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Abstract

Emerging infectious diseases and neglected tropical diseases represent a wide range of

diseases caused by a great variety of pathogens, which affect billions of people world-

wide. Although pharmaceutical industries have focused for years on eradicating emerging

diseases, recently their efforts moved to research and development of drugs to control

neglected diseases. In this thesis, we employ transcriptomic analyses to evaluate the effi-

cacy and safety of three vaccine platforms directed against diseases from both categories:

the rVSV-ZEBOV-GP vaccine against Ebola virus infection, the ChAd63-KH vaccine for

post-kala-azar dermal leishmaniasis, and the novel iNTS-GMMA vaccine targeting in-

vasive non-typhoidal Salmonella infections. The rVSV-ZEBOV- GP vaccine is a live,

replication competent VSV vector that expresses the glycoprotein of Zaire ebolavirus,

which received a full marketing authorization by EMA in 2021, for adult administration.

ChAd63-KH is a replication defective simian adenovirus expressing a novel synthetic

gene (KH) encoding two Leishmania proteins KMP-11 and HASPB,whose safety and

immunogenicity have been already assessed in a phase 1 study. iNTS-GMMA is a novel

platform containing modified S.Typhimurium and S.Enteriditis outern membrane vesi-

cles, cyrrently under evaluation in human studies.

For each vaccine, whole-blood samples were collected at different timepoints and stored

at -80°C in PAXGene tubes. RNA was extracted with PAXGene blood RNA extraction

QIAcube Connect system and quantified with RNA High Sensitivity Assay kit for Qubit™

4 Fluorometer. Sequencing libraries were prepared using the Illumina® Ribo-Zero Plus

Kit starting from 40 ng of total RNA.

The bioinformatic analysis was conducted with the software R. For each vaccine we inves-

tigated gene expression across timepoints, performing differential gene expression (DGE)

analysis and enrichment analysis, with DEseq2 and tmod packages respectively. Gener-

ally, all vaccine platforms elicited innate immune response soon after the administration

with upregulated blood transcriptional modules related interferon responsiveness, den-

dritic cell and monocyte activation, and antigen presentation, while antibody production

was detectable 7 days after injection. The transcriptional data supported the known im-

munogenicity of the ChAd63-KH vaccine.For iNTS-GMMA, we further explored B-cell

1



receptor (BCR) repertoires using the MiXCR pipeline, identifying approximately 4,000

distinct clonotypes. In the rVSV-ZEBOV-GP pediatric cohort, correlations between

gene expression and antibody titers were investigated to identify early transcriptional

determinants of humoral immunity.
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Chapter 1

Introduction

1.1 Emerging and neglected infectious diseases

Emerging infection diseases (EIDs) and neglected tropical diseases (NTDs) represent a

group of diseases caused by a variety of pathogens including virus, bacteria, fungi and

parasites that affect public health. These diseases affect more than 2 billion people, with

a collective daily burden that is equivalent to HIV, tuberculosis and malaria causing dev-

astating health, social and economic consequences [1]. Although they are both infectious

diseases, these two categories are essentially socio-political constructs for discriminating

those diseases that have been the priority for public surveillance (EIDs), from those for

which global public health attention has grown only in the last years (NTDs). It is a

matter of fact that global health surveillance and the global pharmaceuticals market

have focused their attention and effort in research and development and drug discov-

ery to control and eradicate EIDs (like Ebola virus disease, pandemic influenza, malaria

etc.), which today still represent a huge part of pharmaceutical market in the richest

countries. On the other hand, NTDs are strongly linked to poverty, they affect vul-

nerable population in tropical regions, and they are not transmitted rapidly and widely

and, as a consequence, they don’t represent a big source of profits for biotechnology and

pharmaceutical industries as EIDs do [2].

The interest for NTDs materialized only in 2012 in The London Declaration on ne-

glected tropical diseases, which describes the global initiative to eradicate these diseases.

The coalition involved in this campaign comprises the WHO, the Bill & Melinda Gates

Foundation and some leading pharmaceutical companies. The emergence of new philan-

thropic donors and the presence of non-governmental organizations (like Médecins sans

Frontières) contributed in orienting the attention on poor communities, without threat-

ening to disrupt the world economy.The key role in the battle against NTDs is played
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by pharmaceutical industries that recently started taking them in account by engaging

public-private cooperation aimed to develop efficient drugs and vaccines for treatment

and prevention. Other strategies employed by the WHO for disease management are

based on vector control, provision of safe drinking water, basic sanitation and hygiene

and veterinary public health. Today WHO recognizes 17 NTDs such as Leishmaniasis,

Chagas disease, Dengue, Leprosy and others.

This thesis is focused on the gene expression analysis for the characterization of the

immune response elicited by three different vaccines against Ebola virus disease, post-

kalazar dermal Leishmaniasis and non-typhoid Salmonella infections respectively. To-

gether these three infectious diseases represent a significant issue for public health world-

wide.

1.2 The Ebola Virus

The Ebola virus was discovered in 1976 in the area of Zaire and in Sudan, since this date

it has caused multiple outbreaks in African country with high number of deaths. The

biggest epidemic occurred between 2013 and 2016 in the central Africa and it resulted in

about 11,323 fatalities among the 28 000 cases. The recurrence of outbreaks stimulated

the scientific community to develop new experimental drugs and vaccines to treat patients

and prevent the infection.

1.2.1 Ebola Virus Biology

The Ebola virus is a member of the Filoviridae family, a family of filamentous, enveloped

single-stranded, negative-sense RNA viruses, with a genome of approximately 19 kb. In

the genus Ebolavirus, five different species are distinguished: Zaire Ebolavirus (ZEBOV),

Sudan Ebolavirus (SUDV), Tai forest Ebolavirus, Bundibugyo Ebolavirus (BDBV) and

Reston Ebolavirus.

The genome encodes for seven distinct genes from which at least nine proteins are ex-

pressed: nucleoprotein (NP), polymerase cofactor (VP35), matrix protein (VP40), gly-

coprotein (GP), soluble GP (sGP), small soluble glycoprotein (ssGP), transcription ac-

tivator (VP30), minor matrix protein (VP24), and RNA-dependent RNA polymerase

(L)[3].

ZEBOV particles have a diameter of 80 nm and their length can vary from 800 nm up

to 1400 nm. It binds a huge variety of cellular attachment molecules, including lectins,

T-cell immunoglobulin and mucin domain-1 (TIM-1) and Tyrosine kinase receptor Axl.

It is internalized mainly by micropinocytosis, or rarely by clathrin-mediated endocytosis;
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the viral protein responsible for the attachment and entry is the GP, that also deter-

mines the viral tropism. In its native state, GP is a triplet of heterodimers, each of them

composed by a receptor binding subunit (GP1) and a fusion subunit (GP2)[4]. After

the internalization, the GP protein is degraded by proteolytic cleavage in the endosome,

where it binds to the cellular receptor cholesterol transporter Neimann-Pick C1 (NPC1)

protein and fuses with the endosomal membrane, causing the release of the nucleocapsid

complex in the cytoplasm. NP, VP35 and L proteins are necessary to support genome

replication and VP30 is an essential cofactor that stabilizes VP35-L RNA binding. The

replication starts with the synthesis of the positive-sense RNA filament, the antigenome,

that serves as a template for the generation of new genomes. The 3’ region of genome and

anti-genome contains the replication promoter for plus- and minus-sense RNA synthesis,

ZEBOV promoter is a bipartite structure with two elements separated by a spacer re-

gion consisting of the transcription start signal of NP and a downstream located region

involved in secondary structure formation and transcription initiation [5]. The RNA

genome is transcribed into seven monocistronic mRNA fragments, all of them capped

and polyadenylated. The polymerase complex accesses the genes through a single poly-

merase binding site at 3’ end and proceed along the RNA by stopping a reinitiating at

each gene junction transcribing each gene individually from 3’ to 5’ end. NP protein

guides the encapsidation together with VP35 and VP24, the first forms helical tubes

and the other two interact with these NP-derived helices resulting in the formation of

nucleocapsid-like structure. Then nucleocapsids are driven to plasma membrane, here

they are packaged together with membrane-inserted GP into progeny viral particles; this

process is guided by NP and VP40 [6]. EBOV causes severe hemorragic fever in both

humans and NHPs, with fatality rate up to 90%.

1.2.2 Pathogenesis

Ebola virus disease (EVD) is a zoonosis, since the infections in human are mainly linked

to exposure to animal reservoirs including bats, squirrels, mice and rats. The primary

transmission route from the reservoir to an end host remains unknown, while human-

to-human transmission occurs via direct contact with infected tissues, bodily fluids,

inoculation by injection of virus into bloodstream. Among these risks factors, the most

significant is the contact with infected body fluids, indeed ZEBOV has been recovered

from breast milk, saliva, urine, semen, cerebrospinal fluid, and aqueous humor, in addi-

tion to blood and blood derivatives, and detected in amniotic fluid, tears, skin swabs and

stool[7]. EBOV is able to replicate in a broad range of cell types, including immune cells,

endothelial cells, fibroblasts, hepatocyte and adrenal cells. It first replicates in dendritic

cells and other cells of the monocytes/macrophages lineage, that travel via lymphatic
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vessels to lymph nodes and nodal chains, where virus replication and dissemination ini-

tiation occur prior to the onset of symptoms.[6] Incubation period goes from 2 to 21

days and the disease can be divided into three phases; it starts with a few days of fever,

headache and myalgia, followed by a gastrointestinal phase with diarrhea and vomiting.

The final stage is characterized by multi-focal necrosis of hepatocytes and multi-organ

failure, convulsion, shock and death, that occurs within about 2 weeks after the first

symptoms appear [3]. Following EBOV exposure, several inflammatory mediators are

released due to the presence of GP protein that is shed from the infected cells within

the first hour of infection. The quantity of free GP is directly correlated to the degree of

DCs and macrophages activation and it is responsible for the abnormal massive release

of pro-and anti-inflammatory cytokines. Indeed, another peculiarity of the EVD is the

so-called “cytokine storm” originated by an overproduction of IL-1, IL-6, IL-8 and other

inflammatory mediators. This effect is the leading cause of coagulopathy and increased

endothelial permeability. It is also hypothesized that glycosylation of GP may impede

the binding of neutralizing antibodies to the virus, contributing to the immune evasion

[6]. The infection of immune cells results in impaired innate and adaptive immune re-

sponses characterized by the inhibition of type I interferon (IFN) response, deregulation

of the cytokine and chemokine network, a deterioration of DCs and NKs and a massive

apoptosis of T cells. The principal viral proteins involved in this activity are VP24 and

VP35, two components of the nucleocapsid that block host interferons production and

signaling, promote aberrant expression of cytokine and affect the maturation of DCs.

The disruption of the immune response mediated by macrophages, dendritic cells and

antigen presenting cells contributes to immune evasion and it is correlated with a fatal

outcome of Ebola hemorrhagic fever. A fatal outcome is also associated with the lack of

specific IgG and a low level of IgM.

Among humans it seems that EVD incidence increase linearly with the age to a peak

at 35-44 years [8]. Children usually represent a small number of cases of EVD due to

intentional exposure to the infected individual, and differences in susceptibility between

different age groups. However they present a shorter incubation period which can vary

for 6.9 days in children younger than 1 year of age, to 9.8 day in children 10 to 15 years

of age. Younger children also show shorter times from symptom onset to hospitalization

and a faster progression to death. Furthermore, children exhibit disease symptoms in an

age-dependent manner and at different frequencies compared to adults [9]. The fatality

rate is also higher in children compared to adult (about 100% in neonats, 70/80% in

children younger than 5 years old and about 50% in children from 10 to 15 years old)

[10]. All of these elements highlight the importance of including children in clinical trials

to evaluate the efficacy of a possible treatment or vaccine.
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1.2.3 Vaccination platforms against Ebola

After the 2013-2016 EBOV epidemic, the necessity for a good prevention strategy be-

came evident and this strongly accelerated the classical human clinical trials on a number

of vaccines that had already demonstrated their efficacy in NHPs models. However, due

to the sporadic outbreaks of EBOV, is not easy to perform a standard phase III clini-

cal trial. To overcome this limit, the FDA implemented the ‘animal rule’, under which

a countermeasure can be licensed with phase I and phase II clinical trials and animal

efficacy data [11]. The major candidates include virus-like-particles, replication incom-

petent adenovirus serotype 4 vectors (Ad5), replication-competent recombinant human

parainfluenza virus 3 (rHPIV3) and recombinant vesicular stomatitis virus (rVSV) [12].

The most promising candidates are rVSV-ZEBOV- GP (Ervebo®) and a rAd26-ZEBOV

prime with MVA-BN-Filo boost (Zabdeno®), which received by EMA a full authoriza-

tion and an authorization under “exceptional circumstances” respectively. The Zabdeno

vaccine is able to elicit a strong CD4+ and CD8+ T cells response and the production

of neutralizing antibodies, its Ad26 vector encodes the GP of EBOV. Eight weeks later

the Zabdeno dose, a booster of a Modified Ankara Bavarian Nordic viral vector (called

MvaBea) is administered, it encodes for GP belonging of other species of Ebola virus.

1.2.4 The rVSV-ZEBOV-GP vaccine

The rVSV-ZEBOV-GP vaccine is a live, replication competent VSV (VSV-Indiana serotype)

vector that expresses the GP of ZEBOV. Multiple copies of GP are expressed on the vi-

ral envelop to induce a protective immunity. The gene encoding the VSV glycoprotein

was completely removed and substituted with the one encoding for ZEBOV GP. A co-

transfection of cells with a plasmid containing the entire VSV genome deleted for GP,

replaced by ZEBOV GP and a helper plasmid is required to produce the final vector.

The transcription of the plasmid is controlled by bacteriophage T7 polymerase promot-

ers. The full-length GP protein is anchored to the viral envelope and no soluble GPs

are released, this leads to a more efficient immune response and contrasts the natural

immune evasion caused by the soluble form. The vector enters the cell by micropinocy-

tosis in a GP-dependent manner and it is then processed by the endosome as for the

ZEBOV itself. The complete removal of VSV GP protein leads to a minimal anti-vector

immunity.

In 2015 a phase 1 clinical trial showed that the vaccine was immunogenic after a single

dose and no serious adverse events were reported. The study involved 158 healthy adults

in Europe and Africa. All participants were injected with doses of vaccine ranging from

300 000 to 50 million PFU or placebo. The reactogenicity was evaluated for 7 days after
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the injection and at days 14 and 28, the majority of side effects were mild or moderate.

Serum antibodies induced by the vaccine were detected and neutralization assays showed

a significant increase in neutralizing antibodies in all vaccinees who received similar titers

[13]. The most alarming adverse effect was observed in the Swiss cohort, where 11 of 51

(22%) vaccinees developed arthritis. This disease was accompanied by maculopapular

rash and vesicular dermatitis in three subjects. Two people presented purpura of the

lower legs. The incidence of arthritis was not associated with the dose of the vaccine, but

was mainly correlated with the age of the subjects; in fact age was significantly associated

with the risk of arthritis in low-dose vaccinees, but not in high-dose ones [14]. In the

same year, a phase 3 clinical trial was performed in Guinea where some cases of Ebola

appeared. People (contacts of the confirmed case and contacts of the contacts) were

treated immediately, or after 21 days, with rVSV-ZEBOV in order to assess the efficacy

and the effectiveness of the vaccine. In the immediate vaccination group were no cases of

EVD, whereas in the delayed group there were 16 (confirmed before the vaccination). No

cases were diagnosed 6 days post vaccination in both groups. These results, together with

those provided by additional trials managed in the same area, showed that the efficacy

of the vaccine was about 100% after a single dose [15]. The safety and immunogenicity

of the vaccine were tested also in children (6-12 years) and adolescents (13-17 years) in

a phase 1 trial in Lambaréné (Gabon), who were vaccinated with a single intramuscular

dose of 2x107 PFU. Both age groups showed headache, fatigue and subjective fever, but

no severe adverse effects occurred, and specific antibodies were detected 28 days after

vaccination [16].

1.3 Leishmaniasis and post-Kala-azar dermal Leish-

maniasis

1.3.1 Leishmania

The intracellular protozoan parasite genus Leishmania comprises more than 54 species,

among them around 21 are pathogenic and responsible for cutaneous or visceral leishma-

niasis. The vector responsible for the transmission is the female sandfly, an haematoph-

agus, 2-3 mm long arthropod. As a parasite,Leishmania needs a mammalian host to

reproduce, that are humans for L.donovani and mammals for L.infantum, that togheter

with L.chagasi, are the leading cause of visceral leishmaniasis [17]. Despite the huge

variability among all the species, the life cycle is common and comprises two major mor-

phological forms, called promastigote (within female sandfly) and amastigote (within

mammalian phagocytic cells). Inside the sandfly, the promastigote undergoes a meta-
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morphosis from procyclic to metacyclic infective form that moves to the gut of the

sandfly. The metacyclic form is inoculated in the host and soon engulfed by phagocytic

cells. Here, some parasites succeed in escaping from the killing strategy of neutrophils

and spread into macrophages. Inside macrophages, the switch from promastigote to

amastigote occurs, in this form parasite are able to massively replicate causing clinical

manifestation. During this morphological change, the parasite surface modifies its com-

plexity and it starts exposing hydrophilic acylated surface proteins (HASPs), which are

characteristic of infective stage. These proteins are immunogenic, one of them is the

hydrophilic acylated surface protein B (HASPB), that is released from the metacyclic

parasite surface during phagocytosis by macrophages [18] Genetic variability causes the

presence of a lot of different virulence factors which contribute to pathogenesis aspects.

The main virulence factors are: proteophosphoglycans, Elongation factor-1α, proteases,

acid phosphatases, glycoprotein 63, lipophosphoglycan, heat shock protein and Kineto-

plastid membrane protein-11 (KMP-11). In particular KMP-11 is crucial in L.donovani

infection due to its ability to inhibit IFN-γ production and to induce IL-10 release [19].

1.3.2 Visceral Leishmaniasis and Post-kala-azar dermal Leish-

maniasis

Visceral leishmaniasis(VL) is a vector-borne disease caused by intracellular protozoa of

the genus Leishmania, in particular two species are mainly involved in VL, that are Leish-

mania donovani in southeast Asia and Africa ad Leishmania infantum in Mediterranean

area, in the Middle east and in Brazil.

The protozoa enters the human body through sandfly bite, then it spreads and replicates

in reticuloendothelial system. Parasites also infect macrophages, reach the lymph nodes

and lymphoid organs where they evade the immune system of the host. Symptom are

various, slowly progressive and in many cases VL can also be asymptomatic or it can

behave as latent infection, manifesting itself after years. Most common symptoms include

fever, splenomegaly, hepatomegaly,pancytopenia and elevated liver enzyme. In some

cases, if untreated, VL can be fatal. The term "kala-azar" usually associated with

Leishmania infection is due to the greyish appearance of the skin of some patience,

probably caused by a cytokine-induced increase in the production of adrenocorticotropic

hormone [17]. After infection,the immune response to VL commonly involves T cells,

in particular Th1 and Th2 including IL-12, INF-γ, IL-21, IL-27, TGF-β and TNF-α

resulting in both pro and anti inflammatory response. Both CD4+ and CD8+ T cells

play a crucial role, the first ones are related to high parasite load and production of

IL-10, whereas the second ones may differentiate in effector cells, killing target cells or
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they can acquire a regulatory role, preventing immunopathology. The humoral response

is strong and easily detectable with direct agglutination test and ELISA [20].

After treatment with antileishmania drugs (such as stibogluconate,AmBisome and Fungi-

some), immune response switches to predominantly Th1 response and macrophages ac-

tion, whit a slowly decrease of humoral immunity, which can persist for several months

[20].

Post-kala-azar dermal leishmaniasis (PKDL) is a complication of VL, whose manifes-

tation can occur months or years after the visceral disease. It is mainly caused by

L.donovani and it is characterized by the presence of macular, maculopapular and nodu-

lar rush. The lesions appear around mouth and then spread around the face, however

in most severe cases, mucosal lesions involve also lips and palate [21]. Depending on the

lesions pattern, three grade of severity are established:

• Grade one: characterized by scattered maculopapular or nodular rush occurring

mainly in face

• Grade two: dense maculopapular or nodular rash covering most of the face and

extending to the chest, back, upper arms, and legs.

• Grade three: maculopapular or nodular rash covering most parts of the body,

including hands and feet, whit ulceration ans crusting in palate and lips.

In some cases, PKDL occurs concomitantly with VL(para-kala-azar dermal leishmani-

asis), resulting in patients manifesting also fever, splenomegaly, hepatomegaly or lym-

phadenopathy.

The mechanism that determine development of PKDL still remain to be elucidated,

but it seems to be strictly bound to the immune response to the parasite that can be

found in skin lesions.PKDL is characterized by an immune response mediated by both

Th1 and Th2 t cells, with the persistence of IL-10 in skin and IFN-γ sistematically.

Also Th17 cells play an important role in induction of inflammatory response,by re-

leasing IL-17 and IL-22, which are inflammatory cytokines. Antigen presenting cells,

such as macrophages and dendritic cells are responsible for the initiation, development

and maintenance of a protective immunity, however the amastigote is able to modulate

macrophage action resulting in the switching into M2 type, that is associated with sup-

pression of cell mediate immunity and disease chronicity. Indeed, the strength of the cell

mediate immunity response is higher in acute PKDL, on the other hand, it tends to be

weaker in chronic disease. Level of antibodies varies depending of the type of PKDL, it

is low in macular PKDL(only elevated IgG1), whereas it is high in the papulo-nodular

manifestation(elevated IgG1 and IgG3) [22].
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1.3.3 Vaccination platform against Leishmaniasis

Although it is endemic in 88 countries, Leishmaniasis is still considered as a disease of

developing countries. This fact, coupled with the difficulties, in the affected areas, in

accessing health care and drugs,leads to a poor interest in investing in vaccine research.

As a result, Leishmaniasis can be included in the neglected disease[17]. Current mea-

sures to address this infection comprises advanced surveillance, production of drug for

improved treatment ad identification of animal reservoir. The research of a multi-species

Leishmania vaccine is still ongoing, at the moment there are numerous candidates that

can be grouped in three categories:

• Live attenuated

• Killed parasite

• Defined vaccines like recombinant proteins and DNA vaccines

Although the high numbers of possible candidates, at the moment no vaccine is on the

market. The possible issues can be both economic and biological. As a neglected disease,

Leishmaniasis is unactractive to the industry,that will not gain enough profits. These

candidates still fail in conferring the immunity, in addiction a suitable and stable adjuvant

has not been found yet, due to the extreme variability of the infections. Leishmania

species present essential differences in virulence dynamics and the clinical manifestation

varies between the visceral and the cutaneous form, as their virulence factors and the

elicited immune response[23]. Furthermore, the genetic of the host seems to be another

crucial factor for clinical manifestation [20].

1.3.4 The ChAd63-KH vaccine

Among these candidates, ChAd63-KH demonstrated to be a valid prophylactic and ther-

apeutic solution against VL and PKDL. It is a replication defective simian adenovirus

expressing a novel synthetic gene (KH) encoding two Leishmania proteins KMP-11 and

HASPB,whose safety and immunogecity have been already assessed in a phase 1 study

in 20 healty adults volunteers, through immunogenicity assay and whole blood tran-

scriptomic. Subjects were followed up at days 1, 14, 28, 56 and 90 post-vaccination,

none reported severe adverse effects, indicating that the vaccine is safe. Immunogenicity

assays highlighted massive activation of CD8+ T cells and the production of relative

cytokines, whose activity was validated also through transcriptomic analysis [24]. In-

deed, the vaccine is projected to induce CD8+ T cell response, that seems to be one

of the most significant correlates of protection in experimental prophylactic vaccination.
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In addition several studies in humans affected by VL demostrated that CD8+ T cells

are an important contributors to anti-leishmania immunity in asymptomatic patients,

and when present at an appropriate frequency, antigen specific CD8+ T cells can thus

provide therapeutic benefit [25].

The efficacy of a single dose (7, 5x107) of ChAd63-KH for treatment of PKDL was as-

sessed in a randomized double blind phase 2b trial [25]. Participants were monitored for

7 day after vaccination in hospital and the on day 21,42, 90 and 120. Vaccine-induced

immune response was evaluated with whole blood transcriptomic analysis and antibody

and IFN-γ ELISPOT [26].

1.4 Invasive non-typhoid Salmonella Infection

1.4.1 Non-typhoid Salmonella serovars and pathogenicity

Invasive non-typhoid Salmonella infection (iNTS) are caused by few serovars of Salmonella

enterica, that are Gram-negative, facultative, anaerobic, intracellular bacteria belonging

to the family of Enterobactericeae. They enter human body by consumption of contami-

nated food or water. The ability to survive acid pH of the stomach allows Salmonella to

penetrate the intestinal epithelial barrier by invading enterocytes through the expression

of a type 3 secretion system (T3SS) encoded by Salmonella pathogenicity island (SPI)

. There are two types of T3SS, one is encoded by SPI-1 and it is specific for epithe-

lial cells invasion; the other one is SPI-2 that is expressed once inside the cell and it

is required for bacteria survival. Another important factor is the Salmonella virulence

plasmid (SPV), that encodes for genes disrupting the immunity [27]. A few portion of

bacteria can also penetrate dendritic cells and intestinal macrophages, resulting in the

spread of the pathogen through the bloodstream.

The early immune response against Salmonella relies on innate immunity in gut mucosa.

Macrophages and neutrophils are the first defense line through their phagocytic ability

with their production of antimicrobial peptide and IFN-γ. At a later stage of infection,

T cell and antibody response become the effective defense, in particular CD4+ T cells

play a pivotal role in stimulating antibodies production and their loss is one of the

primary correlated of susceptibility to NTS bacteremia. The presence of antibodies anti

O-antigens is critical to prevent bacteremia and it is crucial in people with deficiencies

in IL-12 and IL-23 production[28]

iNTS infections are always characterized by bacteremia without an evident focus of infec-

tion. NTS bacteremia can lead to endocarditis with myocardial abscess and peri-valvular

complication with mortality rate of 50%. The presence of endovascular foci of infection
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can also cause mycotic aneurysms (more common than endocarditis), especially in late

age people. Visceral abscesses, spleen infection can also be possible. NTS gastroentiritis

can also lead to damage of joint and bones due to immune inflammatory response, that

may result in osteomyelitis (more common in children than in adults). Salmonella is

able to cross the blood-brain barrier, causing meningitis[27]. The clinical outcome of

the infection depends also on the history of the patient. People who are affected by

immunodeficiency, or have Malaria coinfection, are characterized by a compromised im-

munity with a defective T cell activity and complement and antibody deficiency. Both

HIV-iNTS and Malaria-iNTS coinfections are characterized by the suppression of gas-

trointestinal inflammation and an increased production of anti-inflammatory cytokines

[29]. The S.Typhimurium spread is also promoted by the consumption of the C3 com-

plement component. Malnutrition is also a key factor especially in children, who have

a reduced level of complement components and neutrophils with lower microbicidal ca-

pacity [30].

Studies from 1996 to 2016 suggest that the incidence of iNTS is higher in Africa (92%)

than in Asia (8%) and the majority of cases are from Eastern Africa [31]. Among all

serovars S.Thyphimurium ST313 and S.Enteriditis ST11 are the leading cause of iNTS

in Africa (90%). They are characterized by the presence of peculiar SPV with mutations

responsible for higher virulence and antibiotic resistance [32]. The genetic differences

among NTS serovars is also responsible for peculiar pathogenesis, indeed strains belong-

ing to the same clade can present increase replication rate in macrophages, or specific

composition in the O-antigen. Furthermore, the presence of pseudogenes is associated

with the adaptation to new host niches [29].S.Thyphimurium ST313 presents four plas-

mids (pSTL) and five prophage-like elements (BTP),which increase its invasive potential

and its acid tolerance.Furthermore a mutation in pgtE gene promoter causes the produc-

tion of an outern membrane protein that improve the degradation of host antimicrobial

proteins, including complement proteins [30]. Both S.Thyphimurium and S.Enteriditis

have acquired the resistance to multiple type of antibiotics (like ampicillin and chlo-

ramphenicol), actually making fluoroquinolones and third-generation cephalosporin the

drugs of choice. However, the resistance is increasing, leading to more frequent treat-

ment failure, especially in a region where antibiotics are commonly use to treat various

syndromes.

1.4.2 Vaccination platforms against iNTS

Since humoral response and T-cell mediated immunity result to be strictly necessary to

eradicate Salmonella infection, vaccine candidates are focused on the induction of this

kind of immunity. In addiction, the presence of multidrug resistant serovars and the
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consequent failure in antibiotic treatment make really necessary the development of an

efficient vaccine against NTS. Several candidates, including live-attenuated, glycocon-

jugate and recombinant antigen based vaccines are currently under investigation with

target S.Typhimurium and S.Enteritidis. Live attenuated vaccines contain strains with

attenuating mutations, but with the same immunogenic capacity. These vaccines elicit

both cell-mediated and humoral responses. Glycoconjugates are usually based on the

presence of the O-antigen (OAg) with carrier proteins able to induce antibodies pro-

tection. Another promising approach is based on the use of Outer Membrane Vescicle

(OMV), that are plebs which are spontaneously released by Gram Negative bacteria, con-

taining LPS and OAg.Through the presence of different kind of molecules, these vesicles

can self-stimulate various types of immunity [29].

Among OMV-based vaccine, one of the most interesting candidate is based the General-

ized Modules of Membrane Antigens (GMMA) technology, which consist in the genetic

manipulation of the contents of these vesicle in order to modify their reactogenicity and

immunogenicity. The novel iNTS-GMMA vaccine platform,developed by GSK, contains

S.Typhimurium ans S.Enteriditis outern membrane vesicles[33], that present modifica-

tions including the disruption of the links between the outer membrane and the pepti-

doglycan or inner membrane to greatly increase release of GMMA [34] and modification

of the lipid A structure of the LPS, by mutation of msbB and pagP genes, results in de-

creased reactogenicity. [35]. The long-term immune response was tested in mice through

several tests (ELISA, SBA, multiparametric flow cytometry analysis) demonstrated that

the vaccine elicits a rapid production of specific serum IgM and IgG persisting for 10

weeks after a single immunization and seven months after the boosting. In addition the

presence of memory B cells was assessed by ELispot 28 weeks after the boosting,together

with high level of antibodies [36].

1.5 Role of transcriptomic analysis in Vaccine clinical

trials and aim of the thesis

In recent years, the development of high-throughput sequencing (also called next genera-

tion sequencing NGS) has enormously increased the ability to sequence genome in a short

period of time. The advent of NGS technology have redefined the classical workflow of

both human and microbial genetic research, and it rapidly became crucial in the study

of human infectious disease and vaccine development. NGS allows the sequencing of the

entire pathogen genome rapidly, reducing the time needed to investigate the genetic vari-

ability that often characterizes human pathogens (like Influenza viruses which present
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high mutation rate) and represent a big issue in the development of vaccine. Beside

the genome sequencing, another significant application of NGS for vaccine research is

the sequencing of host and pathogen transcriptomes(RNA-seq), as well as studies of the

host immune response elicited by the vaccination [37]. RNa-seq provides the capacity to

investigate differences, between subjects in immune response to a pathogen or a vaccine,

are the consequences of alteration in gene expression. Transcriptome analysis is also used

to characterize temporal changes in gene expression after an infection, a treatment or a

vaccination schedule.

In this work we wanted to focus on the role of whole-blood transcriptomic analysis in

identifying possible markers of protection induced by different vaccine platforms. The

gene expression was evaluated for each timepoint and compared with the baseline (usu-

ally day 0 before vaccination), the number of differentially expressed genes allowed us

to determine changes in gene expression, and consequently, which biological pathways

were activated by vaccination. We also performed a correlation analysis between gene

expression and antibody titers to pinpoint which genes were involved in immunoglobulin

production.
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2.1 Abstract

Background: The safety and efficacy of ZEBOV-GP have been already demonstrated in

adults [13], [14], however data related to children are still limited. A phase 2 randomized,

placebo-controlled trials showed that a single dose of Zebov-GP is sufficient to elicit an

antibody response by day 28 after vaccination, that persists for 12 months, and a second

dose, administered 56 days after the first one, can boost antibody concentration [38].

Currently, tolerability of the rVSV in children is not clearly understood as the effect

of the vaccine on children immune response. The aim of our analysis is to evaluate

the ability of the vaccine to induce innate and humoral immune response, through the

characterization of a trasncriptomic profile.

Methods: We conducted whole-blood transcriptome analysis on 120 children divided

into two age groups depending on the age (1 to 5 years old and 6 to 12 years old). In each

group 40 and 20 participants allocated to receive the rVSV-ZEBOV-GP and varicella vac-

cines VARILRIX, respectively. RNA sequencing was performed at baseline (D0), day 1
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(D1), day 2 (D2), day 7 (D7), day 14 (D14) and day 28 (D28) post-vaccination. Differ-

ential gene expressions were analyzed using DESeq2, enrichment analysis was performed

with blood transcription modules (BTM). Co-expression was assessed with CEMiTool

and correlation analysis was performed with psych.

Results: rVSV-ZEBOV-GP induced robust early innate responses with 10.900 differen-

tially expressed genes at D1 (vs VARILRIX), mostly related to innate immune resposnse

activation, IFN signature and antigen presentation. Along the entire period of evalu-

ation, rVSV-ZEBOV-GP elicited stronger immune response than VARILRIX, but no

module related to immunoglobulins was detectable. A deeper analysis was conducted

on the rVSV-ZEBOV-GP group, comparing gene expression of each timepoint with the

baseline. Here, gene expression analysis allowed us to appreciate by D7, the upregulation

of few genes related to B cells and antibody production. Co-expression analysis revealed

significant B-cell module activation (M6 and M9) at D7. According to antibody titers,

we classified the entire cohort in two groups, responders and not responders for those

a correlation analysis between gene expression and antibody titers was performed. We

also investigated the role of age and gender on vaccine efficacy; no differences were found

between male and female, but we found that infants (1/2 years old) were characterized

by upregulated BTM related to immunoglobulins and B cells since day 0.

Conclusion: rVSV-ZEBOV-GP vaccination induces a rapid, and strong innate immune

activation within 24 h, followed by B-cell signatures appreciable by day 7. Vaccine

efficacy is not affected by gender, but for infants it was not possible to detect a clear

trend for immune activation. These transcriptomic signatures provide insights into rVSV-

ZEBOV-GP vaccine immunogenicity in pediatric cohort, though further analyses are

needed to clarify the real efficacy in infants.

2.2 Introduction

Ebola is a negative-sense, single-stranded RNA filovirus that causes severe hemorrhagic

fever with fatality rates reaching up to 90%. The virus initially infects dendritic cells

and macrophages, spreading to lymph nodes and subsequently to major organs, where

it triggers a massive inflammatory response (“cytokine storm”), profound immunosup-

pression, and endothelial dysfunction. Human-to-human transmission occurs through

contact with infectious bodily fluids, while the animal reservoir is thought to include

bats and small mammals. Incidence and disease severity increase with age, but children

experience faster progression and higher mortality rates. The rVSV-ZEBOV-GP vac-

cine, a recombinant VSV vector expressing the Zaire ebolavirus glycoprotein, has shown

strong immunogenicity and approximately 100% efficacy after a single dose in clinical
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trials, with an overall favorable safety profile in adults, adolescents and children.

2.3 Materials and Methods

2.3.1 Study design

The study was carried out at the Centre de Recherches Mèdicales de Lambaréné in

Lambaréné, Gabon. It is a phase 2, randomized, controlled, open-label pediatric trials

aimed to investigate tolerability, safety and immunogenicity of the rVSV-ZEBOV-GP

vaccine (at nominal doses of 1 ml 7.8 × 107 plaque-forming units) as compared with a

varicella zoster vaccine VARILIX(VZV, GlaxoSmithKline, UK, 0.5 ml dose, 103,3 plaque-

forming units) in children aged 1 to 12 years [39].

Figure 2.1: Experimental design.A total of 120 participants were recruited and divided
into two age groups (1 to 5 years old and 6 to 12 years old) of 60 children. The sample
size had been calculated using a 2:1 ratio, thus 40 and 20 participants per age group
were allocated to receive the rVSV-ZEBOV-GP and varicella vaccines VARILRIX, re-
spectively.Blood samples were collected on days 0,1,2/3, 7,14,21,28,56,84,180 and 365
after vaccination in both groups, for occurrence of adverse effects,presence of rVSV ri-
bonucleic acid, concentration and avidity of specific antibodies. For our transcriptomic
analysis ,the blood was collected at day 0,1,2,7,14 and 28 post vaccination.

For our transcriptomic analysis, we received a total of 379 RNA samples (from 116

different subjects belonging from both group of treatment), so we first made a comparison

between these two conditions (Figure 2.1). Total number of samples used for each analysis

and the criteria for their selection are shown in Figure 2.2.
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Figure 2.2: Samples used for data analysis.We received 379 RNA samples, but only 369
were available for the sequencing after RNA quantification. After the sequencing,we
selected 320 sample which had at least 5x106 total reads, for further analysis. We used
all 320 selected samples for the comparisons between the two vaccination groups. For the
correlation analysis between antibody titers and gene expression, we received data of 64
subjects for a total number of 200 samples.

2.3.2 RNA quantification, library preparation and quantifica-

tion, sequencing

The Invitrogen Qubit™ 4 Fluorometer (ThermoFisher Scientific) was employed for RNA

quantification. The assay of choice was the RNA High Sensitivity Assay kit, that allows

the quantification of RNA sample with initial concentration from 0.2 to 200 ng/uL.

Sequencing libraries were prepared using the Illumina® Ribo-Zero Plus Kit starting

from 40 ng of total RNA. This kit allows the depletion of rRNA from purified total RNA,

followed by a reverse transcription and conversion of the remaining RNA into cDNA. The

cDNA is then amplified, and adapters are added for clustering and sequencing.

Libraries were quantified with Invitrogen Qubit™ 4 Fluorometer with the DNA Broad

Range assay kit as suggested by Illumina protocols. Depending on their concentration,

the libraries were grouped into different pools (9 libraries for each pool). The final

concentration of each pool was estimated with SS DNA Broad Range kit.

A further quantification and quality check were performed by using the Agilent 2100

Bioanalyzer (Agilent Technologies) and the DNA 1000 kit specific for the analysis of
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DNA fragments between 25 and 1000 bp in length.

Sequencing was performed with Illumina NovaSeq6000 Xp 4-lane Kit v1.5 on a S2 flow

cell, which can be used for the sequencing of 100 bp both forward and reverse sense a

produces an output of about 667-833 Gb.

Before loading, the pools were diluted and denatured following the “Denature and dilute

library guide”. Then EXAmp Master Mix was added to each pool and finally, all libraries

were loaded together into a specific tube.

Reads quality was assessed with FATSQC [40] and Trimmomatic [41] was used to discard

low quality reads. Reads were aligned to the reference genome (hg38) by using STAR

alignment tool. HTseq [42] was used to count the number of aligned reads. For the

analysis, we used samples characterize by at least 5 millions of total reads.

The samples were stored in a descriptive table, showing the respective subject ID, sample

number, treatment group, time point, age group, sex, antibody titer on days 0, 28, 180,

and 365 and antibody response group( 2.1).

Subject ID sample Vaccine Timepoint age

group

Gender Ab day

0

Ab

day

28

Ab

day

180

Ab day

365

Response

PEV004 N_4 ZEBOV 0 child F -0,204 0,133 0,274 -1,529 Not Responders

PEV004 N_23 ZEBOV 1 child F -0,204 0,133 0,274 -1,529 Not Responders

PEV004 N_2 ZEBOV 7 child F -0,204 0,133 0,274 -1,529 Not Responders

PEV004 N_16 ZEBOV 14 child F -0,204 0,133 0,274 -1,529 Not Responders

PEV004 N_24 ZEBOV 28 child F -0,204 0,133 0,274 -1,529 Not Responders

PEV018 N_72 ZEBOV 14 young M -0,204 1,227 2,498 1,482 Responders

PEV018 N_71 ZEBOV 7 young M -0,204 1,227 2,498 1,482 Responders

Table 2.1: Design of the descriptive table Data of all 379 whole blood samples are stored
in this descriptive table

Data obtained from sequencing were stored in a count table whose rows contain gene

names and columns contain a sample at a specific timepoint(2.2).

Gene N_4 N_23 N_2 N_16 N_24 N_72 N_71

ENSG00000000003 10 13 8 2 3 4 56

ENSG00000000419 2284 8902 3894 2250 6262 5612 7909

ENSG00000000938 138 326 172 102 376 174 228

Table 2.2: Design of the count table
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2.3.3 Data analysis

Data analysis was performed with Bioconductor and R version 4.1, which is a set of

integrated tools including a console, a syntax-highlighting editor that supports direct

code execution, and tools for plotting, viewing history, debugging, and managing the

workspace.

For RNA-seq data, the strategy taken is to count the number of the reads that fall

into annotated genes and to perform st atistical analysis on counts table to discover

quantitative changes in expression levels between experimental groups [43]. Two widely

used packages were used to perform data analysis, edgeR and DESeq2, which allow both

the qualitative and the quantitative analysis of data.

These two packages allow the discrimination of the gene interest from the all the expressed

genes and then they are able to highlight the differentially expressed ones between the

distinct macaques groups. Although they employ similar strategies to perform the anal-

ysis, these packages differ for some important aspects. For the normalization, edgeR uses

the trimmed mean of M values, that discards the extreme values and uses the samples

whose expression is closest to the mean as reference; whereas DESeq2 uses a relative

logarithmic expression approach through which it compares every sample to the others

[43]. In addition, they also differ for the dispersion estimation, indeed edgeR is more

sensitive to outliers.

edgeR and Principal component analysis

The package edgeR was used to perform a normalization of the row read counts. A

list with samples and the respective counts and genes was made using the DGEList

function. Genes with < 1 CPM in < 10 samples were filtered out. The remaining counts

were normalized with calcNormFactors function, that finds set of scaling factors for the

library sizes that minimizes the log-fold changes between the samples for most genes and

finally converted in log2(CPM+1) Normalized data were used to perform a principal

component analysis (PCA) with prcomp (center=TRUE, scale.=TRUE), to visualize

the variation present in the dataset.

DESeq2

DESeq2 allows a quantitative analysis of comparative RNA-seq data using shrinkage

estimators for dispersion and fold change [44]. As for edgeR, the starting point of a DE-

Seq2 analysis are the descriptive table and the counts table. First, a DESeq dataset was

created by using the function DESeqDataSetFromMatrix, then a differential expression
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analysis was performed through the function DESeq. This function performs a default

analysis through 3 steps:

• Estimation of size factors

• Estimation of dispersion

• Negative Binomial GLM fitting and Wald statistics

We first performed a differential gene expression analysis ,including all the sequenced

samples,to initially compare both vaccination platforms across all timepoints and then

rVSV-ZEBOV-GP with baseline (D0).

• rVSV-ZEBOV-GP vs VZV

• rVSV-ZEBOV-GP group vs day 0

Then we focused on the differences between male, female and age groups across all

timepoints in rVSV-ZEBOV-GP vaccination group.

• Children (1-5 years old) vs Youngs (6-12 years old)

• Female vs Male

We subsequently stratified vaccinees in two groups (responders and not responders) ac-

cording to their antibody titers and then we performed a differential gene expression

analysis between them.

• Responder vs Not Responders

Each of these analyses produced a file containing a list of genes with the associated

p-value,the adj p-value (also called false discovery rate) and the log2fold change.

Enrichment analysis with tmod, ClusterProfiler, KEGG and Gene Ontology

To perform enrichment analysis we use different R packages. tmod package provides sets

of co-expressed genes. Here we used LI modules which are obtained by the transcriptomic

analysis of immune response to different vaccines in human. Three hundred thirty-four

Blood Transcription Modules (BTMs) were identified and annotated according to their

biological functions and/or tissue -specific expression patterns. [45] For each module

significantly up or down-regulated genes are counted, and modules are ranked according

to the CERNO test (tmodCERNOtest function), which is an application of Fisher’s
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method for ranked list in feature set enrichment analysis. The test uses scaled ranks of

features, combines them and directly calculate the p-values and it is particularly effective

with large sample sizes [46].

clusterProfiler is an R package for comparing biological themes among gene clusters, it

also performs enrichment analysis of those clusters starting form differential expression

analysis data obtained with DESeq2. This package allows to incorporate the biological

knowledge provided by Gene Ontology and KEGG for annotating genes to biological

processes [47].

KEGG (Kyoto Encyclopedia of Genes and Genomes) is one of the most important

databases for the representation and analysis of biological systems.It contains genomic

and functional information about genes and biological pathways in which these genes are

involved. KEGG creates pathway maps representing systemic functions of the cell and

the organism in terms of molecular interaction and reactions networks [48].

The Gene Ontology (GO) is the most widely used ontology for specifying cellular location,

molecular function, and biological process participation of human and model organism

genes [49], and it is extremely useful to analyze huge amount of data coming from RNA-

seq. GO contains two main blocks, the ontology and the annotation, which are correlated

with each other to identify genes and their relationships to each other. Its workflow is

similar to tmod, the analysis starts with identifying a list of differentially expressed

genes (adjp-value <0.05), that are then investigated to determine those GO terms that

are over- or under-expressed within the gene set of interest.

Co-expression analysis with Cemitool

CEMiTool (Co-Expression Modules identification Tool) is another R package that allows

to identify and analyze co-expression modules, among normalized levels of expressed

genes, in a fully automated manner. This tools also provides additional analysis per-

forming profile plots, module activity analysis, functional enrichment analysis, it is able

to generate interaction networks and produces reports HTML web format. For the anal-

ysis it only requires a file with genes as rows and samples as columns, but if a sample

annotation and gene sets files are provided, it is able to perform a Gene Set Enrichment

Analysis (GSEA) and an over representation analysis (ORA), allowing the user to vi-

sualize which modules are induced or repressed and to determine the most significant

function [50]. The modules table shows the number of modules identifies by CEMiTool,

the number and the name of genes for each module.

CEMiTool perform GSEA using the fgsea (Fast Gene Set Enrichment Analysis), that

provides an efficient estimation of GSEA p-value in a few minutes. The method consists
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of two main procedures: FGSEA-simple and FGSEA-multilevel. FGSEA-simple proce-

dure allows to efficiently estimate P-values with a limited accuracy but simultaneously

for the whole collection of gene sets, while FGSEA multilevel procedure allows to accu-

rately estimate arbitrarily low P-values but for individual gene sets [51]. The package

first does a normalization based on the Z-score on all genes from co-expression modules

and calculates the mean for each sample class, then it applies a pre-ranked GSEA ap-

proach. The obtained plot contains circle of different colors and dimensions; red and

blue represent higher and lower module activity, respectively, while the dimension and

the intensity are proportional to the Normalized Enrichment Score value. In this work,

the module activity analysis was also reported as a box plot created with ggplot2.

The over representation analysis is represented as a bar graph in which only the most

significantly enriched pathways for each module are represented. Each graph has a

specific color that is assigned randomly by the tool itself, but the intensity is proportional

to the adjusted p-value.

Mclust and Umap

These two package were used to classify samples in two different classes (Responders and

not Responders) depending on their antibody titers. Candidates who were seropositive

at D0 (4 children) were excluded from the analysis. UMAP (Uniform Manifold Approx-

imation and Projection) is a technique for dimension reduction such as PCA and t-SNE,

but it presents a superior run time performance, guaranteeing the same visualization

quality. This algorithm can also be used for working with significantly large datasets

[52]. UMAP is classified as a k-neighbor based graph learning algorithm, it can be di-

vided into tow phases, in the first one a weighted k-neighbor graph is constructed and

then a low dimensional layout of this graph is computed. Mclust is a R package for clus-

tering, classification and density estimation based of finite Gaussian mixture modeling

[52].

Correlation analysis

Correlation between gene expression, BTMs and antibody titers were assessed with the

R package psych. For each children, a module activity score was calculated to measure

BTMs activity and defined as increase or decrease of gene expression compared to base-

line level (Day 0). To calculate module activity, gene expression was normalized with

vst function of DESeq2 package and subsequently normalized in Z-scores.Then, module

activity score at day X was defined for each module in each children by computing the

foldchange (DX-D0). We also computed the foldchange of each gene for all children.
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Spearman correlation was performed between module activity scores and titers with the

corr.test function.

2.4 Results

Comparison between rVSV-ZEBOV-GP and VARILRIX vaccines

We first investigated differences between groups of treatment without taking in account

age, gender and antibody titers of patients.

We performed a PCA analysis to visualize the trend of samples at each timepoint, to in-

vestigate the presence of eventual outliers and to highlight the different behavior between

patients treated with ZEBOV and those treated with VARILRIX. The graph showing

PCA is reported in Figure 2.3,

Figure 2.3: PCA plot.The plot shows a PCA analysis conducted for all 369 sequenced
samples. It is possible to see that soon at day 1 after injection, vaccinees receiving ZE-
BOV cluster together into the ellipse (defining the normal confidence interval of 95% for
the group of samples), whereas there are no clear cluster for other timepoints.Principal
Component 1(18,3% of total variance) and Principal Component 2 (6,25% of total vari-
ance) were chosen for this plot, in order to produce a graph as discriminative as possible

Differential gene expression analysis was performed with DESeq2 across all timepoints

and groups of treatment. The analysis showed that changes in gene expression started

soon after the vaccine administration and remained clearly visible until day 7 after vacci-

nation, while only a few changes were still visible at day 14. The following table shows the
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amount of differentially expressed genes (DEGs) between the two vaccination schedules

for each timepoint ( 2.3). On day 1 genes related to innate immune response were appre-

ciable, in particular those linked to interferon pathways (IFITM3, IFI6, IFI35), dendritic

cells and macrophages activation (RUFY4,CCRL2) and viral immunity (OASL,DDX58).

At day 7 the most significant gene was IFI27, which was still upregulated in ZEBOV

cohort. The upregulated genes at day 14 were mainly related to antibody production

(IGHV3-49,IGLV1-40,IGHV2-5), but also IFI27 was still upregulated.

ZEBOV vs VZV DEGs

Upregulated Downregulated Unaffected

D0 0 0 19.530

D1 5.306 5.594 7.589

D2 161 80 17.638

D7 112 444 18.479

D14 6 3 19.089

D28 0 0 19.236

Table 2.3: DEGs table.The tables shows the numbers of significant (p.adj <0.005) DEGs
between vaccinees with ZEBOV and VZV for each timepoint.
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We conducted the same analysis considering only the ZEBOV cohort against the baseline

(Day 0). The results confirmed that at day 1 after injection we had the highest number

of DEGs (n=16.062,70% of total expressed genes), that drastically decreased after day 7,

when they are only 203. Results are shown in table 2.4. Although DEGs were consistent

with those found in the previous analysis and genes related to inflammatory response

and viral immunity that were upregulated at day 1,2 and 7 (IFI27, IFI44,SIGLEC1),

here genes related to antibody production were not appreciable, except for IGHV2-5 and

IGSF6 at day 7.

Upregulated Downregulated Unaffected

D1 vs D0 7.439 8.623 7.211

D2 vs D0 1.184 1.138 20.951

D7 vs D0 56 147 23.070

D14 vs D0 2 1 23.270

D28 vs D0 6 2 23.265

Table 2.4: DEGs table.The tables shows the numbers of significant (p.adj <0.005) DEGs
in ZEBOV cohort using day 0 as baseline

The enrichment analysis of DEGs was conducted with tmod package, that allowed the

identification of enriched blood transcription modules (BTMs), which are defined as

groups of functionally related and co-regulated genes. Comparisons between ZEBOV-

GP and VARILRIX showed enriched BTMs only at D1 after injection, the majority were

related to innate immune response (LI.M75,LI.M37.0). We have a massive upregulation

of those modules related to the inflammatory response (L.M33, LI.M53), monocytes

(LI.M118.0,LI.M11.0, LI.M73), activation of dendritic cells (LI.M67,LI.M64) and the

innate antiviral immune response (LI.M150), which have a p-value lower than 10−4. No

significant differences were appreciable at the baseline among the two grous. At Day 7

after injection we had a dowregulation in modules related to neutrophils, dendritic cells

and T cells, but o modules related to B cells activation was detectable (Figures 2.4, 2.5

and 2.6).
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Figure 2.4: Comparison of activated blood transcription modules (BTMs) by rVSV-
ZEBOV- GP and VZV vaccines at day 0,1 and 2 after injection. Activation of modules
was tested using the FDR-ranked lists of genes generated by DESeq2 generalized linear
model fitting and applying the CERNO test. Rows indicate different BTMs, which were
significantly (FDR < 0.05) activated. Each module is represented by a pie in which the
proportion of significantly upregulated and downregulated genes is shown in red and blue,
respectively. The gray portion of the pie represents genes that are not significantly differ-
entially regulated. The significance of module activation is proportional to the intensity
of the pie, while the effect size (area under the curve) is proportional to its size.
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Figure 2.5: Comparison of activated blood transcription modules (BTMs) by rVSV-
ZEBOV- GP and VZV vaccines at day 0,1 and 2 after injection.
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Figure 2.6: Comparison of activated blood transcription modules (BTMs) by rVSV-
ZEBOV- GP and VZV vaccines at day 7,14 and 28 after injection.

Results of enrichment analysis for ZEBOV-GP against the baseline (D0) were coherent

with those found in differential gene expression analysis. At day 1 modules related to

innate immune response were strongly upregulated (LI.M33, LI.M53, LI.M4.3, LI.M150),

while those regarding T cells activation and differentiation (LI.M7.3,LI.M52,LI.M18)

were downregulated. B cells related BTMs were downregulated at day 2 after vaccination,

but unfortunatly they were not detectable at later timepoints.

A gene set enrichment analysis (GSEA) and an over-representation analysis were per-

formed with CEMiTool for ZEBOV vs VZV and for ZEBOV vs baseline. The over

representation analysis identified eight new modules of co-expressed genes, among them

the most interesting were related to innate antiviral immune response (M1), NK cells and

T cells differentiation (M4), and B cells (M5) for ZEBOV-GP vs VZV analysis and NK

cells and T cells differentiation (M4), B Cells (M6 and M9) for ZEBOV vs baseline anal-

ysis. The box plots generated for the GSEA provided an overview of each co-expression

module across the entire course of the experiment, confirming the trend of immune re-

sponse for both comparisons (Figure 2.7), with additional information about enrichment
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of B cells (Figure 2.8), that were not previously detected.

Figure 2.7: GSEA of innate immune response module M1 with all meaningful timepoints.
On X axis timepoints were represented , while on Y axis the Z-score of the module respect
to each timepoint. The innate immune response is soon activated after the administration
of the vaccine, with a peak at day 1 after the dose. It slowly decreases until it comes
back to the baseline at day 14 post dose.It is visible that ZEBOV elicited the strongest
response at D1
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Figure 2.8: GSEA of innate immune response module M6 and M9 with all meaningful
timepoints. Both modules suggest that there is not a strong activation and proliferation of
B cells after vaccination, but values remain stable. The significant differences are visible
only in M9 and in the first two day after vaccination, when we can appreciate a decrease
in the proliferation value at day 1, that reach the baseline at day 2.

Clustering

Once we received data on antibody titers, we performed a clustering analysis to identify

the eventual groups of patients depending on the result of the serological tests. Our

unsupervised classification provided two final groups of vaccinees (Not responders N=88,

Responders N=112) visible in Figure2.9. To better visualize the kinetics of antibody

titers, another plot was created as reported in Figure2.10.
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Figure 2.9: MClust clustering analysis result. The picture shows the two final clusters
created by MClust algorithm. Not responders are represented in blu, while Responders in
red.

Figure 2.10: Antibody titers kinetics.
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We performed again PCA, DEGs and enrichment analyses to identify those genes re-

sponsible for the classification. We created a PCA plot for each timepoint to visualize

the two classes and we created a list of the first ten genes in PCA components which

cover the 90% of the total variance. We performed an enrichment analysis for all the lists

with DAVID and STRINGR annotation tools, but no significant result was obtained.

Differential gene expression analysis with DESeq2 was performed using Not responders

as control group. It revealed that only few genes presented changes in the expression

between the two classes, as visible in table2.5

Responders vs Not Responders

Upregulated Downregulated Unaffected

D0 0 5 23.032

D1 0 1 23.036

D7 10 4 23.023

D14 2 11 23.024

D28 8 0 23.029

Table 2.5: DEGs table.The tables shows the numbers of significant (p.adj <0.005) DEGs
Responder class using Not Responders as control group.
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The highest number of DEGs were found at day 7 and 14 after injection. At day 7

in Responders group we had an upregulation of two important genes the are CXCL10

(related to stimulation of monocytes, natural killer and T-cell migration, and modula-

tion of adhesion molecule expression) and IGKV3D-20 that is part of immunoglubulin

complex. Among the downregulated genes, we had TUSC2 that is involved in inflam-

matory response,natural killer cell differentiation and regulation of cytokine production.

At day 14 changes in expression involved genes not related to immune response, such as

ZNF235, HMGXB4, except for FPR3 (downregulated) that is part of several processes

including complement receptor mediated signaling pathway and neutrophils activation.

DEGs at day 28 were the most relevant because we had a meaningful upregulation of

genes C1QC,C1QA,C1QB related to classical complement pathway activation.

Results of DESeq2 analysis were confirmed by tmod enrichment pie plot, visible in Figure

2.11.

Figure 2.11: Activation of blood transcription modules (BTMs) by rVSV-ZEBOV- GP
in Responders vs Not responders comparison. The picture shows that no modules are
significantly enriched at day 7 and 14, but at day 28 the upregulated module related to
complement activation is clearly visible.

Gender and Age analysis

Generally,the immune response elicited by a vaccine could vary among people of distinct

age and gender, so we assessed these differences to better clarify the immunogenicity
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of our vaccine. In table 2.6 are reported information about gender and age for all 200

samples.

Age and Gender

Female Male

Children (1 to 5) 66 36

Youngs (6 to 12) 32 66

Table 2.6: Age and Gender.The tables reports age and gender of 200 samples. We used
only those 200 samples, whose antibody titers was known.

As for the previous analyses, we performed a PCA, a differential gene expression and an

enrichment analysis at first using age information, then using gender.

The PCA plots soon highlighted that the two age groups had a peculiar response to the

vaccine, suggesting that gene expression presented relevant differences among them, as

shown in Figure 2.12.

40



Figure 2.12: Age Group PCA plot. The figure shows PCA plots for each timepoint for
child and young age groups. The groups had a diverse genetic profile before and after
vaccination, indeed two different clusters are clearly visible at all timepoints except for
day 7. Plot of day 0 suggested that these two groups present a distinct gene expression
also before the vaccination.

The differential gene expression for age groups (Children vs Youngs) showed generally an

higher numbers of DEGs than the one performed on gender groups, meaning that changes

in gene expression were mostly related to the age than to the gender and confirming the

trend suggested by PCA plots. Unusually, for age groups the highest number of DEGs

was found at day 0 (n=756) and day 28 (n=817). At day 0 we had an unexpected upregu-

lation of genes related to immunoglobulin production (like IGHV3-43,IGLV4-69,IGKV3-

11,NEO1), T cells activation (CD84,CCR3) and general immune response activation

(TLR7,IRF4,CXCL10). Other genes were related to cell cycles, transcription and other

biological processes (CDC6,KIF21A,EPHB2). The upregulation of immunoglobulin re-

lated genes still persisted at other timepoints. At day 14 we found an upregulation in

genes related complement activation (C1QA,CR2). At day 28 complement receptor gene

CR2 was still upregulated, but the majority of DEGs were involved in cell cycle. DEGs

are visible in table2.7
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Children vs Youngs

Upregulated Downregulated Unaffected

D0 456 300 20.004

D1 261 224 17.846

D7 21 23 19.957

D14 23 35 20.269

D28 362 455 19.400

Table 2.7: DEGs table.The tables shows the numbers of significant (p.adj <0.005) DEGs
in the comparison between the two age groups
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Volcano plots were used to better visualize DEGs (Figure 2.13.

Figure 2.13: DEGs volcano plot. These volcano plots show upregulated, downregulated
and unaffected genes in red, blue and black respectively. The value on X axis is the
log2FoldChange, while on Y axis there is the −log10(padj).

The enrichment analysis with tmod confirmed the activation of blood transcription mod-

ules related to B cells and immunoglobulin (LI.M47.0, LI.M47.1, LI.M47.2, LI.M47.3,

LI.M156.0) at all timepoints. At day 1 for younger children we found also an acti-

vation of modules of NK cells activation (LI.M6.0,LI.M7.2,LI.S1) and T cells division

(LI.4.5,LI.4.6, LI.4.11). Modules related to complement pathways (LI.40.0, LI.M112.0)

are enriched at day 14. At day 28 there is a downregulation in monocytes associated

modules (LI.M11, LI.S4), suggesting a decrease in innate immune response. Enrichment

analysis results are visible in Figure 2.14
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Figure 2.14: Activation of blood transcription modules (BTMs) in child and young group

The Cemitool GSEA and Over-expression analysis confirmed that the immune response is

similar for the two groups, that presented similar activation for modules related to antivi-
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ral response and interferon (M1), neutrophils activation (M2) and T cells (M4),whereas

the module involved in B cells activation (M6) was the only one with significant differ-

ences in expression (Figure2.15.

Figure 2.15: Activation of M6.The picture shows the behavior of B cells related module
during the entire time of our study. The comparisons between the two groups are signif-
icant at all timepoints except for day 7, they show that children present higher level of
plasma cells and B cell enrichment since day 0.Children group is represented in orange,
while youngs in yellow.

A deeper analysis was conducted among younger children, who was further divided into

two groups according to their ages; we had infants of 1/2 years and children from 3

to 5 years.DGE, enrichment and co-expression analyses were performed in order to

define DEGs and related biological pathways. We compared gene expression among

the two groups at each timepoint, using children as reference. The highest number

of DEGs was detectable at day 0 (n=957), while about 40 genes were appreciable at

day 7 and 28. On day 1 we had only two DEGs that are TRBV28 (upregulated) and

MYO7A(downregulated), while on day 14 only a downregulation of NHS gene was visible

(table 2.8).

45



Infants vs Children

Upregulated Downregulated Unaffected

D0 350 607 18.281

D1 1 1 16.775

D7 21 17 18.850

D14 0 1 18.372

D28 14 24 17.689

Table 2.8: DEGs table.The tables shows the numbers of significant (p.adj <0.005) DEGs
in the comparison between infants and children

Tmod enrichment analysis showed up regulated BTMs related to immunoglobulins and

plasma cells (LI.M156.1,LI.M156.0) at day 0
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Figure 2.16: Activation of blood transcription modules (BTMs) by rVSV-ZEBOV- GP
in infants vs children comparison.

We also investigated the impact of gender of vaccine efficacy. No important variations

emerged for the PCA for the gender (Figure 2.17 of the two groups, suggesting it did

not affect the efficacy of the vaccine.
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Figure 2.17: PCA plot for gender. The figure shows PCA plots for all timepoints of
our study. Female are represented in red, while male in blu. Samples are not clearly
separated depending on their gender, meaning that it does not affect gene expression.

The differential gene expression analysis returned a lower number of DEGs than the

other analyses. DEGs for each timepoint are reported in table 2.9

Female vs Male

Upregulated Downregulated Unaffected

D0 35 27 20.698

D1 13 21 18.297

D7 32 29 17.697

D14 22 22 20.283

D28 52 34 20.131

Table 2.9: DEGs table.The tables shows the numbers of significant (p.adj <0.005) DEGs
in the comparison between Female and Male

At all timepoints obviously there were differences in expression of gender related genes.

No changes in DEGs involved in immune response were discovered at day 1. At day 7
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some genes linked to immunoglobulin production were upregulated in female (IGHJ4,IGHV1-

69,IGHV3-21), but they were not present in significant DEGs at day 14 and 28. The

enrichment analysis with tmod surprisingly did not show modules related to immunoglob-

ulin and B cells activation at day 7, but they appeared at day 28 (LI.M47.0, LI.M47.1,

LI.M47.2, LI.M47.3, LI.M156.0), as visible in Figure 2.18.
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Figure 2.18: Activation of blood transcription modules (BTMs) female and male groups

CEMITool GSEA and over-representation analysis assessed the presence of significant

differences in B cells related module (M9, Figure) at day 14 and 28.
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Figure 2.19: Activation of M9.The picture shows the behavior of B cells related module
during the entire time of our study. The comparisons between the two groups are signif-
icant at day 14 and 28. Female group is represented in red, while male in blu.

2.4.1 Correlation analysis

Once data were collected about gene expression, gender, age and antibody titers, we

performed a final complete analysis including correlation between gene expression and

antibody titers and between tmod blood enrichment module activity scores and antibody

titers. For each timepoint, we selected samples whose data were present for the respective

timepoint and the baseline, we performed again differential gene expression analysis with

DESeq2, enrichment analysis with tmod and ClusterProfiler and a correlation analysis

with the psych package.

D1 vs D0

Here we had a total of 17 subjects (9 Not responders and 8 responders, 2.10).

Upregulated Downregulated Unaffected

D1 6.670 7.322 5.413

Table 2.10: DEGs table.The tables shows the numbers of significant (p.adj <0.005)
DEGs in the comparison between D1 and the baseline
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The DGE analysis revealed 13.530 significant genes, among them, we selected 3261 genes

with |log2 fold change| >=1 and padj <0.05 including 350 immunity related genes iden-

tified through the ImmPort database (2.20

Figure 2.20: Volcano plot representing genes related to immunity

These 3261 genes were used for the enrichment analysis with Cluster Profiler, that allowed

us to perform an over-representation and GSEA with both KEGG and Gene Ontology

database (2.21. Results confirmed the activation of an innate immune response mediated

by cytokine production.
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Figure 2.21: GSEA analysis.(A) Over-representation analysis performed with
KEGG database showed the enrichment of cytokine-cytokine receptor interaction (59
genes),natural killer cells mediated toxicity (23 genes), antigen processing and presen-
tation (23 genes) and viral protein interaction with cytokine and cytokine receptors (21
genes). (B) GSEA performed with GO showed the enrichment of biological pathways
related to innate immune response activation and defense regulation.

Genes involved in biological pathways pinpointed by KEGG were correlated with anti-

body titers at day 28, 180 and 365 after vaccination, among them only CCL1 showed a

significant (padj<0.05) positive correlation, while KURC3 and IL10 showed a negative

correlation (2.22.

Figure 2.22: Correlation plot.(A)Cytokine-cytokine receptor interaction biological path-
way genes, here CCL1 gene shows a significant positive correlation with all antibody
titers.(B) Antigen processing and presentation pathway genes, here KURC3 gene shows
a negative and significant correlation with antibody titer at day 28 and 365.
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We then correlated BTMs activity for each subject with antibody titers. Unfortu-

nately,no correlation was found with antibody titers at 180 and 365 days after vacci-

nation, while correlations were identified with titers measured at day 28. Only one

module was identified, related to NK cells surface signature (LI.S1) with a negative cor-

relation coefficient. We also investigate the foldchange and the absolute expression of

each single gene inside this module through the creation of heatmap plot (2.23).

Figure 2.23: Heatmap plot.(A)This heatmap shows the foldchange of the LI.S1 module
for all 17 subjects. The negative correlation between the module activation and the in-
crease of antibody titers is clearly detectable. The plot also highlight how the majority
of responders subject belong to the older group of patients.(B) This heatmap shows the
value of expression of genes inside LI.S1 module, it is slightly visible how the expression
decrease with the increasing of antibody titers.(C) This heatmap shows the foldchange of
all genes inside the module.

D7 vs D0

Here we had a total of 21 subjects (7 Not responders and 14 responders, 2.11).
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Upregulated Downregulated Unaffected

D7 9 9 2.160

Table 2.11: DEGs table.The tables shows the numbers of significant (p.adj <0.005) DEGs
in the comparison between D7 and the baseline

The DGE analysis revealed 20.178 significant genes, among them, we had IFI27, IGHV3-

48,IGHV3-21, IGHM, IGLV2-8 and SIGLEC1 that are upregulated (Figure 2.24).

Figure 2.24: Volcano plot representing DEGs at D7

As we did for D1, we computed the z-score of gene expression and the respective fold-

change and we used it to make correlation of all 18 DEGs with antibody titers.We ob-

tained significant positive correlation between SIGLEC1 and OTOF and antibody titers

at day 180 and a negative one between IGLV2-8 with titer at day 365( Figure 2.25).

Figure 2.25: Correlation plot between DEGs at day 7 and antibody titers
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The correlation between enriched blood transcription module and antibody titers did

not show any significant results.

Day 14 vs Day 0 and Day 28 vs Day 0

DGE analysis revealed only one significant gene,IFI27, that is still upregulated on day

14. No DEGs were detected on day 28.

2.5 Conclusion

Whole-blood transcriptomic data showed rVSV-ZEBOV-GP elicits an early innate im-

mune response within 24 hours and a following adaptive signature. This temporal model

is coherent with the common kinetics of vaccine responses, which is usually character-

ized by a first inflammatory signaling and a subsequent emergence of B-cell and im-

munoglobulin. Among the activated transcript at day 1, there were genes primarily

related to activation of interferon pathways, dendritic cells and macrophages activation

and viral sensing (e.g IFITM3,IFI6, RUFY4,OASL„CCRL,DDX58). TMOD enrichment

highlighted up-regulation of modules linked to dendritic cells activation and antiviral

interferon signature alongside down-regulation of T-cell–associated modules, a pattern

frequently observed in whole-blood systems vaccinology [53], [54]. Among the most sig-

nificantly upregulated genes at day 1, IFI27 and SIGLEC1 showed one of the wider

fold-change.The upregulation of these two genes has been reported in several systems

vaccinology studies in which a predominant IFN-I induced immunity was appreciable

soon after vaccination. [55]. IFI27, togheter with IFI44, are able to prevent an excessive

immune response, since exacerbated innate immune responses can be deleterious to the

host, playing a regulatory role [56].It encodes a 122-amino acid hydrophobic protein that

interact with nucleic acids and RIG-I, leading to impaired RIG-I activation. SIGLEC1

is a type I transmembrane protein expressed only by a subpopulation of macrophages

and is involved in mediating cell-cell interactions. Cotrary to IFI27, it has been reported

to be a marker for the early response to IFNs and it is also involved in the circulation

of activated dendritic cells[57]. At day 7, the most prominently upregulated genes were

related to immunoglobulin production (IGHV3-49,IGHV2-5, IGHV2-5, IGSF6). These

finding are consistent with those assessed in other clinical trials which had previously

tested vaccine efficacy and safety in adults and adolescents cohorts [38], [39], [13].

The comparison with VARILRIX vaccine platoform pinpointed that rVSV-ZEBOV-GP

is responsible for a stronger immune response activation, as showed in the TMOD enrich-

ment and CeMiTool over-expression analyses. The majority of activated BTMs resulted
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to be upregulated in rVSV-ZEBOV-GP cohort, in particular those related to innate an-

tiviral response, dendritic cells and monocytes activation and IFN signaling pathways

(LI.M67, LI.M150, LI.M75, LI.M111.1).

The unsupervised classification with MClust allowed the arrangment of rVSV-ZEBOV-

GP vaccinees into two groups (responders and not responders) according to their anti-

body titers. The comparison between these two classes asserted the activation of clas-

sical complement pathway through C1Q subcomplex ,which specifically binds IgG or

IgM immunoglobulins complexed with antigens, forming antigen-antibody complexes on

the pathogens surface. The relationships between the complement pathway and the in-

nate immunity has been known from years, indeed B cells express complement receptor

2 (CR2; CD21), which specifically binds C3dg, a degradation product of C3 acting as

an opsonin. When antigens are coated with C3dg, their simultaneous recognition by

antigen-specific B cell receptors and CR2 facilitates their internalization and lowers the

activation threshold of B cells, thereby enhancing antibody production [58].

We also investigated the role of gender and age on vaccine efficacy; confirming that

gender didn’t affect it. Conversely, the two age groups showed relevant dissimilarities,

especially at day 0, 1 and day 28 after vaccination. Children between 1 and 5 years old

presented enriched BMTs linked to innate immune response and B cells activation at

day 0. Modules correlated with immunoglobulins and plasma cells were still detectable

at day 28 after vaccination.

The foldchange analysis of both genes and module highlighted the presence of some corre-

lation between changes in gene expression and antibody titers, in particular we detected

on day 1 positive correlation with CCL1 and negative with IL10 and KURC3 genes,

whereas blood transcription module LI.S1 (NK cells signature) presented a negative cor-

relation with antibody titers at day 28. On day 7, SIGLEC1 and OTOF presented

positive correlation with antibody titers at day 180, whereas IGLV2-8 was negatively

correlated with titer at day 365. The correlation between high expression of SIGLEC1

molecule seven day after vaccination and the production of neutralizing antibody was

already assessed for YF17D vaccination, where this molecule helped the recruitment and

consequent activation of antigen presenting cells [57].No enriched module showed signif-

icant correlation with antibody. At day 14 only IFI27 was still upregulated in responder

class, while at day 28 DEGs were not appreciable.

Overall, the data presented indicate that rVSV-ZEBOV-GP can induce a rapid and

strong innate immune response, followed by the activation of humoral immunity. Our

classification, based on antibody titers, detects transcriptional differences between re-

sponders and non-responders, among them the key one is the activation of the classical

complement pathway via C1Q in the responders group. The vaccine efficacy seems to
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be affected by the age of vaccinees, since younger children are characterized by B-cell

activation and immunoglobulins production soon after the vaccination. However this

transcriptome profile is detectable also at the baseline and it may influence in a pro-

found way the real impact of vaccination. Further analysis are needed to verify the role

of those gene expression profile on vaccine efficacy.
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3.1 Abstract

Background: Invasive non-typhoid Salmonella (iNTS) is a leading cause of morbidity

and mortality in sub-Saharan Africa. The iNTS-GMMA vaccine, based on genetically

engineered outer-membrane vesicles from Salmonella Typhimurium and Salmonella En-

teritidis, has shown promising safety and immunogenicity, but the early transcriptional

signatures associated with vaccine-induced immunity remain to be elucidated.

Methods: We conducted whole-blood transcriptional analysis on 31 healthy adults re-

ceiving either full-dose (40 µg O-antigen, n=15), low-dose (10.6 µg, n=4), or placebo

(n=12). RNA sequencing was performed at baseline (D0), day 1 (D1), day 7 (D7)

post-vaccination. Differential expression analysis (DESeq2), modular enrichment (Blood

Transcription Modules), co-expression networks (CEMiTool), and BCR profiling (MiXCR)

were employed to characterize immune responses

Results: Full-dose vaccination triggered rapid, dose-dependent innate immune acti-

vation within 24 hours, characterized by transcriptional changes (>3,600 differentially

expressed genes) and upregulation of TLR2/4 signaling pathways and neutrophil mark-

ers including CD177. This early innate response moved to adaptive immunity by day 7,

marked by B-cell module activation and selective upregulation of immunoglobulin genes.

BCR repertoire analysis revealed over 4,000 unique clonotypes with significant clonal ex-

pansion (Gini index difference D0 vs. D7, p<0.05) and preferential usage of IGHV3-49.

Notably, we identified four convergent BCR clusters shared across multiple vaccinees,

including a dominant IGHV3-49-expressing cluster present in both vaccine groups but

absent in placebo recipients

Conclusion: The GMMA-based iNTS vaccination triggers an early innate immune re-

sponse followed by a dose-dependent adaptive immune reaction. Our study identifies

early TLR activation as a key marker of immunogenicity and highlights specific BCR

clonotypes, particularly IGHV3-49, as potential public clonotypes for further investiga-

tion. These findings contribute to a deeper understanding of vaccine-induced immunity

and to identification of molecular signatures associated with vaccine response

3.2 Introduction

Invasive non-typhoidal Salmonella infections (iNTS) are caused by specific serovars of

Salmonella enterica like S.Typhimurium, S.Enteriditis, S. Choleraesuis, S. Dublin. Trans-

mission occurs through ingestion of contaminated food or water. Upon reaching the in-

testine, Salmonella invades enterocytes by utilizing a type III secretion system (T3SS)
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encoded by Salmonella Pathogenicity Islands (SPIs). A subset of bacteria can also pene-

trate dendritic cells and intestinal macrophages, resulting in the spread of the pathogen

through the bloodstream.

Macrophages and neutrophils represent the first line of defense through phagocytosis

production of antimicrobial peptides and release of IFN-gamma. At later stages of infec-

tion, T cells and antibody response become the effective defense, in particular CD4+ T

cells play a pivotal role in stimulating antibodies production and their loss is one of the

primary correlates of susceptibility to NTS bacteremia. The presence of antibodies anti

O-antigens is critical to prevent bacteremia and it is crucial in people with deficiencies

in IL-12 and IL-23 production [28].

iNTS infections are always characterized by bacteremia without an obvious focus of infec-

tion. NTS bacteremia can lead to endocarditis with myocardial abscess and peri-valvular

complication with a mortality rate of 50%. The presence of endovascular foci of infec-

tion can also cause mycotic aneurysms (more common than endocarditis), especially in

elderly people. Visceral abscesses and spleen infection are also possible. NTS gastroen-

teritis can lead to joints and bones damage due to immune inflammatory response, that

may result in osteomyelitis (more common in children than in adults). Salmonella can

cross the blood-brain barrier, causing meningitis [27]. The spread of S.Typhimurium is

promoted by the consumption of the C3 complement component.

Among all serovars, S.Typhimurium ST313 and S.Enteritidis ST11 are the leading cause

of iNTS in Africa (90%). They are characterized by the presence of distinctive plasmids

containing genes responsible for higher virulence and antibiotic resistance [32]. Genetic

differences among NTS serovars are also responsible for peculiar pathogenesis, indeed

strains belonging to the same clade can present increased replication rate in macrophages,

or specific composition in the O-antigen.

Since the humoral response and T cell-mediated immunity are necessary to eradicate

Salmonella infection, vaccine candidates are focused on the induction of this kind of im-

munity. Moreover, the presence of multidrug resistant serovars and the consequent failure

in antibiotic treatment make necessary the development of an efficient vaccine against

NTS. Several candidates, including live-attenuated, glycoconjugate and recombinant

antigen-based vaccines are currently under investigation with target S. Typhimurium

and S. Enteritidis. A promising strategy involves the use of Outer Membrane Vesicles

(OMVs), which are blebs spontaneously released by Gram-negative bacteria and contain

lipopolysaccharide (LPS) and O-antigen (OAg). Through the presence of different kind

of molecules, these vesicles can self-stimulate various types of immunity [29].

Among OMV-based vaccines, one of the most interesting candidates is based on the

Generalized Modules of Membrane Antigens (GMMA) technology, which consist in the
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genetic manipulation of the contents of these vesicles to modify their reactogenicity and

immunogenicity. The novel iNTS-GMMA vaccine platform, developed by GSK, contains

S.Typhimurium and S.Enteriditis outer membrane vesicles [33], that present modifica-

tions including the disruption of the links between the outer membrane and either the

peptidoglycan layer or the inner membrane to greatly increase release of GMMA [34]

and modification of the lipid A structure of the LPS, by mutation of msbB and pagP

genes, results in decreased reactogenicity [35]. The long-term immune response, tested

in mice through several assays (ELISA, SBA, multiparametric flow cytometry analysis),

demonstrated that the vaccine elicits a rapid production of specific serum IgM and IgG

persisting for 10 weeks after a single immunization and seven months after boost. In

addition, memory B cells, detected by ELISpot, were present 28 weeks after the booster

dose [36].

A first clinical trial started in Oxford was launched to evaluate safety and immunogenicity

in healthy adults, who received two different doses of the vaccine [33]. Our objective

was to investigate the immune response induced by the GMMA-based vaccine. To this

end, we conducted a transcriptomic analysis of whole blood to identify changes in gene

expression associated with protective immunity.

3.3 Material and Methods

3.3.1 RNA extraction, library preparation and sequencing

Whole-blood RNA was collected in PAXgene® Blood RNA tubes (Qiagen) and ex-

tracted according to the manufacturer’s instructions. Total RNA was quantified with

Qubit™ (hsRNA kit, Thermo Fisher Scientific) and 50 ng per sample were used to pre-

pare dual-indexed stranded cDNA libraries with the Illumina Stranded Total RNA Prep

Ligation with Ribo-Zero Plus (Illumina) following manufacturer’s instructions (Illumina).

Dual-indexed libraries were purified using Agencourt AMPure XP magnetic beads (Beck-

man Coulter), quantified on a Qubit Fluorometer (Thermo Fisher) with the HS DNA kit,

and assessed for size distribution on a BioAnalyzer DNA 1000 chip (Agilent Technologies,

Germany), with an expected fragment size of 300–400 bp. Libraries were then diluted

to 0.5 nM, pooled in a final volume of 100 µL, and loaded into an Illumina SP flow cell

according to the manufacturer’s protocol (Illumina, v1.0).. Sequencing reactions were

performed for 200 cycles on the Novaseq 6000 platform (Illumina) to obtain 100 bases

paired-end reads. FASTQ files from the two technical runs were processed independently

and later batch-corrected with ComBat-Seq (batch = run) [59]. Quality assessment of

sequencing reads was performed using FASTQC v 0.11.9 [40]. Adapter sequences and
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low-quality bases were trimmed using Trimmomatic v0.39[41], with parameters SLID-

INGWINDOW:4:5 and MINLEN:36. Cleaned reads were aligned to the human reference

genome (GRCh38/hg38) using the STAR aligner v2.7.3a [60]. Gene-level quantification

was conducted using HTSeqv2.0.2 [42].

Batch correction and count merging

All analyses were conducted in R v4.4.1..To correct for technical batch effects, raw gene-

level counts were adjusted using ComBat-Seq (sva v3.50.0) with batch=run and group

as the biological covariate (Timepoint and vaccine dose or placebo).

After batch correction with ComBat-Seq and merging of technical replicates, we pro-

ceeded with sample filtering based on sequencing depth. Samples with fewer than 3×106

total reads were excluded. A total of 75 high-quality samples were retained for down-

stream analysis.

3.3.2 Exploratory normalization and visualization

Raw counts were loaded into edgeR (v 4.4.1) as a DGEList. Genes with < 1 CPM in <

10 samples were filtered out. Library-size bias was corrected with TMM (calcNormFac-

tors), and counts were converted to Log2(CPM + 1). Principal component analysis was

performed with prcomp (center=TRUE, scale.=TRUE), and UMAP embeddings were

computed with the umap package (umap::umap(); default settings, seed = 123)[61].

Differential gene expression

The DESeq2 package [44]was used to perform differential expression analysis and multiple

test correction, returning values of LogFC, and adjusted P values, using the Benjamini-

Hochberg procedure. Genes exhibiting |log2FC| ≥ 0 and an adjusted p-value < 0.05

were classified as differentially expressed.

Enrichment analysis

Enrichment analyses were performed using the Blood Transcription Modules (BTM)

database[62] , significance was assessed by the CERNO test [63] from tmod package [46].

Module and network analysis

Modular gene co-expression network analysis was carried out with CEMiTool v1.20.0[64].

A single dataset comprising all the samples was transformed by variance-stabilizing trans-
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formation (vst) in DESeq2 and used as input [65]. CEMiTool automatically determines

the optimal soft-thresholding power (beta) and identifies co-expression modules in an un-

supervised manner. For each module, enrichment in BTMs was evaluated using hyperge-

ometric tests, module activity scores (mean z-scores of member genes) were calculated,

and group comparisons of module activity were performed using the non-parametric

Mann–Whitney test.

Immunome data extraction and IGHV-gene usage

Immunome (BCR) repertoires were extracted from bulk RNA-Seq FASTQ files using

MiXCR (v3.0.13) with the functions Align, Assemble partial, Assemble, Export clones

min, and Export clones under default settings ([66], [67]), [68]. The resulting clonotype

tables were reformatted in R v4.4.1 to include, for each clone, CDR-H3 amino-acid

sequence, V-gene, participant ID, time-point, and read count. Clonotypes were then

aggregated by vaccine group and time point to compute the proportion of each IGHV

gene in the total BCR repertoire per sample. IGHV-usage plots were generated with

ggplot2 (v3.5.1)([69]).

BCR CDR-H3 single-linkage clustering

Clonotype tables prepared as above were imported into R and stratified by CDR-H3

length. For each length group, a pair-wise Hamming-distance matrix was computed using

stringdistmatrix (method = "hamming"). Single-linkage clustering was then performed

with a distance threshold of 1: the first unassigned sequence in each group was taken

as an initial seed and assigned to cluster 1, and all sequences at Hamming distance < 1

from that seed were added to the same cluster. Each newly added sequence subsequently

acted as an additional seed, and the procedure was iterated until no further neighbors

were found. Clustering then proceeded to the next unassigned sequence (incrementing

the cluster label each time) until all sequences were assigned. This approach yields

non-overlapping clusters of highly similar CDR-H3s.

Statistical analysis

DGE analysis was performed following the DESeq2 function pipeline ([44]), p-values

were adjusted for multiple testing with the Benjamini-Hochberg method, and significant

genes were selected as p.adjust<0.05. The statistical significance of CEMiTool scores

was assessed with Mann-Whitney U test. All tests were two-tailed.
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3.4 Results

In this study, we conducted a whole-blood transcriptional analysis (WBTA) of 31 healthy

adult volunteers: 15 received the invasive non-typhoidal Salmonella GMMA vaccine at

full dose (FD; 40 µg O-antigen), 4 received a low dose (LD; 10.6 µg O-antigen), and 12

received placebo (Alhydrogel alone). Gene expression analysis was performed at four

time points: day 0 (prevaccination), day 1, day 7, and day 14 after vaccination. The

experimental design is summarized in Figure 3.1.

Figure 3.1: Study design.

3.4.1 Batch effect correction with ComBat-Seq

Each library was sequenced in duplicate on separate NovaSeq SP flow cells. The initial

run on a NovaSeq 6000 SP flow-cell produced a median of about 2.4 × 106 paired-end

reads per sample. Because this read depth was considered inadequate for reliable tran-

scriptomic analysis, the same libraries were re-sequenced on a second SP flow-cell under

identical run parameters, yielding a further 3.0× 106 reads per sample. To assess batch

effects, we performed PCA on log-transformed raw counts, revealing separation by se-

quencing run 3.2A. Batch correction was applied using ComBat-Seq (sva v3.50.0), treat-

ing run as batch and group (timepoint × treatment) as biological condition (3.2A,B).

Technical replicates were summed post-correction to yield a final count matrix for anal-
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ysis.Across both runs, this corresponded to a combined median sequencing depth of

5.4× 106 paired-end reads per sample.

Figure 3.2: Principal component analysis (PCA) of log-CPM normalized Salmonella sam-
ples before and after batch correction with ComBat-Seq. (A) Before batch correction: PC1
explains 11.0% of the variance and PC2 explains 6.5%. Samples, colored by experimental
group, show partial clustering driven by batch. (B) After batch correction: Samples are
mixed along PC1 and PC2, indicating effective removal of the batch effect while preserv-
ing the biological grouping.

3.4.2 Principal component and Uniform Manifold Approxima-

tion

Principal component analysis (PCA) of all the volunteers across all timepoints revealed

that samples cluster primarily along the first principal component (PC1), which accounts

for 14.8% of the total variance; PC2 explains an additional 7.8% (3.3A). A subtle shift

along PC1 is apparent at Day 1 post-vaccination.

To further explore sample relationships at each timepoint, we applied Uniform Manifold

Approximation and Projection (UMAP). Three-dimensional UMAP projection at Day 1

demonstrates clear separation between placebo, low-dose, and high-dose vaccine groups

(3.3B), suggesting an early, dose-dependent transcriptional response.
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Figure 3.3: Principal component analysis (PCA) and Uniform Manifold Approximation
and Projection(Umap) of log-CPM normalized Salmonella samples (A) 2D PCA of all
samples. Shapes denote timepoints, colors denote dose group PC1 (14.8% variance) and
PC2 capture the main axes of transcriptional variation, although no clear dose-dependent
clusters emerge when all timepoints are considered. (B) 3D UMAP of Day 1 samples
only (UMAP-1, UMAP-2, UMAP-3), showing improved visual separation of dose groups
at this time point.

Differential gene expression analysis

Differential gene expression (DGE) analysis was conducted using Day 0 as baseline.

In the full-dose group, the highest number of differentially expressed genes (DEGs) was

observed at Day 1 (3,628), predominantly related to innate immunity (e.g., TLR1, TLR2,

TLR5, IFNGR1, IL1B, IFITM2). Day 7, only 7 genes remained significantly modulated,

six of which were upregulated immunoglobulin genes IGHV3-49, IGHV3-15, IGHV2-24,

IGHV3-74, IGLV2-11, IGKV-30 3.4. In contrast, the low-dose group showed a markedly

reduced transcriptional response, with 246 DEGs at Day 1 and only one gene (XIST) at

Day 7. The number of DEGs is shown in table 3.1.
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Group Day Contrast Upregulated Downregulated Unaffected

Full dose

D1 vs D0 2,326 1,302 13,277

D7 vs D0 6 1 16.898

D7 vs D1 628 1,743 14,345

Low Dose

D1 vs D0 246 0 16,559

D7 vs D0 0 1 16,904

D7 vs D1 0 1 16,904

Table 3.1: Number of Differentially Expressed genes using using both D0 and D1 as
baseline for low dose group

DEGs were visible in the volcano plots following (Figure 3.4).

Figure 3.4: (A) Volcano plot showing genes differentially expressed between day 1 (D1)
and baseline (D0) in the full-dose group. Red dots indicate significantly upregulated
genes, including several related to innate immune signaling. (B) Volcano plot showing
differential expression between day 7 (D7) and baseline (D0 A few immunoglobulin genes
were significantly upregulated

TMOD enrichment analysis

Enrichment analysis was conducted starting from DESeq results obtained from the com-

parisons with the baseline for both cohorts (full-dose and low-dose) and for pooled sam-

ples. Modules enriched for pooled samples resembled those found for the full dose cohort,

indeed at day 1 both were characterized by upregulated modules regarding neutrophils ac-

tivation (LI.M163,LI.M37.1,LI.M11.2), antigen presentation (LI.M95.1), monocyte acti-

vation (LI.S4, LI.M11), TLR and inflammatory signaling (LI.M16), myeloid cells (LI.M81,
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LI.M4.3) and downregulated modules related to T cells (LI.M52,LI.M7.1). Other mod-

ules were linked to cell migration (LI.M109), blood coagulation (LI.M11.1) cell adhesion

(LI.M117) and other biological functions. In the low dose cohort, only a few modules asso-

ciated with monocyte,neutrophils and TLR were enriched (LI.S4, LI.M37.1 and LI.M16).

On day 7 a mild upregulation of modules linked to plasma cells and immunoglobulin was

observed in the full dose group. Results of tmod enrichment analysis were visible in

Figures 3.5 and 3.6.

Figure 3.5: Activation of blood transcription modules (BTMs) by GMMA vaccine
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Figure 3.6: Activation of blood transcription modules (BTMs) by GMMA vaccine.

Figure 3.5 and 3.6 .Each column represents a comparison between a day post vaccination

versus the baseline. Activation of modules was tested using the FDR-ranked lists of

genes generated by DESeq2 generalized linear model fitting and applying the CERNO

test. Rows indicate different BTMs, which were significantly (FDR < 0.05) activated.

Each module is represented by a pie in which the proportion of significantly upregulated

and downregulated genes is shown in red and blue, respectively. The gray portion of the

pie represents genes that are not significantly differentially regulated. The significance of

module activation is proportional to the intensity of the pie, while the effect size (area

under the curve) is proportional to its size.

Given the consistent enrichment of module LI.M16, we further examined key TLR genes

(TLR4, TLR2). Expression levels were significantly elevated in vaccinated groups com-

pared to placebo at Day 1, indicating early innate immune activation. These TLRs recog-

nize pathogen-associated molecular patterns (PAMPs), initiating inflammatory cascades

and promoting cytokine and interferon production (Figure 3.7 , Figure 3.8
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Figure 3.7: Expression of TLR4 gene
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Figure 3.8: Expression ofand TLR2 gene.

Figure 3.7 and 3.8. The median expression was calculated for full dose, low dose and

placebo groups. Vaccinated with full dose (VF) are represented in red, low dose (VL) in

green and placebo (P) in blue.

3.4.3 Co-expression analysis

Cemitool GSEA and over-expression analyses highlighted significant differences between

placebo and all vaccinated samples in the innate immune response (M1) activation and B

cells (M6). M1 expression peaked at Day 1 and returned to baseline by Day 7. Although

only a few DEGs were identified at day 7, CEMITool revealed significant changes in gene
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co-expression, indicating B-cell activation at the network level.The trends of M1 and M6

are shown in Figure 3.9

Figure 3.9: CEMITool boxplot. Mean z-score of module expression is described here
for each timepoint and for the two groups. Placebo (P) are represented in orange, while
vaccines (V) in blue. The plot assesses the significant variance of expression for M1
(general innate immune response ) and M6 ( plasmacells activation) between the two
groups.

3.4.4 BCR clonal expansion and gene usage after vaccination

Differential gene expression analysis revealed the upregulation of immunoglobulin-related

genes in vaccinated compared with non-vaccinated participants at day 7 (D7) relative

to baseline (D0). To further characterize the B-cell receptor (BCR) repertoires, we

retrieved and filtered CDR3 heavy chain (CDR H3) sequences from MiXCR-processed

data. Across all time points, 4,214 unique BCR clonotypes were identified in full-dose
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vaccine recipients and 390 in low-dose recipients. Among full-dose participants at day 7,

16.1% of assigned reads mapped to clonotypes using IGHV3-49, followed by IGHV3-21

(9.7%) and IGHV3-74 (5.6%). In contrast, low-dose participants at day 7 predominantly

used IGHV3-23 (13.4%), IGHV1-18 (4.9%), and IGHV3-74 (5.0%) (Figure 3.10 A). Based

on the upregulation of IGHV genes and changes in gene usage, we next assessed BCR

repertoire diversity by calculating the Gini index for each repertoire in full- and low-dose

vaccine recipients, using clonotype counts derived from MiXCR-processed repertoires.

The mean Gini index did not differ significantly between the two groups (full-dose: 0.35

± 0.14; low-dose: 0.25 ± 0.02; p = 0.14, two-sided Wilcoxon test) (Figure3.10 B). We

then asked whether repertoire inequality changed from baseline (D0) to day 7 (D7)

within each group. In the full-dose group, the Gini index increased from D0 to D7 in

9/11 participants, reaching statistical significance (D0: 0.24 ± 0.05; D7: 0.35 ± 0.14;

p = 0.045, two-sided paired Wilcoxon test) with one participant showing a pronounced

decrease that influenced the paired comparison. No significant change was observed in

the low-dose group (p =0.5) or placebo recipients (p =0.79) (Figure3.10 C)
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Figure 3.10: Line plots showing the dynamics of IGHV gene usage (mean percentage)
across three timepoints (D0, D1, D7) for Full Dose (left panel) and Low Dose (right
panel) vaccine recipients.

Each line represents a specific IGHV gene, with genes showing >5 % usage at D7 or >1%

increase from D0 to D7 highlighted in different colors, while remaining genes are shown
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in grey. The most prominent changes are observed for IGHV3-49 and IGHV3-21 in the

Full Dose group, and IGHV3-21 and IGHV3-23 in the Low Dose group. (B)Gini index

comparison between vaccine doses at Day 7. Box plots comparing the Gini index between

Full Dose and Low Dose vaccine recipients at Day 7 post-vaccination. No significant

difference was observed between the two groups (p = 0.14, Mann-Whitney U test (C)

Gini index at D0 and D7 in placebo (n=12), full-dose (n=11), and low-dose (n=4)

groups. Points represent individuals; lines connect paired samples. Paired Wilcoxon

tests indicate a significantly increased repertoire inequality at D7 in the full-dose group

(p=0.045), with no significant change in placebo (p=0.79) or low-dose (p=0.5).

CDR H3 clustering identifies potentially public clonotypes

BCR clonotypes with similar CDR H3 sequences and V, D, and J gene usages may confer

similar binding capabilities [70], [71].In order to identify if there are shared BCR clono-

types among vaccinated individuals derived from IGHV upregulation, BCR sequences

using the previously selected IGHV genes by amino acid similarities were clustered using

a Hamming distance-based clustering approach. After assigning all unique clonotypes to

clusters, we filtered for those (i) shared by at least two vaccinated individuals and (ii)

detected exclusively at Day 7, with confirmed absence at baseline (Day 0) and Day 1.

These criteria aimed to isolate putative vaccine-induced, convergent clonotypes. This

yielded four clusters potentially representing convergent responses: cluster 20 (IGHV3-

49), cluster 36 (IGHV3-7), and clusters 107 and 320 (IGHV3-23). None of these clusters

were observed in placebo recipients or at any pre-vaccination time point, supporting

their specificity to the post-vaccine response. Cluster 20 used IGHV3-49, an IGHV gene

that showed strong upregulation in RNA-seq analysis of full-dose recipients. This cluster

was found in one full-dose and one low-dose participant (Figure 3.11). The remaining

clusters involved only full-dose participants: cluster 36 (IGHV3-7), and clusters 107 and

320 (IGHV3-23).

To evaluate whether our clusters corresponded to previously characterized antibodies,

we aligned their defining CDRH3 sequences against public BCR repositories (e.g., the

Observed Antibody Space database and ClonoMatch libraries of virus-binding antibodies

(26,27)) but found no significant similarities to any known antibody sequences. No

significant matches were found between our CDRH3 sequences and public repositories,

In addition to the shared clonotypes described above, full-dose vaccinees exhibited a

greater number of unique CDR-H3 clusters that were not shared across individuals.These

unshared clusters may reflect private, individual-level B-cell responses to vaccination.

Overall, the number of clusters identified was higher in the full-dose group compared to
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the low-dose group (Figure 3.12), consistent with a broader clonal activation at higher

antigen doses.

Figure 3.11: Characteristics of convergent BCR clonotype cluster 20 (IGHV3-49). Clono-
types in cluster 20 were detected only at Day 7 in two vaccinees (one full-dose, one
low-dose), absent at Day 0/1 and in placebo. The table lists each clone’s ID, count, sam-
ple, timepoint, dose, V/D/J gene usage, constant region, CDRH3 amino-acid sequence,
and CDRH3 length.

Figure 3.12: BCR clusters in participants receiving the GMMA vaccine. Clusters with
the highest total clones are shown in individual colors. The same clusters between V0
and V7 are connected by gray lines.

3.5 Conclusions

Overall, data showed that GMMA-based iNTS vaccination elicits an early innate tran-

scriptional program within 24 hours and a subsequent adaptive signature by day 7,

with clearer effects in full-dose recipients. This temporal pattern is consistent with

the established kinetics of vaccine responses, in which innate sensing and inflamma-

tory signaling precede the emergence of B-cell and antibody-related programs. GMMA
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vaccines are engineered outer-membrane vesicles that retain the architecture of Gram-

negative bacteria while incorporating genetic modifications designed to reduce endotox-

icity. GMMA can be considered multi-valent antigens, as they may present multiple

polysaccharide molecules and proteins in natural conformation[72]. This combination

supports a self-adjuvanting mode of action in which early innate sensing by pattern-

recognition receptors—particularly TLR pathways—precedes the emergence of antibody

and B-cell programs [73]. Among the most induced Day 1 transcripts, there were genes

mapping to canonical TLR signaling and its downstream effectors (e.g., TLR1/2/4/5,

CD14, LY96/MD2, MYD88, IRAK4, NFKB1/2) as well as inflammatory mediators such

as IL1B. These findings are biologically plausible for GMMA/OMV platforms: even

when lipid A is genetically modified to reduce reactogenicity, vesicles retain LPS and

abundant outer-membrane lipoproteins and proteins, which provide ligands for TLR4

and TLR2 pathways, and can act in combination to amplify early innate activation

[74]. Beyond TLR signalling, pathway-level analyses showed on a predominance of

myeloid/neutrophil-associated programs at Day 1. TMOD enrichment highlighted up-

regulation of modules linked to neutrophil activation and myeloid cells alongside down-

regulation of T-cell–associated modules, a pattern frequently observed in whole-blood

systems vaccinology [53],[54].

Among the most prominently upregulated genes at day 1 in full-dose recipients, CD177

showed one of the largest fold-changes. CD177 encodes a neutrophil-specific glycopro-

tein implicated in neutrophil activation. Similar CD177 upregulation has been reported

in systems vaccinology studies, including the OMV-containing 4CMenB meningococcal

vaccine, where CD177 contributed strongly to the early post-vaccination transcriptional

stratification and tracked with neutrophil abundance [75]. While not specific to OMV-

based vaccines, early enrichment of neutrophil-related genes has been described after

multiple immunizations. This early gene signature probably reflects the rapid recruit-

ment of neutrophils to the site of vaccination [76]. By day 7 post-vaccination, a clear

shift from innate to adaptive immune signatures emerged, particularly in the full-dose

group. We observed specific upregulation of immunoglobulin genes at this timepoint.

This pattern is characteristic of plasmablast expansion and early B-cell differentiation

into antibody-secreting cells. The emergence of immunoglobulin gene expression by one

week post-vaccination aligns with the well-established kinetics of the adaptive response as

documented across multiple vaccine platforms several Gram-negative bacteria [77],[78].

For instance, analyses of typhoid conjugate vaccine responses in a controlled infection

model showed that while interferon and innate genes predominated at day 1, by day 7

the most upregulated genes were Ig heavy-chain genes [79]. Integrating B-cell receptor

(BCR) repertoire profiling provided deeper insights into the vaccine-induced adaptive
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response. On day 7, the full-dose group exhibited preferential usage of IGHV3-49 fol-

lowed by IGHV3-21 and IGHV3-23, whereas the low-dose group predominantly used

IGHV3-23, IGHV3-21 and IGHV1-18. This dose-dependent shift in IGHV gene usage

suggests that antigen dose may influence which B-cell clones expand and become mea-

surable in peripheral blood. Similar context-dependent differences in IGHV usage have

been reported in Vi-based typhoid vaccination studies [79], supporting the concept that

vaccine dose and type could shape the clonal composition of the plasmablast response.

Although the mean Gini index at day 7 did not differ significantly between full-dose and

low-dose groups, within-group comparisons showed that 9 of 11 full-dose recipients had

increased Gini indices from baseline to day 7 (paired Wilcoxon p=0.045). This significant

trend suggests that full-dose vaccination may promote clonal expansion of responding B

cells, resulting in a more unequal repertoire dominated by a subset of expanded clono-

types. By clustering CDRH3 sequences, we identified four convergent clonotype groups

(clusters20, 36, 107, 320) present only at Day 7 and shared by >2 vaccinees. Clus-

ter20 (IGHV3-49) appeared in both vaccine doses, marking it as a possible candidate

for further investigation. The phenomenon of convergent antibody responses, wherein

individuals independently generate antibodies with similar genetic features in response

to the same antigen, has been extensively documented. Public clonotypes have been

identified following infection or vaccination against influenza [80],SARS-CoV-2 [81] and

have also been reported for natural infection with viral pathogens, including hepatitis

C virus (HCV), dengue virus, and Zika virus [82]. Similar convergent/public responses

have been described against bacterial antigens, including Haemophilus influenzae type b

(Hib) and after Hib–Meningococcus C polysaccharide–protein conjugate vaccination [82]

as well as in responses to Salmonella Typhi Vi [83]. In this context, our identification of

four convergent clusters in a relatively small cohort (n=15 full-dose; n=4 low-dose) may

reflect the possibility that iNTS-GMMA presents immunodominant epitopes capable of

eliciting stereotyped antibody responses. None of the convergent sequences we identified

matched entries in public BCR databases (e.g., Observed Antibody Space, ClonoMatch).

This likely reflects limited representation of iNTS- and bacterial polysaccharide–specific

repertoires in current repositories, consistent with the absence of a licensed iNTS vaccine.

More broadly, public datasets are dominated by well-studied viral pathogens. Thus, the

lack of matches may indicate novel vaccine-induced clonotypes but could also be influ-

enced by study the small cohort size (n=15 full-dose; n=4 low-dose). In addition to the

shared public clusters, we also observed more “private” (individual-specific) clusters in

the full-dose group, implying that higher antigen doses may affect the B-cell response.

This finding suggests that higher antigen dose may promote broader clonal diversity,

allowing expansion of B-cell clones targeting individual-specific epitopes. This study has

some limitations. First, our BCR repertoire analysis was based on bulk RNA-seq rather

78



than single-cell sequencing, limiting our ability to definitively pair heavy and light chains

or to quantify the absolute frequencies of antigen-specific clonotypes. Second, the small

sample size, particularly in the low-dose cohort (n=4), reduced statistical power to detect

dose-dependent differences. Third, we extracted BCR sequences from whole blood rather

than sorting plasmablasts, meaning that our repertoire data include contributions from

all circulating B-cell subsets, not just vaccine-induced plasmablasts. Future studies could

employ single-cell RNA-seq combined with BCR sequencing to precisely define vaccine-

induced clonotypes and their transcriptional states. Functional characterization of the

putative public antibodies identified here will be critical to assess their protective po-

tential. Finally, validation in larger cohorts and diverse populations will be necessary to

confirm whether clusters 20, 36, 107, and 320 represent public clonotypes with potential

as biomarkers or therapeutic targets. Taken together, these findings demonstrate that

combining whole-blood transcriptomics with BCR profiling provides a powerful systems

vaccinology approach to characterize GMMA-induced immunogenicity and to identify

molecular signatures associated with vaccine response.
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4.1 Abstract

A recent phase 2a clinical trial (LEISH2a) assessed the safety and the immunogenicity

of ChAd63-KH as treatment against PKDL in Sudanese patients with persistent PKDL.

The vaccine showed minimal adverse effects, while it induced a strong innate and cell-

mediated immune response with a clinical improvement higher than 90% in patients
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who completed the follow up [84]. However, its efficacy as a stand-alone therapeutic

was still unknown.We conducted a randomized, double-blind, placebo-controlled phase

2b clinical trial (LEISH 2b) to investigate the therapeutic efficacy of ChAd63-KH. In

this trial the primary outcomes were safety and efficacy, while secondary outcomes were

change in severity grade and vaccine-induced immune response. 86 participants with

PKDL for at least 6 months were enrolled to receive 7, 5x1010 vaccine dose or a placebo

and then checked at day 90 post-vaccination for clinical improvement. No serious adverse

effects were observed and at the end of the follow-up 15% and 11% of participants in

the vaccine and placebo groups, respectively showed clinical improvement higher than

90%.Whole-blood transcriptomic analysis identified transcriptional modules associated

with interferon responses and monocyte and dendritic cell activation Therefore, a single

ChAd63-KH vaccination did not show therapeutic efficacy in this subset of Sudanese

patients with PKDL [26].

4.2 Introduction

Post kala-azar dermal leishmaniasis (PKDL) is a chronic dermatological sequela associ-

ated with treatment for visceral leishmaniasis (VL; kalaazar),but it may occur without

a history of VL or even during treatment of VL (when it is known as para kala-azar der-

mal leishmaniasis). PKDL typically involves the face and later spreads to the extremities

and trunk.[85],[86],[87] PKDL has often been confused with leprosy, and because of its

chronic but not debilitating nature, it is often tolerated by infected people, who fail to

seek treatment. Case rates for PKDL are intimately linked to the waxing and waning

of VL incidence. [88]The VL elimination campaign in South Asia has served to focus

attention on PKDL, as those with the disease have been shown to harbor parasites in

their skin and be infectious to the sand fly vector. As such, people with PKDL may

serve to maintain infection in inter-epidemic periods, thus posing a threat to elimina-

tion.[89] Epidemiologicalmodeling has demonstrated the value of a PKDL vaccine for

mitigating this risk in a post elimination era.[90] Recent calls to action for VL elimina-

tion on the African continent also recognize the need to have effective means to control

PKDL[91] Drug regimens for PKDL are generally arduous and invasive and have multi-

ple potential side effects.[92],[93] PKDL can also be exacerbated byHIV, and such cases

respond poorly to treatment.[94] New combination therapies have been evaluated and

show promise both in reducing the burden of PKDL[95] and in treatment,[96] but there

has been a strong and persistent argument for developing additional means of control,

including therapeutic vaccines.[97][98],[99]

PKDL has several intriguing features epidemiologically, clinically, and immunologically.
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VL is caused by infection with two species of the protozoan parasite Leishmania, namely

L. donovani and L. infantum, yet PKDL is restricted to infection with L. donovani and

found only in the Old World.[86] PKDL is also restricted within the geographical range

of L. donovani, being found in Sudan and South Asia but rarely in other countries in

East Africa. PKDL typically occurs after treatment, whether this be with pentavalent

antimonials,amphotericin B, miltefosine, or paromomycin/antimonial combinations.[100]

However, the onset of disease varies geographically, being rapid(weeks to months) in Su-

dan compared to delayed (often years) in South Asia. Clinical presentation also varies

geographically and at different body sites, with various hypotheses, including ultraviolet

light (UVB) exposure, being put forward to explain differences in clinical presentation.

[101][102] In Sudan, disease presents mainly as nodules and papules that,in 80% of cases,

self-resolve over several months.[92] [103] In the remainder, lesions may persist, often for

years. In contrast, in South Asia, cases can show hypopigmented macular lesions or be

polymorphic, with both macular and nodular lesions. Immunological and histopatho-

logical differences have also been noted.[101] [102] [104] [105] [106] [107] Collectively,

these features suggest that PKDL is a heterogeneous disease, with implications for the

development of new therapeutics.

Therapeutic vaccination against PKDL in Sudan has its historical roots in the use of

first-generation vaccines for VL.Khalil and colleagues conducted phase 1/2 randomized

trials in volunteers with no history of VL and showed that a two intradermal doses of

autoclaved L. major (ALM) administered with Bacille Calmette-Guérin (BCG) was safe,

well tolerated, and immunogenic, as measured by skin test conversion.[108] [109] [110]

However, no efficacy with regards to protection against VL was observed. A follow-up

study of alum-adjuvanted ALM + BCG also demonstrated safety and immunogenic-

ity,[111][112] and this formulation was evaluated in combination with sodium stiboglu-

conate (SSG) as a potential therapeutic in patients with PKDL with persistent disease,

reporting a cure rate at 60 days of 87% in the combined therapy group vs. 53% in

the SSG alone group (SSG + vaccine efficacy = 71%, 95% confidence interval [CI] for

risk ratio [RR], 0.7–1.16).[113] Based on these encouraging results, we first conducted

an open-label phase 2a trial (LEISH2a; ClinicalTrials.gov: NCT02894008) in patients

with persistent PKDL of ChAd63-KH, a new adenoviral vaccine incorporating two well-

documented candidate antigens.[114] This study confirmed that ChAd63-KH was both

safe and immunogenic in this patient group,[115] opening the way for the randomized,

controlled efficacy trial reported here.
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4.3 Results

4.3.1 Site initiation and recruitment

The LEISH2b study was conducted over approximately 4 years, punctuated by periods of

significant challenge that resulted in temporary trial suspensions. The site initiation visit,

attended by all field site personnel, trial monitors, and trial staff from the Universities of

Khartoum and York, took place in August 2019 in Addis Ababa due to a popular uprising

and deteriorating security situation in Sudan. Recruitment began on April 4, 2020, and

continued through June 2020, with 17 participants recruited in this period. Recruitment

was then paused due to the severe acute respiratory syndrome coronavirus 2 (SARS-

CoV-2) pandemic. The second round of recruitment took place between December 2020

and February 2021, enrolling 28 participants. A third round of recruitment took place in

April and May 2021, adding 23 participants. Delayed by a military coup, the final round

of recruitment (May to June 2022) added 18 more, bringing the total to 86 participants.

Following discussion with the LEISH2b data safety and monitoring board (DSMB), a

meeting of the trial steering group with the funders was convened. All attendees agreed

that recruitment should halt at 86 participants due to logistical difficulties in completing

the trial prior to expiry of the investigational medicinal product (IMP) and the onset

of further military clashes. 75/86 (87%) of enrolled participants completed the study to

day 90 post-vaccination, with the last patient last visit on September 20, 2022.Missed

visits and losses to follow-upwere due to occupational priorities. A further day 120 visit

was arranged to allow follow-up of anydrug treatment provided at the completion of the

study. A summary of study recruitment is provided in the CONSORT diagram (Figure

4.1).
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Figure 4.1: Study CONSORT diagram Solid boxes indicate participants to primary out-
come at day 90 post-vaccination (Vx). Treatment was offered per protocol from day 90
(see main text). Dotted boxes were outside the trial window for primary outcome and
representscheduled follow-up to provide or monitor standard of care. LTFU, lost to follow
up

4.3.2 Study population

Demographics and PKDL grading of the 86 participants enrolled in this study are shown

in Table 1. All participants had PKDL for a 6 month duration or longer, with the

majority (88%) graded as either PKDL grade 1 or 2 Table (4.1). Day 90 visits were

completed by 75 (87%) participants (n = 11 missed this time point or had been lost

to follow-up; figure 4.1). As per protocol, participants were offered standard of care

(AmBisome) at day 90 if clinical improvement was less than 90%. Overall, 26/86 (30%)

elected to receive treatment (8/20 adults; 18/66 adolescents), and these participants

remain in long-term follow-up to confirm drug effectiveness.
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Table 1. Characteristics of participants in LEISH 2b trials

Characteristics Vaccine, N=44 Placebo,N= 41

Adults (18 to 50) n=11 A n=9

Sex

Male n=8(73%) n=6(67%)

Female n=3(27%) n=3 (33%)

PKDL grade

1 n=7(64%) n=2(22%)

2 n=3(27%) n=5(56%)

3 n=3(27%) n=2(22%)

Adolescents (12 to 17) n=33 A n=33

Sex

Male n=17(52%) n=15(45%)

Female n=16(48%) n=18 (55%)

PKDL grade

1 n=14(42%) n=18(55%)

2 n=15(45%) n=12(36%)

3 n=4(12%) n=3(9%)

Table 4.1: Table showing characteristic of LEISH 2b participants

4.3.3 Safety Outcomes

There were 70 (25 local and 45 systemic) adverse events (AEs) reported by 43 participants

during the study, split 1.6:1 between the vaccine and placebo groups . The average

numbers of local AEs per participant were 0.30 in the vaccine vs. 0.29 in the placebo

arms(median of 0 in both arms), and systemic AEs per participant were 0.68 in the

vaccine vs. 0.36 in the placebo arms (median of 0 in both arms). Event numbers did not

significantly differ between arms (Mann-Whitney U p = 0.921 and p = 0.501 for local
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and systemic events, respectively). AEs were limited to grade 1 and 2, with no grade 3

AEs, serious AEs (SAEs), or suspected unexpected serious adverse reactions (SUSARs)

reported. All local and systemic AEs were deemed to be not serious and recovered. 44

AEs (25 local and 19 systemic) were considered possibly, probably, or definitely related to

vaccination, again showing a bias toward vaccine recipients (Figure 4.2). These included

itch, pain or soft swelling at the injection site, headache, vomiting, fever, and general

muscle pain.Medication was not required for any of the local AEs, but paracetamol (for

headache, chills, and fever) and chlorphenamine (for whole-body itch) were prescribed

for systemic AEs. No clinically relevant changes in blood biochemistry or hematology

were observed. The most common systemic AE unrelated to the study was malaria (16

clinical episodes, 15 patients). One case of thrombocytopenia was recorded but deemed

unrelated to vaccination (occurring in the placebo group). Since the completion of the

study, there have been no formal follow-up visits, but participants remain able to contact

the study team should they have any future health issues. None have been reported to

date.

Figure 4.2: Adverse events associated with the LEISH2b trial.Data are shown for local
and systemic adverse events judged to be possibly, probably, likely, or definitely associated
with Vx. Data are shown as proportions of participants in the study (n = 86). Only grade
1 AEs (mild, yellow; 26 vs. 17 events overall in vaccine vs. placebo groups) and grade
2 AEs (moderate; orange; 17 vs. 10 events overall in vaccine vs. placebo groups) were
observed.

4.3.4 Clinical Outcomes

The per-protocol primary outcome measure was 90% or greater improvement in clinical

PKDL as determined by two clinical (39 female [F], 36male [M]), 6/40 (15%; 2 F, 4M)

and 4/35(11%; 3 F, 1 M) in the vaccine and placebo arms, respectively,reached this
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threshold (RR 1.31 [95% CI, 0.40–4.28], p = 0.742). To explore whether there was any

vaccine effect at lower levels of improvement, we calculated the proportion of participants

that attained 25%, 50%, 75%, and 90% of improvement over time of follow-up, and

the trajectories of recovery appeared to be very similar between arms (Figure 4.3(A)).

Of note, all participants that reached the primary outcome did so between days 42

and 90 of follow-up. The secondary outcome of PKDL grading (grade 1 to grade 4)

was evaluated, as PKDL severity is often used to monitor disease status.[116] Grade

distributions improved only marginally over time and were similar between arms (p =

0.36, p = 0.53, and p = 0.38 for days 21, 42, and 90, respectively; Fisher’s exact test;

Figure4.3(B)).

Figure 4.3: Clinical improvement in LEISH2b trial. for vaccine and placebo groups,
respectively). Participants were categorized based on degree of improvement at different
times post-Vx. Color key indicates improvement category. No significant differences
were detected at any time point or over time (Fisher’s exact test; see main text). (B)
Distribution of overall PKDL grades by study arm (n = 40 and n = 35 for vaccine and
placebo groups, respectively). Participants were scored for PKDL grade at Vx (day 0)
and at indicated days post-Vx. Color key indicates grades. No significant differences
were detected at any time point or over time (Fisher’s exact test; see main text).

As duration of PKDL has been suggested to influence cure rate, we additionally obtained

prior duration in months data for a subgroup of 57/75 participants completing day 90

follow-up (45 adolescents, 12 adults; 33 F, 24 M). We stratified this subgroup into two

classes based on duration of PKDL (<18 months: median: 11 months, range: 6–11

months, n = 26; R18 months, median: 36 months, range: 18– 120 months, n = 31)

and evaluated whether there was any difference in the proportion of patients reaching a
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conservative 50% improvement. In the <18 month duration class, 6/11 receiving vaccine

and 6/15 receiving placebo reached this threshold compared to 5/19 and 5/12 in the

>18 month duration class. Hence, the duration of PKDL in this limited cohort did not

appear to be associated with vaccine response or overall improvement. Collectively, these

analyses indicate that under the trial conditions employed, ChAd63-KH lacked efficacy

as a single treatment in patients with persistent PKDL in Sudan.

4.3.5 Whole-blood transcriptome prior to and after vaccination

We used whole-blood transcriptional analysis (WBTA) to confirm vaccine reactogenicity

and capacity to induce immune responses in a subset of patients (n = 23 placebo and n =

27 vaccinated) for whom PAXGene-collected blood samples were available for analysis.

Compared to prevaccination, no differentially expressed genes (DEGs) were identified at

day 1 post-vaccination in patients receiving placebo (adjusted p < 0.05). In contrast, in

patients receiving ChAd63-KH, we identified 318 DEGs using this threshold (311 UP, 7

DOWN). Using g:Profiler, we identified enriched terms associated with the response to

ChAd63-KH, demonstrating activation of antiviral, inflammatory, and immune response

genes (Figure 4.4(A)). To provide a comparison with data from our previous phase 2a

study and responses to a range of other vaccines,[117] we next identified transcriptional

modules associated with vaccination. In keeping with the above analysis and our previous

analysis of ChAd63-KH responsiveness in patients with PKDL,[115] highly upregulated

transcriptional modules included those associated with interferon responsiveness, den-

dritic cell and monocyte activation, and antigen presentation (Figure 4.4(B)). Out of 57

significantly enriched transcriptional modules, 31 were also enriched in the adolescent

cohort of the LEISH2a study.[115] Given that only 2/50 of the patients for whom tran-

scriptomic data were available achieved the primary outcome of 90% clinical response,

it was not possible to conduct a robust analysis to identify DEGs or modules associated

with clinical cure.
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Figure 4.4: WBTA of vaccine response. WBTA was conducted on blood drawn prior to
and 1 day post-Vx. Data are shown for 50 vaccinated participants (19 F, 31 M; 9 adult,
41 adolescent).(A) g:Profiler analysis of 311 upregulated genes. Representative enriched
pathways are numbered: (1) GO0003725, double-stranded RNA binding; (2) GO0001730,
20-50 oligoadenylate synthetase activity;(3) GO0042379, chemokine receptor binding;
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(4) GO0019221, cytokine mediated signaling pathway; (5) GO0034097, response to cy-

tokine; (6) GO0045089, positive regulation of innate immune response; (7) GO0051607,

defense response to virus; (8) GO0034341, response to type II interferon; (9) GO0071357,

cellular response to type I interferon; (10) REAC:R-HAS-1, cytokine signaling in im-

mune system; (11) TF:M00772, IRF motif; and (12) TF:M10080, STAT2 motif. (B)

Significantly enriched immune-related modules were identified applying the CERNO test

on the adjusted p value-ranked lists of genes generated by DeSeq2. Bars represent the

proportions of significantly upregulated (red), downregulated (blue), or unchanged (gray)

genes. The significance of module activation is proportional to the intensity of the bar,

while the effect size is proportional to its width. Only the top 35 modules (of 57; see

Table S6) are shown for clarity. No DEGs, and hence no modules, were identified in

patients receiving placebo.

4.4 Discussion

ChAd63-KH is a third-generation vaccine based on adenoviral delivery of a gene con-

struct encoding two well-characterized Leishmania antigens. In a phase 2b stand-alone

therapeutic trial in Sudanese patients with persistent PKDL, we have confirmed the

safety of this vaccine. However, this study failed to demonstrate clinical efficacy when

measured by clearance of PKDL lesions over a 90 day follow-up period.

The study was conducted in Gedaref state, South East Sudan, against a backdrop of sig-

nificant adversity. Over the study period, Sudan sequentially experienced a revolution,

a pandemic, a coup, and military conflict that remains ongoing to date. Nevertheless,

throughout this period, the trial team was able to maintain most aspects of trial man-

agement and governance, although considerable delays in recruitment and the ability to

undertake sample analysis occurred. Following consultation with the DSMB and trial

sponsor, the decision was taken in November 2022 to curtail recruitment at 86 partici-

pants, short of the 100 originally proposed. Full data analysis for the primary clinical

outcome is reported here, with additional subgroup analysis being reported where pa-

tient metadata or biological samples were incomplete (either due to sample loss or data

inaccessibility).

The primary clinical outcome of the study was to determine whether a single administra-

tion of ChAd63-KH vaccine was able to induce R90% improvement of PKDL in patients

with persistent disease of R6 month duration. Our analysis of 75 patients that that

completed follow-up to day 90 indicated that this was not the case. Similarly, PKDL

grade was not improved over this time in vaccinated patients compared to those receiving

placebo. Relaxing the criterion for clinical response also did not reveal any significant
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vaccine effect or effect of prior PKDL duration. Hence, we conclude that this phase 2b

clinical trial has not demonstrated efficacy of ChAd63-KH under the conditions tested.

It is therefore important to consider the premise on which this study was based and po-

tential reasons why efficacy was not observed. The immunopathogenic mechanisms that

result in the chronic dermal presentation of PKDL are not fully understood. Immunohis-

tological analysis of biopsies from Sudanese patients with PKDL have noted the presence

of CD4+ and CD8+ T cells, but their functional state has not been characterized. Gran-

uloma formation is seen in some cases, but the histopathological picture may not corre-

spond with clinical outcome.[107] Keratinocyte interleukin (IL)-10 expression during VL

was observed to be associated with the later development of PKDL,[118] but the specific

role of IL-10 in PKDL per se is not understood. In Indian PKDL, more extensive studies

have characterized CCR4+ CD8+ T cells with a phenotype associated with exhaustion

and immune regulation (PD-1hi IL-10+).[104] Collectively, these findings lend support

to the hypothesis underpinning this trial, i.e., that enhancing CD8+ T cell activation

through vaccination may augment the ability of the host to clear parasites/antigens

and reduce local pathology. Although we were unable to study antigen-specific T cell

responses in this study due to the loss of all frozen cells, our previous studies have indi-

cated that KMP-11- and HASPB-specific CD8+ interferon (IFN)gamma+ responses are

induced in patients with PKDL [115] and healthy volunteers [114] following ChAd63-KH

vaccination. Given the comparability of the transcriptional response to vaccination seen

in this and our other studies, we have no reason to suspect that similar T cell responses

were not induced in this patient group. However, in the absence of efficacy, it is difficult

to ascertain whether this CD8+ T cell response was merely insufficient in magnitude to

elicit a clinical response or whether a broader response (in terms of antigen specificity or

immune response quality) might be needed to achieve a clinical response. Broader anti-

gen exposure along with concurrent inflammation are features of both naturally acquired

immunity and that afforded by “leishmanization” and provide a rationale for developing

live attenuated vaccines[119] With their known ability to rapidly induce antigen-specific

CD8+ T cells, adenovirus-vectored vaccines have been extensively studied as potential

therapeutic vaccines in cancer and chronic hepatitis B virus (HBV) infection. However,

studies in these other diseases have, to date, also met with limited success. While a poor

choice of immunogens was previously mooted as the explanation for therapeutic failure

in cancer therapeutic trials, a common attribute of cancer and chronic viral disease is the

development of a microenvironment that favors immune regulation or suppression. These

changes often reflect the outcome of signaling through inhibitory checkpoint pathways

(e.g., PD-1) or the induction of metabolic checkpoints such as IDO1, and it has been

proposed that these disease-associated regulatory constraints on T cell function hinder
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vaccine efficacy.

Experimental evidence to support this notion has been provided by Maini and colleagues,

who identified both natural killer cell and PD-1/PD-L1 signaling as negative regulators

of HBV vaccine efficacy in animals.[120] While evidence for such an immunoregulatory

environment is less well established in PKDL and other forms of dermal leishmaniasis,

some similarities to these other chronic diseases exist. For example, both IDO1 and

PD-L1 are abundant in chronic cutaneous leishmaniasis (CL) lesions resulting from L.

donovani infection in Sri Lanka, with a reduction in PD-L1 expression predicting the rate

of cure after antimonial chemotherapy.[121] More recently, we have identified expression

of these checkpoint molecules in CL patients infected with L. (V.) braziliensis and also in

patients with PKDL infected with L. donovani in India.[122] PKDL lesions are also en-

riched in M2 macrophages,[105] contributing to a lack of leishmanicidal capacity and an

immunoregulatory environment. Hence, it is possible that the local inhibitory environ-

ment in the skin of patients with persistent PKDL provides an obstacle to effector CD8+

T cell function at this site. If this is indeed the case, it is likely that therapeutic vaccina-

tion in PKDL might also benefit from interventions that target regulatory pathways, such

as those proposed in HBV infection [120]. While studies using existing biologics or other

clinically approved drugs might provide proof-of concept data in PKDL, it is recognized

that such high-cost adjunct therapies are unlikely to drive vaccine implementation in

a lower- and middle-income country (LMIC) setting. Alternatively, vaccination in con-

junction with antileishmanial chemotherapy should also be considered, given previous

successes with immunochemotherapy in PKDL [113] and more recent evidence suggest-

ing that such chemotherapy may also diminish the immunoregulatory environment in

CL patients [121].

We confirm in this study the potent ability of ChAd63-KH to induce innate responses

characterized by antiviral gene signatures and dendritic cell and monocyte activation,

with weaker representation of modules associated with neutrophil response and comple-

ment activation. The module signatures observed are also in keeping with those observed

in a multi-vaccine analysis conducted by Hagan et al.[117],which included an adenovi-

ral vaccine candidate (MRKAd5-HIV), and with our previous analysis of patients with

PKDL.[115] In the latter study, we observed that adolescents, but not adults, differen-

tially expressed modules associated with B cell activation (M47.0 and M47.1). However,

we did not observe differential expression of these modules in the current study, despite

the patient subgroup studied for WBTA being mainly composed of adolescents. The rea-

sons for this difference are currently unknown and subject to ongoing investigation. We

had also previously identified 11 whole-blood transcriptional modules predictive of 90%

clinical cure, two of which were significantly differentially expressed between cure and
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non-cure participants (M139: lysosomal/endosomal proteins and M118.0: enriched in

monocytes).Unfortunately, as only 2/50 of the samples analyzed here achieved this level

of clinical cure, we are unable to confirm or not the predictive value of these modules.

In addition to the loss of samples/data due to the ongoing situation in Sudan and other

issues discussed above, a limitation in study design was the evaluation of only one vacci-

nation schedule. ChAd63-KH was administered as a stand-alone therapy using a single

dose given intramuscularly. This approach was chosen for both scientific and pragmatic

reasons. Extensive data derived from experimental studies and early-phase human tri-

als [123] and late-phase trials and real-world evidence obtained during the SARS-CoV-2

pandemic [124] have indicated that repeat dosing with homologous adenovirus vaccines

fails to significantly augment the CD8+ T cell response. Though direct evidence is lack-

ing, it seems likely that a similar outcome would occur with vaccination in patients with

PKDL. Pragmatically, single-dose schedules have multiple benefits in an LMIC setting,

including reducing logistical complexities and a reduction in cost, not least due to the

savings from not requiring manufacture of two clinical grade vaccines. Similarly, intra-

muscular dosing is preferred in many clinical situations due to the ease of administration

and its standardization and tolerability but may not be the most appropriate route for

eliciting skin-homing CD8+ T cells[125]. Thus, we cannot rule out that an efficacy sig-

nal may have been observed using a repeat-dosing schedule, by extending the period

of follow-up, using a heterologous prime-boost strategy, [123] and/or varying the route

of administration. Given the heterogeneity of clinical presentation and histopathology

observed in PKDL, our data also do not rule out the possibility of a therapeutic benefit

from ChAd63-KH vaccination in either Sudanese patients with less persistent disease

or in patients with PKDL in South Asia. In addition, the prophylactic efficacy of this

vaccine against different types of leishmaniasis remains to be evaluated. Such studies

would need to be cognizant of the rare AEs reported for Vaxzevria, the ChAdOx1-based

SARS-CoV-2 vaccine[126].In conclusion, however, this phase 2b study did not provide

evidence to support progressing ChAd63-KH as a standalone therapeutic in Sudanese

patients with persistent PKDL.

4.5 Materials and methods

4.5.1 Ethics statement

The LEISH2b study (ClinicalTrials.gov: NCT03969134) was approved by the Sudan Na-

tional Medicines and Poisons Board and the ethical review committees of the Institute of

Endemic Diseases, University of Khartoum, and the Department of Biology, University
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of York. LEISH2b was sponsored by the University of York. The study was conducted

according to the principles of the current revision of the Declaration of Helsinki 2008

and ICH guidelines for GCP (CPMP/ICH/135/95). All participants provided written

informed consent before enrollment. Consent forms are available as extended data ac-

companying the published protocol. [127]

4.5.2 Study design and participants

LEISH2b was a randomized, double-blind, placebo controlled therapeutic trial designed

to evaluate the safety and efficacy of therapeutic vaccination with the investigational

vaccine ChAd63-KH. The initial study design allowed for the recruitment of 100 partici-

pants diagnosed with PKDL aged between 18 and 50 (adults) or 12 and 17 (adolescents)

and with persistent PKDL of greater than 6 month duration. The full details of the

inclusion and exclusion criteria are provided in the published protocol.[127] Participants

were recruited from an endemic area in Gedaref state, Sudan, and all study proce-

dures were conducted at the Professor El-Hassan’s Center for Tropical Medicine, Dooka,

Sudan. Clinical monitoring of the study was performed under contract by ClinServ

(http://www.clinserv.net). An independent DSMB was established and met throughout

the study period. The DSMB charter is available as extended data accompanying the

published protocol [127].

4.5.3 Eligibility criteria

Full inclusion and exclusion criteria are provided in the protocol [127] Key inclusion

criteria included the following: age 12–50 years on the day of screening; females must be

unmarried, single, or widowed willing and able to give written informed consent/assent;

uncomplicated PKDL ofR6 month duration; otherwise good health; negative for malaria

on blood smear; Leishmania PCR positive on the screening skin biopsy; and willing

to undergo urinary pregnancy tests (females only). Key exclusion criteria included the

following: has mucosal or conjunctival PKDL; treatment for PKDL within 21 days;

negative rK39 strip test; receipt of a live attenuated vaccine within 60 days or other

vaccine within 14 days of screening; history of allergic disease or reactions to vaccines

or their components; history of severe local or general reaction to vaccination; fever

>39.5◦within 48 h; anaphylaxis, bronchospasm, laryngeal edema,collapse, convulsions,

or encephalopathy within 48 h; pregnancy, less than 12 weeks post-partum, lactating, or

willingness/intention to become pregnant during the study and for 3 months following

vaccination (females only); seropositive for hepatitis B surface antigen or hepatitis C

(antibodies to HCV); and tuberculosis, leprosy, or malnutrition (malnutrition in adults
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defined as a BMI < 18.5 and in children and adolescents [8–17 years] as a Z score cutoff

value of <-2 SD.

4.5.4 Vaccine and study procedure

As described previously,[115] ChAd63-KH encodes two leishmanial proteins (KMP-11

and HASPB1) and was manufactured to cGMP by Advent Srl. (Pomezia, Italy; lot

B0004; 7.5x1010 viral particles per mL). ChAd63-KH or placebo (saline) was adminis-

tered as a single dose in 1 mL volume intramuscularly into the deltoid muscle. Partic-

ipants were monitored in a hospital for 7 days post-vaccination and thereafter as out

patients on days 21, 42, 90, and 120 post-vaccination. Recruitment occurred over four

rounds, punctuated by a revolution, a pandemic, and a coup. Meetings of the inde-

pendent DSMB were held at the end of each round of recruitment. Participants were

evaluated for clinical response at days 42 and 90. Those with less than 75% improvement

at day 90 were offered standard treatment (AmBisome;2.5 mg/kg/day for 20 days). If

improvement was between 75% and 90%, they were offered conservative treatment or

AmBisome, and those with greater than 90% clinical improvement were deemed to not

require further treatment (and scored as clinical cure). Some participants defaulted

from scheduled visits and were evaluated and treated at unscheduled visits based on

their availability. Decisions to treat and evaluation of PKDL were performed by two

clinicians. The clinical grade of PKDL was also recorded before and after vaccination

using the 4 point grading system described previously.[116]

4.5.5 Randomizing and blinding

A computer-generated (Stata 16) randomization list was prepared by the trial statisti-

cian, allocating participants 1:1 to either the active or placebo injection, using randomly

permuted blocks, stratified by age group (adult or adolescent). The randomization allo-

cation was communicated to pharmacy staff at the study site through prepared, sealed

envelopes with only external sequential participant numbers. During the trial, adults

were found to be more difficult to recruit, and the initial aim of an equal number of

adolescents and adults in the trial was not feasible. However, the number of available

randomization envelopes in Sudan was limited for each age group. Therefore, once allo-

cations for the adolescent group had been used up, allocations for the adult stratum were

used in order of presentation irrespective of age group, thus creating a single, unstratified

randomized sample.

The vaccine and placebo injections were prepared in blacked-out syringes labeled only

with the participant identification number. The participants and clinical investigators
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(who administered the IMP and conducted the study follow-up) were blinded as to which

injection participants received. The trial statistician (who generated the randomization

list), trial coordinator (who prepared sealed envelopes according to the randomization

list), assistant pharmacist (who prepared the IMP), and study nurse (who delivered the

IMP to the clinical investigators) were not blind to the treatment allocation.

4.5.6 Outcomes

Primary outcome measures were safety, as recorded as AEs from clinical examination

and evaluation of blood biochemistry and hematology, and efficacy, as determined by the

proportion of participants reaching a 90% improvement in clinical disease. Secondary

outcomes included trajectory of lesion improvement and measures of vaccine-induced

immune response. Planned immune analyses included whole-blood transcriptomics and

analysis of peripheral lymphocyte responses (antibody and IFNg ELISpot). Peripheral

lymphocyte and antibody responses could not be measured due to sample loss resulting

from the military conflict in Sudan.

4.5.7 Statistical analysis

Total sample of size of 100 (randomly assigned 1:1 to be vaccinated with ChAd63-KH or

placebo) was determined to be sufficient to detect an increase of >25% in the proportion

of participants achieving clinical cure, assuming 90% power, 5% statistical significance,

a spontaneous clearance rate of <2%, and loss to follow-up of <5% (Fisher’s exact test).

Baseline characteristics were summarized descriptively. Continuous measures are re-

ported as mean, SD, median, and range, while categorical data are reported as counts

and percentages. The numbers of local and systemic AEs per participant are presented

as median, minimum, maximum, and interquartile range. The median numbers of AEs

per participant (separately for local and systemic events) were compared between groups

using the Mann-Whitney U test. A primary efficacy outcome of >90% clinical improve-

ment between the two arms was evaluated using a relative RR with statistical significance

determined by Fisher’s exact test. Event numbers were too low to allow for an adjusted

regression analysis. Comparison of categorical data across groups was analyzed using

Fisher’s exact test. Analyses were performed using Stata v.18, Rv.4.3.2, or Prism 10 for

macOS (v.10.1.1; GraphPad).
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4.5.8 Whole-blood transcriptomic analysis

Whole-blood samples (2.5 mL) were collected into PAXGene tubes immediately prior to

vaccination and at 1 day post-vaccination. All reagents and equipment for these analyses

were supplied by Thermo Fisher Scientific and processes carried out per the manufac-

turer’s protocols unless otherwise stated. Total RNA was extracted using the PAXgene

Blood RNA kit (PreAnalytiX, QIAGEN). RNA was quantified using the Qubit 2.0 Flu-

orometer with the RNA HS Assay Kit. tilde50 ng of total RNA was used to construct

sequencing libraries with the Ion AmpliSeq Transcriptome Human Gene Expression Kit.

Libraries were barcoded, purified with 2.5x Agencourt AMPure XP Magnetic Beads

(Beckman Coulter), and then quantified using the Ion Library TaqMan Quantitation

Kit on a QuantStudio 5. Libraries were diluted to a concentration of about 50 pMol and

pooled in groups of 8 for sequencing on Ion PI Chips. Chips were loaded using the Ion

Chef System and the IonPI Hi-Q Chef Kit. Sequencing was performed on an Ion Proton

Sequencer using an Ion PI Hi-Q Sequencing 200 Kit.

Differential gene expression analysis was performed using DeSeq2. After count data

normalization, differential gene expression analysis was performed using pooled day 0

data from the two study cohorts as the baseline for all contrasts. Enrichment of blood

transcription modules at each time point in the different groups was assessed with the

tmod R package using as an input the lists of DEGs ranked by the p value after multiple

test correction, as computed by DeSeq2. Significance of module enrichment was assessed

using the CERNO statistical test (a modification of Fisher’s combined probability test)

and corrected for multiple testing using the Benjamini-Hochberg correction.

4.6 Role of funders

The funders played no part in study design, data collection, analysis, interpretation,

writing, or decision to publish. All authors had full access to study data and final

responsibility for the decision to submit for publication.

4.7 DATA AND CODE AVAILABILITY

Processed gene expression data are available as supplemental information.Raw gene ex-

pression data are available from GEO:GSE266275.
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4.8 SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.omtm.2024.101310.
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Chapter 5

Final Conclusions

This work provides an integrated analysis of the immune responses elicited by three

distinct vaccine platforms recombinant vesicular stomatitis virus based (rVSV–ZEBOV-

GP), GMMA-derived (iNTS-GMMA), and adenoviral-based (ChAd63-KH) using tran-

scriptomic, immunological, and bioinformatic approaches. Despite their different biologi-

cal properties, all vaccines tested induced a rapid activation of innate immunity, followed

by adaptive responses whose characteristics varied according to the vaccine modality.

In the first part of the work, whole-blood transcriptomics revealed that vaccination trig-

gers an early and pronounced innate immune response, with the peak of differentially ex-

pressed genes occurring at Day 1 and involving canonical innate pathways (dendritic cells,

interferon pathways and antiviral signature) . By Day 7, transcriptional profiles shifted

toward immunoglobulin-associated signatures, indicating the initiation of the adaptive

phase. Comparative analyses demonstrated that ZEBOV-GP induces a stronger acti-

vation than VARILRIX, confirming its high immunogenic potential. Classification of

vaccinees based on antibody titers identified transcriptional differences between respon-

ders and non-responders, including the activation of the classical complement pathway

via C1Q. Correlations between specific genes or transcriptional modules and antibody

titers suggest that early gene expression changes contribute to both the magnitude and

persistence of the humoral response. Age-related differences, but not gender-related

differences, were observed, with younger children exhibiting enhanced B-cell–related ac-

tivity at before vaccine administration.

The second part of the thesis focused on a GMMA-based vaccine targeting invasive

Salmonella. Both vaccine doses activated innate immune pathways, particularly those

involving TLR4 and TLR2, indicating that the modified LPS component retains sub-

stantial immunostimulatory capacity. At Day 7, analysis of the B-cell receptor repertoire

identified upregulation of IGHV genes, modest clonal expansions, and the emergence of

convergent clonotypes shared across multiple vaccinees. These findings indicate early
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shaping of the antibody repertoire following a single immunization, although confir-

mation of clonotype specificity and functional relevance will require larger cohorts and

antigen-specific assays.

In the final part, the adenoviral vaccine ChAd63-KH was shown to induce transcriptional

profile dominated by antiviral signatures and activation of monocytes and dendritic cells.

The module patterns observed were consistent with previous analyses of adenoviral vec-

tors and with earlier transcriptomic studies in PKDL, although modules associated with

B-cell activation—previously detected in adolescents—were not observed here. Due to

the limited number of participants achieving clinical cure, it was not possible to validate

previously identified predictive transcriptional modules. Nevertheless, the data confirm

the capacity of ChAd63-KH to generate robust innate immune activation relevant for

protection against intracellular pathogens.

Together, these findings highlight the utility of integrative immunogenomic approaches

for characterizing vaccine-induced immunity. While shared innate signatures were ob-

served across platforms, each vaccine exhibited distinct adaptive features and B-cell

repertoire profiles. The results contribute to a deeper understanding of early immune

events following vaccination and provide a framework for the identification of biomark-

ers and mechanistic correlates that may support the rational design and evaluation of

next-generation vaccines.
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Appendix A

Quantification of micro-RNA with digital PCR

A.1 Introduction

Psoriasis is an immune-mediated, genetic, chronic inflammatory skin disease involving

the skin or joint or both in adults. Psoriasis affects about 2/3% of worldwide population

and it dramatically impairs the quality of life of affected people . Five types of psoriasis

have been reported:plaque psoriasis (also known as psoriasis vulgaris), guttate or eruptive

psoriasis, inverse psoriasis, pustular psoriasis, and erythrodermic psoriasis, among which

psoriasis vulgaris is the most common one and accounts for about 90% of cases [128].

There are not specific trigger factors, but the presence of mild trauma like scratching or

piercing and tattoos, or the usage of systemic drugs as non-steroidal anti-inflammatory

agents can exacerbate the disease. Psoriasis skin lesion originate from a dysregulated

interaction of innate and adaptive components of immune system with cutaneous cells. A

central role is played by TNFα , interleukin-23 and T helper cell 17 (Th17), which have a

pro-inflammatory action leading to the release of other pro-inflammatory peptides, which

induce keratinocyte proliferation and an over production of inflammatory cytokines.

Although the pathogenesis of this disease is not yet fully understood, due to its complex

multifactorial nature; it seems that aberrations in microRNA (miRNA) expression are

involved in psoriasis onset. MiRNAs are natural mediators of post-transcriptional gene

silencing, they can be involved in regulation of differentiation, proliferation and cytokine

response of keratinocytes and T cells [129]. In this study, we focus on four specif miRNA,

which have already been demonstrated to be involved in psorias development, which are

miR-223,mir-146a,miR-21-5p, and miR-155-5p. MiR-223 is one of the most upregulated

miRNA in psoriatic skin, it is expressed in in dermal inflammatory infiltrates of pso-

riatic skin and in Th17. Several studies of expression of miRNA in peripheral blood

mononuclear cells (PBMCs) in affected people showed an upregulation of both miR-223

and miR-146a, t positively correlated with IL-17 expression [129].Mir-21-5p is frequently
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upregulated in inflammatory disease and it promotes inflammation by silencing anti-

inflammatory genes, while mir-155-5p is regulator of immune response and it is involved

in T-cell activation. All of these miRNAs were determined to be markers for psoriasis,

detectable in blood and in extracellular vesicles inside plasma [130], in our study we

demonstrated their presence also in saliva.

A.2 Material and Methods

A.2.1 Saliva collection and micro-RNA extraction

Saliva samples were collected from 184 volunteers at tree timepoints (baseline, T10 and

T20). Saliva was collected from patients who stopped eating,smoking and drinking at

least one hour before the collection. Patients were asked to wash their mouth for a

minute with distillate water and then spit about 5ml of saliva in a sterile tube.The

expectorate was centrifuged at 2000xg for 20 second,the supernatant was then collected

in 2ml eppendorf and stored at -80°C. miRNA was extracted by using Maxwell RSC

miRNA Plasma and Serum kit by Promega, a final elution volume was 50 µl or 40µl .

A.2.2 Retrotranscription and quantification with digital-droplets

PCR

miRNA was retrotranscribed according to the miRCURY LNA RT Kit instruction by

QIAGEN. For digital-droplets PCR we tested different condition for the amplification

step, such as samples pre-dilution, amount of primer into the final reaction mix and

annealing temperature (see A.1).

Primer Volume T° Dilution

hsa-miR-155-5p 1µl 55°C 1:10

hsa-miR-223-3p 0.5µl 55°C 1:300

hsa-miR-146a-5p 1µl 58°C 1:10

hsa-miR-21-5p 1µl 52°C 1:20

Table A.1: PCR condition for each primers

102



Droplets generation and reading were performed with QX200 Droplet Generator and

QX200 Droplets Reader according to Biorad procedures for EVA Green die. The QX200

Droplets reader was used to detect the assorbance on FAM channel of each samples. Data

collected by the reader were analyzed using the QX Manager software (v 2.1)provided

by BIORAD and then stored in a database.

A.3 Discussion and results

Each miRNA resulted to be expressed in all samples, confirming their presence also in

saliva of patents. MiR-223 was the most expressed, with a medium number of copies

of about 22x106, followed by miR-21-5p with 14x106 medium copies copies. A lower

expression characterized miR-155-5p, for which we found about 175.000 copies, while for

miR-146a we extimated about 1x106 copies.
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Appendix B

Supervised Ensemble Learning Identifies Minimal

Consensus Gene Signatures for Crohn’s Disease

Classification
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One Sentence Summary: TENTACLES, a machine learning consensus framework, identifies 

minimal, reproducible gene signatures for Crohn’s disease stratification across cohorts. 
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Abstract: 

Background: Crohn's disease (CD) is a complex chronic inflammatory bowel disease driven by 

heterogeneous immune-mediated mechanisms. Although transcriptomic studies have revealed disease-

associated gene expression patterns, identifying reproducible minimal gene signatures across 

independent cohorts remains challenging due to methodological variability, dataset heterogeneity, and 

reliance on single-algorithm approaches that may not generalize effectively.  

Materials and Methods: We developed a supervised ensemble framework, TENTACLES, that 

prioritizes robust transcriptomic features through consensus across diverse ML algorithms. The 

framework was validated using bulk RNA-Seq data spanning three independent CD cohorts (n=515 

samples). During training on the first dataset, consensus genes were selected based on agreement across 

ten ML algorithms. The resulting 28-gene panel was evaluated on a second independent cohort through 

univariate ranking, dimensionality reduction, and non-linear predictive modeling. A refined 14-gene 

subset, showing consistent cross-cohort importance, was further validated in a third independent cohort 

using six unsupervised clustering approaches.  

Results: The 28-gene consensus panel achieved robust discrimination between CD and healthy controls 

across training and testing datasets, demonstrating superior generalizability compared to conventional 

differential expression approaches. The refined 14-gene subset maintained high discriminatory power 

in unsupervised analyses. A minimal 5-gene signature (CSF3R, OSM, BACE2, HK2, and IL15RA) 

achieved optimal performances across multiple clustering algorithms. 

Conclusion: TENTACLES overcomes limitations of single-algorithm approaches providing a 

generalizable consensus framework for identifying minimal, reproducible gene signatures in 

heterogeneous transcriptomic datasets. The validated gene panel offers biologically interpretable 

biomarkers with potential applications in CD diagnosis, therapeutic monitoring, and mechanistic 

investigation. This framework represents a broadly applicable approach for robust feature discovery in 

complex immune-mediated diseases.  
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Main Text: 

INTRODUCTION 

Crohn’s disease (CD) is a chronic and relapsing form of inflammatory bowel disease (IBD) 

characterized by transmural segmental inflammation that can affect any portion of the gastrointestinal 

tract(1). CD presents with distinctive discontinuous lesions (“skip lesions”) that may involve the entire 

digestive tract from mouth to anus. Clinical manifestations are highly variable, ranging from abdominal 

pain and diarrhea to severe extra-intestinal complications, often resulting in diagnostic delays(2) and 

the need for invasive diagnostic procedures(3, 4). These delays carry significant clinical consequences, 

as progressive tissue damage frequently leads to stricturing, penetrating disease, and the eventual need 

for surgical intervention in up to 70% of patients(5). 

High-throughput RNA sequencing has emerged as a powerful approach for elucidating the molecular 

mechanisms underlying complex diseases like CD. Transcriptomic analyses of intestinal biopsies and 

blood samples have successfully identified disease-associated gene expression patterns capable of 

distinguishing affected individuals from healthy controls. When combined with machine learning (ML) 

approaches, these datasets have yielded promising multigene signatures with diagnostic and prognostic 

potential(4, 6–8). 

However, current computational pipelines predominantly employ a conventional two-step approach: 

initial identification of differentially expressed genes (DEGs) followed by training of a single 

classification model(7–11). This methodology presents several critical limitations. First, it ignores DEG 

interactions and subtle but consistent multivariate patterns that may be biologically meaningful. Second, 

it relies on single-algorithm classifiers that are vulnerable to model-specific biases and may yield 

signatures that perform well on training data but generalize poorly to independent cohorts with different 

experimental conditions, patient populations, or technical platforms. Third, the arbitrary statistical 

thresholds used in DEG filtering may inadvertently exclude genes with modest but consistent 

discriminatory power across multiple analytical approaches. These limitations underscore the need for 

more robust, generalizable approaches to biomarker discovery in transcriptomic datasets. Ensemble 
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methods, which aggregate predictions or feature importance across multiple algorithms, have 

demonstrated superior performance and generalizability in numerous machine learning applications but 

remain underutilized in transcriptomic biomarker discovery. By leveraging the complementary 

strengths of diverse algorithms—from linear models sensitive to additive effects to tree-based methods 

capable of capturing complex interactions—ensemble approaches can identify more stable and 

reproducible feature sets. 

To address these methodological gaps, we developed TENTACLES (Transcriptomic Exploration Tool 

through Aggregation of Classifiers), a supervised ensemble framework specifically designed for robust 

feature prioritization in heterogeneous transcriptomic datasets. Unlike conventional approaches that 

rely on single algorithms, TENTACLES systematically aggregates feature importance rankings across 

multiple diverse ML classifiers to identify consensus gene signatures that are both predictive and 

reproducible across independent cohorts. In this study, we applied TENTACLES to three independent 

CD cohorts encompassing 535 samples from four bulk RNA-Seq data of intestinal biopsies. Our 

analytical strategy employed a rigorous three-phase validation approach: (1) consensus gene 

identification through multi-algorithm feature importance aggregation in a training cohort, (2) 

comprehensive evaluation of generalizability in an independent testing cohort using complementary 

analytical strategies, and (3) final validation through unsupervised clustering in a third independent 

cohort. This framework enabled us to systematically refine our initial 28-gene consensus panel to a 

minimal 5-gene signature while maintaining robust discriminatory performance across all validation 

phases.  
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RESULTS 

Multi-Algorithm Ensemble Performance Reveals Robust Classification Patterns 

Our ensemble framework evaluated ten diverse machine learning algorithms on the training cohort 

(PRJNA248469: 218 CD patients, 42 healthy controls, Table 1, Fig. 1), encompassing complementary 

methodological approaches including tree-based methods (Random Forest, C5-rules, Decision Tree), 

neural networks (MLP, Bagged-MLP), kernel methods (SVM-linear), gradient boosting (LightGBM, 

XGBoost), regression splines (MARS), and dimensionality reduction (PLS). Performance assessment 

during cross-validated hyperparameter optimization and subsequent full-dataset refitting revealed 

distinct algorithmic behaviors and convergent classification patterns (Fig. 2A and Table S1). 

Nine of ten algorithms demonstrated robust and consistent performance, with median accuracy of 0.87 

(IQR: 0.85-0.88) and F1-scores of 0.70 (IQR: 0.68-0.73). SVM-linear achieved superior performance 

(Accuracy=0.91, F1=0.78, Precision=0.64, Recall=1.0), followed closely by tree-based methods—C5-

rules, Random Forest, and Decision Tree—all exceeding 0.88 accuracy with F1-scores above 0.72. The 

consistent improvement from cross-validation to full-dataset refitting across algorithms indicated stable 

learning dynamics with minimal overfitting risk. 

Notably, XGBoost exhibited markedly poor performance (Accuracy=0.43, F1=0.30, Precision=0.19, 

Recall=0.78), likely reflecting suboptimal hyperparameter configuration or sensitivity to the class 

imbalance ratio (5.2:1 CD:HC). Sample-level error analysis (Fig. 2B) confirmed that the majority of 

misclassifications originated from XGBoost, while 85% of samples were consistently and correctly 

classified by all high-performing algorithms. The small subset of samples misclassified by multiple 

algorithms (approximately 8% of the cohort) likely represents cases with intermediate transcriptomic 

profiles, possibly reflecting disease heterogeneity, early-stage disease, or technical variability inherent 

to biological samples. 

Consensus Feature Selection Identifies Core Transcriptomic Signatures 
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Feature importance analysis across the nine well-performing classifiers revealed substantial but 

structured overlap in gene prioritization (Fig. 3). Neural network methods (MLP, Bagged-MLP) 

contributed the largest feature sets with 265 genes exclusively shared between them, while tree-based 

methods showed strong convergence with neural networks through multiple intermediate intersections 

ranging from 8-42 genes. The intersection architecture demonstrated clear algorithmic families, with 

the largest single intersection comprising 265 genes exclusively shared by the two MLP-based models, 

followed by a secondary intersection of 42 genes common to MLPs and Random Forest. Intermediate-

size intersections of 21-8 genes connected these core methods with PLS, SVM-linear, and C5-rules in 

various combinations, while smaller intersections involving fewer than four genes displayed high model 

connectivity, often bridging classifiers from distinct methodological families. Notably, MARS 

contributed only marginally to the shared feature space, and XGBoost selections appeared largely 

unique with weak intersections with other classifiers, supporting their exclusion from consensus 

formation. 

Based on these convergence patterns, a 28-gene consensus panel was defined by selecting features 

deemed important by at least six of the nine high-performing classifiers. The resulting signature 

encompassed genes with established roles across multiple biological domains critical to CD 

pathogenesis. The panel included key innate and adaptive immune regulators such as CTSS, CXCL8, 

OSM, CSF3R, FCGR1A, FCGR3A, and FCER1A, which mediate inflammatory cell recruitment, 

activation, and antibody-dependent cellular responses. Metabolic reprogramming and cellular stress 

response were represented by ACSL1, HK2, HK3, CYP2E1, CHAC1, XBP1, and TXNDC5, reflecting 

the altered energy metabolism and endoplasmic reticulum stress characteristic of inflamed intestinal 

tissue. 
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Signal transduction and cellular communication pathways were captured through IL15RA, SEMA3E, 

WNT5A, HCAR2, and ADRA1B, which regulate immune cell survival, tissue remodeling, and 

neurotransmitter signaling. Transcriptional and structural cellular regulators including ELL2, RPA1, and 

LIMK2 represented the altered gene expression programs and cytoskeletal dynamics associated with 

tissue inflammation and repair. The consensus panel was completed by additional genes with 

established or emerging roles in immune and metabolic contexts, including BACE2, C6, BATF2, 

TNFAIP6, ADCYAP1, and AQP9, many of which have been implicated in recent IBD-focused studies 

but had not previously been identified through traditional differential expression approaches. 

Consensus Signatures Outperform Conventional DEG Approaches 

Differential expression analysis of the training cohort identified 582 significantly altered genes 

(FDR<0.05, |log₂FC|>1), with only a subset of the 28 consensus genes reaching conventional statistical 

thresholds (Fig. 4A, Data file S1). This divergence indicated that ensemble feature selection captured 

discriminatory signals overlooked by univariate testing. 

Principal component analysis revealed clear class separation for both gene sets, with distinct structural 

characteristics (Fig. 4B-C). The consensus panel showed tighter clustering of healthy controls with 

greater dispersion among CD patients, suggesting capture of disease heterogeneity. Key metabolic 

genes (HK2, BACE2, TXNDC5) and inflammatory mediators (AQP9, TNFAIP6, CSF3R, CXCL8, OSM) 

exhibited high-magnitude PC1 loadings, driving the discriminatory pattern. The DEG-based analysis 

showed comparable separation but with more evenly distributed gene contributions (Fig. S1). 

Univariate AUROC analysis identified eight consensus genes (CXCL8, OSM, AQP9, FCGR3A, 

FCGR1A, TNFAIP6, HK2, ELL2) achieving near-perfect discrimination (AUROC>0.9), while five 

genes (C6, SEMA3E, RPA1, ADRA1B, FCER1A) showed protective associations (AUROC<0.1) (Fig. 

4E). Notably, discriminatory power was not strictly correlated with fold-change magnitude, 

emphasizing the value of multivariate selection approaches. Similar patterns were observed in the DEG-

based analysis (Data file S1). 
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Multivariate classification confirmed superior efficiency of the consensus approach. The 28-gene MLP 

classifier achieved excellent performance (Accuracy=0.962, AUROC=0.99, Brier=0.111) with clear 

feature importance hierarchy led by CXCL8, ELL2, FCGR3A, CYP2E1, and TXNDC5 (Fig. 4F). The 

full DEG-based classifier reached similar but slightly lower performance (Accuracy=0.899, 

AUROC=0.947, Brier=0.124) with more diffuse variable importance patterns (Data file S1). 

Coordinated expression analysis of the top-ranking genes CXCL8 and OSM revealed strong correlation 

in CD samples (R²=0.87, p<0.001) versus moderate correlation in controls (R²=0.55, p<0.001), with 

CD patients displaying broader expression ranges consistent with inflammatory amplification (Fig. 4D). 

These results demonstrate that the consensus panel achieved comparable discriminatory performance 

to the full DEG set using 95% fewer features, while maintaining superior biological coherence and 

interpretability across multiple analytical approaches. 

Cross-Cohort Generalization Validates Consensus Signature Robustness 

To assess preservation of predictive structure across independent cohorts, the 28-gene panel was 

evaluated on the merged PRJNA565216 and PRJNA985602 datasets. PCA revealed partial separation 

between CD and healthy controls, consistent in direction with training data (Fig. S2A). 

Univariate AUROC analysis showed most genes retained their classification trends, with BACE2, HK2, 

WNT5A, and ELL2 remaining top performers (Fig. S2B). Conversely, ADRA1B, C6, and RPA1 

continued to associate with healthy controls. AUROC values were moderately reduced compared to 

training but remained consistently robust for an independent dataset. The full 582-DEG panel showed 

weaker PCA separation and more diffuse AUROC distributions, supporting superior generalizability of 

the consensus approach (Fig. S2C, Data file S2). 

Multivariate classification confirmed these trends. The 28-gene MLP classifier achieved 

AUROC=0.821, accuracy=0.8, and Brier score=0.18 (Fig. 5), demonstrating effective generalization. 

Variable importance analysis identified 14 genes with consistent directional contributions across 
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datasets and model architectures. In contrast, the full DEG-based classifier showed reduced 

performance (AUROC=0.723, accuracy=0.6, Brier score=0.199; Data file S2). 

Independent DEG analysis on the merged test cohort identified 3,687 differentially expressed genes 

(FDR<0.05, |log₂FC|>1; Fig. S3, Data file S2). Intersection with training DEGs revealed a reproducible 

core of 385 genes. Notably, 17 of the 28 consensus genes belonged to this validated core, including 

FCGR3A, CSF3R, HK2, TNFAIP6, WNT5A, CXCL8, ACSL1, HK3, ADRA1B, C6, TXNDC5, SEMA3E, 

BATF2, HCAR2, AQP9, OSM, and BACE2. This enrichment demonstrates that consensus-based 

selection captured both predictive and biologically validated disease signatures, including features 

overlooked by traditional differential expression approaches. 

Unsupervised Validation Confirms Minimal Gene Signature Robustness 

To evaluate consensus gene panel robustness and identify minimal feature sets, 14 genes with 

concordant variable importance across training and testing phases were selected: BACE2, HK2, HCAR2, 

OSM, FCGR1A, IL15RA, HK3, ELL2, BATF2, RPA1, C6, FCER1A, ADRA1B, and CSF3R. 

Unsupervised classification was performed on the third independent dataset (PRJNA702434) using six 

clustering algorithms: GMM, hierarchical clustering, k-means, and k-means applied to PCA, t-SNE, 

and UMAP embeddings. All possible gene combinations were systematically evaluated and ranked by 

average F1-score. 

The top ten gene combinations (C1-C10) demonstrated robust classification performance (Fig. 6). Most 

combinations achieved accuracy, F1-score, and precision above 75%, confirming strong discriminatory 

capacity under unsupervised conditions. Hierarchical clustering showed lower precision (mean=0.55, 

IQR=0.44-0.78), while k-means on t-SNE and UMAP embeddings achieved the most consistent results 

across metrics and combinations. 

The best-performing combination (C1) comprised five genes: CSF3R, OSM, BACE2, HK2, and IL15RA, 

achieving accuracy=77%, F1=72%, precision=70%, and recall=79%. The second-ranked combination 

(C2) expanded to nine genes by adding ELL2, ADRA1B, RPA1, and FCER1A, maintaining comparably 
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high performance. Additional high-ranking combinations alternated inclusion of these four 

supplementary genes alongside the five-gene core. These results independently validate the robustness 

and biological coherence of consensus-selected transcriptional signatures, demonstrating that a compact 

5-9 gene panel is sufficient for accurate CD stratification across both supervised and unsupervised 

analytical frameworks.  
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DISCUSSION 

This study presents TENTACLES, a consensus-based machine learning framework designed to 

prioritize robust and reproducible transcriptional features across heterogeneous RNA-seq datasets. By 

aggregating outputs from multiple ML classifiers and applying rigorous validation across three 

independent CD cohorts, TENTACLES enables extraction of compact, generalizable gene signatures 

that are resilient to dataset-specific biases and modeling assumptions. 

Unlike traditional univariate differential expression analyses that evaluate genes in isolation, 

TENTACLES integrates multiple supervised learning algorithms to identify features carrying predictive 

power across models and datasets. This multivariate consensus strategy effectively captures non-linear, 

weakly expressed, or combinatorially active features that conventional statistical thresholds often 

miss(12). The framework also incorporates mechanisms to handle imbalanced class distributions, a 

frequent challenge in clinical datasets. Notably, none of the 28 consensus-prioritized genes appeared in 

the KEGG IBD pathway annotation(13), and only 17 overlapped with genes consistently differentially 

expressed across cohorts. These findings highlight the complementary value of data-driven 

prioritization frameworks, particularly for diseases with complex, multi-axis pathophysiology such as 

CD. 

A central strength of TENTACLES lies in its ability to consistently extract stable transcriptional signals 

across fully independent cohorts, encompassing diverse experimental conditions and patient 

populations. The 28-gene signature prioritized during training maintained substantial discriminative 

power in external testing datasets, with 14 genes preserving concordant variable importance and 

directionality. This refined subset was subsequently validated in a third independent cohort through 

unsupervised clustering, confirming stratification capability without prior disease knowledge. Among 

the most stable features, a minimal 5-gene panel comprising BACE2, HK2, OSM, IL15RA, and CSF3R 

emerged as sufficient for robust CD classification across analytical frameworks.  

Each gene in the minimal signature has established roles in immune regulation and metabolic 

dysfunction relevant to CD pathogenesis. OSM, a cytokine regulator, drives epithelial barrier disruption 
115



and anti-TNF therapy resistance(14–16). HK2 gene, encoding a key glycolytic enzyme, correlates with 

inflammatory severity in IBD patients(17). IL15RA promotes immune cell survival and proliferation, 

with documented upregulation in IBD(18, 19). BACE2, a membrane protease, represents an emerging 

IBD biomarker(6, 20). Finally, CSF3R, which regulates neutrophil homeostasis, shows altered 

expression patterns suggesting disrupted immune cell trafficking in CD(21, 22). This biological 

coherence, combined with robust statistical validation, strengthens confidence in the clinical relevance 

of these signatures. 

The identified gene panels offer multiple translational applications. The 5-gene minimal signature could 

serve as a diagnostic classifier requiring fewer resources than comprehensive transcriptomic profiling. 

The 14-gene refined panel provides additional granularity for molecular subtyping and therapeutic 

stratification. Both signatures demonstrated consistent performance across supervised and unsupervised 

analytical frameworks, suggesting utility for diverse clinical applications including disease monitoring, 

treatment response prediction, and patient stratification for clinical trials. 

Some limitations merit consideration. The analysis relied on publicly available bulk RNA-seq datasets 

with inherent experimental and clinical heterogeneity. Despite rigorous batch correction and quality 

control measures, residual confounding cannot be entirely excluded. Future studies should validate 

these signatures in prospectively collected cohorts with standardized protocols. Additionally, single-

cell RNA sequencing could provide insights into cell-type-specific expression patterns underlying the 

bulk tissue signatures. Integration with clinical metadata, including disease phenotypes, treatment 

responses, and longitudinal outcomes, would further enhance the clinical utility of these biomarkers. 

Beyond Crohn's disease, TENTACLES represents a broadly applicable approach for robust biomarker 

discovery in complex diseases. The framework's modular design enables adaptation to different data 

types, disease contexts, and clinical objectives. Its emphasis on consensus-based feature selection and 

multi-cohort validation addresses persistent reproducibility challenges in computational biology and 

precision medicine. As transcriptomic datasets continue expanding, such ensemble approaches will 
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become increasingly valuable for extracting reliable, clinically actionable insights from heterogeneous 

biological data. 

This study demonstrates that TENTACLES effectively identifies minimal, reproducible gene signatures 

for Crohn's disease classification through consensus-based machine learning. The resulting biomarker 

panels offer biologically interpretable features with potential applications in diagnosis, molecular 

stratification, and therapeutic monitoring. This framework represents a scalable, generalizable approach 

for robust feature discovery that could advance precision medicine efforts across immune-mediated 

diseases and beyond.  
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MATERIALS AND METHODS 

Acquisition and preprocessing of public RNA-Seq data from CD intestinal samples 

RNA sequencing datasets related to CD were obtained from the Sequence Read Archive (SRA). 

Specifically, intestinal biopsy samples from the following BioProjects were downloaded: 

PRJNA248469(23, 24) (composing Dataset 1), PRJNA565216(25) and  PRJNA985602(26) (composing 

Dataset 2) and PRJNA702434(27) (composing Dataset 3). Inclusion criteria were restricted to datasets 

originating from healthy controls and patients diagnosed with CD. All 535 resulting samples were 

uniformly processed using a standardized custom pipeline to ensure consistency across datasets. Quality 

control was performed with fastp(28) (v1.0.1), followed by alignment to the human reference genome 

GRCh38.p14 (NCBI RefSeq assembly GCF_000001405.40) using STAR(29) (v2.7.10) with default 

parameters. Read strandedness was assessed with RSeQC(30) (v5.0.1), and transcript quantification 

was carried out using Rsubread(31) (v2.22.1). To avoid non-interpretable results and reduce 

computation time, genes not annotated in GO or KEGG databases were filtered out before running the 

classification pipeline. 

Machine Learning Analysis 

A three-phase strategy involving separate training, testing and validation was applied to three different 

dataset combinations independently pre-processed following the same workflow (Fig. 1). Data 

preprocessing was performed through normalization with the edgeR(32) (v4.4.2) package and batch-

effect correction with the sva(33) (v3.54.0) package. The quality of the pre-processed data was 

examined using Principal Component Analysis (PCA) and Principal Variance Component Analysis 

(PVCA; pvca(34) v1.46.0) plots. Genes with less than 1 CPM in 1/10 of the samples were filtered out.  

Training Phase 

The training phase, applied to the study PRJNA248469, comprised sequential steps that included feature 

selection and hyperparameter tuning, model fitting with ten machine learning classifiers, and consensus-

based gene selection. Feature selection began with feature scaling and the removal of near-zero variance 
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features using the recipes(35) (v1.3.1) package, followed by class balancing through downsampling 

with the themis(36) (v.1.0.3) package. This step, performed within each fold of the cross-validation, 

was then refined using three alternative approaches: correlation filtering with a threshold of 0.95, ROC-

based ranking with a ROC threshold of 0.95 implemented in the colino(37) (v0.0.1) package, and the 

Boruta algorithm (Boruta(38) v8.0.0) with a maximum of 100 iterations. 

The classification stage involved Random Forest (ranger(39) v0.17.0), Multi-Layer Perceptron (MLP) 

and Bagged-MLP (nnet(40) v7.3-20), Support Vector Machine with a linear kernel (SVM; kernlab(41) 

v0.9-33), C5-rules (C50(42) v0.2.0), LightGBM (lightgbm(43) v4.6.0), Decision Tree (rpart(44) 

v4.1.24), Multivariate Adaptive Regression Splines (MARS; earth(45) v5.3.4), Extreme Gradient 

Boosting (XGBoost; xgboost(46) v1.7.11.1), and Partial Least Squares (PLS; mixOmics(47) v6.30.0). 

Each classifier was paired with a specific feature selection strategy: correlation-based filtering was 

applied to Random Forest; ROC-based selection was used for MLP, Bagged-MLP, and LightGBM; 

Boruta was applied to SVM, C5-rules, Decision Tree, MARS, and PLS; XGBoost was run without 

additional feature selection.  

Model parameters were optimized independently for each classifier through a grid-search procedure 

with 5-fold cross-validation implemented in the workflowsets(48) (v1.1.1) package. The following 

hyperparameters were tuned: Random Forest (number of variables randomly sampled at each split, 

mtry; minimum node size, min_n), MLP and Bagged-MLP (number of hidden units, weight decay 

penalty, number of training epochs), linear SVM (regularization cost, margin parameter), C5-rules 

(number of boosting iterations, min_n), LightGBM (mtry, number of trees, min_n, maximum tree depth, 

learning rate, minimum loss reduction required for further partitioning), Decision Tree (maximum tree 

depth, min_n), MARS (number of terms, maximum interaction degree), XGBoost (mtry, number of 

trees, min_n, maximum tree depth, learning rate, minimum loss reduction, subsample size, early 

stopping rounds), and PLS (number of components, proportion of predictors used). The optimal 

configuration for each model was selected based on the highest F1-score across folds.  
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Model performance was assessed using Accuracy, F1-score, Precision, and Recall, calculated against 

the true class labels. Variable importance was estimated with the vip(49) (v0.4.1) package, and the 

consensus-based selection retained only genes identified as important by at least six classifiers. 

Testing Phase 

The testing phase was performed on a merged dataset derived from two independent studies, 

PRJNA565216 and PRJNA985602, with batch effects accounted for by including the study identifier as 

a batch variable during preprocessing. This step was conducted using the consensus gene set and 

comprised PCA with loading analysis, evaluation of AUROC and fold-change with the pROC(50) 

(v1.18.5) package, and the implementation of a Multi-Layer Perceptron (MLP) classifier. For the MLP 

analysis, the dataset was divided into a training set containing 70% of the samples and a testing set 

containing the remaining 30%. The training set was used for hyperparameter tuning of the number of 

hidden units, number of epochs, and penalty values, employing a 3-fold cross-validation and a grid 

search of ten parameter combinations with the tune(51) (v1.3.0) package. The optimal configuration 

was selected based on the highest ROC value. The remaining 30% testing set was then used to evaluate 

model performance in terms of AUROC, Accuracy, and Brier score, and to compute variable 

importance scores.  

Validation Phase 

The validation phase was designed to identify the optimal gene combinations among all possible subsets 

of consensus genes that maximized class separability in the validation dataset, PRJNA702434. To this 

aim, six unsupervised clustering algorithms were applied, each with the number of clusters set to two. 

Gaussian Mixture Models (GMM; mclust(52) v6.1.1) and Hierarchical Clustering (HiCl) were 

performed on normalized gene counts, while K-Means clustering was additionally applied to data 

projected onto dimensionality reduction embeddings, including PCA, Uniform Manifold 

Approximation and Projection (UMAP; umap(53) v0.2.10.0), and t-distributed Stochastic Neighbor 

Embedding (t-SNE; Rtsne(54, 55) v0.17). Clustering performance was evaluated by comparing the 

resulting partitions with the true class labels in terms of Accuracy, Precision, Recall and F1-score.  
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Differential Gene Expression Analysis 

As a complementary approach, differential gene expression analysis was performed independently on 

both the training dataset (PRJNA248469) and the merged external test dataset (PRJNA565216 and 

PRJNA985602). For both datasets, samples with low total read counts (<500,000) were excluded to 

ensure sufficient coverage, and only genes with 1 CPM in more than 1/10 of the samples were retained 

to reduce noise from lowly expressed transcripts. 

Differential expression analysis was performed using the DESeq2(56) R package (version 1.46.0). 

DESeq2 was used to normalize the count data and to compute gene-wise statistics using a negative 

binomial generalized linear model. Normalized counts were obtained using the variance-stabilizing 

transformation (VST) for downstream visualization and comparative analysis. For the training dataset, 

a DESeq2 object was created using the class variable (CD vs HC) as the design formula. In contrast, 

the merged test dataset included samples from multiple studies, and the design formula was adjusted to 

include the study id as batch correction. The resulting differential expression results were filtered for 

multiple testing using the Benjamini–Hochberg method, and significantly differentially expressed genes 

were defined based on an adjusted p-value < 0.05. 

List of Supplementary Materials: 

- Fig. S1 to Fig.S3 

- Table S1 

- Data File S1 to S2 

- Supplementary File 1  
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Figures 

 

Fig. 1. TENTACLES workflow for gene-signature selection and validation in Crohn’s disease. The pipeline has three 

stages: (1) Training & consensus gene selection on Dataset 1 (PRJNA248469; HC = 42, CD = 218) with uniform read-level 

QC and preprocessing, training of multiple ML classifiers, variable-importance analysis, and derivation of a consensus gene 

signature; (2) Testing on Dataset 2 derived by merging two independent cohorts —PRJNA565216 and PRJNA985602 (total 

HC = 45, total CD = 134)— for gene-signature evaluation, including univariate and multivariate analyses to refine the 

signature; (3) External validation on Dataset 3 (PRJNA702434; HC = 42, CD = 34) using the same QC/preprocessing pipeline 

and final performance assessment through different methods of unsupervised clustering. PRJNA identifiers denote NCBI SRA 

BioProjects. HC, healthy controls; CD, Crohn’s disease. 
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Fig. 2. Performance benchmarking of ten machine learning classifiers on the training dataset. (A) Barplots reporting 

cross-validated tuning and full-model fitting performance for ten supervised classifiers —Random Forest, Multi-Layer 

Perceptron (MLP), bagMLP (Bagged-MLP), linear Support Vector Machine (SVM-linear), C5-rules, LightGBM, Decision 

Tree, Multivariate Adaptive Regression Splines (MARS), XGBoost, and Partial Least Squares (PLS)– evaluated on the training 

dataset (CD = 218, HC = 42). Metrics include Accuracy, F1-score, Precision, and Recall. All models were trained with 

optimized hyperparameters and the feature selection strategy specified in Table S1. Light bars (“Tuning”) summarize cross-

validated performance during hyperparameter search; dark bars (“Fitting”) show performance after refitting the selected 

configuration on the full training set. (B) Error sample-level concordance across models. Each column represents a sample and 

each row a classifier. Red and grey dots indicate misclassified and correctly classified samples, respectively. Most errors 

originated from the XGBoost model, while the majority of samples were robustly predicted by all other classifiers. 
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Fig. 3. Consensus-based gene selection UpSet plot of important variables of the ten classifiers. UpSet plot summarizing 

overlap among genes prioritized by each of the ten classifiers –Random Forest, Multi-Layer Perceptron (MLP), bagMLP 

(Bagged-MLP), linear Support Vector Machine (SVM-linear), C5-rules, LightGBM, Decision Tree, Multivariate Adaptive 

Regression Splines (MARS), XGBoost, and Partial Least Squares (PLS)– based on variable-importance analyses; Bars indicate 

the size of intersecting gene sets; rows correspond to individual models, with black cells denoting model inclusion in the 

intersection. 
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Fig. 4. DEG Analysis and univariate and multivariate analysis of the 28-consensus gene panel on the training dataset. 

(A) Volcano plot displaying differentially expressed genes (DEGs) between CD patients and healthy controls. Red points 

highlight genes from the consensus 28-gene panel. (B) Principal Component Analysis (PCA) of the training cohort using only 

the 28 consensus genes, showing separation between Healthy and IBD along the first components (points colored by class; 

axes report variance explained). (C) PCA loading plot for the 28 genes; arrow length reflects loading magnitude, and color 

encodes how many classifiers selected each gene in the training stage (higher values indicate recurrent selection across 

models). (D) Pairwise scatterplot of CXCL8 versus OSM expression (log-normalized counts); points are colored by class. (E) 

Per-gene discriminative performance reported as AUROC, with point color indicating log2 fold change (CD vs Healthy). (F) 

Performance of an MLP trained on the 28-gene panel (Accuracy 0.962, AUROC 0.99, Brier score 0.111) and variable-

importance ranking for the same model (higher bars indicate stronger contribution to the classifier’s decision). 
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Fig. 5. External testing of the 28-gene consensus panel on an independent dataset. Performance and variable importance 

of the multilayer perceptron (MLP) classifier trained on the 28 genes and tested on the external dataset. Reported metrics 

include accuracy, AUROC, and Brier Score. The plot on the right displays the scaled variable importance values for all 28 

genes, with color indicating the direction and magnitude of contribution. Genes highlighted in red represent the 14-gene 

signature showing concordant importance direction across both training and testing phases. 

 

 

Fig. 6. Performance metrics of the top 10 gene combinations derived from the 14-gene refined signature across six 

unsupervised clustering methods on an independent validation dataset. Each heatmap panel reports a different evaluation 

metric: Accuracy, F1-score, Precision, and Recall. Rows correspond to the top 10 gene combinations (C1–C10), selected based 

on the highest average F1-score across all clustering methods. Columns represent the clustering algorithms applied: Gaussian 
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Mixture Model (GMM), Hierarchical Clustering (HC), k-means, and k-means on the low-dimensional embeddings from PCA, 

t-SNE, and UMAP. The color scale reflects the magnitude of each metric, with darker shades indicating better performance. 

All combinations included between 4 and 9 genes from the 14-gene pool that showed consistent directional importance across 

training and testing phases. 

 

Tables 

Table 1. Datasets used across the model-development workflow. The training cohort (Dataset 1; PRJNA248469) was used 

for model fitting and consensus gene selection. Two independent studies in the testing phase (Dataset 2; PRJNA565216 and 

PRJNA985602) were used for held-out evaluation, and an external validation cohort (Dataset 3; PRJNA702434) was used for 

final assessment. For each dataset, the table reports the count and proportion of healthy controls (HC) and Crohn’s disease 

(CD) samples.  

Stage 
Composing 

Dataset 
Study ID 

Health Control  

(% of total) 

Crohn's Disease 

(% of total) 

Training phase and 

Consensus gene 

selection 

Dataset 1 PRJNA248469 42/260 (16%) 218/260 (84%) 

Testing phase 

Dataset 2 PRJNA565216 37/149 (25%) 112/149 (75%) 

Dataset 2 PRJNA985602 8/30 (27%) 22/30 (73%) 

Validation phase Dataset 3 PRJNA702434 42/76 (55%) 34/76 (45%) 
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rVSVΔG-ZEBOV-GP in-vitro triggers

immunomodulatory response in human cells associated

with adverse events
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Abstract (max 250 words) 

The recombinant vesicular stomatitis virus–vectored Zaire Ebola virus glycoprotein (rVSVΔG-ZEBOV-GP) 

vaccine, while effective and well-tolerated, exhibits notable reactogenicity, manifesting in expected adverse 

events (AEs) such as fever, headache, and pain, along with unexpected AEs like skin lesions, cutaneous 

vasculitis, and transient arthritis. The presence or absence of AEs following rVSVΔG-ZEBOV-GP vaccination is 

associated with a specific innate plasma signature. This study aims to elucidate in-vitro the tropism of the 

vaccine for different cell types involved in the unexpected AEs previously reported. Upon in-vitro infection with 

rVSVΔG-ZEBOV-GP, various cell types such as synoviocytes, fibroblast, keratinocytes and endothelial cells 

(except chondrocytes) demonstrate productive infection, which in dermal fibroblast triggered the release of many 

innate plasma signature markers, including keratinocytes’ proinflammatory and proapoptotic cytokines such as 

OSM and TRAIL. Infected monocytes from buffy coats, activated by infection, produce most innate plasma 

signature markers. In co-culture, rVSVΔG-ZEBOV-GP-infected monocytes are the source to synoviocytes 

infection, resulting in a distinct kinetics delay in innate biomarkers (transcription and secretion) and upregulation 

of specific genes such as NEDD8 and SIGLEC-1 associated with inflammatory arthritis. Altogether, we provide 

insights into the mechanisms of rVSVΔG-ZEBOV-GP observed reactogenicity by showing tropism of the 

vaccine for off target cells from AE affected compartments (skin, joints, vessels) that leads to a delayed response 

when synoviocytes interact with infected monocytes.   
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Importance (max 150 words)

Our study expanded on previous knowledge about cellular tropism of rVSVΔG-ZEBOV-GP vaccine towards 

peripheral blood mononuclear cells (PBMCs), and cell lines from compartments affected by the unexpected 

adverse events (skin, vessels, and joints), and their possible contribution to the innate plasma signature. Using in-

vitro infection and co-culture techniques, we show that rVSVΔG-ZEBOV-GP infected monocytes can transmit 

the virus to  synoviocytes. Additionally, we demonstrated in-vitro how rVSVΔG-ZEBOV-GP affects human 

monocytes and synoviocytes at both the protein and transcriptomic levels.  

Our findings provide insights into the in-vitro off-target infection dynamics and innate immune response 

triggered by rVSVΔG-ZEBOV-GP vaccine. While these results enhance our understanding of rVSV-based 

vectors, their in-vivo relevance requires further study. These findings support the evaluation of off target effects 

in rVSV-based vaccine candidates, relevant for those currently in development for hemorrhagic fever viruses, 

including filoviruses (Marburg virus MARV and Sudan ebolavirus SUDV) and Lassa virus (LASV). 
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Introduction 

Ebola virus (EBOV) is the cause of a severe viral haemorrhagic disease of zoonotic origin. Human-to-human 

transmission of the virus occurs through direct contact with blood, secretions and other bodily fluids of infected 

individuals [1]. Ebola virus disease (EVD) is endemic to Central and Western Africa [1, 2]. Since its discovery 

in 1976, EBOV has caused geographically limited outbreaks with several to a few hundred cases; however, two 

large outbreaks have occurred in West Africa (2014 - 2016) and the Democratic Republic of Congo (2018 - 

2020), driving both interest in the disease as well as development of vaccines and therapeutics [1]. 

The rVSVΔG-ZEBOV-GP vaccine is a replication-competent, live-attenuated, recombinant vesicular stomatitis 

virus vaccine [3, 4], which has been genetically engineered to express the gene of the glycoprotein from the 

Zaire ebolavirus, which replaces the gene of the native VSV glycoprotein [5, 6]. Initial ring vaccination efficacy 

trials indicated the rVSVΔG-ZEBOV-GP vaccine has high efficacy (100% in a controlled environment) [7, 8]. 

Recent real-world data confirms that a single dose of rVSV-ZEBOV is highly protective against Ebola virus 

disease 10 days or more after vaccination (84% [95% credible interval 70–92]) and therefore remains an 

important tool for outbreak response to EBOV [9]. 

The rVSVΔG-ZEBOV-GP vaccine has been shown to be safe and immunogenic, but reactogenic [5, 7, 10, 11]. 

Unexpected adverse events (AEs), including transient arthritis, vesicular lesions as well as cutaneous vasculitis 

occurred during the first two-three weeks after vaccination in a proportion of vaccinees [5, 11]. In the Geneva 

phase I clinical trial, transient arthritis was observed in 24% of vaccinees with a median of 11 days after 

vaccination, with joints affected asymmetrically by swelling, tenosynovitis and bursitis [11]. These results were 

replicated in other studies, in which the onset of arthritis occurred at the same median time and duration but at a 

lower rate (5%) [12]. In addition, in some of these cases, rVSVΔG-ZEBOV-GP RNA was detected by qRT-PCR 

in synovial fluid, vesicles and in skin lesions a few weeks after vaccination, suggesting rather a direct effect on 

these compartments instead of a solely immune-mediated aetiology [5, 11, 12]. rVSVΔG-ZEBOV-GP viremia 

was common but transient and dose-dependent, and viremia did not correlate with the transient arthritis observed 

[5]. These findings suggested that in some patients the innate immune response was not able to control virus 

replication in immune-privileged sites. Reinforcing the role of the innate response, we have recently reported a 

monocyte innate plasma vaccine signature that correlates with viremia, AEs and haematological changes [13, 

14]. 

To better understand the cell and tissue tropism of this vaccine, it is crucial to evaluate target cells and body 

compartments affected by expected and unexpected AEs. Given the successful implementation of the rVSVΔG-

ZEBOV-GP vaccine, it is expected that other rVSV-derived vaccines for emerging viruses would be 143



implemented in the future, therefore investigating the pathophysiological mechanism behind these unexpected 

adverse events is relevant. 

In this study, we have investigated the in-vitro cellular tropism (off target infection and replication) and the 

production of innate immune biomarkers after rVSVΔG-ZEBOV-GP infection in a panel of human primary cells 

from tissues previously associated with unexpected adverse events as well as peripheral blood mononuclear cells 

(PBMCs). We also set up co-culture assays of monocytes and synoviocytes to assess whether monocytes could 

be the source of synoviocytes infection and to study in-vitro the kinetics of the response at the protein and 

transcriptomic level.  
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Material & methods 

Healthy PBMCs and CD14+ monocytes isolation 

We isolated healthy PBMCs and CD14+ monocytes from buffy coats. PBMCs were isolated by density-gradient 

centrifugation from ethylenediaminetetraacetic acid (EDTA) buffy coats by Ficoll-Paque PLUS (GE 

Healthcare), washed extensively in phosphate-buffered saline (PBS) treated with red-blood cell lysis buffer. 

Cells were counted and frozen in 90% heat-inactivated fetal bovine serum (FBS) and 10% dimethyl sulfoxide 

(DMSO) (Sigma-Aldrich). CD14+ monocytes were recovered from freshly isolated PBMCs by using EasySep 

Human Monocyte isolation kit (Stemcell Technologies).  

Cell culture of immortalized and primary cells 

We used immortalized cell lines and primary cells (Table S1).  The immortalized cell lines: Monkey kidney cells 

(Vero E6) and human synovial sarcoma cells (SW982) were cultured in Dulbecco’s modified eagle medium 

(DMEM) and GlutaMAX (Gibco, Thermo Fisher Scientific) supplemented with 50 mL FBS, 5 mL non-essential 

amino acids and 5 mL penicillin-streptomycin. The primary cells: human knee articular chondrocytes (NHAC-

Kn, Lonza) were cultured in chondrocyte basal medium (Lonza) supplemented with 25 mL FBS, 0.5 mL GA-

1000, 2.5 mL bFGF, 1 mL R3-IGF, 0.5 mL transferrin and 1 mL insulin. Human synoviocytes (HS, ScienCell) 

were cultured in synoviocyte medium (SM, ScienCell) supplemented with 10 mL FBS, 5 mL synoviocyte 

growth supplement (SGS) and 5 mL penicillin-streptomycin. Human dermal fibroblasts (NHDF-Ad, Lonza) 

were cultured in fibroblast growth basal medium (FBM, Lonza) supplemented with 10 mL FBS, 0.5 mL rhFGF-

B, 0.5 mL GA-1000 and 0.5 mL insulin. Human epidermal keratinocytes (NHEK-Ad, LZ-192627, Lonza) were 

cultured in keratinocyte cell basal medium (KBM-Gold, Lonza) supplemented with 0.5 mL hydrocortisone, 0.5 

mL transferrin, 0.25 mL epinephrine, 0.5 mL GA-1000, 2 mL BPE 0.5 mL hEGF and 0.5 mL insulin. Human 

dermal microvascular endothelial (HDMEC, ScienCell) were cultured in endothelial cell medium (ECM, 

ScienCell) supplemented with 25 mL FBS, 5 mL ECGS and 5 mL penicillin-streptomycin. Human dermal 

lymphatic endothelial (HDLEC, Cell Biologics) were cultured in human endothelial cell medium (ECM, Cell 

Biologics) supplemented with 25 mL FBS, 0.5 mL VEGF, 0.5 mL heparin, 0.5 mL EGF and FGF, 0.5 mL 

hydrocortisone, 5 mL L-Glutamine, 5 mL penicillin-streptomycin. Human umbilical vein endothelium (HUVEC, 

Lonza) were cultured in endothelial cell growth medium (EGM, Lonza) supplemented with 10 mL FBS, 0.5 mL 

GA-1000, 2 mL hFGF-B, 0.2 mL hydrocortisone, 0.5 mL R3-IGF-1, 0.5 mL VEGF, 0.5 mL asorbic acid, 0.5 mL 

hEGF and 0.5 mL heparin. Cells were passaged when confluent and grown at 37°C with 5% CO2. 

rVSVΔG-ZEBOV-GP vaccine stock 
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The rVSVΔG-ZEBOV-GP vaccine was used to infect fresh confluent VeroE6 cells for 24h. The next day, the 

supernatant was collected and concentrated by centrifugation in a Vivaspin columns (Sigma-Aldrich) for 30 min 

at 3000 x g. Aliquots were stored at -80°C and the stock was titrated by plaque assay.  

Viral titration by plaque assay 

The plaque assay was performed in duplicate infecting Vero E6 cells with serial dilutions (from 10-1 to 10-6) of 

the viral stock. Cells were washed twice and covered with a 1:1 mixture of 2xDMEM medium (Gibco) and 2.4% 

Avicell (Dupont) to prevent the virus infection from spreading indiscriminately. Infected cells were fixed 24 h 

post-infection with 4% paraformaldehyde (PAF) for 30 min at room temperature (RT), and stained with crystal 

violet (Sigma-Aldrich) for 30 min at RT. Viral plaques were counted manually. The plaques count together with 

the dilution factor were used to calculate the number of plaque forming units per sample unit volume (PFU/mL).  

rVSVΔG-ZEBOV-GP infection of cell lines and PBMCs 

We infected primary human cells and cell lines derived from the respective compartments (Table S1). Primary 

and immortalized cells were plated in a 24 well-plate at a density of 3x105 cells per well, while thawed PBMCs 

were plated in round bottom 96-well untreated polystyrene Corning™ plates at a density of 2 million per well. 

Cell lines were infected next day, while PBMCs were infected after thawing. Infection with rVSVΔG-ZEBOV-

GP was done in serum-free medium at different multiplicity of infection (MOI): for primary cells MOI 0.1 and 

for PBMCs MOI 1, as well as mock control in serum-free medium. Incubated for 1h at 37°C, then extensively 

washed and fresh growth medium was added, supernatant was collected to quantify viral RNA by RT-qPCR at 

multiple time points post infection. 

RNA extraction and real-time quantitative polymerase chain reaction (RT-qPCR) 

RNA was extracted from infected cells using the NucliSens easyMAG (BioMérieux), according to 

manufacturer’s instruction. The viral load was determined from RNA by RT-qPCR using SuperScript™ III 

Platinum™ One-Step qRT-PCR Kit (Invitrogen) in CFX96 Thermal Cycler (Bio-Rad Laboratories). The RT-

qPCR was performed using specific set of primers (Forward, 5’-CGGAGGATTGACGACTAATGC-3’, 

Microsynth / Reverse, 5’-CGAGCCATTCGACCACATC-3’, Microsynth) and probe (5’-CGCCACAAGGCAG-

3’, Microsynth). 

Western blot of Ebola receptors expression 

We looked at two different receptors: T-cell immunoglobulin and mucin domain 1 (TIM-1) presents on the cell 

surface serves as a receptor/cofactor for entry of Ebola virus in-vivo, enhancing viremia and pathogens [15, 16], 

and Niemann-Pick C1 (NPC1) is an intracellular lysosomal cholesterol transporter required for Ebola RNA 

release through endosomal membrane [17-19]. 146



Cells were lysed with lysis buffer (NP-40) containing a protease inhibitor (Roche). Samples were sonicated and 

centrifuged 10min at 20’000 x g at 4°C and incubated 5 min at 95°C. Protein lysates (10 μl for immortalized 

cells and 20 μl for primary cells) were loaded in a 10% polyacrylamide gel and run at 150 V for 2h. Transfer was 

done on a PVDF membrane at 150 mA for 1h and blocked with milk 5% in washing buffer for 30min. The 

membrane was incubated with anti-NPC1 antibody (rabbit, Abcam) or anti-TIM-1 antibody (mouse, MAB1750-

100, Bio-Techne AG) overnight at 4°C (dilutions 1:2000, 1μg/mL respectively). After washing the membranes 

were incubated with the secondary antibodies’ goat anti-rabbit IgG HRP-conjugate (Bio-Rad Laboratories) or 

goat anti-mouse IgG HRP- conjugate (Bio-Rad Laboratories) (dilution 1:5000) for 1h at RT. After washing, the 

membrane was developed with ECL system (Advansta) and pictures were taken. Membranes were re-incubated 

with an HRP anti-beta Actin antibody (Abcam) for 1h at RT. After washing, the membrane was developed with 

ECL system and pictures were taken. The actin expression was used to normalize the protein expression levels 

using ImageJ program. 

rVSVΔG-ZEBOV-GP infection in co-culture 

Before the co-culture, human synoviocytes (HS) primary cells were plated in a 24 well-plate at a density of 

3x105 cells incubated at for at least 24h at 37°C with 5% CO2. Freshly isolated, CD14+ purified monocytes from 

healthy donors were plated in a separate 96-well round bottom plate at a density of 3x105/well, infected with 

rVSVΔG-ZEBOV-GP at different multiplicity of infection (MOI 0, 1, 5, 10) and incubated for 1h at 37°C with 

5% CO2. For the co-culture, infected monocytes were extensively washed and plated together with the HS cells 

in fresh growth medium. Supernatant was collected to quantify viral RNA by qRT-PCR at multiple time points 

post infection. 

Luminex assay 

Cryopreserved supernatants recovered after rVSVΔG-ZEBOV-GP in-vitro infection were analysed by Luminex 

(Magnetic Luminex assay, R&D Systems) to detect the concentration of 17 markers in culture supernatants. 

Assays were performed according to the supplier’s instructions. Briefly, beads conjugated with the biomarker-

specific capture antibodies were incubated at room temperature for 2h with samples, controls or standards. 

Biotinylated detection antibodies and R-phycoerythrin–conjugated streptavidin were subsequently added. The 

mean fluorescence intensity of each marker was read on the Bio-Plex 200 array reader (Bio-Rad Laboratories) 

using the Luminex xMAP Technology (Luminex Corporation). Five-parameter logistic regression curve (Bio-

Plex Manager 6.0) was used to calculate sample concentrations. Assessed cytokines and chemokines were IL-

1Ra, MCP1, IL-6, IL-10, MIP1b, TNF-alpha, MCP2, MCP3, MCP4, CXCL10, CXCL11, CX3CL1, OSM, 

MCSF, TRAIL, RANKL and IL15 [14]. 147



Flow cytometry 

After in-vitro infection with rVSVΔG-ZEBOV-GP of PBMCs, fluorescence-activated cell sorting (FACS) was 

done to phenotype PBMCs populations that were or not infected and to detect activation markers in gated 

monocyte populations. In the co-culture, FACS was used to detected infected synoviocytes. To assess the 

infection, cells were fixed and permeabilized (Thermofisher) and intracellular staining was done with anti-VSV 

nuclear protein (NP). 

After in-vitro infection with rVSVΔG-ZEBOV-GP of healthy PBMCs. We did phenotyping of PBMCs 

populations. Cells were stained in PBS with LIVE/DEAD™ fixable aqua dead cell stain kit (Thermofisher) and 

FcR binding inhibitor (Miltenyi). Surface staining of the cells with a cocktail of anti-human antibodies allowed 

the identification of the different populations. Monocytes (CD14+, CD16+/-, HLADR+, CD11C+, CD3-, CD20-

, CD56-), T cells (CD3+, CD20-, CD14-, CD56-), NKT cells (CD3+, CD20-, CD14-, CD56+), B cells (CD3-, 

CD20+, CD14-), NK cells (CD14-, CD3-, CD20-, CD56+), pDCs (CD123+, CD11C-, CD3-, CD20-, CD56-) 

and mDCs (CD14-, CD16-, HLADR+, CD11C+, CD3-, CD20-, CD56-). In the same stain, the detection of 

activation markers was done on gated total monocytes populations (infected and non-infected) that were then 

gated for positive activation markers (CD86, CD169, CD163), gating was defined by using negative controls 

(non-infected PBMCs) and isotype controls. 

For detection of synoviocytes in the Co-culture: Cells were stained in PBS with LIVE/DEAD™ fixable aqua 

dead cell stain kit (Thermofisher) and FcR binding inhibitor (Miltenyi). Surface staining of the cells with a 

cocktail of anti-human antibodies allowed the identification of synoviocytes as CD14-, HLA-DR-, CD90+, 

CD55+.  

Transcriptomic analysis of the co-culture 

Quantification of gene expression in cell cultures was performed by RNA sequencing. The time point evaluated 

was 4h after infection. Cells were then harvested by centrifugation at 1500rpm for 5 minutes and resuspended in 

lysis buffer RLT buffer with β-mercaptoethanol (Qiagen) for RNA extraction. Total RNA was extracted from 

human monocytes, synoviocytes or co-culture using the Qiagen RNeasy Mini Kit, following the manufacturer's 

protocol. Cells were lysed, homogenized, and RNA was purified using spin columns. Total RNA was quantified 

with Qubit (Thermofisher) and about 50ng of total RNA were processed using Illumina Stranded mRNA Prep 

Ligation kit (Illumina) to prepare cDNA dual-indexed libraries according to manufacturer's recommendations. 

Dual-indexed libraries were purified using Agencourt AMPure XP Magnetic Beads (Beckman Coulter) and 

quantified with NEBnext Library Quant Kit for Illumina (New England Biolabs) on a QuantStudio 5 Dx Real-

time PCR System (Thermofisher) and their size was estimated on a BioAnalyzer DNA 1000 chip (Agilent 148



Technologies, Germany). Libraries were diluted to 0.5 nM concentration and pooled in final volume of 100 µL 

for sequencing on a SP flow cell (Illumina) which was loaded according to manufacturer’s protocol. Sequencing 

reactions were performed for 200 cycles on the Novaseq 6000 platform (Illumina) to obtain 100 bases paired-end 

reads. Base called data were quality controlled with FASTQC, trimmed using TRIMMOMATIC, and then 

aligned to the human reference genome (GRCh38.p7) using STAR (v2.4.2a) or to the rVSVΔG-ZEBOV-GP 

genome using BWA (v0.7.17). HTSEQ-COUNT tool was used to count the number of aligned reads for each 

gene.  

Data analysis 

Graphs and statistics were generated using GraphPad Prism version 9.2.0. All data was log10 transformed and 

then two-way ANOVA analysis was performed, to correct for multiple comparisons we used the Sidak’s test 

implemented in GraphPad Prism. P values ≤ 0.05 are considered significant. We used the following designation 

of p values in graphs: ns, not significant; **** p≤0.0001; *** p≤ 0.001; ** p≤ 0.01; * p≤ 0.05.  

Differential gene expression analysis was performed with the R package DESeq2 [20] (v1.40.2). Since most 

genes did not show a normal distribution, differences in gene expression were assessed with the Wilcoxon test, 

corrected for multiple testing with the Benjamini-Hochberg method, on vst (variance stabilizing transformation) 

normalized data from DeSeq2. Enrichment analysis was performed with the clusterProfiler R package with 

the enrichKEGG and enrichGO functions. The background genes were those mapping to our dataset. Statistical 

significance was assessed with the hypergeometric test, P-values were adjusted using the Benjamini-Hochberg 

method to control the false discovery rate, and significance was set at an adjusted p-value <0.01.  

Data availability 

The RNA-seq data generated in this study have been deposited in the NCBI Gene Expression Omnibus (GEO) 

under the accession number GSE296388. The data will be publicly available upon publication. All raw and 

processed files, including sample metadata and normalized expression matrices, are included in the submission. 
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Results 

In PBMCs rVSVΔG-ZEBOV-GP infects mainly monocytes and induces their activation 

In-vitro infection of PBMCs with rVSVΔG-ZEBOV-GP (detected as anti-VSV-NP positive cells by flow 

cytometry) was used to assess the in-vitro tropism of the vaccine to the different immune cell populations 

present in PBMCs (Figure S1A, B). We tested two different time points for the in-vitro infection of PBMCs and 

found that at 18h there was no increase in percentage of total infected cells compared with 6h [mean 0.69% 

(95% CI 0.49 to 0.89) and 1.39% (95% CI 0.27 to 2.51), p=0.42] (Figure 1A, left). We also showed that most of 

the infected cells are monocytes (overall mean 67% at 6h and 75% at 18h; p=0.073) followed by myeloid 

dendritic cells (mDCs) (overall mean 7% at 6h and 10% at 18h; p>0.999) (Figure 1A left, Figure S1D). Our data 

show no infection in other PBMC subsets (data not shown), meaning the infection was largely restricted to 

monocytes and DCs. Additionally, we observed stable infection kinetics in PBMC cultures, where infected cells 

were detected by 6h, and their levels remained unchanged at 18h and 24h (Figure S1E), suggesting that most 

susceptible cells were infected early, with no further increase over time. When analysing the total monocytes and 

DCs populations, we saw that the percentage of infected cells was higher than in total PBMC: infected 

monocytes were on average 6.7% at 6h and 6.8% at 18h; (p=0.999) and infected DCs were on average 4.6% at 

6h and 4.5% at 18h (p=0.999) (Figure 1A right, Figure S1B and S1C). There was no significant difference in the 

percentage of monocytes and DCs infected cells between 6h and 18h, suggesting that the infection in those 

populations was well established before our first time point of 6h. 

Because monocytes and mDCs are the main subsets infected, we then analysed the expression of activation 

markers in these subsets 18h after in-vitro infection and used the non-infected mock condition to evaluate 

whether the expression was induced by the infection. All monocytes population (Classical monocytes (CM), 

Intermediate monocytes (IM) and Non-classical Monocytes (NCM)) showed significant increase on the median 

fluorescence intensity (MFI) for CD169 after infection compared to non-infection. Only CM and IM showed a 

significant increase on the MFI for CD86 after infection compared to non-infection, while CD163 MFI was not 

statistically significant in any monocyte subset (Figure 1B). We also compared infected monocytes to non-

infected monocytes within the same culture and found no significant difference in activation marker expression 

between the monocyte’s subset (data not shown). 

These results confirmed that, in PBMCs, rVSVΔG-ZEBOV-GP has a tropism for monocytes and mDCs and that 

activation of the different monocyte populations is not strictly dependent on direct infection but rather a result of 

exposure to the virus or the infected environment. 
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CD14+ monocytes produce plasma innate signature markers after in-vitro rVSVΔG-ZEBOV-GP infection 

We evaluate whether isolated CD14+ monocytes were producers of innate plasma signature biomarkers (i.e. 17 

cytokines and chemokines) reported recently [14].  After rVSVΔG-ZEBOV-GP in-vitro infection of CD14+ 

monocytes all plasma signature markers were detected in culture supernatant as soon as 6h post infection 

reaching a peak at 24h and are still detectable at 48h. The background level in non-infected CD14+ monocytes 

was high, and the levels were very heterogeneous, therefore some markers were significantly higher only at 24h 

compared to the background: MCP-1, MCP-4, MCSF, CXCL10, CXCL11, CX3CL1, IL-10, OSM and TRAIL 

(Figure 2). This result demonstrated that isolated CD14+ monocytes infected with rVSVΔG-ZEBOV-GP 

produce most biomarkers previously identified in the innate plasma signature. 

 

Cellular tropism of rVSVΔG-ZEBOV-GP vaccine virus in primary human cells and human cell lines  

We next assessed the in-vitro cellular tropism of rVSVΔG-ZEBOV-GP in human primary cells from tissues 

previously associated with unexpected AEs such as synoviocytes, fibroblast, keratinocytes and endothelial cells 

and chondrocytes. 

In joint cells, in-vitro viral replication increased rapidly over time, with an increase of almost 4 log10 RNA 

copies/mL 48h after infection in human synovial sarcoma (cell line) and synoviocytes (primary cells) (Figure 

3A, left). In skin tissue primary cells, we observed in-vitro viral replication in both human dermal fibroblasts and 

human epidermal keratinocytes that was higher for fibroblasts (Figure 3B, left). All human endothelial primary 

cells tested (dermal microvascular, umbilical vein and dermal lymphatic endothelial cells) had an increase of 4 

log10 RNA copies/mL after in-vitro infection (Figure 3C, left). The plaque assay confirmed that infectious 

particles were formed after in-vitro infection in all these primary cells, except human knee articular 

chondrocytes, in which no viral replication nor infectious viral particles production was observed (Figure 3A, 

3B, 3C middle). 

In the supernatant, we observed secretion of innate plasma signature markers after rVSVΔG-ZEBOV-GP in-

vitro infection that increase over time mainly in lymphatic endothelial cells (MCP3, MCP4, MCP1, IL-6, 

CXCL10, OSM, TRAIL and TNF-alpha) (Figure 3C right), followed by skin fibroblast (CXCL10, CXCL11, 

CX3CL1, MCP2, IL10, IL15, TNF-alpha, RANKL and OSM) (Figure 3B right), while synoviocytes only 

secreted CXCL10 and MCP3 in a lower amount (Figure 3A right and Figure S2). Microvascular and vein 

endothelial cells produced mainly CXCL10 48h after in-vitro infection (Figure S3A). We also found that 

chondrocytes did not produce these markers over time, all arguing against viral replication in these cells (Figure 

3A right and Figure S3A).  151



Next, we determined whether the permissiveness of these primary cells is linked to the presence of Ebola virus 

receptors T-cell immunoglobulin and mucin domain 1 (TIM-1) and Niemann-Pick C1 (NPC1). NPC1 protein 

was present in all primary cell lines tested, while TIM-1 detection was low or absent in some. However, in the 

non-infectable chondrocytes, both NPC1 and TIM-1 were clearly detected, suggesting that the presence of these 

receptors alone may not be sufficient to confer susceptibility to infection (Figure S3B). 

We showed that several cell types of the tissue previously associated with AEs such as  synoviocytes, fibroblast, 

keratinocytes and endothelial cells were productively infected in-vitro by rVSVΔG-ZEBOV-GP, and the in-vitro 

infection induced the secretion of several innate plasma signature biomarkers especially in dermal fibroblast and 

dermal lymphatic endothelial cells. 

 

Infected monocytes transmit infection into synoviocytes and their interaction delays innate response  

Then, we evaluated whether infected monocytes (the main blood population permissive to rVSVΔG-ZEBOV-GP 

infection) could infect synoviocytes (Figure S4A). In the co-culture, the kinetics of viral replication differed 

from that observed in monocytes and synoviocytes. Specifically, replication was slower compared to 

synoviocyte infection alone, but faster compared to monocyte infection alone. Viral RNA was first detected 6 

hours post-infection and peaked at 48 hours (Mean 3.56x106 copies/mL of supernatant). This replication pattern 

was not influenced by the viral dose, as similar results were observed at MOI 1 (Figure 4A), MOI 5, and MOI 10 

(Figure S4B). To identify the percentage of infected synoviocytes in the co-culture, synoviocytes were defined 

by FACS at the morphological gate as live cells, CD14-, HLA-DR-, CD90+, CD55+ (Figure S4C) and we 

defined infected synoviocytes as the gated synoviocytes that were VSV-NP+ (Figure S4D). In the co-culture, we 

saw that synoviocytes were infected, although with a slower kinetics compared to synoviocytes-alone culture at 

24h (mean 2.9%, SD 2.2)(Figure 4B), but then infected synoviocytes in the co-culture reached similar levels as 

synoviocytes-alone culture at 48h (mean 16.5%, SD 3.5), which were maintained at 72h (Figure 4B) (mean 

11.61%, SD 3.1), similar results were seen when we increased the viral inoculum (MOI 5 and 10) (Figure S4D). 

We also evaluated whether the interaction of the monocytes and the synoviocytes in the co-culture had an impact 

on the secretion of the innate signature markers. In the co-culture, we observed that the secretion kinetics of the 

innate signature markers was intermediate, it was slower compared to monocytes alone and faster compare to the 

synoviocytes alone at both 6h and 24h post infection, and it was reestablished to similar levels as to the single 

culture cells at 48h for most of the markers except MCP1 (Figure 4B).  
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These results indicate that in-vitro rVSVΔG-ZEBOV-GP infected monocytes produced infecting particles, which 

served as the source for synoviocytes infection in co-culture, and this also delays the secretion of the innate 

response signature biomarkers. 

Transcriptomic analysis indicates an inflammatory response to rVSVΔG-ZEBOV-GP infection 

We then analysed the transcriptomic profile of monocytes, synoviocytes and their co-cultures in response to 4h 

rVSVΔG-ZEBOV-GP in-vitro infection. Viral gene expression was about 100-fold and 2-fold higher in the 

synoviocytes and monocytes, respectively, compared to the co-culture (Figure S5). Differential gene expression 

analysis identified relatively few significant (FDR<0.05) differentially expressed (DE) genes in infected 

monocytes and co-cultures compared to the uninfected cells, while more than 10% of the expressed genes were 

DE in infected synoviocytes (Table S2). Gene enrichment analysis showed that there was a conserved response 

to infection involving modules related to innate immunity activation, including RIG-I signalling, activation of 

dendritic cells, interferon response and chemokines (Figure S6). Infected synoviocytes were enriched in modules 

regarding regulation of cell proliferation and death.  

A comparison of DE genes in the different cell lines identified 12 genes that were unique for the co-culture 

(Figure S7). Among these genes it is worth to mention NEDD8, coding for a ubiquitin-like protein possibly 

involved in the inflammatory arthritis pathogenesis [21], and SIGLEC-1, coding for the CD169 macrophage 

surface marker (Figure 5A-B). Both genes are only upregulated in the infected co-culture, indicating that the 

interaction of infected monocytes with synoviocytes triggered their activation. Coherently with the results of the 

Luminex assay, the expression levels of cytokine/chemokine genes were generally lower in the co-culture 

compared to monocytes (Figure S8), except for TNFSF11, coding for RANKL, CX3CL1, and IL6 which were 

more abundant in the synoviocytes and in the co-culture, in both infected and uninfected conditions (Figure 5C-

D). Interestingly, the genes coding for EBOV receptors, NPC-1 and TIM-1 were more expressed in the co-

culture compared to both monocytes and synoviocytes, and their expression did not increase upon infection with 

rVSVΔG-ZEBOV-GP (data not shown).    
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Discussion 

In this study, we investigate the complex events that unfold after vaccination by studying in-vitro the cellular 

tropism of the rVSVΔG-ZEBOV-GP vaccine in-vitro. Our findings revealed that in cell culture, endothelial 

cells, fibroblasts, keratinocytes, synoviocytes, and peripheral monocytes, supported the infection and production 

of infectious viral particles. Among these permissive cells, peripheral monocytes were found to secrete most 

innate signature biomarkers, indicating their significant role in the early immune response to the vaccine viral 

infection. Upon rVSVΔG-ZEBOV-GP infection, monocytes got activated and when co-cultured with 

synoviocytes were able to transmit the infection to synoviocytes in-vitro. Furthermore, the interaction between 

monocytes and synoviocytes led to a kinetics delay in the secretion of innate response signature biomarkers and 

upregulation of 12 genes, including NEDD8 and SIGLEC-1, which are associated with inflammatory arthritis. 

We evaluated in-vitro the tropism of rVSVΔG-ZEBOV-GP in PBMCs and showed that monocytes and dendritic 

cells were the only permissive cells for rVSVΔG-ZEBOV-GP infection in PBMCs. These results confirm that 

the vaccine’s tropism in PBMCs is limited to these two populations and as expected, it mirrors the tropism of the 

Ebola virus glycoprotein (GP). Even if NK cells are modulated after rVSVΔG-ZEBOV-GP vaccination [22], 

they were not permissive for the infection. This is consistent with previous in-vitro studies, which have shown 

that the Ebola virus GP is a ligand for TLR-4 and induces activation of uninfected monocytic cell lines, 

monocyte-derived DCs and macrophages to produce cytokines [23, 24].  

We also showed that infection with rVSVΔG-ZEBOV-GP induced activation of both classical and intermediate 

monocytes, but neither of myeloid dendritic cells nor non-classical monocytes, similar to what has been 

observed after vaccination in humans, where CD86 was significantly increased already at one day after 

vaccination in monocytes [25]. CD169 was upregulated in all three monocytes subsets upon infection implying a 

possible differentiation of monocytes into macrophages, consistent with the transcriptional upregulation [26, 27] 

and the increased surface expression [5] of CD169 seen after rVSVΔG-ZEBOV-GP vaccination in humans, 

which is also consistent with the critical role of CD169+ macrophages to induce protective innate and adaptive 

response after rVSVΔG-ZEBOV-GP vaccination in mice [28]. In contrast to what has been shown for SARS-

CoV-2 infection, where monocytes aborted the replication and infected particles are not detected [29], here we 

showed that  monocytes allowed the replication of the rVSVΔG-ZEBOV-GP and also produced infecting viral 

particles, reinforcing their role in the vaccine innate response [13, 14]. 

We saw production of many innate signature biomarkers after rVSVΔG-ZEBOV-GP in-vitro infection of dermal 

lymphatic endothelial cells and dermal fibroblast, mainly monocyte chemotactic proteins such as MCP1, MCP3, 

MCP4 as well as CXCL10, TRAIL and OSM. Interestingly, TRAIL has been shown to promote apoptosis of 154



keratinocytes [30] and OSM is a potent inductor of skin inflammation [31]. Given that unexpected AEs such as 

dermatitis and cutaneous vasculitis reported after rVSVΔG-ZEBOV-GP vaccination were not always linked with 

the presence of the virus vaccine in the skin biopsy [5], we suggested that dermatitis and cutaneous vasculitis 

might be the result of indirect effects of these secreted cytokines as has been shown in EBOV disease disruption 

of the vascular endothelium [32, 33]. 

We showed that synoviocytes in-vitro infection with rVSVΔG-ZEBOV-GP allowed replication and competent 

virus production, this is in line with the capacity of EBOV to infect monkey’s synoviocytes in-vivo and in-vitro 

[34]. We also showed that the synoviocytes secretion of innate signature markers was dependent on the viral 

inoculum. Although arthritis was reported in patients who survived EBOV disease [35], the transient arthritis 

reported after rVSVΔG-ZEBOV-GP vaccination was an unexpected AE [5, 12]. Previously, we have shown that 

transient arthritis after rVSVΔG-ZEBOV-GP vaccination develops in individuals with a lower level of innate 

inflammatory plasma signature response after rVSVΔG-ZEBOV-GP vaccination, and we believe those 

individuals have a less effective early control of viral dissemination [14], which may in turn lead to viral 

presence in privileged sites such as joints. In the co-culture, our data suggest that rVSVΔG-ZEBOV-GP infected 

monocytes may be a source of infected particles that infected synoviocytes, and we also showed a delay in the 

secretion of the innate signature markers. Altogether, suggests that the infected monocytes can act as a trojan 

horse to allow the virus to reach immune-privileged sites, such as the joints, which together with the delayed 

innate response, could propitiate an environment for viral replication and transient viral arthritis.  We also saw in 

the co-culture, the reduction of bone resorption markers such as RANKL (secretion level) as well as molecules 

that promote osteoclast differentiation such as TRAIL (at both transcriptional and secretion levels) [36], which is 

in line with the absence of bone resorption lesions in the transient arthritis after rVSVΔG-ZEBOV-GP 

vaccination [5], in contrast to chikungunya arthritis [37]. However, the observed upregulation of NEDD8 in the 

co-culture and infected synoviocytes, points towards a transcriptional program that has been involved in post-

transcriptional modifications in the inflammatory processes of arthritis [21]. 

Our study had some limitations. The number of samples was low, ranging from 2 to 5, mainly due to the 

complexity of the experiments, which involved measuring different time points, different viral inoculum and 

different readouts. Monocytes are well known to be easily activated in-vitro upon contact with plastic materials. 

To minimize this activation, we used round-bottom well plates made of low-adherent treated plastic. Although, 

we observed a clear increase in monocytes activation markers after infection through FACS, the uninfected 

condition showed a high basal background, which was also present in the supernatant quantification of innate 

markers. We also used different MOIs for the infection of PBMCs/monocytes and primary cells because our 155



readout for monocyte infection was through FACS, and a MOI of less than 1 required longer incubation times, 

increasing the risk of nonspecific activation. It is important to note that our study was conducted in an artificial 

in-vitro system using an elevated infectious dose (MOI 1 for PBMCs and MOI 0.1 for primary cells) to 

maximize infection efficiency and assess off-target cell susceptibility. While this approach allowed us to 

characterize in-vitro cellular tropism and innate immune responses, further studies are needed to determine 

whether these findings translate to in-vivo conditions. 

In conclusion, we identified  in-vitro off-target cellular tropism of rVSVΔG-ZEBOV-GP, infecting  several cell 

types from tissues previously associated with unexpected adverse events such as 

 These cells were productively infected by rVSVΔG-ZEBOV-GP and 

secrete specific innate pro-inflammatory biomarkers. Monocytes were the main population supporting rVSVΔG-

ZEBOV-GP in-vitro infection in PBMCs, became activated, and secreted most innate plasma signature markers 

upon in-vitro infection, and potentially may serve as a source of synoviocytes infection in-vitro. Additionally, 

co-culture revealed that interactions between infected monocytes and uninfected synoviocytes modulates the 

innate immune response delaying the secretion of biomarkers.  

Altogether, our study provides an example of how in-vitro models can be used to study off-target vaccine virus 

tropism and the interplay between immune cells and primary cells. However, further studies are needed to 

determine in-vivo relevance of these off-target infections, their role in early and sustained immune responses to 

the vaccine, and strategies to reduce them. 
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Figure legends 

Figure 1. PBMCs infection and activation markers after rVSVΔG-ZEBOV-GP in-vitro inoculation. (A) 

Percentage of infected cells after rVSVΔG in-vitro inoculation (left), total infected cells (grey circle), 

monocytes in total infected cells (white square) and dendritic cells (DCs) in total infected cells (white triangle). 

Percentage of monocytes and DCs infected after rVSVΔG in-vitro inoculation (right), gated total 

infected monocytes (grey square), gated total infected DCs (grey triangle). (B) Geometric mean (GM) media 

fluorescence intensity (MFI) value for different activation markers expressed on total (infected and uninfected) 

monocyte populations (intermediate, classical and non-classical) after rVSVΔG in-vitro infection of 

PBMCs. Each symbol represents a different donor (n=5). Mock (white diamond). MOI=1 for all conditions. 

Two-way ANOVA analysis was performed, to correct for multiple comparisons we used the Sidak’s test 

implemented in GraphPad Prism. Asterisk represents p-value: less than 0.05 (*), less than 0.01 (**), less than 

0.001 (***). 

Figure 2. Pure monocytes cytokine production after rVSVΔG in-vitro inoculation. Luminex 

concentration in supernatants (pg/ml) for each marker was plotted at each time point (h) after rVSVΔG
in-vitro inoculation in the different groups: mock (white diamond) and MOI 1 (pink circle). Bars represent 

the median concentrations with the CI (n=3: 6h and 48h; n=5: 24h). Red dotted lines indicate the limit of 

detection for each marker. Samples below the limit of detection were assigned a value corresponding to 50% of 

the last standard dilution value. Two-way ANOVA analysis was performed, to correct for multiple comparisons 

we used the Sidak’s test implemented in GraphPad Prism. Asterisk represents p-value: less than 0.05 (*), less 

than 0.01 (**), less than 0.001 (***). 

Figure 3. Viral replication, plaque assay and cytokine response in joint (A), skin (B) and vessels (C) 

primary cells. Viral loads were measured in supernatant by RT-qPCR at 0h, 6h, 24h and 48h after in-vitro rVSVΔG infection MOI 0.1 and are expressed as mean ± SEM (n=4). Infectious titers were calculated 

by performing a plaque assay in Vero cells at 24h after in-vitro infection and the cytokine response was analysed 157



at 6h, 24h and 48h by Luminex assay by doing a ratio between infection at MOI 0.1 versus Mock and are 

expressed as mean ± SEM of two biological replicates. 

Figure 4. Co-culture viral replication and cytokine response. (A). Viral loads (left) were measured in 

supernatant by RT-qPCR at 0h, 6h, 24h, 48h and 72h after in-vitro rVSVΔG infection (MOIs 0 and 1) 

of synoviocytes (black), monocytes (blue) or co-culture (red) and are expressed as mean ± SEM (n=2). (B) 

Percentage of infected synoviocytes after in-vitro rVSVΔG infection (MOIs 0 and 1) of synoviocytes 

alone (black) or synoviocytes in co-culture synoviocytes (red). MOI 0 (circle), MOI 1 (square) (C) Heat map 

shows the mean (n=3) of the ratio (MOI 1 over Mock control) for each marker except RANKL (n=1), at 

different time points (6h, 24h and 48h) in different populations after in-vitro rVSVΔG infection 

(MOIs 1). Markers with values higher at mock are in blue, markers with similar value between MOI and mock 

and in light grey and markers with values higher at MOI than in mock are shown from (low) yellow to red 

(high). 

Figure 5. Normalized expression (log2expression) levels of selected genes in different cell cultures. (A) 

NEDD8, (B) SIGLEC1, (C) CX3CL1, and (D) TNFSFS11 expression levels in infected and uninfected cell 

cultures. Data are reported as box and whiskers plot, where the marked line inside the box represented the 

median value, the box the interquartile range (IQR), and whiskers the minimum and maximum values in the 

range ±1.5*IQR. Individual values are reported as black dots. Differences in gene expression between infected 

and uninfected samples (A and B) or among different cell culture types (C and D) were assessed with the 

Wilcoxon test (** p<0.01, *** p<0.001).  
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