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Abstract

Background—rFor the past few decades, randomized clinical trials have provided evidence for
effective treatments by comparing several competing therapies. Their successes have led to
numerous new therapies to combat many diseases. However, since their conclusions are based on
the entire cohort in the trial, the treatment recommendation is for everyone, and may not be the
best option for an individual. Medical research is now focusing more on providing personalized
care for patients, which requires investigating how patient characteristics, including novel
biomarkers, modify the effect of current treatment modalities. This is known as heterogeneity of
treatment effects. A better understanding of the interaction between treatment and patient specific
prognostic factors will enable practitioners to expand the availability of tailored therapies, with the
ultimate goal of improving patient outcomes. The Subpopulation Treatment Effect Pattern Plot
(STEPP) approach was developed to allow researchers to investigate the heterogeneity of
treatment effects on survival outcomes across values of a (continuously measured) covariate, such
as a biomarker measurement.

Methods—Here, we extend the STEPP approach to continuous, binary and count outcomes
which can be easily modeled using generalized linear models. With this extension of STEPP, these
additional types of treatment effects within subpopulations defined with respect to a covariate of
interest can be estimated, and the statistical significance of any observed heterogeneity of
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treatment effect can be assessed using permutation tests. The desirable feature that commonly used
models are applied to well-defined patient subgroups to estimate treatment effects is retained in
this extension.

Results—We describe a simulation study to confirm that the proper Type | error rate is
maintained when there is no treatment heterogeneity, and a power study to show that the statistics
have power to detect treatment heterogeneity under alternative scenarios. As an illustration, we
apply the methods to data from the Aspirin/Folate Polyp Prevention Study, a clinical trial
evaluating the effect of oral aspirin, folic acid, or both as a chemoprevention agent against
colorectal adenomas. The pre-existing R software package stepp has been extended to handle
continuous, binary and count data using Gaussian, Bernoulli and Poisson models, and it is
available on the Comprehensive R Archive Network.

Conclusions—The extension of the method and the availability of new software now permit
STEPP to be applied to the full range of clinical trial end points.

Keywords

Generalized linear model; randomized clinical trial; subgroup analysis; subpopulation treatment
effect pattern plort (STEPP)

Introduction

Results from randomized clinical trials provide the foundation of evidence-based medicine.
These often compare the benefits of two competing therapies, and they may provide
evidence to establish optimal treatment combinations. The measurement of effectiveness is
typically based on the entire cohort of patients enrolled in the study. However, the magnitude
of the treatment effect may be heterogeneous among patient subpopulations (e.g., across
different age groups). Instead of the traditional one-size-fits-all treatment recommendation,
understanding the interaction between treatment and covariates may provide the information
necessary to allow physicians to customize treatment to individuals, thus maximizing the
treatment benefits.

A common approach to tailoring treatments is to examine treatment effects within subsets of
the patient population. Traditionally, patients are divided into subgroups according to
median, quartiles or other convenient cut-points of one or more covariates of interest, and
treatment comparisons are then performed within each subgroup.2 Unfortunately such cut
points, while convenient, do not necessarily identify clinically important subgroups;
furthermore, they might fail to detect complex associations such as non-linear or bimodal
interactions. Treatment-covariate interactions for survival data can also be analyzed using
regression methods such as the Cox proportional hazards model3 or the cumulative
incidence model of Fine and Gray.*® However, such models require one to define a
functional form for the treatment-covariate interaction.

The subpopulation treatment effect pattern plot (STEPP) method was developed as an
alternative approach to identify treatment-covariate interactions.58 STEPP is a graphical
tool designed to help researchers explore the potential heterogeneity of treatment effect, and
to facilitate the interpretation of estimates of treatment effect derived from different and
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possibly overlapping subsets of patients defined by the values of a continuous covariate
(which could be a risk index). First, STEPP divides the population into overlapping
subpopulations defined with respect to the covariate of interest. Second, it estimates the
treatment effect in each subpopulation. Finally, these treatment effects are plotted against the
covariate of interest. The method is aimed at determining whether the magnitude of the
treatment effect changes for different values of the covariate used to define the
subpopulations. STEPP has the advantage of making no a priori assumptions regarding the
pattern of interaction and thus has the potential to highlight complex associations. By
allowing subpopulations to overlap, the estimated treatment effect utilizes information from
a non-trivial number of adjacent observations. Importantly, STEPP uses well-known
methods to estimate treatment effects within well-defined groups of patients.

STEPP was developed for the analysis of time-to-event data®® where investigators can study
the following measures of treatment effect: difference in Kaplan-Meier estimates of survival
functions at specific time points, difference in cumulative incidence of a disease specific
event in the presence of competing risks; and hazard ratio estimates based on observed
minus expected estimation, all with a single end point.

The method has been applied successfully to analyze censored time-to-event (e.g. survival)
data for a number of clinical trials.1%-11 However, many if not most clinical trial end point
analyses rely on binary, count or continuous data. This manuscript provides the evidence that
STEPP methodology can be applied for the analysis of these end point measures in clinical
trials, via Generalized Linear Models (GLM), with confidence about the statistical properties
and operating characteristics. The simulations presented here affirm the validity of the
STEPP method for such analyses, and the new software and example provide a strong basis
for its wider use in clinical trials for an enlarged set of end points.

As an illustration, we apply GLM STEPP to data from the Aspirin/Folate Polyp Prevention
Study,12 which we introduce in the next section. Our analysis will explore the potential
interaction between aspirin treatment and age on the occurrence of colorectal adenomas.

In the Methods section, we describe our proposed extension. In particular, for statistical
inference we assess the significance of treatment effect heterogeneity by computing
permutation p-values for several test statistics. In the Results section, we summarize the
main results from a simulation study aimed at confirming the proper Type | error rate with
the test statistics, a power study under various alternative scenarios, and the analysis of the
Aspirin/Folate Polyp Prevention study. We close with discussion in the last section.

The R package (stepp) has been extended and is now available through the Comprehensive
R Archive Network.13.14

The Aspirin/Folate Polyp Prevention Study

The Aspirin/Folate Polyp Prevention Study was a randomized, double-blind, placebo-
controlled trial of the efficacy of oral aspirin, folic acid, or both to prevent colorectal
adenomas.12 Our analyses here will be confined to the aspirin component of the study with
the presence of adenomas as the end point. There were 1,121 participants randomized to
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three aspirin groups (placebo, 81 mg/day, and 325 mg/day). Participants were followed for
three years, and then underwent colonoscopy. The primary end point was the occurrence of
any pathologically confirmed adenomas. A total of 1,084 participants underwent
colonoscopy follow-up at three years. The original findings of the aspirin analysis concluded
that low-dose aspirin had a moderate chemopreventive effect on adenomas in the large
bowel.12 In the Results section below, we use STEPP to investigate whether the magnitude
of the treatment effect as measured by differences in the percent of patients who develop
adenomas is similar across subpopulations defined by patient age.

Methods

STEPP constructs overlapping subpopulations along the continuum of the covariate of
interest, thereby improving the precision of the estimated treatment effects within the
subgroups in a smoothing-by-binning manner.6

STEPP typically implements the “sliding window™ pattern of subpopulations. In a clinical
trial, we consider 7 patients being assigned randomly to one of the two treatments. A
subpopulation of the sliding window pattern is defined by two cutoff values [Zn Zmaxd ¢
R, so that patients who are randomly assigned to one of the two treatment arms and have the
covariate value (2) between these two cutoff values are chosen as part of the subpopulation.®
Using two smoothing parameters chosen by the investigator — the number of patients per
subpopulation (r,) and the largest number of patients in common between two consecutive
subpopulations (r;), the subpopulations are constructed based on the value of a covariate of
interest. The window slides forward by replacing (r>— r;) individuals with new individuals
having higher covariate values (assume no ties). These two smoothing parameters thus
determine the number of subpopulations. As 17 gets larger, the number of subpopulations
growsto L I + (n-ro)/(ro-ry) 1.

Treatment effect measures for continuous, binary and count data

For survival analysis, treatment effect may be defined as the difference in survival at a fixed
time point between the two treatment arms (or via hazard ratios, or cumulative incidence
difference). Here, we analyze a continuous, binary, or count outcome (') which can be
modeled using GLM models. The treatment effects are defined without covariates on the
absolute scale as £(Ytrt=1) — E(Y|trt=0) for all models (Gaussian, Bernoulli and Poisson),
and on the relative scales as £(Y{trt=1) / E(Y|trt=0) for the Gaussian and Poisson models,
and as the odds ratio [{E(Vtrt=1) / (1- E(trt=1))} | {E(Ntrt=0) / (1 - E(Y|trt=0))}] for the
Bernoulli model. A GLM model is fitted for each subpopulation. Investigators may examine
interaction effects on both absolute and relative scales, as they may be statistically
significant on one scale but not the other. Note that the overall treatment effect is, in general,
not a linear combination of the subpopulations' treatment effects.

Within theAK suAbpopuAIations Pj, J =1, ..., K, constructed using the sliding window approach,
a vector 8= (4,..., 6k) of estimates for the treatment effects based on the fitted GLM
models is produced. STEPP produces plots of the treatment effect estimates across the
subpopulations, against the median values of the baseline covariate (Z) in the subpopulations
to provide a graphical presentation of the heterogeneity of treatment effect. For GLMs, the
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estimated outcome measures of interest £(Y'| trt=1) and E(Y'| frt=0) within each
subpopulation are plotted on the vertical axis against the subpopulation specific median
values of Z in the subpopulations. An example of such plot can be found in Figure 1. A
second plot shows the differences, £(Y'| trt=1) - E(Y'| trt=0) within each subpopulation by
plotting these differences against the same median values. A third plot shows the ratios, £(Y
| frt=1) / E(Y’| trt=0) or the odds ratios within each subpopulation. The corresponding
simultaneous confidence intervals are also provided for the second and third plots. Examples
of these two plots are shown in Figure 2 and Figure 3. Note that the points corresponding to
the different treatment effect estimates are only joined for ease of visualization.

Note that only certain STEPP plots display the adjusted effects consistently with the model.
For the Gaussian model, it would be the second plot showing the effect differences; for the
Bernoulli model, it would be the third plot showing the odds ratio; and for the Poisson
model, it would be the third pilot showing the relative risks. One should interpret other
STEPP plots in this context cautiously.

In order to properly interpret the three STEPP plots, we associate a p-value with each of the
treatment effect plots. For each subpopulation /#; an estimate QjAof treatment effect is
computed. Such treatment effect estimates are clearly correlated, as there are a number of
patients in common between neighboring subpopulations. For testing the absence of
interaction, the following null hypothesis is of interest:

Ho:01=0=... =0, (3.)

Following the approach taken in Bonetti et al® and Potthoff et al,1> we implement the
permutation-based inferencel® by permuting the covariate values across the patients within
each treatment group and then re-computing the test statistic based on the permuted samples.
The variances are also estimated from the permuted samples. The permutation p-value for a
particular statistic is the proportion of the times that the permutation based statistic is more
extreme than the statistic computed on the observed outcome, under the general null
hypothesis of no covariate effect and no interaction.

For example, we use the following logistic model to estimate the risk: /ogit(p) = pp+ f1 * trt,
where #rtis the treatment indicator (0 or 1 for treatment A or B). By fitting the Bernoulli
GLM to both treatment groups for each subpopulation, we can compute the difference in
risk using the formula Qf: PAj— Ppjwhere pg ;is the GLM estimate of the risk within
treatment group Ginside subpopulatioAn Pj. Thg K—dimerlsional vector of estimates, 6= (4,
..., Ox), vector of overall estimates, a | = (@ars,---,» Bar1), and their approximate variance-
covariance matrix ¥ are obtained via permutations.

The following test statistics can be considered to evaluate the treatment effect on the
absolute scale.

1 A supremum statistic on the absolute scale:
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Ulj} (3.2

where &1;=1/var(d; — 0,,, ). The supremum statistic is meant to detect
sharp departures from the overall effect.

2. A quadratic form statistic on the absolute scale:

A

. A~ —1 A
T=(0 6,71 > 68,1 g

The quadratic form statistic is meant to detect global deviations from the
overall effect.

3. A supremum statistic on the relative scale:

Tl*zmaszl _____ K {\log(éj) - log(éALL)V&Q} (3 5)

where &5, = \/vat(log(d;) — log(,,, ).

Note that examination of subpopulation treatment effect patterns may not be possible if the
sample size of the trial is insufficient to support such investigation. For GLMs, if the sample
size is too small there may be computational problems for estimating parameters, as the
fitting algorithm may not converge. Based on our experience, at least 10 independent
observations for each parameter in the model in each subpopulation seem to be a working
minimum number.

One can perform a STEPP analysis with the traditional GLMs that include additional
covariates besides the treatment. STEPP software uses the mean values of these additional
covariates to compute the treatment effects within each subpopulation. One needs to
interpret the results carefully. Adjustment for these covariates applies only to the treatment
difference of the Gaussian GLM, the odds ratio of the Bernoulli GLM, and relative risks of
the Poisson GLM.

For simplicity of presentation, we provide an example using Bernoulli GLM without
covariates.

In this section, we present the result of the simulation study under the null hypothesis of no
treatment heterogeneity, a power study, and an analysis by applying the new method to the
Aspirin/Folate Study dataset as an illustration.
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Simulation study

We use a simulation study to evaluate the accuracy of the Type | error rate based on the
statistics described in the Methods section.

Under the null hypothesis, there is no treatment effect heterogeneity across the
subpopulations. We generate values for Zaccording to the A(25, 100) distribution for all our
tests. For each of the models, the outcomes are sampled from three different distributions.
Patients are randomly assigned to either treatment arm with probability 0.5.

We generate 5000 sample data sets. For each data set, we generate 4 different sample sizes.
The subpopulations are constructed using different sliding window smoothing parameters.

The p-value of each data set is computed. The estimated Type | error probability is the
proportion of p-values below the specified a level (which is set to 0.01, 0.05 or 0.1). The
results for the Gaussian model are presented in Table 1, while the results for the other two
models are provided in the Supplementary Material document. Overall, the STEPP test
statistics under the null give Type | error rates that are very close to the nominal Type | error
rate. In addition, we also simulate the null hypothesis when there is a treatment effect (but
no treatment heterogeneity). The results are similar and provided in the Supplementary
Material document.

Power study

For the power study, we generated 7000 datasets under three scenarios described below.
Each dataset contains 500 patients, randomly assigned to either treatment arm with
probability 0.5. The covariate of interest, Z, is generated from the normal distribution N5,
2.52). For the analysis, r; was set at 300and r»at 400. The power of the STEPP statistics is
estimated by the proportion of p-values that are smaller than the nominal significance level
(a). The parameters of outcome distribution are generated using formulas based on Z, a
scale factor and an offset. We considered 3 scenarios (Figure 4).

Scenario 1. The outcome of the treatment group increases linearly with Z We use the
Poisson GLM to model this scenario. Outcomes are generated using the Poisson distribution
with 1 = scale * z+ offset.

Scenario 2: The outcome of the treatment group is the same as the control group until a
given threshold is reached, after which, the risk increases quickly to a new level. We use the
Bernoulli GLM to model this scenario. The baseline risk for the control group is set to 0.2
and the risk for the treatment group is set to 0.2+ scale * t/(1+t) where t = exp(z-offset).
Outcomes are generated using the Bernoulli (p) distribution.

Scenario 3. The outcome of the treatment group is different for a narrow range of Z We use
the Gaussian GLM to model this scenario. The baseline mean for the control group is 0.2
and 0.2+scale* exp(-(z-offset)?) for the treatment group. Outcomes are generated using the
normal distribution N(mean, 0.1%).

The results for the power at a=0.05are presented in Table 2.
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The supremum ( 7;) and the chi-square ( 7>) tests perform very well under all three scenarios.
77*, which is on the relative scale, is not as powerful. It goes only to 0.73, 0.87 and 0.68,
respectively.

Analysis of the Aspirin/Folate Polyp Prevention Study

The two treatment groups are placebo and 81 mg daily dosage of aspirin. We choose to
model the risk, p, using logistic regression with the outcome being any occurrences of
adenomas. The GLM model within each subpopulation can be written as

logit(p)=B9+081 * trt. 4.7

The covariate of interest is age, which is treated as a continuous variable. The STEPP
subpopulations are created by setting 7»to be Z00and r; to be 30. Based on this setting,
eight subpopulations are obtained. There are 365 patients in the placebo group and 362
patients in the 81 mg aspirin group.

Based on these eight subpopulations, treatment effect estimates of subpopulations are
computed and the resulting STEPP plots are generated (Figures 1, 2, and 3). Figure 1 plots
the risk of experiencing adenomas for the two treatment groups across different age
subgroups. It shows that the risk for the placebo group is higher than the risk for the
treatment group for age subgroups in the middle. Figure 2 plots the absolute risk difference
between the two treatments across different age subgroups. Figure 3 plots the odds ratio
between the two treatments across different age subgroups. The p-value of the supremum
statistic is displayed in all three plots and is highly significant, indicating that sampling
variability cannot account for the observed heterogeneity. As shown clearly in Figure 1,
there is a trend of increasing risk of experiencing adenomas with increasing age. However,
the risk of the placebo group rises quickly with age starting around age 50, while the risk for
the treatment group actually decreases from the overall effect for subpopulations of patients.
The two risks then come together at age 60. Indeed, the supremum statistic is good for
detecting this kind of deviation.

The complete analyses are included in the Supplementary Material document. The
permutation p-values when comparing placebo and the daily dosage of 325 mg of aspirin
and when comparing the 81 mg and 325 mg daily aspirin dosage are not significant. Thus,
the STEPP analyses confirm the original findings of the study? that 81mg aspirin dose
reduces the risk of adenomas compared with placebo, but also highlights the age subgroup
that may benefit the most from receiving low-dose aspirin.

A sensitivity analysis, constructed by varying r»and the ratio of ry/»is presented in the
Supplementary Material document and confirms the consistency of the results.

Discussion

STEPP is a graphical tool that assists researchers in exploring the heterogeneity of treatment
effects according to the value of a continuous baseline covariate across overlapping
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subpopulations. From the STEPP plots, one can discern treatment effect differences visually.
The p-value that is shown together with each of the plots allows for an assessment of the
significance of the interaction. Note that interaction depends on the scale of measurement of
the treatment effect, so a careful exploration of the appropriate metric should be conducted,
and the results interpreted accordingly. As STEPP allows a patient to belong to two or more
overlapping subpopulations, the estimation of treatment effects borrows strength from
patients in neighboring subpopulations.

The original results of the Aspirin/Folate Polyp Prevention Study data show a moderate
beneficial effect on (not) experiencing adenomas with a daily dosage of 81 mg of aspirin.
We applied the new methodology to the data with age as the covariate of interest. For the
three comparisons, only the placebo vs. 81 mg daily aspirin dosage was statistically
significant. The corresponding STEPP plot shows graphically the divergence of risk of
adenomas for the two treatment groups for patients with ages approximately between 50 and
60. Thus, STEPP not only confirms the original findings, but also points to the age subgroup
which may benefit the most from receiving low-dose aspirin.

Since GLM STEPP is an extension of the STEPP methodology, it has similar strengths and
weaknesses. For the strengths, it is simple and flexible to use, presents good visualization of
effect patterns, and provides statistical assessment of the effect patterns with good statistical
properties. For the weaknesses, it cannot be used to identify exact cut points for subgroups,
cannot provide multiple testing protection against different parameters and evaluating
different covariate of interest. For the time-to-event data implementation of STEPP, one has
to be concern with the number of events in each subpopulation. Too few events may make
the estimates and the statistics unstable. In fact, we have created another type of window
based on the number of events.1” GLM STEPP does not have this problem.

There are alternative approaches to assess interactions: simple regression modeling,
regression splines, multivariable fractional polynomial interaction,!® Bayesian methods!®
and non-parametric methods. As a comparison, we applied logistic regression, multivariable
fractional polynomial interaction and the Virtual Twin2? methods to the Aspirin/Folate Polyp
Prevention Study data. We detected a significant interaction with age and dosage only with
multivariable fractional polynomial interaction fp2 when age is categorized into 3 equal
subgroups (with p-value=0.0186). The Virtual Twin method identified a similar age range,
{50.5<age <59.5}, for a potential treatment effect interaction, but the treatment enhancement
evaluation, Q(A), was low. The detailed results are provided in the Supplementary Material
document.

STEPP is non-parametric in nature with respect to the interaction effect, and it allows one to
examine possible complex interaction effects. For the sliding window, one can adjust the two
window smoothing parameters to explore potential different interaction patterns. As is the
case with all smoothing methods, the p-value obtained from any STEPP analysis depends
upon the specific choice of the two smoothing parameter values for the sliding window
approach. It is recommended that several different smoothing values be investigated in
sensitivity analyses to assess the robustness of the results. For the aspirin trial example, we
choose the number of patients per subpopulation () to be 100 and the largest number of
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patients in common between two consecutive subpopulations (r;) to be 30. This choice
generated 8 subpopulations providing a good view of the treatment effects along age for
analysis. Based on our experience and supported by the sensitivity analyses shown in the
Supplementary Material document, the following are general guidelines for choosing r; and
2 (1) Choose r» large enough to obtain a good estimate of the treatment effect within
subpopulations; (2) Create at least 4-5subpopulations; (3) Choose ry/r»to be about 30-50%
as your initial investigation; (4) Make r;, rolarger to obtain a smoother STEPP plot, but not
so large that you have less than 4 subpopulations; (5) To assess the consistency of the result,
a sensitivity analysis varying r»is recommended.

The current STEPP software has some limitations. It is restricted to continuous, binary and
count data modeled by standard GLMs. It restricts the analysis to the comparison of two
treatment groups. Further, it allows for the study of only one covariate of interest. Note that
one may use as the covariate of interest a baseline composite risk score, which can be a
function of several baseline characteristics, as done in Viale et al.10

The Type | error rates are close to the nominal rate. Although the power study only considers
a limited number of alternative scenarios, it shows that the test statistics have good power to
detect differences, both on the absolute and relative scales. In general, one still needs to
adjust for multiple testing if several different covariates are evaluated one at a time. In
addition, the approach does not address the fact that one is performing post-hoc analyses.

It should be noted that STEPP is an exploratory tool. In particular, it is not meant to be used
to determine specific cut-points in the range of values of the covariate of interest, but rather
to provide some indication regarding the ranges of values where the new treatment might be
particularly beneficial (or detrimental). Future research work is needed to investigate how to
use STEPP to identify cut-points based on cross validation studies.?! The permutation p-
value indicating the statistical significance of the observed heterogeneity should always be
presented together with the graphical presentation of STEPP to avoid over-interpretation of
the graphical results. Also, results should be confirmed using results from other data sets
investigating similar treatment comparisons.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

The plot shows the risk (or probability) of having adenomas (y-axis) for different age
subpopulations (x-axis) for both treatment groups — the “red” dashed line is the placebo
group and the “black” solid line is the 91-mg aspirin group.
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Figure 2.

The plot shows the actual differences in risk of getting adenomas in various age subgroups
between the placebo and the 81-mg aspirin treatment groups (solid line) with a 95%
confidence interval (dashed lines). Differences in risk greater than zero indicate lower risk of
adenomas for 81-mg aspirin compared with placebo. The interaction p-value based on risk
difference is 0.0036, indicating a possible interaction effect between treatment and age. It
indicates that the effect of the 81 mg to reduce the risk of having adenomas compared with
placebo appears to be larger for patients in the middle age subpopulations than it is for either
the youngest or oldest subpopulations.
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Figure 3.
The plot shows the odds ratio of getting adenoms in various age subgroups between the

placebo and the 81-mg aspirin treatment groups (solid line) with a 95% confidence interval
(dashed lines). Odds ratios greater than 1.0 indicate lower risk of adenomas for 81-mg
aspirin compared with placebo. The overall odds ratio of having adenomas is ~1.46
comparing the placebo versus 81 mg of aspirin treatement groups. The interaction p-value
based on odds ratio estimates is 0.0036, also indicating a possible interaction effect between
treatment and age.
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Figure 4.
The true outcomes under the three scenarios. The bottom dashed curve is the distribution of

Z. The solid line represents the hazard function of the control group (and is constant across
Z); the dotted line represents the hazard function of the treatment group.
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Estimated power of the (0.05 level) test for the statistics Tq, T, and T1* as defined in Section 3.2. Sample size
is 1000 with r;=300 and r,=400 throughout for the power study. Scale is the parameter to control the amount

of deviation from null with 0 being the same as null and 0.8 the largest deviation.

Estimated Power

Scenario  Scale  Ta T2 Tr*
1 0.0 0.047 0.051 0.039
0.1 0.105 0.090 0.055
0.2 0.351 0315 0.121
0.4 0.917 0.905 0.309
0.8 1.000 1.000 0.723
2 0.0 0.055 0.042 0.044
0.1 0.069 0.065 0.070
0.2 0.132 0.138 0.116
0.4 0.447 0.478 0.335
0.8 0.961 0978 0.873
3 0.0 0.048 0.052 0.052
0.1 0.070 0.069 0.069
0.2 0.108 0.112 0.111
0.4 0.247 0.282 0.237
0.8 0.742 0.874 0.678
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