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Abstract

Goal Attainment Scaling is an assessment instrument to evaluate interventions on the basis of individual, patient-specific
goals. The attainment of these goals is mapped in a pre-specified way to attainment levels on an ordinal scale, which is
common to all goals. This approach is patient-centred and allows one to integrate the outcomes of patients with very
heterogeneous symptoms. The latter is of particular importance in clinical trials in rare diseases because it enables larger
sample sizes by including a broader patient population. In this paper, we focus on the statistical analysis of Goal
Attainment Scaling outcomes for the comparison of two treatments in randomised clinical trials. Building on a
general statistical model, we investigate the properties of different hypothesis testing approaches. Additionally, we
propose a latent variable approach to generate Goal Attainment Scaling data in a simulation study, to assess the
impact of model parameters such as the number of goals per patient and their correlation, the choice of
discretisation thresholds and the type of design (parallel group or cross-over). Based on our findings, we give
recommendations for the design of clinical trials with a Goal Attainment Scaling endpoint. Furthermore, we discuss
an application of Goal Attainment Scaling in a clinical trial in mastocytosis.
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I Introduction

For diseases with very heterogeneous courses or stages where symptoms differ substantially between patients, the
evaluation of new treatments can be challenging when no standardised outcome measure, applicable to all
concerned patients is available. This is of special concern in rare diseases where separate clinical trials in
homogeneous subgroups of patients are not feasible because of the small number of patients available.
Examples of such heterogeneous disorders are mitochondrial DNA diseases where the same underlying
mitochondrial defect may have a wide range of symptoms, varying from coordination disturbance and muscle
weakness to developmental delay and hearing loss. A drug that targets the mechanism underlying the disease could
lead to an improvement in groups of patients with very heterogeneous symptoms. However, an outcome measure
such as a walking or a hearing test will only be able to describe improvements in the subgroup of patients that are
affected by the corresponding symptom. Restricting a clinical trial to such specific subgroups with homogeneous
phenotypes may lead to too small sample sizes due to the low disease prevalence of 9.2 in 100,000."

Another example is Duchenne muscular dystrophy, a disabling and life-threatening X-linked recessive genetic
disorder that primarily affects males.>? Tt results from defects in the gene for dystrophin, a structural protein
required to maintain muscle integrity. First signs of Duchenne are increasingly abnormal ambulation due to
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proximal muscle weakness. Problems with falling while walking, standing up from supine position or climbing
stairs are typically encountered before the age of 8. By 10-14 years of age, most boys with the disease are restricted
to a wheelchair. Except for walking abnormalities including stride length and cadence, major disease
manifestations are impairments in upper and lower extremity movements and strength, such as elbow flexion,
elbow extension, knee flexion, knee extension and shoulder abduction, but also endurance, and cardiorespiratory
status. A currently often used outcome measure for ambulatory Duchenne patients is the 6-min Walk Test.
This endpoint, however, has been criticised because it is restricted to ambulatory patients and provides
insufficient information in case of loss of ambulation.*®

A general tool to quantify the treatment benefit in a population with very heterogeneous symptoms is Goal
Attainment Scaling (GAS) introduced by Kiresuk and Sherman.’” It has been proposed as a patient centred
outcome measure capturing the treatment effect across a range of manifestations. GAS has been used as an
endpoint in rehabilitation research,®” in geriatric trials to measure changes in the health status of frail elderly
patients,'®!! to evaluate health care,'>'® educational programs'* and psychosocial interventions,'> but rarely in
comparative clinical drug trials to assess the effect of an experimental treatment compared to a control.'®
Examples for such randomised controlled trials are studies assessing botulinum toxin treating patients with
upper limb spasticity'” ' and a trial to evaluate donepezil® for the treatment of Alzheimer’s disease.

GAS endpoints are assessed in a procedure with several steps. First, patients formulate one or more goals
together with a treating physician. Such goals can be, for example, to improve the maximum walking distance, to
improve independence in a selected activity of daily living such as eating or to be able to use a computer mouse.
Typically, the choice of goals is a process in which both the patient and the investigator take part. The investigator
supports the trial participant to identify goals that are most relevant for the disease, are feasible, and can be
measured objectively. In some settings, each patient and/or the caregiver is interviewed and the investigators define
the goals for the specific patient based on this interview. Note that especially for diseases with very heterogeneous
manifestations, the chosen goals may be unique to the patient. Furthermore, the number of chosen goals may vary
across patients, a result of the goal setting step. In addition to the goals, criteria defining attainment levels for each
goal are specified. The number of attainment levels is the same for all goals and often a scale with five measurement
levels from —2 to 2 is chosen as suggested in the original article about GAS by Kiresuk and Sherman.’
Finally, patients can optionally choose weights for the goals to differentiate between goals of different
relevance or importance. This concludes the goal setting steps. After the treatment intervention, at a
given follow-up time, the assessment of the goal attainment levels for each patient is performed according to
the pre-specified assessment criteria.

Figure 1 gives a schematic illustration of the application of GAS as endpoint in a double-blind randomised
clinical trial. To avoid bias, the goals, the criteria for the assessment of their attainment, and the weights are
chosen before the patient is randomised to one of the treatment groups. This can prevent systematic differences in
the choice of goals between treatment groups even if patients and/or physicians cannot be fully blinded. However,
blinding is important for the assessment of goal attainment at the time of follow-up to avoid imbalances between
treatment groups. If blinding of patients and physicians is not possible, the validity of the assessment can be
improved if the assessment of goal attainments is performed by an assessor blinded to the assigned treatment.

The statistical analysis and interpretation of GAS endpoints is challenging because the goals of each patient
may be unique and the number of goals across patients may vary. As a consequence, current practice and opinions
differ substantially.”'">?

An important advantage of GAS as an endpoint for clinical trials in rare diseases is the potential to include
patients with very heterogeneous disease manifestations. This allows one to broaden the pool of potential trial
participants and to speed up recruitment. Furthermore, the involvement of patients in the choice of goals can
increase the relevance of the endpoint to the patient which is an important factor of patient-focused drug
development (see literature®® for a recent discussion). However, practical challenges, such as the training and
time required for goal setting as well as a lack of scientific literature on study design and analysis methods may be
an obstacle in the application of GAS as an endpoint in clinical trials. Recently, several systematic literature
reviews addressing the psychometric properties of the GAS scale, i.e. its validity, reliability and responsiveness
have been performed'®? but only general, qualitative recommendations”’>'*® regarding the statistical analysis of
GAS endpoints are available.

In this article we address the statistical analysis and study design of comparative clinical trials with a GAS
endpoint. Especially, we study the statistical properties of different analysis methods and explore the impact of the
number of goals per patient, the distribution of effect sizes across goals, the correlation of goal attainment levels
and other factors that may have an influence on the power and type I error rate of statistical tests. To this end,
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Figure 1I. lllustration of the application of a GAS endpoint in a randomised clinical trial. Supported by an investigator, each patient

chooses disease related goals he or she wants to attain. The type and the number of goals are chosen individually and can correspond
to different dimensions of symptoms. In the example, the patient chooses two goals related to physical functioning and one goal
related to bodily pain but no goal related to the other dimensions. For each goal criteria, specific attainment levels are defined before
the intervention. Additionally, goals can optionally be weighted to quantify differences in importance and relevance of the goals. After
the goals are set, patients are randomised and allocated to the treatment groups. After a predefined follow-up period, the attainment
level for each goal is assessed according to the pre-specified criteria.

in Section 2.1 we propose a probabilistic model for GAS data in clinical trials. In Sections 2.2, 2.3 and 2.4, analysis
methods to demonstrate a treatment effect in randomised clinical trials with a GAS endpoint are introduced and in
Section 2.5 models accounting for goal-specific weights are discussed. In Section 2.6 the robustness of the testing
procedures with regard to the model assumptions is explored. In Section 3 we introduce a hierarchical model to
simulate GAS data and report the results of a simulation study investigating the power and type I error rate of the
considered analysis methods under a range of scenarios. The extension of the testing procedures to cross-over trials
is discussed in Section 4. In Section 5 an example from a clinical trial is presented. Finally, in Section 6 we discuss
the limitations of the approach and give some recommendations for the analysis and design of studies with a GAS
endpoint.

2 A probabilistic model for GAS and hypothesis tests
2.1 Data model

Consider a randomised parallel group trial comparing an experimental treatment to a control with respect to a
GAS endpoint. Let m denote the total number of subjects and for each subject i = 1,...,m, let g; = 0, 1 denote the
treatment group indicator (where g; =0 for the control and g;=1 for the experimental treatment group). We first
address GAS without weighting of goals and discuss the case of weighting in Section 2.5. For each subject, a vector
of goal attainment levels X; = (Xj),_, is observed, where n; < npyax denotes the number of goals chosen by patient
i, and n,,x the maximum number of goals that can be chosen by a patient. The design parameter n,,, is considered
identical for all patients and has to be pre-specified. The goal attainment levels X, take values from a set M C Z.
A common choice is M = {2, — 1,0, 1,2}.
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Let F, denote the distribution of X; conditional on g; = g,g = 0, 1 and we assume that X; are (conditional on g,)
stochastically independent across i = 1,...,m. Thus, F,, F; denote the distribution of the outcome vectors for
patients in the treatment and control group. These are distributions on the sample space {(%)Z:]
ne{l,..., nua}, ax € M} and specify a distribution on the goal attainments X as well as on the number of
goals n;.

Let X; :HLZZ’: | Xix denote the mean goal attainment of subject i and define u, = E{X;] gi = g} to be the
expected mean goal attainment for patient i allocated to group g=0, 1. Then, a (one-sided) null hypothesis for
these means is given by

Hy @y < o against Hy @ wy > o (1)

We make two assumptions on the distributions Fy, Fi:

(A) The distribution of »; is independent of g;. B
(B) For g € {0,1} we have E(X;|ln; =n,g;=g) = E(X;ln; =n',g; = g) for all n,n’ = 1,..., 1.

Assumption (A) states that the distribution of the number of goals per patient is equally distributed in both treatment
groups. This can be achieved if, for example, the goals are set before randomisation. Assumption (B) implies that the
expected mean attainment of goals is independent of the number of goals a patient sets. In Section 2.6 we discuss the
validity of statistical hypothesis tests in settings where these assumptions are not satisfied.

We consider several testing approaches to test the null hypothesis H, that take the dependence between
observations from the same patient into account.

2.2 T-Test and Mann-Whitney U Test on per-subject means

A two-sample Welch’s r-test applied to the per-subject means X; directly tests the null hypothesis H,. Because the
means X; are independent between patients, Welch’s ¢-test statistic follows asymptotically a normal distribution.
For finite m, the distribution can be approximated by a t-distribution with appropriate degrees of freedom.
If, under the null hypothesis, the distribution of the per-subject means X; is equal in both groups, also
Student’s z-test or the Mann—Whitney U test can be applied.

2.3 Generalised estimating equations (GEE) approach

The variance of X; depends on the variances and covariances of Xy and on n; and will be smaller for larger n;.
The t-test described above is based on the unweighted mean of X;, g; = g as estimate of E(X;| g; = g), which is not
efficient in the presence of unequal variances. Efficiency can be increased by using a weighted mean, with weights
equal to the inverse of the variance of each X;. In an actual application, these variances are unknown. However, a
weighted r-test can be performed in terms of a GEE model.”’ There, weights are derived from a working
covariance structure. The larger the gain in efficiency, the closer the assumed covariance structure is to the true
one. A robust sandwich variance estimator is used, such that misspecification of the covariance structure does not
affect type I error rate control of the resulting test, at least asymptotically.

Assuming a working covariance structure with equal correlations p, for all pairs (Xj, Xj) (conditional on
n; > k,k’) and zero correlation between observations from different patients, the weights are given by

n;
Wp=———— 2
T @
and an estimator for the mean attainment level 1, in group g=0, 1 is given by
/:L _ Z:il Wl')?il{gi;{,’} (3)
X wilg=g

where 1;; denotes the indicator function.
Following the GEE approach, both p, and ug, g € {0,1} may be estimated in an iterative way by using the

newly estimated p, in the estimation of u, and vice versa.”” Alternatively an arbitrary value py > — - ]’71 may
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be chosen. A sandwich variance estimator that accounts for the correlation of goal attainments of the same
subject is given by

- A N2
Z;'ﬂl ligi=g) 2:11 (WiXi — wifle)" lig=g)

var(fig) = i 4)
¢ (X0 wilig—g) )2 2t ligi=g) — 1
Now, the Wald test statistics to test (1) is given by 7= ——4=___ and is approximately standard normal

var(f)+var(fio)
under the null hypothesis. For small sample sizes, a ¢-distribution with m — 2 degrees of freedom gives a better
approximation.

Two important special cases are covered by the GEE approach. For the case p, = 0 the weights are w; = n;, and the
estimates of w,, g = 1,2 (3) become the grand mean > 1| lig—g > py Xik/ D io) il {g—g. For the case p, =1 the
weights are w; = 1, and the estimate reduces to the mean of the per-subject means. In the latter case, the corresponding
hypothesis test asymptotically reduces to the 7-test of the per-subject means discussed in the previous section.

2.4 Standardised means (Kiresuk and Sherman)

In their initial proposal of GAS, Kiresuk and Sherman’ proposed to standardise the per-subject means of the goal
attainment levels X; by their standard deviation, such that the resulting standardised means have unit variance
regardless of the number of chosen goals n;. The standard deviation of the X; depends on the variances and
covariances of the vector of goal attainments (X, ..., Xj,), which are, however, unknown. Kiresuk and Sherman
therefore suggested to assume that the variance of the X, is one for all goal attainment levels and the common
correlation is p, = 0.3 without giving a formal justification. The resulting standardised per-subject mean for
subject i is then given by Z; = /WiX;, where w; is defined in equation (2).

Several authors have applied tests based on the standardised means’ with r-tests or Wilcoxon tests.
For parallel group comparisons, the t-test tests the null hypothesis that the difference of means of the
standardised per patient means is non-positive. Under assumptions (A) and (B) this is equivalent to the null
hypothesis Hy (formulated for the non-standardised means), i.e. E{X;|g; =1} < E{Xi|gi=0} & E {Z]gi=1)
< E{Z;]g; =0}, and thus the Welch’s t-test applied to the scores Z; is an asymptotically valid test for this
null hypothesis.

,8,15,20

2.5 Goal-specific weights

All the above testing approaches are based on per-subject averages of the individual goal attainment scores X;.
They differ in the way the contribution of each patient is weighted in the overall test statistics; however, all goals
within a single patient have the same weight. This can be generalised by introducing goal-specific weights
vie =0, i=1,....m k=1,...,m;, Y}, v=1, that, e.g, may reflect within-patient differences in the
importance of the goals.® Then, the weighted per-subject mean of the goal attainment scores of subject i is
given by X’ L= 4, vieXu. The standardised weighted means are given by

5 _ >k i Xip)
JU= 00 T2 4 ()’

where p, is defined as above. Note that Kiresuk and Sherman’ proposed to use the equivalent rescaled scores
T; = 50 + 107, instead.

Now, as discussed in Sections 2.2 and 2.4, the t-test can be applied to the means )_(;- of the weighted goal
attainment levels or standardised means of the Z_; using weighted goal attainment levels. Similarly, the GEE
approach for a weighted analysis can be performed.

The weighted tests, however, in general test a different null hypothesis than the unweighted test.
Let pu, = E{)?;|g,- =g},g =0,1, then the null hypothesis Hj, : i} < p is tested by the above approaches with
weighted goal attainment levels.

In any case, to ensure the control of the type I error rate, the weights need to be chosen independently of the
treatment assignment and thus before randomisation. For example, they can be chosen at the time the individual
goals are set. Weights can either be used to reflect patient preferences regarding the different importance of the
goals or the weights could be chosen to maximise the power of the test, by giving more weight to goals where

%)
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a larger treatment effect (i.e., larger difference to the control group) is expected. Furthermore, we assume that
assumption (B) with X; replaced by X’ holds.

2.6 Robustness of the testing procedures

The type I error rate control of the testing procedures above may be compromised, if the assumptions defined in
Section 2.1 are not satisfied.

If only condition (A) is relaxed and the distribution of the number of goals per patient may differ between the
treatment groups, the per patient means X; are still asymptotically normally distributed in each treatment group.
However, the variances may differ between groups and the #-test for equal variances may not control the type I
error rate. On the other hand, the ¢-test for unequal variances (i.e. the Welch’s t-test) is asymptotically still valid in
this setting. Furthermore, the GEE procedure discussed in Section 2.2 still controls the type I error rate, because,
similar to Welch’s test, the variances are estimated separately for both groups.

The t-test for the standardised means (Section 2.4) does, however, not control the type I error rate. To see this,
consider a simple example: Assume that in the control group each subject chooses one goal, while in the treatment
group two goals are chosen. Furthermore, let p, = 0 such that w;=n;. Then, under the null hypothesis wg = i, we
have E(Z_i|gi =0) = uo but E(Z_,»|gi =1)=puev/2 for i=1,...,m. Hence, if uy= i > 0, the r-test based on
standardised mean scores favours the treatment group even though the null hypothesis holds.

Consider now the case that only assumption (B) is not satisfied such that the attainment of goals depends on the
number of goals a patient sets while the distribution of the number of goals is equal across treatment groups. This
may result, for example, if there is a trend where patients choosing more goals tend to choose increasingly
challenging goals. Also in this setting, the per patient means X; are still asymptotically normally distributed
and the r-test is still valid. The ¢-tests based on standardised means and the GEE approach do not necessarily
control the type I error rate, though, because patients with different number of goals, and hence different expected
goal attainment levels have different weights in the overall estimate. As illustrative example, assume for both
groups that exactly half of the patients choose one goal and the other half choose two goals and that p=0. For the
control group assume E()?i|ni =1,g,=0)= E(A_’i|ni =2,g;=0) =1, while in the treatment group E(A_’i|ni =1,
gi=1)=0and E(X;ln; =2,g;, = 1) = 2. Thus E(X;|g; = 0) = E(X;| g; = 1) = 1; however, the weighted estimates
used for the hypothesis test in the GEE approach are E(ji9) = 1 < E(1;) = 4/3. Similarly the expected values of
the standardised means are E(Z;|g; = 0) = (1 +/2)/2 < E(Zi|gi = 1) = /2.

However, if (A) but not (B) holds, the GEE and standardised means tests are valid tests for the stronger null
hypothesis E(A_’f|ni =n,g;,=0) < E(A7,|ni =n,gi=1)foralln=1,...,n,,. Then the expectation of the weighted
mean fi, (for the GEE test) or Z; (for the standardised means test) in the treatment group will be less than or equal
to the respective expectation in the control group under the stronger null hypothesis. Note that in the GEE
approach the sandwich variance estimate var(fi,) is consistent even if (A) and (B) are violated because w;fg, is
asymptotically unbiased for E(w;X;| g; = g), even if fi, 1s biased and not consistent.

Finally, if neither assumption (A) nor (B) holds, Welch’s #-test based on the patient-wise means will still be
valid, due to asymptotic normal distribution of the X;. Because of the issues outlined above, the GEE and the #-test
based on the standardised means may inflate the type I error rate in this setting.

Table 1 gives an overview of the validity of the hypothesis tests in the different settings.

Table I. Type | error rate control of the testing procedures dependent on the validity of assumptions (A)

and (B).
Assumption Testing procedure
Welch t-test Welch t-test for
(A) (B) for means GEE standardised means
v v v v v
v X v ) )
X 4 v 4 X
X X 4 X X

v': (asymptotic) control of the type | error rate for the test of Ho, (v): Type | error control for the stronger null hypothesis
E(Xilni =n,g =0) < E(Xilni=n,gg=1),n=1,..., Nmax- X: No control of the type | error rate for the test of Ho.
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3 Simulation study
3.1 A data generating model for GAS data

To investigate the properties of different analysis approaches for GAS endpoints, we introduce a data generating
model for the observed goal attainment scores X;; based on continuous latent variables Y. They allow one to
parametrise the treatment effect as well as the between- and within-patient variability. Let n; ~ D, where D denotes
the distribution of the number of goals chosen by patient i. Now, for k =1,...,n;

Yie = bo + u; + gibix + €ix (6)

denotes a continuous goal attainment score for goal k of subject i. Here, by denotes the mean response in the
control group, u; ~ N(0O, 03) a patient-specific random effect (introducing correlation between goal attainments of
different scores within a patient), by, ~ B is the effect of the experimental treatment on the attainment of goal k in
subject i and € ~ N(0,02) is a random error term. Furthermore, we assume that the b, are non-negative random
variables and that n;, u;, by, and €, are independent between subjects and b;, and €;, additionally within subjects for
different goals. Modelling the treatment effects by the random variable b;, reflects the assumption that each patient
chooses separate and different goals (and potentially no goal is chosen more than once). Note that, as special case,
the treatment effect b;; can be a constant. The correlation of Yy and Yy, k # k' is then given by

pe = 0,/(0; +g0og +07) (7)

where 0% denotes the variance of b;. Thus, if o3 > 0, the correlation in the treatment group is smaller than in the
control group. The discrete goal attainment levels X, are defined by discretising Y, via a set of thresholds
—o0=cy<cC] ...y =00, such that Xyp=s—/—1 if ¢, <Yy <¢, s=0,...,2[+1. Note that the
distribution of the vectors X; in this model satisfies the conditions (A) and (B).

3.2 Simulation scenarios

We performed a simulation study to compare the power of the considered hypothesis tests to detect a treatment
effect in a GAS endpoint in a parallel group design with equal per group sample sizes m/2. In the reference
scenario, the overall sample size was set to m =40 and thresholds ¢; = ®~1(0.2), j=0,..., 5 are used, where ®~!
denotes the inverse of the cumulative standard normal distribution function. The number of goals #; are uniformly
distributed on {1,..., 14} With n,,,.=5. The treatment effects b, are assumed to be uniformly distributed on
(0,246) for fixed constants §, i.e. B = U(0,25), such that E(by) =68 and var(by) = % The mean response in the
control group is set to zero, i.e. by = 0 such that py = 0. To investigate the impact of the correlation of treatment
scores on the outcomes, we fixed different correlations p, in the control group and set 63 = ,0(),03 =1 — py such
that 02 4+ 02 = 1. In the computation of the weights (2) to calculate the standardised means Z;, we set p, = 0.3.
Besides the unweighted case, we considered two choices of goal specific weights (see Section 2.5): (i) a setting
where the weights vy (v € U{1,...,n;} for k =1,...,n; where vy # v; for k # j) represent patient preferences
(e.g. the importance of the goal to the patient) and are therefore assumed to be stochastically independent of
the treatment effect variable b, and (i1) a setting where weights are chosen to increase the power of the applied
testing procedure by giving more weight to goals for which a larger treatment effect is expected. To this end, we

choose the weights
= ®)

Z};I:] bi/c

assuming that the effect sizes by, for each of the goals are known, but still by ~ U(0, 28). These weights have a
certain optimality property: if p=0, they maximise the ratio [E(ZZ": i Yl g =1) — EQ v Yiel g = 0)]2 /
var(} L, vik Yir), i.e. the effect over variance ratio of the latent variable within patient i.%® For each simulation 10*
simulation runs were performed, except for the calculation of the type I error rate where 10° simulation runs
were used.

We compared three testing procedures: the Welch #-test based on the per-subject mean specific scores (see
Section 2.2), the GEE test (see Section 2.3) and the ¢-test based on the standardised means (see Section 2.4) were
performed. All simulations were performed in R. The GEE models were fitted with the R-package geepack.”
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3.3 Results of the simulation study

Due to the discretisation of the continuous variables, the dependence of the expected value of the goal attainment
scores X on § is not linear in the treatment group but levels off for large 6§ due to a ceiling effect (see Figure 2(a)).
Correspondingly, their variance decreases to zero for increasing §. As noted above, also the correlation between
the goal attainment scores of patients in the treatment group depends on the effect size. Figure 2(b) shows that the
correlations of Xy, Xy and Yy, Yy, k # k' in the treatment group decrease with increasing 8. Expressions for the
mean, variance and covariance of the discretised attainment levels in the proposed model are given in Appendix 1.

Figure 3(a) shows that for the reference scenario the power of the GEE approach is largest, followed by the #-test
for standardised means and the z-test for the raw means. For example, for py = 0,8 = 0.5 the power is 68% for the

(@)
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Figure 2. (a) The expected value of the goal attainment scores Xj in the treatment group | and their variance o as function of § in
the reference scenario described in Section 3.2. (b) The correlations of the continuous and discretised goal scores Xj, Xy, and
Yik, Yir» k # k/ within a patient as function of é for po = 0.3.
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Figure 3. The power (a, 10* simulation runs) and type | error rate (b, 10° simulation runs) of the t-test based on the per-subject
means (mean), the t-tests based on the standardised per-subject means (Kiresuk), and the test based on the GEE model (GEE) for the
reference scenario.
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GEE approach compared to 61% for the #-test on the standardised per-subject means and 55% for the 7-test on the
non-standardised means. The differences in power become smaller for increasing py. For pp = 1 all three testing
procedures have the same power. In addition, for increasing p, the power of all procedures decreases. Figure 5(a)
shows the power of the #-test for standardised means for the case where correlations p, # pg are chosen in equation
(2) to compute the standardised means Z;. Especially, if py = 0, choosing a p, > po leads to a drop in power.

For sufficiently large sample sizes, the type I error rate is controlled for all three procedures. However, the GEE
approach is liberal for small sample sizes: for a sample size of m = 20, the type I error rate for py = 0 is 0.07 instead
of the nominal « = 0.05 and reduces to 0.0545 for m =40 (see Figure 3 (b)).

If goal specific weights are applied that are independent of the effect sizes (Case (i) in Section 3.2) the power
drops for all three testing procedures. However, if we assume that the weights are chosen according to equation (8)
(Case (ii) in Section 3.2), the power increases compared to the tests based on the unweighted goal attainment scores
(see Figure 4(a)). The latter scenario serves as benchmark only, as it requires that the exact effect sizes of each goal
are known in advance. If estimates based on historical data are used instead, the increase in power may be smaller.

Figure 4(b) shows the impact of the maximum number of goals per patient on the power for the reference scenario.
As expected the power increases with increasing n,,,, and the increase is more prominent for lower correlations pg.

To assess the robustness of the procedures, we performed simulations for several alternative scenarios and
modifications of the procedure: To investigate the impact of the inclusion of goals on which the treatment has no
effect, we consider a scenario where b; follows a mixture distribution with point mass 1 — p on 0 and probability p
on a U(0, 28) distribution. For decreasing p we observe a sharp drop in power (see Figure 5(b)). Figure 5(a) shows
the consequences of a misspecification of the average correlation between the goals on the power of a test using the
Kiresuk aggregation formula. The impact of the number of attainment levels used (i.e. the number of categories
applied in the categorisation of the continuous latent variable) is shown in Figure 6(b). Increasing the number of
attainment levels leads to a gain in power. However, while an increase from 3 to 5 levels gives a noticeable
improvement, going beyond 5 levels has only a marginal impact. In the reference scenario, the thresholds for
the discretisation of the continuous normal variables are chosen as quantiles of a standard normal distribution
such that in the control group the x; have a discrete uniform distribution. If instead quantiles of a normal
distribution that is centred between 0 and & is chosen, the power can be improved. Figure 6(a) shows the
respective power curves under the assumption that b, follows a mixture distribution, either between the points
0 and § or between 0 and uniform distribution on [0, 28]. The optimal categorisation threshold centre depends on
the assumed effect size distribution.

(@) (b)
o | e 4
© ©
c Shn
© ©
o 7] Shn
1] 9]
2 2
o o
o o
< =
o o
o N
o o
— without weighting —— mean
----- patient preference weighting —— Kiresuk
sl treatment effect weighting — GEE -~
o o
T T T T T T T T T T T
0.2 0.4 0.6 0.8 1.0 1.2 1.4 0.0 0.5 1.0 1.5
3 3

Figure 4. (a) The power of the three considered testing procedures without weighting, with patient preference weighting (Case (i)
in Section 3.2) and with treatment effect weighting (Case (ii) in Section 3.2) in the reference scenario for po = 0.3 and n,,q =>5.
(b) The power of the GEE approach for different maximum number of goals (nme = 1,3,5,7, 10) and correlations po = 0.3,0.8.
For the respective power curves for the t-tests applied to the mean and standardised mean scores, see Figures S| in the
Supplementary Material.
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Figure 5. (a) The power of the t-test for standardised means for the case where correlations p, # pg are chosen in equation (2) to
compute the standardised means Z; for the reference scenario. Figure (b) shows the power under the assumption that the effect size
follows a mixture distribution with weight | —p on 0 and weight p on a uniform distribution on [0, 25], using the t-test applied to
the per-subject means (mean) and standardised per-subject means (Kiresuk), and the test based on the GEE model (GEE) for the
reference scenario.
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Figure 6. (a) The power for the GEE approach for discrete goal attainment scales with L = 3,5, and 7 levels such that

G = ®~'(j/L), j=1,...,L and other parameter values are as in the reference scenario. For the respective power curves for the t-
tests applied to the per-subject mean and standardised mean scores, see Figure S| in the Supplementary Material. (b) The Power of the
t-test based on per-subject means if the discretisation of the continuous attainment levels, which is centred around 0 in the reference
scenario, is based on other threshold centre values. For different threshold centre values t, we set ¢; = @;l' (j0.2), j=0,...,5, where
@, denotes the quantiles of the normal distribution with mean t and variance |. The distribution of effect sizes was either assumed to
be a mixture distribution on 0 and § (fixed effect) or 0 and a uniform distribution on [0, 28] (uniform) with weights | — p and p.

4 Extension to cross-over designs
4.1 Hypothesis tests for cross-over designs

For the investigation of treatments with short-term effects on a chronic condition, cross-over designs may provide
advantages to parallel group designs.’® In a two-armed cross-over trial, each patient is exposed to both
treatments in randomised order, over a sequence of treatment periods. The outcome variables are observed at
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the end of each period. Effect estimates and hypothesis tests are then based on within-patient comparisons and
precision and power are determined by the within-patient variance rather than the typically larger between-patient
variance determining the properties of a parallel group design. Therefore, a cross-over design may lead to a higher
power or require a smaller sample size than a parallel group design.

Consider a cross-over trial with a goal attainment scaling endpoint, where each patient chooses a single set of
goals and attainment categories which are used in both treatment periods. Such a design can be useful for the
investigation of symptomatic treatments in stable, chronic diseases where a short-term endpoint is available.

4.2 Extension of the testing approaches to cross-over designs

The three hypothesis tests proposed in Section 2 can be extended to a two groups—two periods cross-over design:

4.2.1 Paired t-test based on per-subject means

For patient i = 1,...,m, let (Xjig, ..., Xing) denote the observed goal attainment levels under treatment g=0, 1.
Then the per-subject means under treatment g are X, ic = >y Xirg/ni. The null hypothesis Hy as defined in (1) can
then be tested by a paired -test applied to the pairs of per-subject means (Xi, Xi).

4.2.2  Paired t-test based on standardised per-subject means
For patient / under treatment g, let Z;, = ,/w; X, denote the standardised means, where w; is defined as in (2), then
a paired z-test can be applied to the pairs (Z, Z;) to test Hy.

4.2.3 GEE approach |

The GEE approach reduces to an intercept only GEE model applied to the differences Ay = Xy — Xiro, with
subject as clustering variable. We assume, analogous to (B), that E(A,—|n,- =n) does not vary with n =1, ..., 1,4y,
where A,« =Y i, Ai/n;. The null hypothesis for the paired GEE test is E(Aidni=n)=0foralln=1,..., fya.
Here the same goals are measured for each patient in each period.

4.2.4 GEE approach 2
The GEE approach could also be applied to model E(Xj,|n; = n) while accounting for patient as clustering variable.
The null hypothesis for this second paired GEE test is E(Xj|n; = n) = E(Xjoln; = n) foralln =1, ..., nygx.
Remarks: (i) With the exception of GEE approach 1, the above hypothesis tests can be extended to adjust for co-
variables such as the treatment period. To this end, the paired r-tests are replaced by a linear model for X, i (or Z_,g),
with patient, treatment group and period as categorical independent factors.>® To include a period effect in the GEE
approach 2, the treatment period is added as co-variable in the marginal model for E(Xjg|n; = n), with subject as
clustering variable. (i) The hypothesis tests can directly be extended to GAS with goal-specific weights. To this end,
the goal attainment levels are multiplied by the respective goal-specific weights as discussed in Section 2.5. (iii) Cross-
over trials with GAS endpoints face all limitations of cross-over trials based on more traditional outcomes, as
susceptibility to carry-over effects or time trends. The latter can be adjusted for in the model (see Remark 1) but
even the unadjusted test does not lead to bias if the sequences are balanced. (iv) For progressive diseases, one can
consider cross-over designs where patients may select different goals (and even different numbers of goals) for the
second treatment period, to account for changes in their needs due to the disease progression. Also, in this case the
paired #-tests based on per-subject means and standardised means remain valid. Furthermore, the GEE approach 2
that pairs the mean goal attainment levels per patient can be applied. GEE approach 1 that pairs individual goal
attainment levels is, however, not applicable. In addition, as a period effect is expected in the progressive disease
setting, the adjusted models (see Remark (i)) are more suitable. An alternative to the selection of new goals in the
second period is the adjustment of the definition of goal attainment levels to avoid ceiling effects if the disease
progresses. Also, in this setting the above hypothesis tests can be applied. If the second period goals (or the
definitions of attainment levels) are chosen after randomisation, blinding is essential to reduce the potential for bias.

4.3 A data generating model for cross-over trials

Data for the cross-over trial are modelled similarly as for the parallel group design based on continuous goal
attainment scores defined by

Yig = bo +u; + gbj + €iig ©)
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where Yy, is the response of patient i on treatment g=0, 1 in goal kK =1,...,n;. The discretised scores X, are
defined as in the parallel group case. All random variables in equation (9) as well as n; are defined as for the parallel
group design. However, we allow that the correlation p. = Cor(ejg, €ix1) between the noise in the treatment and
control group differs from 0, all other pairs of €;, are €1, are assumed to be independent. Then, as in the parallel
group design, the correlation between goal attainment levels of the same patient for each treatment group g=0, 1
is 02/(02 + go% + 02). The correlation of the goal attainment levels between periods is (for the same goal and
patient) (02 + p.02)/(y/02 + 03 + 02,/02 + 02).
In Section 5, we compare the cross-over design to the parallel group design in an example.

5 Example: Assessment of the efficacy of recombinant human diamine oxidase
in mastocytosis

In November 2014 the Medical University of Vienna seeked scientific advice concerning planned clinical trials for
the treatment of mastocytosis patients with the active substance recombinant human diamine oxidase (rhDAO) in
order to achieve Marketing Authorisation. With a prevalence of less than 3 in 10,000 (EMA/OD/75/2014),
mastocytosis is considered an orphan disease. It is characterised by too many mast cells in various organs of
the body, and patients with recurrent anaphylaxis are even much rarer.

Due to the diversity of symptoms of mastocytosis patients, it is especially difficult to perform clinical studies
with a single standardised endpoint. Symptoms include a broad spectrum ranging from minor inconveniences
compromising the quality of life like flushing (redness), pruritus (itching), urticaria, abdominal pain (cramps),
nausea, vomiting, heartburn, palpitations (tachycardia), dyspnoea (difficulty breathing) and hypotension (low
blood pressure) to its most severe form with life-threatening hypersensitivity reactions (anaphylaxis). All these
symptoms have as a common cause an excess of activated mast cells in various parts of the body. About 70% of
mastocytosis patients feel that they suffer from a disability caused by their disease.’’!

There is an unmet medical need for some patients despite optimised available treatment because they still experience
recurrent episodes of anaphylaxis and are living with the daily fear of a fatal outcome. For this subgroup of
mastocytosis patients suffering from recurrent anaphylaxis, marketing approval under exceptional circumstances
was envisaged, justified by the rarity of the indication. Variability of anaphylactic episodes may require
individualised outcome measures to show the effect of rhDAO for single patients. For example one patient had
anaphylactic shocks at least 60 times in the last 15 years and needed to be transported to the hospital every time
despite being treated with intramuscular epinephrine, anti-histamines and glucocorticoids. In this case, it could be of an
advantage to measure the time to resolution of anaphylactic shock defined by reaching a sustained mean arterial
pressure of at least 70mmHg. In another patient, the recurrent episodes of anaphylaxis are triggered by acute
infections and only after days of fever, headaches and nausea, the patient came to the hospital because of urticaria
and flush. Besides measuring the mean arterial pressure, the bioactive histamine in urine samples could be quantified.
In yet another case, a mastocytosis patient suffers from recurrent anaphylactic attacks when his skin is exposed to
mechanical or thermal stress. For this patient, tolerance towards elevated temperature and rubbing of the skin could be
an adequate outcome to measure the efficacy of rhDAO. Table 2 gives an example of how a GAS scale could look like
for this goal of a patient as proposed in the request for scientific advice. To summarise the effect on the different
endpoints of the different patients, the use of an individual goal attainment scale was suggested. The Medical
University of Vienna planned to perform a cross-over trial using either rhDAO or placebo in addition to standard
of care to demonstrate that degradation of histamine by repeated injection of rhDAO will be safe and effective in
alleviating chronically debilitating symptoms in mastocytosis patients not controlled by conventional standard therapy.

In the protocol assistance provided by the European Medicines Agency (EMA), it was recommended that the study
is focused on patients with stable cutaneous and indolent systemic mastocytosis and that all patients are well educated
about their disease, factors triggering symptoms and the use of rescue therapy. The EMA suggested performing an
open (multinational) trial in this population, where patients and/or emergency physicians inject thDAO, but to use a
differentiated or individualised approach in defining suitable endpoints as triggers and presentation of anaphylaxis can
vary substantially between patients. The outcome of such a trial could be a series of cases treated and observed under
a common, well-defined protocol including a number of amendments or notifications to fit individual patient needs.
Additionally they suggest to further explore the feasibility of a within patient, placebo-controlled, on top of standard
of care study in those patients considered suitable for self-administration of rhDAO.

Note that the exemplary goal definition (Table 2) as proposed in the request for scientific advice can be refined
by defining separate goals for tolerable temperatures and pressures. Furthermore, quantitative thresholds for
temperature and pressure defining the attainment levels could be specified.
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Table 2. Example of a Goal Attainment Scale for a mastocytosis patient taken from the request for
scientific advice at the EMA.

Goal score Definition

-2 Patient only tolerates showers with lower temperatures
AND tolerates gentler rubbing/drying of skin

—I Patient only tolerates showers with lower temperatures
OR tolerates gentler rubbing/drying of skin

0 Patient does not experience any changes

+1 Patient tolerates showers with higher temperatures
OR tolerates rougher rubbing/drying of skin

+2 Patient tolerates showers with higher temperatures

AND tolerates rougher rubbing/drying of skin

Table 3. Operating characteristics of a parallel group trial with 30 patients compared to a cross-over trial
with |5 patients for the example in Section 5 with expected effect size 6= 1.

Power TIE
Design 0o Method no w patient w effect w no w patient w
Parallel Mean 0.8l 0.79 0.90 0.050 0.050
Group 0.3 Kiresuk 0.83 0.8l 0.92 0.050 0.050
Design GEE 0.85 0.83 0.94 0.056 0.056
Cross- Mean 0.92 0.90 0.99 0.049 0.050
Over 0.3 Kiresuk 0.95 0.93 0.99 0.050 0.051
design GEE | 0.97 0.95 0.98 0.067 0.070
pe=0 GEE 2 0.98 0.96 0.99 0.055 0.055
Cross- Mean 0.98 0.97 1.00 0.048 0.049
over 0.3 Kiresuk 0.99 0.98 1.00 0.050 0.049
design GEE | 0.99 0.98 0.99 0.066 0.068
pe =03 GEE 2 1.00 0.99 1.00 0.054 0.055
Parallel Mean 0.88 0.86 0.93 0.049 0.050
group 0 Kiresuk 0.92 0.89 0.96 0.050 0.050
design GEE 0.96 0.93 0.98 0.062 0.062
Cross- Mean 0.86 0.83 0.97 0.047 0.050
over 0 Kiresuk 0.90 0.87 0.97 0.049 0.050
design GEE | 0.94 0.90 0.97 0.068 0.070
pe=0 GEE 2 0.94 0.90 0.98 0.055 0.056
Cross- Mean 0.92 0.90 0.99 0.047 0.047
over 0 Kiresuk 0.95 0.92 0.99 0.048 0.049
design GEE | 0.97 0.95 0.98 0.066 0.068
pe =03 GEE 2 0.98 0.95 0.99 0.054 0.055

Note: The power (10* simulation runs) and type | error rate (TIE, 10° simulation runs) are given for the unweighted (no
w), patient preference weighted (patient w), and treatment effect weighted (effect w) scores. Note that under the null
hypothesis, the treatment effect weighted and unweighted case coincide.

We simulated the statistical power of a clinical trial in a setting similar to the example above. Especially, we
compared the properties of a parallel group design with 30 patients to a cross-over design with 15 patients where
each patient serves as his or her own control (Table 3). Note that while both have the same number of outcome
measurements, the former requires twice as many patients. We used the data generating model (9) with parameters
as in the reference scenario in Section 3.2 and a uniform effect size distribution on [0, 28] and correlations of goal
attainment levels between goals p of 0 and 0.3. For the cross-over trials, we considered correlations p, between
periods of 0 and 0.3.
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As expected, for a correlation of goal attainment levels within patients of py = 0.3, the cross-over trial has a
substantially larger power than the parallel group design. The power for all designs decreases if GAS with patient
preference weighting is used and increases if GAS with effect size weighting is used. For p =0, the cross-over trial
has slightly lower power than the parallel group design. This is due to the fact that in this case the true standard
error of the treatment effect estimates in the cross-over analysis is the same as in the parallel group design, but in
the paired analysis corresponding estimate has fewer degrees of freedom.’> Because of the lower degrees of
freedom in the cross-over trial, analysing a cross-over trial as if the observations are obtained by two
independent groups of patients (as in a parallel group design) can increase the power if the sample size and the
correlations are low.*>* In the considered scenarios for cross-over trials, the GEE 1 and 2 approaches have similar
power and are superior to the other approaches. The GEE 2 approach has a lower type I error rate compared to
GEE 1, due to the larger degrees of freedom in the variance estimate. These findings remain valid if lower effect
sizes (8 = 0.5) are considered (see Table S1 in the Supplementary Material).

6 Discussion

We propose a probabilistic model for data from a GAS endpoint that can be useful to assess the appropriateness of
different analysis approaches and to calculate the sample size for trials with a GAS endpoint. The proposed model
covers a number of important features of these endpoints, such as the varying number of goals per patient and the
individual choice of goals for each patient (reflected by modelling the treatment effects as a random variable). We
focused on parallel group superiority trials and considered three testing procedures, t-tests on per patient mean
scores or standardised mean scores as well as an analysis by a GEE approach. Randomised treatment allocation and
the choice of goals and weights before randomisation avoids systematic imbalances between the treatment groups. In
particular, systematic differences in the quality, attainability and importance of goals are prevented.

A clinical interpretation of the tested null hypothesis as well as the considered alternative hypotheses is challenging
because the GAS endpoint depends not only on the preferences of the patients included in the trial but also on the
scope of goals available to the patients and the process of choosing individual goals. The goals and patient preference
weights, which are chosen before randomisation, can be considered as a baseline characteristic of the patient, as age or
sex. The observed value of a GAS endpoint can be regarded as an attribute of the patient under the specific treatment,
similar to the observed value of a traditional clinical endpoint. Therefore, observing a significant treatment effect in
the mean (weighted) goal attainment in a randomised trial allows for the conclusion that, under the same process of
selecting goals (and weights), on average the (weighted) goal attainment levels of other patients from the same
population will be higher under treatment than under control. If the study sample cannot be assumed to be a
random sample, but patients are randomised between treatment groups, a conditional interpretation is possible
and study results may be generalised to a population with properties matching those of the study sample. The
issue of conditional and unconditional inference is not specific to GAS endpoints but has been discussed for
clinical trials with traditional clinical endpoints as well, as the applicability of the random sampling model for
clinical trials has been challenged. Note that, at least asymptotically, conditional re-randomisation tests and
unconditional tests often coincide (see e.g. Sections 4.1 and 4.2 of literature®*> for a recent discussion). It is well
understood for clinical trials with a traditional endpoint that the interpretation of trial results is only meaningful if the
trial population is sufficiently specified by appropriate inclusion/exclusion criteria based on baseline characteristics.
Furthermore, the possibility to generalise trial results may depend on how well the trial population including their goal
preferences reflects a future patient population to be treated with the treatments under investigation. Similarly, for a
clinical interpretation of results of a trial with a GAS endpoint, appropriate criteria for valid goals have to be
specified. These criteria can help to assess the generalisability of trial results, similar to classical inclusion/exclusion
criteria. The criteria need to be flexible enough to cover all important goals for a heterogeneous patient population,
but need to make sure that the goals are relevant and clinically useful. The choice of the goal to reach a certain level of
the experimental drug in the blood, for example, will typically not be a valid goal and may bias the analysis.

For the interpretation of outcomes of trials with a GAS endpoint, it is essential that the chosen goals are
reported in a similar way as baseline variables are traditionally reported in randomised controlled trials. If a full
listing of goals is not feasible, a categorisation of goals based on pre-specified categories and reporting of the
corresponding frequencies can be an important tool for the interpretation. Furthermore, such a categorisation can
be the basis for stratified randomisation and stratified analysis to ensure a balance across treatment groups and
potentially increase the power of respective tests.

Goal attainment scaling can be viewed as a type of combined endpoint, where the components may change from
patient to patient such that potentially only one observation per component is available. Therefore, the treatment
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effects for specific goals cannot be estimated. This limitation in the interpretation is a price for the possibility to
choose individualised endpoints such that more heterogeneous patients can be included in the trial.

The interpretation of GAS endpoints shares several limitations with more standard combined endpoints, where
the same components are measured for each patient. Especially, positive effects in some components can mask
negative effects in other components.*® For GAS this masking of effects is more difficult to assess because the
analysis of individual components is not feasible if the goals are chosen individually. However, based on a
categorisation of goals, a separate descriptive analysis for each of the categories could be considered.

If the number of goals per patient or the correlation between goal attainments varies between patients, not all
patients provide the same amount of information on the treatment effect. Then, appropriate weighting of goals or
patients can increase the power of hypothesis tests. For the considered data generating model, tests based on a
GEE model lead to the highest power. The GEE model is based on a more efficient estimator of the average
treatment effect across goals and patients compared to methods based on the mean or the standardised mean.
Tests based on the standardised means, although widely used, have the disadvantage that they may not control the
type I error rate conditional on the number of goals chosen for each patient.

While weighting of goals according to patient preferences can increase the clinical relevance of the GAS endpoints,
such weighting reduces the power of hypothesis tests if the weights are not correlated with the treatment effect of the
respective goals. This is due to the additional variability introduced by the weighting. On the other hand, power can be
gained by choosing weights that correlate with the unknown treatment effects for the different goals. As an alternative
to weights that are normalised within each patient, as discussed in Section 2.5, weights on an absolute scale could be
used to reflect the relevance of a goal compared to different goals of different patients.

We also considered statistical testing procedures for cross-over designs with a goal attainment endpoint. As in
such designs each patient serves as his own control, at most half the number of patients are required. If there is a
strong correlation of goal attainments within patients, the required sample size is further reduced. For stable,
chronic diseases and symptomatic treatments which are not disease modifying, the same goals can be used in both
treatment periods. This not only reduces the variability for within patient comparisons, but can also limit the
potential for bias as the analysis is stratified by goal. Allowing for different goals in the two treatment periods of
randomised trials gives additional flexibility to adjust to changes in the patients’ needs, for example, due to a
progressive disease. However, if goals or definitions of attainment levels are modified after randomisation of the
treatment sequence, there is an additional potential for bias and blinding is paramount.

The power of the considered testing procedures for GAS endpoints depends on a number of factors, such as the
number of chosen goals, the correlation of goal attainments within patients, the variability of goal attainments, the
choice of the goal attainment levels, and the distribution of effect sizes for the chosen goals. The large number of
parameters which are typically unknown at the planning stage imposes a substantial challenge for sample size
planning. However, a few recommendations can be derived by our simulation study:

e Number of goals: The power of a between-group comparison increases with the number of goals per patient,
assuming the distribution of treatment effects and correlation of goal attainments stay constant as the number
of goals increases.

e Sensitivity of goals: Including goals that are not affected by the treatment can lead to a substantial loss in power
and should be avoided.

e Hypothesis tests: Overall the GEE approach has the largest power, with minimal inflation of the type I error
rate for moderate sample sizes. T-tests for the per-subject means of goal attainment levels are the most robust
testing approach and control the type I error rate in all considered scenarios.

e Dependency between goals: For parallel group designs, goals within a patient should be weakly correlated.
The increase in power by adding goals is less pronounced, the higher the correlation between goals.

e Number of scale levels: A goal attainment scale with five levels appears to be sufficient, as a further increase in
the number of levels has little effect on the power.

e Definition of GAS attainment levels: The optimal scale (maximising the power) depends on the effect sizes of
the individual goals.

e Parallel or cross-over trial: If applicable, a cross-over design may allow for a substantial reduction of the
required sample size.

Utilising a GAS endpoint in a clinical trial requires substantial additional effort and time resources, as well as
particular training of involved study team members, to choose goals with each patient individually and to
evaluate the goal attainment. However, in rare diseases with very heterogeneous symptoms, where traditional
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clinical endpoints are not sufficiently sensitive in the overall population, the possibility to include a broader patient
population may outweigh the increased complexity. The proposed statistical model enables the assessment of the
operating characteristics of trials with a GAS endpoint. This can be the basis to evaluate if a GAS endpoint should
be chosen, to facilitate the planning of trials with a GAS endpoint and to guide the data analysis and interpretation.

Declaration of conflicting interests

The author(s) declared no potential conflicts of interest with respect to the research, authorship, and/or publication of this
article.

Funding

The author(s) disclosed receipt of the following financial support for the research, authorship, and/or publication of this article:
This work has been funded by the FP7-HEALTH-2013-INNOVATION-1 project Advances in Small Trials Design for
Regulatory Innovation and Excellence (ASTERIX) (grant no. 603160). Website: http://www.asterix-fp7.eu/

ORCID iD

S Urach ® http://orcid.org/0000-0002-4299-5881
R Ristl @ http://orcid.org/0000-0002-4163-9236

Supplemental material

Supplemental material for this article is available online.

References

1. Schaefer AM, McFarland R, Blakely EL, et al. Prevalence of mitochondrial DNA disease in adults. Ann Neurol 2008; 63: 35-39.

2. McDonald CM, Henricson EK, Han JJ, et al. The 6-minute walk test as a new outcome measure in Duchenne muscular
dystrophy. Muscle Nerve 2010; 41: 500-510.

3. McDonald CM, Henricson EK, Abresch RT, et al. The 6-minute walk test and other clinical endpoints in Duchenne
muscular dystrophy: reliability, concurrent validity, and minimal clinically important differences from a multicenter study.
Muscle Nerve 2013; 48: 357-368.

4. Mayhew A, Mazzone ES, Eagle M, et al. Development of the performance of the upper limb module for Duchenne
muscular dystrophy. Development Med Child Neurol 2013; 55: 1038-1045.

5. Committee for Medicinal Products for Human Use (CHMP). Guideline on the clinical investigation of medicinal products
for the treatment of Duchenne and Becker muscular dystrophy, http://www.ema.europa.cu/docs/en_GB/document_
library/Scientific_guideline/2015/12/WC500199239.pdf (accessed 22 May 2018).

6. US Department of Health and Human Services, Food and Drug Administration, Center for Drug Evaluation and
Research (CDER). Duchenne muscular dystrophy and related dystrophinopathies: Developing drugs for treatment —
guidance for industry, https://www.fda.gov/downloads/Drugs/GuidanceComplianceRegulatoryInformation/Guidances/
UCM450229.pdf (accessed 22 May 2018).

7. Kiresuk TJ and Sherman MRE. Goal attainment scaling: a general method for evaluating comprehensive community
mental health programs. Commun Mental Health J 1968; 4: 443-453.

8. Turner-Stokes L, Williams H and Johnson J. Goal attainment scaling: does it provide added value as a person-centred measure
for evaluation of outcome in neurorchabilitation following acquired brain injury? J Rehabilitat Med 2009; 41: 528-535.

9. Steenbeek D, Ketelaar M, Galama K, et al. Goal attainment scaling in paediatric rehabilitation: a critical review of the
literature. Develop Med Child Neurol 2007; 49: 550-556.

10. Rockwood K, Stolee P and FoxP RA. Use of goal attainment scaling in measuring clinically important change in the frail
elderly. J Clin Epidemiol 1993; 46: 1113—1118. http://www.sciencedirect.com/science/article/pii/089543569390110M

11. Hurn J, Kneebone I and Cropley M. Goal setting as an outcome measure: a systematic review. Clin Rehabilitat 2006; 20:
756-772.

12. Ottenbacher KJ and Cusick A. Discriminative versus evaluative assessment: some observations on goal attainment scaling.
Am J Occup Ther 1993; 47: 349-354.

13. Vu M and Law AV. Goal-attainment scaling: a review and applications to pharmacy practice. Res Social Administrative
Pharm 2012; 8: 102—-121.

14. Roach AT and Elliott SN. Goal attainment scaling: an efficient and effective approach to monitoring student progress.
Teach Exception Children 2005; 37: 8.


http://www.asterix-fp7.eu/
http://orcid.org/0000-0002-4299-5881
http://orcid.org/0000-0002-4299-5881
http://orcid.org/0000-0002-4163-9236
http://orcid.org/0000-0002-4163-9236
http://www.ema.europa.eu/docs/en_GB/document_library/Scientific_guideline/2015/12/WC500199239.pdf
http://www.ema.europa.eu/docs/en_GB/document_library/Scientific_guideline/2015/12/WC500199239.pdf
https://www.fda.gov/downloads/Drugs/GuidanceComplianceRegulatoryInformation/Guidances/UCM450229.pdf
https://www.fda.gov/downloads/Drugs/GuidanceComplianceRegulatoryInformation/Guidances/UCM450229.pdf
http://www.sciencedirect.com/science/article/pii/089543569390110M

Urach et al. 1909

15.

16.

17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.

32.
33.

34.

35.

36.

Ruble L, McGrew JH and Toland MD. Goal attainment scaling as an outcome measure in randomized controlled trials of
psychosocial interventions in autism. J Autism Develop Disorders 2012; 42: 1974-1983.

Gaasterland CMW, Jansen-van der Weide MC, Weinreich SS, et al. A systematic review to investigate the measurement
properties of goal attainment scaling, towards use in drug trials. BMC Med Res Methodol 2016; 16: 99. http://dx.doi.org/
10.1186/s12874-016-0205-4

Lam K, Lau KK, So KK, et al. Can botulinum toxin decrease carer burden in long-term care residents with upper limb
spasticity? A randomized controlled study. J Am Med Directors Assoc 2012; 13: 477-484.

Lowe K, Novak I and Cusick A. Low-dose/high-concentration localized botulinum toxin a improves upper limb movement
and function in children with hemiplegic cerebral palsy. Develop Med Child Neurol 2006; 48: 170-175.

Lowe K, Novak I and Cusick A. Repeat injection of botulinum toxin A is safe and effective for upper limb movement and
function in children with cerebral palsy. Develop Med Child Neurol 2007; 49: 823-829.

Rockwood K, Graham J and Fay S. Goal setting and attainment in Alzheimer’s disease patients treated with donepezil.
J Neurol Neurosurg Psychiatr 2002; 73: 500-507.

MacKay G, Somerville W and Lundie J. Reflections on goal attainment scaling (gas): Cautionary notes and proposals for
development. Education Res 1996; 38: 161-172.

MacKay G and Lundie J. GAS released again: Proposals for the development of goal attainment scaling. Int J Disability,
Develop Educ 1998; 45: 217-231.

Krasny-Pacini A, Evans J, Sohlberg MM, et al. Proposed criteria for appraising goal attainment scales used as outcome
measures in rehabilitation research. Archive Phys Med Rehabil 2016; 97: 157-170.

US Department of Health and Human Services, Food and Drug Administration. Patient-focused drug developlment public
workshop on guidance 1 — collecting comprehensive and representative input — discussion document, https://www.fda.gov/
Drugs/NewsEvents/ucm574725.htm (accessed 4 March 2018).

Palisano RJ. Validity of goal attainment scaling in infants with motor delays. Phys Ther 1993; 73: 651-658.

Bouwens SF, Van Heugten CM and Verhey FR. Review of goal attainment scaling as a useful outcome measure in
psychogeriatric patients with cognitive disorders. Dementia Geriatric Cognitive Disorder 2008; 26: 528-540.

Liang KY and Zeger SL. Longitudinal data analysis using generalized linear models. Biometrika 1986; 73: 13-22.
Fisher RA. The use of multiple measurements in taxonomic problems. Ann Eugenics 1936; 7: 179-188.

Halekoh U, Hejsgaard S and Yan J. The R package geepack for generalized estimating equations. J Stat Software 2006; 15: 1-11.
Senn S. Cross-over trials in clinical research, 2nd ed. West Sussex, England: John Wiley & Sons, 2002.

Hermine O, Lortholary O, Leventhal PS, et al. Case-control cohort study of patients’ perceptions of disability in
mastocytosis. PloS One 2008; 3: ¢2266.

Snedecor GW and Cochran WG. Statistical methods. Ames, lowa, USA: Towa State University Press, 1967.

Diehr P, Martin DC, Koepsell T, et al. Breaking the matches in a paired t-test for community interventions when the
number of pairs is small. Stat Med 1995; 14: 1491-1504.

Box GE, Hunter WG and Hunter JS. Statistics for experimenters: an introduction to design, data analysis, and model
building. New York, NY: John Wiley and Sons, 1978.

Proschan M, Glimm E and Posch M. Connections between permutation and z-tests: relevance to adaptive methods. Stat
Med 2014; 33: 4734-4742.

Freemantle N, Calvert M, Wood J, et al. Composite outcomes in randomized trials: greater precision but with greater
uncertainty? J Am Med Assoc 2003; 289: 2554-2559.

Appendix |. Computation of the first two moments of the discretised goals (Xi),_,
for model (6)

Note that for specific k, kK’ the random variables Yy, Yy . Xi, Y ... are only defined conditionally on n; > k, k'.
To simplify notation, in this section all random variables are understood conditional on n;=n, for some n > k, k'

n;

Let f;, denote the density of by, and set zy =u; + €, such that (z);_, is multivariate normal with mean 0,
var(zy) = o> + o and cov(zi, ziw) = o>. Then the continuous goal scores defined in equation (6) can be written

as

Yixk = bo + gibi + zix and the discretised goal scores are defined by Xy =m, if ¢,—1 < Yi < ¢, with

m € M C Z. Now, the marginal probability distribution of the Xy is given by

POk = ml g = g by = b) = @(C’” _gb_b°> - @(C”” _gb_b°>

2 2 2 2
oy +Ge oy +Ue
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The joint probability distribution of Xy, Xj for k # k' is given by
P(Xye =m, X =m'|gi = g,bix = b, by =)
= P(Zik € (Cmfl - gb - bOa Cm — gb - bo], Zik € (Cmfl - gb/ - bOa Cm — gb/ - b()])

where m,m’ € M. This probability can be directly computed from the cumulative distribution function of the
bivariate normal distribution. Now, for a > 0, the non-central moments are given by

E(Xjlgi=g) = /:E(Xik|gi =g, by = b) fy(b)db = Z m' / P(Xj =m| g = g, by = b)fp(b)db
B B

meM

EXyXwlgi=2) = // Z Z mm' P(Xy = m, Xgo = m'| g; = g, by = b, b = b") f(b) f3(b")dbdb’
BIB meMm'eM

Thus, the central moments are py = E(Xi|gi = g), o’ = var(Xu| g = g) = E(kalgi =g) — E(Xilgi = g)z’ and
Oxg = COV(Xi, Xiw| &i = &) = E(XuXiw|gi = &) — Mfr



