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SUMMARY
Lupus erythematosus is a heterogeneous autoimmune disease that requires treatments tailored to specific pa-
tient subsets. Toevaluate in silico the efficacyof the anti-IFNaS95021monoclonal antibody,wecreatedaquan-
titativesystemspharmacologymodel of cutaneous lupusandavirtualpatientpopulation,withattributesmatch-
ing thediversityofactualpatients. To thisaim,weperformedamultiomicsprofilinganalysisof337 lupuspatients
from thePRECISESADScohort, thereby identifying fourpatient clusterswithdistinct immunedysregulationpat-
terns, including various levels of type I interferon (IFN) pathway upregulation. Simulation of S95021 treatment in
the virtual patient cohort (n= 241) predicted distinct clinical responses in patient clusters, withmachine learning
analysis further revealing biomarkers that distinguish predicted responders from non-responders. Combining
multiomics profiling of actual patients with mechanistic mathematical modeling supports precision medicine
by predicting drug responses based upon patient characteristics in a complex heterogeneous disease.
INTRODUCTION

Systemic lupus erythematosus (SLE) is a heterogeneous multi-or-

gan autoimmune disease affecting predominantly the joints, skin,

and kidney.1,2 Several immunosuppressive therapies have long

been used to alleviate symptoms, demonstrating variable efficacy

across patients while inducing significant side effects.3–5 Better

understanding of pathophysiological mechanisms associated

with lupus, involving most particularly pathogenic autoantibodies

and elevated levels of type I interferons (IFN), led to the develop-

ment of targeted biotherapies using monoclonal antibodies such

as the anti-B-cell activating factor (BAFF) belimumab and the

anti-type I IFN receptor (IFNAR) anifrolumab, recently registered

as treatments for severe to moderate lupus.5–10 Positive results

in several clinical trials with anifrolumab, together with evidence

that IFN levelsmaycorrelatewithdisease activity in somepatients,

confirmed that type I IFNs are a valid therapeutic target in

lupus.11–14 Surprisingly, only 50% of patients benefited from ani-

frolumab in the phase III trials, despite the fact that about 82% of

themexhibit a constitutive activation of the type I IFN pathway.8–10

These observations reflect the heterogeneous nature of this

disease, with a dysregulation of multiple pro-inflammatory mo-

lecular pathways associated with innate or adaptative immunity

depending upon the patient.15–21 Such complexity in the patho-

physiology has also been reported in several other autoimmune

diseases, such as Sjogren disease, rheumatoid arthritis, and
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systemic sclerosis.22–25 In this context, an emerging consensus

is to implement a precision medicine approach to develop next-

generation treatments for autoimmune rheumatic diseases,

including lupus.23,26–28 By offering treatments better tailored to

homogeneous subgroups of patients based upon shared under-

lying pathogenic disease mechanisms, precision medicine is

now considered the ‘‘holy grail’’ in clinical care of systemic auto-

immune rheumatic diseases.28 The latter approach requires

sophisticated stratification approaches based on multiomics

profiling to document patient heterogeneity, validate therapeutic

targets, and identify predictive molecular signatures of drug

response.29–34 Furthermore, given the complexity of autoim-

mune diseases such as SLE, most appropriate treatments may

ideally rely upon combination therapies, as opposed to stand-

alone targeted drugs.25

Whereas investigating those questions solely based on real-

worldpreclinical andclinical researchactivities remainsextremely

challenging, computer-aidedmodeling powered by artificial intel-

ligence (AI) is now becoming available to select initial working hy-

potheses, which can subsequently be confirmed in empirical

studies, with a higher probability of success.24,25 Computational

precision medicine refers to the emerging use of multiple predic-

tive models to relate patient specificities with drug properties, in

order to inform drug development and positioning.35 Among

those, quantitative systems pharmacology (QSP) models are

mechanistic representations of disease pathophysiology linking
uary 21, 2025 ª 2025 The Authors. Published by Elsevier Inc. 1
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Figure 1. QSP model simulations match reported clinical responses to anifrolumab

(A) Schematic of the components of the lupus QSP model and their interactions.

(B) Simulations of changes in CLASI-A with placebo only (orange line) or 300mg anifrolumab + placebo administered every twoweeks via the subcutaneous route

(pink line) in the reference VP match the average clinical response in the anifrolumab-treated or placebo groups (dashed lines, mean ± SD from48).

(C) CLASI-A changes with 300 mg anifrolumab + placebo administered every two weeks via the subcutaneous route (left panel) or with placebo only (right panel)

simulated for 968 individual VPs are consistent with the clinical response in anifrolumab-treated patient or the placebo group. The predicted responses to

anifrolumab in the 968 VPs (left panel: orange lines) span the range of response measured in a published clinical trial (dashed lines, mean ± 5th–95th percentiles

from the study by Bruce et al.48).
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biological processes occurring in the blood or target tissues with

clinical symptoms.36–41 Such QSP models have successfully

been used to predict the efficacy of drug candidates in various

autoimmune and chronic inflammatory diseases.42–47

Herein, we report on a multipronged modeling strategy to pre-

dict the efficacy in cutaneous lupus erythematosus (CLE) of the

pan neutralizing anti-IFNa monoclonal antibody (mAb) S95021,11

in comparison with anifrolumab, across patient heterogeneity.

To this aim, we built a QSP model of CLE representing biological

processes occurring in skin and draining lymph nodes related to

cutaneous symptoms. In parallel, we documented the heteroge-

neity of lupus patients by clustering patients based onmultiomics

molecular profiling data in the blood. We took advantage of this

combined approach to create a cohort of virtual patients repre-

senting the heterogeneity observed across four clusters identified

among lupuspatients, topredict in silico theefficacyof theS95021

mAb across inter-individual variability.

RESULTS

Development of a cutaneous lupus QSP model and
virtual patient population
As a first step, a mechanistic QSPmodel representing themajor

cellular dynamics and regulations involved in cutaneous lupus
2 iScience 28, 111754, February 21, 2025
manifestations was developed (Figure 1A) and qualified accord-

ing to our previously published methodology.36 Model parame-

ters were identified from literature and calibrated to represent

an average moderate lupus patient with cutaneous symptoms,

subsequently termed ‘‘reference virtual patient’’ (reference

VP)(see STAR Methods). Target values for model species,

such as the numbers of infiltrating immune cells (dendritic cells,

macrophages, T and B lymphocytes) in lymph nodes and skin,

were averaged from studies in lupus patients when available

(Tables S1–S5). Alternatively, data from lymph nodes or skin

of healthy individuals were used, with further estimation of

fold changes occurring in lupus patients. Immune cells and ker-

atinocyte dynamics were calibrated to be consistent with bio-

logical and modeling constraints (Tables S1A, S1B, S1C, and

S1D). For example, cell proliferation and recruitment rates

were adjusted to balance out cell clearance rates in the skin

and lymph node compartments to maintain appropriate stable

cell numbers at steady state.

Pharmacokinetics and pharmacodynamics properties of the

anti-IFNa S95021 and the approved anti-IFNAR anifrolumab

monoclonal antibodies were implemented in the QSP model. A

generic immunosuppressive effect (‘‘placebo’’) based on steroid

in vitro data (Table S6) was simulated at constant levels to repro-

duce the overall clinical response observed in patients treated
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Figure 2. Comparative assessment of S95021 and anifrolumab in the QSP lupus model

(A) Significant decrease in CLASI-A simulations in the reference VP treated with 100–2000 mg S95021 + placebo (plain lines) or 150–300 mg anifrolumab +

placebo (dashed lines) with Q2W SC dosing.

(B) Change in CLASI-A simulations with S95021 300mg Q2W SC + placebo (left panel) or 300 mg anifrolumab Q2W SC + placebo (right panel) in the Vpop. The

median change in CLASI (blue line), quartiles (25%–75%) and 5th–95th percentiles for the Vpop are represented.

(C) Percentages of VPs in the total Vpopwith predicted decrease frombaseline in CLASI-A greater than 50%at 60weekswith placebo only, 300mg anifrolumab +

placebo, or 300 mg S95021 + placebo treatments.
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with various background therapies (such as steroids, immuno-

suppressive drugs, and hydroxychloroquine) in the placebo

group from published clinical trials. The cutaneous lupus erythe-

matosus disease area and severity index (CLASI)49 was calcu-

lated as the primary clinical endpoint in the QSP model by corre-

lating model species (cell numbers, mediator levels) with

individual CLASI score components (see STAR Methods). The

clinical responses to anifrolumab (administered at 300 mg every

two weeks via the subcutaneous route, subsequently abbrevi-

ated Q2W SC) + placebo or to placebo only treatment were

simulated in the reference VP (Figure 1B, Table S6). Predicted re-

sponses were calibrated to match the average CLASI response

measured in the anifrolumab and the placebo group, respec-

tively, in a published phase 2 clinical trial in moderate to severe

lupus patients (CLASI score > 10)6,48,49 (Figure 1B).

Following confirmation of the calibration of the QSP model by

congruence with published clinical data, we created virtual pa-

tients. Starting with the average parameter values defining the

reference VP, a large cohort of VPs was produced by randomly

varying critical parameters in the model, using a range of values

estimated from published pre-clinical and clinical studies

(Tables S1C). Among tens of thousands of randomly created

VPs, a virtual population (Vpop) of 968 VPs was selected, as

they met defined biological constraints such as cell numbers

in lymph nodes and skin, as well as ranges of baseline CLASI
scores, consistent with real lupus patient features described

in the literature or enrolled in recent clinical trials (Tables S1A

and S1D). Specifically, the Vpop was fitted to a normal distribu-

tion for (1) CLASI baseline distribution and (2) change in CLASI

score at 60 weeks in the anifrolumab and placebo-treated

groups from the phase 2 anifrolumab study6 (STAR Methods).

The baseline CLASI distribution in the Vpop was consistent

with the baseline CLASI score of 15.5 ± 5.2 reported in the

phase 2 anifrolumab trial (Table S7).6

Using this Vpop, we then ran simulations of treatments with

either 300 mg anifrolumab Q2W SC + placebo or background

placebo only, in comparison with the CLASI response over

time observed in the published phase 2 anifrolumab trial (Fig-

ure 1C). The predicted CLASI response of the 968 individual

VPs to anifrolumab treatment reflected the range of responses

observed in the anifrolumab-treated group (Figure 1C, left panel),

confirming that the Vpop is representative of the diversity of

response observed in real lupus patients enrolled in the trial.

Simulations of the response to placebo only in the Vpop also

agreed with published clinical data, albeit exhibiting less vari-

ability in CLASI responses than observed in the clinical trial pla-

cebo group (Figure 1C, right panel). A potential explanation is

that the placebo response observed in real lupus patients stems

from different background therapies in terms of drugs and

dosing regimens and/or drug-independent effects, which can
iScience 28, 111754, February 21, 2025 3



Figure 3. Tree ensemble analysis ranks pro-inflammatory mediators and IFN signaling as critical features for clinical response to S95021

Tree ensemble analysis showing the top 15 model features ranked by order of importance distinguishing VPs with low vs. high CLASI response to S95021.
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only be partially reflected by simulating the response to a generic

placebo immunosuppressive effect in the Vpop. This variability in

placebo responses in real-world clinical studies consequent to a

lack of standardization of background therapies—both in terms

of drugs and dosing being used—is well identified as a signifi-

cant hurdle in the evaluation of investigational drugs against

autoimmune diseases.50,51

Predictive simulations for S95021 CLASI responses
Following validation of the QSP lupus model using the anifrolu-

mab published data, we evaluated the efficacy of S95021, a

novel pan-neutralizing anti-IFNamAb,11 as a potential treatment

for cutaneous lupus. Themodel was used to compare the reduc-

tion in the CLASI score elicited with either S95021 (at doses

ranging from 100 mg to 2,000 mg) or anifrolumab (150 or

300 mg), when administered on top of placebo every two weeks

via the subcutaneous route (Q2W SC) (Figure 2A). Simulations in

the reference VP showed that CLASI-A responses were pre-

dicted to be quite comparable, both in terms of magnitude and

time course, when using 150 mg S95021 or 300 mg anifrolumab

Q2W SC (Figure 2A). In the reference VP, the maximum CLASI-A

response for both anifrolumab and S95021 was reached with the

300 mg Q2W SC dosing, although this maximum was reached

faster with 300 mg S95021 (Figure 2A).

The efficacy of S95021 or anifrolumab, plus placebo, was then

evaluated in the Vpop using the approved anifrolumab clinical

dosing (300 mg Q2W SC) and 60 week of treatment duration for

both drugs (Figure 2B). In the Vpop, the CLASI response to

300 mg S95021 was predicted to be lower than with 300 mg ani-

frolumab: average decrease in CLASI-A of �9.7 ± 4 with S95021

versus �10.5 ± 3 with anifrolumab (p value < 0.001). As primary

clinical endpoints in lupus trials are often reported as percentage

of patients achieving a significant improvement in the CLASI

score,6 we calculated the percentages of VPs with greater than

50% reduction in CLASI-A from baseline: respectively 17%,
4 iScience 28, 111754, February 21, 2025
81%, and 70% of the 968 VPs were predicted to exhibit such a

response with placebo, anifrolumab, or S95021 (Figure 2C). The

Vpop simulations suggest that some lupus patients could benefit

from dosing regimens greater than 300 mg SC for S95021 to

achieve clinical response equivalent to anifrolumab.

To further analyze the drivers of S95021 clinical response in the

whole Vpop, we implemented a decision tree analysis to investi-

gate attributes associated with predicted anti-IFN therapy effi-

cacy.UsingMATLABmachine learning tools, we identifiedmodel

species that were differentiating VPs with predicted low versus

high response to S95021 in the Vpop, based on the CLASI

response criteria defined above (> 50% reduction in CLASI-A).

Tree ensemble analysis ranked skin pro-inflammatorymediators,

IFNs/IFNAR signaling, and skin and lymph node (LN) chemokines

as highly predictive biomarkers of S95021 response (Figure 3).

Cellular infiltrates by effector T cells in skin and lymph nodes

were also ranked in the top 15 features predicting high versus

low CLASI responses to S95021.

Surprisingly, single decision tree analysis (Figure S1) predicted

that very high levels of IFNa or bound IFNAR:IFNa complex were

associated with low CLASI response to 300 mg S95021, likely

because IFN inhibition under these conditions may not be suffi-

cient in patients with very high levels of type I IFN signaling. Thus,

patients with strong type I IFN involvement may potentially

benefit from higher dosing of S95021 to fully control disease

activity.

Assessment of real lupus patient heterogeneity by
multiomics profiling of the PRECISESADS cohort
To further optimize the design and selection of VPs to model

drug efficacy, we assessed patient heterogeneity using a large

multiomics dataset from the cross-sectional PRECISESADS

cohort,30,31 obtained from the blood of 337 lupus patients in

comparison with 330 healthy volunteers. Applying our strategy

previously used to categorize Sjogren patients,23 we first relied
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upon transcriptomics data from the blood and used an in-depth

machine learning analysis combined with unsupervised and

supervised clustering approaches to stratify lupus patients into

homogeneous clusters. Patient characteristics within each clus-

ter were further documented based on genomic, epigenetic,

deep immunophenotyping analyses, quantification of cytokines

and chemokines, as well as clinical phenotyping (Figure 4A,

See STAR Methods).

Molecular profiling and clustering studies identified four sub-

groups of SLE patients, with distinct phenotypic features of clus-

ters summarized in a heatmap (Figure 4B). Cluster 1 (C1) con-

tained 95 patients (28.1%), cluster 2 (C2) 103 patients (30.5%),

cluster 3 (C3) 66 patients (19.5%), and cluster 4 (C4) 73 patients

(21.7%). Schematically, the four clusters of lupus patients can be

labeled as mild disease (C1), lymphoid (C2), interferon high (C3),

and inflammatory (C4). All descriptive statistics regarding clinical

features and biological parameters as well as main characteris-

tics for each of the clusters are reported in detail in Tables S8

and S9.

When assessing covariates driving the clustering, we

observed significant differences between clusters in concentra-

tions of extractable nuclear antigen (ENA), presence of serum

anti-SSA52/anti-SSA60 autoantibodies, and levels of pro-in-

flammatory cytokines (e.g., MCP-2, IP10, IFNg, and IL1-RA), all

higher in C3 compared to other clusters (Table S9). Differences

in circulating leukocyte subsets were also found between clus-

ters. An increase in neutrophils and a decrease in T and B

lymphocyte frequencies were observed in C4, with an opposite

distribution of those immune cell subsets found in C2. To docu-

ment IFN gene signatures (IFNGS) in the various patient clusters,

we took advantage of two strongly upregulated IFN-annotated

gene modules (termed M1.2 and M5.12) identified by Chiche

et al. from peripheral blood transcriptomic data, with for each

module a distinct activation threshold.52 Genes within the M1.2

module are induced by IFNa or IFNb, corresponding to a type I

IFN signature. Genes from the M5.12 module are poorly induced

by IFNa and IFNb alone, but are up-regulated by IFNg, thus

rather reflecting a type II IFN signature. The different Z scores

for those genes were calculated accordingly to characterize

the IFN signature observed in the various PRECISESADS clus-

ters. Whereas the IFN Z scores were elevated in all clusters, a

stronger signal was observed in C3 and C4, relative to C1 and

C2. No differences were detected between type 1 and type II

IFN Z scores. Distribution in cell numbers, IFN levels, IFNGS,

and cytokines for the four SLE clusters are reported in

Figures S2–S4.

Matching virtual patients to PRECISESADS actual
patient clusters
In order to assess which of the four lupus patient clusters pre-

viously defined would benefit the most from an anti-IFN ther-

apy, we proceeded to determine which VPs could be matched
Figure 4. Multiomics profiling of PRECISESADS lupus patients reveals

(A) Workflow of clustering methodology and multiomics characterization. See ST

(B) Heatmap performed on lupus patients’ biological, clinical, cytokine, flow cytom

eachmolecular cluster. Each biomarker has been scaled ((x�mean(x))/(sd(x))) to ha

biomarker under-expression. cFLC: circulating free light chains.
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to real patients from the C1 to C4 clusters. To this aim, we iden-

tified the model species represented in the QSP model that

could be mapped to cellular or biological biomarkers measured

in PRECISESADS lupus patients. From this, we selected seven

baseline species to use as filter criteria to identify VPs matching

the C1 to C4 clusters (Figure 5A). The range of values for each

species in each cluster was defined based on themean and dis-

tribution of the associated features measured in patients from

the four PRECISESADS clusters, such as IFNa and IFNGS, im-

mune cells as well as cytokines and mediators in the blood, or

pro-inflammatory and anti-inflammatory mediators in the skin

(Figures S2–S5). Filter criteria were more stringent for attributes

that had the highest impact on CLASI score, as determined by

ensemble decision tree analysis (see STAR Methods). Using

these filtering criteria on the whole VP cohort, we identified a to-

tal of 241 VPs that matched the phenotypes of the four

PRECISESADS clusters defined previously (Figure 5B).

Evaluation of the S95021 clinical response in VPs
matching PRECISESADS clusters
We confirmed that the VPs selected using the filtering criteria re-

ported in Figure 5A were consistent with the distribution for the

corresponding biomarkers in the C1–C4 clusters of actual lupus

patients. For example, the levels of skin IFNa and IFNAR/IFNa

complexes (IFNAR-bound_in the skin) were low in the VPs corre-

sponding to clusters C1 and C2, medium in C3-like VPs and very

high in C4-like VPs, consistent with the distribution observed for

plasma IFNa and IFNGS in actual patients (Figures 6A and 6B).

The relative levels of pro-inflammatory and anti-inflammatory

mediators in the C1–C4-like VPs were also generally consistent

with the distribution observed in real patients for plasma tumor

necrosis factor alpha (TNF-a) and transforming growth factor b

(TGF-b), respectively, with C1-like and C3-like VPs showing

slightly higher levels of pro- and anti-inflammatory mediators

compared to C2 and C4-like VPs (Figure S5). With the hypothe-

sis that the lymphopenia and leukopenia observed in lupus pa-

tients results from increased recruitment of immune cells to

the site of inflammation, we defined thresholds for skin cell infil-

tration to filter VPs based on the relative decrease in corre-

sponding cell types in the blood of PRECISESADS patients (Fig-

ures 5B and S6).

We then simulated the CLASI response to 300 mg S95021

Q2WSC in the 241 VPsmatching clusters C1 to C4. The average

decrease in CLASI was found to be high in C1-, C2- and C4-like

VPs (Figure 6C). Surprisingly, the CLASI response to the anti-

IFNa mAb response was predicted to be lower among the C3-

like VPs (high interferon) (Figure 6C). This translated in > 80%

of responders to S95021 in VPs matching PRECISESADS clus-

ters 1, 2, and 4 but only �31% of CLASI-A responders for C3-

like VPs (Figure 6D).

In agreement with results from the decision tree analysis,

the C3-like VPs matching C3 patients with the highest levels of
four distinct clusters

AR Methods for details.

etry, and IFN scoremeasurements showing themain biomarkers differentiating

ve comparablemeasures. Red represents biomarker over-expression and blue
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Figure 5. Selection of 241 VPs in the Vpop matching the four PRECISESADS clusters

(A) Workflow for the identification of VPs matching the features characteristic of the PRECISESADS lupus patients’ clusters C1–C4.

(B) PRECISESADS lupus patient features and matching QSP model species used to filter the 968 Vpop and select VPs based on the very low, low, medium, and

high thresholds defined relative to the baseline value in the reference VP.
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IFN/IFNAR were the least responsive to 300 mg S95021 (Fig-

ure 6C and 6D), suggesting that in this cluster, the level of IFN

pathway inhibition may not be sufficient to achieve clinical

response. VPsmatching cluster C2 (lymphoid) and cluster C4 (in-

flammatory) improved the most with S95021 treatment. A strong

type I IFN inhibition is thus predicted to reduce globally the in-

flammatory processes in these C2 and C4 phenotypes, thereby

leading to anticipated significant clinical responses.

DISCUSSION

Despite recent advances, more efficient treatment strategies

are needed to better manage lupus patients. In light of the

known patient heterogeneity in this complex autoimmune dis-

ease, targeted therapies tailored to the specificities of well-

defined patient subsets are required. To address this challenge,
we used an innovative translational medicine approach that in-

tegrates multiomics profiling of large patient cohorts with quan-

titative systems pharmacology simulation of cutaneous lupus

pathophysiology. Given the well-documented upregulation of

the type I IFN pro-inflammatory pathway in a majority of lupus

patients, we applied this methodology to predict the efficacy

of the pan-neutralizing anti-IFNa S95021 monoclonal antibody,

across patient heterogeneity.

WeestablishedaQSPmodel of SLE that correlates cellular and

soluble proinflammatory mediators in the blood, lymph nodes,

and skin with disease manifestations forming the cutaneous

severity score (CLASI). To validate the model, we confirmed

its ability to accurately simulate the time course of CLASI re-

sponses reported in clinical studies evaluating the anti-type I

IFN receptor anifrolumab. Leveraging this mechanistic QSP

model, we further forecasted the efficacy of the S95021 antibody
iScience 28, 111754, February 21, 2025 7



Figure 6. VPs matching clusters C1-C4 patients features have different simulated CLASI-A response to S95021

(A) Baseline skin IFNa distribution in the C1–C4-like VPs (left panel) are consistent with the relative differences in plasma IFNameasured in lupus patients from the

PRECISESADS C1-C4 clusters (right panel). Boxplots with boxes representing median, Q1-Q3 interquartile range, min-max without outliers (error bars), mean

(red dot) and individual VP or patient’s data (blue dots).

(B) Baseline skin bound IFNAR distribution in the C1–C4-like VPs (left panel) are consistent with the relative differences in interferon gene signature (IFNGS)

measured in lupus patients from the PRECISESADS C1–C4 clusters (right panel).

(C) Simulated CLASI-A response to 300 mg S95021 Q2W SC + placebo in the C1–C4-like VPs.

(D) Percentages of S95021 responders among the C1–C4-like VPs. Number of responder VPs over the total VP count per cluster are indicted. Responder VPs are

defined as VPs with greater than 50% decrease in CLASI-A relative to their baseline score with 300 mg S95021 treatment.
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in treating cutaneous lupus. Our predictions suggest that S95021

could match the efficacy of anifrolumab, particularly with dosing

regimensof 300mgor higher. Altogether, our study further under-

scores the relevance of targeting the IFN pathway in cutaneous

lupus.7–14,53

One of the primary advantages of the QSP model is its ca-

pacity to generate thousands of virtual patients by modulating

the contribution of different parameters, e.g., cell types and

mediators, to clinical symptoms, thereby enabling predictions

of drug efficacy at an individual patient level54 With recent ad-

vancements in QSP modeling coupled with artificial intelli-

gence,39,55 the predictive data from these virtual patient co-
8 iScience 28, 111754, February 21, 2025
horts can be efficiently analyzed using machine learning to

differentiate between responders and non-responders. It re-

mains crucial to thoroughly validate computational predictive

models by ensuring consistency between predicted outputs

and empirical data. In the present study, both the magnitude

and the time course of anifrolumab responses reported in

clinical studies in cutaneous lupus were closely reproduced

by the model. Also, the selection of virtual patients was directly

inspired from real patients, based upon data available in the

literature.

To further ensure that the design of a cohort of virtual pa-

tients accurately reflects disease heterogeneity, we performed
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a comprehensive molecular profiling of 337 lupus patients and

330 matched healthy controls from the PRECISESADS cohort.

Integrated analysis of multiomics data identified four distinct

clusters of lupus patients, highlighting the upregulation of the

IFN type I pathway in a majority of these patients, while further

revealing distinct patterns of immune dysregulation involving B

lymphocytes and autoantibodies, as well as T cells and neutro-

phils, depending upon patients. Whereas transcriptomics data

documenting dysregulated biological processes in the blood of

PRECISESADS patients were used to identify homogeneous

clusters, these transcriptomics datasets cannot be directly

incorporated into QSP models. We therefore used cytokine

and chemokine quantification, as well as deep immunopheno-

typing data from actual patients to define filters for selecting

241 virtual patients from the Vpop mirroring the heterogeneity

observed across the four PRECISESADS clusters. The analysis

in this VP cohort predicted differences between clusters of

patients in their simulated response to S95021. Furthermore,

machine learning analysis of predicted responder vs. non

responder VPs in the Vpop identified candidate-biomarkers

for patient selection in future clinical studies. Notably, decision

tree ensemble analysis established that skin pro-inflammatory

mediators (including chemokines), IFNs/IFNAR signaling, and

cellular infiltrates by effector T cells in skin and lymph nodes

are predictors of S95021 responses. Additionally, our study

in virtual patients uncovered unexpected findings, such as

the association between high levels of IFNa or bound

IFNAR:IFNa complexes and low CLASI response to 300 mg

S95021, suggesting the need for higher dosing regimens of

the drug-candidate in patients with a strong involvement of

the type I IFN pathway. The latter prediction may also provide

an explanation to the limited correlation between circulating

IFNa levels and responses to anifrolumab observed in clinical

studies.6

Collectively, the integration of molecular profiling with QSP

simulation of virtual patient cohorts offers a robust approach to

elucidate patient heterogeneity in lupus. By predicting drug re-

sponses at an individual patient level and informing dosing reg-

imens, this translational approach to precision medicine holds

promise for optimizing treatment strategies as it applies to any

complex chronic disease. Our study emphasizes the importance

of leveraging multiomics profiling and predictive modeling to

generate working hypotheses, obviously to be further corrobo-

rated in real-world clinical studies. In this regard, by providing

candidate biomarkers as well as criteria to select patients to

be included in confirmatory clinical trials, predictive modeling

of drug response in virtual patients can significantly facilitate

the design of future trials, while increasing their probability of

success.

Limitations of the study
The QSP model described in this study is limited to cutaneous

lupus, and it cannot be applied to patients with systemic lupus,

for example to predict drug efficacy against kidney or lung dis-

ease. Also, the placebo effect reflected in the modeling platform

represents a general immunosuppressive effect associated with

steroids. This generic placebo effect does not display the same

degree of variability in responses observed in actual patient pop-
ulations exposed to other immunosuppressive drugs distinct

from steroids, as background therapies.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Patients’ data (demographics) This paper Table S8

Patients’ data (measurements) This paper Table S8

SLE Platform Species This paper Tables S1A

SLE Platform Parameters This paper Table S1B

SLE Platform Equations This paper Tables S1E and S1F

PRECISESADS data PRECISESADS consortium https://doi.org/10.17881/th9v-xt85

Software and algorithms

MATLAB R2020a MathWorks (Natick, MA) https://www.mathworks.com/products/matlab.html

SimBiology MathWorks (Natick, MA) https://www.mathworks.com/products/simbiology.html

Statistics and Machine Learning toolbox MathWorks (Natick, MA) https://www.mathworks.com/products/statistics.html

Clustering software R system software http://www.R-project.org, V4.0.1
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human subjects
A clustering analysis was conducted on data generated from samples of lupus patients included in the European multi-center cross-

sectional study of the PRECISESADS IMI consortium.30,31 A total of 337 lupus patients and 330 healthy volonteers were included in

the study. The detailed demographic and clinical information are provided in Table S8. All human subjects signed an informed con-

sent prior to study inclusion. Recruitment was performed between December 2014 and October 2017 involving 19 institutions in 9

countries (Austria, Belgium, France, Germany, Hungary, Italy, Portugal, Spain and Switzerland). The study adhered to the standards

set by International Conference onHarmonization andGoodClinical Practice (ICHGCP), and to the ethical principles derived from the

Declaration of Helsinki (2013).

The Ethical Review Boards of the 19 participating institutions approved the protocol of the cross-sectional study. Ethical com-

mittees involved were: Comitato Etico Milano, Italy; Comité de Protection des Personnes Ouest VI Brest, France; Louvain, Comité

d’Ethique Hospitalo-Facultaire, Belgium; Comissao de ética para a Saude—CES do CHP Porto, Portugal; Comité Ética de Inves-

tigación Clı́nica del Hospital Clı́nic de Barcelona, Spain; Commissie Medische Ethiek UZ KU Leuven/Onderzoek, Belgium; Ge-

schaftsstelle Ethikkommission, Cologne, Germany; Ethikkommission Hannover, Germany; Ethik Kommission. Borschkegasse,

Vienna, Austria; Comité de Ética e la Investigación de Centro de Granada, Spain; Commission Cantonale d‘éthique de la recherche

Hopitaux universitaires de Genève, Switzerland; Csongrad Megyei Kormanyhivatal, Szeged, Hungary; Ethikkommission, Berlin,

Germany; Andalusian Public Health System Biobank, Granada, Spain. The cross-sectional PRECISEADS study is registered in

ClinicalTrials.com with number NCT02890121. More specific details on sample and data collection are provided in the main

PRECISESADS publication.31

METHOD DETAILS

SLE QSP model development
A mechanistic Quantitative Systems Pharmacology (QSP) SLE model was built using MathWorks MATLAB/SimBiology Software.

The SLE PhysioPD Platform is a set of ordinary differential equations (ODEs; as listed in KEY RESSOURCES) representing SLE-

related inflammatory processes in lymph nodes and the resulting skin damage. Themodel includes threemechanistic compartments:

a ‘‘Blood’’ compartment representing the systemic circulation, a ‘‘Lymph Node’’ (LN) compartment and a ‘‘Skin’’ compartment (Fig-

ure 1A). The Blood compartment serves as a source for inactive immune cells. The LN compartment is a site of activation for immune

cells, subsequently recruited to the inflamed skin. The Skin compartment is the site of the SLE-induced inflammation leading to cuta-

neous lesions and where the cutaneous clinical score is calculated. Based on a comprehensive literature survey, the following path-

ological processes relevant for the development of cutaneous lesions were included in themodel, with a focus on cells and pathways

regulated by type I interferons (IFNs).

(1) Keratinocyte/corneocyte cell proliferation, activation, apoptosis, differentiation and shedding,

(2) Plasmacytoid dendritic cell (pDC) recruitment into LN or skin, activation, and apoptosis,
iScience 28, 111754, February 21, 2025 e1
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(3) T and B cell recruitment into LN or skin, activation and differentiation into effector cells,

(4) Mediator production in LN and skin: type I IFNs, pro- and anti-inflammatory cytokines, and chemokines; autoantibodies,

(5) Regulation of cellular processes by other cell types, cytokines and IFNAR signaling,

(6) S95021 and anifrolumab pharmacokinetics, binding to IFNs, clearance from the tissues and pharmacodynamics effect in LN

and skin,

(7) Steroid effects.

Model qualification, calibration, and testing against published datasets were conducted as previously described.36 Parameters for

individual processes, such as keratinocyte and immune cell numbers, and turnover rates in skin and lymph nodes were identified in

the literature or calibrated based on published data (Tables S1A, S1B, S1C, S1D, and S2–S5).

Anti-IFN drugs and standard of care implementation in the platform
Drug pharmacokinetics (PK) and pharmacodynamic (PD) effects were implemented in the QSPmodel using parameter estimates for

the anti-IFNamAb S95021 and the anti-IFNa receptor (IFNAR) monoclonal antibody anifrolumab (Tables S1A and S1B). Anifrolumab

PK was implemented as a 2-compartment model56 with dosing in a central compartment, transport between the central and the pe-

ripheral compartment, and elimination from the central compartment. Anifrolumab PK parameters were adjusted so that simulations

in the reference VP matched the anifrolumab plasma concentrations from two clinical studies.6,57, S95021 PK was implemented as a

2-compartment model based on Servier’s proprietary data (personal communication). S95021 human PK parameters were derived

from Servier’s PK model (Tables S1A and S1B). S95021 binding constants to IFNa were estimated from in vitro studies.11 As there

was no published data for the biodistribution of anifrolumab or S95021 in tissues, standard partition coefficients for therapeutic mAbs

were used as a first approximation: 15.7% for the skin and 8.4% for the lymph node compartments, respectively.58

Placebo effect representation: A majority of patients received oral corticosteroids in anifrolumab clinical trials as background ther-

apy in the placebo groups.6 Continuous steady-state steroid effects were thus implemented to account for the standard of care back-

ground treatments used in the placebo groups of the anifrolumab clinical trial used to calibrate the clinical response. The effects of

steroids on the various cell types were estimated from published in vitro studies (Table S6) and the steady-state steroid exposure

(drug concentration in lymph node and skin compartments) was calibrated to achieve appropriate clinical response measured in

the placebo group of anifrolumab clinical trials.6

Reference VP definition and CLASI clinical score calibration
The reference VP represents an average SLE patient with stable chronic cutaneous symptoms and lymph node inflammation: all cell

numbers and mediator concentrations at a dynamic equilibrium are consistent with literature data for an average moderate SLE pa-

tient (Tables S1A). Clinical responses to standard dosing of anifrolumab and Placebo in the reference VPwere calibrated tomatch the

average CLASI-A response to 300 mg anifrolumab SC Q2W or placebo reported in a recent Phase 2 clinical trial6 (Figure 1B).

The CLASI score is calculated in the QSP model as the sum of CLASI-A and CLASI-D weighted subscores per CLASI definition.59

The CLASI subscores are calculated using linear correlation between defined model species for each individual CLASI subscore as

follows.

Erythema

Erythema is a function of the state of activation of the skin vasculature and the pro-inflammatory mediators.

(1) ‘‘Activated_Vasc’’ is a dynamic species node that quantifies both the level and the quality of the vasculature and is regulated

by pro-inflammatory mediators

(2) Pro-inflammatory mediators can also independently increase vascular permeability and skin ‘‘redness’’

The baseline erythema score value for the reference VP was set at 8 on a scale from 0 to 39.

Scaling

Lesioned skin scaling is a function of the number of corneocytes (CC), and abnormal desquamation measured in the QSP model by

the KC_Activity calculated parameter. The baseline scaling score value for the reference VP was set at 5 on a scale from 0 to 26.

Mucus membrane lesions

Ulcerations or lesions of the mouth mucosa are common symptom in SLE and are reported as present (1) or absent (0) in the CLASI

scoring sheet. As the QSP model does not include mouth mucosa-specific inflammation, this subscore is correlated with the overall

CLASI subscore, as the average mucus membrane lesions score appears to be linearly proportional to the total CLASI score in pa-

tients with different disease severities. The baseline mucus membrane lesions score for the reference VP was set at 0.5 on a scale

from 0 to 1.

Recent hair loss

This subscore assesses whether the patient experienced a recent (less than 30 days) hair loss (1) or not (0). This subscore is corre-

lated with the overall CLASI score as the average recent hair loss score is linearly proportional to the total CLASI score in patients with

different disease severities. The baseline recent hair loss score for the reference VP was set at 0.5 on a scale from 0 to 1.
e2 iScience 28, 111754, February 21, 2025
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Alopecia

The CLASI alopecia score quantifies reversible non-scarring loss of hair in SLE patients. Alopecia is calculated in the QSPmodel as a

function of a dynamic hair follicle damage species. The baseline alopecia score for the reference VP was set at 1.5 on a scale from

0 to 3.

Dyspigmentation

Total skin pigmentation is integrated from the pigmentation levels of the various KC subtypes.

(1) The levels of pigments in each KC subtypes (i.e., Pigment_KC_Basal) is combined to calculate a relative total pigmentation of

the SLE lesion,

(2) The Total_Pigmentation is used to calculate the Dyspigmentation subscore.

The baseline dyspigmentation score for the reference VP was set at 6 on a scale from 0 to 13.

Scarring

Scarring is included as a constant species to track the amount of irreversible scarring in individual patients.

(1) Scarring score is assumed to be constant for an individual patient and would not change throughout the clinical trial duration

with or without treatment.

The baseline scarring score for the reference VP was set at 3 on a scale from 0 to 30.

The equations for the calculation of each individual CLASI subscores are listed in Tables S1E. The parameters use to define the

slope and intercept for the linear correlation were calibrated tomatch the reduction in CLASI subscores from various clinical trials.6–10

Virtual population creation
A virtual population (VPop) was created to capture the variability in the contribution of different cell types and mediators to skin dam-

age and inflammation. Critical parameters to vary in themodel were identified, and ranges of values (lower and upper bounds) around

the average parameter values defining the reference VP were estimated from published pre-clinical and clinical studies (Tables S1C).

Virtual patients were generated by randomly sampling critical parameters from a uniform distribution between defined ranges, simu-

lating parameter sets in the model for 60 weeks, and filtering virtual patients based on criteria from literature defining SLE patient

characteristics (Table S1D). Virtual patients that failed to meet the defined criteria (biological constraints such as cell numbers in

LN and skin, as well as range of baseline CLASI score) were eliminated. Virtual patients that met the filtering criteria, or ‘‘plausible’’

VPs, were then simulated with anifrolumab and steroid ‘‘placebo’’ therapy for 60 weeks. Sampling continued until the VPop distribu-

tion matched the mean baseline CLASI measurements as well as CLASI responses in the anifrolumab and placebo-treated patients

from the Phase 2 anifrolumab trial.6 Based on prior experience, around 1000 VPs were expected to be sufficient. After creating about

950 VPs, further additions did not significantly enhance the fit, so simulations were stopped after 968 VPs to save computational

costs.

Simulations were performed inMATLAB 2020a using the SimBiology Toolbox (Mathworks, Natick, MA). The VPop follows a normal

distribution around the mean for baseline CLASI score, change in CLASI score with 300 mg anifrolumab and change in CLASI score

with steroid treatment. Themean and standard deviation for those 3 criteria matched the clinical trial outcomes as shown in Table S7.

SLE patients phenotypic clustering
Patient subgroup discovery was based on the pre-processed RNAseq data and clustering methodologies previously used for mo-

lecular classification of patients from the PRECISESADS cohort with either primary Sjögren syndrome23 or systemic sclerosis.60

Except when indicated, data analyses were carried out using either an assortment of R system software (http://www.R-project.

org, V4.0.1) packages, including those of Bioconductor v3.17, or original R code. R packages are indicated when appropriate. In or-

der to analyze RNAseq data, first, bcl2fastq2 Conversion Software v2.20 was used to demultiplex sequencing data and convert BCL

files. Quality control was obtainedwith FastQC tools v0.11.18 and adapters were removedwith Cutadapt v1.18. Transcriptome align-

ment was done with STAR v2.5.2b on GENCODE v19 annotation (hg19) and read counts were obtained with RSEM v1.2.31. For nor-

malizations and batch correction, read counts were normalized by the variance stabilizing transformation vst function from the DE-

Seq2 v1.30.0R package. To reduce the effect of the RIN, a correction was applied using the ComBat function from the sva v3.38.0R

package, after categorization of RIN values into 7 classes: [6.5–7.0], [7.0–7.5], [7.5–8.0], [8.0–8.5], [8.5–9.0], [9.0–9.5], [9.5–10].

With the objective to establish a robust classification of lupus patients into homogeneous.subgroups, we used a ‘‘semi-super-

vised’’ approach combining iterates of unsupervised and supervised steps. The training set comprised 269 lupus samples and

the test set comprised 68 samples.

Step 1: Unsupervised gene selection

The coefficient of variation (CVg =
sg
mg
, with sg is the standard deviation of the gene g and mg the mean of the gene g estimated on

discovery population) and its robust version (r CVg =
gg

mg
, with gg is the median absolute deviation) were calculated for each gene.

Both were highly concordant. The top 25% main variants were selected to perform the subsequent clustering analysis.

Step 2: Robust consensus clustering
iScience 28, 111754, February 21, 2025 e3
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To determine the number of clusters, a consensus clustering between three methods was performed: (i) Agglomerative Hierarchi-

cal Clustering (hclust function from stats v4.0.2 R package) with Pearson correlation as a similarity measure and the Ward’s link-

age method, (ii) K-means clustering (kmeans function from stats R package) with 4 groups and (iii) Gaussian mixture clustering

(mclust function from mclust v5.4.6 R package).

Step 3: Identification of molecular signature

A supervised analysis was performed on patients with consistent cluster assignments between the three clustering methods

(considered as ‘‘core’’ molecular profiles), in order to identify the most discriminating signatures of the four clusters. A first signa-

ture of set of 2.291 genes was selected from a classical one-way ANOVA (FDR < 1e-10), and then reduced by Random Forest to

355 top discriminating genes (randomForest function from randomForest v4.6-14 R package).

Step 4: Robustness classification

To validate the robustness of our clustering, we re-applied the Step 2 on our discovery set and on final signatures.

Step 5: Prediction on validation test

Unconsistent patients and validation patient test were assigned to either one of the 4 clusters by applying a distance-to-centroid

method based on Pearson correlation.

Machine learning
Decision tree and ensemble learning methods were used to identify model parameters and species that could discriminate between

good and poor responders to therapies tested in the SLE platform. VPs achieving 50%or greater decrease in CLASI score from base-

line are considered high responders using the response criteria defined in the anifrolumab Phase 2 trial.6 VPswere classified as low or

high responders based on CLASI response to 300 mg S95021 Q2W therapy at 60 weeks. Individual decision tree models were

created for this classification criteria using the baselinemodel species values for each VP asmodel inputs, and responder class labels

as the model response. To perform the ensemble analysis, an adaptive boosting algorithm with 56 trees was trained for the dataset,

and a predictor importance algorithm was used to identify parameters in the ensemble with the most significant contributions to

CLASI response. Machine learning analyses were performed using the MATLAB 2020a Statistics and Machine Learning Toolbox

(Mathworks, Natick, MA).

Mapping of virtual patients to PRECISESADS patient clusters
Seven biomarkers distinguishing the PRECISADS clusters (Figure 3B) were assigned toQSPmodel species (Figure 5B) using reason-

able scientific assumptions, as the mechanistic QSP model does not contain the exact biomarkers included in the PRECISESADS

dataset. These seven biomarkers were used as filters using threshold values defined from average levels of each individual biomarker

in the PRECISESADS clusters C1-C4 (Figures S2–S4). The filtering criteria wasmore or less stringent for each biomarker based on the

ranking in the tree ensemble analysis (Figure 3).

(1) IFNa and IFNGS were the two mandatory filters, and the VPs selected matched the distribution observed in real patients from

clusters C1-C4 (Figures 6A and 6B),

(2) To be selected, the VP then had to match 2 out of the 5 remaining filters (pro-inflammatory cytokines, T cells, pDCs, macro-

phages, B cells) which were considered less stringent, based on the lower ranking in the ensemble analysis and their less

discriminative distribution in the C1-C4 clusters (Figures S5–S7).

QUANTIFICATION AND STATISTICAL ANALYSIS

Datasets used in this study
Data used to define species and parameters used in the QSP model were found in the literature and listed in Tables S1A, S1B, S1C,

S1D, and S2–S6.

The PRECISESADS dataset was used for clustering analysis and listed in the key resources table.

Statistical analysis
Statistical analysis was performed inMATLAB. Anifrolumab and S95021 CLASI-A clinical response in the Vpopwere compared using

a T-test.

In the analysis of PRECISESADS lupus patients’ descriptive statistics, statistical significance was determined by global Kruskal-

Wallis test for numerical variables and by global Fisher exact test for categorical variables.
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