'.) Check for updates

CPT: Pharmacometrics & Systems Pharmacology

ASCPT

| ArTICLE CEEED

A Combined Model-Based Meta-Analysis of Aggregated and
Individual FEV1 Data From Randomized COPD Trials

Liang Yang! 2 | Carolina Llanos-Paez! | Shuying Yang? | Claire Ambery? | Alienor Berges? | Maria C. Kjellsson! 2 |
Mats O. Karlsson!

!Department of Pharmacy, Uppsala University, Uppsala, Sweden | 2Clinical Pharmacology Modelling and Simulation, GSK, London, UK

Correspondence: Mats O. Karlsson (mats.karlsson@uu.se)
Received: 23 October 2024 | Revised: 24 April 2025 | Accepted: 29 May 2025
Funding: GlaxoSmithKline funded this research in the form of a Research payment to Uppsala University.

Keywords: aggregated data | aggregation bias | combined modeling | COPD | individual-patient data

ABSTRACT

Model-based meta-analysis allows integration of aggregated-level data (AD) from different clinical trials in one model to assess
population efficacy/safety. However, AD is limited in individual-level information, while individual-patient-level data (IPD) are
hard to obtain. Combined modeling may take advantage of both sources. Chronic obstructive pulmonary disease (COPD) is a
leading cause of poor health and death. This study established a combined ADIPD model of COPD clinical trials with forced
expiratory volume in 1s (FEV1) as an endpoint and explored methods for estimating interstudy variability (ISV), interindividual
variability (IIV), and aggregation bias. Stochastic simulation and estimations (SSE) showed the best method in NONMEM to
estimate ISV/IIV: using SLEVEL with equal weight of studies; for the AD part, ISVs from the AD model were fixed, estimating
IIV with separate ETAs for each arm; the IPD part shared the fixed ISV and estimated ITV. An approximated normal distribu-
tion was derived for lognormal ITV to avoid aggregation bias. Covariate correlations were different at aggregated and individual
levels, but did not introduce aggregation bias according to SSE. A separate AD model (published) and IPD model were built, then
combined to form the ADIPD model. The ADIPD model included FEV1 baseline, disease progression, placebo effect, and Emax/
constant dose-responses for 23 compounds. Identified covariate relationships: higher age, female, higher disease severity, non-
current smoker related to lower baseline; higher baseline related to faster disease progression and higher drug effects. Covariate
coefficients were estimated more precisely in the ADIPD model than the AD model. ADIPD modeling allows more informed
clinical trial simulations for study design.

Trial Registration: ClinicalTrials.gov identifier: NCT01053988 and NCT01054885

JEL Classification: Model-Based Meta-Analysis

1 | Introduction in information about interindividual variability (IIV) and co-

variate relations that can explain such variability and possibly

Model-based meta-analysis (MBMA) allows the integration of
aggregated-level data (AD) from different clinical trials into one
pharmacometric model to assess and compare the efficacy and
safety of different treatments and estimate interstudy variabil-
ity (ISV) with covariate relations. However, AD data are limited

lead to ecological fallacies [1]. Meanwhile, individual patient-
level data (IPD) are typically expensive to acquire, not always
available, and more computationally consuming. Combined
modeling with both AD and IPD may take advantage of the in-
formation in both data types and allow more informed clinical
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Summary

« What is the current knowledge on the topic?

o Model-based meta-analyses of aggregated data
(AD) of COPD clinical trials have been published.
However, AD lacked information and model infer-
ence on the individual-level. Combined modeling of
AD and individual-patient data (IPD) is not widely
applied.

« What question did this study address?

o This study aims to establish a combined ADIPD
model for COPD, including finding methods for es-
timating interstudy and interindividual variability
(ISV and IIV) and solving aggregation bias.

« What does this study add to our knowledge?

o A method utilizing $LEVEL and an interoccasion
(I0V)-like approach was found suitable to estimate
ISV/IIV in NONMEM. An approximate normal dis-
tribution was derived for lognormal ITV for AD to
avoid aggregation bias. Different covariate correla-
tions in AD and IPD did not introduce aggregation
bias. The combined ADIPD model of COPD was
built and estimated both IIV and ISV and covariate
coefficients.

« How might this change drug discovery, development,
and/or therapeutics?

o This study proposed relevant methods and building
strategies for the combined ADIPD model. The com-
bined model took advantage of both AD and IPD
and could allow more informed clinical trial simu-
lations for designing studies.

trial simulations for designing studies. Compared to using AD
alone, the inclusion of IPD has been reported to have benefits
in improving ecological inference [2] and parameter estima-
tion [3-5].

Various methods have been developed to combine aggregate
data (AD) and individual patient data (IPD), each with distinct
characteristics and approaches. These methods include: (1)
the two-stage approach, (2) IPD reconstruction, (3) multilevel
modeling, and (4) Bayesian hierarchical regression [6]. The
two-stage method reduces IPD to AD to allow combining with
additional AD, ignoring IPD information. Reconstruction of
IPD can be done for binary or ordinal AD by sampling binary/
ordinal distributions; then the reconstructed data are combined
with IPD. The multilevel modeling allows different levels of
data to contribute towards the estimation of different levels. The
Bayesian hierarchical regression applies Markov Chain Monte
Carlo methods, allowing AD and IPD to share information on
common parameters. Among these methods, the multilevel
modeling method is the most widely applied technique in phar-
macometrics with tools such as NONMEM and MONOLIX |[7].
Despite its compatibility with combined AD-IPD frameworks,
practical applications of multilevel modeling in this domain are
uncommon. In this study, we showcase the building of a com-
bined ADIPD model by the multilevel modeling method. A major
issue in ADIPD modeling is aggregation bias [8], which refers to
situations where parameter estimates based on aggregate-level

data are systematically different from those based on individual-
level data.

Chronic obstructive pulmonary disease (COPD) is the seventh
leading cause of poor health and the third leading cause of death
in 2019 according to the World Health Organization [9]. According
to the Global Initiative for Chronic Obstructive Lung Disease
(GOLD) [10], COPD is defined as “a heterogeneous lung condition
characterized by chronic respiratory symptoms (dyspnea, cough,
expectoration and/or exacerbations) due to abnormalities of the
airways (bronchitis, bronchiolitis) and/or alveoli (emphysema)
that cause persistent, often progressive, airflow obstruction.”
COPD results from multiple risk factors such as smoking, air pol-
lution, prematurity and genetics [9, 10]. The therapy is guided by
the severity of airflow limitation, symptoms, exacerbations and
multimorbidity. The medication includes short-/long-acting 32 ag-
onists (SABA/LABA), short-/long-acting anticholinergic (SAMA/
LAAC) and combined therapies with inhaled corticosteroids
(ICS) like LABA+LAMA, LABA+ICS and LABA+LAMA+ICS
[10]. COPD is a heterogeneous disease, patients experience exac-
erbations due to suboptimal management [10, 11]. The modeling
approach could help predict drug efficacy and identify subpopula-
tions for target treatment [12]. The incorporation of multiple clin-
ical trials in modeling helps to fully reflect disease progression/
variation in the population.

Legacy MBMA models [13] of randomized COPD trials have
been developed with endpoints as mean forced expiratory vol-
ume in 1s (FEV1) and exacerbation rate. The latest MBMA
model evaluated mono-, dual-, and triple-therapies of broncho-
dilators and anti-inflammatories from 298 studies [13]. None of
the MBMA models included IPD. In this paper, IPD of two clin-
ical trials [14, 15] of the 298 studies were available, which could
be used for combined ADIPD modeling.

This study aims to establish a combined model for the AD and
IPD of COPD clinical trials, including finding suitable meth-
ods for estimating ISV/IIV and solutions to possible aggrega-
tion bias.

2 | Methods
2.1 | Data Description

AD: AD were the same dataset as the published MBM A model
paper [13]. The dataset contained 4137 mean morning trough
FEV1 measurements from 298 studies of 250,543 patients
until November 24, 2020, involving 23 compounds in mono-,
dual-, or triple-therapies. The below two studies of IPD were
also included among these 298 studies of AD. To avoid rep-
lication, these two studies were excluded from AD for the
ADIPD model.

IPD: The IPD of two clinical trials [14, 15] of mono- or dual-
therapies of fluticasone furoate/vilanterol were obtained from
GSK. The two studies are 24-week, randomized, stratified (by
smoking status), placebo-controlled, double-bind, parallel-
group, and multicenter studies. The demographic information
of interest and FEV1 observations during treatment were sum-
marized in Table S1 (details in publications [14, 15]).

20f11

CPT: Pharmacometrics & Systems Pharmacology, 2026

85U8017 SUOWWOD SAERID 3|(deoldde 8Ly Aq peusenob ase sejolie VO ‘85N JO Sa|n 10y Aiq1T8U1UO A8]IA LD (SUOTHPUOD-PUR-SLLIBY/WIO 4B | 1M ARe.d1jBu 1 [UO//SdhL) SUORIPUOD Pue SWLe | 8L 88S *[9202/80/8T] Lo Ariqiauluo /(1M ‘Arigi AseAun eesddn Aq 65002 #dsd/z00T 0T/10p/woo A3 (1M Ateiqipujuo idose//:sdiy Woiy pepeojumoa ‘Z ‘9202 ‘90£8E9TZ



2.2 | Evaluation of Different Methods to Estimate
ISV/IIV for the Combined ADIPD Model

The combined modeling of AD and IPD involves three levels
of variabilities: ISV, IIV, and residual variability. In the com-
bined ADIPD model, IIV contribution to variability in AD was
defined as ITV variance/N. The remaining variability in AD is
apportioned between ISV and residual variability. To deal with
more than two levels in NONMEM, the $LEVEL method and
the interoccasion variability (IOV)-like method [16] were ex-
plored. $LEVEL functionality allows additional nested ran-
dom levels (NONMEM 7.5.1). By default, option LEVWT=0
weights each study equally, regardless of the number of subjects.
Alternatively, LEVWT =1 weights according to the number of
subjects. The I0V-like method assigns different random vari-
ables (ETAs) to the individuals of the lower level and forces
them to originate from the same distribution. One limitation
of the IOV-like method is that it requires as many ETAs as the
number of individuals at the lower level. In our AD, there are a
maximum of 10 arms. However, IPD have over 1000 individuals
within a study, which means over 1000 ETAs are required, caus-
ing unacceptable run-time. The two methods can be combined
by applying the IOV-like method to AD only while sharing ITV/
ISV with SLEVEL.

These methods were tested using stochastic simulation and es-
timation (SSE) by NONMEM 7.5.1 and Perl-speaks-NONMEM
5.3.1 (PsN). Overall, there were eight settings:

1. $SLEVEL, LEVWT=0, estimate ISV
2. $LEVEL, LEVWT=0, fix ISV to AD-only estimate
3. $LEVEL, LEVWT=1, estimate ISV
4. $LEVEL, LEVWT =1, fix ISV to AD-only estimate

5. $SLEVEL, LEVWT =0, IOV-like method for AD, estimate
ISV

6. SLEVEL, LEVWT =0, I0V-like method for AD, fix ISV to
AD-only estimate

7. $LEVEL, LEVWT =1, I0V-like method for AD, estimate
ISV

8. SLEVEL, LEVWT =1, I0V-like method for AD, fix ISV to
AD-only estimate

The SSE data were set to the same size as the real dataset, and
for simplicity, it was assumed all arms were placebo. The param-
eter values and model structure were set similarly to the original
AD model, but with a simpler placebo model without a mixture
component. Parameter bias and precision were used as criteria
to compare methods.

2.3 | Aggregation Bias and Solving Methods

The nonlinearity of AD models leads to aggregation bias
when applied to infer individual-level relationships [8]. For
example, when age is added as a nonlinear covariate effect
f(age), E(f (age)) # f (E(age)), which causes aggregation bias. The

parameter in f(age) will not have the same interpretation in AD
and IPD models if the degree of nonlinearity is high [17].

To avoid aggregation bias, nonlinearities of the original AD and
IPD model were analyzed and solved in three ways: (1) revise
nonlinear relationships as linear, (2) use normal distribution to
approximate lognormal distribution of ITV, and (3) explore pos-
sible effects introduced by covariate correlations.

2.3.1 | Revise Nonlinear Relationships as Linear

Three nonlinear parts of the published AD model [13] were revised
to linear relationship: a mixture model of Emax(t) and immediate
placebo effect was revised to an immediate placebo effect; a step
function of baseline as a covariate effect on drug effect was revised
to a linear equation; the covariate effects of lowest/highest disease
severity on baseline, formulated as a variable of the two (lowest
and highest), was revised to a single covariate (lowest+highest)/2
on baseline to keep consistent with IPD part of the model.

2.3.2 | Use Normal Distribution to Approximate
the Lognormal Distribution of IIV

The ITV of baseline in the IPD model followed a lognormal dis-
tribution. However, the means of IIVs are not lognormally dis-
tributed, and an approximate normal distribution was derived
as described below.

An individual parameter Py (Equation 1) and its mean P_y

(Equation 2) of one arm were defined. Py, followed a lognor-

mal distribution and log(Py) followed a normal distribution

N (log(), »*) (Equation 3). The expectation and variance of Py,
w?

were )« e> and (¢ — 1) « 0% « 2 (Equations 4 and 5). According

to the central limit theorem, P; approximately followed a normal

2 2 2
? e’ —1)e0ee”
distribution with the expectation# « e > and variance %

(Equations 6-8). This approximation is valid under a large sample
size N or small variance w? The number of individuals within
one arm ranged from 18 to 5724, and the variance of baseline was
about 0.04 in AD, which meets the requirements.

PU =0 o el y

n~N(0,0%) ey
where i: study, j: arm, k: individual, P is a parameter.

— 1
P = mean(P; )= 5 (Pji + Py + Py + ...

i +Pyy) ()

where N is the number of patients in one arm.
log(Py) =10g() + ny, log(P) ~ N (log(6), »?) €)

let 4 = log(0), o = w, the expectation and variance of Py, are:
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According to central limit theory,

P~N(E(P),V(P)) ©)
E(P)=E®P)= 0ees ™

® _ o 02 ¢ o
vp) = R = ©

The above approximate distribution was evaluated by simula-
tion in R 4.3.3 and an SSE using PsN and NONMEM. In the sim-
ulation, the true distribution of the mean baseline was derived
by calculating the mean of the individual baseline, where the
individual baseline was simulated by a lognormal distribution
(sample sizes were 20, 200, 1000, and 5000), and then compared
with the approximate distributions. The simulation was repeated
1000 times. In the SSE analysis, individual data were simulated
by a model with baseline (lognormal distributed) and linear dis-
ease progression (normally distributed). Simulation parameter
values were set according to the AD model [13]. Aggregated data
was calculated by averaging the individual data. The simulation
data included 10 studies, 10 arms for each study, and 200 pa-
tients for each arm. Estimation of aggregated data by two mod-
els of lognormal or approximate normal distribution of baseline
was performed, respectively. Other parts of the two models were
linear, and no drug effect was included. The SSE was repeated
100 times.

2.3.3 | Exploration of Possible Effects Introduced by
Covariate Correlations

Four covariates were added on baseline in the AD and the IPD
models: age, sex, disease severity and smoking. The correlations
of the individual covariates were calculated by assuming the
variance/covariance is the sum of the variances/covariances
of aggregated data and individual data within a study [18] as
shown in Equation (9).

covariance,p, + covariancepp, imin

\/(variancelAD + variancelIPDwithin) . (varianceZAD + varianceZIPDwimm)
©

where variancel | 2, and variancel | 2;pp,,imi, are the variances,
of covariate 1 or 2, of AD and IPD within a study, respectively
and covariance,, and covariance;pp,,;;,;, are the covariances, of
covariates 1 and 2, of AD and IPD within a study, respectively.
As there were two IPD studies, the means of (co)variances of the
two studies were used as (co)variance pp,itnin:

An SSE analysis was conducted to investigate whether differences
in covariate correlations resulted in estimation bias. Individual co-
variates age and sex were simulated by two-layered randomness:
firstly, simulated mean age and mean sex for each study applying
the same mean/variance/correlation of real AD, then using simu-
lated means as the expectations to simulate individual covariates
in each study applying the same variance/correlation of real IPD.
The dataset with simulated age/sex and a model with the covariate

effect of age/sex on baseline were used to simulate individual data.
The AD was generated by averaging the IPD. Model estimation
was performed on the AD and IPD datasets to check the estima-
tion bias of covariate effects. The SSE was repeated 100 times.

2.4 | The Workflow and Structure of the Combined
ADIPD Model

The published AD model [13] was revised and linearized to avoid
aggregation bias and keep consistent with IPD, as described above.

The IPD model was built separately and followed a similar struc-
ture to the original AD model. Various placebo models (no placebo/
immediate/linear/saturable models), ITV structures (exponential/
additive), and error models (additive/proportional/power) were
tested. In IPD, fluticasone furoate and vilanterol were dosed alone
or in combination; thus, the interaction effect of the two drugs was
tested. Covariate modeling was performed using scmplus (PsN,
5.3.1) with forward inclusion (p <0.05) and backward elimination
(p<0.01). Age, disease severity, smoking, and sex were investi-
gated on baseline, disease progression slope, and drug effects.

The combined ADIPD model was established based on the sep-
arate AD and IPD models. The ADIPD model followed the same
structure as the original MBMA model [13] (Equation 10) (Code
in Supporting Information).

FEV1 = By + PBOy = DP;; + Ejj + POStBD jopyecion + €17 (10)

Where the notations represent: i: i" study; j: j' individual or
arm; B: baseline of FEV1; PBO: placebo effect, a constant value
at time >0; DP: disease progression effect, linear function
of time; E: effect of drug, Emax or constant equation of dose,
with onset time function for some drugs; PostBD ., rection: a1 €S-
timated proportional correction for studies where the change
from baseline (CFB) in trough FEV1 could be transformed to
absolute value (absolute FEV1=FEV1 baseline + CFB) but the
FEV1 baseline value was measured post short-acting broncho-
dilator (post-SABD) [13]; err: error model. For AD, it was an
additive error model scaled by sample size err = <42, For IPD,
err = IPRED®»r « ¢ 1y« EXP(1,,,). IPRED is the indiVidual pre-
diction of FEV1, €4, or €;pp, is a random variable of residual error
for AD or IPD. y,,, is IIV on residual error [19]. 6 represents

power
the relationship between residual error and IPRED.

Note: if both FEV1 baseline and FEV1 during treatment were
measured post-SABD, a mean absolute reversibility of 0.18 L was
added to FEV1 baseline and a fractional reduction in the overall
LABD effect was estimated [13].

Covariates from the AD and IPD models were added to the
combined ADIPD model. Redundant covariate relationships
were removed, for example, if age was added on baseline and
predicted baseline was added on drug efficacy, then age on
drug efficacy was removed as its effect would have been ac-
counted for through the baseline-age relationship. The signif-
icance of the covariates was tested by backwards elimination.
Extemporaneous single value imputation of missing values of
age and medical history/background were performed based
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on multi-linear regression [20] as described in the MBMA
model [13]. The missing values of smoking were also imputed
based on the same method [20] (regression model in supple-
mentary code in Supporting Information). The fraction of
missing disease severity was small (0.62%) and replaced with
the median value.

A linear combined ADIPD model was also established by setting
all relationships linear, without applying the above linearization
methods. The linear model was compared with the nonlinear
model to evaluate the advantages of applying non-linear rela-
tionships and linearization methods.

The combined models were evaluated by model convergence,

reasonable parameter ranges, model fitting plots and visual pre-
diction check (VPC) plots.

2.5 | Applications and Benefits of the Combined
ADIPD Model

The relative standard errors (RSE) of covariates were compared
between the original AD model and the combined ADIPD model.

The combined model was applied to the simulation of mul-
tiple trials. First, the four covariates (age, sex, smoking,

TABLE1 | Covariate correlations of AD and IPD.

and disease severity) were simulated by R for a population
of 100 studies, 200 patients per study. The covariates were
simulated according to Table 1 by two-layered randomness:
(1) simulated mean of the covariates for each study, (2) then
use the simulated means as expectation to simulate individ-
ual covariates. Second, the drug effects of two treatments
(vilanterol 25 g, vilanterol/fluticasone furoate 25/200 ug) on
FEV1 for 24 weeks were simulated on the virtual population
by NONMEM. Parameter uncertainty was not included in the
simulation.

3 | Results

3.1 | Evaluation of Different Methods to Estimate
ISV and IIV for the Combined AD and IPD Model

SSE results indicated the best method (Figure 1, red rectangle)
for estimating ISV/IIV for combined modeling of many AD (298
studies) and a few IPD (2 studies): using $LEVEL with equal
weight of studies (LEVWT =0); for the AD part, ISV from the
AD model were fixed, estimating ITV with separate ETAs for
each arm (the IOV-like method, with ETA scaled with the size
of arm); the IPD part shared the fixed ISV and estimated IIV.
The method of applying $LEVEL for both the AD and IPD parts
($LEVEL, levwt =0 or 1, fix/not fix ISV) did not work well. This

Covariate Correlation of IPD within study® Correlation of IPD* Correlation of AD Ratio of AD to IPD
age_sexb 0.141 0.150 0.301 2.005
age_COPD¢ 0.013 0.040 0.251 6.300
age_smokingd —0.322 —0.336 —0.587 1.746
sex_COPD 0.045 0.060 0.177 2.958
sex_smoking —-0.094 —-0.116 —0.484 4.170
COPD_smoking -0.015 —0.039 -0.237 6.134

2“Correlation of IPD within study” is individual correlation within one study, while “correlation of IPD” is the overall individual correlation which includes both
“correlation of IPD within study” and “Correlation of AD” (Equation 9).

bSex is categorical in IPD (0 =female, 1 =male) but is continuous in AD (proportion of male, 0 to 1).

°COPD is disease severity level and is categorical in IPD (level =1, 2, 3, 4) but is continuous in AD. COPD of AD was calculated by (highest disease level +lowest
disease level)/2.

dSmoking is categorical in IPD (0 =not smoker, 1=smoker) but continuous in AD (proportion of smokers, 0 to 1).

(estimate-true)/true
N
&

Relative error

TH_B TH_DPS TH_PMX TH_logPT50 oM_IivB

OM_IIVDPS OM_IsvB OM_ISVDPS OM_ISVPMX Sl_add

E (1) SLEVEL levwt=0,estimate ISV E (3) SLEVEL levwt=1,estimate ISV E (5) SLEVEL levwt=1,10V-like method for AD estimate ISV [—] (7) SLEVEL levwt=0,I0V-like method for AD,estimate ISV

Settings

(2) SLEVEL levwt=0,fix ISV E (4) SLEVEL levwt=1,fix ISV

E (6) SLEVEL levwt=1,10V-like method for AD,fix ISV |E (8) SLEVEL levwt=0,10V-like method for AD,fix ISV

FIGURE1 | Comparison of different methods to estimate ISV/IIV in the combined model. SSE was repeated 100 times. The parameter estimates

of different methods are shown in different colors. The notation in the figure: B: baseline; DPS: disease progression slope; OM: omega, random effect

parameter for ISV/IIV; PMX: maximal placebo effect; PT50: time when placebo effect reaches 50%; SI: sigma, random effect for residual error mod-

el; TH: theta, fixed effect parameter; The method of best performance is highlighted in red rectangle. The version without y-scale truncation of this

figure is shown in Figure S2.
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was probably due to the small number of arms (maximum 10)
within each study for the AD, which was insufficient for esti-
mating two-level variabilities. Applying IOV-like methods for
both the AD and IPD is impractical, as the methods require each
individual to have their own ETA, resulting in over 1000 ETAs
for one IPD study, causing long run-times.

3.2 | Aggregation Bias and Solving Methods

The published AD model was linearized. The linearization and
revision did not significantly change the model fitting perfor-
mance (Figure S1). The parameter values other than the revised
part were similar to the originally published model [13] with a
maximum change fold from 0.774 to 1.41.

The simulations of the baseline parameter showed that the dis-
tribution of individual parameter values across all 1000 simu-
lations followed a lognormal distribution (Figure 2, left panel)
whereas the true distribution of the parameter mean (Figure 2,
right panel, red curve) was close to the approximated normal
distribution (Figure 2, right panel, blue curve). The lognormal
distribution with variance scaled by sample size N (Figure 2,
right panel, green curve) showed a discrepancy from the true
distribution, where its median was smaller than the true dis-
tribution. With the sample size N increasing, the variances of

IPD distribution

all three distributions became smaller, and the discrepancy be-
tween the green and red curves was more apparent.

An SEE was performed to evaluate the effect of this aggrega-
tion bias on estimation. The SSE results showed that the AD
model using the lognormal distribution (Figure 3A, green bar)
had biases of 8% and 10% on baseline parameters, both typical
(TH_B) and variance (OM_B), respectively. TH_B in this AD
model tended to be estimated higher than the true value, which
was consistent with the simulation results in Figure 2. In com-
parison, disease progression was assumed to follow a normal
distribution in individual simulations, and there was no bias in
the slope (TH_DPS) or its variance (OM_DPS). The adjusted AD
model using an approximate normal distribution (Figure 3A,
blue bar) showed no biases. The precision of parameters was
lower in AD models compared to the IPD model. The two AD
models showed no difference in objective function value (OFV)
(Figure 3A, bottom right panel), which indicated that the two
models could not be distinguished according to OFV. In the
combined ADIPD model, the application of approximate normal
distribution on baseline contributed to a decrease in OFV of 64,
which indicated that consistency in AD and IPD within a com-
bined model can improve the fitting.

The four covariates (age, sex, disease severity (COPD level) and
smoking) showed higher correlations at the aggregated level
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FIGURE2 | Simulations of distributions of individual parameter and aggregated parameter, use FEV1 baseline as an example for illustration. The
individual parameter baseline was simulated following a lognormal distribution 1000 times with different sample sizes per arm, and the individual
parameter distributions across all 1000 simulations are shown (left column). The distribution of the parameter mean was simulated by three ways:
calculation of mean (the true distribution, red curve); same lognormal distribution as the individual parameter with scaled SD = (individual SD)/ \/ N
(green curve); and the approximate normal distribution (blue curve). The sample size of each arm was set as 20, 200, 1000, 5000.

60of 11

CPT: Pharmacometrics & Systems Pharmacology, 2026

85U8017 SUOWWOD SAERID 3|(deoldde 8Ly Aq peusenob ase sejolie VO ‘85N JO Sa|n 10y Aiq1T8U1UO A8]IA LD (SUOTHPUOD-PUR-SLLIBY/WIO 4B | 1M ARe.d1jBu 1 [UO//SdhL) SUORIPUOD Pue SWLe | 8L 88S *[9202/80/8T] Lo Ariqiauluo /(1M ‘Arigi AseAun eesddn Aq 65002 #dsd/z00T 0T/10p/woo A3 (1M Ateiqipujuo idose//:sdiy Woiy pepeojumoa ‘Z ‘9202 ‘90£8E9TZ



A —_ TH B — TH _DPS — OM B
S 0.09T— 3 — g =
£ $ £ £ o5 4
= 0.061 e T 0.4+ ®
g g |
= = 00+ = e — | ———— - = g
8 003; g 8%
I I I | | |
S o 5-0.11 5 00T - ————--
5 0.00+ T 5 5
GZ, g 0 2_ g _0'2-
S 003 s 5 L
o -U. T T T [3) T T T [3) T T T
o IPD AD ADadjust IPD AD ADadjust IPD AD ADadjust
—_ OM_DPS — Si 24 °
[0) - (0]
= £ 0151 ° °
) 3
£ 0.3 £ 0.101 14
9 9
[0 ©
£ £ 0.051 g
FACKE S el S g S == 3 Sl
[ ]
1 n0.00+ —
o IS
£ 03 £
o ® .0.054 14
2 2
3 -0.61 . . ; 010+, . . i
14 IPD AD  ADadjust X IPD AD  ADadjust OFV difference (ADadjust - AD)
., THB ., THDPs o TH_BAGE1
£ ° £ £ 0.050
°© © 0.05- 0
5 =} =}
£ 0019 o ) = £ 0.025- 7
9 9 9
© © ©
£ 000t - -1 £ oo00+ - -| £ o000+ — -
[} [ [
QL K 8 |—'—|
£ 0.017 ® - L -0.0251 a8
S 4 £ -0.051 £
20,024 E: 2 -0.0501
5 I ° ° T
° | hd T ? 4 © 0075 | .
IPD AD IPD AD IPD AD
.  TH_BSEX ., OMB o sl
£ 021 s 2 ° 2
) Ol T
£ ° £ £ 0.034
[0)
£ 01 ¢ £ 01 -
£ ® £ £ g
§ ' Sm)/ Sm’, 0.00 + —— — -
' 0oL ? 1 |5 0.0+ __.__ N - 3
2 ! ' £ 2 0034
o 9 0.1 o
= ® = =
ERORE & 5
3 | ¢ s . . g -0.067 ! !
& IPD AD e IPD AD x IPD AD

FIGURE3 | (A)SSEresults of aggregation bias caused by the lognormal distribution of IIV assumption. IPD model (red) and two AD models were
applied to estimate parameters of baseline (lognormal IIV distribution) and disease progression slope (normal IV distribution) using 100 simulated
datasets. The simulated datasets of AD were obtained by averaging the simulated datasets of IPD. The two AD models were applied to the lognormal
distribution (green) and the approximated normal distribution (blue) of baseline. The final panel (black bar) showed the difference in OFVs of the
two AD models. (B) SSE results of aggregation bias caused by covariate correlation. The IPD model (red) and the AD model (green) were applied to
estimate parameters of baseline (normal IIV distribution) and disease progression slope and covariates on baseline of 100 simulated datasets. The
simulated datasets of AD were obtained by averaging the simulated datasets of IPD. TH_BAGE1 and TH_BSEX were covariate coefficients of age
and sex on baseline respectively.
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than at the individual level (Table 1). This phenomenon could be
explained by measurement error and confounding factors [18]
such as inclusion criteria, study locations and population differ-
ences across studies. To test how this difference in covariate cor-
relation would affect estimations, the SSE was performed based
on covariate distributions similar to the real data. The results
(Figure 3B) indicated that this correlation difference did not in-
troduce parameter bias. However, the precision of the parame-
ters was reduced in the AD model.

3.3 | The Combined ADIPD Model
The AD model was linearized as described in the above section.

The IPD model followed a similar model structure as the AD
model. After testing different options, the model structure of no
placebo effect, exponential ITV on baseline, and additive IIV on
disease progression/vilanterol efficacy were applied. The model
with drug interaction did not significantly decrease OFV (less
than 0.1); drug interaction was therefore not included in the
model. The results of covariate modeling showed that higher
age was related to lower baseline and lower vilanterol efficacy;
higher disease severity was related to lower baseline, lower
vilanterol efficacy, and slower disease progression; non-current
smoker and female sex were related to lower baseline (Table S2).
The model showed a good fitting performance and prediction
performance (Figure S3).

The ADIPD model structure followed a similar structure to
the original AD model. The parameter estimates are shown in
Table S3. IPD and AD parts shared the same model equations,
except residual error model and lognormal II'V. Residual error
models were different for AD and IPD parts: AD applied an ad-
ditive error model and IPD applied a power error model with
IIV. The error sources of AD included additional data collection
errors (e.g., digitization), compared to IPD. The IIV of the dis-
ease progression slope in AD was excluded because it was small
after being scaled by the sample size, and its omission helped
reduce computation time. The diagnostic plots showed that the
combined model fitted the observations well (Figure S4A). The
ISV/IIV followed reference normal distribution (Figure S4B),
apart from the ISV in DPS, which demonstrated a relatively
high shrinkage (43.4%). Prediction-corrected VPC showed ob-
servation percentiles were in the range of prediction intervals
(Figure S4C).

The combined model included covariates from both AD and IPD
models and redundant covariate relationships were removed
(details in Table S4). The included covariate relationships:
higher disease severity, higher age, female, non-current smoker
were related to lower baseline; higher predicted baseline related

to higher drug efficacy and faster disease progression. All these
covariates were statistically significant after backward stepwise
modeling, with the OFV increasing from 15 to 563 when any one
of the covariates was removed. Inclusion criteria of exacerbation
history only existed as a covariate for AD as all IPD individuals
had no exacerbation history.

A linear ADIPD model was established by making all rela-
tionships linear to avoid aggregation bias. The linear ADIPD
model showed a higher OFV (-85,860) compared to the nonlin-
ear ADIPD model (—90,035). Besides, the linear ADIPD model
showed worse diagnostic plots than the nonlinear model (not
shown). Therefore, applying appropriate nonlinear relationships
and linearization methods in the ADIPD model improved data
description.

3.4 | Applications and Benefits of the Combined
ADIPD Model

Comparing the ADIPD model to the original AD model, the
covariate estimates in the combined ADIPD model had higher
precision (Table 2).

The combined model simulation showed both study-level and
individual-level variations (Figure 4). In the figure, the two
treatments (vilanterol 25ug, vilanterol/fluticasone furoate
25/200pg) performed slightly differently on the same set of
population, and males showed on average higher FEV1 than
females.

4 | Discussion and Conclusions

We have built a combined ADIPD model of COPD random-
ized clinical trials. The combined method of $LEVEL/IOV and
fixing ISV was identified as a suitable method of ISV/IIV esti-
mation for this combined model with many AD and a few IPD
studies. The distribution of the mean of parameters with lognor-
mal ITV was approximated by a normal distribution according to
the central limit theorem. Although the covariates’ correlations
in AD were larger than those in IPD, this did not introduce ag-
gregation bias. New significant covariates (sex and smoking on
baseline) and multiple-level variabilities (ISV/IIV) were identi-
fied in the ADIPD model. Covariate/variability precisions were
improved through combined ADIPD modeling.

Several covariates were identified as significant for FEV1 base-
line, and the underlying mechanisms are analyzed here. A
negative correlation between age and baseline is possibly due
to physiological lung aging [10]. Females showed a lower base-
line, which could be due to combined effects of sex differences

TABLE 2 | Improvement on precisions of covariate estimates of the combined model.

Relative standard error Disease severity Age on Baseline on anti- Baseline on
(RSE%) on baseline baseline inflammatory drug effect bronchodilator effect
Original AD model 6.7% 21.5% 37.1% 33.1%
Combined ADIPD model 1.8% 3.8% 25.7% 15.4%
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FIGURE 4 | The simulation from the combined ADIPD model with two treatments (vilanterol 25 ug, vilanterol/fluticasone furoate 25/200 ug).
The two treatments were applied to the same virtual population of 100 studies, 200 patients per study. The distributions of FEV1 on the 24th week
were plotted. The black dashed lines are the density plots of the simulated overall populations across all the studies in each panel. The vertical lines
represent the means of the simulated overall populations across all the studies in each panel, and the values of mean and variance of the simulated

overall population were noted for each panel. Curves of different colors represent different studies. The figure was facet by sex and treatments. The
blue dashed lines are the density plots of the observed FEV1 at 24 weeks from study NCT01054885, and patient numbers were: VIL 25 ug: 35 for fe-

male and 116 for male, VIL/FF 25/200 ug: 53 for female and 110 for male.

in anatomy (smaller airways, lungs and respiratory musculature
in women [21-23]), hormonal differences [24], and more severe
COPD symptoms in females than males [25]. Current smokers
showed 3.6% higher FEV1 baseline than non-current smokers
in the model. However, this correlation does not imply causality.
Smoking does not improve FEV1; rather, patients tend to cease
smoking in the more severe COPD stage [26-28]. This study did
not differentiate study- and individual-level covariate effect,
while Riley [29] proposed a two-level covariate model which
allowed AD or IPD to contribute to the two levels separately.
Furthermore, different covariates can be incorporated into a
two-level model without restrictions, and linearization of the
covariate equation is not required. We provide a two-level co-
variate model in the Supporting Information.

The method of estimating ISV/IIV in this study is a two-step
process; firstly, use a pooled dataset of both AD and aggrega-
tion of IPD to estimate ISV, then fix the ISV and estimate IIV
with combined AD and IPD. This method was chosen due to the
dataset characteristics: many AD studies and a few IPD studies,
and only a few arms in each AD study. In addition, LEVWT can
only take values 0/1, that is, weight estimation of each super-ID
equally with study as super-ID for AD and IPD, or weight by ID
number within a super-ID where patient is ID in IPD, and study
isID in AD. Weight estimation by study population size recorded
as a covariate in the dataset is not possible. Such a combination
of many AD and few IPD studies is common as pharmaceutical
companies usually have a few in-house studies of IPD and many

publicly available AD. It is worth developing more direct meth-
ods for such a special case of the multi-level variability problem.
The estimation may also consider allowing different weights of
AD and IPD by sample size.

Aggregation bias was a major problem for ADIPD modeling
and should be considered when trying to apply AD results to
illustrate IPD questions. The typical value of baseline decreased
from 1.17L (AD model) to 1.07 L (ADIPD model) after correction
of lognormal ITV. This is shown in Figures 2 and 3A, where the
theta of the uncorrected lognormal distribution of AD would be
overestimated. Therefore, it was suggested to use the approxi-
mate normal distribution for the lognormal IIV of AD model-
ing. In this model, the residual error structures of AD and IPD
differ, likely due to variation in ISV and distinct error sources.
For instance, AD may include digitization inaccuracies from lit-
erature extraction; dropout impact could be more pronounced
in AD compared to IPD; additionally, AD representation in the
literature varies between raw data and least-square means de-
rived from MMRM analyses, influencing residual error. The
difference in covariate correlation between AD and IPD is dif-
ficult to explain; this difference may be due to combined effects
of measurement error and confounding factors. The estimation
of the covariate coefficient, however, was not affected by this
correlation difference according to SSE results.

We have not explored dropout-related bias as dropout informa-
tion was lacking in AD. Some studies handled dropout using
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MMRM, whereas in other studies, the average response was
estimated without consideration for dropout. When dropout is
due to disease progression (e.g., decline in FEV1), handling dis-
continuations via MMRM is expected to produce less bias in the
disease slope estimate compared to omitting discontinued sub-
jects from the analysis [30]. The IPD analysis can be expected to
be even less affected by dropout due to individual-level informa-
tion and the hierarchical structure of the model. In principle, a
dropout model developed on IPD can be included in the ADIPD
model to correct the bias. However, dropout patterns can often
differ between studies and drugs, and with only two IPD studies
in this work, it is unlikely a reliable strategy.

The ADIPD model could be utilized to support the design of
clinical trials such as designing inclusion criteria by simulat-
ing efficacy for virtual subpopulations [31], and comparing new
treatments to standard of care/competitors across studies. In a
mixed treatment comparison meta-analysis, ADIPD could im-
prove precision of therapy comparison for malaria [32].

In summary, the combined ADIPD modeling allowed better es-
timation of IV and related covariate effects. The information on
aggregated and individual level data could be used together to
generate virtual populations incorporating both individual- and
study-level variabilities to assist clinical trial designs.
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