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Abstract
Asthma is a complex, heterogeneous disease with a high unmet medical need, 
despite therapies targeting a multitude of pathways. The ability to quantitatively 
integrate preclinical and clinical data on these pathways could aid in the devel-
opment and testing of novel targets and therapeutics. In this work, we develop a 
computational model of asthma biology, including key cell types and mediators, 
and create a virtual population capturing clinical heterogeneity. The simulated 
responses to therapies targeting IL- 13, IL- 4Rα, IL- 5, IgE, and TSLP demonstrate 
agreement with clinical endpoints and biomarkers of type 2 (T2) inflammation, 
including blood eosinophils, FEV1, IgE, and FeNO. We use the model to explore 
the potential benefit of targeting the IL- 33 pathway with anti- IL- 33 and anti-
 ST2. Model predictions are compared with data on blood eosinophils, FeNO, and 
FEV1 from recent anti- IL- 33 and anti- ST2 trials and used to interpret trial re-
sults based on pathway biology and pharmacology. Results of sensitivity analyses 
on the contributions of IL- 33 to the predicted biomarker changes suggest that 
anti- ST2 therapy reduces circulating blood eosinophil levels primarily through 
its impact on eosinophil progenitor maturation and IL- 5- dependent survival, and 
induces changes in FeNO and FEV1 through its effect on immune cells involved 
in T2 cytokine production. Finally, we also investigate the impact of ST2 genetics 
on the conferred benefit of anti- ST2. The model includes representation of a wide 
array of biologic mechanisms and interventions that will provide mechanistic in-
sight and support clinical program design for a wide range of novel therapies 
during drug development.
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INTRODUCTION

Asthma is a heterogeneous disease with a high unmet 
medical need. The type 2 (T2) high variety is clinically 
distinguished by eosinophilia and the elevation of T2 cy-
tokines, including IL- 5, IL- 4, and IL- 13,1 which regulate 
eosinophils,2 B cells,3 airway constriction, and NO pro-
duction.4 Conversely, T2 low asthma is characterized by 
reduced T2 cytokines, FeNO, blood eosinophils, and IgE.5 
T2 low asthma remains poorly understood but may be 
associated with IL- 17, or TNF- �, and other clinical phe-
notypes, such as obesity- dependent or pauci- granulocytic 
asthma.5,6 Although much is known about asthma etiol-
ogy, accurate prediction of clinical efficacy of novel thera-
peutics remains a challenging task.

The alarmin IL- 33 may play a central role in asthma 
exacerbation. It is released by airway epithelial cells in 
response to cigarette smoke, allergens, and viruses, and 
drives inflammatory processes in cells that expressing the 
ST2 receptor. Inhibition of the IL- 33 pathway promotes 
Th1 responses while reducing Th2 activity in vitro and in 
rodent models,7 whereas administration of IL- 33 upregu-
lates T2 cytokines in ST2- expressing cells. ST2 inhibition 
may therefore impact T2- associated clinical endpoints and 
reduce exacerbation rates. This hypothesis was recently 
confirmed in the Zenyatta phase II clinical trial of the an-
ti- ST2 molecule astegolimab, with significant reductions 
observed in exacerbations in both eosinophil high and low 

populations8 (see e.g., ref. 9 for an overview of recent and 
ongoing clinical investigations).

The focus of the current work Is to explore in silico the 
effects of several therapies and to predict the efficacy of 
anti- IL- 33 and anti- ST2 therapy for a severe asthmatic pop-
ulation. We compare these predictions with recent clinical 
data and explore the impact of IL- 33/ST2 pathway associ-
ated biology. To do this we utilize a quantitative systems 
pharmacology (QSP) model of asthma (see e.g., ref. 10  
for an overview of QSP model application). Our model is 
more expansive than previous models that either focused 
on eosinophil hematopoiesis and trafficking,11 the regu-
lation of leukotriene and 5- lipoxygenase inhibitors,12 or 
the role of DP2.13 An early disease model predicted initial 
failures of non- stratified anti- IL- 5 trials,14 but does not in-
clude recent targets, such as TSLP or IL- 33. Ongoing clini-
cal development, such as the approval of mepolizumab in 
2015, dupilumab in 2018, tezepelumab in 2021, and the in-
vestigation of anti- ST2 and anti- IL- 33, highlight the need 
for QSP models that holistically integrate newer therapies 
and pathways beyond IL- 5/IL- 13.

Our model captures the cellular effect of therapies and 
subsequent impact on clinical end points, including FeNO 
(a marker of T2 inflammation15), eosinophils (which 
may directly contribute to asthma severity16), and FEV1 
(a measure of airway function), for severe, uncontrolled 
asthma. Calibration is verified using data from therapies 
targeting IL- 5, IL- 13, IL- 4Rα, TSLP, and IgE, and further 

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
The IL- 33/ST2 pathway contributes to activation of immune cells and may con-
tribute to asthma exacerbation. Phase II trials of anti- IL- 33 therapy demonstrated 
increases in FEV1 and decreases in blood eosinophils, whereas anti- ST2 therapy 
demonstrated a decreased rate of exacerbation.
WHAT QUESTION DID THIS STUDY ADDRESS?
This work investigates the IL- 33/ST2 pathway using computational modeling to 
predict biomarker changes and provide insights into the respective contributions 
of multiple inflammatory pathways toward relevant clinical end points.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
This computational model developed includes multiple highly relevant pathways, 
cell types, and therapies. Analysis reveals a disconnect between the observed ef-
fects of anti- IL- 33 versus anti- ST2, and suggests that non- type 2 biology may sig-
nificantly contribute to the clinical response of ST2 inhibition, highlighting the 
need for further investigations into these mechanisms.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, 
AND/OR THERAPEUTICS?
The model will be used for continuing support of multiple therapeutics through 
in silico investigations to support trial design, assess relative importance of as-
sociated pathways, and better understand the mechanistic origins of clinical phe-
notypes of interest.
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validated against held- out anti- TSLP data. We then predict 
the impact of inhibition of IL- 33 (etokimab) and validate 
against recent studies of monotherapy anti- IL- 33 or com-
bination with anti- IL- 4Rα (dupixent, REGN- 3500). Using 
the validated model, we predict the outcome of anti- ST2 
therapy with astegolimab and compare with results from 
the Zenyatta phase IIb trial.8 We further predict the impact 
of a genetic variant associated with reduced IL- 33 activity.  
Last, we perform sensitivity analyses to investigate the 
role of IL- 33- dependent pathways in driving biomarker 
changes. In total, our model provides mechanistic insights 
into multiple T2- dependent pathways and in particular 
provides the basis for a quantitative understanding of the 
role of IL- 33/ST2 biology in severe asthma.

METHODS

The model represents cells and mediator molecules within 
physiological components, including airway wall tissue, 
smooth muscle, peripheral circulation, and bone mar-
row. Model components and interactions are illustrated 
in Figure 1 and summarized in Tables S1 and S2. A de-
tailed description of biological modules and pharmacoki-
netics are presented in the Supplementary Information. 
The model was developed using the Simbiology Toolbox 
in MATLAB (Mathworks) and gQSPSim.17 All model 
equations, rules, and reactions can be found in the 
Supplementary Excel tables.

Reference subject and virtual populations

Model development followed our previously described 
general QSP workflow.18 After biological scoping and 

model construction, a “reference patient” was devel-
oped that matches the average of the clinical data at 
each timepoint for multiple therapies. We then devel-
oped a virtual population (Vpop) based on the popula-
tion of the LAVOLTA I/II clinical trials of lebrikizumab 
in patients with severe asthma,19 matching baseline 
and response to therapy. The Vpop was subdivided as 
in LAVOLTA into eosinophil high (>300 cells/μl) and 
low (≤300 cells/μl) subpopulations, based on blood 
levels prior to therapy. These populations differ in 
baseline eosinophils, Th2s, and B cells, overall T2 in-
flammation (including IL- 4, IL- 13, and IL- 5 levels), and 
airway smooth muscle layer thickness. Model param-
eters used in the Vpop are shown in Table S3. The Vpop 
development process is described in more detail in the 
Supplementary Information.

Pharmacokinetics of therapeutics

Pharmacokinetic (PK) models for each therapy were 
built using published data or derived from established 
PK/pharmacodynamic (PD) models, see Supplementary 
Information for details. We are primarily interested in un-
derstanding the heterogeneous response in the Vpop due 
to population variability. Thus, we do not explore variabil-
ity in PK in the present work.

RESULTS

Reference patient calibration

The reference patient was calibrated to be consistent 
with data for patients with severe asthma on inhaled 

F I G U R E  1  The asthma QSP 
model captures numerous immune cell 
components across tissue compartments, 
including airway wall, circulation, 
and the bone marrow. Effects such as 
proliferation, recruitment, and activation 
of immune cells are regulated by 
diffusing mediators including cytokines, 
chemokines, and granulocyte products. 
QSP, quantitative systems pharmacology.
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corticosteroids (ICS) and long- acting β2 agonist (LABA). 
The clinical data used in calibration, model verification, 
and validation are captured in Table  S4. Model simu-
lations generally capture reference data at baseline for 
cells (Figure  2a) and mediators (Figure  2b); for data 
and units see Table  S5. Percent change from baseline 
are also captured, see Figure S1. Together, these results 
establish that the model details and representation are 
sufficient to quantitatively capture relevant clinical 
data.

Virtual population development and  
validation

The severe asthma Vpop captures essential biomarkers 
including blood eosinophils, FeNO, FEV1, and IgE, which 
reflect different disease axes and which respond to dif-
ferent therapies. Thus, capturing and predicting clinical 
responses for these biomarkers lends confidence to the 
robustness of the underlying biological implementation.

We simulated anti- IL- 13 treatment dosed at 37.5 
and 125 mg, s.c. Q4W. Simulated baseline blood eosin-
ophils, FeNO, FEV1, and IgE are compared with data in 
Figure 3a– d for the two severe subpopulations; additional 
biomarkers are shown in Figure S2. T2 cytokines includ-
ing IL- 4, IL- 5, and IL- 13 are lower in the eosinophil low 
population, whereas IL- 33 and TSLP levels are compa-
rable between the subpopulations. FeNO and IgE levels 
are lower for the eosinophil low subpopulation in both 
data and simulations. Biomarker changes are compared 
in Figure 3e– h. All clinical biomarker changes were pla-
cebo subtracted. The Vpop captures the dose- dependent 
increase in blood eosinophils, especially in the eosinophil 
high subpopulation, and dose- dependent improvement in 

FeNO, FEV1, and IgE. Additional biomarker changes are 
shown in Figure S3.

The Vpop was further validated for therapies with dis-
tinct targets, including IL- 5, IL- 4Rα, IgE, and TSLP. The 
simulated Vpops are matched to the corresponding trial(s) 
and compared with clinical data, summarized in Table S4. 
Due to differences among trial populations, we compare 
relative changes rather than absolute values. Simulations 
generally agree with data for blood eosinophils, FeNO, and 
FEV1, see Figure 4. Simulations were performed using the 
nonspecific severe Vpop (mepolizumab and omalizumab) 
or the eosinophil high subpopulation (remaining thera-
pies). Predicted response to anti- TSLP therapy was further 
validated using the phase IIb PATHWAY trial20 of tezepe-
lumab, and predicted changes for biomarkers not used in 
calibration: blood IL- 5 decreases 62.6% (−87.0%, −15.0%) 
versus 65.8% observed, and blood IL- 13 decreases 49% 
(−71.8%, −12.5%) versus 51.7% observed at the adminis-
tered dose of 210 mg s.c. Q4W.

Biomarker response to therapies

The model yields insights into biomarker changes and 
effects in tissues not typically accessible in patients. 
Biomarker changes for each therapy are summarized in 
Figure S4.

The model captures clinical data from multiple end 
points and therapies. For example, eosinophil recruitment 
is regulated by IL- 13 via endothelial adhesion molecule 
expression21 and chemokine production. This is captured 
in the model, and simulations of anti- IL- 13 or anti- IL- 
4Rα therapy increase blood eosinophils as was observed 
clinically.19 Tissue eosinophils also decrease, consistent 
with clinical findings.22 In contrast, simulated anti- IL- 5 

F I G U R E  2  Comparison of biomarker 
clinical data (blue) with reference patient 
simulation (red) for severe asthmatic 
individuals on ICS and LABA background 
therapy shown for (a). cellular 
abundances and (b). mediator molecules. 
Error bars represent the range of observed 
data if available, otherwise mean ± 2 
standard deviations; simulations represent 
a single simulated reference patient and 
have no error bars. Numerical values and 
units are shown in Table S5. ICS, inhaled 
corticosteroids; LABA, long- acting β2 
agonist.
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decreases blood eosinophils, in agreement with clinical 
observations. TSLP activates production of T2 cytokines 
and promotes eosinophil proliferation and survival in the 
bone marrow. Simulated anti- TSLP therapy reduces T2 
cytokine production, decreasing recruitment, and reduces 
eosinophil maturation with an overall net decrease in 
both tissue and blood eosinophils. Last, anti- IgE therapy 
reduces FcεRI- mediated activation of mast cells and ba-
sophils and their production of T2 cytokines. IL- 4, IL- 13, 
and IL- 5 production all decrease, and the result is a net 
decrease in blood eosinophils (Figure S1).

Epithelial nitric oxide production is influenced by 
IL- 13 and IL- 4.23,24 Simulated treatment with anti- IL- 13, 
anti- IL- 4Rα, or anti- TSLP downregulate these pathways, 
recapitulating the observed drops of 30– 40% in FeNO. 
Anti- IgE therapy reduces FeNO to a lesser degree than 
therapies directly targeting these pathways. In contrast, 
anti- IL- 5 does not directly affect IL- 4 or IL- 13 pathways, 
and anti- IL- 5 thus minimally impacts FeNO, as was seen 
clinically for mepolizumab.

FEV1 is impacted by mediators of bronchoconstric-
tion such as IL- 13, IL- 4, histamine, or leukotrienes. 

F I G U R E  3  Comparison of clinical data (blue) with the calibrated simulation values (red) for a Vpop based on the LAVOLTA I/II trials 
of severe asthmatics on ICS and LABA background therapy, treated with lebrikizumab. Simulations and data are shown for eosinophil 
high and low subpopulations for baseline (a) blood eosinophils, (b) FeNO, (c) FEV1, (d) IgE, and percent change from baseline for (e) blood 
eosinophils, (f) FeNO, (g) FEV1, and (h) IgE. The mean values are plotted with the middle 50% interval for simulations and standard error 
for data. EOS, eosinophil; ICS, inhaled corticosteroids; LABA, long- acting β2 agonist; Vpop, virtual population.

F I G U R E  4  Comparison of treatment effects on percent change from baseline in (a) Blood eosinophils, (b) FeNO, (c) FEV1 in 
clinical data (blue) and simulated data (red) in the eosinophil high subpopulation. Simulations were performed for high dose anti- IL- 13 
therapy (lebrikizumab 125 mg Q4W s.c.), anti- IL- 5 (mepolizumab 250 mg Q4W i.v.), anti- IL4Rα (dupilumab 200 mg Q2W s.c.), anti- TSLP 
(tezepelumab 280 mg Q2W s.c.), and anti- IgE (90% reduction in IgE). Simulations are shown as time- average mean values and time- average 
middle 50% interval of the simulation values. Data are shown as mean and standard error.
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Simulations of anti- IL- 13, anti- IL- 4Rα, and anti- TSLP 
lead to significant increases in FEV1, see Figure  4c. 
Whereas simulated anti- IL- 5 reduces LT and histamine, 
it does not significantly improvement FEV1 in this 
population.

As described above, the eosinophil high subpopulation 
has greater levels of T2 cytokines, eosinophils, and ASM 
thickness. These differences are reflected in both baseline 
biomarker levels and response to anti- IL- 13 therapy, in-
cluding stronger decreases in multiple cytokines, chemok-
ines and tissue eosinophils, and greater increases in blood 
eosinophils, see Figure 3.

Simulations and predictions for IL- 33/ST2 
targeted drugs

The model includes the following ST2 pathway effects: 
regulation of T2- cytokine production by ST2 expressing 
cells, including basophils, Th2s, mast cells, and ILC2s; 
proliferation of eosinophils and bone marrow progeni-
tor cells; recruitment of eosinophils; antigen presenta-
tion by dendritic cells; and degranulation of basophils, 
mast cells, and eosinophils. The strengths of IL- 33- 
dependent effects were based on published and inter-
nal in vitro data (see Supplementary Information). The 
PK of anti- IL- 33 therapy was based on etokimab phase I 
data.25 In addition, data from the phase I clinical study 
of healthy volunteers dosed with the anti- ST2 molecule 
astegolimab (data not published) were used to inform 
a PK model for s.c. anti- ST2 therapy. We calibrated the 
effect of IL- 33 on bone marrow eosinophil progenitors 
to capture observed drops in this population, consistent 
with the known role of IL- 33 in eosinophil proliferation 
and survival.

Predictions for anti- IL- 33 therapy in 
patients with severe asthma

To investigate IL- 33/ST2 pathway inhibition, we first 
simulated anti- IL- 33 therapy and compared results to 
two recent clinical studies. First, we simulated 300 mg i.v. 
anti- IL- 33 therapy as in the etokimab phase IIa trial,26 and 
validated predictions for FEV1 and blood eosinophils. As 
expected, simulated anti- IL- 33 led to reduced eosinophils 
and increased FEV1, and showed good agreement with 
clinical data, see Figure 5a,b.

We next simulated a phase II study of mono-  and 
combination- therapy of anti- IL- 4Rα (dupilumab) and 
anti- IL- 33 (REGN- 3500). The study found superior re-
sponse of dupilumab versus anti- IL- 33 monotherapy, 
and no significant benefit of combination therapy over 
dupilumab monotherapy.27 Likewise, model simulations 
predict that combination of anti- IL- 33 and anti- IL- 4Rα is 
not significantly better than anti- IL- 4Rα alone for FeNO 
and blood eosinophils reduction, see Figure 5c. Anti- IL- 33 
is predicted to impact both eosinophil recruitment and 
survival, with the net impact being a reduction in blood 
eosinophils. FEV1 predictions for combination and mono-
therapies are similar, with slightly more improvement for 
dupilumab or combination compared to anti- IL- 33 mono-
therapy, suggesting little benefit for combination over anti- 
IL- 4Rα alone. FEV1 changes are also well captured for this 
population, see Figure 5d (variability not reported).

Predictions for anti- ST2 therapy in patients 
with severe asthma

Following the validation of appropriate predicted re-
sponses to anti- IL- 33, we next simulated the Zenyatta  

F I G U R E  5  Validation of model predictions for anti- IL- 33 therapy. Simulations show predicted change from baseline for treatment with 
etokimab 300 mg i.v. for (a) blood eosinophils and (b) FEV1. Data are shown as blue points; simulation mean and 95% interval are shown as 
a blue band plot. (c) Simulation predictions of blood eosinophils and FeNO for combination anti- IL- 33/anti- IL- 4Rα study for 300 mg Q2W 
of either anti- IL- 4Rα (blue), anti- IL- 33 (red) or both anti- IL- 4Rα and anti- IL- 33 (orange). Error bars show mean and middle 50% interval 
of simulation values. (d) Comparison of clinical (blue) and simulated (red) FEV1 improvements for anti- IL- 33, anti- IL- 33+ dupilumab, or 
dupilumab. Error bars represent the mean and middle 50% interval.
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phase IIb trial of anti- ST2 (astegolimab) to predict changes 
in clinical biomarkers. This clinical population was en-
riched for eosinophil low patients, and the Vpop was ad-
justed to the same subpopulation distribution. Simulations 
were performed for the study’s three treatment doses: 
70 mg, 210 mg, and 490 mg, s.c., Q4W for 52 weeks.

We predicted the steady- state change in blood eosino-
phils (Figure 6a), FeNO (Figure 6b), and FEV1 (Figure 6c), 
and compared them with the clinical data. Interestingly, 
despite accurate predictions for anti- IL- 33, we observed 
substantial discrepancies for anti- ST2. For example, blood 
eosinophils decreased ~45% versus 28% at 70 mg, 46% ver-
sus 30% at 210 mg, and 47% versus 32% at 490 mg in sim-
ulations versus observed data, respectively. Mean FeNO 
reductions are also overpredicted compared to the clinical 
data: 19% versus 6%, 23% versus 2%, and 25% versus 6% 
for 70, 210, and 490 mg Q4W, respectively, although the 
clinical data are highly variable. FEV1 changes are over-
estimated as 2.6% versus 1.0%, 3.2% versus 2.0%, for 70 
and 210 mg, respectively, whereas they are underpredicted 
(3.5% vs. 6.0%) 490 mg. These discrepancies reveal a less- 
than- expected clinical impact of the treatment on T2 path-
ways, whereas the FEV1 underprediction at the high dose 
is driven primarily by the T2 low subpopulation (see ref. 8 
Supplementary Data). Taken together, these results suggest 
the importance of either unidentified differences between 
the anti- IL- 33 and anti- ST2 trials populations, or non- T2 
pathway effects of ST2 not captured by the QSP model.

Predictions for anti- ST2 therapy in patients 
with a protective ST2 single- nucleotide 
polymorphism

In addition to the common variant of ST2, a variant with 
reduced risk of asthma has been identified.28 This single- 
nucleotide polymorphism (SNP) shows an approximately 
four- fold reduction in IL- 33 affinity for ST2.29 We ran 

simulations to explore the impact of this SNP for anti-
 ST2 therapy in eosinophil high and low subpopulations, 
see Supplementary Information (“Effect of ST2 SNP vari-
ants on anti- ST2 response”). Simulations indicate that the 
reduced potency lessens the influence of IL- 33, thereby 
reducing the impact of anti- ST2, especially for blood eo-
sinophils, see Figure S5.

Exploration of IL- 33/ST2 pathway biology

We next performed sensitivity analyses to investigate the 
different roles that anti- IL- 33 and anti- ST2 therapy play in 
regulating clinical biomarkers. We analyzed the eosino-
phil high and low subpopulations separately to identify 
possible differential response. For simplicity, we divided 
the effects of IL- 33/ST2 into two sets of pathways: axis 1 
captures primarily T2 cytokine production effects, and 
axis 2 captures the remaining effects (see Supplementary 
Information for implementation details). For the sensi-
tivity analysis, we varied the shift in IL- 33 half- maximal 
effective concentration (EC50) induced by anti- ST2 from 
0% (no effect) to 100% (nominal effect) of the “base case” 
value based on in vitro data, see Figure 7.

For the eosinophil high population, blood eosino-
phils drop by up to 46% at maximum effect on both axes 
(Figure  7a, top right). This drop appears to be predomi-
nantly driven by axis 2 (y axis) pathway effects, which 
includes ST2 effects on eosinophil progenitor prolifera-
tion and survival, suggesting a more potent role for these 
mechanisms in anti- ST2 compared to inhibition of T2 cy-
tokine production. Axis 1 inhibition results in increased 
blood eosinophils (due to IL- 4/13 recruitment effects), 
most prominently for weak axis 2 inhibition (moving left 
to right along the bottom of the graph). FEV1 increases by 
as much as 7.7% at maximal inhibition for both axes (base 
case), and appears to be determined primarily by axis 1 
effects, presumably due to the impact of IL- 4 and IL- 13 

F I G U R E  6  Predicted effects of anti- ST2 therapy compared to data for the Zenyatta clinical trial. Simulations for the nominal values of 
ST2 inhibition are shown in red, and compared with clinical data in blue. Simulations and data show mean biomarker changes for (a) blood 
eosinophils, (b) FeNO, and (c) FEV1. Error bars represent the middle 50% range of the simulations and SEM for the data.
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effects on bronchoconstriction, see Figure  7b. FeNO de-
creases up to 33% (base case), and is also primarily axis 
1- dependent, consistent with the direct regulation of NO 
production by IL- 4 and IL- 13, see Figure 7c.

As with the eosinophil high subgroup, the eosinophil 
low group blood shows eosinophils regulated mainly 
by axis 2 effects. However, increases in blood eosino-
phils with axis 1 inhibition are not observed (Figure 7d, 
lower right corner), presumably due to the relatively low 
concentrations of T2 cytokines in this subpopulation. 
Interestingly, stronger maximum decreases are predicted 
compared to the eosinophil high group. The fewer eo-
sinophils at baseline leads to a larger percent reduction, 
despite smaller absolute change in eosinophil numbers. 
Predicted FEV1 increases are minimal throughout, with 
a maximum of 2.2%, increasing primarily along axis 1, see 
Figure  7e. In the Zenyatta trial, the eosinophil low sub-
group (≤150 cells/μl) showed up to 11% increase in FEV1 
versus placebo at high dose, and less than 3% for other 
doses, whereas the eosinophil high subgroup showed no 
significant difference. This strong effect is not captured by 
the model, suggesting an additional, unknown role for T2 
low pathways in driving FEV1 changes. FeNO also shows 
strong dependence on axis 1 effects, and drops of up to 
~22% for the base case, see Figure 7f. In total, the eosino-
phil low subgroup is predicted to show less response than 
the eosinophil high subgroup, across biomarkers, due to 
the generally lower levels of T2 cytokines downstream of 
IL- 33 regulation.

DISCUSSION

Asthma involves diverse mechanisms, and correspond-
ingly a variety of pathways are targeted clinically with 
several more drugs in development. The model developed 
in this work provides a framework for integrating data 
from multiple interventions, capturing their impact on 
different clinical phenotypes. Vpops representing severe 
eosinophil/T2 high and low asthma were calibrated and 
validated for consistency with therapies targeting IL- 13, 
IL- 5, IL- 4Rα, TSLP, and IgE. These Vpops were used to 
explore the impact of anti- IL- 33 and anti- ST2 therapy.

A key aspect of this work has been exploration of the 
IL- 33/ST2 pathway and its effect on clinical end points. 
Predictions for anti- IL- 33 showed good agreement for 
blood eosinophils, FeNO, and FEV1 versus data from anti- 
IL- 33 and anti- IL- 33/anti- IL- 4Rα combination therapy 
trials. Surprisingly then, simulations for anti- ST2 overpre-
dicted biomarker changes in the phase II study of astego-
limab. Interestingly, the clinical improvement was driven 
primarily by a subset of T2- low patients, whereas T2- high 
patients showed negligible improvement. This suggests the 
existence of unknown or non- T2- related ST2- mediated ef-
fects absent in the model. For example, IL- 33 and ST2 pro-
duction are represented as steady- state processes, whereas 
IL- 33 may only be released sporadically in response to ep-
ithelial cell injury or death. Investigating such hypotheses 
may help resolve differences between anti- IL- 33 and an-
ti- ST2 and improve simulation agreement.

F I G U R E  7  Predicted changes in biomarkers for severe asthmatics on 490 mg Q4W s.c. of anti- ST2 as a function of anti- ST2’s impact 
on axis- 1 and axis- 2 pathways. Mean changes at steady- state are shown for the eosinophil high population (top row): (a) blood eosinophils, 
(b) FEV1, (c) FeNO and eosinophil low population (bottom row): (d) blood eosinophils, (e) FEV1, and (f) FeNO.



1276 |   GADKAR et al.

To better understand the nuanced impact of ST2 on 
endpoints like blood eosinophils, we used a sensitivity 
analysis to perform a systematic exploration of two axes 
of key biological effects. This suggested that (i) the direct 
impact of anti- ST2 on eosinophil progenitors is the dom-
inant cause of reduced circulating eosinophils; and (ii) a 
direct impact of anti- ST2 therapy on T2 cytokines includ-
ing IL- 13 and IL- 4 is necessary to drive significant changes 
in FEV1 and FeNO. This approach can delineate the com-
plex relationship between ST2- driven effects, biomarker 
changes, and efficacy in clinical subpopulations. We fur-
ther explored anti- ST2 for a protective ST2 variant, observ-
ing weaker treatment responses in these patients. Such 
efforts may inform future clinical study development.

Beyond IL- 33/ST2, TSLP is also a promising target 
due to its upstream role in a range of asthma- associated 
pathways. IL- 33 and TSLP have overlapping immune 
cell targets involved in T2 cytokine production and eo-
sinophil regulation. Hence, therapies targeting these are 
expected to produce similar responses. Tezepelumab 
effectively reduced annualized asthma exacerbation 
rates (60– 70%, versus placebo) in a phase IIb trial in-
dependently of baseline eosinophils,30 and in the 
NAVIGATOR phase III trial,31 with somewhat less ben-
efit in the eosinophil low population. Meanwhile, an-
ti- ST2 decreased exacerbations by 42% versus placebo 
in the high dose group,8 with greater benefit in the eo-
sinophil low group (51.4% reduction vs. 13.3% for the 
eosinophil high group). The relationship between bio-
markers and exacerbations is nuanced, in particular 
for composite end points, such as CompEx,32 and thus 
predictions may require advanced methods such as in a 
recent “repeated time- to- event” model.33 Although we 
do not model exacerbations, the greater predicted de-
crease in T2 biomarkers for anti- TSLP versus anti- ST2 
is consistent with the greater clinical reduction in exac-
erbation rates.

To our knowledge, this model represents the broadest 
effort to date to holistically integrate data across multiple 
studies of asthma. Even so, a key area for development is 
the explicit inclusion of non- eosinophilic mechanisms, 
such as IL- 17 and neutrophil biology thought to play a role 
in T2- low asthma. These effects are currently subsumed 
into the model structure through calibration. Future de-
velopment will continue to include approved asthma 
medications and those currently being investigated, with 
explicit representation of background therapies, such as 
ICSs, β2 agonists, and muscarinic receptor antagonists. 
Finally, model extension through non- mechanistic, sta-
tistical modeling may predict additional clinical features 
and end points, such as exacerbations, rescue medication 
use, symptom scores, and events associated with wors-
ening of disease severity. Overall, this model provides a 

mechanistic basis for understanding, predicting, and op-
timizing mechanisms of action for the next generation of 
asthma therapeutics.
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