary Table 12.)

Discussion

The COVID-19 crisis has reminded us that novel infec-
tious diseases can quickly challenge health systems on a
global scale. Although COVID-19 has meanwhile
become a well-studied disease, there remains unmet
clinical need for personalised tests that can support clin-
ical decision making and guide development of novel
treatments. The most important decision points for the
clinical management of COVID-19 are i) at admission,
posing the question whether a patient needs inpatient
care, ii) at regular inpatient wards, when decisions have
to be made whether more intense monitoring and respi-
ratory support (i.e. intensive care) are necessary during
clinical deterioration, which is common during the sec-
ond week of COVID-19 symptoms, and iii) at intensive
care units, where decisions about additional organ
replacement treatment such as extracorporeal mem-
brane oxygenation need to be made.

Several investigations have highlighted the classifica-
tion and prognostic value of plasma proteomes in
COVID-19.7*'**'~* Discovery proteomic technologies
are difficult to implement in a clinical routine. How-
ever, one can translate a proteomics result through the
selection and validation of biomarker panels; and tech-
nologies, such as triple quadrupole mass spectrometers
coupled to analytical flow rate chromatography are rou-
tinely used in clinical and regulated laboratories.**#
Indeed, their application in clinical proteomics is

desirable as LC-MRM i) provides high sensitivity and
specificity, ii) allows the inclusion of internal standards
for higher precision and control over potential matrix
effects,"®#7 iii) facilitates absolute quantification,
enabling cross-platform transferability,***° and iv) cov-
ers a large dynamic range.’® This in turn enables the
comparison of biomarkers with large abundance differ-
ences within one run, thus facilitating multiplexing of
many biomarkers and downstream processing and sta-
tistical analysis.

To simplify the transition from discovery to applied
proteomics, we have recently introduced a proteomics
platform that uses analytical flow rate chromatography
already at the discovery stage.””** Herein, we used discov-
ery proteomic data recorded with this platform, to design
a multi-protein biomarker panel for severity stratification
in COVID-19. The developed biomarker panel includes
5o peptides derived from 30 plasma proteins. These pep-
tides were selected both for their association with
COVID-19, for instance the innate immune response,
the coagulation system, or the complement
cascade,"***> and for technical reasons, for instance the
distribution over the chromatographic gradient. The
assay is robust and can be ported to different platforms
and matrices, in some of which not all peptides will be
quantifiable, as to be determined by a set of quality con-
trols. In this study, we established the assay on two differ-
ent routine-laboratory-compatible LC-MRM platforms.
We demonstrate sensitivity, accuracy, precision, as well
as overall reproducibility on both platforms.

We confirm in two temporally separated COVID-19-
patient cohorts that the panel assay captures disease
severity of SARS-CoV-2-infected individuals and dis-
criminates the necessary treatment levels. This is partic-
ularly reassuring as the standard of care changed to
include dexamethasone for treatment of respiratory fail-
ure in the outcome validation cohort (Cohort 3), follow-
ing publication of the results of the recovery trial.”’ We
also tested the prognostic value of the panel and found
that it outperformed four clinical risk-assessment met-
rics, ABCS, CCI, SOFA, and APACHE 11, in predicting

(WHO?) as well as QC plasma samples (n=12). Peptides with a significant concentration change (up- (top panel) and down-regulated
(bottom panel)) distinguish healthy from infected individuals, as well as mild from severe forms of the disease. Heatmap displays the
log, fold-change of the indicated peptide to its median concentration in patients with a severity score of WHO3. Only significant
peptides (adjusted P < 0.05) with an arbitrary fold-change difference <1/1.5 or >1.5 are shown, and log, fold-changes <-1.25 or
>1.25 are indicated by the same respective colour. For additional information, see Supplementary Figure 5. b) Visualisation of the
response to COVID-19 based on selected peptides indicating different COVID-19 severity trends (changing with severity expressed
according to the WHO ordinal scale (left, middle panel), and differentiating healthy from COVID-19 infected individuals (right
panel)). Boxplots display the absolute concentration of selected peptides in patients in different severity groups as explained in (a).
The extracted ion chromatograms (EIC) display the response of representative samples of individuals classified according to the
treatment escalation WHO=0, WHO=3, WHO=5 and WHO=7. ¢) Unsupervised clustering by principal component analysis (PCA)
based on the absolute concentration of 39 quantified peptides clusters patients with COVID-19 by severity. The peptide ADQVCINLR
contained missing values and was omitted. d) Analytical reproducibility of the assay in two laboratories, running two different LC-
MS/MS platforms, with independently optimised MRM transitions. Shown are linear correlations (pearson correlation) between abso-
lute peptide concentrations. Selected peptides and colour code like in (c). For boxplots, the median is marked by a solid line, hinges
mark the 25th and 75th percentiles, and whiskers show all values that, at maximum, fall within 1.5 times the interquartile range.
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Figure 4. Diagnostic and analytical performance of the assay on a COVID-19 inpatient cohort treated during the 2nd wave
of the pandemic. a) Quantitative performance (signal stability), during the measurement of 548 plasma proteome samples of
patient Cohort 3 evaluated based on n=85 QC samples (coloured in grey, pool of COVID-19 samples as described in”%) injected
throughout the acquisition. Shown are the log, fold-change of the absolute concentration for each of the 48 quantified peptides
normalised to the median of the QC samples for the respective peptide. b) Peptide log, absolute concentration fold change of two
selected down- (AHSG, PGLYRP2) and two up-regulated (CRP, CST3) proteins for all samples acquired for the cohort described in (a).
QC samples are shown in grey, all other samples are coloured according to the corresponding COVID-19 WHO treatment escalation
score; rug plots on the right side of each peptide indicate the respective distributions. ¢) The 8 most significantly upregulated (left
panel) and down-regulated (right panel) peptides indicative of COVID-19 disease severity, expressed as the treatment level accord-
ing to the WHO scale. For illustration purposes, only one peptide per protein is displayed and one outlier sample in peptide EITA-
LAPSMK was removed. The quantities of all quantified peptides are illustrated in Supplementary Figure 7. d) Confusion-matrix-like
representation of the outcome of a multi-class classification model (SVM-based) trained to differentiate three WHO severity groups:
grade 3, grades 4/5, and grades 6/7. Predictions were done on withheld samples that were not used for training the models (accu-
racy = 0.665, balanced accuracy = 0.656). The percentage denotes how many samples within each WHO severity group are assigned
to each square. The positions of the points within each square were chosen randomly. Colour scheme according to (c). ) ROC-
curves for the prediction of the WHO severity group from the first time point measured for every patient (grade 3, blue; grades 4/5,
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Figure 5. COVID-19 outcome prognosis. a) Receiver operating characteristic (ROC) curve for the prediction of survival and non-
survival, from a single plasma sample (first sample measured for every patient, n=164) using an SVM-classifier. The blue curve
denotes the model trained and benchmarked on measured proteomic data. The other curves denote models based on single sever-
ity scores (Sequential Organ Failure Assessment score (SOFA, purple, n=91), Acute Physiology And Chronic Health Evaluation
(APACHE II, green, n=69), Charlson Comorbidity Index (CCl, cyan, n=157), and Age, Biomarkers, Clinical history, Sex score (ABCS, pink
(admission, n=135) and orange (first sample, n=161)). b) Boxplot of the decision function of the SVM for every patient sorted accord-
ing to the outcome and coloured with respect to the WHO grade at the day the sample was taken. Colour scheme according to
Figure 4c. The red dashed circle indicates three patients with a high chance of predicted survival who died. These patients all were
WHO4 patients with ‘do not intubate (DNI)’ orders in place due to other medical conditions. Therapy was therefore not escalated to
invasive ventilation. The MRM assay classified those patients as milder COVID-19 cases, compared to other non-survivors. The cut
point for the binary metrics is highlighted. Sensitivity = 0.765, (26/34); Specificity = 0.831 (108/130). Indicated P value reports differ-
ences between decision function distributions (survival vs. death) as calculated with a Mann-Whitney U rank test. ¢) Kaplan-Meier
estimate of the survival function for survival predicted cases (orange) or non-survival predicted cases (black) with confidence inter-
val (alpha=0.05). Patient survival data for each timepoint is provided in Supplementary Tables 13-15. All predictions were done on
withheld samples that were not used for training the models. For boxplots, the median is marked by a solid line, hinges mark the

25th and 75th percentiles, and whiskers show all values that, at maximum, fall within 1.5 times the interquartile range.

the survival of COVID-19 inpatients, as revealed by a
ROC analysis. Thus, the panel assay could be used to
assess the current state of the patient, help monitor
novel treatments, or stratify patients based on their
responsiveness to novel therapeutic interventions. Fur-
thermore, the assay can be employed to predict the
future course of COVID-19, as exemplified by the pre-
diction of disease outcome weeks into the future.

While the value of quantitative proteomic measure-
ments for disease stratification was established in differ-
ent cohorts, further validation of the outcome prediction
will be required in an independent cohort. Similarly, not
all eventualities of a complex disease such as COVID-19
are covered with this assay. Additional data to build
improved models, and ideally prospective studies, will
be of high value, especially to refine predictive models
with regard to new SARS-CoV-2 variants and the addi-
tional treatment options such as JAK inhibitors. Simi-
larly, it will be important to assess the performance of
the assay in other populations, including ambulatory,
asymptomatic, and patients affected by other infectious
diseases. Another important criterion to be determined

is the time point where the signature from this assay is
most predictive of outcome. For instance, we recently
described that the early spike of the inflammatory
response and its gradual decrease is prognostic for
patients surviving the disease.”"*?

Proteomics can be prognostic of outcome in patients
with similar disease severity, e.g. among severely
affected patients* that are difficult to distinguish by
clinical parameters. This means that survival prognosis
using targeted proteomics could be improved beyond
what was shown in this study for ‘within-severity-group’
prognosis, if biomarker panels were selected specifically
for stratification within the respective COVID-19 sever-
ity group. Indeed, particularly within the group of
severely affected individuals, some patients were pre-
dicted incorrectly, i.e. survived despite being predicted
as non-survivors, or vice versa (Figure 5b). We assessed
on a patient-by-patient basis whether there are medical
reasons that could explain wrong predictions. Plotting
outcome with respect to time until death (Kaplan
—Meier survival analysis, Figure 5¢) denotes no clear
tendency for the correct and false predictions. However,

orange; grades 6/7, green). Dotted lines denote the micro (magenta) and macro average (pink) ROC-curves. Data shown and ana-
lysed in c)-d) are from the first time-point obtained for each individual; n=36 (WHO 3), n=47 (WHO 4), n=27 (WHO 5), n=16 (WHO 6),
n=38 (WHO?). For boxplots, the median is marked by a solid line, hinges mark the 25th and 75th percentiles, and whiskers show all
values that, at maximum, fall within 1.5 times the interquartile range.
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we noted that the three samples with the smallest deci-
sion function across wrongly predicted patients with
fatal outcomes belonged to WHO4 patients that had
DNI (‘do not intubate’) orders in place (denoted with a
red circle in Figure sb). It is hence plausible that the
assay correctly identified a milder form of COVID-19 in
these three individuals; i.e. that without a strong comor-
bidity or a DNI order in place, these might have had a
good chance to survive COVID-19. Similarly, we
recently reported two cases where the proteomic signa-
tures of patients correctly distinguished an influenza B
from a SARS-CoV-2 infection, and that highlighted a
patient that had to undergo chemotherapeutic cancer
treatment just days before a SARS-CoV-2 infection.*
Thus, protein signatures could in principle distinguish
different (respiratory) infections or comorbidities, while
additional research will be required to establish this for
the presented protein panel.

COVID-19 will remain a central public health issue
for the foreseeable future as new variants of concern
with capacity to evade vaccine-induced immunity con-
tinue to emerge.”” The underpinning targeted proteo-
mics platform supports rapid iteration of the panel
composition in case additional prognostic biomarkers
are discovered. Taken together, this peptide panel and
the underlying analytical platform hold potential to sup-
port a broader, continuous pandemic response in addi-
tion to their utility in hospitalised patient cohorts,
which we demonstrate in the present study.
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