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Abstract
Non-alcoholic fatty liver disease and non-alcoholic steatohepatitis describe a col-
lection of liver conditions characterized by the accumulation of liver fat. Despite 
biopsy being the reference standard for determining the severity of disease, non-
invasive measures such as magnetic resonance imaging proton density fat frac-
tion (MRI-PDFF) and FibroScan® controlled attenuation parameter (CAP™) can 
be used to understand longitudinal changes in steatosis. The aim of this work 
was to describe the exposure–response relationship of ervogastat with or without 
clesacostat on steatosis, through population pharmacokinetic/pharmacodynamic 
(PK/PD) modeling of both liver fat measurements simultaneously. Population 
pharmacokinetic and exposure–response models using individual predictions 
of average concentrations were used to describe ervogastat/clesacostat PKPD. 
Due to both liver fat endpoints being continuous-bounded outcomes on different 
scales, a dynamic transform-both-sides approach was used to link a common la-
tent factor representing liver fat to each endpoint. Simultaneous modeling of both 
MRI-PDFF and CAP™ was successful with both measurements being adequately 
described by the model. The clinical trial simulation was able to adequately pre-
dict the results of a recent Phase 2 study, where subjects given ervogastat/clesa-
costat 300/10 mg BID for 6 weeks had a LS means and model-predicted median 
(95% confidence intervals) percent change from baseline MRI-PDFF of −45.8% 
and −45.6% (−61.6% to −31.8%), respectively. Simultaneous modeling of both 
MRI-PDFF and CAP™ was successful with both measurements being adequately 
described. By describing the underlying changes of steatosis with a latent vari-
able, this model may be extended to describe biopsy results from future studies.
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INTRODUCTION

Non-alcoholic fatty liver disease (NAFLD) encompasses 
a range of liver conditions characterized by hepatic tri-
glyceride accumulation.1 The condition often remains 
benign, but can lead to inflammation, hepatocellular 
damage, and fibrosis upon progression to non-alcoholic 
steatohepatitis (NASH).2 This progression is associated 
with a dramatic increase in liver-specific and overall 
mortality rates, rising from 0.77 and 15.44 deaths per 
1000 person-years to 11.77 and 25.56, respectively.3 With 
the concerning growth in the prevalence of NAFLD in 
the United States, rising from 20% to 32% over a 20-year 
period,4 and the significant economic burden associated 
with this disease,5 it is clear there is an urgent need for 
therapies for these diseases.

The accumulation of lipids in the liver, referred to as 
hepatic steatosis, is a key trigger in the complex patho-
genesis that culminates in NASH.6 The measurement of 
this steatosis can be an important part of understanding a 
patient's current disease state, alongside other markers of 
progression. Liver biopsy is the reference-standard mea-
surement for diagnosis of NAFLD and NASH,7 with stag-
ing determined through histological review conducted by 
a pathologist. As part of broader histopathological scor-
ing systems such as NAFLD activity score-fibrosis stage 
(NAS-FS)8 or steatosis-activity-fibrosis (SAF),9 an integer 
score is used to describe the extent of steatosis (0 – <5%; 
1 – 5–33%; 2 – 34–66%; 3 – >67%, for both systems).

The use of liver biopsy to quantify steatosis has mul-
tiple limitations, despite its historical “gold standard” 
status. The invasiveness of the procedure and inter-rater 
variability are both significant problems.10 While the 
latter can be handled through reaching a consensus be-
tween multiple pathologists, the invasive nature of a bi-
opsy prevents repeated measurements, over time, from 
being performed. To circumvent this limitation, there are 
a growing number of non-invasive procedures to quantify 
steatosis using ultrasound and magnetic resonance imag-
ing (MRI) methods, with FibroScan® controlled attenua-
tion parameter (CAP™) and MRI-derived proton density 
fat fraction (MRI-PDFF) being the most common.11,12 
These measurements are both more suitable to evaluate 
longitudinal changes in steatosis, though are not without 
their own limitations with MRI-PDFF requiring expensive 
equipment and CAP™ being highly operator-dependent 
(a common limitation of all ultrasound technologies) and 
variable.13

Treatment options for NASH are currently limited, 
with emphasis on lifestyle modifications and managing 
comorbidities, and only one agent garnering conditional 
approval (in the USA) for the management of NASH with 
F2-F3 fibrosis.14 However, many promising pharmacolog-
ical therapies, targeting the root cause of metabolic dys-
function, are currently under development.15 Amongst 
these agents are mechanisms that decrease de novo lipo-
genesis thereby decreasing hepatic steatosis, a contributor 
to the development of NAFLD. Ervogastat and clesacostat, 

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
Ervogastat and clesacostat are both under development for the treatment of 
NASH, inhibiting diacylglycerol acyltransferase 2 and acetyl-coenzyme A car-
boxylase, respectively.
WHAT QUESTION DID THIS STUDY ADDRESS?
The description of the relationship between ervogastat and clesacostat treatment 
on liver fat using population pharmacokinetic and exposure–response models 
was assessed. The correlation between liver fat endpoints MRI-PDFF and CAP™ 
was estimated as part of this assessment.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
Reduction in liver fat resulting from ervogastat and clesacostat as monotherapy 
and combination therapy were described using an exposure–response model. 
MRI-PDFF and CAP™ were described simultaneously accounting for shared 
changes in these liver fat endpoints with a single latent variable.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, 
AND/OR THERAPEUTICS?
This approach may be used for other therapeutics to incorporate all information 
collected on liver fat and provides a base model that could be extended to describe 
steatohepatitis scores measured by biopsy.
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which target diacylglycerol acyltransferase 2 (DGAT2) 
and acetyl-coenzyme A carboxylase (ACC), respectively, 
both play a major role in decreasing hepatic steatosis. 
Both drugs have shown favorable reductions in liver fat as 
monotherapy,16 with an aim to administer the two drugs 
concomitantly resulting in an improved pharmacothera-
peutic profile.

The aim of this work was to describe the longitudi-
nal exposure–response relationship of ervogastat and 
clesacostat on liver fat. The use of multiple measures of 
liver fat is expected to improve the ability of PK/PD mod-
eling to identify an exposure–response relationship over 
additional measurement times, however, the correlation 
between different measures of liver fat are not well ex-
plained with linear correlations17 nor do they have con-
sistent thresholds corresponding to individual liver fat 
grades from biopsy.13,18 Simultaneous modeling of MRI-
PDFF and CAP™ sought to describe the common factor 
described by these measurements (liver fat) exploring the 
correlations between the two measures and developing a 
model that could be extended to describe liver biopsy re-
sults from future studies.19

MATERIALS AND METHODS

Study data

Clinical trial data used for pharmacokinetic and exposure–
response modeling were pooled from a total of 14 studies, 
with 9, 8, and 4 studies used for the ervogastat, clesacos-
tat and liver fat analyses, respectively.16,20,21 Studies con-
sisted of 11 Phase I studies (NCT02871037, NCT03092232, 
NCT03230383, NCT03309202, NCT03372044, NCT0​
3513588, NCT03534648, NCT03597217, NCT03871439, 
NCT04044053, NCT04091061) and 3 Phase II studies 
(NCT03248882, NCT03776175, NCT04399538). All study 
protocols, their amendments, and informed consent 
documentation for studies included in the analyses were 
reviewed and approved by institutional review boards, 
and all studies were conducted in accordance with Good 
Clinical Practice, the Declaration of Helsinki, and local 
regulations. A full description of each study and investiga-
tors can be found in the Tables S1 and S2. A full descrip-
tion of bioanalytical assays and imaging methods is listed 
in the Supplemental Information.

Pharmacokinetic model

Population PK models for both ervogastat and clesacos-
tat were developed using all available plasma concentra-
tions. Base models were developed considering one- and 

two-compartment kinetics, in addition to first-order, zero-
order, and mixed absorption models. Base models were 
used to conduct covariate analysis using a full model esti-
mation approach with pre-specified covariates.22,23 A de-
tailed description of the methods for population PK model 
development is available in the Supporting Information.

Exposure–response model

Continuous-bounded outcomes

A dynamic transform-both-sides (dTBS) approach24 was 
used to normalize the distribution and constrain model 
predictions within the boundary of each endpoint (MRI-
PDFF: 0–100%; CAP™: 100–400 dB/m). The transforma-
tion allowed model parameter values to be estimated 
within the scale of the transform (−∞ to ∞), with model 
predictions being converted back to the original scale of 
each endpoint for interpretation (Equation  1). Full de-
scription of the equations for the calculation of the log-
likelihood of transformed and boundary data is detailed in 
the Supporting Information.25

where y is the observed/predicted endpoint in the original 
scale (linear domain), a and b are the endpoint-specific 
lower and upper boundaries and α is the Aranda-Ordaz 
transform coefficient. z(y) is the first step of the transforma-
tion changing the scale of the endpoint to be bound between 
0 and 1 and h(z(y)) is the completed transformation with no 
finite boundaries.

Model equations

The underlying steatosis quantified by MRI-PDFF 
and FibroScan® CAP™ were modeled using a latent 
variable approach inspired by the common factor 
model. The common factor model assumes that different 
measurements share the same underlying construct and is 
most often seen in factor analysis and structural equation 
modeling.26,27 By making this assumption, the inter-
individual variability (IIV) of these endpoints is split into 
the shared variance (Ψ) representing the latent construct 
(liver fat), and the unique variance (Σ) representing the 
systematic and random variation of each endpoint. These 
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two variances are assumed to be independent. These 
assumptions share similarities with those made by item 
response theory (IRT) models,28 with a key difference 
being the use of continuous data. Equations 2–5 show the 
parameterization of the model.

where h(yijk) is the transformed individual prediction of the 
ith individual at the jth sampling time for the kth endpoint, 
y0k is the transformed baseline population prediction, Ψ is 
the latent variable representing the shared change from 
baseline with scaling parameter, s, E represents the effects 
of placebo, pbo, and treatment, trt, on the latent variable, Σ 
represents the unique changes of each endpoint, while ψ, 
η and ε are independent random variables describing the 
shared inter-individual, unique inter-individual and unique 
intra-individual variability, respectively, with a mean of 0 
and variance of 1, ωk

2 and σk
2, respectively. λ is a derived pa-

rameter used for interpretation, representing the correlation 
of each measure with the latent variable.

Separate transforms were required for each measure to 
describe their unique bounded distributions. As a result, 
the mean value and rate of change in each measure were 
different when presented on the transformed scale. The 
differences in the center and range of each measure were 
accounted for with the baseline/centering (y0k) and scal-
ing (s) parameters to relate changes in the latent variable 
to each measure. Both shared and unique changes were 
scaled with s to make parameters comparable.

Unstructured longitudinal model

Prior to structural model development, an unstructured 
longitudinal model was developed28 to estimate the base-
line, scaling, and Aranda-Ordaz transform coefficients 
for each endpoint. This was conducted using all available 
data, accounting for longitudinal changes with an auto-
correlated individual estimate at each visit as shown in 
Equations  6–8. Only shared variance was accounted for 
during unstructured model development.

where Ψ is the latent variable model for individual i, at visit 
v, ψi0 are samples from a normal distribution with mean 0 
and variance 1 describing the value of Ψ at baseline, and � iv 
are auto-correlated random variables sampled from a full 
multivariate normal distribution with estimated mean, μ, 
and variance-covariance matrix, Ω, with dimensions v x v 
for each non-baseline visit (i.e., v > 1).

The direction of the Aranda-Ordaz transformation 
was tested at this stage of model development to assess 
the improvement of model performance by using the 
more flexible lower portion of the transform.29 This was 
done by mapping the lower and upper boundaries of 
the observed data to either their respective boundaries 
(matched) or their opposing boundaries (flipped) on the 
transformed scale and selecting the model based on model 
fit (Equations 9 and 10).

where s represents the scaling parameter, a and b represent 
the lower and upper boundary and y represents variables 
related to the dependent variable including: observations, 
yijk; individual predictions, ŷijk; lowest and highest observed 
values, yl and yu; and the baseline population prediction, y0k.

Given the baseline, scaling, and transform coefficients 
were prone to multicollinearity, the estimated baseline 
and transform coefficients for each endpoint from the un-
structured model were fixed before proceeding to struc-
tural model development to improve the stability of the 
model.28 Shared variance and scaling parameters were 
chosen not to be fixed to allow the inclusion of covariates 
to reduce the unexplained variability of the model.

Structural model

Structural model development was conducted making 
sequential changes to an initial exposure–response model 
structure. This consisted of a placebo effect, independent 
hyperbolic Emax exposure–response relationships for 
both ervogastat and clesacostat driven by individual 
predicted average drug concentrations derived by the 
pharmacokinetic analyses, and an asymptotic exponential 
longitudinal model shared by placebo and drug effects. 
The pharmacodynamic effects of each drug were 
initially assumed to be additive, with pharmacodynamic 
interactions being tested using the general 
pharmacodynamic interaction (GPDI) model.30 Random 
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effects representing IIV were considered for shared and 
unique variance of baseline liver fat and the shared placebo 
effect. Both the IIV and residual unexplained variability 
(RUV) were assumed to be normally distributed within 
the dynamic transform.

Covariate model

The structural model was used to conduct covariate anal-
ysis with pre-specified covariates of interest (Table  S5). 
Missing covariates were imputed using the median or 
mode values for continuous and categorical covariates, 
respectively. Subjects without any phenotype information 
for PNPLA3 were treated as the reference population, as 
substantial differences in placebo response between this 
group and the C/C phenotype prevented them from being 
grouped together. Both continuous and categorical covari-
ates were applied to parameters on the transformed scale 
prior to scaling and were parameterized assuming an ad-
ditive effect (Equations 11 and 12).

where P is the population parameter for individuals with co-
variate value, covi, with values of 0 and 1 for categorical co-
variates and values greater than 0 for continuous covariates, 
covref is the median value for a continuous covariate and θcov 
is the estimable covariate effect parameter.

Covariate analysis was conducted using a stepwise pro-
cedure.31 Covariate screening was conducted prior to anal-
ysis to identify independent and statistically significant 
covariates. Screened covariates were then assessed as part 
of a standard forward-selection backward-elimination 
procedure. Both screening and forward-selection used an 
alpha level of 0.01, while backward elimination used an 
alpha level of 0.001.

Model software and evaluation

Models were developed using non-linear mixed effects 
methods in NONMEM® Version VII Level 5.0 using Perl 
speaks NONMEM® (PsN).32,33 Exploratory analysis, model 
diagnostic plots, and post-processing of NONMEM® out-
put were generated using the R statistical and program-
ming language.34

Model evaluation was conducted at each step of model 
development and consisted of assessing changes in the 
objective function value, standard goodness-of-fit di-
agnostics, and visual predictive checks with or without 

prediction–correction.35,36 When using dTBS, normalized 
prediction distribution errors (NPDE) were used for the 
assessment of model misspecification due to the need 
to explicitly define the log-likelihood.37 Autocorrelation 
plots were used during exposure–response model devel-
opment to identify any systematic variation in endpoints 
that were not explained by the latent variable. Final model 
parameter uncertainty was evaluated using sampling im-
portance resampling (SIR).38

Model simulation

Simulations assessing the impact of covariates on the 
pharmacodynamics of MRI-PDFF and CAP™ over time 
were performed for a 300/10 mg BID dose over 6 weeks. 
The reference population (defined as having the median 
and mode values for continuous and categorical covari-
ates) was compared to the 5th and 95th percentiles for 
continuous covariates or each category for categorical 
covariates.

A clinical trial simulation of NCT04399538 with the 
aim of testing investigated and hypothetical dosing reg-
imens was conducted to assess the predicted efficacy of 
ervogastat with lower clesacostat doses. Simulations used 
the existing 6-week study design of 15 participants with 
presumed NASH in each treatment arm administered 
total daily doses of 25/5 to 600/20 mg of ervogastat/cle-
sacostat given either once or twice daily. Clinical trials 
simulations consisted of 1000 simulations and included 
variability from model uncertainty from SIR, IIV and RUV. 
Covariates for simulated individuals were sampled from 
observed combinations in NCT04399538 participants.

RESULTS

Study data

The data used for analyses consisted of 260, 487, and 
524 subjects for ervogastat PK, clesacostat PK and 
ER modeling, respectively. Of the 3648 measured 
ervogastat concentrations and 6928 measured clesacostat 
concentrations, 3353 and 6722 were considered evaluable, 
respectively, with the remainder (8% and 3%) being 
below the lower limit of quantification. These samples 
were excluded from the analysis, as the low proportion 
of samples below the limit of quantification was deemed 
unlikely to introduce sufficient bias to warrant the use 
of methods for handling censored observations.39 Of 
the 1398 MRI-PDFF measurements, none were at the 
lower or upper bound (0–100%), while the 1702 CAP 
measurements had 3 and 66 values at the lower and 

(11)P = �P + �cov ⋅ covi

(12)P = �P +
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log
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− log
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upper bound (100–400 dB/m), respectively (Figure  1). 
The method chosen for exposure–response allowed no 
data to be excluded during analysis.25 All MRI-PDFF 
measurements had a corresponding CAP measurement, 
either at baseline or at the same visit. Table 1 presents a 
summary of the demographics represented in the analysis 
dataset.

Pharmacokinetic model

The final PK model developed to describe ervogastat 
was a two-compartment kinetic model with parallel 

first- and zero-order absorption with absorption-lag on 
the zero-order component and inter-individual variability 
on apparent clearance and apparent central volume 
of distribution. Random unexplained variability was 
explained with a combined additive and proportional 
residual error model. Clesacostat concentrations were 
best described by a two-compartment kinetic model with 
first-order absorption and inter-individual variability on 
apparent clearance. Random unexplained variability was 
explained with a combined error model, consisting of an 
additive and a time-varying proportional component. A 
full description of PK model results can be found in the 
Supporting Information.

F I G U R E  1   Longitudinal profile of observed data. Colored points represent the observed MRI-PDFF (top) and FibroScan® CAP™ (bottom) 
data for different ervogastat/clesacostat dosing regimens. Colored lines represent the median of the observed data at each study visit.
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T A B L E  1   Summary of demographics in analysis populations.

Variable

Ervogastat PopPK Clesacostat PopPK Exposure–Response

Mean (SD) Median (range) Mean (SD) Median (range) Mean (SD) Median (range)

Age (years) 47.7 (12) 49 (18, 72) 49.9 (13.1) 52 (19, 72) 53 (11.4) 55 (19, 72)

Body weight (kg) 92.5 (18.2) 91 (58.4, 152) 92.6 (18.5) 90 (52, 170) 96.5 (19) 93.8 (55, 170)

Body mass index 31.6 (5.73) 31.1 (19, 49) 32.2 (5.79) 31.8 (19, 56) 34.4 (5) 33.6 (24, 56)

ALT 35.7 (26.6) 27.5 (9, 182) 43.1 (33.6) 33 (5, 302) 48.5 (34.3) 40 (6, 341)

AST 28.2 (17.7) 24 (11, 179) 33.2 (22.6) 26 (6, 179) 34.6 (21.7) 28 (10, 192)

GGT 43.4 (36.8) 32 (8, 242) 50.8 (47) 34 (9, 329) 48.6 (40.2) 35 (9, 254)

Triglycerides 150 (82) 131 (37, 625) 157 (92.6) 137 (39, 697) 177 (90.5) 159 (50, 697)

Total cholesterol 178 (42.3) 180 (66.2, 307) 185 (39.8) 183 (96, 345) 187 (39) 185 (95, 330)

HDL 45.2 (11.2) 43 (23, 82) 46.6 (12.1) 45 (20, 92) 45 (11.5) 44 (20, 92)

LDL 111 (33.4) 108 (48, 193) 114 (35.4) 112 (29, 269) 113 (34.7) 110 (29, 225)

Platelets (×109/L) 238 (58.9) 237 (29, 458) 244 (64.5) 244 (34, 544) 256 (61.5) 252 (104, 544)

EGFR (mL/min) 94.8 (17.3) 95 (29, 152) 94.5 (17.4) 95.3 (29, 141) 93.1 (16.6) 94.3 (29, 138)

Creatinine (mg/dL) 0.884 (0.182) 0.89 (0.48, 1.4) 0.854 (0.194) 0.81 (0.48, 1.5) 0.813 (0.176) 0.8 (0.48, 1.5)

Variable

Ervogastat PopPK Clesacostat PopPK Exposure–Response

Count Percent Count Percent Count Percent

Sex
Male 189 72.7 294 60.4 262 50
Female 71 27.3 193 39.6 262 50

Race
White 187 71.9 344 70.6 434 82.8
Black 50 19.2 62 12.7 21 4
Asian 19 7.3 56 11.5 56 10.7
Other 4 1.5 25 5.1 13 2.5

Patient status
Healthy volunteer 86 33.1 117 24 – –
Mild Hep. Impaired 6 2.3 6 1.2 – –
Mod. Hep. Impaired 6 2.3 6 1.2 – –
Sev. Hep. Impaired 6 2.3 6 1.2 – –
NAFLD 101 38.8 132 27.1 244 46.6
Presumed NASH 55 21.2 220 45.2 280 53.4

SLCO1B1 phenotype
EM 44 16.9 298 61.2 240 45.8
IM 10 3.8 88 18.1 84 16
PM NA NA 16 3.3 16 3.1
Not determined 206 79.2 85 17.5 184 35.1

PNPLA3 phenotype
C/C 16 6.2 95 19.5 119 22.7
C/G 25 9.6 107 22 142 27.1
G/G 13 5 65 13.3 79 15.1
Not determined 206 79.2 220 45.2 184 35.1

Abbreviations: ALT, alanine transaminase; AST, aspartate transaminase; EGFR, estimated glomerular filtration rate; EM, extensive metabolizer; GGT, gamma-
glutamyl transferase; HDL, high-density lipoprotein; IM, intermediate metabolizer; Hep. Impaired, hepatic impaired; LDL, low-density lipoprotein; Mod., 
moderate; NAFLD, non-alcoholic fatty liver disease; NASH, non-alcoholic steatohepatitis; PM, poor metabolizer; PNPLA3, patatin-like phospholipase domain-
containing 3; SD, standard deviation; Sev., severe; SLCO1B1, solute carrier organic anion transporter family member 1B1.
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Exposure–response model

Unstructured longitudinal model

Four permutations of the unstructured longitudinal model 
were tested to assess the direction of the Aranda-Ordaz 
transform for each endpoint alone and together. The com-
bination of using matched boundaries on MRI-PDFF and 
flipped boundaries on CAP™ provided the best overall fit, 
while also being resilient to changes in initial parameter 
estimates. This result matched expectations based on the 
distribution of CAP™ observations being most dense at 
the upper boundary (Figure 2).

Structural model

Parameters for the full common factor model were 
successfully estimated, with an improved fit and similar 
predictions to the unstructured longitudinal model. The 
unique variance on MRI-PDFF had a small magnitude 
and high correlation with the latent variable and was 
removed. The unique variance of CAP™ measures was 
removed to assess whether it was necessary. When doing 
so, NPDE became highly auto-correlated to the next three 
observations, implying that the unique variance was 

accounting for a systematic trend in CAP™ data that was 
independent of the latent variable (Figure S7).

The model was further developed into a parsimonious 
structural model consisting of an asymptotic exponen-
tial longitudinal model with a separate rate constant for 
placebo and a shared rate constant for ervogastat and cle-
sacostat effect. In addition to the random effects described 
in Equations  2–4, IIV was also estimated on the maxi-
mum placebo effect. Drug effect was initially described 
by a hyperbolic Emax model for both clesacostat and er-
vogastat. The EC50 for ervogastat was not identifiable and 
was reduced to a treatment-effect model due to limited 
dose-ranging monotherapy data. The combined effect of 
ervogastat and clesacostat was found to be less than ad-
ditive, where the GPDI model was reduced to a treatment 
effect where co-administration of clesacostat reduced the 
effect of ervogastat. Key model development steps are out-
lined in Table S6.

Covariate model

During direct screening of covariates, the impact of 
covariates on key model parameters was assessed when 
applied to both endpoints simultaneously or separately by 
influencing the shared latent variable or endpoint-specific 

F I G U R E  2   Distribution of untransformed and transformed observed data. Plots show different representations of the distribution 
of MRI-PDFF and FibroScan® CAP™ data when untransformed (left grid) and transformed (right grid). Upper left and lower left density 
plots show an estimate of the probability density function for each variable. The lower left and upper right sections show the correlation 
between these variables using a scatter plot and the calculated Pearson's correlation coefficient with asterisks denoting the significance of 
the correlation (***p-value <0.001). The red line represents a linear regression of the transformed MRI-PDFF and CAP™ variables. Both the 
linear regression and Pearson's correlation coefficient for transformed data are estimated on non-boundary data only.
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parameters, respectively (Table S7). While most significant 
covariates applied to both baseline MRI-PDFF and 
CAP™ (shared baseline), body weight was found to have 
a higher impact on CAP™ baseline than the MRI-PDFF 
baseline. This was also identified during stepwise covariate 
modeling, where only the effect of body weight on CAP™ 
was retained in the final model. The final set of covariates 
also included the effect of ALT and age on shared baseline, 
and the effect of inpatient status and PNPLA3 phenotype 
on placebo effect. Subjects without any phenotype 
information for PNPLA3 were treated as the reference 
population, as substantial differences in placebo response 
between this group and the C/C phenotype prevented 
them from being grouped together.

T A B L E  2   Final exposure–response model parameter estimates.

Label Value 95% CIb Shk.

Objective function value 24,358 – –

Condition numbera 6.14 – –

Population parameter – – –

Baseline liver fat via MRI 
on transformed scale; 
h(z(BSLMRI))

−1.16 Fixed –

Baseline liver fat via 
CAP™ on transformed 
scale; h(z(BSLCAP))

5.05 Fixed –

Half-life of placebo effect 
rate constant; t½,kpbo 
(days)

49.1 39.1, 63.7 –

Shared half-life of drug 
effect rate constant; t½,ktrt 
(days)

18.8 17.4, 20.2 –

Maximum placebo effect 
on transformed scale; 
Pmax

0.393 0.124, 0.659 –

Ervogastat treatment 
effect on transformed 
scale; Etrt,er

1.27 0.940, 1.57 –

Clesacostat maximum 
effect on transformed 
scale; Eemax,cl

2.32 2.05, 2.58 –

Concentration where 50% 
of Eemax,cl occurs; EC50,cl 
(ng/mL)

389 306, 599 –

Inhibition of Etrt,er by 
clesacostat treatment; 
Itrt,cl-er

−0.735 −0.897, −0.557 –

MRI Aranda-Ordaz 
transformation 
parameter; αMRI

4.92 Fixed –

CAP™ Aranda-
Ordaz transformation 
parameter; αCAP

32.1 Fixed –

MRI residual standard 
deviation on transformed 
scale; σMRI

0.205 0.192, 0.219 –

CAP™ residual standard 
deviation on transformed 
scale; σCAP

5.35 5.12, 5.59 –

MRI scaling of 
transformed variable; sMRI

0.698 0.656, 0.743 –

Negative CAP™ scaling 
of transformed variable; 
–sCAP

2.77 2.50, 3.07 –

Shared effect of baseline 
ALT on h(z(BSLψ)); ref. 
40 IU

0.575 0.430, 0.716 –

(Continues)

Label Value 95% CIb Shk.

Effect of baseline weight 
on h(z(BSLCAP)); ref. 92 kg

3.80 2.99, 4.67 –

Effect of inpatient study 
design on Pmax

−2.74 −3.68, −1.78 –

Effect of PNPLA3 C/C 
phenotype on Pmax

−1.00 −1.31, −0.693 –

Effect of PNPLA3 C/G 
phenotype on Pmax

−0.694 −1.01, −0.387 –

Effect of PNPLA3 G/G 
phenotype on Pmax

−0.0835 −0.442, 0.278 –

Shared effect of age on 
h(z(BSLψ)); ref. 51 years

−0.564 −0.899, −0.234 –

Inter-study variability

Shared baseline liver fat; 
ωBSLψ (SD)

1.00 Fixed 4.13

Unique baseline CAP™; 
ωBSL,CAP (SD)

1.33 1.16, 1.53 24.1

Maximum placebo effect; 
ωPmax (SD)

0.959 0.840, 1.08 24.6

Random unexplained 
variability

MRI additive error in 
transformed scale; εMRI 
(SD)

1.00 Fixed 32.5c

CAP™ additive error in 
transformed scale; εCAP 
(SD)

1.00 Fixed 13.7c

Abbreviations: ALT, alanine transaminase; CAP™, FibroScan® controlled 
attenuation parameter; CI, asymptotic confidence intervals; MRI, magnetic 
resonance imaging estimated proton density fat fraction; PNPLA3, patatin-
like phospholipase domain-containing protein 3; ref., reference value used for 
covariate parameterization; SD, standard deviation; Shk., shrinkage of η and ε.
aCondition number defined as the square root of the ratio of largest to 
smallest eigenvalues of the correlation matrix.
b95% confidence intervals calculated using sampling importance 
resampling.
cValues at boundaries were excluded when calculating epsilon shrinkage.

T A B L E  2   (Continued)
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Table  2 shows the parameter estimates for the final 
model. CAP™ values at the lower boundary (100 dB/m) 
were identified as outliers with absolute NPDEs >30 and 
were removed prior to the estimation of the final model 
parameters. No significant changes in parameter values 
were observed in the removal of outliers. The prediction-
corrected VPC (Figure  3) for both endpoints shows the 
model describes the data adequately, with some misspeci-
fication highlighted by the 95% prediction intervals at later 
times or near the upper bound for MRI-PDFF and CAP™, 
respectively, where higher variability was predicted than 
observed.

Model simulation

Simulations assessing the effect of age, ALT, body weight, 
and PNPLA3 phenotype on liver fat measures are shown 
in Figure 4. The mean and 90% CI of the percent change 
from baseline of each PD endpoint observed in the 1000 
simulated clinical trials using the NCT04399538 study de-
sign can be found in Table  3. Dose-ranging simulations 

could only be performed for clesacostat, but show the ex-
tent of efficacy lost upon reducing clesacostat doses.

DISCUSSION

Through the use of PK/PD modeling, the PK and expo-
sure–response relationships of ervogastat and clesacostat 
were described. The effect of the two therapies in com-
bination was found to be less than additive but provided 
greater efficacy than when given alone, showing their 
pharmacotherapeutic profile was improved with combi-
nation therapy. While it could not be used to assess dif-
ferences in ervogastat dosing, clinical trial simulation 
highlighted that clesacostat doses of interest were not at 
the maximum, providing context when considering the 
maximum tolerated dose of clesacostat.

Covariate analysis highlighted the impact of alanine 
transaminase (ALT) and age on baseline liver fat which are 
consistent with the pathophysiology of NASH, where ele-
vated ALT reflects the extent of liver injury and, therefore, 
liver fat in patients, and increased age being associated with 

F I G U R E  3   Prediction-Corrected Visual Predictive Check for MRI-PDFF and CAP™ Endpoints. The binned prediction-corrected 
observed data are represented by blue circles and orange-red lines (solid line—median; dashed lines – 5th and 95th percentiles). The binned 
prediction-corrected simulated MRI-PDFF and CAP™ based on 1000 simulations of the index population is represented by the black 
solid line and orange-red ribbon (median and 95% prediction interval (PI) of the median, respectively) and by the black dashed lines and 
blue ribbons (median and 95% PI of the 5th and 95th percentiles, respectively). The yellow notches at the bottom of the plot represent the 
cutpoints used for binning. CAP™, FibroScan® controlled attenuation parameter; MRI-PDFF, magnetic resonance imaging estimated proton 
density fat fraction; PI, prediction intervals.
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disease progression to more severe forms of NASH where 
lower liver fat but higher fibrosis is observed.40–43 The larger 
liver fat reduction seen in the ervogastat Phase 1b study in 
NAFLD patients (NCT03513588) was attributed to a larger 
placebo effect, explained by the inpatient study design and 
lower severity of disease in this population. Subjects with 
the G/G PNPLA3 phenotype were found to have a lower 
liver fat reduction consistent with the more severe liver dis-
ease and disease progression seen in these patients.44

The systematic variation observed in CAP™ required 
the addition of a separate random effect. This is supported 
by findings that CAP™ may be influenced by factors other 
than the underlying liver fat.45 Given the FibroScan® sen-
sitivity to an individual's skin-liver capsule distance,46 this 
systematic variance may come from interference from ex-
cess body fat as indicated by the higher impact of baseline 
body weight on baseline CAP™ in comparison to baseline 
MRI-PDFF. This suggests that therapies that cause weight 
loss in addition to liver fat reduction may show a different 

correlation between MRI-PDFF and CAP™ than medica-
tions not associated with weight loss.

The size of FibroScan® probe (M vs. XL) could also be 
considered as a covariate to describe the unexplained vari-
ability in the CAP™ endpoint. As XL probe usage instruc-
tions for the FibroScan® equipment is based on body weight, 
this covariate was deemed unlikely to be the cause of any 
differences in assessments and has been shown to have neg-
ligible impact on assessments when comparing results from 
both M and XL probes within the same individual.47

Despite the physiological basis behind this interpreta-
tion of the unique variance for CAP™, it is severely lim-
ited by the low number of endpoints used to characterize 
the latent variable. Without 3–4 endpoints to inform the 
latent variable, it is possible that only the variance in one 
of the two endpoints is captured rather than the shared 
variance between them. If this were the case, the unique 
variance of CAP may represent the systematic difference 
between the two methods rather than bias in determining 

F I G U R E  4   Covariate Effects on Population Typical Liver Fat Over 6 weeks. Solid lines represent the population prediction of MRI-
PDFF (left) and CAP™ (right) over 6 weeks of 300/10 mg twice daily ervogastat/clesacostat. Reference predictions (median and mode values 
for continuous and categorical covariates in presumed NASH populations) are compared to the 5th and 95th percentile or each category of 
covariates included in the model.
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the underlying steatosis. Further work is needed to de-
scribe a latent variable that is a better representation of 
steatosis and could be achieved through the addition of 
other direct measurements, such as ultrasound-derived 
fat fraction48 or the NAFLD activity sub-score for steatosis 
derived from biopsy.8

Given the similarities in assumptions between the 
present analysis and IRT, this approach could be consid-
ered an item characteristic function for continuous data 
and may be appropriate for other methods that map con-
tinuous data to a latent space. For example, it may be fea-
sible to leverage continuous data with a single boundary 
using a dTBS approach with the Box-Cox transform.24 
Other methods for handling continuous-bounded out-
comes data such as beta regression and the bounded inte-
ger model also appear to be compatible with IRT.49,50

These other methods would also be compatible with 
the present analysis, being able to account for the bias 
associated with mishandling continuous-bounded data 
and bringing the same limitation of parameter estimates 
not being directly interpretable. These were not chosen in 
favor of the parsimony in defining possible outcomes that 
come with the dTBS method.

A limitation of the present work comes from the use of 
average concentrations to drive exposure response, rather 
than using a longitudinal indirect response model. While 
the chosen method was able to account for the pharmaco-
dynamic delay between dosing and liver fat reduction, the 
parameter estimate describing this delay is a combination 
of both pharmacokinetic and pharmacodynamic delay re-
ducing the interpretability of parameter values.

The present study used population modeling to describe 
the pharmacokinetics of ervogastat and clesacostat and 
their subsequent exposure–response relationships on liver 
fat. Using a dynamic transformation, both MRI-PDFF and 
FibroScan® CAP™ were able to be modeled simultaneously 
with a single latent variable representing liver fat. This 

provided a longitudinal description of MRI-PDFF for ervo-
gastat finding that current doses achieve maximum effect, 
despite having limited data. This approach provides a good 
basis for further model development, potentially allowing 
for all liver fat information (including biopsy results) to be 
incorporated for support of Phase 3 dose selection.
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