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Abstract

Intracerebral hemorrhage (ICH) is a form of stroke characterized by uncontrolled bleeding into the parenchyma of the
brain. There is no approved therapy for ICH and it is associated with very poor neurological outcomes with around half of
subjects dying within 1 month and most subjects showing complete or partial disability. A key challenge is to identify
subjects who could benefit from intervention using characteristics such as baseline hemorrhage volume and the increase in
hemorrhage volume in the first few hours, which have been correlated with final outcomes in ICH. Combined longitudinal
models were developed to describe stroke scales using categorical data (Modified Rankin Scale, mRS), continuous
bounded data (National Institutes of Health Stroke Scale, NIHSS), and time to death. Covariate effects for baseline
hematoma volume and maximum increase in hematoma volume were incorporated to assess the improvement in outcome
when hematoma volume increase would be reduced by a potential treatment. The combined model provided an adequate
description of stroke scales, with patients split into a Non-survival and a High-survival sub-population, and dropout due to
death was well described by a constant hazard survival model. Models were compared indicating that the combined mRS/
NIHSS model provided the most information, followed by the NIHSS-only model, and the mRS-only model, and finally the
traditional statistical analysis on dichotomized response at 90 days. Simulations showed that substantial reductions in
hematoma volume increase were required to increase the probability of a favorable outcome.

Keywords Mixed effect models - Model based drug development - Disease progression modeling - Pharmacometrics -
Neuroscience

Introduction

Spontaneous intracerebral hemorrhage (ICH) is a major
cause of death and disability accounting for approximately
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We aimed to aid the design and analysis of ICH trials by
developing models to describe the time course of two
commonly assessed neurological endpoints in stroke trials:
the modified Rankin Scale (mRS) and the National Insti-
tutes of Health Stroke Scale (NIHSS) scores. Trial outcome
is usually measured at day 90 from the day of stroke onset.
One of the most important challenges in the design of an
ICH trial is to identify subjects which could benefit from a
pharmacological intervention aimed at reducing the hem-
orrhage volume. Indeed, the results from the post hoc
analysis of the Phase 3 rFVIla study showed that subjects
with age < 70 years, hemorrhage volume < 60 mL and
time from onset-to-treatment < 2.5 h showed improved
effect. Change in the hemorrhage volume at 24 h has also
been identified to have an important predictive effect on
the overall outcome [3]. A combined mRS/NIHSS model
was constructed using the placebo data from the Virtual
International Stroke Trials Archive-Intracerebral Hemor-
rhage (VISTA-ICH) database [4], incorporating dropout
due to death information. The core concept regarding the
mechanism of action of a candidate drug is that an increase
in ICH hematoma volume (IHV) is associated with a poor
outcome, and that reducing this increase is expected to
prevent further deterioration of the stroke outcome. Con-
sequently, the change in IHV is considered the driver of the
longitudinal NIHSS and mRS models, under the assump-
tion that the difference in outcome between placebo
patients with a large IHV increase and patients with a small
IHV increase provides an indication of the potential gain
due to pharmacological intervention. The aim of this
analysis it to help design an ICH study by identifying
characteristics of subjects which are most susceptible to
worsening in the absence of drug, and thus most likely to
benefit from therapeutic intervention by modeling the
neurological outcomes of interest (mRS and NIHSS) using
characteristics such as baseline IHV and change in IHV
over the first 24 h. In addition, we have also linked the
expected outcomes by modeling the decrease in IHV and
its effect on the neurological scores at 90 days.

Methods

We accessed anonymized data on 687 placebo-treated
subjects from five trials with ICH. In addition to demo-
graphic variables, the database contains IHV information,
clinical scales like NIHSS and mRS, and time of death.
Assessments of IHV were available in the VISTA database
at baseline, 1 and 3 days. Assessments of mRS were
available at either 7, 30, and 90 days, or at 15 and 90 days,
and NIHSS assessments were available at either baseline,
1 h, and 1, 3, 15 and 90 days, or at baseline, 1, 3, 7 and
90 days.
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Initially, separate models were developed to provide a
description of the NIHSS and mRS time profiles, incor-
porating dropout due to death. These two models were
ultimately merged into a single model. The full code is
provided in the supplementary material.

NIHSS model

The NIHSS scale is a 0-42 point neurological function
categorical scale [5, 6] where O corresponds to the absence
of symptoms and 42 to the most severe disability. Model
development started by examining individual NIHSS
curves over time suggesting that there were three broad
categories (Supplementary Fig. S-1):

e patients that showed an increase (deterioration) in their
NIHSS scores and then died

e patients that showed an initial increase in NIHSS scores
followed by a decrease (improvement)

e patients that showed a decrease (improvement) in their
NIHSS scores

Several models were evaluated to describe these pro-
files, and a stable description was provided using a mixture
for two populations with corresponding separate equations:

e Non-survival: patients that showed an increase in their
NIHSS scores and then died

e High-survival: patients that were associated with a
much larger probability of survival, where both initial
increase and initial decrease in NIHSS scores was
possible

The proportion of patients belonging to either popula-
tion was determined by the estimation algorithm.

To ensure that NIHSS scores were restricted within their
bounds, a logit transform was used as part of the model.
Modeling was performed using a continuous data-type
analysis. The link between the modeled logit values and the
observed results on the original scale was provided by:

42.4999 . oLositNIHSSj)+enmssi; () 4999

NIHSS;j = | & oLositVIESS;) Finimss,, (1)

where NIHSS;; provides the observed NIHSS value for
subject i at time j and exmyssij is the additive residual error
on the logit scale. Scaling values of 42.4999 and — 0.4999
are used to allow predicting NIHSS values that, once
rounded, will allow representations of either 42 or 0.

The time profiles for the Non-survival group were
described by a linear change over time on the logit scale,
where the individual slopes of the relationship were all
positive due to the exponential power parametrization:
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SlopeNlHSS Non—survival,i = SlopeNlHSS Non—survival
. eVlSlopeNlHSS—NS.i (2)

Logit (NIHSSNon—survivatij) = Baseiuss + nBasenpss,i
+ SlopeNIHSSNonfsurvival,i
- Time;

(3)

where Slopeninss Non-survival 1S the typical slope for the
Non-survival population, nSlopenmss-ns; describes the
inter-individual variability (IIV) contribution for subject i,
and Slopenmass Non-survivali 18 the individual slope over
time. Basenyyss iS the typical baseline value for NIHSS on
the logit scale, nBasenyss; is the associated additive IIV,
and Logit(NIHSSnon-survival 1j) Provides the NIHSS model
predictions in the Non-survival population.

The time profiles for the High-survival group were
described by the sum of two time-varying functions: (i) a
linear change over time on the logit scale and (ii) a non-
linear relationship with time approaching a constant value
(Emax) as time increases. Neither the linear slope nor the
non-linear Emax were constrained for sign, allowing both
increases and decreases in NIHSS with time:

Slopentnss High—survivali = SIODeNIHSS High—survival
+ nSlopeninss-ms,i 4)

Emaxnyss; = Emaxygss + nEmaxyyss,i (3)

Logit (NIHSS pigh—survivaiij) = Baseniss + nBasenss,i

+ Slopeniss High—survival,i
Timej . EmaxMHSS,,'

Time_, + ETSONIHSS
(6)

where Slopenimss High-survival 1S the typical slope for the
High-survival population, nSlopenuss.gs.i is the II'V, and
Slopeninss High-survivali 18 the individual slope over time.
Emaxyyss is the typical maximum change for the High-
survival population, mMEmaxympss; is the IIV, and
Emaxnigss; is the individual Emax. ET50Nmss provides
the time point at which 50% of the maximum change
occurred. Logit(NIHSSg;gn_survivar 1j) provides the NIHSS
model prediction in the High-survival population.

Finally, a single parameter (D90nuss High-survival) Was
used to quantify the change to the score at day 90 by
reparametrizing Slopeniuss High-survival.i:

- Time; +

SlopeNIHSS High—survival i

90 * EmaxNIHSS.,)

— ( p9o ioh—survi D90 i
( INIHSS High—survival + 1 NIHSS.i g0 + ET50nmss

(7)

where D90Niuss High-survival 1 the population average logit
change from Baseline to day 90 for the High-survival

population, and ND90nyss; is the ITIV. Illustrations are
provided in Supplementary Fig. S-2.

Dropout due to death model

Individual time to death outcomes were recorded in the
database, and dropout due to death was modeled using a
constant hazard survival model, where the probability of
survival is given by:

S(Timej) — efBHAZTime,- (8)

The hazard rate BHAZ has separate values for the High-
survival and the Non-survival population.

mRS model

The mRS scale [7, 8] is a seven point scale with integer
values ranging from 0 to 6, associated with increasing
severity of symptoms, with death covered by the mRS of 6.
Since death is already covered by the dropout due to death
model component, mRS scores of 6 in the database were
recoded to missing during analysis. The remaining mRS
ordered categorical data outcomes (0-5) were described
using the proportional odds model [9], where the popula-
tion probabilities over time were modeled using cumulative
scores for mRS = 0, mRS < 1, mRS < 2, mRS < 3, and
mRS < 4. The probabilities (P) were transformed to logits
which changes the scale from 0 fo 1 to — oc fo oc:

Logit(x) = log (71 f(;zx)) )

The underlying time profile for the mRS scores was
described using a simplified version of the NIHSS con-
tinuous time-dependent equation because mRS profiles
provided less information than NIHSS profiles.

The time profiles for the Non-survival group were
described by a linear change over time on the logit scale;
individual slopes of the relationship were constrained to be
negative due to the exponential parametrization:

(10)

SlopemRS Non—survival,i — SlopemRS . eﬂSlopemRSiNS‘[

LOgit (mRSO,Nonfsmvivali‘j) = BasemRS + nBasemRSVi
+ SlopemRSNon—survival.i : Tlmej

(11)

where Slope ,rs Non-survival 1S the typical slope for the Non-
survival population, nSlope,rsns;i is the IIV, and
Slopemrs Non-survivali 18 the individual slope over time.
Basers is the typical baseline value for P(mRS = 0) on
the logit scale, nBasers,; is the IIV, and Logit(mRS¢ non-
survival i,j) provides the model prediction for mRS = 0 in the
non-survival population. The standard proportional odds
model assumes that the scores on the logit scale are
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parallel. The score that describes the probability over time
of an mRS score of zero (the best possible outcome) should
go down over time for the Non-survival patients, and the
higher scores are parallel to this profile and hence go down
as well.

The time profiles for the High-survival group only
supported the Emax model component to describe change
over time:

EmameS’,- = EmameS . enEmameS_,- (12)
Logit (mRSo, igh-survivaiij) = Basemgs + nBase,s,;

Time; - Emax,gs.;

20y T B mRS, i (13)

Timej + ETSOmRS

where Emax,rs is the typical maximum effect for the
High-survival population, nEmaxyrs; is the IIV, and
Emax,rs; is the individual Emax. Due to the exponential
IIV model, individual Emax values can only be positive.
ET50,,rs provides the time point at which 50% of the
maximum change occurred. Finally, Logit(mRSq yigh-sur-
vival ij) provides the model predictions for mRS = 0 in the
High-survival population.

The logits for the cumulative mRS scores were descri-
bed as:

Logit(mRng_[_j) = Loglt(mRSS (X—l),ij) + BX (14)

where X is the cumulative mRS score and BX is the par-
allel shift for score X. The logits can be back-transformed
into cumulative probabilities. Illustrations are provided in
Supplementary Fig. S-3.

Combined mRS/NIHSS model

The NIHSS, mRS, and dropout due to death models were
combined to allow simultaneous estimation of both mRS
and NIHSS profiles. By combining the models it is possible
to estimate the correlation between mRS and NIHSS
baseline parameters. The combined model also imposed a
restriction: assignment to one of the mixture populations
was assumed to be consistent within individuals for the
three previously independent model components of dropout
due to death, mRS outcome, and NIHSS outcome.

Hematoma volume covariate effects

The effect of the baseline hematoma volume (ICHO) was
implemented on the baseline parameters for mRS and
NIHSS using the following equations:

Baseugs; = Baseyrs + Baseyrs; + EHVB gs

« log(ICH0;/14.57) (15)
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Baseyuss,; = Basenygss + nBasenyss, + EHVBnigss
+ log(ICH0,/14.57)

(16)

where 14.57 is the median observed ICHO, EHVBrs
describes the influence of ICHO on mRS baseline param-
eter, and EHVByss describes the influence of ICHO on
NIHSS baseline parameter.

The effect of the increase in IHV from ICHO to the
maximum post-baseline value (DICHMAX) was imple-
mented on the mixture fraction (P1):

Covpr; = (DICHMAX; — 8.64) - DICHEFF (17)
Pl
P =1 18
o8 <1 - Pl> (18)
e V+Covpi
Pl = g (19)

where 8.64 is the mean observed DICHMAX, and
DICHEFF describes the influence of DICHMAX on P1.
The W-step ensures that individual probabilities P1; remain
inside the 0-1 interval.

Software

Analyses were performed using NONMEM (version 7.3.0
[10]) with Laplacian estimation, supplemented with the
PsN toolkit, version 4.4.8 [11]. R software (version 3.2.3
[12]) was used for general scripting, data management,
goodness of fit analyses, simulation and model evaluation.

Model evaluation

Visual predictive checks (VPCs) were used for model
assessment [13]; 1000 studies were simulated with a
structure identical to the study analyzed and individual
profiles were simulated using the individual parameters
sampled from a multivariate normal distribution described
using the population estimates.

Model discrimination was based on inspection of
graphical diagnostics and changes in the objective function
value (OFV) for nested/hierarchical models provided by
NONMEM, where a p value of 0.05 was required for a
significant model update.

Simulation of covariate influence

The impact of covariates on neurological outcome at day
90 was quantified using simulations. This was implemented
using the medians of eight equal-sized quantiles of the
ICHO and DICHMAX values. These 8 by 8 combinations
were used to simulate 10,000 subjects each, for the final
combined mRS/NIHSS model. Simulated NIHSS and mRS
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scores at day 90 were summarized by calculating the mean
score for every combination, by counting the fraction of
patients with an mRS score < 4 (a clinically important
favorable outcome), the fraction of patients with an NIHSS
score drop of > 4 points, and the fraction of patients with
both an mRS score < 4 and an NIHSS drop of > 4 points.

The covariate model also allowed an investigation of the
anticipated impact of reducing the observed IHV increase.
Outcomes were simulated under an assumed placebo situ-
ation, and subsequent reductions in volume increase in
20% steps up to complete reduction (100%) of the volume
increase.

Simulations for relative power assessments

The three longitudinal models (NIHSS-alone, mRS-alone
and combined mRS/NIHSS), and the more common sta-
tistical approach of analyzing dichotomized mRS data at
day 90 (mRS < 4), were compared for two sampling
strategies. The aim was to provide an indication of the
potential gain of using one method or sampling strategy
over another, in assessing treatment effects in ICH studies.
Power and sample size calculations are usually intended to
design future trials but in the absence of a likely effect size,
these outcomes should only be considered as a comparison
of the sensitivity to detect effects for different analysis
methods and sampling strategies.

The comparisons were implemented by first simulating
10,000 subjects with the final combined mRS/NIHSS
model using an enriched sampling schedule with mRS
measurements at 7, 15, 30, 45 and 90 days, and NIHSS
measurements at O and 1 h, and at 1, 3, 7, 15, 30, 45 and
90 days. An arbitrary treatment effect was implemented by
increasing P1 by 0.075, and additionally by increasing both
D90Ninss High-survivat and Emaxpgs by 20%. From these
simulated datasets, 500 subsets of 150 patients per arm
were sampled and analyzed using the three longitudinal
models, parameterized both with and without a treatment
effect.

The same procedure was applied for a standard sampling
scheme, with mRS measurements at 15 and 90 days, and
NIHSS measurements at O and 1 h, and at 1, 3, 15, and
90 days (the sampling scheme used in 4 of the 5 VISTA-
ICH trials).

The result was a set of 500 differences in OFV (dOFV)
between the model with and the model without treatment
effect. NONMEM had to report the number of significant
digits for both models, and dOFV had to be positive not to
include models converged to a local minimum. These

dOFVs were then used to estimate the non-centrality
parameter for a 2 degrees of freedom Chi square distribu-
tion given the two fixed effects parameters for the treat-
ment effect; in the absence of a treatment effect, likelihood
theory postulates that dOFVs are distributed according to a
Chi square distribution, but in the presence of a treatment
effect, the standard Chi square distribution becomes a non-
central Chi square distribution and the non-centrality
parameter is associated with the size of the treatment
effects. The estimated non-central Chi square distribution
parameters were subsequently used to obtain power curves
for an entire range of sample sizes. This methodology
corresponds to the Parametric Power Estimation procedure
described in detail by Ueckert et al. [14].

The same 10,000 patient simulated dataset was used for
deriving the relative power for different sample sizes using
a standard statistical approach; simulated trials with dif-
ferent sample sizes were analyzed using a binary logit [3]
model analyzed with binomial logistic regression, where
the mRS scores were dichotomized for scores < 4 at day
90. The procedure was repeated 2500 times for each
combination of sample size and treatment effect and the
number of significant trial outcomes was scored.

Results

The combined mRS/NIHSS model was constructed by
linking NIHSS-only and mRS-only models by the joint
estimation of the two mixture populations in combination
with the dropout due to death survival component; one
subpopulation of Non-survival patients with respect to
mRS, NIHSS and dropout hazard, the other subpopulation
taking on the values of the High-survival population for
these endpoints. The correlation between the Base,rs and
Basennss was estimated, leading to a dOFV of — 293.11
points. Fixing the IIV for Slopers Non-survival tO Zero, led
to a non-significant increase of 1.12 (p = 0.2897), and this
IIV was therefore dropped from the model. As a result,
inter-individual differences in mRS profiles were only
driven by the Base,rs parameter and mixture population
assignment. [IVs for ET50,,rs and ET50N1ss could not be
estimated and were fixed to zero.

Incorporation of DICHMAX on P1 led to a dOFV of
— 460.12 points. Additionally, incorporating log ICHO on
Base,rs and Baseyyss, led to a dOFV of — 112.56,
resulting in the final combined mRS/NIHSS model.

NONMEM-estimated parameters are provided in
Table 1 and the model code is provided in the online
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Table 1 NONMEM parameter

Estimate (95% CI)* SE (%CV)° e

estimates for the final mRS/ Parameter

NIHSS combined model Basexipiss
Baseprs
Emaxnmss

D90ninss High-survival
ET50ninss (days)

Emaxrs

ET50,,rs (days)

Slopeniuss Non-survival
Slopemrs Non-survival

Residual error ngss

B1

B2

B3

B4

Hazard rate pigh-survivar (day ")
Hazard rate non-urviva (day ")
P1

EHVBNIHSS (lOg IVH() on BaSCNIHss)
EHVB,rs (log IVH,, on Basers)

DICHEFF (DICHMAX on P1)

— 0.778 (= 0.829/— 0.727) 33 0.517¢
—12.7 (= 14.2/— 11.3) 5.8 3.45¢
— 0.458 (— 0.620/— 0.295) 18.1 0.694°
— 129 (= 1.37/— 1.21) 3.1 0.708°

1.34 (0.462/2.22) 334
7.63 (6.62/8.63) 6.7
41.3 (17.6/64.9) 29.2
0.251 (0.232/0.270) 3.9 114%
— 0711 (= 1.06/— 0.365) 24.8
0.303 (0.300/0.307) 0.6
3.88 (3.12/4.64) 10.0
2.0 (1.65/2.34) 8.8
2.02 (1.71/2.33) 7.8
4.49 (4.02/4.95) 5.3
0.000518 (0.000269/0.000767) 245
0.114 (0.0893/0.139) 11.1
0.871 (0.841/0.902) 1.8
0.424 (0.370/0.478) 6.5
— 1.65 (— 2.04/— 1.25) 12.2

— 0.0629 (— 0.0836/— 0.0423) 16.7

%95%CI is estimate £ 1.96 * the standard error for the estimate

®Standard errors of the estimate (SE) are reported as %CV: 100 * (standard error for the estimate)/estimate

“IIV is the CV of the IV calculated as the square root of the diagonal element in the random-effect matrix

dCorrelation between nBasenss and nBasers: — 0.654

°Correlation between NEmaxyss and nD90nuss: 0.593

supplement. Supplementary Table S-1 compares estimates
for the three longitudinal models, illustrating that most
shared parameters are similar.

Standard non-parametric Kaplan—Meier survival curves
can be constructed if the observed time to death is split by
the NONMEM-estimated mixture model population.
Results along with the predicted survival curves are pro-
vided by Fig. 1, illustrating the large difference in proba-
bility of survival for the two mixture populations, and the
close correspondence between the model curves and the
Kaplan—-Meier curves. This figure suggests that the NON-
MEM estimated mixture accurately estimates the proba-
bility of survival in the two different groups, and a more
complex survival model to describe time to death in these
two populations is not required.

A VPC applied to a stacked bar representation of the
distribution of mRS scores for the different time points is
provided in Supplementary Fig. S-4. The simulated range
of trial outcomes closely matches the observed data. The
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stacked bar graph obscures the actual time profile (due to
the use of equally spaced bars at unequally spaced time
points) and shows the end result in terms of probabilities or
fractions while the actual modeling takes place on the logit
scale. An alternative VPC is presented in Fig. 2, where the
x-axis uses the actual time scale and the y-axis uses the
logit scale with corresponding probabilities as axis labels.
This graph illustrates that the model correctly simulates
observed cumulative mRS score fractions.

Overlaid individual NIHSS observed time profiles are
provided as Supplementary Fig. S-5 along with a loess
smooth through the data, compared to the median predicted
profile and the 50% range of predicted outcomes, sug-
gesting the data are well described by the model. The VPC
for the NIHSS component, where the values associated
with dropout due to death are replaced using a last obser-
vations carried forward (LOCF) procedure is provided by
Fig. 3 illustrating that NIHSS profiles are accurately
described by the model as well.



Journal of Pharmacokinetics and Pharmacodynamics (2019) 46:473-484

479

o
-

Survival
0.6
1

0.4
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Fig. 1 Kaplan—-Meier survival curve for the two mixture populations
(solid black line: high survival population, black dashed line: Non-
survival population, light-blue area: 95% confidence interval for the
Kaplan—Meier curves) and predicted survival profiles using the final
combined mRS/NIHSS model (black bold line: High-survival pop-
ulation, red solid line: Non-survival population). Numbers at the
bottom of the graph provide subjects at risk (Color figure online)

Simulation of covariate effects

Simulation of mRS and NIHSS scores at day 90 was used
to quantify the combined influence of ICHO and DICH-
MAX using the median values of 8 equal sized quantiles
for each covariate.

Figure 4 provides the probability of an mRS score < 4
where the different lines represent ICHO categories: an
increase in ICHO was clearly associated with a decreased
probability of a favorable outcome. Only the two highest
categories for DICHMAX were associated with a steep
drop in the probability of obtaining a favorable outcome.
This suggests that an intervention is only effective if it
could stop any increase in IHV of > 8 mL from happening.
An alternative representation is provided as Supplementary
Fig. S-6, which also provides the numbers of patients
actually observed for the different covariate combination
groups, indicating that not all covariate combinations are
equally likely in practice. The graphs for an NIHSS drop
> 4 (Supplementary Fig. S-7) and for the combined
requirements of both an mRS < 4 and and NIHSS drop of
> 4 (Supplementary Fig. S-8) suggest a similar conclusion.

The covariate model allows an investigation of the
anticipated impact on outcome at day 90 of reducing the
observed THV increase. Table 2 provides the results under

Fig. 2 Visual predictive check

. ) 0.9500 2
for cumulative mRS logits over
time for the final combined 0.8000 B
mRS/NIHSS model. Red lines: '
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colored lines: median simulated
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Fig. 3 Visual predictive check

for NIHSS time profiles using
LOCEF for dropout values for the 40 -
final combined mRS/NIHSS
model. Red lines are the 5th,
25th, 50th (median), 75th and
95th percentiles of the observed
data and the light blue areas
show the 95% of the simulated
quantiles (Color figure online) 30 4
9]
n
T
= 20
10
0 —

the observed condition (0% reduction) and subsequent
reductions in volume increase in 20% steps up to a com-
plete reduction of volume increase (100% reduction).
Complete reduction predicts 88.0% of patients to survive
compared to 80.7% without an intervention.

If it were possible to identify patients beforehand that
were likely to have a large increase in IHV if left untreated,
then treatment of these patients could result in a more
favorable outcome. 25% of the patients in the VISTA-ICH
database have an untreated IHV increase of > 8 mL. If the
IHV increase in these patients could be blocked com-
pletely, then the percentage patients alive would increase
from 60.4% when left untreated, to 87.9% (Table 2). The
remaining 75% of patients with an untreated IHV increase
of < 8 mL show no further benefit, even with a total
reduction in IHV increase (Table 2).
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Trial simulations and power calculations

Trial simulations were performed by changing model
parameters with impact on predicted outcome at day 90, to
allow qualitative assessment of required sample sizes for
the different analysis models and sampling schedules. The
arbitrary effect size resulted in an increase in the simulated
percentage of patients alive at day 90 from 81 to 88%, a
change in mRS of — 0.50, and a change in NIHSS of
—2.21.

The three longitudinal models for both the standard and
the enriched sampling schedule were compared using 500
simulated trials with 150 patients per arm. The standard
sampling scheme led to a low fraction of successful
parameter estimation results for both the mRS-alone
(28.8%) and the combined mRS/NIHSS models (47.6%);
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Fig. 4 Simulated probability of

obtaining an mRS score < 4 at
90 days as a function of 28—
baseline hematoma volume 0.7
(colored lines with associated
baseline hematoma volume
category value) and maximum 55
change in volume categories 0.6 '
(Color figure online)
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switching to an enriched sampling scheme increased suc-
cess rates to 85.0% and > 95.0%, respectively.

Power curves are provided in Fig. 5; the combined
mRS/NIHSS model provided the most powerful analysis,
followed by the NIHSS-only model and then the mRS-only
model. Switching from a standard to an enriched sampling
schedule led to an increase in power. All longitudinal
models provided a substantial reduction in sample size
compared to the binomial logistic regression approach on
dichotomized mRS scores.

Discussion

In order to provide a modeling and simulation framework
to aid in the design and analysis of ICH trials, longitudinal
models for mRS and NIHSS scores for the placebo data in
the VISTA-ICH database were developed. The combined

mRS/NIHSS model provided an accurate description of the
evolution of mRS and NIHSS scores over time, and
dropout due to death was well described by a constant
hazard survival model with separate and highly different
survival rates for the two mixture populations.

The current analysis indicates that reduction of IHV
increase will have to be substantial to impact treatment
outcome in cerebral hemorrhage patients, and is in line
with the failed Recombinant Activated Factor VII trials in
ICH [3]. Additionally, the results suggest that only patients
with IHV increases of more than 8 mL would benefit from
treatment that reduces the volume increase. These asser-
tions depend on the assumption that the difference in
clinical outcome between a placebo patient with a small
ICH volume increase and a placebo patient with a large
ICH volume increase can be used to deduce the effect of
ICH volume reduction within a patient. This may or may
not be the case; an intervention that reduces the ICH
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Table 2 Summary measures for percentage of patients alive, mRS
scores, and NIHSS scores at day 90 assuming different % reduction
in intra-cranial hemorrhage hematoma volume increase, for all

patients, for patients split by the subset that would have a volume
increase of > 8 mL if left untreated, and patients with < 8 mL
increase

Reduction in volume increase Percentage alive Mean mRS Delta mRS Percentage mRS < 4 Mean NIHSS Delta NIHSS
All patients
0% reduction 80.7 3.53 0.00 44.7 8.85 0.00
20% reduction 82.3 3.49 — 0.04 45.3 8.55 — 0.30
40% reduction 83.8 3.45 — 0.08 46.0 8.24 — 0.61
60% reduction 85.4 3.41 —0.12 46.7 7.93 —0.92
80% reduction 86.9 3.37 —0.16 47.3 7.64 —1.21
100% reduction 88.0 3.34 —0.19 47.8 7.43 — 142
Patients with > 8 mL volume increase (25% of patients)
0% reduction 60.4 4.40 0.00 26.1 14.38 0.00
20% reduction 66.3 4.25 —0.15 28.5 13.24 - 1.14
40% reduction 72.2 4.09 —0.31 31.0 12.08 —2.30
60% reduction 78.2 3.93 — 047 33.6 10.91 — 347
80% reduction 84.0 3.78 —0.62 36.0 9.77 — 4.61
100% reduction 87.9 3.68 - 0.72 37.6 8.99 —5.39
Patients with < 8 mL volume increase (75% of patients)
0% reduction 87.6 3.24 0.00 50.9 6.98 0.00
20% reduction 87.7 3.24 0.00 51.0 6.96 —0.02
40% reduction 87.8 3.24 0.00 51.0 6.95 —0.03
60% reduction 87.9 3.23 — 0.01 51.1 6.93 — 0.05
80% reduction 87.9 3.23 — 0.01 51.1 6.92 — 0.06
100% reduction 88.0 3.23 — 0.01 51.2 6.91 —0.07

Using estimates from the final mRS/NIHSS combined model. Delta mRS = change in mRS from the 0% reduction value. Percentage
mRS < 4 = % of patients at day 90 with an mRS score of 0, 1, 2 or 3. Delta NIHSS = change in NIHSS from the 0% reduction value. Mean and

Delta NIHSS values were calculated with last observation carried forward replacement for patients that died during treatment

volume increase may have a much more profound effect in
ICH patients, but the current data with only placebo
patients cannot provide supporting evidence.

Selectively targeting patients that would have large
volume increases if left untreated and assuming a
methodology would be capable of detecting such patients,
would result in much larger treatment effects if the inter-
vention results in a substantial reduction of a hematoma
volume increase. Trials in ICH can be further optimized by
choosing sensitive analysis strategies and appropriate
sampling schedules. Our results suggest that the combined
mRS/NIHSS model is the most sensitive analysis strategy
amongst the three analysis strategies considered, followed
by the NIHSS-only model and finally the mRS-only model.
Analysis with binomial logistic regression using only
dichotomized day 90 mRS data required much larger
sample sizes. The enriched sampling schedule with mRS
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measurements at 7, 15, 30, 45 and 90 days, and NIHSS
measurements at O and 1 h, and at 1, 3, 7, 15, 30, 45 and
90 days, consistently required a smaller sample size than
the standard sampling schedule with mRS measurements at
15 and 90 days, and NIHSS measurements at O and 1 h,
and at 1, 3, 15, and 90 days, and a sampling schedule with
only two mRS assessments at 15 and 90 days may lead to
difficulties in parameter estimation, both with and without
use of NIHSS information. If the burden of increasing the
number of mRS assessments is considered too high in
clinical practice, further increase in the number of mRS
assessments might be feasible using an alternative, less
labor-intensive assessment of mRS scores, e.g., assessment
of mRS over phone which has been shown to be reliably
comparable with a face-to-face assessment and can sig-
nificantly reduce the burden on subjects [15, 16].
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